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Summary
Proper management of soil phosphorus (P) in agriculture is essential to ensure
sustainability in crop production and environmental quality. Phosphorus is one of the
macronutrients that crops require in large amounts in order to grow. Agricultural soils
gain P mainly through the application of mineral and organic fertilizers. When P inputs
exceed plant uptake, the surplus leads to P buildup in soil, which increases the risk of
export by runoff, erosion and leaching and creates environmental problems through the
contamination and eutrophication of water bodies. In Switzerland, this problem is
particularly evident in regions of intensive animal farming, where great amounts of
manure are applied to soils. Moreover, it must be considered that P is a limited resource.
Mineral P fertilizers are produced from phosphate rocks, and a large fraction of their
known reserves has already been consumed in the past few decades. Thus, wastage of P
fertilizers should be avoided.
In order to support an efficient, sustainable and risk-minimizing P management
of agricultural soils, a methodology to predict long-term impacts of management on the
dynamics of soil P pools and associated P fluxes from soils into waters is required, that
takes account of site characteristics. Numerical simulation models are useful tools for
achieving this objective. The model EPIC is particularly well suited to assess the above
mentioned impacts and thereby to help optimize soil P management. However, its
calibration and validation is often limited by the availability of adequate real-world data
sets.
In this study we tested the capability of EPIC to predict temporal soil P changes
on typical Swiss arable and grassland sites, using unique and comprehensive data sets of
the Swiss Soil Monitoring Network NABO, representing all major cropping systems, soil
and climate conditions of Swiss agro-ecosystems, including a continuous record of farm
and field management relating to the monitoring sites. As a first step, archived topsoil
samples from five surveys (1985 – 2009) were analyzed for P concentrations. This data
revealed substantial temporal changes. Considerable differences were found between the
measured concentrations and predictions based on simple P surface balances, calculated
by subtracting the P outputs via harvesting from the inputs via fertilization. This indicates
that not all P fluxes were adequately covered in the balances and confirmed the need of a
bio-physical model to account for soil processes such as runoff, percolation, sorption,
erosion or bioturbation.
After performing a sensitivity analysis to identify the most influential model
parameters requiring calibration, we used Generalized Likelihood Uncertainty
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Estimation (GLUE) to calibrate these parameters based on time series (1985-2009) of
topsoil P measurements for 4 selected monitoring sites. Then we tested the calibrated
model by comparison of predictions with data from a second set of 14 sites. The Willmott
index of agreement ranged between 0.62 and 0.86 and the percent bias was below 2% for
the calibration set, indicating a fairly good performance, although the Nash-Sutcliffe
Efficiency was negative for two of the sites. Predictions were in reasonable agreement
with measured data for some of the validation sites, but not satisfactory for the others. In
order to identify the reasons of this poor performance, we applied the GLUE method
separately to each individual site, and found that the model performance improved
significantly when site-specific estimates of bioturbation depth were used.
In order to further investigate the influence of bioturbation on soil P dynamics,
we compared EPIC predictions for nine grassland monitoring sites to retrospective
predictions based on surface balances of agricultural P inputs and outputs. Soil mixing
due to bioturbation could indeed explain a large part of the discrepancies between
measured P concentrations and the surface balance predictions. Bioturbation rates
obtained by fitting EPIC to measured topsoil P concentrations of these sites were in good
agreement with the results obtained in other studies for comparable grassland sites. The
estimates of the maximum bioturbation depths resulting from the calibration showed a
close relationship to independently assessed subsoil hydromorphy, although this
information was not used in the model. This provides further support to the plausibility
of the parameterization and the underlying conceptual model employed by EPIC to
simulate bioturbation. These results suggest that soil monitoring programs aiming at the
early detection of changes in chemical soil properties should not be limited to topsoil
sampling, but also include analyses of subsoil samples in conjunction with process-based
modeling of transport and turnover processes.
Another important result of the sensitivity analysis performed in this study was
the indication that correct estimates of the initial concentration of soil labile P and of the
P sorption parameter (PSP) are crucial for the quality of EPIC simulations. If not
specified by the user, labile P and PSP are determined in EPIC from other soil properties
through in-built pedotransfer functions (PTF) originally developed for North American
conditions. Based on sorption and desorption experiments with soil samples from Swiss
agricultural sites, a new PTF for PSP was derived for moderately weathered soils. In
combination with site-specific initialization of labile and stable mineral soil P pool sizes,
this new PTF increased the accuracy of EPIC predictions of long-term soil P dynamics in
a Swiss benchmark pasture site as compared to predictions based on the default equations
of EPIC.
IV

This study shows how monitoring, experimentation and modelling can be
combined to identify relevant processes and predict temporal trends of P concentrations
in agricultural soils. Validating EPIC for other elements (carbon, nitrogen and
phosphorus), soil types and management systems remains a task for the future.
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Riassunto
Un'adeguata gestione del fosforo (P) nei suoli agricoli è essenziale per assicurare
una produzione sostenibile e preservare la qualità dell’ambiente. Il fosforo è uno dei
macronutrienti che le colture necessitano in elevate quantità per crescere. La dotazione in
P dei suoli agricoli viene incrementata mediante l'applicazione di fertilizzanti minerali e
organici. Laddove le aggiunte di P eccedono l'assorbimento da parte delle piante,
l'eccesso porta all'accumulo di P nel suolo. Questo aumenta il rischio di trasporto via
ruscellamento superficiale, erosione e lisciviazione e crea problemi ambientali attraverso
la contaminazione e all'eutrofizzazione di ecosistemi acquatici. In Svizzera questo
problema è particolarmente evidente in regioni caratterizzate da allevamento animale
intensivo, dove i suoli ricevono grandi quantità di reflui zootecnici. Inoltre bisogna
considerare che il fosforo è una risorsa limitata. I fertilizzanti fosfatici minerali sono
ottenuti da depositi rocciosi, e una gran parte delle riserve conosciute sono già state
consumate nei decenni scorsi. Lo spreco di fertilizzanti fosfatici dovrebbe quindi essere
evitato.
Allo scopo di supportare una gestione dei suoli agricoli che sia efficiente,
sostenibile e che minimizzi i rischi ambientali, è necessaria una metodologia per predire
gli impatti a lungo termine di tale gestione sulle dinamiche delle riserve di P nel suolo e
sui relativi flussi di P dal suolo verso i corpi acquatici, che tenga conto delle
caratteristiche del sito in esame. I modelli numerici di simulazione sono strumenti utili
per raggiungere questo obiettivo. Il modello EPIC è particolarmente adatto a valutare gli
impatti sopra menzionati e quindi ad aiutare l'ottimizzazione della gestione di P nei suoli.
Tuttavia la sua calibrazione e validazione è spesso limitata dalla disponibilità di dati
adeguati.
In questo studio abbiamo testato la capacità di EPIC di predire variazioni
temporali di P nei suoli di tipici terreni arabili e prati permanenti in Svizzera, usando
l’esaustiva banca dati dell'osservatorio nazionale dei suoli (NABO) che rappresenta tutti
i principali sistemi colturali, suoli e condizioni climatiche degli agro-ecosistemi svizzeri,
e include una documentazione continua della gestione delle aziende agricole e dei terreni
che ospitano i siti di monitoraggio. Come primo passo, campioni archiviati di suolo
proventienti da cinque rilevamenti (1985-2009) sono stati analizzati per misurarne la
concentrazione in P. Questi dati hanno rivelato sostanziali variazioni temporali. Sono
state trovate differenze considerevoli tra le concentrazioni misurate e previsioni basate su
semplici bilanci di massa superficiali, calcolati sottraendo le quantità di P asportate con il
raccolto dalle quantità di P immesse con la fertilizzazione. Ciò indica che non tutti i flussi
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di P sono stati coperti adeguatamente dai bilanci, e conferma la necessità di un modello
bio-fisico che tenga conto dei processi del suolo quali ruscellamento, percolazione,
adsorbimento, desorbimento, erosione o bioturbazione.
Dopo aver eseguito un'analisi di sensitività per identificare i parametri del
modello più influenti che richiedevano una calibrazione, abbiamo usato il metodo GLUE
(Generalized Likelihood Uncertainty Estimation) per calibrare tali parametri sulla base di
serie temporali (1985-2009) di misurazioni della concentrazione di P nell'orizzonte
superficiale di 4 siti di monitoraggio, scelti appositamente a questo scopo.
Successivamente abbiamo testato il modello così calibrato attraverso il confronto
delle sue previsioni con dati relativi a un secondo gruppo di 14 siti. L'indice di Willmott
compreso tra 0.62 e 0.86 e lo scostamento percentuale inferiore al 2% indicano una
prestazione abbastanza buona, nonostante l'indice di Nash-Sutcliffe fosse negativo per
due siti. Le previsioni del modello erano in ragionevole accordo con i dati misurati per
alcuni dei siti di validazione, ma non erano soddisfacenti per altri. Allo scopo di
individuare le ragioni di tale prestazione mediocre, abbiamo applicato GLUE
separatamente ad ogni sito, trovando che la prestazione del modello migliorava
significativamente quando venivano usate stime della profondità di bioturbazione
specifiche per ogni singolo sito.
Per studiare ulteriormente l'influenza della bioturazione sulle dinamiche di P nel
suolo, abbiamo confontato le previsioni di EPIC per 9 siti di monitoraggio a prato
permanente con previsioni retrospettive basate su bilanci superficiali. In effetti il
rimescolamento del suolo dovuto alla bioturbazione può in gran parte spiegare la
discrepanza tra le concentrazioni di P misurate e le previsioni basate sui bilanci. I tassi di
bioturbazione ottenuti mediante la calibrazione di EPIC basata sulle concentrazioni di P
nei siti studiati sono in buon accordo con risultati ottenuti in altri studi per siti simili. Le
stime delle profondità massime di bioturbazione risultanti dalla calibrazione presentano
una stretta correlazione a caratteri idromorfici riscontrati indipendentemente negli
orizzonti profondi dei suol indagati, nonostante tale informazione non sia stata inserita
nel modello. Questo fornisce ulteriore supporto alla plausibilità della parametrizzazione
e del sottostante modello concettuale usato da EPIC per simulare la bioturbazione. Questi
risultati suggeriscono che i programmi di monitoraggio del suolo mirati alla rilevazione
precoce di cambiamenti nelle proprietà chimiche del suolo non dovrebbero limitarsi a
campionare gli orizzonti superficiali, ma dovrebbero includere analisi degli orizzonti
profondi congiuntamente all'uso di modelli dei processi di trasporto.
Un'altro importante risultato dell'analisi di sensitività eseguita in questo studio è
l'indicazione che stime corrette della concentrazione iniziale di P disponibile nel suolo e
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del parametro di adsorbimento del fosforo (PSP) sono cruciali per la qualità delle
simulazioni con EPIC. Se non specificati dall'utente, P disponibile e PSP sono
determinati in EPIC da altre proprietà del suolo attraverso funzioni di pedotrasferimento
(PTF) originariamente sviluppate per l'America del nord. Sulla base di esperimenti di
adsorbimento e desorbimento su campioni di suoli provenienti da siti agricoli svizzeri,
abbiamo derivato una nuova PTF per stimare PSP in suoli moderatamente alterati. In
combinazione con inizializzazioni sito-specifiche delle riserve di fosforo minerale
disponibile e stabile, questa nuova PTF ha aumentato l'accuratezza delle previsioni delle
dinamiche a lungo termine di P nel suolo di in un sito di riferimento a prato permanente,
in confronto a previsioni basate sulle equazioni predefinite di EPIC.
Questo studio dimostra come monitoraggio, sperimentazione e modellizzazione
possono essere combinati per identificare processi rilevanti e predire le variazioni
temporali della concentrazione di P nei suoli agricoli. La validazione di EPIC per altri
elementi (carbonio, azoto e fosforo), tipi di suolo e sistemi di gestione rimane un compito
per il futuro.

VIII

1. Introduction
Phosphorus in Swiss agroecosystems
Phosphorus (P) is essential to virtually all living organisms. Together with
nitrogen (N) and potassium (K), it is one of the three macronutrients that crops require in
large amounts in order to grow. Phosphorus is a key input used by farmers to improve
agricultural production and ensure food security. It is added to soil through the
application of mineral and organic fertilizers. However, when P inputs exceed plant
uptake, the surplus leads to P buildup in soil, increasing the risk of export by runoff,
erosion and leaching, thus posing environmental problems through potential
contamination and eutrophication of water bodies (Lin et al., 2009). Moreover, it must be
considered that P is a limited resource. Mineral P fertilizers are produced from phosphate
rocks, and a large fraction of their known reserves has already been consumed in the past
few decades. Thus, wastage of P fertilizers should be avoided (Cordell et al., 2009).
In Switzerland, the problem of water pollution and eutrophication is particularly
evident in regions of intensive animal farming and grassland systems (Frossard et al.,
2004, Lazzarotto et al. 2005), where great amounts of manure are applied to soils. Given
the topography, soils and climate of the country, grassland is the major land use in Swiss
agriculture. About 70% of the one million hectares of agricultural land is covered by
permanent grassland and grassland in crop rotation. In addition, about half a million
hectares of alpine grassland is used in summer for grazing. According to Spiess (2011),
intensification of Swiss agriculture after 1950 led to a massive increase of N, P, and K
input into the agricultural cycle. Average P inputs reached 25 kg ha-1 yr-1 in the year
1975. This trend reverted in the early 90s, and the average P surplus decreased to 5.5 kg
ha-1 yr-1 in the year 2008. Since 1993 the so-called integrated production program
introduced cross compliance requirements (Herzog et al. 2008). On the farm level, for
instance, subsidies were made dependent on compliance with N and P balances.
However, given the great variability of farming systems across regions, P surplus may be
still much higher than the national average in certain areas.
Manure is normally applied at rates intended to meet crop N requirements
according to the Swiss guidelines for fertilization (Flisch et al. 2009). Given that the N:P
ratio in manure is normally smaller than that required by most crops, the result is
long-term buildup of P stocks in many soils. As the fate of P in soil and its availability to
plants depend on soil and climate characteristics, supporting an efficient, sustainable and
risk-minimizing P management of agricultural soils requires a methodology to predict
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1. Introduction
long-term variations in soil P content that takes account of local site characteristics and
land management schemes (Frossard et al. 2009).
The agro-environmental model EPIC
Numerical simulation models are useful tools for describing, analyzing and
predicting complex systems. Several models have been proposed for simulating soil P
dynamics (Lewis and McGechan, 2002; Vadas et al., 2013), but only a few of them can
simulate long-term impacts of agricultural soil management and climate on the dynamics
of soil P pools and associated P fluxes from soils into waters. Among these, the
mechanistic, field-scale agro-environmental model EPIC (Environmental Policy
Integrated Climate) has found wide application, as it allows taking detailed account of a
large variety of agricultural management practices and cropping systems. Moreover,
EPIC can simulate changes in physical soil properties such as bulk density, porosity and
water retention characteristics, as well as in soil element concentrations, separately for
different soil layers. This makes it well suited to describe the long-term fate of nutrient
and contaminant elements in agricultural soils (Williams, 1995; Williams et al., 2006).
EPIC was widely tested for crop growth, soil erosion, element cycling and transport, and
other environmental impacts (Gassman et al., 2005).
Sensitivity analysis and calibration
In order to provide meaningful information, models have to be calibrated and
validated for the sites or agro-ecosystems to which they are applied. Model calibration is
the process of adjusting influential parameters so that model results are consistent with
available observed data. Validation consists in evaluating the accuracy of model
predictions by comparison to additional and independent observations. Model calibration
should focus on those parameters which are most influential on the target output
variables. The identification of the most influential parameters in soil P dynamics is not
an easy task, because it involves a complex system of transfer and transformation
processes with many interactions. While inputs through fertilization and outputs through
plant uptake are the most relevant P fluxes in agricultural soil-plant systems, also many
related processes must be taken into account such as soil water movement, evaporation
and heat exchange, soil erosion, crop growth, soil carbon and nitrogen dynamics
(McGechan and Lewis, 2002). Modelling all these processes requires identification of
many parameters, in particular of parameters relating to soil properties (e.g. texture,
organic carbon content, pH, hydraulic properties, erodibility), crop properties (P uptake
rates), and management (fertilization rates and timing). Sensitivity analysis (SA) is
2
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increasingly used to avoid judicial bias in identifying the parameters on which calibration
should focus (Saltelli et al., 2008). Given that natural processes are inherently variable in
time and space, all empirical data have an associated uncertainty, which translates into
uncertainty of model predictions. SA should quantify how much of the model prediction
uncertainty is caused by the uncertainty associated to a given parameter.
Adapting soil monitoring programs to modelling requirements
In view of the development of efficient tools for predicting long-term variations
of soil P content, synergies can be achieved by combining bio-physical models like EPIC
with soil monitoring programs within a common framework. Soil monitoring is the
systematic assessment of variables characterizing soil quality (and its variation) over
space and time with the purpose to detect impacts on soil quality, possibly before they
adversely affect soil functions. Soil monitoring networks are usually designed to detect
changes in soil quality through repeated measurements at well-defined benchmark sites.
However, given the large small-scale variability of soils, this approach generally takes a
rather long time until trends threatening soil quality in the longer term can be detected
reliably (Oliver, 1993; Mol et al., 1998; Kibblewhite et al., 2008). Much sooner alerts can
be obtained by monitoring impacts, rather than just effects. For example, simple
input-output balances can indicate trends of gradual build-up of nutrient and contaminant
loads in soil (Moolenaar and Lexmond, 1998; Keller et al., 2001; Nicholson et al., 2003;
Öborn et al., 2003; Sheppard et al., 2009). In contrast to field experiments with defined
treatments, this type of monitoring programs can capture real-world agricultural
management variability over time and space.
The Swiss Soil Monitoring Network (NABO) has implemented this
complementary strategy since 1985 at about 50 agricultural monitoring sites (Desaules
and Studer 1993, Keller et al. 2005, Meuli et al. 2014). Only a few monitoring programs
world-wide (i) have been active for a time span of more than two decades, (ii) perform
regularly repeated soil samplings and in situ measurements using consistent and
well-documented methodology, and (iii) contain a soil sample archive allowing for
re-analysis of samples at later dates (Morvan et al., 2008). Among these, NABO is one of
the few in which a continuous record of farm and field management has also been
collected over the entire monitoring period (Desaules and Studer, 1993; Keller et al.
2005). While in the 1980s, the main objective of soil monitoring in Europe was the
detection of soil pollution (particularly by heavy metals) and soil acidification, the focus
recently shifted more to the detection of temporal changes in soil nutrients, organic
carbon and biological activity and related drivers and impacts.
3
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Simple surface balances take only P inputs through fertilizer and P outputs with
harvests into account and may provide only a rough indication of soil P concentration
changes over time, since they neglect soil processes. In more than 20 years of monitoring
with five sampling campaigns, substantial differences have been found between
measured changes in soil P concentrations and predictions based on simple surface
balances. The mismatches indicate that not all fluxes were adequately covered and that
fluxes associated with processes such as runoff, leaching, erosion or bioturbation should
be accounted for in assessing long-term balances of soil nutrients and contaminants. The
process-based model EPIC can be very helpful in the assessment of such fluxes.
Apart from being itself an important element to be monitored, P is also a very
useful proxy element for monitoring trace elements in agro-ecosystems. Agricultural P
inputs are closely correlated to inputs of trace elements such as copper (Cu) and zinc (Zn)
via application of animal manure (Brock et al. 2006; Armstrong et al. 2010). Also
agricultural P outputs via crop uptake are correlated to Cu and Zn outputs since the
concentrations of these elements in crop biomass are correlated (Wyss and Kessler,
2002). Like Cu and Zn, P also has a relatively low mobility in soil and does not form
gaseous phases under natural conditions.
Objectives and content of the thesis
The overall objective of this thesis was to investigate the potential use of EPIC
for simulating long-term soil P dynamics of typical Swiss agro-ecosystems, in order to
understand measured temporal changes of soil P and to provide indications for
supporting an efficient, sustainable and risk-minimizing P management of agricultural
soils. A secondary objective was to explore the synergies that could be achieved by
combining EPIC with soil monitoring programs including soil surface balances, to
improve the prediction of long-term changes of soil P and to adapt monitoring protocols
to modelling requirements.
Chapter 2 describes how EPIC was calibrated and validated for simulating the P
dynamics of typical Swiss agro-ecosystems for the time period 1985-2009. Eighteen
NABO monitoring sites were selected for this purpose, and archived soil samples of five
repeated sampling campaigns analyzed for labile and total P and total N. Based on a
comprehensive sensitivity analysis, we identified the EPIC parameters with the greatest
influence on predictions of soil P dynamics and improved our understanding of the model
behavior regarding soil P dynamics. Based on this information, we calibrated and
validated EPIC for the prediction of temporal changes of total soil P concentrations in
Swiss arable and grassland soils represented by the selected NABO sites.
4
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Chapter 3 demonstrates how repeated soil inventories, simple surface balances
and more complex biophysical models can complement each other for a better
interpretation of long-term changes of nutrients in soil. Simple P surface balances,
calculated by subtracting the P outputs via harvesting from the inputs via fertilization at
nine grassland monitoring sites over a period of 21 years, were not sufficient to explain
the observed soil P dynamics. In fact, differences were found between soil P
measurements and predictions based on the balances. We hyoptezised that the reason was
that balances neglected soil processes. Therefore, we used EPIC to identify the processes
responsible for the observed differences and to improve the predictions.
Chapter 4 describes the development of improved pedotransfer functions to
estimate initial P pools and soil P sorption capacity of moderately weathered soils on the
Swiss Plateau for simulations with EPIC (or other models using similar P routines). To
accomplish this objective, data from P sorption and desorption experiments and P
extractions from a variety of Swiss agricultural soils were used. EPIC predictions of
long-term soil P dynamics using the newly developed pedotransfer functions were then
compared with predictions based on default EPIC estimates for a benchmark pasture soil
of Switzerland.
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Abstract
Proper management of soil phosphorus (P) is essential to ensure sustainability in
agriculture. Accumulation of P in soil due to excessive inputs will eventually lead to
elevated risks of export with runoff, erosion and leaching and thereby may cause
eutrophication of water bodies, which is a major environmental problem world-wide.
Moreover, global phosphate rock reserves are limited and their wastage should be
avoided to make the best use of this precious natural resource. To avoid excessive P
accumulation in soil, a methodology for predicting long-term variations in soil P content
is required. Simulation models are useful tools for achieving this objective. However,
their calibration and validation is often limited by the availability of adequate real-world
data sets. The Swiss Soil Monitoring Network NABO, which was started in 1984,
provides a unique comprehensive database on Swiss agricultural soils that represents all
major cropping systems, soil and climate conditions of Swiss agro-ecosystems, including
a continuous record of farm and field management relating to the monitoring sites. Using
the NABO database, we tested the efficiency of the model EPIC (Environmental Policy
Integrated Climate) to predict soil P temporal changes for typical Swiss arable and
grassland sites. After performing a sensitivity analysis to identify the most influential
model parameters for which calibration was needed, we used Generalized Likelihood
Uncertainty Estimation (GLUE) to condition the probability distributions of the
influential parameters on the available topsoil P data of 4 selected NABO sites and then
we tested the calibrated model by comparison of predictions with data from a second set
of 14 sites. The Willmott index of agreement ranged between 0.62 and 0.86 and the
percent bias was below 2% for the calibration set, indicating a fairly good performance,
although the Nash-Sutcliffe Efficiency was negative for two of the sites. On the contrary,
model predictions for the validation set were rather poor. In order to investigate the
reasons of this poor performance, we applied the GLUE method separately to each
individual site, and found that the model performance for grassland sites improved
significantly when site-specific estimates of bioturbation depth were used. These
site-specific estimates showed a close relationship to independently assessed subsoil
hydromorphy, providing additional support to the validity of the site-specific
parameterization, and suggesting the opportunity of developing pedo-transfer function
for the influential parameters in order to improve the model predictions.
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2.1. Introduction
Proper management of soil macro-nutrients is essential to ensure sustainability in
agriculture. When nitrogen (N) or phosphorus (P) inputs exceed plant uptake, the surplus
leads to elevated risk of export by runoff, erosion and leaching, posing environmental
problems through the contamination and eutrophication of water bodies (Correll, 1998;
Carpenter et al., 1998; Sims et al., 1998; Lin et al., 2009). Moreover, global phosphate
rock reserves are limited and their wastage should be avoided to make the best use of this
precious natural resource (Filippelli, 2008; Cordell et al., 2009). In Switzerland, the
problem of water pollution and eutrophication is particularly evident in regions of
intensive animal farming (Frossard et al., 2004), where large amounts of manure are
applied to soils. Balancing both N and P inputs with crop plant requirements by manure
application is difficult. If N requirements are met solely by applying animal manures,
then there will usually be an excess of P input. If this is to be avoided, a methodology to
predict long-term variations of soil P content is required, taking account of site
characteristics and land management.
Models are useful tools for describing, analyzing and predicting complex
systems. Although many models have been proposed for calculating nutrient balances,
from local to national scales (e.g. Schoumans, 2000; Öborn et al., 2003; Oenema et al.,
2003; Keller and Schulin, 2003; Heming, 2007), only a few have been developed to
calculate long-term changes in soil P (Jones et al, 1984; Bhogal et al., 1996; Karpinets et
al., 2004). The P model of Jones et al. (1984) has been incorporated with minor
modifications in various more comprehensive models such as EPIC (Environmental
Policy Integrated Climate) and GLEAMS (Groundwater Loading Effects of Agricultural
Management System) (Lewis and McGechan, 2002). EPIC is a widely used mechanistic,
field-scale agro-environmental model that accounts among others for crop growth, soil
nutrient dynamics, nutrient leaching, and management operations (Sharpley and
Williams, 1990) and has been widely used to study environmental impacts of agricultural
soil use, including soil nutrient cycling and losses (Edwards et al., 1994; Chung et al.,
1999; Pierson et al., 2001; Wang et al., 2006; Bouraui and Grizzetti, 2008; Zhang et al.,
2010; Schoenhart et al., 2011; Egbendewe-Mondzozo et al., 2013). Fewer studies were
published on testing EPIC for long-term P changes in soil explicitly accounting for P
distribution among the different pools and P flow between them, although these
processes are modelled by EPIC to predict the concentration of available P in topsoil and,
based on this, the P losses. In the above mentioned studies on nutrient losses, P pools
other than available P were generally not explicitly estimated, and their quantification
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based on the model internal transfer functions. Vadas and White (2010) investigated the
soil P routines of the model SWAT (Soil and Water Assessment Tool) which are very
similar to the EPIC routines and are based on the same P model proposed by Jones et al.
(1984). They found that the quantification of P pools and the estimation of P flow rates
between pools were critical to ensure good predictions of P losses. Karpinets et al. (2004)
proposed a model of soil P dynamics aimed at describing and predicting the long-term
changes in extractable soil P (i.e. P extracted with conventional tests), based on three soil
P pools, and devised a method to calibrate it making use of readily available data. The
model was tested on measurements from three long-term experiments in Russia, Ukraine
and Philippines, resulting in good agreement between predicted and measured values.
Also this study showed that a correct quantification of soil P pools and related P flow
rates is essential in estimating extractable soil P.
In order to provide meaningful information, models have to be validated and
calibrated for the sites or agro-ecosystems to which they are applied. For example,
Pierson et al. (2001) evaluated EPIC's ability to simulate event and annual runoff volume
and losses of dissolved reactive phosphorus (DRP) from tall fescue paddocks fertilized
with broiler litter, finding that the correlation coefficient between simulated and observed
values of DRP loss was r = 0.75 on an annual basis, and that EPIC tended to
underestimate the losses. More recently, Wang et al. (2006) evaluated EPIC predictions
of runoff, sediment and soluble P losses using data collected over 4 years from six
cultivated small watersheds in Texas with different poultry litter application rates. The
modeling efficiency ranged from 0.59 to 0.87 based on annual comparisons. Very few
studies used data from soil monitoring programs designed to assess long-term changes in
soil nutrient and contaminant concentrations. In contrast to field experiments with
defined treatments, monitoring programs such as the Swiss Soil Monitoring Network
(NABO) have the advantage of capturing real-world agricultural management variability
over time and space. Only a few monitoring programs world-wide have been active for a
time span of more than two decades, perform regularly repeated soil samplings and in
situ measurements using consistent and well-documented methodology, and contain a
soil sample archive allowing for re-analysis of samples at later dates (Morvan et al.,
2008). Among these, the NABO is one of the few in which a continuous record of farm
and field management has also been collected over the entire monitoring period, starting
in 1984 (Desaules and Studer, 1993; Desaules and Dahinden, 2000).
Given that natural processes are inherently variable in time and space, and that
sampling and analytical errors are unavoidable, all empirical data have an associated
uncertainty and should be represented by probability distribution functions, and not just
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by single values. This uncertainty impacts the reliability of model predictions; therefore
confidence levels should be attached to the predictions. Moreover, available observations
of the output variables can be used to modify the parameter probability distributions, thus
achieving a model calibration. The generalized likelihood uncertainty estimation
(GLUE) scheme is an appropriate tool to achieve both aims (Beven and Binley, 1992).
Furthermore, in order to minimize uncertainty, calibration should give more weight to
the more influential parameters. The choice of the most influential parameters is not an
easy task, because a complex system of transfer and transformation processes with many
complex interactions is involved in soil P dynamics. These include forms and rates of P
fertilizer applications, mineralization, immobilization, sorption, plant uptake, losses via
leaching, surface runoff and erosion. While inputs through fertilization and output
through plant uptake are the most relevant P fluxes in agricultural soil-plant systems, also
many related processes must be taken into account such as soil water movement,
evaporation and heat exchange, soil erosion, crop growth, soil carbon and nitrogen
dynamics (Lewis and McGechan, 2002). Modelling all these processes requires
identification of many parameters, in particular of parameters relating to soil properties
(e.g. texture, organic carbon content, pH, hydraulic properties, erodibility), crop
properties (P uptake rates), and management (fertilization rates and timing). The choice
of parameters to be calibrated is often made on the basis of expert knowledge on both the
model and the studied system, and the number of parameters is usually limited to avoid
excessive computational loads. For example, Chung et al. (1999) selected two parameters
for calibrating the EPIC prediction of water balance at two field-sized watersheds in
Iowa, using 6 years of observations. Sensitivity analysis (SA) is increasingly used in
order to decrease the degree of subjectivity when choosing the parameters to be
calibrated. Wang et al. (2005) conducted uncertainty and sensitivity analyses of 9 EPIC
parameters using the Generalized Likelihood Uncertainty Estimation (GLUE) and the
extended Fourier amplitude sensitivity test (FAST), respectively, based on an
experimental field under 34-year continuous corn with five N treatments in Wisconsin.
The number of parameters was limited in order to avoid impractical computational loads,
and the parameters were selected by expert judgment. A similar procedure was used by
Causarano et al. (2007) that used FAST to analyse the sensitivity of EPIC-predicted soil
organic carbon dynamics to 15 parameters, chosen by expert judgment, and applied an
automated optimization procedure to calibrate the most influential parameters. In the two
above mentioned studies, the number of parameters selected for SA is small when
compared to the total number of EPIC parameters, which amounts to about 300. In order
to avoid bias due to prejudice and to test whether the model is in fact sensitive to the
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parameters considered influential, a screening sensitivity analysis should be performed in
which the model sensitivity to a large number of parameters is evaluated. A well-tested
method to successfully accomplish this task was proposed by Morris (1991), while a
more accurate analysis can be performed using more computational demanding
approaches, such as the Sobol' method (Sobol', 1990).
In this study we investigated the potential use of EPIC for simulating the P
dynamics of typical Swiss agro-ecosystems. Eighteen NABO monitoring sites were
selected for this purpose. We used the Morris and Sobol' methods to identify the most
influential parameters and the GLUE method to calibrate them and to quantify the model
predictive uncertainty. The EPIC model was chosen because of its capability of
simulating changes in physical soil properties such as bulk density, porosity and water
retention characteristics, as well as in soil element concentrations, separately for different
soil layers, which makes it well suited to describe the long-term fate of nutrient and
contaminant elements in agricultural soils. Moreover, EPIC was widely tested for crop
growth, soil erosion, element cycling and transport, and other environmental impacts
(Gassman et al., 2005). The specific objectives of this study were (i) to identify the EPIC
parameters with the greatest influence on predictions of soil P dynamics, (ii) to improve
our understanding of the model behavior regarding soil P dynamics, and – based on this
information – (iii) to calibrate and validate EPIC for the prediction of total soil P
concentrations in arable and grassland soils.

2.2. Materials and Methods
2.2.1. Experiment description
We used EPIC to model soil P dynamics for eighteen NABO monitoring sites
(Fig. 2.1). EPIC parameters influential to soil P changes were identified via the
sensitivity analysis methods of Morris and Sobol'. The model calibration was pursued by
an iterative application of the GLUE method and of model performance evaluation
indexes. Firstly GLUE was applied on a subset of the original dataset, i.e. on 4 out of 18
sites, and the resulting calibrated model was tested on the remaining sites by evaluating
the model performance for those sites. We employed three different statistical evaluation
methods to test the model performance: the Willmott index (Willmott, 1981), the
Nash-Sutcliffe index (Nash and Sutcliffe, 1970) and the percent bias.
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Figure 2.1. Sites of the Swiss Soil Monitoring Network and MeteoSwiss weather stations used for this study. Biogeographic
regions are represented with different shades of gray.

2.2. Materials and Methods
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All model simulations were run for 21 years, corresponding to the time span
between the first and the fifth NABO soil sampling campaigns (Table 2.1). The value of
soil properties measured during the first sampling (1985-89) served as initial conditions.
Values measured from the second to the fifth samplings, done at 5 years intervals, were
used to calibrate the model. The element input and output fluxes determined by the
management operation performed at each site over the study period (fertilizations,
harvest, etc.) constituted the boundary conditions of the model simulations.

Table 2.1. Simulation periods for the study sites, represented by light gray bars. Dark
gray squares represent soil sampling years.
Site Year
ID 85 86 87 88 89 90 91 92 93 94 95 96 97 98 99 00 01 02 03 04 05 06 07 08 09
Arable sites
3
13
15
25
46
48
77
78
102
Grassland sites
1
10
30
33
37
49
60
69
74
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2.2.2. The EPIC model
The EPIC model is a field-scale soil and crop simulation model that was
originally developed to quantify the effects of erosion on soil productivity (Williams et
al., 1984). It has been continuously extended into a comprehensive agro-ecosystem
model simulating crop growth in complex rotation schemes, taking detailed account of
soil management operations (Williams, 1995; Gassman et al., 2005; Williams et al.,
2006, 2008). EPIC version 0509 was used in this study. The model input includes about
300 parameters and state variables, collectively termed factors in this paper. Parameters
quantify properties that are considered time-invariant characteristics of the system,
whereas the state variables characterize the state of the system that is subject to change in
response to external influences. The model factors are organized in several text files
according to their domain: soil, land morphology, weather, crop, fertilizer, pesticides,
tillage machinery, and field operation schedule. The EPIC database contains parameter
values for several crops, fertilizers, pesticides, and machinery types, taken from the
literature. Furthermore, there are miscellaneous parameters, many of which are
coefficients of equations that have a model-intrinsic meaning only. Each of them comes
with a default value, which is usually not changed by users, and a plausible range. The
model user guide (Williams et al., 2006) provides a brief explanation and default values
of all parameters. EPIC can simulate the growth of about 100 different crop plant species.
Plant development is driven by the cumulative amount of heat units, computed daily as
mean temperature degrees in excess of a plant’s base temperature. Each crop requires a
specific cumulative amount of heat units to reach maturity. Stress indices for water,
temperature, N, P and aeration are calculated to determine how much actual growth is
reduced relative to potential growth. EPIC features a complete balance of all
hydrological processes occurring at the scale of small watersheds, including snowfall and
snowmelt, surface runoff, infiltration, changes in soil water content, deep percolation,
lateral subsurface flow, water table dynamics, and evapotranspiration (Fig. 2.2). Soil is
divided into user-defined layers. Vertical water flow is calculated using the storage
routing concept, which allows water to flow from one layer into the next below when soil
water content exceeds field capacity. Travel time through a layer is a function of
saturated conductivity. In addition, soil temperature, soil organic carbon content and
macro-nutrient concentrations are computed for each layer. Management operations
include tillage, fertilization, irrigation and liming. EPIC simulates the following tillage
effects on the plow layer: mixing of nutrients, incorporation of crop residues, and
decrease in bulk density.
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Figure 2.2. Schematic representation of the main processes driving
flows of water and elements through the soil-plant system as modelled
in EPIC.
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Figure 2.3. Phosphorus pools and flows in the EPIC model (after Jones et
al., 1984, modified).

For each soil layer, EPIC considers three mineral soil P pools: labile, active and
stable mineral P, and two organic soil P pools: fresh (labile) and stable organic P (Fig.
2.3). All P pools are expressed in kg ha-1 and the amount of P flowing between them,
calculated daily, in kg ha-1 day-1. Labile mineral P (Plab) is inorganic P that is dissolved in
the soil solution or weakly adsorbed to the soil matrix. It was defined as anion exchange
resin extractable P (Jones et al., 1984). Active P (Pact) is moderately desorbable P. At
equilibrium the amount of Pact is related to that of Plab by the P sorption coefficient PSP:
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ܲ௧ = ܲ

1 െ ܲܵܲ
ܲܵܲ

(1)

Determining how much inorganic P added to soil remains labile after equilibrium
with active P is reached, PSP regulates the flow of P between the two pools:
ܲ՜௧ =  ݎ൬ܲ െ ܲ௧

ܲܵܲ
൰
1 െ ܲܵܲ

(2)

where r is the flow rate constant, set to 1.0 d-1 for the direct flow from Plab to Pact,
and to 0.1 d-1 for the reverse flow from Pact to Plab (the model assumes that desorption is
ten times slower than sorption).
If not given by the user, PSP is estimated using one of four different pedotransfer
functions, depending on soil weathering state (Jones et al., 1984; Williams et al., 2008).
Stable mineral P (Pst) represents strongly sorbed P. EPIC assumes that at equilibrium the
pool of stable P is 4 times the active mineral P pool:
ܲ௦௧ = 4 ܲ כ௧

(3)

The flow of P between the active and the stable pool ܲ௧՜௦௧ is governed by the
coefficient bo which is a function of PSP:
ܲ௧՜௦௧ = ܾ( כ 4 ܲ כ௧ െ ܲ௦௧ )

(4)

ܾି ݁ = ଵ.כௌି.ହ

(5)

Again, desorption is assumed to be ten times slower than sorption and the reverse
flow PVWĺDFW is governed by Eq. 4 multiplied by 0.1.
Assuming an N:P ratio of 8:1 for soil organic matter, the stable organic P pool
(Porg) is estimated at 1/8 of the concentration of soil organic N (Norg):
ܲ =

1
ܰ כ
8

(6)

The organic P fraction of fertilizer and manure is added to the fresh organic P
pool (Pfo). Phosphorus contained in crop residues and dead roots is also added to Pfo. The
fresh organic pool undergoes decomposition with a rate that is a function of Pfo
concentration, a decay rate constant, and a biological process control factor (CS).
Originally introduced by Parton et al. (1994), CS accounts for the effects of temperature,
soil water content, oxygen and tillage on soil biological processes. Twenty percent of the
decomposed Pfo is converted to Porg, while the remaining eighty percent flows into Plab.
Stable organic P is in turn converted with soil organic matter decomposition entirely into
Plab.
20

2.2. Materials and Methods
All P input through fertilizer and manure is added to the uppermost 10 mm of the
soil. Phosphorus can be displaced downward either through leaching or soil mixing via
tillage or bioturbation. The amount of P leached from a soil layer to the underlying layer,
Pleach, is calculated using a partitioning constant:
ܲ =

ܲ ݓ כ
10 ݇ כ ݖ כ ܦܤ כௗ,

(7)

where wperc is the amount of water percolating from the layer in mm (calculated
from water content and saturated conductivity), BD is the soil bulk density in Mg m-3, z is
the layer thickness in mm, and Kd,leach is the partitioning constant, i.e. the ratio of labile P
concentration in soil to P concentration in percolating water, with unit 10 m3 Mg-1. Soil
mixing is simulated in the same way for both tillage and bioturbation. A fraction of soil
material proportional to the mixing efficiency is taken from each soil layer down to the
mixing depth, mixed uniformly with the respective fractions of the other layers, and then
returned to the layer where it came from and mixed with the material that had remained.
Two parameters representing mixing depth and efficiency are available for both tillage
and bioturbation processes.
Plants take up P from Plab. The uptake rate depends on Plab, soil water content,
and root length density in the respective soil layer.
Soluble P loss with surface runoff (Prunoff) is calculated in kg ha-1 units using the
equation
ܲ௨

t mଷ
ܳ
= 0.01
ܲ כ כ
g mm ha
ܭௗ

(8)

where Q is the amount of runoff (mm) and Kd is the distribution coefficient for
the partitioning of P concentration between soil and water (m3 t-1). The value of Kd is set
to 100.
Finally, P loss with erosion, (Psed), is calculated in kg ha-1 as
ܲ௦ௗ = 0.001 kg g ିଵ ܲ כ ܵ כ௧ ܴܧ כ

(9)

where S is the sediment yield (t ha-1), Ptop is the total concentration of P in the top
soil layer (mg kg-1), and the enrichment ratio ER is the ratio between the concentrations
of P in the sediment and in the soil. Following Menzel (1980) the enrichment ratio is
modeled as a logarithmic function of the concentration of sediment in runoff. More
details of the EPIC model can be found in Williams (1995) and Williams et al. (2008).
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2.2.3. Study sites and model input data
The objective of the Swiss National Soil Monitoring Network (NABO) is to
assess soil quality in the long term (decades) and to evaluate appropriate large-scale soil
protection measures and policies. Currently, the NABO monitors 105 observation sites
across Switzerland, representing the country’s diverse geology, soil types, land use and
climate conditions. Sites on arable land (34) are the most frequent category by land use,
followed by permanent grassland (30) and forest (28) sites. At 46 agricultural NABO
sites, land management data are collected annually to assess input and output fluxes of
nutrients and trace metals (Keller et al., 2005). Out of these 46 sites, we chose 9 arable
and 9 permanent grassland sites for the study presented here, representing a wide
spectrum of different land management schemes (e.g. fertilization practices, crop
rotation), soil nutrient status and other soil properties. Most of the selected sites are
located on the Swiss Plateau, between the Jura and the Alps (Figure 2.1). The 9 grassland
sites are located at altitudes between 431 and 1100 m a.s.l., while of the 9 arable sites 8
are located between 409 and 545 m a.s.l. and one at 830 m a.s.l. (Table 2.2). Predominant
soil types were Eutric Gleysols and Cambisols at the selected grassland sites according to
the WRB classification (IUSS, 2007), while the soils at the arable sites included
Gleysols, Cambisols, Vertisols, Histosols and Fluvisols (Desaules an Studer 1993).
During the first sampling campaign, which lasted from 1985 to 1989, a soil
profile was described at each site, and samples taken from each horizon. The number of
horizons varied from 3 to 7 depending on the site. Basic physical and chemical soil
properties, trace metal concentrations and iron and aluminum (hydr)oxide contents were
measured on the horizon samples. Soil hydraulic properties (saturated hydraulic
conductivity, water content at field capacity and wilting point) were estimated on the
basis of soil texture and bulk density by means of pedo-transfer functions using the
Rosetta software (Schaap et al., 2001), whose accuracy was tested by their authors
resulting in a coefficient of regression between predicted and measured saturated
conductivity of 0.53 when using soil texture and bulk density data. Table 2.2 shows that
the variation in topsoil clay content, bulk density and cation exchange capacity was
generally greater among the arable than the grassland soils. Data from the soil profiles (of
which Table 2.2 only shows the topsoil data) was used to prepare the EPIC soil input
files.
In addition to the soil profile, which was described only once during the first
campaign, topsoil samples (0-20 cm depth) were collected and analyzed every 5 years
(Desaules and Dahinden 2000). Thus, 5 sampling campaigns have been completed until
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now (Table 2.1), while the 6th campaign is ongoing. In each sampling round, analyses
were performed on 4 composite samples per site. Each of these composite samples was
bulked from 25 individual soil cores, to account for spatial variability within the
monitoring site. The cores were taken on a regular grid from the same 10 x 10 m plot area
each time. The availability of archived material made it possible to analyze all topsoil
samples taken from the 18 chosen sites in the 5 sampling campaigns also for total N, total
P (using extraction with 2 M sulfuric acid for both) and available P (using
ammonium-acetate/EDTA extraction, PAA-EDTA for short) using Swiss reference methods
(ART 2012). Table 2.2 shows that at the time of the first campaign, available topsoil P
was generally greater at the grassland than at the arable sites, and with the exception of
two arable sites on drained former peat soils (sites 15 and 48) the same was also true for
total N. This data was included in the EPIC soil input files. Table 2.3 shows that the
initial soil total P concentration was in average higher in the grassland soils (779-1966
mg P kg-1) than in the arable soils (649-1756 mg P kg-1), but the variation within each
class was larger than between the two land use classes. The changes in soil P over the
whole study period were negative at some sites and positive at others, indicating that in
the long term depletion as well as accumulation occurred. Accumulation was clearly
predominant for arable land, whereas for grassland accumulation and depletion were
occurring with almost the same frequency. The cumulative absolute changes were higher
than the overall net changes for all sites except sites 30 and 46. This reflects the fact that
the changes had opposite signs from one survey to the next, i.e. both accumulation and
depletion occurred at the same sites over the years.

23

24

Eutric Cambisol
Eutric Gleysol
Eutric Cambisol
Eutric Gleysol
Eutric Cambisol
Dystric Cambisol
Mollic Gleysol
Eutric Cambisol
Mollic Gleysol

537
935
635
431
735
1100
955
818
526

35.0
22.5
20.0
33.0
19.0
33.0
17.0
26.0
38.0

15.0
17.0
48.0
59.0
43.0
30.0
18.0
16.0
6.0

Calcaric Cambisol
Eutric Cambisol
Mollic Gleysol
Eutric Vertisol
Eutric Gleysol
Folic Histosol
Aric Phaeozem
Calcaric Fluvisol
Calcaric Fluvisol

488
455
433
545
439
409
830
532
379
33.0
31.0
32.5
55.0
35.0
27.0
25.5
37.0
41.5

16.0
23.0
30.0
30.0
46.0
30.0
51.5
70.0
60.0

Clay Silt
%
%

Altitude Soil type (WRB)
m asl

1.3
0.9
1.2
0.9
1.2
0.9
1.0
1.1
1.1

1.5
1.3
0.9
1.3
1.1
0.6
1.2
1.0
1.2
6.8
4.8
5.0
5.9
5.8
4.6
5.2
5.7
5.4

6.2
5.2
6.1
6.8
7.4
5.2
6.6
7.0
7.3
0.8
0.1
0.0
0.0
0.0
0.0
0.0
0.0
0.0

0.0
0.0
0.0
2.8
10.2
0.0
0.0
4.4
8.5
3.6
3.9
2.7
3.8
2.7
4.6
3.4
3.1
4.2

1.0
1.7
17.9
2.3
2.7
16.5
2.5
3.4
1.2
31.7
30.9
21.7
23.3
19.9
31.2
19.8
23.9
34.7

12.3
14.9
67.8
28.5
33.4
52.0
18.7
21.7
8.2
97.5
104.0
202.0
29.4
125.8
84.6
71.9
56.1
181.9

41.6
64.9
56.3
49.7
72.3
57.1
100.9
147.8
68.7
3670
4942
3205
4729
3391
6267
3190
3647
4621

1438
1959
12818
2856
3401
11029
3467
4629
1252
0.15
0.14
0.12
0.17
0.12
0.18
0.14
0.15
0.17

0.10
0.12
0.19
0.20
0.18
0.19
0.11
0.20
0.10

0.25
0.24
0.23
0.30
0.23
0.29
0.24
0.26
0.28

0.18
0.21
0.30
0.29
0.29
0.31
0.25
0.31
0.23

6.1
44.6
25.1
50.1
19.6
57.0
45.5
21.3
13.5

19.6
19.3
74.3
7.0
16.4
136.3
16.8
24.9
45.6

PAA-EDTA Ntot
WP
FC
SATC
BD
pHCaCl2 CaCO3 SOC CEC
-3
-1
-1
-1
-1
-1
kg dm
%
%
mMol 100g mg kg mg kg m m m m mm h-1

BD: bulk density. SOC: soil organic carbon. CEC: cation exchange capacity. PAA-EDTA: ammonium-acetate/EDTA extracted P; Ntot: 2 M sulfuric acid
extracted N. WP: water content at wilting point. FC: water content at field capacity. SATC: hydraulic saturated conductivity.

Site
ID
Arable sites
3
13
15
25
46
48
77
78
102
Grassland sites
1
10
30
33
37
49
60
69
74

Table 2.2. Characteristics of the study sites and main properties of top soil (0-20 cm) as measured on samples taken during the first survey (1985-89).
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±
±
±
±
±

23
50
34
5
38

± 24
± 9
± 15

± 24
± 3
± 1

S1

Arable sites
3
649
13
1014
15
1173
25
1756
46
1495
48
1098
77
1101
78
1159
102
998
Grassland sites
1
1161
10
1282
30
1829
33
1150
37
1296
49
1496
60
779
69
935
74
1966

Site
ID

1230
1310
1780
1357
1229
1531
841
967
2094

654
958
1075
1963
1519
1199
1186
1272
1033
±
±
±
±
±
±
±
±
±

±
±
±
±
±
±
±
±
±

S2

49
2
17
5
7
36
3
24
11

7
1
18
188
10
6
3
1
2
1278
1341
1778
1392
1237
1447
912
985
2200

695
1008
1018
1881
1546
1218
1067
1246
1051
±
±
±
±
±
±
±
±
±

±
±
±
±
±
±
±
±
±

S3

26
32
8
8
10
24
19
27
29

5
33
10
21
3
4
29
17
7
1261
1303
1730
1337
1162
1397
982
1015
2059

703
1009
1055
1992
1549
1291
983
1244
1079

Soil total P (mg kg-1)

±
±
±
±
±
±
±
±
±

±
±
±
±
±
±
±
±
±

S4

3
39
7
5
26
18
76
1
7

13
46
7
45
8
1
2
10
4
1292
1183
1695
1329
1121
1402
902
963
2113

670
1039
1166
1783
1623
1246
1002
1235
1074
±
±
±
±
±
±
±
±
±

±
±
±
±
±
±
±
±
±

S5

4
9
20
19
7
27
9
39
1

17
24
31
88
7
11
21
3
1
131
-99
-134
178
-175
-94
123
27
146

21
24
-8
27
128
149
-98
76
75

164
217
134
305
189
175
282
132
429

88
136
303
607
128
239
307
150
86

Cumulative
Overall net
absolute
change
change
-1
(mg kg )
(mg kg-1)

37.4
11.0
46.9
52.2
35.1
33.2
31.1
31.0
52.5

34.4
30.7
46.7
33.5
21.8
40.7
50.8
32.2
28.5

Mean
annual P
input
(kg ha-1 yr-1)

Table 2.3. Top soil (0-20 cm) total P concentration as measured on archived composite samples taken on the five surveys
(S1-S5, 1985-2009), and mean annual P input recorded over the same period. Surveys were done every five years (Table 2.1).
Values are mean ± standard error of the mean, based on two samples for each site and survey. For certain sites, only one sample
was analyzed for the first survey, therefore standard error is missing.

2.2. Materials and Methods

25

2. Sensitivity analysis, calibration and validation of EPIC
This dataset represented a robust test for EPIC, because the model had to
replicate non-monotonic temporal evolutions. Moreover, it shows that such long-term
patterns can only be captured via repeated sampling, since a 5-year accumulation trend
can reverse to a depletion trend after additional 5 years, and vice-versa. The mean annual
P inputs ranged from 29 to 51 kg ha-1 year-1 on the arable sites and from 11 to 52 kg ha-1
yr-1 on the grassland sites. In average they were higher on the grassland sites than on the
arable sites with median values of 35 and 31 kg ha-1 yr-1, respectively (Table 2.2). Flisch
et al. (2009) recommended P inputs of 35 kg ha-1 yr-1 for an intensively managed meadow
with 4 annual cuts, 27 kg ha-1 yr-1 for winter wheat, and 37 kg ha-1 yr-1 for sugar beet as
sustainable P fertilization rates. The median values of recorded P inputs at the sites
studied here are in line with the recommended values. However, the comparison site by
site between overall net P change and P input (Table 2.3) shows that at some sites
depletion was observed in spite of large P inputs (e.g. site 77), whereas at other sites
accumulation occurred with relatively small P inputs (e.g. site 46). Clearly, site-specific
differences in crop P uptake and soil P transport played a significant role in determining
the observed changes. Based on all above considerations, we consider that the measured
soil P changes combined with the recorded management operations constituted a robust
test for the model.
The correct quantification of P pools and PSP is critical for obtaining meaningful
results from EPIC (Vadas and White, 2010). Following the work of Sharpley et al.
(1984), Kleinman et al. (2001) and Vadas and White (2010), who showed that P
extraction results from routine soil tests, such as Mehlich, Bray or Olsen, are often
closely related to results from anion exchange resin extractions, and can be used to
initialize labile P, we assumed the concentration of labile P to be equal to 0.5 PAA-EDTA.
Using the measured soil bulk densities (Table 2.2) we calculated Plab in topsoil, and
following Vadas and White (2010) we assumed Ptot to be the sum of all pools except Pfo:
ܲ௧௧ = ܲ + ܲ௧ + ܲ௦௧ + ܲ

(10)

Porg was estimated from Norg using Equation 6, assuming that Norg was 95% of
total N. Inverting Equations 1, 3 and 10, we used these estimates of Porg and the measured
values of Ptot and Plab (from the first sampling only) to compute PSP for each site as:
ܲܵܲ =

ܲ
1
ܲ + ൫ܲ௧௧ െ ܲ െ ܲ ൯
5

(11)

Table 2.4 shows that PSP ranged from 0.119 to 0.343 for the grassland soils, and
from 0.083 to 0.422 for the mineral arable soils. But negative values were computed for
the arable soils at sites 15 and 48. Equation 6 overestimated Porg severely for these two
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organic soils. Setting their PSP values arbitrarily to 0.15 we determined their Porg values
by calculating back from Equations 11, 10 and 3, using the measured values of Ptot and
Plab. The rather low value of 0.15 was chosen for the PSP of these organic soils because
we assumed that high organic matter contents would imply a high sorption potential and
therefore a low available P fraction.
In order to provide the model with estimates of P pools for depths below 20 cm,
we used subsoil samples taken at the 18 study sites during the 5th sampling campaign.
Samples were taken from 3 or 4 soil horizons down to a depth ranging from 40 to 100 cm
depending on the site. We estimated initial subsoil Ptot values based on the proportion
between topsoil and subsoil Ptot measured on the 5th sampling. The other P pools were
derived from Ptot and PSP using the above equations.
Daily values of the main weather variables (maximum and minimum air
temperature, precipitation, air humidity, global radiation and wind speed) were collected
for each site from the nearest weather station (Fig. 2.1 and Table 2.5), using the
MeteoSwiss database (Swiss Federal Office of Meteorology and Climatology). Over the
study period, mean annual precipitation varied between 843 and 1230 mm for the arable
sites and between 1051 and 1795 mm for the grassland sites. Air temperatures were
corrected for altitude, assuming a decrease of 0.6°C per 100 m increase in elevation.
Given the generally higher altitudes of the grassland sites, the mean annual temperatures
were lower at these sites (6.7 – 9.9 C° over the last 25 years) than at the arable sites (8.4 –
10.6 C°).
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Table 2.4. Initial values of topsoil (0-20cm) P pools and P sorption coefficient PSP, based on
samples from the first survey (1985-89), estimated as explained in the text.
Site
ID

Plab
kg ha

Pact
-1

kg ha

Pst
-1

kg ha

PSP
-1

Arable sites
3

61.5

265.2

1060.9

0.188

13

87.6

398.0

1592.0

0.180

15

48.4

-

-

0.150

25

63.6

703.6

2814.6

0.083

46

82.5

471.2

1884.9

0.149

48

35.4

-

-

0.150

77

121.1

296.0

1184.2

0.290

78

150.8

206.4

825.8

0.422

102

80.3

377.8

1511.4

0.175

1

123.3

330.8

1323.1

0.271

10

97.2

229.1

916.5

0.298

30

238.4

626.5

2506.2

0.276

33

27.1

200.3

801.3

0.119

37

148.5

381.9

1527.4

0.280

49

75.3

238.5

954.0

0.240

60

75.5

144.7

578.9

0.343

69

61.2

196.9

787.6

0.237

74

200.1

573.5

2294.0

0.259

Grassland sites

Plab: labile P pool. Pact: active P pool. Pst: stable P pool.
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Table 2.5. Mean values of variables recorded at the weather stations providing data for this study,
based on daily sums (precipitation) or daily averages of January and July (other variables) over the
period 1981-2010.
January

July

Site Station

Altit. Precip. Tmin Tmax H

Rad

ID

m asl mm y-1 °C

°C

%

ID

Location

W

Tmin Tmax H

Rad

Wm-2 m s-1

°C

%

Wm-2 m s-1

°C

W

Arable sites
3

Py

Payerne

490

865

-2.4

3.1

85

42

2.3

12.9 25.1

71

238

1.8

13

W

Wynau

422

1111

-2.7

2.7

85

36

2.2

13.0 24.8

73

230

1.5

15

Ne

Neuchatel 485

969

-0.7

3.6

82

36

2.6

15.1 25.1

65

233

2.3

25

H

Hallau

432

1025

-3.2

2.3

84

36

1.6

12.9 24.3

68

230

1.9

46

Py

Payerne

490

865

-2.4

3.1

85

42

2.3

12.9 25.1

71

238

1.8

48

S

St. Gallen 776

1230

-0.6

4.8

77

42

1.9

14.8 23.0

69

214

1.9

77

C

Chur

556

843

-4.6

3.1

73

52

2.6

11.8 23.2

68

223

2.8

78

B

Bad ragaz 496

986

-2.5

3.9

77

52

3.2

14.7 24.3

72

223

3.1

Aigle

381

1003

-2.3

4.8

82

65

1.9

13.5 25.0

73

215

1.8

102 A

Grassland sites
1

T

Tänikon

539

1164

-3.7

2.7

83

41

2.0

12.2 23.8

73

227

1.6

10

S

St. Gallen 776

1230

-3.7

1.7

77

42

1.9

11.8 20.0

69

214

1.9

30

L

Luzern

454

1179

-3.2

2.4

83

38

1.4

13.1 23.5

72

211

1.4

33

G

Glarus

571

1468

-3.0

3.2

82

44

1.5

13.7 23.9

75

201

2.4

37

Po

Posieux

634

1051

-3.6

3.1

81

42

3.2

11.9 23.8

69

238

2.9

49

E

Engelberg 1036 1795

-5.7

1.8

78

44

1.1

10.4 20.9

79

203

1.3

60

Na

Napf

1404 1571

-1.5

3.8

73

53

4.5

12.9 20.3

77

206

3.2

69

Pu

Pully

465

1121

-1.8

2.3

77

65

1.7

14.0 23.0

65

215

1.8

74

S

St. Gallen 776

1289

-1.3

4.3

79

43

2.0

14.6 23.1

72

221

1.9

Altit: Altitude.Precip.: precipitation. T: air temperature at 2 m asl. H: relative air humidity at 2 m asl.
Rad: global radiation. W: wind speed.
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Data on land management operations on the NABO sites, such as tillage,
fertilization, pest management, sowing and harvesting, were recorded by the farmers on
standardized forms (see Keller et al. (2005) for details). The farms hosting the monitoring
sites represent the most important farm types of Switzerland, i.e. husbandry farms, mixed
farms, dairy farms and arable farms. In average, the farms managing the grassland sites
had 1.6 livestock units (LU) per hectare (0.1 – 2.8 LU ha-1), while the livestock density of
the farms cultivating the arable sites averaged 0.9 LU ha-1 only. The size of the fields on
which the 18 selected NABO plots were located ranged from 0.3 to 8.3 ha (median 2.5
ha). For comparison, the average farm size and livestock density of Swiss farms are 17.5
ha and 1.25 LU ha-1, respectively. While the arable fields with monitoring sites were
mostly located in flat areas (with slopes less than 5 %), the grassland sites were located
on slopes with up to 20% steepness. It is crucial for the validity of the monitoring
program that farmers are not influenced by the monitoring results. Thus, no
recommendations or instructions were given to them. Unfortunately, the management
data recording program was temporarily discontinued from 1992 until 1995. The gap was
filled assuming that land management was the same in 1992-93 as in 1990-91 and the
same in 1994-95 as in 1996-97.
Four types of management operations were simulated with EPIC: Plowing,
fertilizing, seeding/planting, and harvesting. The exact date, fertilizer type and amount,
crop, and tillage implement were specified in the EPIC operation schedule file. Based on
the available records we fed the model with data on the actual crop sequence during the
study period (21 years). Arable sites were dominated by 6 crop types: wheat, sugarbeet,
temporary grassland (meadow or pasture), maize, potato, and barley, in order of
decreasing frequency. The number of different crops grown on any given site over the
study period varied between 5 and 9, with a median of 6 (Table 2.6). All 14 arable crop
types found on the study sites were already implemented in EPIC, and the respective
parameter values were not changed. Following Brugger et al. (2008), we added a crop
type representing a mixture of grass and legumes to simulate grasslands. Default values
of the internal EPIC database were used for P concentration in crops. For the newly
created grassland crop we used an average of values given by Wyss and Kessler (2002),
Kessler and Jolidon (1998) and Daccord et al. (2001) for agro-ecosystems similar to the
ones studied here, i.e. 3.6 g kg-1 (this value was used for factor BP2, i.e. P fraction in
plant at mid-season, while BP1 and BP3, i.e. P fraction in plant at emergence and
maturity, were rescaled accordingly).
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Table 2.6. Crop sequences recorded at arable sites. Each sequence covers a period of 21 years (grey
background), which also represents the simulation period. The first and last year correspond to the
first and fifth soil sampling campaign, respectively. Management data were not recorded in the
period 1992-1995; also, data recording was not continuous at four sites between 1985 and 1991.
Missing data was filled by extending the sequence from previous and following years.
Site
Year

3

13

15

25

1985

S. beet

Maize

1986

Wheat

Wheat

R. seed

1987

Potato

Potato

Wheat

1988

S. beet

S. beet

1989

Maize

1990
1991

46

48

77

78

102

Meadow
Potato

Maize

Triticale Wheat

Maize s.

Potato

Potato

Potato

Wheat

Triticale

Maize s. Maize

Oat

R. seed

Meadow

Wheat

Maize s. Maize
Wheat

1996

Rye

Barley

Pea

S. beet

Wheat

Wheat

1997

Barley

Maize s. Oat

Wheat

S. beet

Meadow Meadow Maize s. Soybean

1998

Meadow Wheat

R. seed

Barley

Maize

Potato

F. beet

Wheat

Wheat

1999

Meadow R. seed

S. beet

Maize s. Wheat

Barley

Wheat

Potato

Maize

2000

Meadow Wheat

Maize

S. beet

Meadow Maize

Triticale Barley

S. beet

2001

Meadow Meadow Cabbage Wheat

Meadow F. beet

Meadow Meadow Potato

2002

Wheat

2003

Maize s. Meadow S. beet

Meadow Wheat

Wheat

Pasture

S. beet

Meadow Meadow Triticale Soybean

2004

Maize s. Meadow Soybean Pasture

Potato

Potato

2005

Meadow Maize s. R. seed

Pasture

Potato

Maize s. Wheat

S. beet

R. seed

Wheat

2006
2007
2008
2009

Meadow Wheat

Meadow Meadow Wheat

Meadow Maize s. Wheat
Maize s. R. seed

Wheat

Triticale Maize

Meadow Meadow Wheat

Maize s. Meadow Meadow Maize s. Potato
Maize s. Wheat

Maize
Wheat

S. beet: sugar beet. Maize s.: maize silage. R. seed: rape seed. F. beet: fodder beet (mangold).
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The number of heat units required by a given crop to reach maturity was adjusted
such that the model simulations in average fitted the yields recorded at the study sites.
This manual calibration was done for all years of simulation and all sites. National yield
averages were used where local values were not available (Flisch et al., 2009). The
number of different tillage implements used at any given arable site varied between 2 and
14, for a total of 19 different implements, including seeders/planters, harvesters, harrows,
shredders, plows, and others. The plow depth for each site was estimated from the soil
profile description and photos. It ranged from 20 to 25 cm. A total of 99 different
fertilizer types were recorded at the study sites, including mineral fertilizers, animal
manures, and compost. For each type, data on P, N and C concentration were gathered
from previous studies, product information and routine proficiency analysis as detailed
by Keller et al. (2005). Finally, for some miscellaneous parameters we used values that
had been found better adapted to agricultural conditions in Switzerland by Brugger et al.
(2008) than EPIC default values; details are given in the next section.
2.2.4. Sensitivity and uncertainty/calibration methods
2.2.4.1. Sensitivity analysis
A sensitivity analysis (SA) was carried out to identify the model factors that had
the largest influence on simulated topsoil P changes. We used two different methods,
proposed by Morris (Morris, 1991; Saltelli et al., 2004) and Sobol' (Sobol', 1990; Saltelli
et al., 2008). The method of Morris is considered a good compromise between accuracy
and efficiency and thus well-suited for sensitivity analysis involving a large number of
input factors and/or expensive computations (Campolongo et al., 2007). The method of
Sobol' is more effective than other approaches in capturing the interactions between a
large number of factors for highly nonlinear models (Tang et al., 2007), but it has higher
computational requirements. Both methods, which are summarized below, were
implemented via Monte Carlo (MC) simulations, which consist in performing multiple
model evaluations with probabilistically selected model input.
The procedure consisted in five steps: (i) probability distribution functions
(PDFs) were assigned to each input factor; (ii) a given number N of factor sets were
drawn from the assigned PDFs (this ensemble of factor sets is often simply called the
input sample); (iii) the model was executed for each factor set, and N sets of model
realizations were produced (the output sample); (iv) the sensitivity indices were
calculated by analyzing the model output in relation to the variation of the input factors.
The SA was carried out separately for two groups of sites, composed of 9 arable land
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sites and 9 grassland sites respectively, to check how much influence land use would
have on the relative importance of the factors. Therefore, four SA sessions were carried
out, using the two methods mentioned above on the two land use groups. The public
domain Simlab software (2011) was used for both SA methods. We developed a Matlab
script to interface EPIC with Simlab and to run the MC simulations. The generation of
the input sample was done in Simlab. For each factor set, the Matlab script modified the
EPIC input files, executed EPIC continuously for the whole simulation period and for all
9 sites (either arable or grassland sites), and read the output files. At the end of this
procedure, the variation of topsoil P concentration over the simulation period was
calculated for each site and averaged out across all sites of the considered land use group.
This average variation of topsoil P was the target output variable. An output sample was
created according to the Simlab format, storing the value of the target output variable for
each one of the N runs. Finally, Simlab was used to apply the SA methods comparing the
input and output samples.
In order to avoid a prejudiced selection, the choice of factors to include in the SA
was quite conservative, i.e. all factors that in our opinion might have any direct or
indirect influence on the target output, no matter how small, were included. A total of 86
factors were selected for SA, i.e. 6 soil state variables, 10 soil parameters, 18 crop
parameters, 3 tillage parameters, 5 fertilizer parameters, and 44 miscellaneous
parameters (Tables 2.7 and 2.8). As one of the objectives of the SA was to identify
influential parameters that could be calibrated to improve the model predictions, special
focus was given to miscellaneous parameters, which represent coefficient of the model
equations and can be considered as fitting parameters. Although including a high number
of factors increased the computational requirements, it allowed a better analysis of the
interactions between factors.
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Table 2.7. List of EPIC soil, crop, tillage, and fertilizer factors included in the sensitivity analysis.
Factor

Description

Unita

Sourceb

Soil layers: state variables
BD

Bulk density

kg dm-3

A

WOC

Organic C

mg kg-1

A

WN

Organic N = 0.9 · Total N

mg kg-1

E

WPO

Organic P = WN/8

mg kg-1

E

PKRZ

Labile P = 0.5 · PAA-EDTA

mg kg-1

E

PH

pH

A

Soil layers: parameters
SAN

Sand

% weight

A

SIL

Silt

% weigth

A

SMB

Sum of bases

cmol kg-1

A

CAC

Calcium carbonate

% weigth

A

CEC

Cation exchange capacity

cmol kg-1

A

ROK

Coarse fragment content (> 2 mm)

% vol

A

PSP

P sorption ratio

UW

Water content at wilting point (1500 kPa)

m m-1

R

FC

Water content at field capacity (33 kPa)

m m-1

R

SATC

Saturated conductivity

mm hour-1

R

g MJ-1

D

J

Crop parameters
WA

Biomass-energy ratio (radiation use efficiency)

HI

Harvest index (ratio of harvestable yield to the total biomass)

TOPC

Optimal temperature for plant growth

°C

TBSC

Minimum temperature for plant growth

°C

DMLA
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Table 2.7 (cont). List of EPIC soil, crop, tillage, and fertilizer factors included in the sensitivity
analysis.
Factor
Description
Unita
Sourceb
DLAI

Fraction of growing season when leaf area declines

D

RLAD

Leaf area index decline rate

D

RBMD

Biomass-energy ratio decline rate

D

GSI

Maximum stomatal conductance

CAF
HMX

Critical aeration factor (fraction of soil porosity where poor
aeration starts limiting plant growth)
Maximum crop height
m

D

RDMX

Maximum root depth

m

D

CNY

Fraction of N in yield (N in yield / N in the whole plant)

g g-1

D

CPY

Fraction of P in yield (P in yield / P in the whole plant)

g g-1

D

WCY

Fraction water in yield (water content at harvest)

g g-1

D

BP1

P fraction in plant at emergence

g g-1

W

BP2

P fraction in plant at mid-season

g g-1

W

BP3

P fraction in plant at maturity

g g-1

W
D

TLD

Mixing efficiency (fraction of crop residue and nutrients that is
mixed uniformly in the plow depth)
Tillage depth = Ap horizon thickness
mm

HE

Harvest efficiency (yield removed / total yield)

D

ms-1

D
D

Tillage parameters
EMX

E

Fertilizer parameters
FN

Mineral N fraction

K

FP

Mineral P fraction

K

FNO

Organic N fraction

K

FPO

Organic P fraction

K

FOC

Organic C fraction

K

a

Where unit is not shown, the quantity is dimensionless. b A: physical-chemical analyses; E:
estimated as reported in column "description"; D: EPIC internal database; J: estimated based on soil
P pools and assumptions by Jones et al. (1984); R: Estimated based on soil texture and bulk density
with Rosetta software (Schaap et al., 2001); W: Wyss and Kessler (2002), Kessler and Jolidon
(1998) and Daccord et al. (2001); K: Keller et al. (2002).
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Table 2.8. List of EPIC miscellaneous parameters included in the sensitivity analysis.
Lower
limit

Upper Default Sourceb
limit
value

Soil strength constraint on root
growth

1

2

2

D

PRM3

Fraction of growing season when
water stress starts reducing
harvest index

0

1

0.5

D

PRM4

Constant that modifies
denitrification rate

0.01

2

0.05

B

PRM5

Lower limit of water content in
the top 0.5 m soil depth (fraction
of the water content at wilting
point)

0

1

0.5

D

PRM6

Winter dormancy: growth does hour
not occur when day length is less
than annual minimum day length
+ PRM6.

0

1

1

B

Param.

Description

PRM2

PRM7

N fixation control factor: if 0
fixation meets crop demand; if
1 fixation is limited by soil
water, nitrate content or crop
growth stage. An intermediate
value causes a combination of
the 2 estimates.

PRM8

Soluble P runoff coefficient:
[sediment P] / [water P]

PRM9

Unita

0

1

1

B

L m3 ton-1

10

20

10

D

Pest damage moisture
threshold: Previous 30 day
rainfall minus runoff.

mm

25

150

50

D

PRM10

Pest damage cover threshold:
crop residue plus above ground
biomass.

t ha-1

1

10

50

D

PRM11

Moisture required for seed
germination: germination will
not occur until (current water
content) / (water content at field
capacity) > PRM11.

mm

0.3

0.9

-10

D

PRM12

Governs rate of soil evaporation
from top 0.2 m of soil

1.5

2.5

1.5

B

PRM14

N leaching ratio: [N in surface
runoff ]/ [N in percolate]

0.1

1

0.5

D

PRM15

Groundwater storage loss rate

1

10

5

D
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Table 2.8 (cont.). List of EPIC miscellaneous parameters included in the sensitivity analysis.
Param.

Description

Unita

Lower
limit

Upper Default Sourceb
limit
value

0.5

1.5

1

D

0.1

0.5

0.3

B

0.1

0.5

0.5

D

0.9

1.1

1.01

D

If > 1, it makes soluble P
runoff concentration a
non-linear function of organic P
concentration in the top soil
layer

1

1.5

1

D

PRM35

Water stress weighting
coefficient: At 0 water stress is
function of soil water content;
at 1 it is function of actual ET /
PET; intermediate values make
water stress a function of both
variables.

0

1

1

D

PRM41

Soil evaporation cover
coefficient: Regulates soil
evaporation as a function of soil
cover by crop residue and
growing biomass

0.01

0.2

0

D

PRM42

Regulates the effect of PET in
driving the curve number
retention parameter

0.5

1.5

1

B

PRM43

Regulates upward movement of
soluble P by evaporation

1

20

4

B

PRM44

[Soluble C in runoff ] / [Soluble
C in percolate]

0.1

1

0.5

D

PRM45

Coefficient allocating slow to
passive humus

0.001

0.05

0.05

D

PRM20

Microbial decay rate
coefficient: Adjusts the
equation relating microbial
activity to soil water,
temperature and oxygen.

PRM24

Maximum depth for biological
soil mixing

PRM25

Biological mixing efficiency:
the fraction of soil material
which is mixed annually.

PRM30

Minimum water content
required to trigger
denitrification, expressed as
fraction of water content at field
capacity

PRM34

m

mm
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Table 2.8 (cont.). List of EPIC miscellaneous parameters included in the sensitivity analysis.
Param.

Description

Unita

Lower
limit

Upper
limit

Default Sourceb
value

PRM47

Slow humus transformation
rate (·10-3)

d-1

0.41

0.68

0.548

D

PRM48

Passive humus transformation
rate (·10-3)

d-1

0.0082

0.015

0.012

D

PRM51

Coefficient adjusting
microbial activity function in
top soil layer

0.1

1

1

D

PRM52

Exponential coefficient in
equation expressing tillage
effect on residue decay rate

5

15

20

D

PRM53

Coefficient in equation
expressing microbial activity
as function of depth and
oxygen content

0.8

0.95

0.9

D

PRM54

Exponential coefficient in the
equation expressing root
growth as function of potential
water use

2.5

7.5

5

D

PRM55

Coefficient used in allocating
root growth between two
functions: 0 = distribution by
depth (see PRM56); 1 =
function of water use (see
PRM54). Intermediate values
weight the two functions.

0

1

0.5

D

PRM56

Exponential coefficient in the
equation expressing root
growth distribution by depth.

5

10

10

D

PRM57

N volatilization coefficient:
fraction of potential
nitrification + volatilization
allocated to volatilization

0.05

0.5

0.3

D

PRM59

Tillage is delayed when:
Actual soil water content /
Water content at field capacity
> PRM59.

0

1

10

D

PRM60

Exponential coefficient
relating C factor (cover factor
in soil erosion calculation) to
crop residue and growing
biomass

0.5

2

2

D
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Table 2.8 (cont.). List of EPIC miscellaneous parameters included in the sensitivity analysis.
Param.

Description

Unita

Lower
limit

Upper
limit

Default Sourceb
value

PRM61

Weighting factor for estimating
soil evaporation: At 0 total
compensation of water deficit is
allowed between soil layers; at
1 no compensation is allowed.
Intermediate values allow
partial compensation.

0

1

1

D

PRM62

Exponential coefficient
regulating upward N movement
by evaporation

0.2

2

0.5

D

PRM63

Upper limit of N concentration
in percolating water

100

10000

9000

D

PRM64

Upper limit of
nitrification-volatilization as a
fraction of NH3 present

0

1

0.1

B

PRM65

It reduces curve number
retention parameter for frozen
soil

0.05

0.5

0.25

D

PRM66

It converts standing dead crop
residue to flat residue: Daily fall
rate as a fraction standing
residue.

0.0001

0.05

0.01

D

PRM68

N fixation upper limit

1

30

10

B

PRM70

Power of change in day length
component of LAI growth
equation: It causes faster plant
growth in spring and slower
growth in fall.

1

10

3

D

ppm

kg ha-1
d-1

a

Where unit is not shown, the quantity is dimensionless. b D: EPIC internal database; B: Brugger et
al. (2008).
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Normal PDFs were assigned to all factors except miscellaneous parameters for
which triangular distributions were used. In order to explain how the normal PDFs were
built, it is necessary to make a consideration about the total number of input values
required to feed the model. The 16 soil factors listed in Table 2.7 had to be specified for
each layer of each soil. There was one soil for each one of the 18 sites and an average of
5 layers per soil, for a total of 90 values for each factor, i.e. 1440 values. Similarly, the 18
crop parameters had to be specified for each one of the 14 crops, for a total of 252 values.
The same holds for the 3 tillage parameters related to 19 tillage implements (57 values)
and the 5 fertilizer parameters referring to 99 fertilizers (495 values), for a grand total of
2244 values. Instead of including all of them in the SA as separate factors, we only
included the 42 "base" factors, i.e. 16 for soil, 18 for crop, 3 for tillage and 5 for fertilizer.
We used a normal PDF for each one of them, with mean μ = 1 and standard deviation ı
equal to the relative standard deviation (RSD) of the respective data as explained below.
The MC input samples were generated in Simlab by drawing values from these PDFs.
The samples were passed to the Matlab script that managed the EPIC runs. We structured
the code in 3 nested cycles: the first goes through the N runs, the second scans the 18
sites, and the third goes through the m soil layers of the current site. At each iteration and
for each factor, the code multiplied the factor value by the respective MC sample value,
and then added the result to the original factor value. In this way we could reduce the
number of factors and therefore save computational time. The way in which the RSD was
set for each PDF depended on the type of data available for the respective factor (column
"source" in Tables 2.7 and 2.8). For those soil factors for which measurements at the sites
were available, the RSD was calculated on the available replicates, averaged out across
sites. For those factors for which estimates were calculated via pedotransfer functions,
e.g. soil hydraulic parameters or PSP, the highest among the RSD of the variables used to
estimate the factor was used. For fertilizer parameters, RSD was calculated from data
given by Keller et al. (2002) which is based on measurements done at the study sites.
Similarly, for crop parameters BP1, BP2 and BP3 we used the data given by Wyss and
Kessler (2002), Kessler and Jolidon (1998) and Daccord et al. (2001). For tillage depth,
which was estimated from the thickness of the Ap horizon, and for all other crop and
tillage parameters, whose values were taken from the internal EPIC database, the RSD
was set to 0.1, which was considered a good estimate of the factors' variability.
Finally, triangular distributions were used for the 44 miscellaneous parameters,
having the mode set to the EPIC default value (or to the value proposed by Brugger et al.,
2008) and lower and upper limits set to those reported in the EPIC user manual (Table
2.8). We used triangular distribution for these parameters to make use of the available
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information regarding their range of plausibility and also to avoid model crashes that are
possible when the values fall outside of their expected ranges. Nevertheless, for certain
parameters the EPIC default value was outside of the respective range. This happened
where the model developers decided to switch off the effect of the parameter (e.g.
PRM11 set to a negative value prevents seed germination to be delayed by low soil water
content). In these cases, the mode of the distribution used in the SA was set to the central
value of the range.
The number of factor sets N, and the method used to draw the sets from the
assigned PDFs (in other words, to sample the factor space), varied according to the SA
method used. In the following text we denote with x = (x1, x2, ..., xk) a vector of factor
values, i.e. a factor set, and with y(x) the model output for a given factor set. The method
of Morris (1991) adopt the "one-at-a-time" (OAT) design, based on the assumption that if
factors are changed by the same relative amount, the factor that causes the largest
variation in the output is the most important. The method derives measures of global
sensitivity from a set of local derivatives, also called elementary eơects, sampled on a
grid throughout the factor space. For a given model with k factors, the grid has k
dimensions and p levels, where p is the resolution of sampling and is chosen arbitrarily.
Each factor xi is perturbed along the grid by adding the quantity ¨i, the magnitude of step,
which is FDOFXODWHG DV ¨·xi where ¨ = 1/(p - 1). A trajectory, i.e. a sequence of k
perturbations, is created through the factor space. Each trajectory yields one estimate of
the elementary eơect for each factor, i.e., the ratio of the change in model output to the
change in that factor. The following equation shows the calculation of a single
elementary eơect for the i-th factor:
ܧܧ =

ݕ൫ݔଵ , ݔଶ , … , ݔିଵ, ݔ + ȟ , ݔାଵ , … , ݔ ൯ െ )ܠ(ݕ
ȟ

(12)

where y(x) represents the prior point in the trajectory. However, if using only a
single trajectory, the method would be highly dependent on the location of the initial
point x in the factor space and would not account for interactions between parameters.
For this reason, the elementary effects are calculated over r trajectories through the factor
space. The resulting set of elementary eơects is then averaged to give μi, the estimate of
¿UVW-order eơects. Similarly, the standard deviation of the set of elementary eơects ıi
describes the variability throughout the factor space and thus the extent to which
parameter interactions are present. This study used the modification proposed by
Campolongo et al. (2007) in which an estimate of total-order sensitivity of the i-th
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parameter, denoted as μi*, is computed from the mean of the absolute values of the
elementary eơects over the set of r trajectories as shown in Eq. (13).


ߤכ

1

= หܧܧ ห
ݎ

(13)

ୀଵ

By using the absolute values, this sensitivity measure avoids the risk of
compensating effects of opposite signs, and is therefore more appropriate to rank factors
in order of importance. The minimum number of trajectories to ensure representative
results is considered to be 4 (Saltelli et al., 2004). In our study we set r = 10 and p = 8.
The number of model runs required by Simlab to compute μi* for all factors was N =
r(k+1). Given that k = 86 in our case, the sample size was 870 for each of the 18 sites,
corresponding to 15,660 model runs.
The Sobol' method quantifies the amount of variance that each of the k factors xi
contributes to the unconditional variance of the output V. The method accounts for both
the contribution caused by variations of an individual factor, and the contribution caused
by interactions of a factor with one or more other factors. It is based on variance
decomposition:


ିଵ



ܸ =  ܸ +   ܸ +··· +ܸଵ,…,
ୀଵ

(14)

ୀଵ ୀାଵ

where Vi is the partial variance representing the main (first-order) effect of xi on
the model output y, Vij is the partial variance representing the second-order effect and
accounting for interactions between parameters xi and xj, and so on until the last term
V1,...,k which accounts for the interaction effect of all k parameters. This decomposition
contains k terms of the first order, (k(k-1))/2 terms of the second order, and so on until the
last term of order k, for a total of 2k - 1 terms. The Sobol' sensitivity indices are calculated
as the ratio of the partial variances to the total unconditional variance. For the first order:
ܵ =

ܸ
ܸ

(15)

ܵ =

ܸ
ܸ

(16)

For the second order:

And so on. The total effect index is calculated as the sum of all partial indices:
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்ܵ = ܵ +  ܵ + ···

(17)

ஷ

Homma and Saltelli (1996) showed that the total effect STi can be calculated from
the variance V~i that results from the variation of all parameters except xi:
்ܵ = 1 െ

ܸ~
ܸ

(18)

Since Si and STi give a fairly good description of the model sensitivity (Saltelli et
al., 2008), the calculation of the second and higher orders can be avoided. In order to
quantify which amount of the variance V is caused by a single input factor xi the
corresponding index STi may be normalized:
norm்ܵ =

்ܵ

σୀଵ ்ܵ

(19)

That is, input factor xi has a share in variance V of normSTi. We used normSTi to
rank the factors in order of importance. Since the sum of all normST equals 1.0, by
cumulating the sum of normST for the top-ranked m factors r = 1...m we could calculate
how much variance was caused by all those factors:


cum்ܵ =  ்ܵ

(20)

ୀଵ

The computational cost of the application of the Sobol' method was N = n(2k + 2)
where n is the number of evaluations for the computation of each one of the two indices
(Si and STi), and k is the number of factors. The Sobol' sequence (Sobol', 1967) was used
to sample the factor space. Following other authors who applied the Sobol' method to
hydrological models (Tang et al., 2007; Fu et al., 2012; Zhang et al., 2013) we set n =
2000 obtaining a total of N = 340,000 factor sets, corresponding to 6,264,000 model runs.
Finally, it's important to remark that initial and boundary conditions used in the
SA were the same used in the calibration and validation procedures described below.
2.2.4.2. Model predictive uncertainty and calibration
Those parameters that were identified as highly influential on the model
predictions of soil P changes, i.e. resulting at the top positions of the ranking based on the
Sobol' sensitivity index normST calculated as explained above, and that could not be
derived independently with reasonable reliability, were determined through calibration
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by using the GLUE method. Crop parameters were not included in this set, as data on P
concentrations of grassland harvests were available from Wyss and Kessler (2002),
Kessler and Jolidon (1998) and Daccord et al. (2001), while for other crop parameters we
used the EPIC database relying on calibration work in previous studies (Gassman et al.,
2005). Influential soil, tillage and fertilizer parameters were also excluded, because we
had site-specific data based on measurements as described in section 2.3. Therefore, only
miscellaneous parameters were considered for calibration. This choice was also based on
the fact that many miscellaneous parameters represent coefficient of the model equations,
having a model-intrinsic meaning only, and can be considered as fitting parameters.
The most influential miscellaneous parameters were calibrated on a subset
composed of the first 4 of the 18 study sites, i.e. 2 arable sites (namely sites 3 and 13) and
2 grassland sites (1 and 10). The PDFs of these parameters were conditioned on the
observations of the target output variable, i.e. measurements of total P in topsoil, by
means of the GLUE method, a simplified Bayesian method based on MC simulations
(Beven and Binley, 1992; Ratto and Saltelli, 2001). GLUE is a well-known methodology
for calibration and uncertainty analysis in environmental modeling, and it was especially
designed for overparameterized models, i.e. models having more parameters than can be
estimated from the input data, so that many parameter sets can perform equivalently in
reproducing observations of the output variables. In this context, the GLUE method does
not try to find a global optimum in the parameter space; instead, it identifies a portion of
the parameter space which is likely to give the best predictions.
Observations from the first survey (1985-89) were used to set the initial
conditions, thus leaving 4 sampling time points available for performing the calibration.
For example, at site 1 the first survey was done in 1989 and the 4 values used for
calibration were the measurements done on years 1994, 1999, 2004 and 2009 (Table 2.1).
Initial and boundary conditions were not changed during the calibration procedure.
In the first step of the GLUE method, the MC approach was implemented by
generating N parameter sets from the respective PDFs using a random sampling strategy
(the input sample), and running the model to obtain N realizations (the output sample).
There are no established criteria for choosing the sample size for the GLUE method. We
used a technique commonly adopted in GLUE applications, i.e. testing preliminary runs
with increasing sample size. For example, Yang et al. (2008) found that the estimates for
the quantiles of the model output distribution became stable using 10,000 parameter sets
when applying GLUE to 10 parameters of the model SWAT.
A likelihood value was assigned to each parameter set generated via the MC
method, quantifying the probability of being a good simulator based on the comparison
44

2.2. Materials and Methods
between observations and predictions. The likelihood of the parameter set T to take the
values Ti in the i-th simulation given the S·T observations O at the S=4 study sites for the
T=4 sampling times was calculated as follows:
ߠ(ܮ |ܱ ) = exp ൬െ

ܧܵܯ
൰
min() ܧܵܯ

(21)

where MSEi is the normalized mean squared error for the i-th model run, and
min(MSE) is the smallest MSEi among the N simulations i=1,...,N. The value of MSEi was
computed as follows:
ௌ



ܧܵܯ
ܧܵܯ = 
std( ܧܵܯ )

(22)

ୀଵ



Here, ܧܵܯ is the mean squared error in model run i for site j given by
்


ܧܵܯ

1


= (ܲ௧ ( ݅) െ ܱ௧ )ଶ
ܶ

(23)

௧ୀଵ





and ܲ௧ and ܱ௧ are the predicted and observed values for time t and site j,
respectively.
A threshold was imposed on the value of the likelihood function in order to
discriminate between behavioural parameter sets, which were retained, and
non-behavioural sets, which were discarded. The value of the above likelihood function
ranges between 0 (for MSE approaching infinity) and e-1 (for MSE = min(MSE)). The
threshold was fixed at half the maximum likelihood, i.e. 0.5 e-1. The likelihood values for
the remained behavioural sets were rescaled to sum up to 1:
ܮ௪ (ߠ |ܱ ) =

ߠ(ܮ |ܱ )
σே
ୀଵ ߠ(ܮ |ܱ)

(24)

The likelihoods were used as weights ܮ௪ (ߠ |ܱ ) to calculate weighted
percentiles of the parameter distributions. In this way, the prior probability distribution of
each parameter (i.e. the distribution assigned on the basis of prior knowledge) was
transformed into a posterior distribution by applying the likelihood weights. Thus the
parameter posterior distributions were obtained by using the knowledge represented by
the soil P concentration measured on surveys 2 to 5 at the 4 sites chosen for calibration.
The distributions were plotted using the kernel-smoothing method (Bowman and
Azzalini, 1997).
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Moreover, the likelihood values were used to obtain a probability distribution of
the model predictions, from which the uncertainty band of the simulation was drawn. In
other words, the likelihood weights were used to calculate weighted percentiles of the
distribution of the predictions (total P) over the model runs corresponding to behavioural
parameter sets. This was done for all sites (both the calibration and validation subsets).
For each site, a graph was drawn where the median (50th percentile) of the resulting
distribution was plotted for all simulation years. The 10th and 90th percentiles were used
to plot confidence intervals for the model predictions. The corresponding observed
values were also shown, in order to visually evaluate the goodness of fit.
In a second phase of the study, the whole procedure described above was
repeated separately for each individual site. The reason for this additional analysis was
that EPIC miscellaneous parameters could not be specified separately site by site. In
particular, certain soil parameters which resulted influential based on the SA are not
included in the EPIC soil input file; instead they are miscellaneous parameters. The
underlying idea was that by conditioning the parameter distribution to soil total P
separately for each individual site, thus obtaining site-specific parameter distributions,
we could search for relationships between these site-specific distributions and site
characteristics, and therefore increase our ability to estimate influential parameters given
the site characteristics, with a particular focus on soil properties.
2.2.5. Model statistical evaluation
Model performance was evaluated using three different criteria. The first was the
index of agreement proposed by Willmott (1981). This index, denoted as d, is based on
the ratio between the actual mean squared error and the estimated potential error that


would be expected if there would be no correlation between observations ܱ௧ and


predictions ܲ௧ at the chosen site j:
݀

=1െ

σ்௧ୀଵ(ܲ௧ െ ܱ௧ )ଶ

തതതതఫ ห + หܱ  െ ܱ
തതതതఫ ห)ଶ
σ்௧ୀଵ(หܲ௧ െ ܱ
௧

(25)

where it is assumed that the predictions are unbiased and thus have the same
തതതതఫ ) as the observations. The index can take values between 0.0 (no correlation)
mean (ܱ
and 1.0 (perfect fit).
The second criterion was the model efficiency NSE proposed by Nash and
Sutcliffe (1970), calculated as:
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ܰܵ ܧ

=1െ

σ்௧ୀଵ(ܲ௧ െ ܱ௧ )ଶ

തതതതఫ )ଶ
σ்௧ୀଵ( ܱ௧ െ ܱ

(26)

where NSEj is the efficiency for site j. The range of NSE lies between 1.0 (perfect
ILW  DQG í. An efficiency of lower than zero indicates that the mean value of the
observed time series would have been a better predictor than the model.
The third criterion was the percent bias, calculated as:
ܲ ܵܣܫܤ

= 100 כ

σ்௧ୀଵ ܲ௧ െ ܱ௧
σ்௧ୀଵ ܱ௧

(27)

PBIASj measures the average tendency of the simulated values to be larger or
smaller than their observed ones. The optimal value of PBIAS is 0.0, with low-magnitude
values indicating accurate model simulation. Positive values indicate overestimation
bias, whereas negative values indicate model underestimation bias.
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2.3.2. Sensitivity analysis
Only few factors had a major influence on total P predictions in terms of the
Morris indices μ* (Eq. 13) and ı (Figure 2.4). For arable soils, fertilizer P concentrations
(FP) had the highest influence, followed by tillage depth (TLD), which together with the
mixing efficiency (EMX) determines soil mixing with tillage operations. Other important
soil factors were the P sorption coefficient (PSP), initial labile P (PKRZ), soil bulk
density (BD), and initial soil organic carbon (WOC). Although PSP was determined in
this study from experimental data available for the study sites, it was included in the
sensitivity analysis, because in many other EPIC applications it will be estimated using
the pedotransfer functions provided by the model. Harvest efficiency (HE), which is the
fraction of yield that is actually harvested, was another important factor for the arable
soils. For the grassland soils, the most important factor by far was the maximum depth of
bioturbation (PRM24). Together with the annual fraction of affected soil material
(PRM25), PRM24 determines annual mixing of non-ploughed soil by soil fauna. Another
important factor was the initial content in organic nitrogen (WN). Also FP, BD, PKRZ
and HE had a large influence, as for the arable soils.

47

2. Sensitivity analysis, calibration and validation of EPIC

Figure 2.4. Morris sensitivity measures ȝ* and ı, expressing the influence of model
factors to EPIC predictions of soil total P, for (a) arable and (b) grassland sites.
While ȝ* is an estimate of the total order sensitivity, ı quantifies parameter
interactions.
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Figure 2.5 show that similar results as with the Morris index were obtained using
the normalized Sobol' total effect index normSTi (Eq. 19). In addition to the
before-mentioned factors yielding a high Morris index, also various factors related to
crop physiology got high Sobol' scores, including the biomass-energy ratio (WA)
relating light interception to plant biomass production, the minimum temperature for
plant growth (TBSC), and the P fraction allocated to yield (CPY). For the grassland soils,
additional factors with high Sobol' scores were the microbial decay rate coefficient
(PRM20) and the critical aeration factor (CAF), which is the fraction of soil porosity
below which poor aeration limits plant growth. The fact that crop parameters got high
sensitivity scores with the Sobol' method suggests that crop parameters had mainly an
indirect influence through interactions with other factors, since the Sobol' method is more
accurate than the Morris method in taking into account these indirect effects.

Figure 2.5. Normalized Sobol' total effect index (normST), expressing the influence of
model factors to EPIC predictions of soil total P, for (a) arable and (b) grassland sites.
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Factors were ranked according to normST, excluding those having normST 
(Table 2.9). The cumulative index cumST (Eq. 20) shows that the 16 most influential
factors in ranking by normST were responsible for 88% of the output variance in
simulated soil total P for the arable sites, while for grassland sites the top 16 factors even
explained 99% of the output variance. Together, these were 25 out of the 86 tested
factors.
The fact that parameters related to crop growth and fertilizer P concentrations
were found to be highly influential on total topsoil P is in agreement with our expectation
that input through fertilization and output through crop uptake were the most relevant P
fluxes in the studied agro-ecosystems. The large influence of PSP and initial labile P
concentration was also expected, as all other mineral P pools depend on them, and
confirms the findings of other authors (Vadas et al., 2006; Vadas and White, 2010).
However, we did not expect the large influence of factors controlling soil mixing and
organic matter transformation and that in comparison – and also in contrast to the
literature reviewed by Lewis and McGechan (2002) – soil hydraulic parameters were
much less important for topsoil P.
The main reasons for the high sensitivity of the simulations on the mixing-related
parameters were that mixing went deeper than the reference depth of 20 cm, which was
chosen because it is the sampling depth for the NABO samples on which this study is
based and that average soil P concentrations differed considerably between these upper
20 cm and the soil below. But there are also other ways in which soil mixing could
influence topsoil P concentrations, even for mixing depths within the upper 20 cm in the
simulations. EPIC divides the user-defined soil layers into sub-layers, including a 1 cm
thick layer at the soil surface. The total P concentration of the latter determines P
exposure to loss with runoff and erosion in EPIC, while the vertical distribution of labile
P in the root zone determines P availability to uptake by plant roots. Soil mixing also
affects soil bulk density (BD), which has an important influence on soil water
evaporation, soil N and C cycling, soil temperature, and root growth, and which is also
needed to calculate soil element concentrations.
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Table 2.9. EPIC factors most influential on soil P changes, at arable and grassland sites. Ranking
according to the normalized Sobol' total effect index (normST) which is a measure of how much
variance of the output variable is due to a single factor. The cumulative index cumST shows how
much output variance is caused by the top-ranked m factors, with m going from 1 to 86 (the total
number of factor tested). The ranking is limited to the factors for which normST 
normST
cumST
Arable sites
0.24
0.24
0.18
0.42
0.10
0.52
0.06
0.58
0.05
0.63
0.04
0.67
0.04
0.71
0.04
0.74
0.03
0.78
0.02
0.80
0.02
0.82
0.02
0.83
0.01
0.84
0.01
0.86
0.01
0.87
0.01
0.88
Grassland sites
0.49
0.49
0.13
0.62
0.09
0.71
0.05
0.76
0.05
0.81
0.04
0.85
0.03
0.88
0.03
0.91
0.01
0.92
0.01
0.93
0.01
0.94
0.01
0.95

Factor

Description of factor

TLD
FP
BD
WA
HE
FPO
TBSC
PSP
PRM24
WOC
CPY
PRM64
SIL
RDMX
EMX
PRM66

Tillage depth
Mineral P fraction in fertilizer or manure
Soil bulk density
Biomass-energy ratio
Harvest efficiency
Organic P fraction in fertilizer or manure
Minimum temperature for plant growth
P sorption coefficient
Max. depth for biological soil mixing
Initial soil organic C
Fraction of P in yield
Upper limit of nitrification-volatilization
Fraction of silt in soil
Max. root depth
Tillage mixing efficiency
Crop residue fall rate

PRM24
FP
BD
PKRZ
PRM20
CAF
HE
WN
DMLA
PRM47
PRM66
FPO

Max. depth for biological soil mixing
Mineral P fraction in fertilizer or manure
Soil bulk density
Initial soil labile P
Microbial decay rate coefficient
Critical aeration factor
Harvest efficiency
Initial soil organic N
Max. leaf area index
Slow humus transf. rate
Crop residue fall rate
Organic P fraction in fertilizer or manure
Upward movement of soluble P by evaporation
coeff.
Coefficient adjusting microbial activity
function in top soil layer
Minimum temperature for plant growth
Biological soil mixing efficiency

0.01

0.96

PRM43

0.01

0.97

PRM51

0.01
0.01

0.98
0.99

TBSC
PRM25
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Our results are consistent with the findings of other authors that biological
activity, particularly earthworms' activity, can result in substantial soil mixing on
grassland sites, while it is less important on tilled arable sites, where the topsoil is already
mixed by tillage operations (Wilkinson et al., 2009).
Of the parameters related to organic matter (OM) transformation, namely
PRM20, PRM47, and PRM51, the microbial decay rate coefficient (PRM20), which is
involved in the computation of the biological process control factor CS, was particularly
important for the grassland sites. Our simulations suggest that organic matter turnover
and mineralization are important processes in driving soil P concentration changes on
grassland sites. Therefore, measurements of soil microbial parameters such as microbial
respiration rate and biomass will be included in the NABO program in the future (R.
Meuli, personal communication). The main reasons why these parameters were not
found to be important for arable sites appeared to be that operations such as plowing and
mineral P fertilization render biological activity less important here than organic P
redistribution and mineralization.
The low influence of hydraulic parameters, namely saturated hydraulic
conductivity and soil water content at field capacity and wilting point, may reveal the
incapacity of the model to correctly simulate P leaching throughout the soil. In fact, the
high influence of soil mixing parameters on topsoil P implies that the model mainly used
this mechanism to displace P vertically along the soil profile. Physically this vertical
downward P transport could be happening through P leaching with water, other than
through soil mixing. Vadas et al. (2012) showed that simulating P leaching properly was
critical for modeling P losses from a grassland soil characterized by high P
concentrations. Data from Vadas et al. (2007) suggests that when manure is added to soil
surface, the P contained therein is leached by rainfall and incorporated into the soil down
to a depth of about 5 cm. It is possible that EPIC underestimated P leaching, relying too
much on soil mixing for modelling P downward transport. EPIC adds all fertilizer P to
the uppermost soil layer, whose thickness is 10 mm only. At arable sites the
incorporation of fertilizer in soil was simulated through tillage, whereas at grassland sites
another mechanism had to operate to transport P downward. Leaching might have been
underestimated because mineral P was moved by EPIC from the labile into the active
pool too quickly and in too big amounts. Theoretically Pact cannot have an infinite
capacity and the flow rate from Plab to Pact should decrease exponentially for increasing
Plab concentrations. In other P models this is simulated by using non-linear Langmuir or
Freundlich isotherms (Lewis and McGechan, 2002). However, EPIC uses PSP, which is
a constant, to calculate Plab concentrations. As a result, Plab concentration in the topmost
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10 mm was probably underestimated, and consequently P leaching was underestimated
too, because EPIC simulates P leaching using a partitioning constant that defines the ratio
of soil labile P concentration to P concentration in percolating water.
From the data collection point of view, the influential factors listed in Table 2.9
can be classified according to the availability of measurements or good estimates. For
example, tillage depth is relatively easy to quantify based on observed soil profiles, while
tillage mixing efficiency as well as harvest efficiency can have a higher uncertainty
unless good knowledge of the used implements is available. Phosphorus concentration in
mineral fertilizers is usually known with good precision, whereas P concentration in
manure (and the relative proportion of mineral vs. organic P forms in manure) can be
very variable in space and time, and site-specific measurements are usually not available.
The P sorption coefficient PSP is not easy to estimate. Our approach of calculating PSP
by inverting EPIC's equations (based on Vadas et al., 2010) requires the knowledge of
labile, organic and total P pools and therefore has not a universal applicability. The
coefficient is usually estimated by a pedotransfer function embedded in EPIC. Vadas et
al. (2010) proposed a modification of this pedotransfer function to improve the estimates.
By applying the modified function to our dataset we found that the resulting PSP
estimates were in good agreement with the corresponding values calculated on the basis
of the P pools, excluding calcaric and organic soils (data not shown). The initial soil
labile P concentration can be estimated from commonly used soil P tests such as the
Bray, Olsen or Mehlich tests (Jones, 1984). The soil bulk density is not as commonly
measured as other soil properties, it has a high spatial variability, and its measurement
presents methodological difficulties; it can be estimated via pedotransfer functions
(Tranter et al., 2007). Soil texture and soil organic carbon are commonly measured in
routine soil analyses, whereas organic N is not, and is usually estimated assuming a
certain C:N ratio. Concerning crop parameters, the EPIC internal values should only be
changed when more accurate, site-specific measurements are available. Finally,
miscellaneous parameters are difficult to estimate. We did not have any information on
their value for the study sites, which was one of the reasons to focus the calibration
procedure on them. Parameter PRM24, which controls bioturbation depth, is probably
the most difficult to estimate among the top influential factors. Bioturbation is
characterized by a great spatial and temporal variability and its direct measurement is
almost impossible in the field, where only indirect evidences such as casts deposited by
earthworms on the soil surface can be investigated (Wilkinson et al., 2009).
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2.3.3. Calibration and validation
The 8 miscellaneous parameters included in the ranking shown in Table 2.9 were
subjected to calibration via the GLUE method: PRM 24, 64 and 66 for arable sites, and
PRM 20, 24, 25, 43, 47, 51 and 66 for grassland sites (Table 2.10). Based on preliminary
tests we set the input sample size to 10,000. The GLUE method identified 950 behavioral
parameter sets (about 12% of the input sample). The visual comparison between model
prediction confidence bounds calculated with the GLUE method and soil total P
measured at the 4 sites chosen for calibration indicated that EPIC described fairly well
the temporal variation in soil total P over the study period (Figure 2.6).

Table 2.10. Probability distribution of EPIC miscellaneous parameters that were subjected to
calibration for arable and grassland sites. Prior distribution was based on values from EPIC internal
database or proposed by Brugger et al. (2008) (Table 2.9). Posterior distribution was obtained by
applying the GLUE method to the 4 sites forming the calibration subset, i.e. sites 1, 3, 10, 13.
Unita

Prior distribution (triangular)

Posterior distribution (percentiles)

Min

Mode

Max

25

50

75

0.1

0.3

0.5

0.23

0.28

0.29

PRM64

0.0

0.1

1.0

0.23

0.54

0.80

PRM66

0.0001

0.01

0.05

0.022

0.031

0.042

0.5

1.0

1.5

0.78

1.00

1.10

0.1

0.3

0.5

0.18

0.18

0.19

0.1

0.5

0.5

0.11

0.12

0.18

1.0

4.0

20.0

4.61

15.34

17.42

0.41

0.548

0.68

0.51

0.53

0.58

PRM51

0.1

1.0

1.0

0.37

0.50

0.62

PRM66

0.0001

0.01

0.05

0.010

0.019

0.047

Parameter
Arable sites
PRM24

m

Grassland sites
PRM20
PRM24

m

PRM25
PRM43
PRM47 (·10-3)

a

d

-1

Where unit is not shown, the quantity is dimensionless.
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Considering the calibration subset only, the Willmott d index ranged from 0.62 to
0.86 confirming the fairly good impression of the visual evaluation, while NSE ranged
from -1.62 to 0.43 and was slightly negative for sites 1 and 3 (Table 2.11, column A).
PBIAS ranged from -2.19% to 1.91% indicating a low model bias. Wang et al. (2012)
suggested satisfactory calibration criteria for the EPIC nutrient loss component, i.e. NSE
DQGPBIAS According to these criteria the model calibration could not be
considered fully successful.
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Figure 2.6. Temporal variation of soil total P: measured values and model predictions for the four sites of the
calibration subset.
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Table 2.11. Model evaluation statistics for two different calibration/validation procedures. The first
procedure (A) consisted in the model calibration on a subset of sites, and its validation on a different
subset. The second procedure (B) consisted in a separate calibration for each individual site.

Site ID

A
Calibration on subset
d
NSE
PBIAS

B
Site-specific calibration
d
NSE
PBIAS

0.62
0.86

-1.62
0.12

1.91
-2.19

0.72
0.89

-0.21
0.25

-0.93
-1.46

0.77
0.76

-1.45
0.43

-1.11
-1.58

0.77
0.76

-1.22
0.54

-0.94
-1.58

0.31
0.38
0.23
0.23
0.84
0.13
0.53

-22.35
-5.65
-32.41
-30.89
0.49
-50.86
-3.86

23.94
-9.97
-14.22
-15.67
1.77
-7.15
3.83

0.95
0.40
0.57
0.65
0.96
0.17
0.54

0.86
-3.48
-4.65
-1.60
0.85
-9.30
0.11

-0.25
-7.65
-2.02
-4.49
-1.16
-2.56
0.77

0.22
0.09
0.45
0.79
0.39
0.32
0.29

-13.18
-41.32
-6.06
0.11
-4.80
-10.24
-9.42

6.28
-9.45
10.39
-3.35
-12.26
3.14
-6.04

0.98
0.06
0.87
0.99
0.69
0.63
0.68

0.94
-22.02
0.50
0.96
-0.18
-0.80
-0.43

0.04
-4.31
0.17
-0.13
-1.71
-1.12
-0.91

Calibration
subset
Arable
3
13
Grassland
1
10
Validation
subset
Arable
15
25
46
48
77
78
102
Grassland
30
33
37
49
60
69
74

d: Willmott's index of agreement. NSE: Nash-Sutcliffe Efficiency. PBIAS: percent model bias.
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Figure 2.7. Prior and posterior probability density function (pdf) of influential
parameters for (a) arable and (b) grassland sites. Prior probability distributions
were based on EPIC default values and values proposed by Brugger (2008).
Posterior distributions were obtained by conditioning prior distributions to
observations of soil total P.
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The maxima of the parameter posterior distributions were quite different from
the corresponding EPIC default values for a few parameters. The maximum of the
posterior probability distribution for the maximum bioturbation depth PRM24 was at 18
cm for the grassland sites (Table 2.10 and Figure 2.7b). This is similar to the default
EPIC value (0.15 m) and much less than the value of 0.3 m proposed by Brugger (2008).
It is also in good agreement with results of Jarvis et al. (2010), who found that
bioturbation dominated the downward displacement of 137Cs in an undisturbed
grassland soil and that a measurable fraction of it was transported down to a depth up to
20 cm within 20 years. Earthworms can ingest up to 5-10% of the mass of the topsoil per
year on grassland (Lee, 1985; Curry & Schmidt, 2007). Assuming that this material is
randomly redistributed within the same depth, this rate is comparable to the bioturbation
efficiency parameter PRM25 in EPIC. The posterior distribution we obtained for this
parameter had an absolute maximum at approximately 0.1 (Table 2.10 and Figure 2.7b),
which agrees well with a maximum ingestion rate of 10%. Thus, the calibrated
probability distribution seems to be much more realistic than the EPIC default value for
PRM25, set to 0.5.
Simulations using a value of 18 cm for PRM24 and 10% for PRM25 resulted in
an almost complete homogenization of the top 18 cm of the grassland soils within 20
years. This is consistent with results from a 17-year column study with dyed grassland
soil, which demonstrated that the average soil turnover time was 22 years for the 15-cm
thick A horizon (Humphreys and Field, 1998).
Another parameter for which the calibration gave likely estimates that were quite
different from the EPIC default values was the microbial activity function coefficient
PRM51. The median of the distribution was 0.50, while the EPIC default value is 1.
Finally, the posterior distribution for the parameter regulating the upward movement of
soluble P by evaporation (PRM43) was shifted towards higher values compared to the
prior distribution. This result may be interpreted in relation to our findings about the great
importance of P vertical displacement and its representation in EPIC. Soil mixing,
leaching and evaporation are modelled simultaneously, and under- or overestimations of
one of these processes, due to wrong model assumptions or bad data, can be compensated
by the others, rendering the parameter estimation even more difficult. The model
performance for the validation dataset was good only for sites 49 and 77. For all other
sites NSE was negative and d was quite low ranging from 0.09 to 0.53 (Table 2.11,
column A). Our explanation for the poor results of model validation was that the
influential parameters could not be input as site-specific values in EPIC; instead their
values were the same for all sites.In order to identify the reasons for the poor predictions,
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we performed site-specific calibrations, in which the model was calibrated separately for
each individual site as explained in the Material and Method section. In average the
model efficiency increased more for the grassland than for the arable sites (Table 2.11,
column B and Figure 2.8). This result was expected because of the higher influence the
parameters had for grassland sites. In fact, the contribution of the selected parameters to
the variance of model predictions was 6% for arable sites, while for grassland sites the
contribution was 58%, with PRM24 alone contributing for the 49% of the output
variance (Table 2.9). A notable exception was represented by the arable site 15, which is
located on a former peat soil; due to the peculiar soil properties of this site the strong
improvement resulting from site-specific parameter calibration did not come as a
surprise. For permanent grassland sites, the improvement resulting from site-specific
calibration appeared to be related primarily to better estimates of the bioturbation depth
(Table 2.12). The best-fit PRM24 value of 0.18 m found for the calibration subset was
appropriate only for site 49 (other than sites 1 and 10, which formed the calibration
subset). In fact, EPIC predictions were very good only for site 49 among the validation
subset (Table 2.11, column A). The value of PRM24 was too small for sites 30 and 37,
for which the site-specific calibrated values resulted in good model predictions with NSE
  7DEOH  FROXPQ %  7KH YDOXH ZDV WRR VPDOO DOVR IRU VLWH  DOWKRXJK WKH
improvement resulting from site-specific calibration was less important than for sites 30
and 37 (d = 0.63 but NSE < 0). On the contrary, PRM24 was too high for sites 60 and 74,
for which the site-specific values improved the model predictions (d DOWKRXJK
NSE remained slightly negative).
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Figure 2.8. Temporal variation of soil total P for all grassland sites: measured values, and model predictions based
on site-specific calibrated parameters.
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Table 2.12. Site-specific calibrated values (median of the posterior distribution) of the EPIC
parameter PRM24 (maximum depth of biological soil mixing) for grassland sites and for the
calibration subset, and soil horizons of the top 40 cm according to Swiss Soil classification (subtype
g: readily waterlogged, gg: frequently waterlogged, w: weathered).
Site

PRM24
m

Soil horizons

1

0.18

Ah, AB, Bg

10

0.18

Ah, ABg, Bg

30

0.21

Ah, AB, Bw

33

0.15

Ah, AB, Bgg

37

0.25

Ah, AB, Bw

49

0.18

Ah, AB, Bw

60

0.12

Ah, Abg, Bgg

69

0.23

Ah, AB, B

74

0.17

Ah, AB, Bgg

Calibration subset

0.18

Analyzing the soil profiles descriptions of the grassland sites for possible
explanations we found deep and well drained soils at sites 30, 37 and 69, whereas the
soils of the other sites were characterized by hydromorphy indicating frequent water
logging (Table 2.12). Such conditions limit the activity of soil organisms depending on
aerobic respiration. In fact, an inverse relationship could be observed between the
occurrence of water logging and bioturbation depth (Table 2.12). Given that the model
determined bioturbation depth only by fitting predicted to measured topsoil P
concentrations without information about the soil water regime, the above relationship
provides independent, although only indirect support to the validity of the site-specific
parameterization and the potential importance of bioturbation for topsoil P
concentrations in grassland soils. Site 49, which has a well drained soil but low estimated
bioturbation depth, constitutes an exception for which we could not find an explanation.
As an alternative explanation for the different site-specific values of PRM24, it is also
possible that the downward P movement, that EPIC simulated through bioturbation,
happened in reality through leaching, and that EPIC had to excessively emphasize the
bioturbation mechanism only because it was systematically underestimating P leaching.
This interpretation was suggested by the low influence of soil hydraulic parameters on
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soil P changes, found via the SA analysis, and also by the shortcomings of the EPIC P
leaching model discussed above. In fact, P leaching may have played an important role in
the well drained soils of sites 30, 37 and 69. Certainly, these very interesting relationships
between soil P dynamics, bioturbation and leaching processes, as well as their
representation in P models, deserve further investigation.
2.3.4. Conclusions
We did not find important differences between the results obtained with the two
SA methods used in this study. The Morris method can therefore be suggested as the
most convenient one for similar studies, given that it needs far less computational time
than the Sobol' method, unless precise measures of the interaction between parameters
are required. The SA results indicate that the most important factors determining topsoil
P status included, as expected, soil management and P sorption to soil particles, but
especially for the grassland sites also parameters related to soil biological activity such as
bioturbation depth and organic matter mineralization rate. These findings agree with data
from the literature which shows that soil mixing can happen at relatively high rates in
grassland soils. However, an alternative explanation is that EPIC used excessively the
bioturbation process to compensate a systematic underestimation of P leaching. The
latter hypothesis was suggested by the SA results indicating that hydraulic parameters,
contrary to our expectations, had low influence on the model predictions of soil total P,
suggesting the existence of possible shortcomings in the EPIC P leaching routine and
pointing to the opportunity of updating the EPIC P submodel.
From the monitoring and data collection points of view, some of the parameters
resulting influential on model predictions were difficult to estimate. For example, P
concentration in manure and the proportion of mineral and organic P forms therein were
among the most influential parameters as well as some the most difficult to estimate,
although for this study site-specific measurements were available. Also the P sorption
coefficient PSP resulted very influential. We could estimate PSP based on the
quantification of P pools, but normally it is calculated by EPIC using pedotransfer
functions, whose accuracy may not be satisfactory. Vadas et al. (2010) proposed an
improved pedotransfer function that yielded fairly good results also for our dataset. We
think that the development of PSP transfer functions specifically suited to
central-European agricultural soils would be of advantage for modelling the temporal
evolution of soil P stock as well as P losses to the environment. Finally, parameters
controlling bioturbation were completely unknown.
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The calibration of the model was only partially successful, with statistical
evaluation criteria giving contradictory results. Moreover, EPIC gave poor predictions
for the validation subset. For grassland sites we attributed this failure to the fact that the
most influential soil parameters, especially the depth of bioturbation, could not be input
into EPIC as site-specific parameters (because they are not included in the soil or site
input files, but in the miscellaneous parameter file). In fact, the site-specific calibration
improved the model performance for most of the grassland sites, in some cases
dramatically. The calibrated values of the parameters controlling bioturbation were more
consistent with values found in the literature than with the EPIC default values.
Moreover, site-specific estimates of bioturbation depth showed a close relationship to
independently assessed evidences of subsoil hydromorphy. Based on these findings we
suggest the development of pedo-transfer functions for these parameters, as the
availability of reliable site-specific estimates for them can greatly improve the
performance of EPIC in predicting soil P dynamics.
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Abstract
Soil monitoring networks are usually designed to detect changes in soil quality
through repeated measurements at well-defined benchmark sites. The concentrations of
certain macro-nutrient and trace elements are monitored because their accumulation may
lead to the impairment of soil or connected aquatic ecosystems. In order to detect
accumulation trends of potential concern as early as possible the Swiss Soil Monitoring
Network (NABO) since 1985 also monitors surface balances accounting for element
inputs through fertilization and outputs through crop harvest at about 50 agricultural
monitoring sites. Based on this unique data set, we compared measured topsoil
phosphorus (P) concentrations to retrospective predictions based on surface balances for
nine NABO grassland sites and found differences indicating that not all relevant fluxes
were adequately accounted for in the balances. Simulations with the process-based
agro-ecosystem model EPIC (Environmental Policy Integrated Climate) showed that P
losses (through leaching and erosion) and soil mixing due to bioturbation could explain a
large part of these discrepancies. Calibrated parameter values for bioturbation rates were
in very good agreement with values obtained in other studies for comparable grassland
sites. Particularly low bioturbation depths were predicted for sites where independent
inspection of soil profile descriptions indicated reduced rooting depth due to
water-logging, providing further support to the plausibility of the parameterization.
Based on the results of this study, we suggest that soil monitoring programs aiming at the
early detection of changes in chemical soil properties should include analyses of subsoil
samples and be complemented by process-based modeling of transport and turnover
processes.
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3.1. Introduction
Soil monitoring is the systematic assessment of parameters characterizing soil
quality and their variation over space and time with the purpose to detect impacts on the
soil system before they adversely affect soil functions. It is important to detect potentially
adverse impacts as early as possible especially when they may cause persistent or even
irreversible degradation (Arrouays et al. 2009). Soil monitoring networks are usually
designed to detect changes in soil quality through repeated measurements at well-defined
benchmark sites. Recent reviews of existing soil monitoring networks worldwide
(Winder 2003) and in Europe (Kibblewhite et al. 2008; Morvan et al. 2008) showed that
most European soil monitoring networks have conducted only one sampling campaign so
far, and, given the large variability of soils, will generally take still a rather long time
until trends threatening soil quality can be detected reliably (Oliver 1993; Mol et al.
1998; Kibblewhite et al. 2008). Sooner alerts can be obtained by monitoring not only the
state of soil, but also the ‘pressures’ causing changes. For example, input-output balances
can reveal trends of nutrient or contaminant build-up in soil before such accumulation is
detectable through repeated soil sampling (Moolenaar & Lexmond 1998; Keller et al.
2001; Nicholson et al. 2003; Öborn et al. 2003, Sheppard et al. 2009). This gives the
advantage that counter-measures can be taken at earlier stages and based on the mass flux
analysis they can be targeted on the relevant inputs.
The Swiss Soil Monitoring Network (NABO) has implemented this
complementary strategy since 1985 at about 50 agricultural sites, where simple surface
balances of some macronutrient and trace elements are monitored taking into account
inputs with fertilizers and outputs with harvest (Desaules and Studer 1993, Desaules and
Dahinden 2000, Meuli et al. 2014). After 20 years and the fifth sampling campaign, the
comparison between measured and predicted soil element concentrations suggests that
some fluxes not accounted for in these balances, such as displacement of the target
elements with leaching, erosion or bioturbation, may not have been negligible. As a first
approach to identify them, we here used the process-based agro-ecosystem model EPIC
(Environmental Policy Integrated Climate; Williams et al. 1984) to simulate soil P
turnover from 1985 to 2010 at 9 selected NABO grassland sites for which we had
additional information on depth profiles of soil P concentration profiles and their changes
with time. Apart from being itself an important element to be monitored, P is also a very
useful proxy element for monitoring trace elements in agro-ecosystems. Agricultural P
inputs are closely correlated to inputs of trace elements such as copper (Cu) and zinc (Zn)
via application of animal manure (Brock et al. 2006; Armstrong et al. 2010). Also
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agricultural P outputs via crop uptake are correlated to Cu and Zn outputs since the
concentrations of these elements in crop biomass are correlated (Wyss and Kessler,
2002). Like Cu and Zn, P also has a relatively low mobility in soil and does not form
gaseous phases under natural conditions.

3.2. Methods
3.2.1 Study sites
The NABO network was established in 1985 with the primary purpose to monitor
diffuse soil pollution in rural areas of Switzerland (Desaules and Studer 1993). Currently
it includes 105 monitoring sites, representing the main geological substrates, soil types,
land use categories and regional characteristics of Switzerland. Most of the sites are
located on arable land (34), permanent grassland (30) and forest (28). For this study we
selected nine sites under use of different intensity as grasslands (Figure 3.1). Intensity of
use was determined according to criteria proposed by Fliesch et al. (2009), i.e. number of
cuts per year, average yield and fertilization regime, taking account of altitude. Grassland
use at low altitudes (<700 m asl) is classified as extensive when the grass is harvested not
more than 3 times per year and average yields do not exceed 6.5 t/ha (dry matter).
Grassland under intensive use can be harvested up to 6 times and yield up to 13.5 t/ha
(dry matter) at low altitude in Switzerland. Above 700 m elevation, these numbers
decrease linearly with altitude. According to these criteria and using prior information on
land management, three sites (10, 37 and 49) were classified as extensively used
grasslands and the others as intensively used grasslands. Table 3.1 shows that the
selected sites represent a large variety of altitudes, slopes, and soils and climate
conditions. According to the MeteoSwiss database (Swiss Federal Office of Meteorology
and Climatology) precipitation ranged between 1051 and 1795 mm/year in the period
1981-2010 (Table 3.2).
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Figure 3.1. The location of the nine grassland monitoring sites selected for this study. In total, 105 monitoring sites of
various land use types are surveyed every 5 years in the Swiss Soil Monitoring Network.

3.2. Methods
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Soil horizons of the top 40 cm according to Swiss Soil classification (subtype g: readily waterlogged, gg: frequently waterlogged, w: weathered).
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Table 3.1. Altitude, soil type, soil horizons and physic-chemical topsoil (0-20 cm) properties of the nine grassland monitoring sites selected for this study, as
determined in the first NABO survey (1985-89). CEC: cation exchange capacity.
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3.2. Methods
Table 3.2. Mean values of variables recorded at the weather stations providing data for this study,
based on daily sums (precipitation) or daily averages of January and July (other variables) over the
period 1981-2010.
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Precip.: precipitation. T: air temperature at 2 m asl. Hum: relative air humidity at 2 m asl. Rad:
global radiation. Wind: wind speed.

3.2.2. Direct soil monitoring: repeated sampling
Soil samples have been taken every 5 years at all sites of the NABO network
since 1985. In each campaign, four composite soil samples were taken from the topsoil (0
– 20 cm depth) by bulking for each composite sample 25 cylindrical soil cores of 3 cm
diameter that were taken on a regular grid extending over an area of 10 x 10 m2. The
samples were transported in plastic bags at ambient temperature to the laboratory, oven
dried at 40 ºC, crushed and sieved through a 2 mm diameter mesh sieve. Until analysis,
the sieved samples were stored at room temperature in glass containers in the dark. The
samples were always carefully mixed immediately before subsamples were taken for
analysis. Further details of the sampling and sample preparation procedures were
described by Hämmann and & Desaules (2003) and Desaules (2012). The samples were
analyzed for general soil properties and element concentrations according to the Swiss
reference methods (ART 2010). Soil P, N, Cu and Zn concentrations used in this study
were determined for all sampling campaigns at the same time taking subsamples from
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archived samples. The quality of sampling, physical sampling preparation, chemical
extraction, analysis and sample storage was assessed in order to ensure reliable and
accurate results (Kurfürst et al. 2004). For further information about the NABO readers
are referred to Meuli et al. (2014).
3.2.3. Indirect monitoring: Surface balances
Soil surface balances account for mass fluxes entering the soil via atmospheric
deposition or agricultural application and leaving the soil via crop harvest (Oenema et al.
2003). NABO surface balances relate to the fields, pastures or otherwise uniformly
managed units of land on which the 10 x 10 m2 soil sampling areas are located. The P
balances determined here for the 9 selected NABO grassland sites for the period
1985-2010 account for inputs through animal manure, mineral fertilizer, sewage sludge
and compost, and outputs through crop harvest. Uncertainty in the balance calculations
was quantified by means of Monte Carlo analysis treating uncertain parameters as
random variables (Keller et al. 2002).
Detailed information on fertilization, soil cultivation, pest management practices,
crop rotation and yields were obtained annually directly from the farmers (Keller et al.
2005). In addition, standardized questionnaires were used to obtain further information
on farm characteristics, such as farm size, animal and crop production, and farm level
nutrient budgets. Agronomic experts checked all data provided by farmers for
plausibility by (i) comparing information on fertilizer use to application rates
recommended in Switzerland (Flisch et al. 2009), and (ii) by comparing information on
manure application to the data on livestock numbers and composition. In order to ensure
the management of the monitoring sites is not influenced by the monitoring activities,
NABO gives no instructions, prescriptions or recommendations to the farmers.
Phosphorus concentrations of animal manures were measured at 14 NABO farms
in winter and summer 2006. Sampling, homogenization and chemical analysis of the
animal manures were carried out according to Menzi and Kessler (1998). Further data
such as element concentrations of mineral fertilizers and crops were taken from other
studies conducted in Switzerland, as documented by Keller et al. (2005).
3.2.4. Soil-plant system modeling
We used EPIC Version 0509 to simulate the soil P dynamics at the study sites.
EPIC is a comprehensive, field-scale, agro-ecosystem model describing crop growth in
complex rotation schemes taking detailed account of soil hydrological processes, nutrient
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turnover, and agricultural management operations (Williams, 1995; Williams et al.,
2006). Soil P dynamics are modelled according to Jones et al. (1984). EPIC is capable of
simulating surface runoff, soil erosion, and water percolation through the soil, as well as
the associated nutrient transport processes. For more details the reader is referred to
Williams (1995). Following Brugger et al. (2008), we added a crop type representing a
mixture of grass and legumes to the model to simulate grasslands. In addition to the
datasets used for the surface balances, daily values of the main weather variables (max.
and min. air temperature, precipitation, air humidity, global radiation and wind speed)
were taken from the MeteoSwiss database using the nearest weather station for each site
(Table 3.2). A previous sensitivity analysis had shown that the parameters ‘maximum
depth of soil bioturbation’ (PRM24) and ‘annual fraction of affected soil material’
(PRM25), which quantify soil mixing due to biological activity (bioturbation) in EPIC,
had the strongest influence on simulated topsoil P concentrations in NABO grassland
soils (Della Peruta et al., 2014). Thus, these two parameters were calibrated separately
for each site, using the same GLUE-based methodology as employed by Della Peruta et
al. (2014). This GLUE (generalized likelihood uncertainty estimation) method is a
simplified Bayesian method based on Monte Carlo (MC) simulations (Beven and Binley,
1992; Ratto and Saltelli, 2001). Briefly, triangular probability distribution functions
(PDFs) were assigned to each parameter, based on range and default values given in the
EPIC documentation. Then, N parameter sets (N = 5,000) were drawn from the
respective PDFs using a random sampling strategy. The model was run N times to obtain
N realizations. A likelihood value was assigned to each parameter set generated via the
MC method, quantifying the probability of being a good simulator based on the
comparison between observations and predictions. Observations from the first survey
(1985-89) were used to set the initial conditions, thus leaving 4 sampling time points
available for performing the calibration. The other model parameters were determined
either directly from measurements, inferred by analogy from other sites or by using
site-independent values calibrated on a large set of NABO sites. For further details on the
estimation of the parameters and the methods used readers are referred to Della Peruta et
al. (2014).
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3.3. Results and discussion
3.3.1. Direct soil monitoring and land management
The topsoils of all study sites were rich in P and N (Table 3.3). Total P
concentrations ranged from 0.9 to 2.1 mg P kg-1 (average 1.3 mg P kg-1) in the samples
taken from the fifth NABO sampling campaign, and total N concentrations from 3.1 to
6.4 g N kg-1 (average 4.5 g N kg-1). The N and P status of the study soils is within the
range reported by Frossard et al. (2003) for Swiss grassland soils. This variability can be
attributed to different pedological and climatic conditions as well as to large variations in
fertilization schemes among farms. Interestingly, there was rather little variability
between the two groups of intensive and extensive use than within each of these two
groups (Table 3.3). A major reason could be that also now extensively used grassland
was often intensively fertilized before the 1980s.
Also the changes in total topsoil P and N concentrations over time were
remarkable (Table 3.3 and Figure 3.2), showing contrasting patterns for the extensive and
intensive grassland sites. While decreasing trends were detected for the extensive sites
10, 37 and 49 with an average decline of – 123 mg P kg-1 and – 0.14 g N kg-1, total P and
total N concentrations of the intensive grassland sites (excluding site 30) increased by
+121 mg P kg-1 and +0.58 g N kg-1 on average between 1985 and 2010. One exception to
this pattern was found for the intensive grassland site 30, where total P concentrations
decreased and total N remained at the same level. In terms of nutrient stocks per unit area,
these temporal changes correspond to – 221 kg P ha-1 and – 255 kg N ha-1 for the
extensive grassland soils and +218 kg P ha-1 and +1042 kg N ha-1 for the intensive ones.
The annual built up of P in the topsoil of the intensive grassland sites (+ 10.9 kg P ha-1)
was in the order of about one fourth of the P fertilization rate recommended by Swiss P
fertilization guidelines (Flisch et al. 2009). These trends can be related to the
characteristics in farm management schemes, which varied substantially between sites
(Table 3.4). Livestock density for example, ranged from 0.2 to 2.8 livestock units per
hectare.
Feed additives containing trace metals such as copper (Cu) and zinc (Zn) were
used at husbandry farms. In particular, feed additives for pig husbandry led to relative
high concentrations of Cu and Zn in pig manure (Table 3.4). Thus, Cu and Zn inputs via
manure were closely related to P inputs. This finding is in agreement with results by
Menzi et al. (1998). Topsoil Cu and Zn concentrations increased by 2.1 mg kg-1 and 9.9
mg kg-1 respectively on the intensively used grassland sites from 1985 to 2010 (Figure
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3.2), corresponding to an accumulation of 3.7 kg Cu ha-1 and 17.8 kg Zn ha-1. On Site 60,
where large amounts of mixed manure had been applied, Zn increased by 20.9 mg kg-1 in
the topsoil, i.e. at an accumulation rate of 1.05 mg Zn kg-1 yr-1. In contrast, no substantial
changes were found in topsoil Cu and Zn on the extensively used grassland sites, except
for a decrease by 4.0 mg kg-1 in topsoil Cu concentration on Site 37.

Table 3.3. Total P and N concentration in topsoil measured on samples from the first (1985-89) and
fifth (2005-2009) surveys.
Extensive use
Site ID

10

37

49

Avg

St dev

Survey 1

1282

1296

1496

1358

120

Survey 5

1183

1121

1402

1235

148

Change

-99

-175

-94

-123

45

Survey 1

4.94

3.39

6.27

4.87

1.44

Survey 5

4.65

3.13

6.40

4.73

1.64

Change

-0.29

-0.26

0.13

-0.14

0.23

Total P (mg kg-1)

Total N (g kg-1)

Intensive use
Site ID

1

30

33

60

69

74

Avg

St dev

Survey 1

1161

1829

1150

779

935

1966

1303

484

Survey 5

1292

1695

1328

902

963

2113

1382

458

Change

131

-134

178

123

28

147

79

116

Survey 1

3.67

3.21

4.73

3.19

3.65

4.62

3.85

0.68

Survey 5

4.43

3.13

5.05

3.91

3.89

5.46

4.31

0.85

Change

0.76

-0.08

0.32

0.72

0.24

0.84

0.47

0.36

Total P (mg kg-1)

Total N (g kg-1)
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cattle, pig

Livestock types

cow

dairy

10
Gais
husbandry
pig, cow,
cattle

30
Ebikon

pig, cattle

husbandry

33
Mollis

cattle

mixed

37
Ependes

60
Entlebuch

husbandry
pig, cattle,
cattle, sheep
cow

mixed

49
Untersch.

cow, pig

dairy

69
Attalens

cattle, pig

husbandry

74
Mörschwil

Livestock
LU ha-1
1.5
0.9
2.8
2.3
1.0
0.2
2.2
1.0
2.7
densitya
Farm size
ha
107
14
27
18
53
12
17
93
13
Pastures and
ha
57
14
24
18
39
12
15
79
13
meadows
intensive
intensive
intensive
extensive
extensive
intensive
intensive
extensive
intensive
Land
5-6 cuts/yr
4 cuts/yr
4 cuts/yr
4-5 cuts/yr 4-5 cuts/yr 3 cuts/yr
5-6 cuts/yr 1-2 cuts/yr 5 cuts/yr
management
grazing
grazing
grazing
grazing
grazing
grazing
grazing
grazing
grazing
monitoring site
b
-1
Yield
Mg ha
12.5
4.6
10.0
7.4
10.0
6.0
8.5
7.5
11.0
Change of farm
no
yes
no
yes
yes
no
no
yes
yes
ownerc
Manure type 1 d
cattle
solid e
cattle
mixed
mixed e
solid e
mixed
cattle
mixed
-1
51
197
42
51
33
197
30
77
61
- Dry matter
g DM kg FW
-1
8.1
5.5
10.1
6.7
9.8
5.5
10.5
6.2
9.8
-P
mg P kg DM
-1
39/139
23/99
44/453
27/124
58/338
23/99
136/457
23/89
53/303
- Cu / Zn
mg kg DM
d
e
e
pig
cattle
pig
solid
cattle
pig
pig
Manure type 2
-1
59
57
34
173
57
80
44
- Dry matter
g DM kg FW
-1
14.8
7.1
18.6
6.1
7.1
22.7
13.1
-P
mg P kg DM
-1
58/443
31/196
117/3403
22/85
31/196
120/849
99/729
- Cu / Zn
mg kg DM
a
-1
-1
-1
-1
Livestock units per hectare. Maximum livestock density is restricted to 3 LU ha (low: < 1 LU ha ; medium: >1-2 LU ha ; large: >2-3 LU ha )
b
Dry matter considering grazing and cuts according to Swiss agricultural reference values (Flisch et al. 2009)
c
Change of the owner or tenant between 1985-2010 and thus, likely changes in management practice
d
Predominant type of manure applied on the monitoring sites. Mean values of samples taken in winter and summer 2006 (mixed: cattle and pig manure; solid: solid
cattle farm yard manure). e Manure applied on these sites was not sampled. Numbers indicate average values for 14 farms investigated in winter and summer 2006.

husbandry

Farm type

82

1
Tänikon

Table 3.4. Farm and land management characteristics of the nine grassland monitoring sites selected for this study. DM: dry matter; FW: fresh weight.
Site ID number and location
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Figure 3.2. Measured temporal changes of total phosphorus (P), nitrogen (N), copper
(Cu) and zinc (Zn) concentration in the topsoil (0-20 cm) of the selected grassland
monitoring sites, with respect to the first survey (S1). Surveys (S1-S5) were done every 5
years starting in 1985-89. Labels at the right end of each curve represent site ID numbers.
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3.3.2. Indirect monitoring: surface balance and EPIC simulations
The calculated annual soil surface balances of agricultural P inputs and outputs
show a great variability, both in space (between sites) and in time (within sites), with
average P surplus ranging from -9 kg P ha-1 yr-1 on the extensive grassland site 10, to 36
kg P ha-1 yr-1 on the intensive grassland site 74 (Figure 3.3). Over all sites and years, the P
surplus averaged 16 kg P ha-1 yr-1. Spiess (2011), who calculated national nutrient
balances for Swiss agro-ecosystems, reported an average P surplus of 5.5 kg P ha-1 for
2008. In the past, the national P surplus had been much larger (25 kg P ha-1 in 1975; 10 kg
P ha-1 in 1995). This decline in P surplus on the national level can be mainly attributed to
reductions in mineral fertilizer applications to grasslands. The P surface balances for the
NABO grassland sites do not show such a clear decline. Except for Site 10, the calculated
P balances indicate an agricultural net P input into the study soils over the past 20 years.
Comparing the changes in measured topsoil P concentrations to predictions
based on the surface balances with the assumption of negligible net transfer of P between
topsoil and subsoil, we can distinguish three cases (Figure 3.4): (i) The predictions were
substantially lower than the measurements over the entire monitoring period (Sites 1, 10,
60). This case indicates an inconsistency in the data, because there were no other
important P sources than those considered in the balances that could explain the
difference and because potential errors in the prediction of P output with the export of
biomass had only a negligible influence on the predictions. It is more likely that the
discrepancies were due to errors in the manure application records provided by the
farmers for these sites. In fact, manure was spread through a flexible pipe system and not
with a tractor trailer with defined volume on Sites 1 and 60. Hence, the farmer might have
underestimated the amounts of manure applied. (ii) The predictions were higher than the
measurements and the difference continued to increase with time (Sites 30, 37, 49). If not
due to errors as in the first case, this case implies that some P had been displaced from the
topsoil into deeper layers, in contrast to the assumption, or lost through surface runoff,
erosion or interflow. (iii) The predictions were lower than the measurements at the
beginning, but then exceeded them towards the end of the study period (Sites 33, 69, 74).
In these cases, we presume that the change in farm owner or tenant that occurred on the
respective three farms in the 1990s (see Table 3.4) led to changes in agricultural
management with a strong reduction in fertilizer or manure application. Also, manure P
concentrations may have been substantially higher than at the beginning of the
monitoring period than at the end. This finding suggests that element concentrations in
manure should be measured at the farms regularly.

84

3.3. Results and discussion

150

150
Site 1

Site 10

100

100

50

50

0

0

-50

1989

1994

1999

2004

2009

150

-50

Phosphorus inputs and outputs / kg ha-1

100

50

50

0

0

1989

1994

1999

2004

2009

150

-50

2004

2009

1986

1991

1996

2001

2006

1994

1999

2004

2009

1993

1998

2003

2008

150
Site 37

Site 49

100

100

50

50

0

0

1989

1994

1999

2004

2009

-50

1989

150

150
Site 60

Site 69

100

100

50

50

0

0

-50

1999

Site 33

100

-50

1994

150
Site 30

-50

1989

1988

1993

1998

2003

2008

-50

1988

150
Site 74
100

Fertilization

50

Harvest
Balance

0
-50

1988

1993

1998

2003

2008

Year

Figure 3.3. Annual surface balances of agricultural P inputs and outputs on the studied
grassland monitoring sites.
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Figure 3.4. Measured and predicted concentrations of total P in topsoil at the study sites.
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In contrast to the predictions based on the surface balances, site-calibrated EPIC
predictions were in good agreement with the measured P values for all sites of case (ii).
Whenever the surface balances underpredicted measured topsoil P concentrations, be it
for some time or for the entire observation period, this was also the case for the EPIC
predictions. In all cases, EPIC predictions never exceeded predictions based on surface
balances (Figure 3.4). In most cases, EPIC predictions were lower than surface balance
predictions, suggesting that the surface balances missed some important pathways of P
loss from the topsoils, irrespective of potential problems with the validity of the available
data on P inputs. As the EPIC simulations depended on the same input data, they could
not outperform the surface balance predictions as long as the latter underpredicted the
measured values, because there is no process that could have provided a substantial P
source in addition to those already accounted for in the surface balances. On the other
hand there are various processes that can cause major P losses in addition to P export with
crop harvests, which allowed EPIC to outperform predictions based on surface balances
when the latter exceeded the measurement. The results support the view that the neglect
of soil processes such as leaching, erosion and bioturbation is the main reason for the
overpredictions of topsoil P concentrations by the surface balance method. This
interpretation contrasts with the general assumption that P is almost immobile in soil.

Table 3.5. EPIC prediction of annual P losses (averages 1985-2010).
Site

1

10

30

33

37

49

60

69

74

- erosion

0.0

1.4

7.4

0.0

22.0

2.0

0.5

0.5

0.0

- runoff

0.0

0.3

2.4

0.2

2.8

0.0

0.4

0.3

0.7

- leaching

0.0

4.7

9.2

2.6

2.5

22.3

6.6

9.3

4.3

P loss (kg/ha yr)

Table 3.5 reveals a large variability in the contributions of various processes to P
losses from the topsoils among the study sites. Losses via runoff and erosion were
approximately proportional to slope, being substantial only for sites with slope greater
than 10%. Substantial P displacement via leaching was predicted for several sites, in
particular for those characterized by absence of soil water logging (Table 3.1). For
example, Site 30 is located on a well-drained soil, characterized by sandy loam texture,
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which can explain the substantial P loss through leaching predicted by EPIC, averaging
9.2 kg ha-1 yr-1. On site 49 predicted P losses via leaching were even larger than at Site
30, averaging 22.3 kg ha-1 yr-1. A possible explanation is that mean annual precipitation
was much larger at this site (1799 mm) than at Site 30 (1210 mm), whereas predicted
evapotranspiration was lower (642 vs. 714 mm, respectively). Moreover, the slope (12%)
of Site 49 is less than that of Site 30, favoring infiltration relative to surface water runoff.
In agreement with expectation, predicted P losses via leaching were substantially lower
for sites where water logging was observed in the soil profile (as denoted by the suffix
"g" in the name of the soil horizons, Table 3.1) than from sites with no water-logging.
The rather steep slope (20%) of Site 30 also explains why there was also substantial P
losses with surface runoff and erosion, averaging 2.4 and 7.4 kg ha-1 yr-1, respectively.
Interestingly, the large contributions of erosion to P losses were predicted for two years
only (2002 and 2005, data not shown), probably due to particularly erosive rainfall events
and little soil cover (i.e. shortly after harvest) in these two years.
Given that the bioturbation EPIC parameters PRM24 and PRM25 were
calibrated for each site separately, their values differed from site to site. PRM25, which
determines the rate of soil mixing by bioturbation, varied between 0.07 and 0.20 (Table
3.6), which means that 7-20% of the topsoil is turned over per year. This range of values
is consistent with values reported in the literature. Bioturbation of soil is largely caused
by earthworm activity in temperate humid regions, and it is particularly intensive on
grassland sites (Wilkinson et al., 2009). Soil ingestion by earthworms can affect 5-10%
of the topsoil mass per year under grass vegetation (Lee, 1985; Curry & Schmidt, 2007).
Evans (1948) estimated that 4.8 - 8.7% of the uppermost 10 cm of soil are passing
through the alimentary tract of earthworms annually on three English grassland sites.
Graff and Makeschin (1979) even found that earthworms annually turned over 25% of
the uppermost 10 cm of a grassland soil in Germany.

Table 3.6. Site-calibrated values (medians of the posterior distributions) of the EPIC bioturbation
parameters. PRM24 (maximum depth of biological soil mixing) and PRM25 (biological soil mixing
efficiency).
Site

1

10

30

33

37

49

60

69

74

Mean

PRM24 /m

0.17

0.16

0.21

0.15

0.25

0.18

0.12

0.21

0.17

0.18

PRM25 /n.d.

0.2

0.07

0.16

0.2

0.09

0.18

0.12

0.2

0.11

0.15
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The values obtained for PRM24, which determines bioturbation depth, ranged
from 12 to 25 cm (Table 3.6). They are in very good agreement with the literature. For
example, Jarvis et al. (2010) found that bioturbation dominated the downward
displacement of 137Cs in an undisturbed grassland soil, reaching a depth of 20 cm in 20
years. In another study, Tyler et al. (2001) observed that 137Cs was displaced from the
surface down to a depth 25 cm depth within a few decades in biologically active profiles,
and in a 17-year study of a column with dyed soil, the 15-cm thick A horizon was
completely homogenized after 22 years (Humphreys and Field, 1998).
The large variation in calibrated PRM24 values showed a close relationship to
soil hydromorphy. Values clearly below average (not higher than 0.17 m) were obtained
for Sites 1, 10, 33, 60, and 74 (Table 3.6), where gray, greenish or bluish soil colors with
low chroma in the subsoil indicated frequently anaerobic conditions due to
water-saturation in the lower parts of the profiles. This is denoted by appending the suffix
g or gg to the symbol of the affected horizons according to Swiss soil taxonomy (Table
3.1). In contrast, the values of PRM24 were above 0.17 m for all sites with well-drained
soils (30, 37, 69). A reduced depth of bioturbation in soils that are subject to frequent
water logging is plausible considering that also earthworms require oxygen to be active,
although they may survive for much longer than other soil fauna in stagnant water by
drastically reducing their oxygen demand in resting state. Given that we did not make any
use of the indication of water-logging by hydromorphic features in the soil profiles in the
calibration of EPIC, but determined the depth of biological soil mixing only by fitting
simulated to measured topsoil P concentrations, the coincidence of these features with
low values of predicted bioturbation depth was an unexpected finding supporting the
plausibility of these estimates.
3.3.3. Plausibility of bioturbation for soil monitoring
In order to further check the plausibility of bioturbation as an important process
of vertical P movement in grassland soils, we compared the bioturbation model
employed by EPIC to the model proposed by Müller-Lemans and van Dorp (1996), who
studied the role of bioturbation for radionuclide transport in Swiss soils. In EPIC,
bioturbation is modeled similarly to soil mixing by tillage. Every year, a fraction of soil
material given by PRM25 is taken from each soil layer above the maximum bioturbation
depth (PRM24), uniformly mixed with all others of these fractions, then evenly
redistributed over the mixing depth and mixed layer by layer into the remaining soil
(Figure 3.5, right-hand side). In the model of Müller-Lemans and van Dorp (1996)
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mixing occurs among adjacent layers at rates that are related to earthworm biomass
(Figure 3.5, left-hand side). We applied the two models to a virtual soil profile composed
of three layers (Ah: 0-12 cm, AB: 10-24 cm, and B: 24-40 cm) with all pertinent
parameters set to average values of the nine grassland sites analyzed in this study. In
particular, the initial P concentrations were set to 1800, 1250 and 750 mg P kg-1 soil for
the three layers Ah, AB and B, respectively. Earthworm biomass was taken from Stähli et
al. (1997), who investigated earthworm biomass of various species in grassland soils of
the Swiss Midlands. The resulting P transfer rates according to the Müller-Lemans & van
Dorp (M&D) model were 10 kg m-2 yr-1 between Ah and AB and 3 kg m-2 yr-1 between
AB and B. EPIC simulations were carried out for two different bioturbation depths (0.15
and 0.25 m), reflecting the occurrence or absence of water-logging in the subsoil,
respectively. The mixing efficiency was set to 0.1. The simulations were run for a period
of 25 years, assuming an annual P surplus of 20 kg ha-1 yr-1, which is a typical situation
for an intensive grassland site managed by a husbandry farm. Figure 3.6 shows that the
two models predicted almost identical developments in soil P concentrations for the
topsoil layer (Ah), when the bioturbation depth was set to 0.25 m in EPIC, while the
trends diverged for the topsoil when the bioturbation depth was set to 0.15 m. In both
cases, the M&D model predicted even more mixing between the lower two layers than
EPIC, resulting in more P displacement into the subsoil (layer B). Given that the M&D
model has been tested against field data, this suggests that P transfer into grassland
subsoil via bioturbation may even have been underpredicted, rather than overpredicted in
our NABO soil simulations above and thus can indeed be substantial, at least on
well-drained sites, explaining our overpredictions of topsoil P concentrations based on
surface balances.
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Figure 3.5. Schematic representation of the concepts used to model biological soil mixing (bioturbation) in non-ploughed sites by
Müller-Lemans and DRUS   OHIW  DQGE\ (3,& ULJKW  9DOXHV RI VRLOKRUL]RQ GHSWKV DQG VRLO PL[LQJ UDWHV Į1-2 DQG Į 2-3
represent averages for the nine study sites. The equations of both bioturbation models involve soil P concentrations ci, bulk density
bdi and fine earth (< 2 mm) mass fractions mi of the respective soil horizons.
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Figure 3.6a. Simulations showing the influence of bioturbation on the P concentrations of the upper three
horizons Ah, AB and B of a grassland soil that represents an average of the nine study sites. The simulations
were done using the bioturbation sub-model of EPIC (white symbols) and the model of Müller-Lemans and
Dorp (1996) (M&D, filled symbols). A P surplus of 20 kg P/ha was added annually to the Ah horizon. EPIC
parameter PRM24 (bioturbation depth) was set to 0.15 m.
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Figure 3.6b. Same as Figure 3.6a, but with PRM24 (maximum depth of biological soil mixing) set to 0.25 m.
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3.4. Conclusions
Our study shows how a biophysical model can complement simple surface
balances to obtain realistic predictions of long-term changes in topsoil nutrient and
contaminant concentrations and help identify relevant losses commonly not accounted
for in such balances. The results in particular indicate that soil mixing by bioturbation
can be an important transport process in grassland soils in addition to erosion, surface
runoff, and leaching, depending on soil properties, hydrology, topography, and climate
conditions. Apart from further validation of bioturbation models, future research should
also focus on the development of methods and tools, such as pedotransfer functions, for
the estimation of the parameters controlling bioturbation.
Starting with the sixth sampling campaign (2010-2014), NABO monitoring sites
are now sampled down to a depth of 1 m to account for redistribution of target elements
in depth by mixing processes such as bioturbation and ploughing.
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Abstract
Numerical simulation models can be useful tools for predicting long-term
impacts of agricultural soil management on the dynamics of soil P pools and associated P
fluxes from soils into waters. EPIC is a model found to be particularly well suited to
assess such impacts and thereby to help optimize soil P management. Correct estimates
of the initial concentration of soil labile P and of the P sorption parameter (PSP),
however, are crucial for ensuring the reliability of simulation results using EPIC. If not
specified directly by the user, labile P and PSP are determined in EPIC from other soil
properties through pedotransfer functions (PTF) originally developed for North
American conditions. The goal of this study was to derive and test improved PTF for
Central European soils, in particular for Switzerland. Based on sorption/desorption
experiments with Swiss agricultural soils, a new PSP-PTF was derived for moderately
weathered soils. In addition, two other new PTF were derived for site-specific
initialization of labile and stable mineral soil P pool sizes. Together, the new PTF
substantially improved the accuracy of long-term EPIC predictions of soil P dynamics in
a Swiss benchmark pasture soil as compared to predictions based on the respective
default equations of EPIC.
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4.1. Introduction
Proper soil nutrient management is essential to make the most efficient and
sustainable use of limited fertilizer resources in agricultural production, while
minimizing negative impacts on the environment. In particular the loss of phosphate
from agricultural land by runoff, erosion and leaching continues to be a major
environmental problem as this export leads to contamination and eutrophication of water
bodies (Lin et al., 2009). At the same time, wasting phosphate fertilizers should be
avoided as global phosphate rock reserves are a very limited natural resource of this
essential nutrient (Filippelli, 2008; Cordell et al., 2009). To support an efficient,
sustainable and risk-minimizing P management of agricultural soils, various numerical
simulation models have been developed, but only a few of them were designed to
simulate long-term impacts of agricultural soil management on the dynamics of soil P
pools and associated P fluxes from soils into waters (Jones et al, 1984; Bhogal et al.,
1996; Karpinets et al., 2004). Among these, the mechanistic, field-scale
agro-environmental model EPIC (Environmental Policy Integrated Climate) has found
particularly wide application, as it allows taking detailed account of a large variety of
agricultural management practices and cropping systems. It was originally been designed
to quantify soil erosion and its effects on soil productivity (Williams et al., 1984), but has
developed over the years into a comprehensive agro-ecosystem model (Williams, 1995;
Williams et al., 2006, 2008a).
The P part of EPIC is based on the P model of Jones et al. (1984). Crucial for the
quality of the simulations using this model are in particular correct estimates of the initial
concentration of mineral labile soil P and of the P sorption parameter PSP, as their values
determine the initialization of the other two mineral P pools in the simulated soil (the
active and stable mineral P pools) and thereby can have a great influence on long-term
predictions of soil P pools and fluxes (Della Peruta et al., 2014). If not specified by the
user, PSP is estimated in EPIC from other soil properties through pedotransfer functions
(PTFs) originally developed by Sharpley et al. (1984). These PTFs were determined
using soil samples from the continental U.S. and Puerto Rico, and their validity has not
been tested in other regions. The same samples were also used by Sharpley et al. (1984)
to establish relationships through which the initial size of the labile mineral P pool can be
determined by means of various soil P extractions. These relationships are not helpful in
countries where the extraction methods on which they are based are not standard, as for
example in Switzerland. Also the initialization of the stable mineral P pool may cause
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problems, as it is arbitrarily set in EPIC to a multiple of the active pool, independently of
soil characteristics.
In this study, we used results of sorption/desorption experiments and P
extractions from a variety of Swiss agricultural soils to derive PTFs that are better suited
than the equations used by default in EPIC to estimate PSP as well as initial labile and
stable soil P pools in moderately weathered soils of Central Europe for simulations of soil
P dynamics and compared EPIC simulations of long-term soil P dynamics using the new
PTFs to determine PSP and initial labile and stable P values with simulations using
measured values and default EPIC estimates of these parameters for a benchmark pasture
soil of Switzerland.

4.2. Materials and Methods
4.2.1. The P model
The soil P model of Jones et al. (1984) distinguishes five soil P pools: three
mineral and two organic soil P pools. In this study we focus on the three mineral pools:
labile, active and stable mineral P. The pools are simulated separately for each soil layer;
for simplicity, the following description refers to one layer only. The amount of P in each
pool is related to surface area and given in kg ha-1. The size of the pools is updated in
daily simulation steps, and all inputs, outputs and fluxes of P between soil pools are thus
given in kg ha-1 day-1. Labile mineral P (Plab) is inorganic P dissolved in the soil solution
or weakly adsorbed to the soil matrix. This pool is the recipient of mineral fertilizer P and
represents the P that is immediately available to plants. If not input by the user, initial Plab
concentration in topsoil is set to 20 mg/kg in EPIC. Active P (Pact) is a hypothetical pool
representing P that is moderately easy to desorb. At equilibrium Pact is related to Plab
through a constant ratio between Plab and the sum of Plab and Pact given by the P sorption
parameter PSP:
PSP = Plab,eq /(Plab,eq + Pact,eq)

(1)

When inorganic P is applied to the soil via fertilization or produced by
mineralization of organic matter it is added to Plab, disrupting the equilibrium with Pact.
Similarly, the equilibrium is disrupted also when P is removed from Plab by root uptake,
leaching or immobilization in organic matter, or when Pact is changed by transfer of P
between the active and the stabile P pool. In all these cases, a flux Plab-act between the two
pools is induced to restore the equilibrium, which is calculated in EPIC as:
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Plab-act = r (Plab – Pact (PSP / (1 – PSP)))

(2)

where the sign determines the direction of flow, being positive for flow from the
labile to the active pool and negative for the opposite direciton. Jones et al. (1984) set the
rate coefficient r of this flux to 0.1 day-1, while in EPIC it is set to 1 for flow from Plab to
Pact and to 0.1 only for flow from Pact to Plab, assuming that sorption is ten times faster
than desorption.
Stable mineral P (Pst) represents all strongly sorbed mineral soil P. EPIC assumes
that it is 4 times as large as the active mineral P pool at equilibrium:
Pst,eq = 4 Pact,eq

(3)

If the equilibrium is disturbed by changes in the active pool, P is exchanged
between the active and the stable pool at a rate Pact-st , which is calculated in an analogous
way as the flow between labile and active P pools as:
Pact-st = b (4 Pact – Pst)

(4)

The rate coefficient b equals 0.00076 day-1 in EPIC if P is transferred from the
active to the stabile pool in calcareous soils, but is a function of PSP for other soils given
by the following equation:
b = e-1.77 PSP – 7.05

(5)

Again, desorption is assumed to be ten times slower than sorption in EPIC; so the
values obtained from Equation 5 are multiplied by 0.1 in the case of Pact-st < 0.
Since only Plab contributes to P loss by surface runoff and leaching, while also
Pact and Pst contribute to P loss via soil erosion, correct partitioning of P between these P
pools is essential in predicting P losses. Thus, PSP is a key parameter for modelling soil P
dynamics with EPIC. As the estimation of PSP using PTF depends on the initial value of
Plab for two of the four soil categories, also the estimation of the latter can be critical for
the quality of soil P modelling with EPIC as well as other models using the same
approach.
4.2.2. Determination of Plab and PSP
To provide an operational definition of Plab, Jones et al. (1984) proposed to
determine it as P extractable by anion exchange resin within 16 hours. Sharpley et al.
(1984) proposed regression equations to estimate Plab from soil P extractable with the
Bray (NH4F + HCl), Olsen (NaHCO3) or double acid (HCl + H2SO4) methods.
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Sharpley et al. (1984) measured PSP by adding various amounts of P to soil
subsamples and measuring the labile pool (by anion exchange resin extraction) after six
months incubation, during which the samples were subjected to drying and rewetting
cycles. PSP was then calculated according to Equation 1 as the slope of a linear
regression between labile P and added P, assuming that the latter partitioned only
between the labile and the active pool during the time of incubation. As this method is
laborious and time-consuming, Sharpley et al. (1984) proposed to use pedotransfer
functions to determine PSP from Plab and soil variables that are routinely used for soil
characterization in model applications and derived the following PTFs, dependent on the
degree of soil weathering:
PSP = – 0.0061 CA + 0.58

Calcareous
soils

(6)

PSP = + 0.0043 BS + 0.0034 Plab + 0.11 pH – 0.70

Slightly
weathered
soils

(7)

PSP = – 0.047 ln(CL) + 0.0045 Plab - 0.053 Corg + 0.39

Highly
weathered
soils

(8)

where CA is calcium carbonate content, BS is base saturation, and CL is clay
content, all in % of mass. While the PTF for calcareus soils was implemented into EPIC
without change, the other two were simplified and a fourth PTF was added for
moderately weathered soils:
PSP = + 0.014 Plab + 0.02

Slightly weathered soils

(9)

PSP = + 0.0054 BS + 0.116 pH – 0.73

Moderately weath. soils

(10)

PSP = – 0.0916 ln(CL) + 0.46

Highly weathered soils

(11)

Based on a regression analysis of data from 35 different studies, Vadas and White
(2010) proposed a slightly different PTF for highly weathered soils:
PSP = – 0.053 ln(CL) + 0.001 Plab - 0.029 Corg + 0.42
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4.2.3. Study sites and measurements
The experimental data for this study were obtained from three different datasets,
representing a total of 300 agricultural sites across Switzerland (Figure 4.1). For
determining PTFs for soil labile P and PSP we used data of a regional survey around
Lake Sempach in Central Switzerland (Sempach). For determining a PTF for soil stable P
we used data of the soil monitoring network of the Canton Fribourg (FRIBO), and for
testing the new PTFs in EPIC simulations we used data of the Swiss National Soil
Monitoring Network (NABO) (Table 4.1).
The Sempach dataset was obtained from a survey performed in 2002 in the
Lippenrütibach catchment. The area is under intensive agricultural use. Pasture and
arable soils receive large amounts of animal manure. The export of surplus P from these
soils via erosion, surface runoff and tile drains has led to severe eutrophication of Lake
Sempach (Lazzarotto et al. 2005). The aim of the regional soil survey was to investigate
the P status of the soils and to study the P desorption kinetics of the soils draining into
Lake Sempach. The Sempach catchment has a size of about 334 ha, whereof 255 ha was
agricultural land in 2003. Most of this is used as permanent grassland (78%). Arable land
accounts for only 9% of the area. Predominant farm types are mixed dairy farms (dairy
cow, cattle, fattening calf) combining milk production and pig breeding.
The other two datasets were obtained from soil monitoring networks whose
objective is to assess soil quality in the long term (decades) and to evaluate appropriate
large-scale soil protection measures and policies. Currently, FRIBO monitors 250
observation sites all over the canton of Fribourg (Julien and Morand, 1995; Frossard et
al., 2003; Rossier et al., 2007; Rossier et al., 2012), while NABO monitors 105
observation sites across the whole of Switzerland (Desaules and Studer, 1993; Desaules
and Dahinden, 2000; Meuli et al., 2014), representing diverse geology, soil types, land
use and climate conditions (Table 4.1).
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Figure 4.1. Locations of the selected sites of the National soil monitoring network (NABO), the Soil monitoring
network of Canton Fribourg (FRIBO), and the regional soil survey in the Sempach area.
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2002

1 bulked soil sample, from 25 4 bulked soil samples, each from 4 bulked soil samples, each from
single cores out of 5 x 5 m2
25 single cores out of 10 x 10 m2 25 single cores out of 10 x 10 m2
0 -5 cm, 5 -20 cm
505 – 820 m a.s.l.
9.6 °C
1100 - 1200 mm

Years of soil sampling a

Sampling method

Sampling depth a

Altitude a

Annual mean temperature a

Annual mean precipitation a

Only of the sites / dataset used in this study

permament grassland

Type of land use

a

32

891 – 1075 mm

3.0 - 9.4°C

400 – 1800 m a.s.l.

0 – 20 cm

1992 – 1996

arable (126)
permanent grassland (77)
alpine grassland (47)

250

1179 mm

8.8 ºC

635 m a.s.l.

0 – 20 cm

1989, 1994, 1999, 2004, 2009

permanent grassland

1

105

Number of sites used in this study

250

112

Desaules and Studer (1993)
Desaules and Dahinden (2000)
Meuli et al. (2014)

Number of sites (total)

Julien and Morand (1995)
Rossier et al. (2007, 2012)

Keller and van der Zee (2004)
Lazzarotto et al. (2005)

Swiss National Soil Monitoring
Network

Cantonal Soil Monitoring
Network Fribourg

Regional soil survey

References

NABO

FRIBO

Sempach

Table 4.1. Main characteristics of the soil sampling campaigns and the selected datasets used in this study.
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permanent
grassland

32

Sampling depth

Land use

Number of sites

199.8 (39.2-434)

1568 (814-2095)

n.a.

82.3 (33.6-141)

24.6 (10.0-34.5)

mg kg-1

mg kg-1

mg kg-1

mg kg-1

mg kg-1

P-EDTA

P tot

P min

P iron strip

P oxalate

15.2 (13.3-21.5)

n.a.

855 (601-1678)

2945 (1981-5983)

%

%

mMol/100g

%

mg kg-1

mg kg-1

Clay

Organic C

CEC

Base saturation

Al oxides

Fe oxides

n.a. = not analyzed.

6.2 (5.6-7.7)

pH-H2O

n.a.

8.7 (3.2-17.9)

5.8 (4.9-7.2)

pH-CaCl2

Other soil properties

9.0 (0.9-18.5)

mg kg-1

P-CO2

Soil P extractability

permanent
grassland

0 – 5 cm

108
2660 (1098-6417)

843 (571-1672)

n.a.

n.a.

5.0 (2.3-10.0)

14.7 (11.4-19.6)

6.2 (5.5-8.2)

5.5 (4.8-7.6)

17.1 (8.0-27.9)

40.1 (15.7-114)

n.a.

1210 (266.2-2216)

107.9 (18.7-302)

2.2 (0.4-9.6)

32

5 – 20 cm

Sempach

n.a.

n.a.

55.7 (15 – 97)

13.7 (7.1 – 133)

1.5 (0.6 – 3.1)

18.4 (8.7 – 59)

6.4 (2.5 – 8.0)

n.a.

n.a.

n.a.

392 (32.3-1107)

911 (425-1990)

66.1 (7.6 – 348)

1.7 (0.2 – 12.7)

126

arable

0 – 20 cm

FRIBO

n.a.

n.a.

52.7 (24 – 100)

20.0 (10.0 – 49.3)

2.9 (1.5 – 7.6)

22.5 (12.3 – 75.2)

6.3 (5.1 – 7.5)

n.a.

n.a.

n.a.

344 (54.5-1130)

874 (295-1841)

46.0 (13.7 – 385)

1.1 (0.4 – 8.5)

77

permanent
grassland

Table 4.2. Phosphorus extractability and other properties of the three soil sample sets used in this study (see Table 4.1).

n.a.

n.a.

52.6 (13.6 – 90)

27.2 (17.6 – 64)

4.0 (2.3 – 2.8)

34.0 (19.0 – 65.4)

5.9 (4.7 – 7.4)

n.a.

n.a.

n.a.

326 (35-1570)

942 (291-2012)

13.7 (4.3 – 87)

0.5 (0.2 – 2.2)

47

alpine
grassland

5033

2298

51.4

21.7

2.7

20.0

5.9

5.0

n.a.

n.a.

n.a.

1829

202.1

8.0

1

permanent
grassland

0 – 20 cm

NABO
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4.2. Materials and Methods
Both monitoring networks are conducting soil sampling campaigns every five
years, measuring soil chemical, biological and physical properties for different land use
and soil depths. In the following, we consider only the measurements that were used in
this study (Table 4.2). The canton for Fribourg covers an area of 1671 km2 with a total
agricultural area of approximately 770 km2 (46% of total area), extanding from the Swiss
Plateau in the Northwest to the Alps in the Southeast. While pre-alpine grassland sites are
mainly managed by dairy and mixed farms, arable sites in the lowlands of the Swiss
Plateau mainly belong to arable farms. Alpine grassland is only used during summer time
for grazing.
The NABO network includes monitoring sites on arable land (34), permanent
grassland (30) and in forests (28). For the EPIC simulations performed in this study, we
selected NABO Site No. 30 (Ebikon) as case study site. Soil at this site is classified as
Eutric Cambisol (FAO). Topsoil has a bulk density of 1.2 kg dm-3 and does not contain
calcium carbonates. The land use is permanent grassland; the farm managing the site has
a size of 27 ha and a livestock density of 2.8 units per hectare (pig, cow and cattle). The
management is rather intensive with 5 cuts per year and an average annual yield of 10 Mg
ha-1 (dry matter). Detailed information on fertilization, soil cultivation and yields at this
site were obtained directly from the field protocols of the farmers each year (Keller et al.
2005). Based on these records and own measurements of manure quality, simple P
surface balances were calculated for each year taking into account P inputs by animal
manure, mineral and waste fertilizers (Della Peruta et al. 2014). To obtain results that can
be considered representative for farming in Switzerland, it is important that the farmers
are not influenced by the monitoring results. Consequently, we do not give them
site-specific monitoring data and also no consulting. More information on the monitoring
networks FRIBO and NABO can be found in the references listed in Table 4.1.
Sampling procedures were similar in the Sempach study to those used in the two
monitoring networks. The main difference is that 1 composite sample was taken per site
on a 5 x 5 m2 area in the Sempach survey instead of 4 composite samples per site on 10 x
10 m2 areas in the monitoring networks. Each composite sample was obtained by bulking
twenty-five soil cores taken on a regular grid using a steel auger. The samples were oven
dried at 40 ºC, crushed and sieved through a 2-mm mesh sieve. All measurements of the
basic soil properties were performed according to the Swiss reference methods (ART
2010) for the FRIBO and NABO datasets, and according to Temminghoff (2000) for the
Sempach data set. Soil P availability was determined on air-dried soils using the Swiss
reference methods (ART 2010). Extraction with CO2 saturated water (P-CO2) was used
as an approximation for the easy available soil P fraction, while for the plant available
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fraction in the long term the ammonium-acetate-EDTA extraction (P-EDTA) was used.
Total P (Ptot ZDVH[WUDFWHGIURPGULHGVDPSOHVDIWHULQFLQHUDWLRQ ƕ&IRUK ZLWK
M H2SO4 at room temperature. Ammonium oxalate (P-ox) was measured according to
Schwertmann (1964). For more details on sampling procedures and sample analyses see
references in Table 4.1.
4.2.4. Definition of a new pedotransfer function for PSP
To determine new PTFs for Plab and PSP, we performed batch experiments with
32 soil samples from the Lake Sempach catchment. In these experiments, aliquots of 2 g
soil per sample were incubated in 0.01 M CaCl2 solution in presence of paper strips
impregnated with iron oxide, using the procedure proposed by Chardon et al. (1996), to
bind released phosphate. Sorbed phosphate was extracted from the paper strips by
shaking them in 0.1 M H2SO4 solution for 1 hour (van der Zee et al., 1987) and measured
by spectrophotometry. Based on the close correlation found between P extracted with
anion exchange resin and iron paper strips by Myers et al. (2005), we considered all P
sorbed within 24 hours incubation on the iron impregnated paper strips as labile mineral
P. Using regression analysis, we related the resulting Plab measurements to CO2- and
EDTA-extractable phosphate concentrations, which are standard soil P extractions in
Switzerland. In a second series of experiments, soil samples were enriched with P by
incubating them for 22 days in a solution of KH2PO4, CaCl2 and KCl with a P
concentration of 4 mmol ml-1. The solution volume added to each soil sample was
adjusted to an estimate of P sorption capacity based on Pox. After incubation, the enriched
samples were subjected to desorption experiments in the same way explained above for
the original samples. Simulations with EPIC indicated that the incubation period used to
enrich samples with P (22 days) is a good approximation of the average period employed
by P to flow from Plab to Pact in Jones' model using a rate coefficient value of r = 0.1 d-1.
Following Sharpley et al. (1984), we calculated PSP for each soil sample as:
PSP = ( Plab,ini – Plab,en ) / Padded

(13)

where Plab,ini is labile P measured on the original sample, Plab,en is labile P
measured after P-enrichment and incubation, and Padded is the amount of P added to the
sample, all in mg P / kg soil.
The new PTF for PSP (PTF-PSP) was determined by stepwise multiple linear
regression of the measured PSP values on the regressors soil clay content, organic C
content, pH, base saturation and P-EDTA. Regressors with QRVLJQLILFDQWLQIOXHQFH S
0.05) were discarded.
110

4.2. Materials and Methods
The goodness of fit between measured and predicted values of PSP using the new
PTF was determined by means of regression analysis and compared to the respective fits
between measured PSP values and predictions obtained from the PTFs proposed by
Sharpley et al. (1984), Vadas and White (2010) and EPIC, as given above by Equations 6
– 12. In order to calculate PSP using Eq. 7 and 10, since base saturation was not
measured, we set it to 60% for all samples, based on median values found for the FRIBO
and NABO datasets (Table 4.2).
4.2.5. Definition of a pedotransfer function for the stable mineral P pool
The new PTFs were used to estimate Plab and PSP values for the FRIBO data set.
Eight FRIBO samples with a soil organic matter content greater than 12% were excluded,
because they were outside the range of values of the Sempach samples used to derive the
PTF. Based on the estimates of PSP and Plab, estimates of Pact were obtained by inverting
Eq. 1 and substituting Pact for Pact,eq and Plab for Plab,eq:
Pact = Plab ((1-PSP) / PSP)

(14)

Similarly, estimates of initial Pst values were obtained by substituting Pact for
Pact,eq and Pst for Pst,eq in Equation 3:
Pst = 4 Pact

(15)

As the FRIBO dataset includes measurements of the total mineral P fraction, it
was possible to compare estimated Pmin values obtained by summing the estimates for
Plab, Pact and Pst:
Pmin = Pst + Pact + Plab

(16)

with measured Pmin values.
Furthermore, we performed a multiple regression with Pst as dependent variable
and other soil variables as explanatory variables, in order to determine a PTF also for Pst
(PTF-Pst). Inverting Equation (16), we used Pst values obtained by subtracting
PTF-predicted Plab values and Pact values determined by means of Equation (14) from
measured Pmin values in this regression:
Pst = Pmin – Plab

(1 + (1 – PSP) / PSP)

(17)
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4.2.6. Testing the new PTFs in EPIC simulations
We performed four EPIC simulations for the NABO monitoring site no. 30
Ebikon (Table 4.2) for a period of 21 years. We predicted the temporal evolution of Plab
and Ptot concentration in topsoil using four different settings. In the first and second
setting, EPIC's equation for moderately weathered soils was used to estimate PSP (Eq.
10). In the first setting, the initial concentration of Plab was left blank (and hence
automatically set to 20 mg/kg by EPIC), while it was estimated from available soil P
extractions with the new PTF-Plab in the second setting. In the third setting, the new
PTF-PSP developed in this study was used to calculate PSP, estimating again, as in the
second setting, the initial Plab using the new PTF-Plab. Finally, the fourth setting was
similar to the third one, but the initial concentration of Pst was estimated with the PTF-Pst
developed in this study instead of being estimated by EPIC's default equation (Eq. 3).
The organic P pool was initialized by EPIC based on total N in the same way for all four
settings. Time series plots of predicted and measured values were used to visually inspect
the goodness of fit for each setting.

4.3. Results and discussion
The concentrations of labile P extracted from the Sempach soil samples by iron
paper after 24 hours of incubation ranged between 15.7 and 141.1 mg/kg, with an average
of 62.8 mg/kg. Regression analysis between these experimental Plab values and P
concentrations determined by other extractants showed a close relationship to P-CO2:
Plab = 4.858 P-CO2 + 34.75

(r2 = 0.82, p < 0.01)

(18)

The relationship to AA-EDTA extractable P was less strong but still quite close:
Plab = 0.205 P-EDTA + 31.00

(r2 = 0.66, p < 0.01)

(19)

Results from sorption experiments yielded PSP values ranging from 0.080 to
0.437, with an average of 0.202. A close correlation was found between PSP and soil pH,
with Pearson r = 0.77. Regression analysis (Fig. 4.2) yielded the following relationship:
PSP = 0.097 pH – 0.413

(r2 = 0.59, p < 0.01)

(20)

In the following, we used Equation 20 as new PTF to estimate PSP for our soils.
The soils of the Sempach survey area are not highly weathered, and thus our PTF is
consistent with previous findings of pH-dependent PSP in slightly weathered and
moderately weathered soils reported above (Equations 7 and 10). The correlation
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between pH and PSP can be explained by the fact that soil weathering is a natural process
that is associated with acidification in humid climates, and that weathering of young
non-calcareous soils involves the dissolution and removal of silicates and the formation
of iron oxides, which are strong sorbents of phosphate. As many soils in Switzerland and
Central Europe are characterized by a low degree of weathering, the new PTF has a wide
range of potential application. The PTF incorporated in EPIC to estimate PSP in
moderately weathered soils (Eq. 10) overestimated measured PSP (Fig. 4.3), and that for
slightly weathered soils (Eq. 9) did not perform well at all (data not shown).

Figure 4.2. Relationship between pH and PSP for the Sempach dataset (n=32).

Figure 4.3. Relationship between measured values and EPIC predictions of PSP
for moderately weathered soils around Lake Sempach (n=32).
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Figure 4.4. Frequency histograms of variables predicted for the FRIBO dataset with
equations found for the Sempach dataset.

Applying Equations 18 and 20 to the FRIBO dataset and using the resulting
estimates of Plab and PSP (Fig. 4.4) together with measured Pmin values to calculate Pact
and Pst based on Equations 14 and 17, we obtained negative Pst values for 17 sites. At the
same time, the average Plab of theses soils as determined by PTF-Plab (40 mg/kg) did not
differ significantly from the average Plab of the whole dataset (44 mg/kg). Taking the
experimental Pmin values as valid measurements, this means that the estimates of Pact
were too large for these sites and the estimates of PSP too small. The average PSP was
0.150 for these sites, compared to 0.203 for the whole dataset. Also the average Pmin of
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these sites (137 mg/kg) was low compared to that of the whole dataset (402 mg/kg).
Given that the Pmin pools were relatively small, while the Plab pools were comparable to
those of the other sites, the PSP of these sites should actually have been larger for these
than for the other sites. Thirteen of these 17 sites were alpine pastures. Thus, we suspect
that this underprediction of PSP on these sites by the new PTF was due to the fact that
land use in the Sempach area did not include alpine pasture. For the remaining four sites
we could not find convincing explanations.
Excluding the 17 sites with negative Pst estimates, Pst ranged between 34 and
1238 mg/kg (Fig. 4.4). These values were substantially different from the Pst estimates
obtained from EPIC's default equation (Eq. 15). The ratio between Pst calculated by
means of Equation 17 and Pact ranged from 0.09 to 10.5, with a mean of 2.9. While the
mean value of the ratio is not much different from the value of 4.0 used by EPIC,
ignoring the variability of this ratio was the main reason why Pmin predictions based on
the EPIC model equations 14–16 were in poor agreement with Pmin measurements (Fig.
4.5A).

Figure 4.5. Relationship between measured and predicted mineral P (Pmin) for the
FRIBO dataset (n=236), using either (A) EPIC predictions based on Equation 15, or (B)
predictions based on the new PTF for Pmin given by Equation 21b.
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It seems that Equation 15, which was proposed by Jones et al. (1984) on the basis
of unpublished data from Sharpley, introduces too much rigidity into the model. While
the prediction of Plab is rather insensitive to Pst, correct estimates of Pst are crucial for the
prediction of Pmin and Ptot. Therefore we searched for explanatory variables for Pst and
through stepwise multiple regression analysis found the following relationship:
Pst = 1.64 P-EDTA + 121.06 pH – 634.29

r2 = 0.42 (p < 0.001)

(21a)

The strong influence of P-EDTA on Pst is in line with the fact that P-EDTA can
include a substantial amount of P that is not available for uptake by plants, especially at
higher soil pH (Demaria et al., 2005). Use of Equation 21a depends on the availability of
P-EDTA measurements, which is often not given. As an alternative, the following
equation may be used:
Pst = 167.8 ln(CL) + 318.7 pH – 7.0 BS – 1698

r2 = 0.21 (p < 0.001)

(21b)

which we obtained by means of stepwise multiple regression analysis of the
FRIBO data excluding soil P measurements. Replacing Equation 15 by Equation 21b to
estimate Pst as input variable in Eq. 16, the agreement between predicted and measured
Pmin values improved (r = 0.40, p < 0.001; Fig. 4.5B), although small Pmin values tended
to be overpredicted and large Pmin values to be underpredicted.
The results of the EPIC simulations performed for NABO site No. 30 confirmed
the importance of PSP, initial Plab and initial Pst values in predicting the development of
soil P pools over long time periods. The first setting, i.e. initial Plab and PSP estimated
with EPIC's PTF for moderately weathered soils, resulted in completely wrong initial
values of Plab and Ptot. Both were severely underestimated (Figure 4.6A). The estimated
initial Plab concentration was less than one third of the measured value. Interestingly, Plab
tended to converge towards the measured values after some years of simulation, while
Ptot remained at a very low level. This convergence was presumably driven by the
repeated fertilizer applications which increased Plab concentrations. As a consequence,
Pact also increased due to the fast equilibration (Eq. 2), while Pst increase was much
slower due to the much slower transfer from Pact to Pst. Since Pst (together with Porg)
constituted the majority of total soil P, the latter did not increase significantly. At about
half the simulation period, however, no further convergence of predicted Plab values
towards measurements occurred and the line of predictions remained at a constant
distance below the measured points (i.e. both followed the same temporal trends). This
discrepancy was caused by an imprecise value of PSP. This parameter determines how
much mineral fertilizer P remains labile after initial equilibration with the active P pool.
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It can be concluded that when the main focus of a study is long term evolution of labile P,
its initial value is not as important as that of PSP, at least after a "warm-up" period during
which errors in initial Plab have faded out. This consideration supports the use of a PTF
for PSP that does not require estimation of initial Plab, so that EPIC can be used also for
simulations when no soil P measurements are available and still yield reasonable
predictions of Plab after the “warm-up” period. In simulations using the model SWAT
(Soil and Water Assessment Tool), that uses the same conceptual and operational P
model as EPIC, underestimation of initial Plab is worse, because SWAT sets Plab to 5
mg/kg if not specified by the user (the low SWAT default value for initial Plab is probably
due to the interpretation of Plab as solution P).
Also in the second setting (Figure 4.6B), where the initial Plab concentration in
the simulation was specified according to the measured value, the temporal variation of
Plab was not in agreement with the measurements. In this case, Plab was overestimated for
the entire simulation period. The initial value of Ptot was still underestimated, although
not as much as in the first setting, and its level remained below the measured value for the
whole simulation, with an approximately constant difference. In the third setting (Figure
4.6C), where PSP was estimated using the new PTF (Eq. 20), the model followed the
temporal variation of Plab more closely than in the other settings. However, in this case
Ptot was overestimated for the whole simulation. Again the difference to the
measurements was approximately constant, suggesting that a correct initialization would
solve the problem.
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Figure 4.6. EPIC predictions and measured concentrations of the labile (Plab) and total
soil P pool (Ptot) for the period 1988 – 2009 for NABO Site No. 30 (Ebikon). (A) Initial
concentration of Plab was set by EPIC to the default value of 20 mg/kg and PSP was
calculated using EPIC’s PTF for moderately weathered soils. (B) Initial concentration of
Plab was estimated from P-CO2 and PSP was estimated according to EPIC's PTF for
moderately weathered soils. (C) Initial concentration of Plab was estimated from P-CO2
and PSP was estimated according to the new PTF; the dotted line represents predicted Ptot
based on the new PTF for Stable P.
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4.4. Conclusions
The initialization of Ptot was greatly improved in the fourth setting, i.e. by using
the proposed PTF for Pst (Eq. 21b) insetad of EPIC's default equation (Eq. 15), indicating
thah the overestimation of Ptot in the third setting was due to an overestimation of the
stable P pool and that our new PTF was able to overcome this problem (Figure 4.6C).

4.4. Conclusions
We proposed new PTFs for soil labile and stable P and PSP that can be used in
simulation with EPIC (and other models with the same P sub-models like SWAT) for
moderately weathered soils, as they are typical of Switzerland and neighbouring regions
in central Europe. The new PTFs resulted in substantially improved initializations and
long-term predictions of both labile and total P concentrations at the studied NABO
monitoring site. Further investigations are needed to test the PTFs for other sites.
The new PTFs for PSP and stable P have the advantage of being applicable to
datasets lacking measurements of soil P. The new PTF-PSP is similar to the default
equation provided by EPIC for moderately weathered soils, which however
overestimated PSP when applied to the Sempach dataset. Results indicate that the new
PTF-PSP is not suitable for alpine pastures. In the current version of EPIC, stable P is
initializated rather arbitrarily as a constant multiple of the active P pool. This leads to
unacceptable under- or overestimations of the total P pool and thus of P losses with
eroded sediments. The new PTF-Pst showed the potential to solve this problem.
Recently, Vadas et al. (2013) compared predictions of labile and total soil P
concentrations between the models EPIC, SWAT and annAGNPS and showed that
different implementation of the conceptual model by Jones et al. (1984) led to
significantly different results. Pointing out that these commonly used models often do not
reflect current scientific knowledge, especially referring to soil P sorption mechanisms,
they advocate a framework of integrated experimentation and model development to
overcome this problem. We agree and believe that our example of integrating monitoring
data, sorption expriments and modelling tools goes exactly in this direction.
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5. Conclusions
The aims of this study were to assess, calibrate and validate the model EPIC for
simulating the soil P dynamics of typical Swiss agro-ecosystems, as a tool to support an
efficient, sustainable and risk-minimizing P management, and to explore the synergies
that could be achieved by combining EPIC with soil monitoring programs.
An analysis of NABO monitoring results covering the last twenty years detected
substantial temporal changes in topsoil P content at the monitored sites. However,
considerable differences exist between the measured temporal changes and predictions
based on simple P surface balances that take into account input through fertilizer and
output by harvest only. For example, the expected pattern of soil P accumulation in
intensively managed grassland sites and depletion in extensively managed ones was not
found to be a general rule. The mismatch between the direct (repeated soil
measurements) and indirect (soil surface balance) monitoring approaches may have two
possible causes: (i) the data collected from farmers to calculate the surface balances
contain substantial errors, and (ii) P fluxes neglected by the surface balances are relevant
to soil P dynamics. The second case implies that processes such as runoff, percolation,
sorption, erosion or bioturbation should be accounted for in modeling long-term changes
of P and other soil nutrients and contaminants. EPIC proved to be helpful in the
assessment of the relevant P fluxes and in identifying the causes of the discrepancies
between direct and indirect monitoring.
Results of the model sensitivity analysis (SA) indicate that the most important
factors determining topsoil P status included, as expected, soil management and P
sorption to soil particles, but especially for the grassland sites also parameters related to
soil biological activity such as bioturbation depth and organic matter mineralization rate.
These findings agree with data from the literature which show that soil mixing can
happen at relatively high rates in grassland soils. Site-specific estimates of bioturbation
depth showed a close relationship to independent evidence of subsoil hydromorphy. An
alternative explanation for the great importance of bioturbation parameters in EPIC
simulations is that the model overestimated bioturbation rates and mixed soil depth to
compensate for underestimation of P leaching. The latter hypothesis was suggested by
the SA result that hydraulic parameters, contrary to our expectations, had little influence
on the prediction of soil total P. Thus, it is possible that shortcomings in the EPIC P
leaching routine caused an excessive importance of bioturbation.
The SA also showed that correct estimates of the initial concentration of soil
labile P and of the P sorption parameter PSP are crucial for the quality of EPIC
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simulations. Also, the initialization of the stable mineral P pool is rather arbitrary in
EPIC, being set to a multiple of the active pool independently of soil characteristics. In
this study we derived pedotransfer functions that are better suited to estimate these
parameters for moderately weathered soils of Switzerland.
Outlook
The results obtained in this study confirm the importance of take maximum
advantage of potential synergies between soil monitoring networks and modelling tools,
in order to incorporate the advancements in the understanding of the monitored soil
system and to face new environmental issues posed by changes in agro-ecosystem
management, policies and economic drivers. A step in this direction was already taken in
the NABO by extending the soil sampling depth down to 1 m in order to detect changes
in the subsoil and by including measurements of soil microbial parameters such as
microbial respiration rate and biomass in annual soil sampling campaigns for a subset of
monitoring sites.
A framework of integrated monitoring, experimentation and model development
based on close collaboration between different expertises may help overcoming the delay
accumulated by EPIC and similar models in incorporating the latest advancements in the
understanding of long-term P dynamics in agricultural soils. This study constitutes an
example of how this framework can be developed. Validating EPIC for multiple output
variables, e.g. C, N and P concentration in topsoil and subsoil over decades and under
diverse land use, land management and site characteristics, could highlight model
weaknesses and inconsistencies indicating possible improvements, and constitutes a
promising future research direction.
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