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Abstract

Human activity and, increasingly, the impacts of climate change set soils and their
functions under great pressure. On the one hand, high yields are to be achieved on
agricultural land, but on the other hand, soils fulfill a multitude of ecosystem
services, which should not be regarded as a contradiction to maximizing yields, but
rather must be brought into accordance with them. This can be achieved by using
matter and nutrients from the same or a linked system in order to close material
cycles. On arable soils, organic substrates such as manure, digestates, compost and
also the crop residues are reintegrated into the soil cycle. These substrates consist
of a variety of different components, which leads to a diverse behavior of these
substrates and their components on soils and brings with it a wide variety of
fertilization properties. However, these dynamics and the behavior of the
interlinked soil cycles are often unclear. This thesis contributes to a better
understanding of the carbon (C), nitrogen (N), and phosphorus (P) cycles on arable
soils and develops methods to evaluate organic (org.) amendments and to model
their dynamics on arable soils. For the quality assessment of org. amendments, the
mineralization dynamics of incubation experiments, in which the CO» release is
measured over time, are investigated using mechanistic C landscape models. From
this, a quality parameter can be derived, which provides information about the
contribution of an organic amendment to the build-up of humus. Besides the
derivation of a quality parameter, the obtained turnover parameters can be used
to determine the dynamics of C, N, and P on arable soils. Thus, various org.
amendments from laboratory experiments can be parameterized to be subsequently
transferred to the field scale. Here, not only the external input of organic material
plays a role, but also the residues produced in the field, which are returned to the
nutrient cycle. In addition to the quality of these residues, the quantity also has an
influence and must be taken into account accordingly. The present work provides
methods for this and shows approaches to parameterizing org. residues. Further,

the P cycle is introduced into the CCB model structure and established as new



CNP-model. The P-module is closely coupled with the C cycle, but further mineral
P matter fluxes have also been integrated into the model concept. Thus, another
macronutrient for plants and its dynamics on arable soils can be studied, and a
more comprehensive picture of the dynamics of org. substrates on arable soils can
be generated. Here, the C cycle plays a crucial role in the dynamics of plant-
available P in soils. The soil cycles of the elements C, N, and P are directly
interconnected and mutually dependent. Individual cycles cannot be adequately
considered separately; to analyze the behavior of individual elements, their
interactions must also be considered. These interactions can be captured to a
certain extent using model approaches. The methods and approaches developed
here can be used, on the one hand, to evaluate org. substrates with respect to their
humus-building quality, but also further to parameterize the CNP-model in order
to successfully simulate C, N, and P dynamics in arable soils. Based on these results,
different stakeholders can derive and develop management options to improve soil
fertility and secure yields under the influence of climate change. Furthermore, the
results can help to predict the long-term effects of organic fertilizers in order to
create predictable developments towards more sustainable and productive

agricultural systems.
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Zusammenfassung

Durch menschliches Handeln und verstarkt durch den Klimawandel stehen Boden
in ihren Funktionen unter grofem Druck. Auf der einen Seite sollen auf
landwirtschaftlichen Fldchen hohe Ertrdge erzielt werden, doch dariiber hinaus
erfillen Boden eine Vielzahl von Okosystemleistungen, welche nicht als
Widerspruch zur Ertragsmaximierung betrachtet werden sollten, sondern vielmehr
damit in Einklang gebracht werden miissen. Hierzu kénnen Kreislaufwirtschaften
dienen, bei welchen Stoffe und Néahrstoffe aus dem gleichen oder einem verketteten
System verwendet werden, um Stoffkreislaufe zu schlieffen. Auf Agrarflichen
kommen unter anderem organische Substrate wie Stallmiste, Géarreste und
Komposte zum Einsatz, aber auch die auf dem Feld anfallenden Residuen werden
wieder in den Bodenkreislauf integriert. Diese Substrate bestehen aus einer Vielzahl
unterschiedlicher Bestandteile, was zu einem diversen Verhalten dieser Substrate
und deren Bestandteile auf Boden fiihrt und verschiedenste Diingeeigenschaften mit
sich bringt. Doch diese Dynamiken und das Verhalten der verketteten
Bodenkreislaufe sind oft unklar. Diese Thesis tragt dazu bei, ein besseres
Verstandnis fiir die C, N und P Kreislaufe auf Ackerflichen zu gewinnen und
erarbeitet Methoden, um org. Reststoffe zu bewerten und deren Dynamiken auf
Ackerflichen zu modellieren. Fiir die Qualitdtsbewertung von org. Reststoffen
werden die Mineralisationsdynamiken von Inkubationsversuchen, bei welchen die
COg Freisetzung iiber die Zeit gemessen wird, mithilfe mechanistischer C-
Landschaftsmodelle untersucht. Hieraus kann ein Qualitdtsparameter abgeleitet
werden, welcher Auskunft {iber den Beitrag eines org. Reststoffes zum Aufbau von
Humus gibt. Neben der Ableitung eines Qualitdtsparameters konnen die
gewonnenen Mineralisationsparameter dazu benutzt werden, die Dynamiken von
C, N und P auf Ackerflichen zu bestimmen. Somit konnen verschiedenste org.
Reststoffe aus Laborversuchen parametrisiert werden, um anschlieffend auf die
Feldskala iibertragen zu werden. Hierbei spielt nicht nur der externe Input von org.

Material eine Rolle, sondern auch die auf dem Feld anfallenden Residuen, welche
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wieder in den Néahrstoffkreislauf zuriickgefiihrt werden. Neben der Qualitdt dieser
Residuen hat auch die anfallende Menge einen Einfluss und muss demensprechend
berticksichtigt werden. Die vorliegende Arbeit liefert hierfiir Methoden und zeigt
Anséatze auf, wie sich org. Reststoffe parametrisieren lassen. Weiterfithrend wird
der P-Kreislauf in die Modellstruktur und Modellrechnungen eingefiihrt, das CCB
Model wird um ein P-Modul erweitert und als CNP-Modell etabliert. Das P-Modul
ist eng an den C-Kreislauf gekoppelt, wobei auch mineralische Stofffliisse integriert
wurden. Somit kann ein weiterer Makrondhrstoff fiir Pflanzen und dessen
Dynamiken auf Ackerflaichen untersucht, sowie ein vollstdndigeres Bild von den
Dynamiken org. Substrate auf Ackerflichen erzeugt werden. Hierbei spielt der C-
Kreislauf eine entscheidende Rolle fiir die Dynamiken von pflanzenverfiigharem P
in Boden. Die Bodenkreislaufe der Elemente C, N und P sind unmittelbar
miteinander verbunden und bedingen sich wechselseitig. Einzelne Kreisldufe konnen
nur unzureichend alleinstehend betrachtet werden; um das Verhalten einzelner
Elemente zu analysieren, miissen auch ihre Wechselwirkungen mit in Betracht
gezogen werden. Diese Wechselwirkungen kénnen bis zu einem gewissen Grad mit
Modellansétzen erfasst werden. Die hier entwickelten Methoden und Ansétze
kénnen zum einen dazu dienen, org. Substrate hinsichtlich ihrer
Humusaufbauqualitidt zu bewerten, aber auch weiterfithrend, um das CNP-Modell
zu parametrisieren um damit erfolgreich die C-, N- und P-Dynamiken auf
Ackerbdden zu simulieren. Hiermit kénnen der aktuelle Zustand der Béden und
deren Stofffliisse bestimmt werden. Hieraus koénnen wiederum unterschiedliche
Akteure Handlungsoptionen ableiten und Managementoptionen entwickeln, die
dazu beitragen, die Bodenfruchtbarkeit zu verbessern und Ertradge unter dem
Einfluss des Klimawandels zu sichern. Weiterfiihrend kénnen die Resultate dazu
beitragen, die Langzeitwirkung von organischen Diingern vorherzusagen, um so
planbare Entwicklungen hin zu nachhaltigeren und produktiven Agrarsystemen zu

schaffen.
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I. General Introduction

I.1.1 Arable Soils & Organic Amendments

Soils pervade important ecological and economical functions. They are used for
agricultural production, serve as a filter in the water cycle, and are the basis of
human activities. But today’s terrestrial soil systems are under substantial
civilizational and ecological pressure (Rillig et al., 2019). Changes in climate will
enforce a lot of soil disruptive processes, but since not all regions will be affected
with equal intensity, strategies to mitigate climate change effects have to be
adapted to site-specific conditions and landforms. Soils supply a huge variety of
ecosystem services, which have to be preserved and promoted to mitigate both
climate change effects and secure food production (Kopittke et al., 2019). Soil
degradation is a major threat to many arable soils, often caused by depleting levels
of soil organic carbon (SOC) and the linked loss of soil stability, soil fertility and
biodiversity which jeopardizes the sustainability of soil management and food
security (Cerecetto et al., 2021). In the past decades, yields have nearly doubled
due to mineral fertilizers while SOC levels have decreased. However, organic
amendments provide a promising alternative to mineral fertilizers generating
similar yields while increasing SOC (Bonanomi et al., 2020). Organic amendments
accumulate in production chains and can be reintegrated into the nutrient cycle of
soils. This can help to create circular economies and develop production methods
that can ensure food security in a more sustainable way, as envisaged by
stakeholders such as the EU (Ragossnig et al., 2019). Furthermore, the use of
organic amendments leads to the input of plant nutrients, which ensure high yields.
Additionally, organic amendments contribute to increasing soil fertility, for instance
by improving soil structure, which makes soils less susceptible to drought and

increases the water use efficiency (lizumi et al., 2019). Moreover, organic



amendments contribute to increasing microbial and macrobial activity, which in

turn promotes the release of nutrients.

There is a large variety of organic residual materials, which are derived from
different production chains and can therefore differ greatly in their properties. In
agricultural production, additionally to the main products, by-products accrue,
which are not the primary goal of cultivation. These by-products are generally parts
of the crop which cannot be eaten like straw, leaves, herbage seed pods, etc. Those
by-products can be used in a variety of ways, they can be directly incorporated
back into the soil to act as organic fertilizer, or they can be used in biogas
production to produce methane under anaerobic digestion. In animal husbandry,
by-product can be used as feed or bedding in stables, or further as construction
material (straw), etc. Some of these applications compete with the use as org.
fertilizer, whereas digestates and animal manures in return can be reused as org.
fertilizer. Besides manures and digestates, composts are common org. amendments
consisting of different mixtures of org. substrates that have undergone aerobic
digestion and gained a certain maturity. Furthermore, sewage sludges which arise
from industrial or municipal water treatments can be applied as org. amendment
to enhance soil fertility (Sayara et al., 2020). A further application of org.
amendments is green matter and intercrops which can suppress weeds and reduce
the risk of erosion during their growing period and are incorporated into the soil
afterwards. Organic amendments can originate from agricultural production,
industrial processes or urban wastes, furthermore they can be subject of different
treatments like aerobic or anaerobic digestion and even differ in their fraction (solid
or liquid) (Urra et al., 2019). Depending on their composition of parent material
and former treatments, org. amendments contain different amounts of nutrients

and C polymers, which results in a wide variety of potential agronomic uses.

The range of potential org. fertilizers is constantly expanding. This leads to the

necessity that this fertilizer pallet must be characterized also regarding their humus



and nutrient effects. On the one hand, this includes physical and chemical
properties such as the dry matter content or the C-, N-, and P-content. On the
other hand, it includes the turnover properties, which are determined by the
chemical properties, like the C/N ratio, lignin, cellulose, and hemicellulose content
and furthermore by the environmental conditions they are applied to. These
elements’ interactions with each other and with their environment are highly
complex and influenced by a wide variety of biological, chemical, and physical
conditions. Nevertheless, these interactions and the prediction of their cycling
dynamics are the basis for circular economies and sustainable agricultural practices.
There is a need to develop tools to predict the state of those elements and nutrients
as well as their behavior under different soil conditions in order to evaluate

management practices and generate consulting indicators.

1.1.2 Soil Carbon

Soils are the second largest C sink after the oceans. Thus, soils play a crucial role
in the C cycle: Organic matter such as litter is used by microorganisms for their
metabolism and C is mineralized to COs. While some of the C is used to build up
the microbial biomass, the more resilient parts, as well as microbial residues and
exudates, build up soil organic matter (SOM), which coalesces with the mineral soil
phase (Wiesmeier et al., 2019). The decomposition of fresh organic matter (FOM)
and SOC can vary from days to up to > 1000 years (O'Rourke et al., 2015). C
sequestration in soils is widely and controversially discussed under the “4 per mille
initiative” as a possibility to mitigate climate change, which was introduced at the
COP21 by UNFCC. The aim is to sequester 4 %o C (0.4 %) every year into soils
to compensate the anthropogenic greenhouse gas emissions (Minasny et al., 2017).
The approach is mainly criticized for distracting from high COs-emitting practices
as well as the fact that soils have to be maintained and managed so that they
remain a lager sink than a COg source for future generations (Baveye et al., 2018).

Furthermore, agricultural land accounts for about 37 % of the terrestrial soils



(Smith et al., 2008), which limits the approach to certain landmasses and does not
include peatlands or forests. In addition to C sequestration, increasing SOC stocks
promotes further benefits, restores soil functions and can help to set incentives and
implement sustainable agricultural practices. High SOC contents can improve the
resilience of soils against droughts, improve the soil structure and therefore reduce
soil erosion, which is expected to increase in response to climate change and high
intensity rain events (Baveye et al., 2020). Besides the improvement of physical
soil properties, SOC is essential for micro-and macrobiota, which feed on FOM and
SOC and mutually influence the soil structure and water infiltration as well as the
nutrient availability. The C-cycle is a driving factor in the cycling of most micro-
and macro-nutrients for plants, due to the turnover of FOM and the adsorption of

nutrients to SOC.

I.1.3  Soil Nitrogen

Nitrogen (N) is a key constituent of all living organisms and is part of nucleic acids,
amino acids and proteins. As Ny, it constitutes 79 % of the atmosphere’s gases,
nevertheless, Ny is not available for plants due to its low reactivity. N fixation is
the process where Ny is converted to ammonium (NH;") or ammonia (NHs) by
microorganisms in soils. In leguminous plants, those microorganisms live in
symbiosis with the plants, which supply the microorganisms with sugars or
nutrients and in return receive accessible N. Nitrification is the process in which
NH, " is converted to Nitrite (NO2") and then to Nitrate (NO3-N). The processes in
which N is mineralized to N2 and reenters the soil air and the atmosphere is called

denitrification (Lamb et al., 2014).

For most arable land, mineral N plays a vital role for management practices, where
mineral N is applied as fertilizer. In the Haber-Bosch process, N molecules react
with hydrogen, using catalysts and high amounts of energy, to form ammonia. The

Haber-Bosch processes accounts for most of the world’s production of ammonia and



thus, mineral fertilizers. Due to the high energy demand, technical ammonia
production accounts for 1 % of the worlds energy demand and produces 1.4 % of
the world’s CO2 emissions (Capdevila-Cortada, 2019). Thus, a high necessity is

given to search for alternatives to mineral N fertilization.

Mineral N constitutes only for a small amount of soil N, around 95 % of soil N is
bound to the organic phase. It is therefore closely connected to the C turnover and
is, in this form inaccessible for plants. In the course of mineralization, organic N is
transformed to NH4 " as which it enters the mineral N cycle. FOM with a high C/N
ratio can lead to immobilization of N. Bacteria which decompose FOM with high
C and low N have to compensate for the low N in FOM, which is required for their
growth, from soil N. This can result in depletion of plant-accessible N forms in soils

and thus lead to reduced crop production (Walworth, 2013).

Excessive applications of N fertilizers results in N leaching, especially of nitrate,
which can be hazardous for aquatic systems and pollute ground water.
Furthermore, leaching of N can have economical losses for the farmers (Hess et al.,
2020). Thus, management options can be adapted, to minimize N losses. To be able

to do so, it is important to know the state of N and to track the N cycle in soils.

I.1.4  Soil Phosphorus

Phosphorus (P) constitutes an essential macronutrient for all living organisms. As
such, it is required for growth processes, for energy synthesis and as compartment
of the associated adenine triphosphate (ATP). Plants take up P in form of
phosphate (P20j5), which is water-soluble, although plants can convert lightly
bound P into phosphate form. One way this can occur is through the release of root
exudates, or the release of acids in the rhizosphere which cause a decrease of the

soil pH and desorption of mineral-bound P (Lambers, 2022).



P occurs in soils in various chemical forms, whereby it can be subdivided into
inorganic and organic binding forms. The weathering of P-rich primary minerals,
such as appatites, strengites and variscites, can extend over long periods of time
(Shen et al., 2011). For this reason, mineral P fertilizers are often used on
agricultural land to ensure optimal plant nutrition. Most of these fertilizers come
from fossil phosphate deposits, although these are limited to a few countries. The
largest deposits, accounting for about 80 % of the reserves, are located in Morocco,
the USA, China, and South Africa, among others (Vaccari, 2009). These mineral
phosphate deposits are estimated to last for another 50-400 years. The estimates
vary greatly, which may be attributed to price developments and the associated
discovery of new deposits and P-sources caused by technological progress.
Additionally, population growth and consumption patterns affect P reserves (Van
Kauwenbergh, 2010). Besides the scarcity, fossil P has been found to have high
contents of radioactive material, as well as high concentrations of heavy metals,
both of which can lead to health hazards (Boer et al., 2019). Fossil P is an essential
component of mineral fertilizers used in industrial agriculture, despite the
disadvantage that a lot of said P is leaching and translocated. A considerable part
of P reaches water bodies through erosion processes and can lead to eutrophication.
Alewell et al. (2020) estimate global P-losses from erosion at 4-19 kg ha'l yr!, with
50 % due to water erosion. In addition, P as a limited resource is diffusely
distributed into the oceans and a recovery is almost impossible or financially not
worthwhile. Therefore, it is especially important for countries without fossil P
reservoirs to establish a functioning recycling economy. Other sources of input into
the soil are organic materials, in which P is released by mineralization processes.
Here, there is a close link to the C-cycle. Studies show that organic fertilizers have
an impact on plant P availability and that organic fertilizers promote microbial

activity, which in turn can lead to higher P availability (Khan et al., 2022).



Besides the interaction with the organic soil phase, P availability is influenced
amongst others by pH-dependent sorption of P particularly to Al, Fe and Ca ions.
In neutral and alkaline soils, P precipitation and adsorption processes with calcium
carbonate dominate, in which P is taken from organic sources. This can be of
importance since liming is a common practice to regulate the pH value on arable
soils. At soil pH of 6-5, the fixation of P to Al dominates, whereas at soil pH values
of 4-3, absorption to Fe dominates. It must be noted that pH values below 4 are

uncommon in agricultural soils (Barrow, 2016).

The P species and its availability for plants depend on a variety of influencing
factors. Further factors worth mentioning in this context are the clay content,
which tends to absorb P due to its high surface to volume ratio, microorganisms
which take up P for their metabolism, and environmental conditions like
temperature or moisture, which influence the turnover of org. substrates. All those
organic and inorganic influences lead to a dynamic equilibrium where P is either
water-diluted or bound to the soil phase in different degrees of intensity and species.
All this summed up makes soil P a highly complex plant nutrient, the
understanding and application of which poses challenges for scientists and farmers

aming to reduce unwanted P losses and to optimize P availability for crops.



1.2 Research Questions

Mineral fertilizer production consumes vast amounts of energy, and in case of P, is
also limited to fossil reservoirs, which are expected to deplete. The use of org.
fertilizers is a considerable alternative, which can simultaneously support endeavors
to reach CO2 mitigation goals. The variety of org. substrates is continuously
growing, due to increasing biogas production and the occurring digestates, sewage
sludges, or similar. Contrary to mineral fertilizers, organic amendments consist of
a variety of components and nutrients that depend on the composition of the parent
material, and, if applicable, on the processing of those amendments. The nutrients
are not always in a plant-accessible form, rater, they are partly organically bound
and subsequently released during mineralization. This leads to the issue that the
organic substrates vary in their quality regarding their turnover dynamics, and thus
in their release of nutrients. On the one hand, this allows a versatile use, e.g., to
build-up of SOC and improve soil quality, or the fertilization of nutrients with long
term-effects. On the other hand, this behavior is difficult to determine, since the
turnover depends not only on the parent material but also on microbial
communities and environmental conditions. Consequently, there is a great need to
classify and evaluate organic substrates in terms of their humus building efficiency
and long-term fertilization effect, so that they can be more specifically adapted to
the management strategies. With the aim to provide stakeholders with an advisory

tool which can be easily interpreted, the question was investigated:

(1): How can one evaluate the quality of org. substrates under consideration of

microbial turnover?

In comparison to laboratory experiments, the application of org. substrates under
field conditions is influenced by a wider variety of factors. Worth mentioning in
this context are climatic conditions (temperature and precipitation), soil properties

like bulk density or clay content, and soil management. Furthermore, the already



accumulated stocks of C and nutrients like N and P in soils are relevant to
determine their long-term dynamics in soils. It is important to note that under field
conditions, crops will accumulate nutrients and carbon and with the harvest, a part
of the nutrients is removed. Residues like stubbles and roots will remain on the
field and serve as a source of C input, and further as a source of nutrients which
reenter the nutrient cycle. To close the gap between laboratory modelling and field

conditions, one must answer the question:

(2): Are the turnover dynamics of org. substrates received from C' incubation
experiments scalable to the field scale, and beyond, are they sufficient to describe

the SOC, SON, and Pav dynamics of arable soils?

Besides determining the quality of organic substrates, the question has to be

considered:

(3): How can the quantity of accruing crop residues in a field site be determined?

P is, alongside N, another important macro-nutrient for plants, but to date, the P
cycle has not yet been investigated as intensively and integrated into model
calculations. This is partly due, to the complex behavior of P and the different
forms of binding to the mineral and organic phases in the soil. For a holistic
evaluation of organic substrates in terms of their nutrient availability in soils, P
has to be considered to evaluate the fertilization use and adapt management
practices. To be applicable with agronomic data and for a low entry threshold,
simpler model structures are preferable, provided they are validated and deliver

good results. From this deliberation arises the need to find out:

(4): What degree of complexity does the modelling of the P cycle on arable soils

need in order to adequately capture and predict the availability of P and its species?



1.3 Structure & Objective of the Thesis

The three chapters have been published in international journals and build upon
each other. The conceptualization of the thesis is depicted in Figure I-1. The data
used are shown as dashed lines and were gathered from experimental conductors
and aggregated in databases. In chapter II, a method to characterize the quality of
organic substrates is introduced in which six commonly used mechanistic C models
are applied to model the respiration curves of a variety of incubation experiments.
Parameters describing the turnover process are optimized to those respiration
curves. Furthermore, a method to describe the humus building efficiency is applied
and the results of all six models are aggregated with a model averaging approach

to generate an ensemble value for the humus building efficiency.

In chapter III, the parameters received from modelling of the incubation
experiments (chapter II) are used to model the application of the investigated
amendments in a field trial, using the CCB model. The study aimed at exploring
the possibility of upscaling the parameters received from modelling C incubation
experiments (from chapter II) to the field scale and predicting the C and N
dynamics. Furthermore, methods of parameterizing the above-ground and below-

ground residues were tested.

In chapter IV, the CCB model is expanded to include a P-module, taking into
account all the modifications implemented in chapter II & III and the current
literature. The model is labeled CNP-model, but the notation is not consistent;
since the expansion was introduced in the third publication, it will be referred to
as CNP-model. Nevertheless, the CCB-and CNP-model share the same structure,
except for the CNP-model’s additional P-module. Unless referring to P-related
topics, they can be seen as identical. The P-module is tested on four field sites,
using parameters from incubation experiments to describe the org. fertilizers,

stubbles, and roots generated with the algorithm introduced in chapter II. The
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concept of modelling with parameters from incubation experiments applied in
chapter III was also used to model the field experiments and to validate the P-

module.

The overall goal was to create a method which allows to evaluate org. substrates
in terms of their quality, and furthermore to establish a reliable method to
parameterize the used model to generate parameters suitable to model the field
dynamics of org. substrates in terms of their C dynamics and the connected soil N

and P cycling.

The following hypothesis is derived: The C-cycle and its turnover dynamics are the

key drivers for the nutrient dynamics and plant availability of org. amendments.

In this thesis the focus is set on ways to include all sorts of org. substrates into
model calculations and to describe the C cycle and the dynamics of the plant
nutrients N and P. This way, org. fertilizers can be investigated regarding their

long-term effects and different fertilization purposes.

Here the following hypothesis is formulated that: Organic amendments are very
versatile, and to predict their dynamics they need to be parameterized separately

to capture their behavior under field conditions.

Finally, in chapter V, the results will be briefly summarized and discussed in their
overall context. The synthesis section will contextualize the results and answer the

question:

(5): How can the results of this thesis support stakeholders in decision-making and
evaluating management options, ultimately aiming at integrating the developed

quality assessment into practical applications?
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1.4 Methodological Background

I.4.1 Incubation Experiments

Incubation experiments constitute a major basis for the thesis. The reported
incubation experiments were aggregated from different experimental setups of
different research projects and were conducted as a cumulative setup. In incubation
experiments, a predefined amount of organic substrate is mixed with soil material.
The water saturation is adjusted to 50-65 % to grant microbial growth. The mixture
is sealed in vessels, which are opened at time of measurement. Over the study
period, the cumulative release of CO2, which is released by microbial cell
respiration, is measured at defined times. Sodium hydroxide (NaOH) traps are
placed within the vessel to capture the mineralized COs. The NaOH solution
accumulates the CO», and at the measuring dates the solution is extracted and CO»
concentration is analyzed. To ensure that the microbial respiration processes do
not turn into an anaerobic environment, the vessels are regularly aerated. To
differentiate between the turnover of SOM and the added organic material (AOM),
soil is incubated without additives as control treatment. The respiration curve of
the control treatments is subtracted from the AOM respiration curves. Besides the
output of respiration curves, the incubated substrates are analyzed regarding their
chemical composition. Thus, those amendments are analyzed in detail, providing a

solid foundation to characterize those substrates (for details see Appendix VI.1).

1.4.2 Long-Term Field Experiments

A considerable challenge lies in the generalization from laboratory experiments’
results to the dynamics and the behavior of org. substrates in soils under field
conditions. In long term field experiments (LTEs), where turnover processes and
crop production depend on seasonality, climate and soil properties, changes in soil

dynamics need to be tracked for several years. Nevertheless, valuable knowledge
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can be gained from LTEs, where the long-term effects of fertilizer application and
management practices are investigated. These can include different crop rotations,
different amounts of fertilizer application as well as different mineral and organic
fertilizers (Grosse et al., 2020). In general, a wide variety of data is gathered,
including yields and the dates of seeding and harvesting as well as soil management
procedures like plowing, irrigating, or fallowing. Furthermore, soil characteristics
get determined like the soil bulk density, clay-, silt-, and sand-content, the pH
value, water holding capacity etc. The soil is frequently tested regarding its organic
and mineral C and N content, as well as the available and total P, but other
elements can be targeted at the study site as well. The matter fluxes concerning
inputs and outputs are well documented, making LTEs a good study system

wherein many processes and management effects are well documented.

1.4.3  Soil Modelling

Experimental setups like LTEs and incubation experiments can be very costly and
time-consuming. Model approaches can be used to fill the gap between laboratory-
and field experiments and to extrapolate experimental findings to regional scales.
This is based on the attempt to express physical, biological, and chemical processes
in mathematical equations. Model concepts try to represent processes and sub-
processes from systems with mathematical expressions. On the one hand, data-
driven approaches can be applied, in which algorithms are used to search for
correlations and relations from training data sets. Here, little or no knowledge of
the underlying systems is necessary, rather, the information lies in the statistical
correlation and in the amount of data. On the other hand, there are mechanistic
mathematical model approaches. Here, physical, biological, and chemical processes
are often expressed in differential equations. Their core component is a profound
understanding of these processes, but a combination of mechanistic and statistical

approaches is also not uncommon (Wu et al., 2021). If models are sufficiently
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validated and deliver reliable results, the influence of individual parameters on the
investigated system can be verified and quantified. Through quantification, these
processes can also be evaluated and characterized, which in turn makes it easier to
translate model findings into practically relevant indices or to support political

decision-making.

There is a variety of C-models, which differ in complexity with respect to their
integration and combination with other process models (e.g. hydrological model),
but also with respect to the required parameter input and the associated data basis.
Further, these models differ in terms of their scale and spatial magnitude, which
can range from molecular to global scale (Campbell et al., 2015). Those mechanistic
C-models often have in common that C is distributed in defined pools, which have
different residence times and interact with each other. These pools are often
conceptual pools that are not directly measurable. An essential part of these models
is that they describe the turnover of organic substrates and that their parameters

describe the transfer of input C into different pools while CO2 is released.

A major object and basic tool of this thesis is the CANDY Carbon Balance (CCB)
Model by Franko et al. (2011), which is a simplified model of the CANDY model
(Franko et al., 1995b). The CCB model comprises an active SOM pool (A-SOM)
which represents the microbial biomass and serves as the driving pool for turnover
processes. The A-SOM is in exchange with the stabilized SOM-pool (S-SOM) and
the long-term stabilized SOM-pool (LTS-SOM). A detailed description of the model
structure will be given in the following chapters as part of the thesis. In contrast
to many other C models, the CCB applies unique characteristics to each FOM
input into the modelled system. To do so, the CCB relies on a database with entries
for each FOM input, which requires a certain amount of data. Some of those
characteristics are easier to obtain than others, including the dry matter content,
the C content and the C/N ratio of FOM inputs, which can be obtained from

standard chemical analysis. Model-specific parameters need to be parametrized
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from some sort of experiment, or otherwise deviated. Those parameters are K¢y,
which represents the decomposition of FOM, and eta (), which is the synthesis
coefficient. Eta describes the uptake of C by the A-SOM pool and consequently
the growth of microbial biomass, while 1 - n describes the part of FOM that gets
mineralized. Since incubation experiments investigate the mineralization of org.
substrates, they constitute a solid foundation to acquire those parameters. To
obtain all those FOM specific parameters, sizeable effort in data acquisition is
required. Different approaches to obtain those parameters have been proposed and

must be tested, depending on the availability of data.
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II. A Model Ensemble Approach to Determine the
Humus Building Efficiency of Organic Amendments

in Incubation Experiments

S. ANTON A. GASSER, JULIUS DIEL, KERSTIN NIELSEN, PAUL MEWES, CHRISTOF
ENGELS, UWE FRANKO

ABSTRACT

Organic amendments are important to sustain soil organic matter (SOM) and soil
functions in agricultural soils. Information about the contribution of organic
amendments to SOM can be derived from incubation experiments. In this study,
data from 72 incubated organic amendments including plant residues, digestates
and manure were analyzed. The incubation data was compiled from three
experimental setups with varying incubation times, soils and incubation
temperatures, in which CO2 re-lease was measured continuously. The analysis of
the incubation data was performed with an approach relying on conceptual parts
of C- TOOL, CCB, Century, ICBM, RothC and Yasso which are all well- approved
first- order carbon models that differ in structure and abstraction level. All models
are an approximation of reality, whereby each model differs in understanding of
the processes involved in soil carbon dynamics. To accumulate the advantages from
each model a model ensemble was performed for each substrate. With the ability
of each carbon model to compute the distribution of carbon into specific SOM pools
a new approach for evaluating organic amendments in terms of humus building
efficiency is presented that, depends on the weighted model fit of each ensemble
member. Depending on the organic substrate added to the soil, the time course of
COz2 release in the incubation studies was predicted with different accuracy by the
individual model concepts. Averaging the out-put of the individual models leads to
more robust prediction of SOM dynamics. The Enum value is easy to interpret and

the results are in accordance with the literature.
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II.1 Introduction

The accumulation of soil organic carbon (SOC) is discussed as a possible solution
to mitigate climate change (Minasny et al., 2017). Increasing SOC can rebuild soil
fertility, reduce soil erosion, and increase yield stability (Bradford et al., 2019;
Harden et al., 2018). The accumulation of SOC requires a reduced decomposition
of SOC and/or an increased input of organic matter (OM), where the latter depends

on the amount and quality of the OM input.

For an efficient agricultural management that sustains soil organic matter (SOM)
and closes the nutrient cycle, it is important to know the specific contribution from
different organic materials such as manure, plant residues and recently also from
digestates of biogas reactors to SOM (Larney et al., 2012). SOM is a composition
of compounds with different turnover times in soil. Therefore it is important to
assess specifically the contribution of added organic matter to the long lasting part
of SOM that is historically summarised under the term ‘humus’ and which demands
certain attention within the debate about carbon sequestration. There are several
attempts to use proxies like the C/N-ratio, hemicellulose or the lignin content to
evaluate the contribution of OM to SOM. But those bio-chemical proxies have
restricted capacity to predict the behaviour of OM reliable enough under microbial
turnover (Lashermes et al., 2009; Morvan et al., 2005), since other factors like
temperature, microbial communities etc. can influence the decomposition (Dignac

et al., 2017).

Incubation experiments are a research tool to assess the quality of the added
substrates with regard to humification and the microbial turnover within a certain
time. Their results are often analyzed with statistical methods including different
kinds of non-linear regressions where usually only the carbon loss is determined,
whereas the transfer from the added organic material (AOM) to SOM generation

is not quantitatively included (Cotrufo et al., 2013). Furthermore, there is no well
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approved solution to transfer the incubation results from statistical models to the
field scale with regard to environmental conditions. Soil carbon models are usually
developed for field conditions and reflect a complex understanding of the carbon
turnover. The general model approach comprises a network of carbon fluxes
between different pools which approximates in an abstract way the microbiological
turnover processes in the soil. Consequently, carbon models are able to predict the
retention of carbon in soils for specific site conditions. However, soil carbon models
need to be parametrised in order to compute carbon fluxes and they require
information about the quality of OM (Stockmann et al., 2013). Incubation
experiments, where organic matter is mixed with soil and the resulting turnover is

observed from the CO2 evolution over time may contain this information (Jha et

al., 2012).

The general understanding of carbon turnover includes several ‘unknowns’ and its
expression in models follows different concepts. Each model has distinct strengths
and weaknesses to project the examined processes (Sulman et al., 2018). Therefore,
it may be risky to rely on only one specific model. Model ensembles/averaging are
a common method to aggregate the prediction of several models into a single
prediction, which is expected to be at least as good as the prediction of a single
model and also compensates partial weaknesses of a single model (Diks et al., 2010;
Hagedorn et al., 2005). In addition to improving the prediction, the calculated
weights of a model averaging can be transferred to further purpose. The carbon
models assign specific turnover characteristics to the underlying substrates, which
can be used to evaluate the efficiency of a substrate to contribute to the long lasting
SOM. Thus, the model averaging weights might be used to aggregate the humus
building efficiency of a substrate into a single value depending on the performance

of each ensemble member.
In this study the following questions were addressed:

i: How can soil organic carbon models be applied to incubation experiments?
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ii: How can the humus efficiency of added organic matter be expressed with a single

parameter based on the results of soil organic carbon models?

iii: Does a model ensemble increase the reliability of the quality assessment for

organic amendments?

11.2 Materials and Methods

I1.2.1 Incubation Experiments

In this study, data were compiled from three different incubation experiments with
varying incubation time, soils and incubation temperatures (Table II-1). The first
two data sets were obtained from the Institut fiir Agrar-und Stadtokologische
Projekte Berlin (IASP) and are denoted by datal and data2, the experimental
setups vary in their incubation times. A data set that was already published by
Sénger et al. (2014) is denoted as data3 and data4, each with the same substrates
but with different soils. The third data set was derived from the Humboldt
University Berlin and is denoted as datab and data6 with different incubation

periods.

In total, data from 72 incubated organic substrates including plant residues,
digestates and manure were analyzed (Appendix A VI.1.1). The organic
amendments were incubated together with soil in beakers. The moisture and the
temperature were set to a constant state over the incubation time. In each
experimental design the accumulated amount of CO3 released was measured over
the incubation period. Therefore, different sampling techniques were applied, see
Appendix A VI.1.2, VI.1.3 and VI.1.4. What all methods had in common was that
cumulative COgz released from the added organic matter (AOM) was differentiated
from the soil born COs released by reference samples, where only soil was incubated

without any organic amendments, assuming no priming effects. Based on the
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amount of COs C evolved in each substrate, the cumulative amount of total evolved

C was calculated for each observation over the entire incubation period. The CO-

C released from the organic substrates was calculated from the difference of COy C

released from the samples with and without AOM.

Table II-1: An overview of the experimental setups in this study for each data set (AOM = added organic

matter)
datal data2 data3 datad data5 datab
incubation time 139.7 251.7 41 41 301 161
[d]
replicates 6 6 4 4 5 3
sampling interval 1/24 1/24 1-20, 22, 1-20, 22, 1,3,7,14,21, 1,3,7,14,21,
[d] 24,27,30, 24,27,30, 35,56, 77, 98, 35,56, 77,98,
34, 36,41 34, 36,41 120, 162, 217, 119, 161
301
temperature [°C] 20 20 25 25 22 22
soil pH 5.7 5.7 6.5 6.5 5.9 5.9
soil addition [g] 40 40 20 20 100 100
counts of 7 8 10 10 22 15
substrates used
clay, silt, sand [%] 1,9,90 1,9,90 20, 75,5 15, 39, 46 7,21,72 7,21,72
soil water content 60 60 60 60 50 50
( % of water
holding capacity)
AOM type digestates  digestates digestates digestates roots, crop roots, crop
, manure , manure residues residues
I1.2.2  Carbon Models & their Application to Incubation Data

In this study concepts of carbon models that follow first order kinetics and are well

established on a field scale, namely C-TOOL (Taghizadeh-Toosi et al., 2014), CCB

(Franko et al., 2011), CENTURY (Parton et al., 1987; Parton et al., 1994), ICBM
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(Andrén et al., 1997), RothC (Coleman et al., 1999) and Yasso (Tuomi et al., 2011)
are applied to the incubation data. Besides their handling of AOM, they differ in
the number of conceptual SOM pools, their interconnection and texture
dependencies of turnover time as well as in the depiction of environmental
influences on turnover. A detailed description of each model is beyond the scope of
this paper, but the adaptations made to apply the models to the incubation data
are described in the Appendix A VI.1.5. Here it should be noted that the original
model concepts are adapted to meet the requirements of modelling the incubation

data. The adapted model concepts are referred to by their name with asterisk ().

In order to apply the models to the incubation data with a unique algorithm and
identical data structure, they were reduced to their core concept, as described in
Appendix A VI.1.5. Assuming optimal water supply during the incubation period,
only the respective temperature and soil texture functions (when available) were
considered. For each model, a maximum of two AOM related parameters were
fitted. All other model parameters were left constant at the values according to the
individual model publications. Following Sierra et al. (2012), each model was
implemented as a set of ordinary differential equations in R (R Core Team, 2019)
that were solved using the deSolve package (Soetaert et al., 2010). The parameter
fitting was accomplished by wusing the Levenberg-Marquardt algorithm
implemented in the nls.lm function from the R package minpack.lm (Elzhov et al.,
2016). The optimised parameters are described in Table 1I-2 for each soil carbon

model for the observed cumulative net COs production from AOM.

Table II-2: Overview of the models used and the fitted parameters; min/max describes the set thresholds for
the parameters, the min value is numerically never truly = 0; FOM denotes fresh organic matter
and AOM denotes added organic matter, for a description of the pools or the parameters see
Appendix A VI.1.5 or the publications

considered FOM
model AOM assessment fitted parameters min/max
pool of the model
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distribution fhum =0/1
C-TOOL fom
transformation Kfom 0/10
k10 0/0.5
cCB aom transformation
k12 0/2.5
distribution fiig 0/999
CENTURY m
transformation Kstr 0.24/4.8
k10 0/0.3
ICBM y transformation
k12 0/3
RothC rom distribution fhum 0.252/0.98
Yasso w distribution pPw 0/1

I1.2.3 Evaluating the Substrate Quality in Terms of Humus
Efficiency

For a clear differentiation, italic miniscule is used to describe the original model
pool names, whereas the concept applied here with more generalized pools to
determine the humus efficiency are denoted with capital letters. AOM is defined as
the substrate before incubation. FOM is denoted as the part of the substrate that
still has the properties of AOM before microbial turnover and humus (HUM) that

integrates all SOM pools after microbial turnover for a given time t.

HUM(t) = Z SOM, (£) 1

i=1.p

If a model does not include an explicit FOM pool, the most dynamic pool with the
lowest turnover time is considered as FOM, this accounts for CENTURY, RothC
and Yasso. Some substrates, especially manure, are subject to microbial turnover
even before the material is added to the soil. Therefore, in several model concepts,

a part of AOM is directly transferred to HUM without passing a FOM pool.

The models used express the quality of AOM as matter transformation into SOM

with two general approaches:
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1) Distribution: initial partitioning from AOM to one or two model pools
2) Transformation: efficiency for production of HUM

In the first case, at the beginning of the incubation experiment, a fraction or the
total AOM is allocated between a FOM and SOM pool according to the structure

of the specific model. In the second case, SOM pools are built up continuously.

During the simulation of an incubation experiment each model predicts the
evolution of AOM into a designated FOM pool, one or more SOM pools and of

course the amount of mineralized carbon (COz).

The data used represent the difference of CO2 evolution between a treatment (soil
+ substrate) and the control vessel (soil only). In order to represent the net-
mineralization, priming effects were neglected and each model was initialized with
empty SOM pools that will fill up according to the individual model procedures.
The amount of C which is lost from the added substrate (AOM in Eq. 2) during

the incubation, is transferred into several SOM pools or is released as COo:

AOM — FOM(t) = Z SOM; (t) + Cgo2(0)

i=1.p

As mentioned above, the efficiency to build up HUM has to be quantified from two
components. The first one is the quota (q) of added C that is immediately allocated

to the SOM pools at the beginning of the incubation.

_ HUM(0) 3
9= "AoM

This reduces the amount of FOM for further decomposition to (1-q)*AOM.
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The second component represents the dynamic transformation from FOM to HUM
and is calculated as the relation between the rate of HUM production (dHUM) and
the rate of FOM decomposition (dFOM). The sum of both components results in

the humus building efficiency parameter Exgum:

dHUM
Epym = q + max <WM((§))> *(1-q)

For sufficiently small time steps the changes of HUM and FOM can be calculated
with a negligible loss of SOM-C to COs:

dHUM(t) = (HUM(t) — HUM(t — At)); t> 0 5

dFOM = (FOM(t) — FOM(t — At)); t>0 6
For all 72 substrates the variable parameters of each model were fitted to find the
best agreement between observed and predicted COgy production. The obtained
model parameters were then used to model the CO5 mineralisation for small time
steps of 10* d. In this way, Egum was calculated with each model for every

substrate.

I1.2.4 Model Averaging and Assessment

During the optimisation for some models, the optimized parameters adjoin their
thresholds for certain substrates. In this case the models often insufficiently fit the
data. To minimize the effect of parameters at their thresholds and to compensate
individual weaknesses, the models were aggregated into an ensemble. Therefore, a
model averaging method in analogy to the proposal of Bates et al. (1969) as
described by Diks and Vrugt (2010) was applied, but instead of the variance, the
mean squared error (MSE) was used to calculate the weights (wig). With this

method, models with the highest squared prediction error get the lowest weight
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with respect to the disproportional sensitivity to larger errors. For each combination

of model i and substrate s the weight w; s was calculated:

1/MSE; 7

Wis = Sm 1 /MSE;

Where n denotes the number of models within the ensemble.

As performance measure of the incubation fit the root mean square error (RMSE)
was used since it has the same unit. The individual model results were compared
with the ensemble prediction in order to evaluate the ensemble performance to
improve the prediction of the incubation data. Further on, the computed weights

were applied to aggregate the model specific Equn values for each substrate to

obtain Egym as a weighted ensemble value.

A model with a high weight for a substrate could provide the same information as

others with lower weights, which is why another 6 ensembles were calculated,
omitting one of the models each time. Afterwards the difference between Egym over
all models and Egyym with exclusion of the model i was calculated to get the

influence of each model on the ensemble Exyy.

influence mogei=i = |Enum(,.6) — Enum (1,.i-1,i+1,.6)]

11.3 Results

I1.3.1 Model Fitting and Model Performance

It is possible to adapt the concepts of the used models to the incubation data and
to parameterize the underlying substrates. Nevertheless, the quality of the model
fit varies between models and substrates due to the characteristics of the incubation

process. However, each model performs best in terms of minimizing the RMSE for
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at least one substrate. Some models have explicit incubation trends (e.g. rapidly
decomposable or slowly decomposable substrates) where they perform superior to
other models. Figure 1 shows three substrates, a digestate with a slow carbon
mineralization, slurry with an intermediate mineralization and crop residue of
sorghum with a fast mineralization. It is shown that some models have difficulties
with stable substrates (Figure II-1 a & d) while others struggle with easy
decomposable substrates (Figure II-1 ¢ & f) and most models fit substrates with an

intermediate mineralization sufficiently.

C-TOOL" fits the incubation data best when the measured mineralization rate
reaches a constant state (Figure II-1 a). For substrates where the mineralization
still rises continuously at the end of the incubation period, C-TOOL" fits the
incubation data worse compared to other models (Figure II-1 b). Due to the
combination of a distribution and transformation approach during the AOM
turnover, C-TOOL" is able to model highly decomposed organic matter like

digestates and rotten yard manure.

The model performance of CCB” is also relatively robust but, the model reaches its
limits with highly decomposed AOM, since its AOM turnover is solely based on an

efficiency approach (Figure II-1 a).

CENTURY" is challenged by strong mineralization rates at the beginning of the
incubation and the approximation to the steady state, but works better on easy

decomposable substrates (Figure II-1 a & b).

ICBM", on the other hand performs best when C mineralization is rising fast at the
beginning of the incubation (Figure II-1 f), but also lacks the ability to simulate a
stagnating C mineralization due to the efficiency approach of AOM turnover

(Figure II-1 d).
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Initially, RothC" predicted the mineralization dynamics satisfactorily, but with
advanced incubation time the predictions become almost linear (Figure II-1 e & f).

Therefore substrates that show a pronounced saturation are not well represented.

Yasso" performs well compared to other models, when applied to highly decomposed
materials (Figure II-1 d) like rotten farm yard manure or digestates. Due to the
pre-distribution of FOM into the defined HUM pool, however, Yasso™ lacks the

ability to simulate easily decomposable AOM (Figure II-1 f).

During optimisation each model had reached its parameter limitation at least once.
In this case the model fits are deficient and the incubation data is not well
represented (Figure II-1). Relying solely on one model may, therefore, lead to an

under- or overestimation of the incubation data.
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Figure II-1: Example of model results for the cumulative COgz release with three different substrates, (a, d)
digestate (ID: 18), (b, e) slurry (ID: 22), (c, f) crop residue of sorghum (ID: 54), see Appendix A
VI.1.1 for ID
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I1.3.2 Model Specific Diversity of Exgum

Figure II-2 shows the distribution of calculated Exgunm values for each model. In
general it shows very well how all model concepts designate high Exuy values to
already pre-composed materials such as manure and digestates and low Eguyn values
to plant residues. But the model concepts differ in their overall conception of Efu.
Models such as C-TOOL"*, CENTURY", RothC", and Yasso" have a lower threshold
of Equm unequal to 0 (Figure II-2), where the minimum Epyy value is equivalent
to the parameter describing the flux of the chosen FOM pool to COs. This
parameter is texture dependent for C-TOOL" and RothC”, which leads to a slight
shift in the possible flux from FOM to CO, to be observed by C-TOOL" (Figure
I1-2), where the Exuym values align at a lower threshold, although with less clay

content the values would be even lower (red line).

Model concepts without an AOM distribution, like CCB*, CENTURY" and ICBM",
lack the ability to fit highly decomposed substrates adequately with fitted
parameters adjoining the parameter thresholds. This leads to an insufficient
representation of the incubation data and results in Egun values of 1, even though
more resilient substrates theoretically exist (like peat). In this case the max Exum

is limited by the model structure.

Furthermore, the aggregation of all SOM pools into a HUM pool causes for RothC*
information loss for high Exyuy values. The optimized parameter fy,,, shifts C from
rpm to hum for values higher than 0.772, but since both pools are considered as
HUM pool Epum will reach its maximum at the parameter value fp,,, = 0.772

(Dechow et al., 2019).

Only C-TOOL" and Yasso™ have not adjoined the upper threshold of Exuy whereas
CCB”, ICBM" and RothC" have not adjoined their lower Eguy threshold within

the analyzed substrates. This demonstrates that each single model has its strength

and weaknesses with regard to the substrates analyzed due to model structure and
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the intended purpose of the model. Nevertheless from each model concept follows
a similar Egyuy value for a given substrate, with rotten yard manure and digestates
as substrates with the highest humus efficiency and plant materials (except fine

roots) with the lowest humus efficiency (Figure II-2).
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Figure 1I-2: Equm values for each model and substrate, line: model specific thresholds of Exqum considering
texture dependency, RYM: rotten yard manure, DIG: digestate, FYM: fresh yard manure, SL: cattle
slurry, RF: fine roots, LI: litter, CR: crop residue, RS: coarse roots, classes don’t consider material
composition e.g. different plant residues

11.3.3 Ensemble Performance

The averaging method applied leads to an overall robust performance of the
ensemble in displaying the incubation data. Compared with the single models, the
ensemble scores 32 times the lowest RMSE for the underlying substrates and never
has the highest RMSE compared to a single model. The average RMSE over all 72
substrates was calculated, which is for C-TOOL" = 2.39, CCB" = 2.48, CENTURY"
— 4.59, ICBM" = 4.30, RothC" = 4.11, Yasso" = 3.62, ensemble = 1.92.
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Furthermore, the calculated weights were applied to the Eyym value each model

supplies for a substrate. The average weight of the ensemble Egxyy value, is
compiled out of the analyzed 72 substrates is, C-TOOL" = 28.4 %, CCB* = 28.7 %,
CENTURY" = 7.9 %, ICBM" = 13.3 %, RothC" = 10.3 %, Yasso" = 11.4 %, which

demonstrates that every model used contributes to the ensemble Eqyy values.

Since the Eyym value varies between models, the influence of a model on the
ensemble Epyy for each substrate was calculated. As a result one model was
omitted and a new ensemble Egyy value was calculated, without the regarding
model. The effect that the omission of one model has on the ensemble Egym
calculation is shown in Figure II-3. The most influential model for the ensemble
Epum value compilation is C-TOOL", followed by CCB*, ICBM*, CENTURY",
Yasso” and RothC". Rather than the fitting performance, as described before, the
information that one model provides to the Egym value and the information that
one model concept provides which is redundant and can be compensated by other
models is shown in Figure II-3. The most influential model for the ensemble Egym
value compilation is C-TOOL", followed by CCB”, ICBM"*, CENTURY", Yasso"
and RothC". The average divergence of Egyy for one substrate, occurring when one
model is left out of the ensemble Egyy calculation, is for C-TOOL" = 2.91 %,
CCB" = 1.42 %, CENTURY" = 0.749 %, ICBM" = 1.131 %, RothC" = 0.429 %,

Yasso” = 0.659 %, indicating that this is a rather robust concept.
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Figure II-3: The relative change of Egyy for 72 substrates without the considered model, high redundancy
means that the Egum values of a model is similar to the Egum values of other models and model fits
to the incubation data are worse than other models

I1.3.4 Humus Efficiency of Organic Substrates

For a practical application, the ensemble Eyyy concept with model averaging was
applied to substrate classes. The classes were aggregated by their material origin,
while differences in species for plant material and composition among digestates

were not taken into account.

Figure II-4 demonstrates the weighted Egyym values for different substrate types.
Rotten yard manure and digestates show the highest Egyy values followed by fine

roots. Untreated animal feces like slurry and yard manure have medium Eyyym

values whereas plant materials like coarse roots, crop residues and litter show the

lowest Egym values and cannot be distinguished statistically.
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Figure II-4: Ensemble Egym values for substrates by class; RS: root stock (coarse root), N= 8; CR: crop
residues, N=8; LI: litter, N=9; SL: cattle slurry, N=2; FYM: fresh yard manure, N= 1; RF fine
roots, N =12; DIG: digestates, N= 30; RYM: rotten yard manure; N=2, N: count of group members

11.4 Discussion

I1.4.1 Carbon Model Adaptation to Incubation Data

Despite being developed for field application, the chosen model concepts were
applied successfully to the incubation data while preserving the core concept of the
models under the application of the same algorithm and data structure.
Nevertheless, some models can be better adapted to the incubation data than others
due to model complexity and the model structure. This especially accounts for the
handling of AOM, where a higher flexibility was required to deal with a bigger

variety of substrates as by some models intended.

Commonly in incubation studies the incubation data gets analyzed with some sort

of regression where the results are presented as mineralization in percent or as
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amount of mineralized C over the incubation time (Sénger et al., 2014). Those
regressions are not transferrable to other substrates and serve only a descriptive
purpose. Rather than developing models to predict the incubation data, the here
used models are already successfully used in field studies and most parameters are
derived from field experiments. This gives the models a high credibility, as well as
involving more sophisticated pool interactions and SOC processes. Furthermore, a
maximum of two parameters describing the decay were optimized thereby minor

equifinality is expected compared to other approaches (Tang et al., 2020).

As a further advantage of using SOM models for incubation, the results from the
model fitting can be used to transfer observations from incubation experiments to
field scale. Thus the calibration results for models on field scale can be validated

and possibly improved.

1I1.4.2 Model and Ensemble Performance

The method applied for model averaging considers the results of model fits to the
cumulative COy released, giving higher weights to models with a lower MSE. The
MSE is sensitive to larger errors due to the squaring, therefore the influence of

models with high prediction errors gets minimized.

The model averaging leads to a better prediction accuracy and the ensemble has
the lowest RMSE for 32 substrates, 27 times the second lowest, 11 time the third
lowest and two times the fourth lowest RMSE. Also the average RMSE over all 72
treatments demonstrates that the ensemble is more robust in predicting incubation
results than a single model concept and that some model concepts don't vary as

much as others in their prediction accuracy.

In hydrological and meteorological forecasting, model ensembles are a common tool,
to reduce model uncertainties (Li et al., 2017) whereat this technique is not fully

established in SOC modeling yet. A recent study by Riggers et al. (2019)
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successfully used the same model compilation like this study in an ensemble
approach on a field scale. In this study the ensemble members were not weighted,
rather the combination of models and different initialization processes were reduced
to minimize the prediction error and to find a robust ensemble. The application of
several models as an ensemble can help to balance the prediction errors of the
individual models which result from the specific structure of their embedded
processes, as well as from their individual parametrization or scope and the scale

the models were developed for (Martre et al., 2015; Tebaldi et al., 2007).

11.4.3 Concept of Egum

In this study a method addressing the humus building efficiency of AOM is
presented, that evaluates the CO2 mineralization of AOM and then allows to draw
conclusions about the substrate quality. Several carbon models were fitted to the
cumulative mineralization and the resulting pool dynamics of each model was used
to evaluate the substrate quality. The obtained Egyy value describes the efficiency
of a substrate to generate new humus with a time independent metric that considers
the incubation temperature during calculation, which allows the comparison of
incubation experiments with different time spans and different incubation
temperatures. Nevertheless a certain incubation period is required for the models
to predict the incubation trend. There are several other methods which describe
the humification processes like the E4/E6 ratio which is determined by the optical
density of humic and fulvic acids, the Humification Index (HI) and other methods
which mostly rely on chemical and physical properties of the substrates (Klavins et
al., 2008). Additionally there exist also field experiments in which the application
of organic substrates is compared to a control plot with no application of organic
substrates (Kéatterer et al., 2011). The focus of the presented approach is based on
the incubation curve characteristics and the behavior of SOM pools. In contrast to
chemical analysis, Epum also considers microbial turnover and incubation

experiments are less costly and time consuming than field experiments. Some of
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the applied ensemble members even employ mineralization processes with regard
to soil properties. Therefore this new concept could be a valuable addition to

existing methods.

Each model employed represents a slightly different understanding of the soil
processes involved in soil carbon dynamics, which is why their model structure and
interpretation of SOM generation varies. Aggregating several SOM pools into a
single, conceptional HUM pool influences the Exuy value for each model differently.
Thus, each model comes to slightly different predictions of Epuym. Some models
show a restricted range for Exquy whereas others are theoretically able to display
the complete expected scale of Eguym from 0 to 1. This depends on the model
structure and the selected approach of only one FOM pool, which was defined in

this study to be the one with the fastest C turnover.

Based on the robust ensemble performance, the calculated weights are not applied
in the first place to improve the overall prediction, but rather to evaluate the
substrate quality in terms of the humus building efficiency using a model ensemble.
The influence of model concepts, which are not suitable for certain substrates, is
thereby minimized in the calculation of the ensemble Egyy value. The averaging
therefore leads to a more trustworthy prediction of the C dynamics from the
incubation data and also prevents over-and underestimation of the Egunm value

when model parameters reach their limits during optimisation.

Computing power is hardly a limiting factor and it is possible to calculate complex
models within a very short time. Nevertheless it is important to know how much
information a model contributes to the results of an ensemble and if a model can

be left out of the ensemble formation. It was shown (Figure II-3) that every model
contributes to the ensemble Eyym value. Within the combination of these six

models, C-TOOL" has the biggest influence on the ensemble Eyyy, followed by
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CCB’, ICBM", CENTURY", Yasso" and RothC* which can be compensated for the
most part by other models. Whether a model can be omitted from the ensemble

calculation is within the discretion of the user.

I1.4.4 Application of the Ensemble Epxum

The 72 substrates analyzed were classified by their origin in order to evaluate the
Enum value for practical applications. The values for each substrate class are in an
expected order where more mature substrates have a higher Eguy and therefore a
stronger resilience to microbial depletion (Bernal et al., 1998). Ajwa et al. (1994)
found similar results for the mineralization of organic material in soil. Where C of
plant material had a half-life between 39 and 54 days, animal manure had a half-
life which ranged from 37 to 169 days, and for sewage sludge the half-life was 39 to
330 days.

Enum characterizes the humus efficiency of a substrate in one single value and is
therefore easy to interpret. All mature substrates and animal feces show a higher

humus building efficiency compared to plant materials except fine roots (

Figure 1I-4). Digestates or animal feces on the other hand, undergo microbial
turnover either in the digestive system and/or in a bioreactor and therefore, the
substrate contains more fungal and bacterial necromass as well as decomposition
products, which are considered to be a main component of stable SOC (Kallenbach
et al., 2015; Liang et al., 2017). An explanation for the higher humus building
efficiency of fine roots compared to the other plant materials analyzed, can be found
in Rasse et al. (2005), who pointed out, that the high resilience of roots against
carbon turnover is due to the physicochemical protection caused by the steady

contact of roots to soil particles.

Alongside the chemical analysis of organic amendments like the C/N ratio, Lignin

content etc. the Epuym value delivers an easy to interpret assessment to evaluate
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the quality of the organic amendments based on their behavior in soils under

controlled conditions.

For field management that aims at retaining or increasing carbon stock the

ensemble Epyy value can deliver valuable information about management options
concerning the choice of organic amendments. Knowing the humus efficiency, the
quantity of newly applied organic amendments can be adjusted to cover the C
demands and to conform to possible restrictions in terms of carbon dioxide
mitigation goals. An organic amendment with lower Eguym value could be replaced
by one with a higher Egun value, which needs a lower application rate to reach an
equal soil carbon stock. Nevertheless such a decision is complex and other nutrients

like nitrogen and phosphorus have to be considered as well.

I1.5 Conclusions

This study demonstrates that carbon models developed for field scale with different
target environments and time scales are a suitable tool to predict carbon incubation
data, derived from laboratory experiments. The pool structure of those models can
be used to derive information about the efficiency of a substrate to build humus
and be displayed in a single value which is easily comparable, which is not possible
in the same manner with statistical models. Nevertheless some adaptations to the
model concepts had to be made to cover the wide scope of organic amendments.
Furthermore, substrate and model specific parameters derived from incubation
experiments can be used to improve modelling of SOC turnover at field scale with
regard to the modifications of the model concepts made in this approach. This could
be a cost and time efficient alternative to long-term field experiments and could
give insights into the dynamics of organic amendments which are not fully analyzed

yet. The presented approach could help to close the gap between laboratory
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experiments under controlled conditions and field applications where much more
influential factors need to be considered to evaluate the substrate quality.
Furthermore, every model incorporates different mechanisms, with a different scope
of application. This diversity cannot be covered by a single model and therefore,

ensemble approaches can be a useful tool for future SOC modeling challenges.
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Contextualization

In chapter II the Egunm value was introduced as advisory metric to characterize org.
amendments, and their ability to build up humus. Therefore, soil properties and
microbial turnover were considered. Besides that, an algorithm was implemented
to optimize six C turnover models to the mineralization curves and receive the
according turnover parameters. Of particular importance is the parametrization of
the CCB (CNP) model. In chapter III those parameters and the chemical properties
of incubated org. amendments will be used, to model the field dynamics of C and
N with the CCB model. This allows to model the dynamics on a field scale without
further parametrization and also serves as validation of the approach presented in

chapter II.
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ITII. Transfer of Carbon Incubation Parameters to
Model the SOC and SON Dynamics of a Field Trial
with Energy Crops Applying Digestates as Organic

Fertilizers

ANTON A. GASSER, KERSTIN NIELSEN, UWE FRANKO

ABSTRACT

The fertilization with organic amendments and digestates from biogas plants is
increasingly used to increase carbon stock and to improve the soil quality, but little
is still known about their long-term effects. A common method to analyze organic
amendments and their mineralization is incubation experiments, where
amendments get incubated with soil while COs release is measured over time. In a
previous study, carbon models have been applied to model the carbon dynamics of
incubation experiments. The derived parameters describing the carbon turnover of
the CCB model (CANDY Carbon Balance) are used to simulate the SOC and SON
dynamics of a long-term field trial. The trial was conducted in Berge (Germany)
where organic amendments like slurry, farmyard manure or digestates were
systematically applied. To grant a higher model flexibility, the amounts of crop
residues were calculated for roots and stubble separately. Furthermore, the
mineralization dynamics of roots and stubble are considered by the model
parameters for each crop. The model performance is compared when using the dry
matter and carbon content received from the field trial and the incubation
experiments, to evaluate the transferability. The results show that the incubation
parameters are transferable to the field site, with TRMSE < 10% for the modelled
SOC and rRMSE between 10% and 15% for the SON dynamics. This approach can
help to analyze long-term effects of unexplored and unusual organic fertilizers under
field conditions, whereat the model is used to upscale the C dynamics from

incubation experiments, considering environmental conditions.

41



I11.1 Introduction

With a rising demand of renewable energy, the number of biogas plants is growing
continuously. The hereby accrued digestates are commonly applied to cropland to
increase the carbon storage, recycle nutrients and improve soil fertility and soil
quality. The long-term effects on soil properties are hard to determine, since the
physical and chemical properties of digestates can vary significantly due to the
substrates and their composition, the technical processing in the biogas plant etc.
(Barduca et al., 2020; Nielsen et al., 2020; Zirkler et al., 2014). Due to this variety,
there is a need to evaluate the long-term behavior of those substrates, whereat
methods which are less time intense than long-term field experiments need to be

developed.

Besides chemical properties of organic amendments, the soils to which they are
applied can have a decisive impact on the carbon turnover, due to pH, soil texture,
bulk density etc. (Gami et al., 2009; Roy et al., 2014). Incubation experiments are
a common method to analyze the behavior of organic amendments in soils under
controlled conditions, with constant temperature and pre-defined water saturation.
The CO2 that is released during the microbial turnover is measured continuously.
Commonly several regression approaches or mineralization models are used to
derive information from the incubation data, but the dynamics cannot be upscaled.
The necessary transfer of those information to the field scale is quite difficult and

not clear (Sleutel et al., 2005).

Long-term field experiments are conducted, amongst other things, to analyze
organic amendments and their long-term behavior, which are influenced by climate,
field management, water supply etc.; these experiments generate the most
application-related data. However, those experiments are time and cost consuming

and significant results cannot be retrieved until a certain time span is reached.

42



Furthermore, the results of those experiments are site specific, since they are

influenced by climatic and soil specific parameters.

The modelling of field experiments, can be a possible approach to evaluate the soil
organic carbon (SOC) and soil organic nitrogen (SON) dynamics of organic
amendments. Still, the modelling poses a number of challenges for the operator.
These include the choice of an appropriate model, which vary in complexity and
scope. There are several models developed for arable lands like Century (Parton et
al., 1987), RothC (Coleman & Jenkinson, 1999), ICBM (Andrén & Kaitterer, 1997),
C-TOOL (Taghizadeh-Toosi et al., 2014), CCB (Franko et al., 2011), just to
mention some. Further the operator faces the collection of data, the
parameterization of the model, the handling of changing measurement analytics,
the choice of the initial value for the modelling, the validation of the model results
and as well a method to determine mineralization behavior of organic substrates

within the model concept.

Especially new or seldom applied organic amendments cannot be explored within
field experiments to their fullest extent. A plausible method to study the quality of
organic substrates is the modelling of incubation, as shown by Gasser et al. (2021b).
The authors used the carbon turnover concepts of six mechanistic models to model
the C dynamics of 72 incubated substrates. The hereby received parameters, which
describe the mineralization are assumed to be transferred to model the SOC and

SON dynamics on field scale.

The hypothesis that the results from incubation experiments can be used to model
the turnover of organic substrates on field scale is proposed. To validate this
hypothesis a result dataset from an incubation study (Gasser et al., 2021b) is used
to parameterize the CCB model accordingly, and applied on a field experiment
where the same organic materials that were studied during incubation are applied

as organic amendments. The data of incubated roots and stubbles are used to
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parameterize the residues used to model the field trial. The implemented N turnover
in the CCB model depends on the carbon turnover, therefore the suitability of
carbon incubation data is evaluated to calculate the N turnover of the field sites as

well.
The following questions are addressed:

i: Are the chemical properties required to characterize the organic substrates like
C-content, N content, dry matter content collected during incubation experiments,

sufficient to cover the variability of those properties during a field trial?

ii: How to calculate the Masses of roots and stubble in dependence of the main

product, to evaluate the input in the SOC cycle?

iii: Are the parameters describing the mineralization, received from modelling
incubated organic amendments, roots and stubble with the CCB model transferable

to the field site?

I11.2 Materials and Methods

II1.2.1 Field Site of Berge

The field site was situated in Berge near Nauen, an agricultural experimental
station of the Institute of Agricultural and Urban Ecological Projects at the
Humboldt-Universitit zu Berlin (IASP) (52°37'11"N and 12°47'16"E, and 51°49'N,

45 m above sea level), Germany.

Basic material for the soil generation of the site is glacial cover sand over boulder
clay. The boulder clay on the trial area has different depths, which results in a
heterogeneous soil texture from sand to loamy sand. The topsoil (0-20 cm), has a
clay content of 1.1 %, silt 9 %, sand 88.9 %. The bulk density is between 1.5 and

1.6 g/cm? while the pH value of the soil is 5.54.
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The field trial was set up in March 2011 with a one-factorial randomized block
design, with four replications. The crop rotation was: Winter rye as whole crop
silage followed by maize and in the next year winter rye as whole crop and silage—
sorghum. Fertilisers are applied twice a year before the sowing of either rye or
maize/sorghum. Furthermore it is to be noticed that all treatments have been
cultivated with winter wheat and mustard as intercrop with an N fertilization of

100 kg N ha'! as pre-management.

Five different digestates (DG) as well as farmyard manure (FYM) and cattle slurry
(SLY) were used as organic fertilisers. In addition, there was also an unfertilized
control (CRL) and one treatment receiving only mineral fertilizer (calcium

ammonium nitrate (CAN)).

The fertilizer quantities are based on the amount of applied carbon of a standard
farmyard manure (FYM) application of 12.5 t ha! a’l. (7.5 t ha! before maize or
sorghum and 5 t ha'! before winter rye). The amount of the other organic fertilisers
is determined by the amount of organic carbon (Corg) spread by the manure at
every application date, so that the amount of Corg is the same for all applied
organic fertilisers. The resulting differences in applied nitrogen are balanced by
mineral fertilization (CAN). The treatments FYM and DG D-1 start a year later

compared to the other treatments (2012).

Average inputs and operating parameters of the biogas plants providing the

digestates are given in Table III-1.

Biogas plant D wuses liquid-/solid-separation of the digestate as subsequent
treatment. The cattle slurry that serves as substrate in plant A as well farmyard

manure from plant D is used as a reference treatment in the field trial.

The climate data required for the modelling were obtained from a weather station

of the German Meteorological Service which is located next to the experimental

field.
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Table III-1: Input material and operating parameters of the four biogas plants included in the study, DG =

Digestates, DG D is separated in liquid (1) and soil (s) components.

Plant DGA DG B DG C DG D-I
DG D-s
Average 50 % cattle slurry 43 % pig slurry 86 % | cornsilage | 30% cattle slurry
Input 30 % corn silage 46 % | cornsilage | 14 % ryesilage | 30 % grass silage
15% grass silage 10% | grass silage 30% corn silage
5% fodder remains 1% grain 10 % | farmyard manure
Operating
mesophile mesophile thermophile mesophile
temperature
Retention
70 days 60 days 50 days 80 days
time

II1.2.2 Soil Sampling and Analysis

At each plot five soil samples were taken to a depth of 20 cm two times a year
(2011-2020), once after the harvest of green rye in May and then after the harvest
of either sorghum or maize in October. The soil was air-dried, sieved (<2 mm) and
analyzed for soil organic carbon (SOC) and nitrogen (Nt) content (Dumas method).
From September 2015 on, the carrier gas in the analytics was changed from helium
to argon. This leads to differences between the measurement results and a
systematic offset for the Nt measurements. To correct this, a regression was
calculated between comparative measurements with an adjusted R? = 0.9993

(Appendix B VI.2.1). This regression was used to convert the values carried out

with helium to the values carried out with argon.

I11.2.3 CCB Model Description

The used CCB model, which is a simplified version of the carbon dynamic model
in CANDY (Franko et al., 1995b) is used. It describes the turnover of decomposable
carbon in monthly time steps for average site conditions depending on crop yields

and input rates of fresh organic matter (FOM). A specific characteristic of the CCB
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model is the handling of FOM as a list of specific pools from which the C is released
to atmosphere or used to build up new SOM. The decomposition is controlled by
the FOM specific parameters kg, describing the breakdown of a specific FOM and
eta (n) describing the part of carbon that is transferred to SOM. First FOM is
moved into the pool of active SOM (A-SOM) which is interacting with the pool of
stabilized SOM (S-SOM). Additionally, the model concept includes the long-term
stabilized pool (LTS-SOM) where SOM is considered as physically protected
(Figure III-1). The nitrogen turnover is linked to carbon turnover via the C/N ratio
for each FOM pool, while the C/N ratio of A-SOM and S-SOM are set to 8.5 and
the C/N ratio of the LTS pool is calculate with the initial Nt value and the carbon
content of all SOM pools. The CCB does not consider a mineral N pool. The
microbial-driven matter dynamics in the easily decomposable pools (A-SOM and
S-SOM) are simulated in monthly time steps. This process, as well as the FOM
turnover, is controlled by site conditions like soil texture, air temperature and
rainfall. These conditions are aggregated into a Biologic Active Time (BAT in days
[d]) expressing the part time interval under the assumption that no environmental
restrictions are in place. Additionally, a matter transfer between A-SOM and LTS
pool is considered. A part of the newly built SOM (C,ep) is captured inside
micropores and thus shielded from decomposition, whereas a part of C-LTS is
released from protection and exposed to microbial turnover. Details about the CCB
modelling approach and its applications to describe SOM topsoil dynamics were

already published (Franko et al., 2011).
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Figure III-1: Scheme of the carbon turnover in CCB, organic matter in soil is subdivided into four
compartments: (1) fresh organic matter (FOM) including roots, stubble and organic amendments,
(2) biological active soil organic matter (A-SOM), (3) stabilized soil organic matter (S-SOM) and
(4) long-term stabilized soil organic matter (LTS-SOM), the fluxes are indicated as lines with the
corresponding parameters

II1.2.4 Statistical Analysis and Model Initialization

The yields, calculated stubble and root masses of the treatments, were tested for
significant differences using the ANOVA, and in the case of significant differences,
a post hoc Tukey test was performed. The normality of the data was tested with
the Shapiro-Wilk-Test, in case of not normal distributed data the Kruskal-Wallis-
Test was performed. The homogeneity of variances were tested with the Levene-

Test. The significance level was set to oo = 0.05.

The goodness of fit was compared by the root mean squared error (RMSE, Equation
9) and furthermore the relative RMSE (rRMSE, Equation 10) was calculated to
characterize the differences between observed values (O), O as mean of the

observations and predicted values (P):
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The choice of the appropriate starting value for modelling is not straightforward.
There are different approaches that all show advantages and disadvantages. In this
approach the mean error (ME, Equation 11) was used to define the start value of

each treatment.

30— P n
n

ME

All analyzes were performed with R statistics (2019).

I11.2.5 Parametrization of the CCB Model

Besides the climate data (air temperature [°C] and precipitation [mm]|), the CCB
model requires, data on soil properties as well as kg and n values, which describe
the mineralization for the organic amendments, roots and stubble. Furthermore,
chemical properties, such as C, dry matter and N content of those substrates have
to be determined. Besides the quality parameters the quantity of the organic
substrates like organic fertilisers or roots and stubble is necessary to calculate the

C and N input into the soil cycle.
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II1.2.5.1 Root and Stubble Quantity Parameters for Berge

The stubble and root mass in the CCB are calculated by a linear equation using
the dry matter main product (MPgn) to estimate ether the root (RTqn) or the
stubble dry mass (STqm) (Franko et al., 2021):

RTgm = FIX, + BIX * MPg,, 12

STgm = FIXg + RIX x STIX * MPg4,, 13

The intercept of the linear equation describes a constant amount of root (FIX,) or
stubble mass (FIX;) which is yield independent, while the slope describes a yield
dependent root (BIX) and stubble (RIX) factor. The part of stubble related to the
above ground crop residue e.g. straw, is expressed with STIX. Since all crops are
harvested as whole plant, stubble are the only above ground residues and therefor

STIX is set to 1.

The root and stubble masses that are needed for the parametrization are derived
from Hocker (2017), who analyzed these masses for different crops under different
N supply in field trials. The retrieved masses of yield, stubble and roots are used
to calculate the parameters which describe the quantity dependency of roots and

stubble on the yield of the main product.

The parametrization of the root and stubbles quantity is evaluated, by comparing
two approaches. The first method (R1) includes a yield independent part, FIX, and
FIX; unequal to 0 (Figure III-2 R1) with a lower sensitivity to the yield, while for
the second method (R2), FIX, and FIX; are set to 0 assuming the stubble and root
masses are proportional to the yield (Figure I1I-2 R2). The control (CRL) and the

mineral fertilized plot (CAN) are used to compare and evaluate both approaches.
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Figure III-2: Linear regression of main product dry matter and the stubble or root dry matter of crops; a)
linear regression with yield independent part (intercept) and yield dependent part (slope)(R1); b)
linear regression with solely yield dependent part (intercept=0)(R2); data (Hocker, 2017)

It should be noted that the regression describing the amount of sorghum roots are

strongly influenced by one data point, which causes a negative intercept (Figure

I11-2, R1 stubble). In this case, the intercept (FIX,) was forced through 0 and

therefore there is no yield independent part for the sorghum roots. The parameters

are displayed in Table I1I-2.
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Table III-2: Linear regression of main product dry matter and the stubble or root dry matter of crops; a)
linear regression with yield independent part (intercept) and yield dependent part (slope)(R1); b)
linear regression with solely yield dependent part (intercept=0)(R2); data (Hocker, 2017)

Plant residues RIX FIXs BIX FIX, RIX FIXs BIX FIXr
(R1) (R1) (R1) (R1) (R2) (R2) (R2) (R2)
Maize 0.0364 0.42 0.081 0.07 0.059 0 0.085 0
Sorghum 0.0475 1.1 0.194 0 0.107 0 0.194 0
Winter rye 0.074 0.13 0.102 1.16 0.092 0 0.258 0

II1.2.5.2 FOM Quality Parameters from Incubation Data

The CCB model distinguishes between FOM inputs as organic amendments (in this
case organic fertilisers), the incorporation of by-products and the remaining of
stubble and roots after the harvest. Those inputs have substrate specific
mineralization behavior which are received in this context from incubation

experiments.

I11.2.5.2.1 Incubation Experiments

The organic fertilisers were incubated at 20 °C and one batch over a period of 139.7
days while the second batch was incubated over 251.7 days, each with 6 replicates.
They were incubated in 40g soil with a clay content of 1 %, loam 9 % and 90 %

sand with a water saturation of 60 %.

The plant roots and stubble were incubated for 165 (3 replicates) and 300 (5
replicates) days at 22 °C in 100g soil (7 % clay, 21 % loam and 72 % sand) with a
water saturation of 50 %. Detailed information about the experimental setup and

procedure can be found in the Appendix B VI.2.3.

Gasser et al. (2021b) demonstrated in a model ensemble approach amongst other
models, the application of the CCB to incubation data. In this context kig and kj»
were fitted to the mineralization of 72 different organic substrates. Those substrates

include the organic amendments, which are applied on the field experiment in

52



Berge, as well as roots and stubble substrates of the same crops as grown in Berge.
In the approach by Gasser et al. (2021b) the parameters ki, and n of the CCB
model had been transformed to kip and kio to unitize the pool flows, which can be

retransformed by the following equations:

Kfom = k1o + K12 14
_ k12 15
kfom

The parameters (kip and kj2) were optimized to the incubation curves, using the
Levenberg-Marquardt algorithm, an example is shown in Figure III-3. The
hereby achieved model accuracy varied between a RMSE [%] of 0.6 and 3.5 for the
organic fertilizer and between 1.5 and 6.7 for the plant residues (roots and stubble).
The parameters have been retransformed to kfm and 7 as required by the CCB
model and are now labelled as such. The incubation experiments were carried out
with different temperatures and soils textures, those were considered accordingly

by the model, while the water saturation was assumed to be optimal.
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Figure III-3: Optimisation of the CCB model to the mean respiration curves of the organic amendment slurry
(SLY) with the Levenberg-Marquardt algorithm (k19 & ki2), for two batches with 6 replicates, with
a period of 140 days (RMSE = 2.38) and 252 days (RMSE = 1.45); the measured respiration (black)

and the model prediction (red)

II1.2.5.2.2 Quality Parameters for Organic Fertilisers

During optimisation for some organic fertilisers the algorithm reached the
parameter limits of the CCB model for k¢, and 7 resulting in no valid solution of

kfom and n predicting the incubation trend. In this case only the valid parameters

of the batch (N

2) where the limits were not reached are used. This accounts for

FYM and DG D-s (N=1). The C/N ratio, dry mass, ko, and n values of the organic
amendments, which result from the analysis of the incubated organic fertilisers are

presented in Table III-3.
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Table III-3: kom and n vaules, as well as chemical properties like C/N ratio, dry matter content and C
content of the organic amendments, roots and stubble, derived from the incubation experiment
(N=2, * N=1) and the mean RMSE [%] of the model fit to the respiration curves of the organic

substrates
Organic Dry matter C content Mean RMSE
kfom [d'l] n [-] C/N [-]
substrates [%] [%] [%]
SLY 0.2445 0.55403 10.4 9.2 41.5 1.91
FYM 0.0951* 0.67062* 12.8 23.7 32.1 0.68*
DG A 0.32917 0.81297 5.8 6.7 37.7 1.68
DGB 0.10606 0.5913 5.6 4.1 39.6 2.14
DG C 0.33322 0.74272 5.4 6.7 47.4 2.67
DG D- 0.26218 0.76117 5.2 7.1 39 1.65
DG D-s 0.2146* 0.80332* 13.5 21.3 40.3 1.16*
Maize stubble 0.067 0.313 73.0 - 42.0 3.78*
Maize roots 0.124 0.418 55.7 - 37.8 2.86
Sorghum stubble 0.073 0.258 57.0 - 41.0 6.13
Sorghum roots 0.112 0.456 43.4 - 334 2.72
Winter wheat
0.070 0.258 86.0 - 42.0 5.2
stubble
Winter wheat
0.139 0.579 34.7 - 35.6 2.14

roots

When transferring the incubation results to field scale, the question arises how
comparable the laboratory results are with those measured in the field trial. The

CCB model calculates the amount of added carbon by multiplying the dry matter
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with the carbon content of organic amendments. Both properties vary over time
and different batches of organic amendments. Figure III-4 shows the carbon
concentration of the organic amendments on the field trial (C1) and the carbon
concentration of the incubation experiment (C2). Both values are tested for the

SOC modelling and the results are compared in a later section (1I1.3.2).
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Figure III-4: Carbon concentration of the organic amendments from the field trial (histogram) and incubation
experiment (X) (N=2); bars represent standard deviation (N=9).

I11.2.5.2.3 Quality Parameter for Plant Residues (Roots and Stubble)

The values for ki, and 1 (ki & ki2) for the plant residues were also obtained from
Gasser et al. (2021), whereby the analyzed incubation experiments were conducted
for fine and coarse roots separately. Due to the different mineralization behavior of
coarse roots (relatively fast) and fine root (relatively stable)(Gasser et al., 2021b),
kiom and n were weighted according to their ratio, derived from Hocker (2017) (see
Appendix B VI.2.3.2). For green rye no incubation data was available, therefore
the incubation data of winter wheat was used instead. The k¢, and n values of

roots and stubble used for the simulation of the field site in Berge are shown in
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Table III-3. The C/N ratio of the plant material was taken from Mewes (2017) who

conducted the incubation experiments for the plant residues.

I11.3 Results

II1.3.1 Analysis of the Field Experiment

The mean yields for each treatment are displayed in Table III-4. Yields for winter

rye have a normal distribution, whereas yields for maize and sorghum are not

normally distributed. Hence the Kruskal-Wallis test was performed, which shows

no significant differences between yields and treatments, maize p-value = 0.6186,

sorghum p-value = 0.8446. The analysis of variance homogeneity showed that the

variances are homogeneous for all crops. For winter rye, the ANOVA showed

significant differences between the treatments (p-value = 0.0003), which is why the

post hoc Tukey-test was performed. The CRL treatment was significantly different

from CAN (p-value = 0.0004), SLY (p-value = 0.0011), DG A (p-value = 0.0356)

and DG C (p-value = DG D-s (p-value = 0.0026), while all other treatments showed

no significant differences.

Table III-4: Mean yields [t*hal] and standard deviation for crops and treatments, within the year 2011
(*2012) -2020

treatment winter rye sorghum maize

CRL 8.436 £ 7.75 19.644 £9.44 24.600 £ 11.96
CAN 26.426 +9.25 33.084 +17.51 33.587 +17.05
FYM* 20.964 + 8.35 28.699 + 16.38 33.653 £ 13.52
SLY 25.443 £ 8.54 32.642+17.39 39.673 +16.36
DG A 21.237 £8.06 27.520 + 14.66 38.246 +14.73
DG B 18.748 + 7.88 28.920 + 14.69 37.599 + 16.06
DG C 21.426 +£7.68 29.137 +£16.24 41.492 +11.51
DG D-s 24.515+6.91 32.295 +18.27 38.562 + 11.55
DG D-I* 15.090 + 8.89 22.893£9.49 34.167 8.28
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Root and Stubble Quantity Parametrization

The two methods R1 and R2, which describe the quantity parametrization for roots
and stubble are compared in Figure III-5. R1 with a yield independent part and
therefore a lower yield dependency and R2 without a yield independent part and a

higher yield dependency were tested at the CRL plot.
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Figure III-5: Mean measured Corg (markers) and sd (N=4) for CRL treatment, output of the model with
parametrization of root and stubble dry mass from linear equation considering yield dependent and
yield independent part (blue, R1) vs. equation considering only yield independent part (red, R2),
initialized with ME

The model fit can be improved with method R2, with a reduction of the RMSE by
0.045 g/kg (for the CAN treatment the RMSE gets reduced by 0.004 g/kg). Thus

method R2 has been used for further calculations.

The resulting masses of stubble and roots which were calculated with the R2

method are displayed in Appendix B VI.2.3.2. No significant differences between
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the treatments and corresponding stubble or root masses of the crops have been
detected after the described procedure in the section II1.2.4, except for the control

treatment of winter rye roots and winter rye stubble.

II1.3.2 Organic Amendments Quality Parametrization

The comparison of the model results, using the carbon concentration measured
during the field trial C1 and for the incubation experiments C2, shows no superior
performance for one of the applied methods. For FYM, SLY, DG B, DG D-s the
used dry matter and carbon concentration measured in the field improve the RMSE
le/kg] while for DG C, and DG D-l the properties measured for incubation
experiment reduce the RMSE (Table III-5). The difference between the two
methods is very small that it does not lead to a clear preference of one method over

the other.

Table ITI-5: RMSE [g/kg] of the CCB output ( Corg) using the mean dry matter content and carbon content
of organic amendments from the field trial (C1) and the incubation experiment (C2), residual mass
calculate with method R2, initialization with ME

FYM SLY DGA DGB DGC DG D-s DG D-I

RMSE C1 0.584 0.401 0.401 0.366 0.429 0.446 0.511

RMSE C2 0.600 0.409 0.406 0.375 0.425 0.456 0.503

I11.3.3 CCB Model Results and Validation

The final modelling of the field trial was conducted with the FOM quantities of
stubble and roots calculated with the method R2 and the C concentrations of the
organic amendments are taken from the incubation experiments (C2). Figure II1-6
shows the mean values with standard deviation for the Corg measurements, the
corresponding regression and the results of the CCB model for all treatments. The
corresponding RMSE, rRMSE and sd of the observed Corg values are displayed in
Table III-6. The CRL and the CAN treatment show a negative trend over the
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observed period, this trend is captured by the regression as well as by the CCB
model. Nevertheless the CCB model overestimates and shows a much smaller
decrease in Corg for CRL and CAN treatments compared to the regression. In
contrast, the regression and the CCB model display an increase in SOC for the
other treatments. The CCB model estimates a smaller increase in Corg for the F'YM

treatment compared to the regression, this accounts especially for later years.
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Figure III-6: Mean measured Corg (markers) with sd (N=4, 0-30 cm), CCB simulation (red line), CCB
initialized with ME for each treatment, parametrization of residues R2, and chemical properties
from incubation experiments (C2), regression (blue line), CRL = Control, CAN = mineral fertilizer,
FYM = farm yard manure, SLY= slurry, DG = Digestates, s = solid fraction, 1 = liquid fraction
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Table I1I-6: RMSE [g/kg] and rTRMSE (%) for the modelled treatments with CCB and the mean (N=4)
observation of the treatments, mean standard deviation (sd) for Corg and Nt measurements (N=4)

treatment RMSE SOC sd Corg rRMSE RMSE SON sd Nt rRMSE

SOC SON

CTR 0.361 0.416 5.87 0.077 0.054 13.35
CAN 0.422 0.359 6.62 0.073 0.053 12.25
FYM 0.600 0.537 8.76 0.98 0.064 14.96
SLY 0.409 0.345 5.96 0.081 0.048 12.52
DG A 0.406 0.349 5.81 0.077 0.048 11.64
DG B 0.375 0.375 5.54 0.074 0.063 11.66
DG C 0.425 0.587 6.17 0.065 0.059 10.12
DG D-s 0.456 0.350 6.48 0.072 0.053 10.90
DG Dl 0.503 0.371 7.61 0.095 0.043 14.99

Figure III-7 shows the Nt turnover of Berge. The regression indicates a negative
trend of Nt for the CRL and CAN treatment, while the CCB model predicts a
slightly decrease for Nt in the CTL treatment and stable Nt dynamics in the CAN
treatment for the given period. For all treatments with organic amendments the
data shows stable or slightly increasing Nt concentration. The CCB prediction

indicates a slight increase for those treatments.
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Figure III-7: Mean measured Nt (markers) with sd (N=4, 0-30cm), CCB simulation (red line), initialized
with ME for each treatment, parametrization of residues with R2, and chemical properties from
incubation experiments (C2), regression (blue line), CRL = Control, CAN = mineral fertilizer, FYM
= farm yard manure, SLY = slurry, DG= Digestates, s = solid fraction, | = liquid fraction

111.4 Discussion

In mechanistic carbon models, commonly at least one parameter describing the carbon
turnover or the pool sizes gets calibrated to fit the field measurements (Benbi et al.,
2002). In this study no model parameter was optimized to the field data expect for the
initial value, instead the CCB model was fitted to the carbon turnover of incubation
experiments, including organic amendments, roots and stubbles, with substrate specific
kfom and 7 values. The modelling of the respiration curves showed overall good results

(Table II1-3) only for sorghum stubble and winter wheat stubble the RMSE was slightly
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higher, which can be caused by fluctuating respiration curves. Uncertainties arise from
the incubation data for green rye, since it is sowed every year on the field site but no
incubation data for the stubble and roots of green rye were available. Instead, the
incubation results of winter wheat were used which are assumed to be the most similar
to green rye and do not differ in chemical properties vital from green rye (Edmisten et

al., 2008).

Further uncertainty can arise from the variability of the organic amendments
applied on the field site. The physical and chemical properties for the organic
amendments vary over the time, depending on the batch, while the CCB model
uses constant parameters, which can lead to an over or under estimation of dry
mass, C and N content. The comparison of the average chemical parameters of the
organic amendments applied to the field (C1) and those derived from the laboratory
(C2) vary only slightly. Moreover, for two treatments the chemical parameters
derived from incubation are not within the standard deviation of the field values
(Figure III-4). Also the RMSE for the modelled SOC values does not show big
differences between method C1 and C2 and for the here considered field trial the
chemical properties of the organic substrates received from the incubation

experiments can be used to model the field trial with good results.

The model outcome of the CCB slightly underestimates the SOC loss of the Control
treatment but the results are still within the standard deviation of the observed
Corg values and the rRMSE with 5.87 is in a good range. The separate
implementation of roots and stubble in the CCB and the parameterization of their
dynamics in the laboratory enable the observation of the influence of roots, stubble
and organic fertilizers on the SOC dynamics in the field in much greater detail.
Levavasseur et al. (2020) used IROC values to parametrize the AMG model, with
overall good results except for the control treatment, their explanation are the
inappropriate allometric coefficients for roots. The here presented methods R1 &

R2 were explicitly tested on treatments without the influence of organic
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amendments, which lead to an improved model accuracy and RMSE values which
are smaller than the sd of the observed Corg values. Nevertheless the observed data
still indicate a linear trend, which is due to the short period of the field trial and a
longer period would lead to more pronounced dynamics. The CRL and the CAN
treatments receive no addition of organic amendments and both treatments show
a decrease in Corg and Nt. The calculated amounts of stubble and roots don’t vary
significantly across treatments. Hence, rise in Corg for the treatments with addition
of organic amendments depends mainly on the input of Corg throughout the
amendments and is not caused by the increase of net primary production and
therefore more residues. The CAN treatment has the highest yields among others
but still shows a decrease in Corg, Maltas et al. (2018) found similar results in their
research, where the increase in crop does not induce an significant increase in Corg.
Furthermore the statistical analysis of the yields shows that there are only
significant differences in the yield between the treatments, of winter rye between
the CRL and some treatments with organic amendments. Most likely the field trial

needs to be continued for several years to observe significant effects.

Overall, the modelled SOC values show a good fit (Figure III-5) with rRMSE
between 5.8 and 8.7 %, which is comparable to other studies (Begum et al., 2017;
Franko et al., 2021; Levavasseur et al., 2020). Furthermore the RMSE and the
mean sd of the observed Corg values are in a comparable range, thus the measuring
errors and the variability of the plots is in the same scale as the model error. The
reason why the FYM and DG C-1 treatment shows a higher rRMSE compared to
other treatments could be due to the optimization to the incubation data where
one incubation batch could not be modelled because the CCB model reached its
parameter limits since its mineralization was too low. Therefore incubation
experiments should be conducted on different batches of organic material to cover
their variability, due to the composition of parent material, the processes in gas

plants and other influencing factors. Furthermore, the parameter limits could be
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extended to model more resilient substrates in the incubation experiment. While
for the modelled SON values the rRMSE is above 10 % and the RMSE = 0.01 [g/kg]
for each treatment, the parameters might not be as easy transferable, since the
SON calculation in the CCB model depends on the dynamics of carbon turnover
and the mineral nitrogen pool is not considered. Furthermore the Nt data shows
high variability, the first data points had to be adjusted due to the change in
analytics, which can lead to inaccuracies. Further studies with N incubations as a

basis could be a solution to improve the model accuracy.

I11.5 Conclusions

This study successfully demonstrated how model parameters and chemical
properties derived from incubation experiments can be transferred to model field
experiments without many adaptations or optimisation of parameters to the field
site. Those site-independent parameters are particularly important for scenario
calculations and regionalization and can help to predict the behavior of organic
amendments under field conditions. They are transferable to other sites with
different environmental conditions, because the climate and soil functions
implemented in the model can be adapted to the new sites. Also more uncommon
substrates could be analyzed with incubation experiments and combined with
model predictions, be a cheaper and less time intense approach to evaluate the
long-term behavior of selected substrates compared to field experiments. While the
N dynamics which rely on the C dynamics are not as easy transferable to the field

site and needs further investigation.
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Contextualization

In Chapter III the upscaling of the parameters from incubation experiments was
demonstrated and approved to be valid. Further methods to parametrize the
residues according to their quantity were tested and applied. Those approaches will
be further used in chapter IV to generate the parameters for org. amendments.
Moreover, the CCB model will be re-established as the CNP-model with a novel P-
module. The P-module comprises mineral P pools, as well as organic P turnover
dynamics. The methods introduced in chapter I and III allow to account for diverse
org. amendments, considering their specific turnover dynamics and nutrient
compositions. P is one of the most important plant nutrients, it has an economic
and environmental impact and the modelling of its dynamics can help to improve
management strategies and be used to guide policy making. The inclusion of the P-
module therefore is a consequent step towards a holistic view of soils and

fertilization practice.
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IV. Simulating the Soil Phosphorus Dynamics of Four
Long-Term Field Experiments with a Novel

Phosphorus Model

S. ANTON A. GASSER, KERSTIN NIELSEN, BETTINA EICHLER-LOBERMANN, MARTIN
ARMBRUSTER, INES MERBACH, UWE FRANKO

ABSTRACT

Phosphorus is a non-renewable resource which is required for crop growth and to
maintain high yields. The soil P cycle is very complex, and new model approaches

can lead to a better understanding of those processes and further guide to research

gaps.

The objective of this study is to present a P-submodel which has been integrated
in the existing Carbon Candy Balance (CCB) model that, already comprises a C
and N module. The P-module is linked to the C mineralization and the associated
C-pools via the C/P ratio of fresh organic material. Besides the organic P cycling
the module implies a plant available P-pool (P,y), which is in a dynamic equilibrium
with the non-available P-pool (P,,) that comprises the strongly sorbed and occluded

P fraction.

The model performance was tested and evaluated on four long-term field
experiments with mineral P fertilization, farm yard manure as organic fertilizer and
control plots without fertilization. The C dynamics as well as the P,, dynamics
were modelled with overall good results. The relative RMSE for the C was below
10% for all treatments while the relative RMSE for P,, was below 15% for most

treatments.

To accommodate for the rather small variety of available P models, the presented
CNP-model is designed for agricultural field sites with a relatively low data input,
namely air temperature, precipitation, soil properties, yields and management
practices. The CNP-model offers a low entry threshold model approach to predict

the C-N and now the P dynamics of agricultural soils.
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IV.1 Introduction:

In the last decades a lot of effort has been made to analyze carbon and nitrogen
cycling in soil and to develop models which represent those processes. A further key
element for plant nutrition is P which is responsible for plant growth, reproduction
and energy transfer within the plant. In agriculture, mineral P is used as fertilizer
but P reservoirs are limited and depleting (Sulieman et al., 2021; Yan et al., 2022).
Therefore, P cycling gains a rising interest in agricultural praxis. Hereby the
application of organic amendments can be an essential part in closing the P cycle.
Besides fertilization, P occurs naturally in bedrock and is slowly released through
weathering of P-bearing minerals (Dzombak et al., 2020). For some regions, P input
through deposition can play an important input factor (Vet et al., 2014), however
erosion and leaching processes are an important output pathway where P can get

lost into hydrological systems (Alewell et al., 2020).

In soils, P occurs in different species. Water dissolved P, which is directly plant
available, while weakly adsorbed P can be made available by plants e.g. through
root exudates. Furthermore, P can be bound to aluminum (AL) or iron (FE)
complexes or organic compounds. The organic bound P is linked to the C cycle and
occurs in biomolecules, such as nucleic acids, phosphoproteins, sugar phosphates,
and inositol phosphates (Wang et al., 2021). There is a wide variety of analytical
extraction method for different P species like calcium acetate extractable P, double
lactate extractable P, Olsen P, Mehlich 3, just to mention some (Wuenscher et al.,

2016).

While those measurable P species represent the extraction method, in model
approaches P species often get aggregated in conceptional pools which interact with
each other. The choice of pools has to be adapted to the complexity of the analyzed
system, the data input, the evaluation between complexity and sufficient accuracy.
There are some models addressing P turnover in soils: the DDPS model (dynamic

phosphorus pool simulator) comprises two pools on spatial scale with annual steps
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(Sattari et al., 2012; Zhang et al., 2017), whereas the APLE (Annual P Loss
Estimator) model calculates the P dynamics on annual scale with three inorganic
P-pools and an organic one (Vadas et al., 2012). The LePA (legacy phosphorus
assessment) model considers three inorganic P-pools with P fluxes on annual steps
(Yu et al., 2021). However, none of these models considers the organic P cycle
separately. In DDPS, organic P is assumed to be part of the labile and stable P-
pools but it is not considered that P gets released during mineralization of C or
bound during the building up of soil organic matter (SOM). APLE assumes a fix
rate of organic P which is not mineralized at the end of the year, not considering,
environmental conditions, the date of application nor chemical composition of the
organic amendments. Neither do they calculate the crop P uptake, rather fix
numbers are assigned (DDPS) (Sattari et al., 2012) or the soil P content is used to
calculate crop uptake with linear regressions, which are site specific (LePA.)(Yu et

al., 2021)

The P model approach presented in this paper is integrated into the existing CCB
model (Franko et al., 2011), which already comprises C and N modules and targets
arable soils requiring small data input on a monthly time scale. From now, on this
model is labeled as CNP-model. In addition to the mineral P fractions, the new P-
module also deals with an organic P fraction, where the P turnover is coupled to
the C mineralization of the three SOM-pools of the CNP-model. Notably, each fresh
organic matter (FOM) input is characterized by specific mineralization parameters
and a FOM specific C/P ratio. Furthermore, the P-module describes an easily
available P (P,y) fraction, which is considered as plant available pool. The P ,-pool
acts as active pool which is responsible for the translocation of P into other pools
and serves as first sink for P inputs. The P,y-pool is in a dynamic equilibrium with
the non-available pool (Pp,) which represents the bound and occluded P species.
All P associated to the SOM pools, the P,y-pool and the Py,-pool, form together

the total P fraction.
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Long-term field experiments (LTE) are most suitable for examining P fertilization
management on the soil P status. They enable studying complex fertilizer turnover
processes in soils operating on long time scales under environmental conditions.
Thus they provide an overview of the effectiveness of fertilizer management on
nutrient mobilization, transformation, translocation, and uptake by crops (Siebers
et al., 2021). Furthermore, LTEs provide sufficient data to validate model concepts
for P dynamics which are not as easy predictable as C and N dynamics due to high

complexity.

For this study four LTEs where used to evaluate the P model. The LTEs are located
across Germany with different soil types and have different crop rotations. The
input data requirement for the CNP-model is relatively low needing air
temperature, precipitation, crop yields and management (e.g. ploughing, irrigation,
time of seeding and harvest), fertilizer inputs, as well as soil properties like clay
and silt content, bulk density and initial values for C and P. The model validation
was performed on control plots without fertilizer amendments, mineral fertilized
plots and plots with farm yard manure (FYM) as organic fertilizer. Thus, common
mineral and organic treatments are used to evaluate the model performance.
Moreover, the model is tested on non-fertilized plots to conclude about

anthropogenic unsupplied P soil processes.

Agricultural process models can serve as tool to conclude about nutrient dynamics
and can help to identify research gaps and provide practical support for farmers
and stakeholders. Therefore, the aim of this study is to present the P soil model
approach, to validate its performance and to test the model concept on different

soils, and management practices.
The main objectives of this study were:

i: Introduce and describe the P model concept.
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ii: Validate the P-module on four long-term field experiments with control plots,

mineral fertilization and organic fertilization, with different soil properties.

iii: Evaluate the model performance compared to the field measurements.

IvV.2

1V.2.1 Field Trials

Material and Methods

Four different field trials were considered for the model evaluation. The field trials

were situated across Germany, in Bad Lauchstéddt (BL) in Saxony-Anhalt, Berge

(BG) in Berlin, Speyer (SP) in Rhineland-Palatinate and Rostock (RO)

Mecklenburg Western Pomerania. The required weather data was received from

the closest weather station to the test site.

The validation of the P-model was conducted on the control plots (CRL), plots

with mineral fertilization (MIN) and plots with farmyard manure (FYM)

application. A brief overview is given in Table IV-1.

Table IV-1: Soil properties of field trials for the upper 30 cm, the considered period of the trial and fertilizer

application
Field Clay Silt Sand Soil Period CRL MIN FYM Location
trial [%] [%] [%] pH [years] [kgha-1a-1] [kgha-1a-1]
BL 21 68 11 7 1950- No fertilizer N:40-170, 30tha-1 51°23'25.8"
2019 P: 0-60 biennially N
No Pand N 11°52'49.1"
E
BG 1.1 9 89.9 5.5 2011- No fertilizer N~250,noP 125tha-1a- 52°37'11"N
4 2022 1 12°47'16"E
NoPandN
RO 7.65 245 67.85 5.6 1999- N: 160, no P P:21.8, 30tha-1 54°03'41.6"
4 2014 N:150- 200 triennially N
NoPandN 12°05'07.2"
E
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SP 9 20 71 6 1984- No N, P: 30 P:30, N: 30t ha-1 49°21'40”N
2018 200-240 triennially, P 8°25’14"E
30 kg ha-1 a-
1,NoN

In the LTEs of BG, BL and RO the available P species was measured as double
lactate soluble P (DL-P), since this is common for the northern part of Germany.
Due to the replacement of the DL-P Method, the values were transformed to
calcium acetate lactate soluble P (CAL-P) following van Laak et al. (2018) using

the equation:

CALp[mg xkg™']1 =8+ 0.61 « DLp[mg = kg™1] 16

IvV.2.1.1 Berge (BG)

The field trial was set up in March 2011 with a one-factorial randomized block
design, with four replications. The crop rotation was: Winter rye as whole crop
silage followed by maize and in the next year winter rye as whole crop and silage—
sorghum. Fertilizers were applied twice a year before the sowing of either rye or
maize/sorghum. Furthermore, it is to be noticed that all treatments have been
cultivated with winter wheat and mustard as intercrop with an N fertilization of

100 kg N ha'! as pre-management.

The fertilizer quantities were based on the amount of applied carbon of a standard
farmyard manure (FYM) application of 12.5 t hat a'! (7.5 t ha'! before maize or
sorghum and 5 t ha'! before winter rye). The amount of the other organic fertilizers
is determined by the amount of organic carbon (Corg) spread by the manure at
every application date, so that the amount of Corg is the same for all applied
organic fertilizers. The resulting differences in applied nitrogen were balanced by

mineral fertilization.

At each plot five soil samples were taken to a depth of 20 cm two times a year

(2011-2020), once after the harvest of green rye in May and then after the harvest
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of either sorghum or maize in October. The soil was air-dried, sieved (<2 mm) and
analyzed for soil organic carbon (Dumas) and phosphorus content (double lactate

method).

IvV.2.1.2 Bad Lauchstiddt (BL)

The Static Fertilization Experiment in Bad Lauchstéddt was set up in 1902 on an
area of 4 ha, divided into 8 fields of which the third was used. The experiment has
a systematic design without replications. The analyzed plots were fertilized with
organic manure donation of 30 t/ha every second year. Further, a plot series
without any addition of manure was established. Besides the organic fertilization
the plots were further subdivided into plots with mineral fertilization with the
addition of NPK and without mineral fertilization. The level of mineral fertilization
has been geared to breeding progress from the very beginning. Farmyard manure,
P and potassium (K) are applied every two years after the harvest of cereals.
Cereals receive two mineral N applications: at the beginning of vegetation and at
the beginning of tillering. Silage maize is N-fertilized before sowing. N is fertilized
as calcium ammonium nitrate, P as triple superphosphate (TSP) and K as 60 %
potash. The harvested crop, including the by-products, is driven off the field. The
crop rotation was sugar beet-spring barley-potato-winter wheat until 2014. In 2015,

the sugar beet and potato were replaced by silage maize.

The soil samples were each taken after harvesting with a grooved auger at a depth
of 0-20 cm, dried, sieved (2 mm) and analyzed (SOC after dry burning -elemental
analysis, P double lactate (DL)-extract with photometry/F-AAS). Details can be
found in Kérschens (2000).
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IV.2.1.3 Rostock (RO)

In autumn 1998 the field trial was established as randomized slit-plot with four
replication. Rather than having a fix crop rotation, the field trial was cropped with
varying crops, starting in 1999 with spring rape followed by spring barley (2000),
spring wheat (2001), spring rape (2002), winter wheat (2003), winter barley (2004)
winter rape (2005), maize (2006-2008), sorghum (2009, 2010), sunflower (2011),
winter rye (2012) and maize (2013, 2014). Furthermore, intercrops have been
cultivated in the years 1999, 2000, 2001, 2002 with an intercrop mix, 2006 with

buckwheat, 2007 with mustard, 2008 with a rye mix, and 2009 with green rye.

For this study the control treatments with no addition of P, the mineral plots with
fertilization of TSP, and the plots with cattle manure where chosen. TSP was
applied annually at a rate of 21.8 kg P ha’! while the manure was applied every
three years at about 30 t ha't (1998, 2001, 2004, 2007, 2010, and 2013) (Zicker et
al., 2018).

The soil sampling was carried out twice per year in February/March and September
in the upper soil layer (0-30 cm) with four spatial replications (samples from each
spatial repetition consisted of ten to 15 subsamples). Soil samples were air-dried
and sieved (2 mm) and plant available P was extracted with double-lactate

solution.

Iv.2.1.4 Speyer (SP)

The test site is located in the Upper Rhine valley north of Speyer (Germany) at 99
m above NN. The soil is a cambisol developed from loamy sand with a low field
capacity of 10 %. The average annual rainfall is 600 mm and the average annual
temperature is 10 °C. Due to the low water capacity the trial is irrigated if

necessary.

The field trial was performed within the International Organic Nitrogen

Fertilization Experiment (IOSDV) to investigate the interaction of a combination
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of organic and mineral fertilization. The experiment with a three year crop rotation
of sugar beet, winter wheat, and winter barley was established in 1983.

Additionally, since 2004 different soil tillage methods were investigated.

The different fertilization treatments were set up based on a full-factorial design on
plots with a size of 6 m * 7.5 m with three replicates for each treatment but with
a shifted crop rotation. The chosen plots were fertilized with mineral N application
of 0 and 240 kg N ha! yr! for sugar beet, 0 kg N ha'! yr'! for winter wheat and 200
kg N ha'! yr! for winter barley. All plots received P fertilization, therefore there is
no real control plot (CRL"). Farmyard manure was applied at a rate of 30 t ha’l

ahead sugar beet. The intercrop received 50 kg ha™! mineral nitrogen fertilizer.

Mineral fertilization with basic nutrients is carried out in all variants in a uniform
manner with an average (1984-2018) of 30 kg P ha'! yr'!, 118 kg K ha™! yr! and 32
kg Mg ha'l yrl. Details about the field experiment can be found in Korschens
(2000).

IV.2.2 Model Description
IvV.2.2.1 Carbon Module

The CNP-model is an enhancement of the CCB model (Franko et al., 2011) where
a new P-module is coupled to the C-model of the CCB. The C-module describes
the turnover of decomposable carbon in monthly time steps depending on site
conditions, crop yields and input rates of FOM. A specific characteristic of the CCB
model is the handling of FOM as a list of specific pools from which the C is released
to atmosphere or used to build up new SOM. Each FOM entry in that list also
comprises a specific C/P ratio. The decomposition is controlled by the FOM specific
parameters keom describing the FOM breakdown and eta (1) describing the part of
carbon that is transferred to SOM. First, FOM is moved into the pool of active
SOM (A-SOM) which behaves like the microbial biomass that is interacting with

the pool of stabilized SOM (S-SOM) and acts as the mineralization driving pool.
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Additionally, the C model includes the long-term stabilized pool (LTS-SOM) where
SOM is considered as physically protected. All this processes, as well as the FOM
turnover, are controlled by site conditions like soil texture, air temperature and
rainfall. These conditions are aggregated into a Biologic Active Time (BAT in days
[d]) expressing the part time interval that would be required under optimal
conditions in the laboratory to produce the same C-turnover as under real
conditions in the field. Additionally, a matter transfer between A-SOM and LTS
pool is considered. A part of the newly built SOM (C,ep) is captured inside
micropores and thus shielded from decomposition, whereas a part of C-LTS is
released from protection and exposed to microbial turnover. Details about the CCB

modelling approach and its applications to describe SOM topsoil dynamics were

already published (Franko et al., 2021; Franko et al., 2011).

1v.2.2.2 P-module

The new P-module links the organic P cycle to the C-pools A-SOM, S-SOM and
LTS which are aggregated to Psom in Figure IV-2. When FOM enters the system,
a part gets transferred into the SOM-pools (Figure IV-2 [2]), while another part
gets mineralized and P is released (PFOM(min)) and transferred to the P,-pool
(Figure IV-2 [3]). During C mineralization of the SOM-pools the C assimilated P
moves through these pools. The C/P ratio for the SOM-pools is assumed to be 186
(Cleveland et al., 2007). A-SOM ether controls the release of organic P during the
mineralization of SOM (Psom(min)) (Figure IV-2 [4]) or the sequestration into a
SOM-pool with a longer detention time (S-SOM or LTS for detail description see

section 2.2.1).

Additionally the P-module comprises an available P-pool (P,y), which represents
the plant available P species including dissolved P and easily sorbed P. The P -
pool is in an equilibrium with the non-available P-pool (Py,) (Figure IV-2 [9, 10]).

This pool represents the P which is strongly sorbed to the mineral phase of the soil.
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The equilibrium is described by the function:

PS =0.6226 + P,,, * 0.0131 + clay * 0.0214 — SOC * 0.0621 — In(silt) 17
x 0.2085

Where the function is influenced by the current state of P,, and SOC content as

well as by the clay and the silt content of the soil. PS represent the relation between

P., and Py
Pra
Where P,, can be calculated:
Paa = Pt — Py — Psom 19

The observed PS value can be received from measurements with formula 3 and 4
with given Pt, Pav and SOC values assuming SOM has a C/P ratio of 186. The
calculated PS value can be obtained from formula 2, the relation between those

approaches is displayed in Figure IV-1 which match the identity line.
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Figure IV-1: Observed PS calculated with formula 3 and the modelled PS received with formula 2, red: the
identity line (1:1)
The plant uptake is withdrawn from the P,-pool (Figure IV-2 [11]), while the
amount is calculated trough the production of biomass, distinguishing between
main product, by product, stubble and roots. With the harvest of crops, P (Perop)
gets removed (Figure IV-2 [13]) from the system while stubble and roots enter the
P cycle as FOM (Figure IV-2 [12]). Mineral P fertilizer (Pgyt) enters with 80 % into
Pav and with 20 % into Py, (Figure IV-2 [7, 8]), while a constant amount of P

enters through weathering (Py,) or deposition directly into the P,-pool (Figure IV-2

[6])-

On a monthly base (i), the state of the P,y-pool is calculated as:

Pay(i+1) = Pav(iy T Psom(min(i)) T Prom(minci)) + Pw() + 0.8 * Prereiy + Praiy 20

>"’C_Pav(i) *K*Z; _Pcrop(i)

Where x represents a constant site specific parameter and z is expressed as:
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1 21

Z=E

And the corresponding P, value is calculated with equation 7:

Pragi+1) = Pra@) — Praq) * & + Pav@) * % 2 + 0.2 % Prope(py 22

The total Phosphor (P;) comprises the Py, Pya and Pson pools:

Piiv1) = Pavy T Pray + Psom) 23

organic

amendments
iy 8 i & ] et T
| 1 |
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Figure IV-2: Visualization of the P fluxes in the CNP-model; 1: External input of organic amendments like
farm yard manure; 2: P transferred from FOM-pools to SOM (A-SOM), 3: P transfer into Pav

during C mineralization depending on the C/P ratio of FOM; 4: P release during C mineralization
of SOM; 5: P uptake of SOM from P,y during the buildup of SOM (details in the description of the
C module); 6: P input into Pay trough weathering; 7: 80% mineral P input into Pay through mineral
fertilizer; 8: 20 % mineral P input into Py, through mineral fertilizer; 9: %, the flux from Py, to Pay

(site specific); 10: the flux from Pay to Pra, x *z (z depends on PS); dark grey boxes: total P; 11:
Crop P uptake into main product, by-product, stubble and roots; 12: FOM-P input trough stubble

and roots of the crop; 13: P removal with main product and by-product
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Iv.2.2.3 Initialization

The P dynamics depends on the C turnover of the examined soil system. Therefore
the C mineralization has to be initialized first with feasibly good results, to improve
the P modelling results. The C-module was initialized by minimizing the mean

error, with the integrated function of the CNP-model.

For the initialization the P-module requires a x value which is site specific and was
chosen to fit the CRL plot as well as possible, with respect to good results of the
other plots. Furthermore, a start value for the P,,-pool is required and a Py value
which gets calculated internally if not provided where P, can be calculated from

P, and PS:

_ Py 24

Psom gets calculated according to the distribution of C into the C-pools. The
weathering rate was assumed to be 1 kg ha'! a-1 except for BL which was set to 5

kg ha'l al.

Table IV-2: The x values for each plot received by optimization and the initial Pay and Pt values for the

plots
CRL initial value MIN initial value FYM initial value
LTE K Pav Pt Pav Pt Pav Pt
BG 0.009 10 48 10 51 10 46
BL 0.002 4 50 4 40 4 63
SP 0.0035 20,23,27 43,42,44 16,20,20 42,48,50  23,20,26 37,40,42
RO 0.011 3.2 60 3.2 58 3.2 60
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Iv.2.2.4 Parametrization

The C-model requires on the one hand parameters to determine the quality of FOM
as well as parameters which describe the quantity of FOM in terms of the amount
of crop residues at a certain yield. The quality of each FOM unit is defined by the
dry matter content and the C content, separating FOM into organic fertilizers, by-
products which remain on the field, stubble and roots as well as the incorporation
of catch crops. Furthermore the quality is described by the FOM specific
mineralization parameters of the CNP-model. With kg, which is the turnover
coefficient of FOM and 7 the synthesis coefficient which describes the relation
between COs release to the composition of A-SOM. Furthermore, the C/P ratio of
each FOM unit is required. The quantification of Crop input is described by linear
functions between the main product and the corresponding amount of by-product,
stubble and roots (Franko et al., 2021; Gasser et al., 2021b; Gasser et al., 2022).
This is of importance for the SOM cycle as well as for the organic P cycling in the
model. The input of each FOM unit needs to be specified and can have different
parameters for the mineralization as well as for the chemical composition, resulting
in different qualities for each FOM input. Furthermore, for each FOM input the
C/P ratio of the stubble and roots needs to be defined. An overview of the used

parameters is given in Table IV-3.
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Table IV-3: the main crop parameters required by the CNP-model, with the dry matter (dmmp), as well as
the C and P content (%) of the main product (mp), stubble (st) and roots (rt); C/P ratio of stubble
and of the roots; Stix, Fixs and Rix are the parameters to calculate the amount of stubble in
dependence of the main product; Bix and Fix, describe the amount of roots in dependence of the
main product, ngt and kfom(st) describe the decomposition of the stubble and . and Kfom(xt) of the

roots
Crop Main DMy, Pmp Crp Cy (o C/Py c/P.  Stix Fix_s  Fix_r Bix Rix Nst Kfom(st) N Kfomirt)
Product o] [%] [%] %] [%] [ [-] [ [dt]  [di] [-1 [-1 [-1 [-1 [-] [-1
maize plant 32.9¢ 0.187° 42¢ 42 37.8 182.6f 317.98 1 0 0 0.0851 0.059 0.313 0.067 0.419 0.124
potato tuber 20.62 0.222 40.4h 33 40.7 194.1h 145.8" 1 0 3.2 0.28 0.14 0.39 0.12 0.54 0.17
sorghum plant 35.1¢ 0.22b¢ 41 41 33.8 136.6° 355.4¢ 1 0 0 0.1935 0.107 0.257 0.073 0.456  0.112
sunflower plant 21.6° 0.3220 40 43 34.9 165.42 1328 1 0 27.9 0.4 0.27 0.39 0.12 0.54 0.17
spring grain 86 0.35° 40.6 45 35 1006.7¢  368.4¢ 0.1 0 7.2 0.125 0.85 0.39 0.12 0.54 0.17
barley
spring seeds 92.32 0.742> 60 449 35 748.3f 472.98 0.1 0 13.2 0.19 1.47 2.4 0.71 0.54 0.17
rape
spring grain 86 0.37 44 45.8 355 915f 593 0.1 0 6 0.088 0.87 0.57 0.2 0.55 0.125
wheat
sugar beet tuber 23 0.17 39 314 379 84.92 222.62 0 5.3 4.7 0 0.55 0.62 0.67 0.54 0.17
winter grain 86 0.35b 44 45 35 1006.7¢  368.4¢ 0.1 0 9.3 0.13 0.84 0.39 0.12 0.54 0.17
barley
greenrye plant 22.9¢ 0.44° 434 42 35.6 330.7 273.8 1 0 0 0.257 0.097 0.257 0.07 0.57 0.139
winter seeds 92.32 0.60° 60 449 35 748.3f 472.98 0.1 0 4.6 0.179 1.58 2.4 0.71 0.17 0.54
rape
winter grain 86 0.31° 40.6° 458 355 915f 593.3¢ 0.1 0 11.6 0.16 0.93 0.57 0.2 0.55 0.125
wheat
oil radish catch 15 0.168 43 43 35 256 208 0 4.68 7.0 0 0 0.39 0.12 0.54 0.17
crop
mustard catch 15 0.35 43 43 35 198 1941 0 4.1 7.6 0 0 0.39 0.12 0.54 0.17
crop
buckwheat catch 15.92 0.242 43 43 35 1792 145 0 4.4 6.6 0 0 0.39 0.12 0.54 0.17
crop

Source: a: ("Feedipedia - Animal Feed Resources Information System,"); b: measurements LTE RO; ¢ measurements LTE BG, d: (Mewes,
2017); e: measurements LTE BL; f:(Max et al., 2022); g calculated with formula 8; h:(Chea et al., 2021) i:(Hallama et al., 2022); j:(Mann et
al., 2021)

The total P content of the stubble and the roots of four crops where harvested and
analyzed internally in a laboratory. This was done for winter wheat and spring
barley in BL and for sorghum and green rye in BR. The linear regression is shown
in Figure IV-3 and equation 25 (residual error = 0.47 [g/kg|). For plants with

lacking information about the P content in roots the regression was used as
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approximation to calculate the amount of P in the roots in accordance to the

amount of P in the stubble.

Proot [g/kg) = 017186 + Psyppie [g/kg) * 0-9472 25

. winter wheat
. spring barley
. sorghum

green rye

P roots [g/kg]

T T T T
0 2 4 6

P stubble [g/kg]

Figure IV-3: Relation between P in stubble and roots of four crops (red: winter wheat, blue: spring barley,
green: sorghum, orange: green rye)
The kim and rn values where determined by the modelling of incubated organic
material, where the COs release was measured over time, for details see Gasser et
al. (2021b); Gasser et al. (2022). If no incubation data for a specific crop residue or
roots was available, the average of either all available stubble or roots was used.
The average parameters for stubble are, kim(st) = 0.12 and ngy = 0.39 (N = 13),
while for roots the average was used of incubate fine roots (N = 12) and coarse

roots (N = 7) with kfom(t) = 0.17 and 1,y = 0.54.
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The farm yard manure was parametrized according to the data of the average FYM

applied on the corresponding LTEs.

Table IV-4: Model parameter for FYM, the dry matter content [dm|, carbon content, the C/P ratio and the
mineralization parameter kfm and n for all LTEs

LTE dm [%] C [%] C/P ratio kfom n

BG 23.7 32.1 45.1 0.095 0.67
BL 27 37.9 56.3 0.114 0.64
RO 28 39 535 0.123 0.67
SP 31 39 79.6 0.123 0.67

IV.2.3 Statistical Analysis

The goodness of fit was evaluated by the root mean squared error (RMSE, Equation

26) and furthermore the relative RMSE (rRMSE, Equation 27) was calculated to

characterize the differences between observed values (O) and predicted values (V),

with O as mean of the observations:
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IV.3 Results

IV.3.1 Available P Dynamics

The model results are displayed in the following section. In BG the overall trend
for P,y shows a decrease over the observed period. The CRL plot shows higher P,
values than the MIN plot which can be attributed to the higher removal of P, due

to higher crop yields.
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Figure IV-4: P,y dynamics for BG, blue mean of transformed DL-P to CAL-P measurements with standard
deviation (N=4), red modelled P,y values.
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In BL the difference between P,, at the CRL and FYM plot are relatively (4-15
mg/100g) big compared to the other LTE, which can be due to the long
experimental setup. Especially in the early years of the LTE the model
overestimates the P,, dynamics. On the MIN plot the P-CAL dynamics stay

constant despite continuous P fertilization.
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Figure IV-5: Pay dynamics for BL, blue transformed DL-P to CAL-P values (N=1), red modelled Pyy
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The plots in RO show the lowest P, values, while P,, seems to decrease at the

CRL plot it stays at the same level for MIN and FYM and no big differentiation

between the plots is visible.
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Figure IV-6: Py dynamics of RO, blue mean transformed DL-P to CAL-P measurements with standard

deviation (N=3), red modelled Py
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The CRL" plot in SP shows higher P,, and P-CAL values compared with the MIN
plot, this could be due to the higher yield and the corresponding P uptake achieved
with N-fertilization. The FYM plot shows the highest P,, and P-CAL values since

it receives mineral P fertilization and organic P fertilization.
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Figure IV-7: Py, dynamics of SP, blue CAL-P measurements (N=1), red modelled Py
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The model performance for all analyzed plots for P,, and Corg are displayed in
Table IV-5. If replicates were available, the RMSE to the mean was calculated.
Since SP has a shifted crop rotation in the treatments, each plot was simulated
separately and the mean of the RMSE and rRMSE was used over all plot with the

same fertilization. The RMSE for P, increases with soil high in P,, values.

Table IV-5: Aggregated statistics, RMSE of Pay values [mg/100g], the standard deviation (sd) of P-CAL
measurements [mg/100g] if replicates are available and the relative RMSE [%]; RMSE [mg/100] and
relative RMSE |%] for Corg

Plot LTE RMSE Pay rRMSE Pay sd P-CAL RMSE Corg rRMSE Corg
CRL BG 0.68 8.42 1.26 0.04 5.83
MIN BG 1.04 14.65 1.29 0.04 6.8
FYM BG 0.7 9.43 0.66 0.06 8.75
CRL RO 0.18 6.08 0.23 0.04 2.72
MIN RO 0.35 10.34 0.40 0.03 2.11
FYM RO 0.26 7.7 0.42 0.03 1.93
CRL BL 1.11 31.93 - 0.13 9.02
MIN BL 1.87 27.73 - 0.12 6.57
FYM BL 2.27 17.46 - 0.13 6.10
CRL" SP 1.6 8.87 - 0.05 8.46
MIN SP 1.15 9.38 - 0.05 6.15
FYM SP 2.43 12.86 - 0.07 9.51
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IV.3.2 Total P Dynamics

Besides the plant available P, the P-module calculates the P; dynamics. Due to
limited timelines of Py measurements only two plots were evaluated, namely the
CTR and MIN Plot of RO (Figure IV-8). The corresponding RMSE for CRL is 1.0
and the rRMSE = 1.8 and respectively RMSE = 2.5 and rRMSE = 4.2, for the

MIN plot.
CRL
o ]
M~
1o B
- (O
S
S 3
e
B 8-
E 5
- O
o
0 |
@
(=
= T T T T T I T T T T T T I T T T T T T o T T T T T T T T T T T T T T T T T T T T T T T ITTTITTTIToTT
1999 2001 2003 2005 2007 2009 2011 2013
Date
MIN
o ]
M~
E —
(=]
o
=t _
k=)
.§. _
o
o _
0 |
= T T T T T I T T T T T T I T T T T T T o T T T T T T T T T T T T T T T T T T T T T T T ITTTITTTIToTT
1999 2001 2003 2005 2007 2009 2011 2013
Date

Figure IV-8: Total P dynamic, blue: aqua regia digested P of the CRL and MIN plot of RO with standard
deviation (N=3), red modelled P

92



IV.4 Discussion

To make statements about the performance of the P-module, the model results of
the carbon module have to be in an adequate range. For all analyzed plots of all
LTEs the rfRMSE for Corg is below 10%, which lies in a good range compared to
other studies (Begum et al., 2017; Guillaume et al., 2021).

The P-model shows a rRMSE of around 10% for most plots. To mention is that in
BL the P-model is worse in terms of the rRMSE, comparted to all the other LTEs.
The reasons for that are amongst others the high variability in the measurements
between two years. Furthermore, BL shows the highest silt and SOC (1.5-2 %)
content of all LTEs, which might result in soil P processes which aren’t fully
covered by the CNP-model. The measured CAL-P values of the CRL plot in BL
stays constant over the observed period with no entry of P fertilizer. Either the
total P-pool is declining over time strongly, or there might be a bigger P input of
unknown sources or plant uptake is withdrawn from deeper soil layers (Pothuluri
et al., 1986; Siebers et al., 2021). In the LTE of BG and RO, where replicates were
available, the RMSE is lower than the standard deviation of the measured CAL-P

values.

For most plots a time series for Py was not available, solely a single measurement,
where the modeled Py values are in a close range. For RO the P timeline is modeled
with good results, representing the trend with low RMSE and rRMSE. This enables
the evaluation of the total P stock of soils and to determine if the P stocks are
increasing or declining, and provides information about the potentially available P

resources in the soil.

Several studies have shown that P cycling is influenced by erosion and leaching into
deeper soil layers (Andersson et al., 2015; Ulén et al., 2007). Subject of the CNP-
model is the cultivation layer, the upper 25 cm of the soil. The model does not

consider transport mechanisms into deeper soil layers and comprises no water model

93



or an erosion estimate like the Universal Soil Loss Equation which would be
essential for erosion and leaching processes (Reid et al., 2018). In favor of simplicity
and a low-threshold model approach, leaching and erosion was not considered yet,
because more data input and parametrizations would be required and eventually

lead to equifinality.

Yet another influential factor on P sorption and desorption processes is the pH
value of the soil. With an increasing pH value P gets sorbed to Ca™ Ions, while
with deceasing pH value the Ca bound P gets released again and at pH values of
around 5 sorption processes to Fe- and AL™ complexes gain more importance
(Haynes, 1984; McLaughlin et al., 2011; Nobile et al., 2020). Agricultural soils are
highly managed soils where the pH value gets regulated to maintain optimal
productivity. Therefore changes in pH value don’t play a decisive role for the model

scope and have not been considered in the first version of the P-module.

Cleveland and Liptzin (2007) reported a mean global C/P ratio of microbial
biomass of 60. Other studies assume that the C/P ratio in microbial biomass is not
homeostatic, due to population size dependent scaling, habitat and ecosystem
differences, or shifts in microbial community composition (McConnell et al., 2020).
For the current model version the C/P ratio of all SOM-pools is assumed to be 186,
but since the CNP-model comprises the A-SOM-pool which behaves like microbial

biomass the C/P ratios could be further distinguished.

The PS formula is derived from the four experimental sites, which comprise four
soils. Under certain conditions, especially with high silt and SOC contents and low
P,y and clay contents the PS formula can get negative and lead to an undefined
PS value. Further experiments are required to validate and improve the PS
formula. Moreover, with diverse soil properties further influential parameters might
be required to cover all soils with their attributes. Nevertheless, the two-pool model
presented here can be used to model the P dynamics on different sites, with varying

soil properties, diverse crop rotations and management practices such as
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intercropping, organic or inorganic fertilization. As organic bound P can have a
decisive influence on the P turnover processes the C dynamics have to be considered

and the modeling of the C dynamics have to be precise to grand good results.

The CNP-model can be initialized with the measurable P values P-CAL and P;.
Furthermore, the model output is equivalent to those measurable P species and can
be directly compared. While other models like APSIM (Agricultural Production
Systems Simulator) and EPIC (erosion-productivity impact calculator) include a
sophisticated organic P cycling, but the plant available P-pool does not correspond
to a measurable P species (Das et al., 2019) or does not even show a correlation to
measurable P species (Raymond et al., 2021). This lowers the predictive use as well

as the practical application of such models to consult farmers or other stakeholders.

Compared to APLE, DDPS and LePA the CNP-model differentiates in detail
between the FOM inputs (organic amendments/fertilizer, byproducts, stubbles,
roots and catch crops). Every input can be characterized in terms of quality like P
content or mineralization characteristics. This is also considered in the organic P
cycling of the CNP-model, where P release during mineralization of SOM as well
as fixation during SOM build up is considered. This grants a high model flexibility
and an overall wide application range. As stated by Damon et al. (2014) crop
residues can have a significant influence on P availability by high amounts and
high concentration. Furthermore, the application of a higher variety of organic
fertilizers, like digestates or composts is expected, which have a different

mineralization behavior and P availability.

The CNP-model can model the P dynamics of different soil with varying
management. This demonstrates the potential of the model to simulate different
scenarios. Those scenarios may include different management strategies, like
intercropping, the use of digestates or sewage sludges as organic fertilizers or even

a reduction of P fertilizers and the long-term effects on soil P.
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IV.5 Conclusion

The CNP-model is a model with few data inputs and the possibility to model the
C, N and now the available and total P dynamics of arable soils. The data input is
kept low enough that the required data can be provided by farmers from their
management practices and yields. The two-pool model presented can be used to
model the P dynamics on different sites, with varying soil properties, diverse crop
rotations and management practices such as intercropping, organic or inorganic
fertilization. As organic bound P can have a decisive influence on the P turnover
processes, the C dynamics must be considered, and the modeling of the C dynamics
have to be precise to grand good results. The P model initialization and output is
equivalent to measurable P species, which makes the output easy to interpret and
comparable to measurements. Moreover, a comprehensive list of model parameters
comprising common crops is presented. Nevertheless, further field trials need to be

modeled and used to validate the P model concept and to improve model processes.
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V. Discussion & Synthesis

V.1 Summary of the Main Results

The method presented in chapter II proposes an overall approach on how to
implement an algorithm to calculate a value representing the contribution of a
substrate to humus formation, considering the microbially induced turnover
dynamics. The so called Eguy was generated by modelling the C respiration curves
of incubation experiments, with the concepts of six field scale C-models. The Egum
value is calculated from the allocation mechanisms of FOM to SOM depending on
the model-specific pool interactions. The following aggregation of the results with
an averaging method into the ensemble Exyy leads to an elimination of weak model

performances and enables a model-overarching substrate quality assessment.

In this context, the CCB model was applied, amongst other models, to the
incubation experiments. The parameters describing the turnover process were
successfully extracted and used to simulate the C dynamics of these org.
amendments in LTEs (chapter III and IV). This transfer is a useful method to
model the field scale dynamics under consideration of environmental conditions,
like soil properties, climate conditions, and management options. Furthermore, in
Chapter III, the SON dynamics could be successfully modeled in the field using
those parameters. By integrating a P-module into the CCB model as introduced in
chapter IV, the parameters from incubation experiments are also reliable to model
the P,y and Py dynamics of LTEs where the organic P cycle was integrated similarly

to org. N through the stoichiometric coupling to the C cycle.

Besides the substrate quality assessment, a major issue is the quantity of applied
org. amendments. While the amount of org. fertilizers can be accessed in the
agronomic data, the amount of accruing residues can vary strongly depending on

the yields and crops. In addition to the input of external organic fertilizers, the
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fields’ own C and nutrient cycles play an important role, in which C is added to
the system by crop residues and nutrients are released during mineralization. Here,
the method for the determination of the arising residues could be successfully
revised and the data of field experiments were used to set up relations between

yield and residual masses, as well as the stubble to root ratio of crops.

The introduced P-model was successfully integrated into the CCB model structure,
with an organic P cycle which was linked to the C pools via the C/P ratio and the
occurring matter fluxes of the C-pools. Moreover, P has a complex mineral P cycle,
which is composed of different strong binding forms, weathering processes, plant-
specific extractions, leaching etc. Here, the mineral matter flux is calculated by an
equilibrium function between the two mineral P pools (P,y & Ppa), which considers
the clay, silt, and SOC concentration and its dynamic changes in the soil. The
presented model approach was sufficiently accurate to determine the P fluxes on

different arable soils and complement the model matter fluxes of C and N.

V.2 Discussion

V.2.1 Substrate Quality

Mineralization is a nonlinear process and methods which consider this nonlinearity
must be developed to characterize org. amendments. There are approaches which
try to use chemical proxies to determine the substrate stability during
mineralization, but the quality evaluation of org. substrates can only be accessed
to a certain degree by chemical analysis of the org. substrates. Those analyzes may
include parameters such as the C/N ratio, cellulose -, lignin-, and hemicellulose-
contents from which conclusions about the resilience and degradability can be
drawn. Nevertheless, the explanatory power of said approach is limited (Lashermes

et al., 2009) since the microbial interactions and environmental conditions, such as
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temperature, moisture or soil texture, and the interaction with the soil phase are

not considered (Coonan et al., 2020).

A proper classification and differentiation between FOM inputs can increase the
model accuracy and support the evaluation of different management strategies and
their outcomes. Consequently, model approaches could be a useful tool to account
for microbial turnover and create a taxonomy of organic substrates to classify them
accordingly to their fertilization purpose and beneficial effects for soils. Expressing
the nutrient availability and interactions of org. substrates, with regard of microbial
turnover processes, is extremely complex. Here, the presented approach describes
the turnover processes of the org. substrates with the addition of soil and the
initiated microbial mineralization. The advantage of this approach is that there is
no direct time component in the representation of the Epgyy, provided that the
incubation was long enough for the mineralization dynamics to develop. Further,
the texture of the soil and the temperature of the experiment are also taken into
account, which allows the evaluation of different incubation experiments with the
Exgum method. In addition, the Exgyym method is based on a variety of model
approaches created by different research groups, and therefore considers different
model pool approaches and interactions between the pools (Farina et al., 2020).
Such cross-model procedures can improve the results, cover a higher variety of
model structures, and be a step towards community-based development approaches
(Yeluripati et al., 2015). By subsequent model averaging, weaker model
performances can be automatically eliminated from the calculation of the ensemble
Exum value. Thus, the reliability can be increased and the robustness of the result
can be improved. Comparisons with the literature can confirm the significance, for
e.g., Kétterer et al. (2011) and Berti et al. (2016) used the humification coefficient
(H) which describes the fraction of total C input remaining after 50 years. Those
results are comparable with the findings of this thesis, showing that above ground
residues and green matter have the lowest H, followed by slurries, manures and

roots, which is in alignment with the ranking achieved with the Epunm value.
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Furthermore, the Exgum considers different soil types so that it is applicable across
different regions. Such substrate evaluations can be a tool to adapt agricultural
management to regionally predominant crop types and, consequently, differences

in accruing org. amendments used as fertilizers.

(1): The aggregation of nutrient availability and interaction into advisory numbers
15 extremely complex. The presented Exyy value constitutes such an advisory score,
which characterizes the ability of an org. substrate to contribute to humus

formation.

V.2.2 Methodology

In addition to a numeric quality assessment, the parameters describing the turnover
dynamics of org. substrates in incubation experiments are shown to be applicable
to predict the dynamics on field scales. These parameters were used in chapter III
and further in chapter IV to model the C-, N-, and P-dynamics of org. residues and
amendments on LTEs, with good results for predicting the dynamics of the
mentioned elements. This shows that the parameters are scalable to the field scale
and sufficiently generalized to be used on different field sites with varying soil
properties and climatic conditions. The successful application of the parameters to
the field scale in chapter III and IV allows the further conclusion that the method
developed in chapter II is valid and precise enough to describe the turnover
dynamics of org. amendments and that field scale models are an appropriate tool
to determine the substrate quality. Therefore, the proposed approach is a reliable
tool to assign laboratory findings on to agronomical scales, where a multitude of

environmental impacts occur.

The temperature during the incubation was considered by the BAT function
(biologic active time). This approach splits the annual time into the time during
which microbial turnover is only limited by the substrate while environmental

conditions are optimal, and into a non-BAT time during which no turnover occurs
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(Franko et al., 1995a). The climatic and site conditions (air temperature,
precipitation and aeration), which influence the microbial turnover, are aggregated
into a time in which microbial processes would occur under optimal conditions
(Franko & Oelschlégel, 1995a), which can be assumed for incubation experiments
where temperature and hydration are adjusted and kept constant. The BAT
concept is therefore an eligible method for the transfer of incubation experiments
to model field site turnover dynamics and can help to close the gap between
laboratory and field approaches. It should be noted that during incubation, the
mineralization was not inhibited by lack of nutrients such as P and N, and an
optimal supply was ensured. Relying on parameterizations from incubation
experiments could lead to an overestimation of turnover dynamics on undersupplied
croplands. However, in cropland management it is not common to omit fertilization,

thus, the issue is more of theoretical interest, e.g. in unfertilized L'TEs.

Besides the quality assessment, a further issue of the constituted method is the
evaluation of occurring residual quantities to account for the field internal SOC
and nutrient cycles. Those quantities differ between the grown crops and further in
dependence of the yield. As discussed in chapter II, fine roots show an Eguym value
comparable to the Eguy of digestates, which makes them one of the most resilient
org. amendments (Zhang et al., 2015). Their input can account for 30-90 % of C
input in agricultural soils, making them one of the most driving factors in soil
dynamics (Hirte et al., 2018). Within the framework of the thesis, the CCB model
by Franko et al. (2011) was expanded and modified. This includes the separation
of the crop residues into above ground residues (e.g. stubbles) and below ground
residues (e.g. roots). This division was introduced by Franko et al. (2021) to achieve
an improved differentiation of crop parts regarding their C and N (and P) contents
as well as their turnover behavior. While Franko et al. (2021) introduced the
functions to calculate the amount of below and above ground residues in
dependences of the main product, the used parameters were based on the division

of the former CCB crop residues unit, which included the above- and the below-
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ground residues and treated them as on single FOM input. The division was
achieved by a fixed ratio between the above- and below-ground residues. A major
issue of this division is that no data was given for the proportion between above
and below ground residues. Furthermore, the nutrient composition of the above-
and below-ground residues was also not sufficiently clear and was divided between
the two with no data basis. In chapter III, all data required to describe the above
and below ground residues were aggregated from experimental setups and the
correlations to describe the above- and below-ground masses are derived from field
measurements. Different approaches to attain those parameters and residual
properties were described in chapter III and tested. Still, the data concerning crop
roots are often scarce, and methods and correlations need to be investigated to
parameterize those residues accordingly and to set up a comprehensive database.
The underlying database sets the foundation of reliable model results, and the
presented approaches offer guidance to parameterize the quality and quantity of
occurring residues and applied org. amendments. Only if the databases keep up
with the model development, reliable results can be produced and changing trends

in farming practices can be faced.

(2): In summary, the presented methods can be used to determine the substrate
quality (Eguy) and compare substrates to another. Furthermore, parameters can
be gained which describe the quality and successfully predict the turnover dynamics
of C, N and P on arable soils, which allows a distinctive application of the model
to varying org. amendments. The model approaches serve as an interscale tool
which can help to close research gaps between laboratory and field scales. (3):
Moreover, the occurring quantity of residues must be parameterized accordingly to
receive reliable results about the turnover dynamics, where more research is needed

to investigate root residues.
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V.2.3 C-N-P Matter Fluxes

After a phase of high P surpluses and low P use efficiencies, industrialized countries
nowadays set a stronger focus on P use efficiency of crops and adapted fertilizing
strategies (Mogollon et al., 2018). Here, P-models can help to calculate the current
state of plant-available P to adapt P fertilizer applications. Furthermore, the
accumulated soil P stocks (legacy P) can be tracked and the P reservoirs can be
integrated into fertilizer strategies (Rowe et al., 2015). Here, models can track the
release of P stocks and help to implement precise fertilizing strategies, which allows
planning over decades rather than for one crop rotation, especially when using org.

amendments as fertilizers with a long retention time.

The P cycle has proven to be very complex and influenced by a lot of biological,
chemical, and physical factors and their interactions, as elaborated in the
introduction. Model development always requires an estimation of sufficient
precision and complexity regarding the availability of data and the scope of the
model. The here-established P-module was successfully integrated into the existing
model structure and kept a low data threshold. The overall CNP-model structure
and pool interactions between C, N, and P are shown in Figure VI-1. Particularly
the SOC dynamics drive and determine the dynamics of the N and P fluxes. P is
not only allocated to the organic pools and released during turnover of FOM and
SOM into the P,y pool, but the equilibrium function between the mineral P,, and
Ppa pools is also adjusted in dependence of the current SOC concentration for each
time step (for details see chapter IV). At the current state, the C- and the N-
module are applicable to field sites without any parameter optimization or
adjustment, except for the choice of the start value for each. In contrast, the P-
module requires the P, and Py starting value as well as the optimization of the x
parameter which influences the dynamic equilibrium between P,, and Py,.
Nevertheless, the x parameter was shown to be site-specific and only needs to be

adjusted for one field, regardless of the management regime. This allows for the
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model to be used for a wide range of applications with little effort, but also
highlights the need for further research into the binding forms and their intensities

of P to the mineral phase of the soil.

Figure V-1: Scheme of the CNP-model; the big arrows represent C, N & P fluxes, brown ovals represent C-
pools, yellow ovals represent the org. N associated to C-pools via C/N ratio, blue ovals represent P-
pools with organic P associated to the C-pools via C/P ratio; the circles represent the total elements

of the connect pools (P also includes the organic P); green elements represent organic matter not
integrated into soil matrix; the dotted arrows and the hexagons represent fluxes from non-Pool
sources with no mechanistic background, the dashed lines represent fluxes leaving the system.

The comprehensive differentiation between the FOM inputs with varying properties
like specific turnover dynamics and nutrient compositions empathizes the
significance of the C-cycle. The acquisition of FOM inputs with separate turnover
properties and chemical compositions allows to parameterize any type of org.
substrate, including manures, slurry, composts, digestates, roots, stubble, and other

org. amendments which are not yet very common. This recommends the CNP-
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model for versatile use, especially if a wider pallet of organic fertilizers is used and
the nutrient cycle and circular economy are targeted as future developments (Prays
et al., 2018). Thus, the long-term and large scale changes in soil cycles of all these
org. amendments can be investigated with the application of the CNP-model, which
is of particular importance in the field because a large number of org. amendments
can be actively in circulation at the same time, e.g., plant residues can occur during
the application of org. fertilizers. Thus, the CNP-model can serve as a holistic tool
for farmers or stakeholders to choose and compare appropriate org. amendments
for their management goals. Furthermore, in areas where no constant soil measuring
is conducted, the application of org. amendments can be investigated using the
CNP-model to evaluate the current and targeted management practices. The
integration of a new P-module further allows a broader analysis of org. amendments
and their fertilization potentials and can help to achieve a comprehensive
understanding of soil cycles and the interactions of SOC and plant nutrients.
Furthermore, a rather simple model approach can be an accessible tool to help
operators to track nutrient dynamics and promote the increasing use of org.

amendments as an alternative to mineral fertilizers.

(4): The elaborated model concept is able to model the Py, and P: dynamics on
arable soils with relatively little data input and a simple model structure. In favor
of simplicity, some known P mechanics that play a major role in the P cycle are
not yet implemented. Rather, a strong focus was set on the interactions between
the C cycle, the P cycle, and the field internal matter cycling. Nevertheless, the

chosen approach was proven to be sufficiently accurate for different arable soils.

105



V.3 Synthesis

Compared with mineral fertilizers, organic fertilizers are composed of a variety of
nutrients that can be integrated into different fertilization strategies and the impact
of which is much more complex than that of mineral fertilizers. This is mainly due
to the binding forms to SOM and the release of nutrients in the course of turnover
processes. With an adequate parametrization, models can be an advantageous
method to predict the impact of org. amendments where laboratory experiments
exclude too many environmental impact factors and L'TEs are very cost- and labor-
intensive. The use of org. amendments as org. fertilizers is one way to achieve closed
nutrient cycles and circular economies, provided it is possible to successfully track
the nutrient inputs and outputs. Nevertheless, the application of org. substrates
from off-site production needs to undergo a full life cycle assessment to evaluate
the C-emissions of production, transport as well as the biomass removal (Paustian
et al., 2016). Furthermore, an evaluation of hazardous constituents (heavy metals
or pathogens) must be considered (Epelde et al., 2018). The Epum can help
producers of org. amendments to classify their products to establish
recommendations for their application and help farmers to accomplish management
goals. This can be used, e.g., to revise the humus calculation used by the Verband
deutscher landwirtschaftlicher Untersuchungs und Forschungsanstalten e.V.
(VDLUFA), which aims to determine the humus supply of soils in an easily
accessible way in order to ensure high yields and achieve low nutrient surpluses.
For this purpose, the humus equivalent (HAQ) is used. The HAQ value provides
information about the demand of organic matter, which occurs in addition to the
crop-specific carbon input through roots and stubble. For crops not yet
parameterized, the Epyym value can be used as a reproducible method of
parameterization (Gasser et al., 2021a). Furthermore, models which calculate the
soil matter fluxes can support the evaluation and effectiveness of different
substrates, consider their retention times and nutrient release, and thus help to

create a comprehensive analysis of all kinds of org. amendments. By applying the
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methods developed in this thesis, the analysis of org. amendments is easily scalable
to the field site and can help to calculate different scenarios considering

management changes or effects of climate change.

The objectives and findings of this thesis can be embedded into an interdisciplinary
context between different stakeholders and support those stakeholders in decision
making where political agendas, environmental processes and practical
implementations must be reconciled (Figure V-2). In the course of climate change,
soil management has to be adapted to secure food productivity. Therefore, political
stakeholders must constantly adapt regulations and political strategies, whereat
strategies to mitigate climate change through increased use of org. amendments can
be one measure to increase C-sequestration. Furthermore, the accumulation of SOC
with its soil structuring properties, which can improve water storage, reduce erosion
risk, and promote nutrient storage and long-term fertilization, must also be included
in ways of considering human interactions with soil (Siedt et al., 2021). Here,
scenario analysis can be a powerful tool to react to the challenges of climate change
and to frame policies where different management strategies are compared in terms
of their sustainability and economic benefits as presented by Hawes et al. (2019),
where trade-offs between Dbiotic, abiotic, and economic components of
agroecosystems get compared to set political incentives. Considering soils as a
circular system in which nutrient losses are minimized and nutrient inputs can be
accurately determined to meet crop demands may be as important as mitigating
climate change to ensure crop production and food security in a changing global
climate. As such processes are also highly site-dependent, models can be used to
predict the behavior, amounts, species, and location of nutrients. These models can
be used to build up a sound understanding of these processes and the field site they
are applied to, where a comprehensive database can help to deal with the high
variety of org. amendments and their different dynamics. It should not be forgotten
that farmers are the group most intensively involved in soil management. In order

to accompany the transformation processes towards sustainable agriculture and
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circular economy, models with relatively low data input, such as the CNP-model,
can serve as an advisory tool or indicators derived from the model can be used to

support and initiate these processes.

~ 7
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Figure V-2: Scheme of the overarching context of the thesis, with different stakeholders (blue) and how the
elaborated methods can support decision-making and be integrated into management practices.

(5): Organic residues are composed of a variety of components which consequently
affect the dynamics on arable soils. In order to cope with the multiple demands and
uses of different stakeholders, the presented model approaches can help to classify
their use and give prognoses about their behavior. This way, political stakeholders
can be supported to set incentives, while producers of org. amendments and farmers
can be supported in realizing political decisions and adapt their management

strategies in order to close nutrient cycles and to react to climate change.
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V.4 Conclusion

The thesis proposes a method of model parametrization based on laboratory results
which are transferred to the field scale and thus can help to close the gap between
laboratory and field scale approaches to determine the dynamics of org.
amendments. Furthermore, the thesis closes research gaps between applied
experiments from laboratory to field scale and the proposed modelling approaches
serve as a multiscale tool, which can help to aggregate those findings into advisory

metrics or evaluate the impact of shifts in management practices.

The development of the CCB model into the CNP-model with an integrated P-
module can help to accomplish a more holistic evaluation of org. amendments due
to the implementation of a further important macro-nutrient for plants. This can
contribute to a more targeted use of organic amendments according to their
fertilizing effect and help to analyze the nutrient and life cycle of those org.
amendments, and thus can help to ensure sustainably high yields and strengthen

the soil in its functions.

The thesis can promote the benefits of org. amendments by supporting the
classification of the amendments in terms of their best use and optimal application.
New methods for the characterization of organic residues must be developed to keep
up with the large variety, the constantly developing processes, and the production
of org. amendments to return them to nutrient cycles. The approaches presented
here can help to understand the complex effects of these amendments and to express
them in easily accessible units and metrics. This information can enable
stakeholders at different levels to implement and accomplish their respective goals,
ultimately paving the way towards more circular nutrient management and

sustainable agricultural practices.
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V.5 Outlook

The thesis could successfully answer the stated research questions, but extended
fields of research emerge from the conducted work. It would be worthwhile to
further investigate incubation experiments regarding possibilities of expressing the
plant availability of N and P in a similar metric as the Egyy value. This way, org.
amendments could be characterized in terms of their fertilizing effect to create
taxonomies which classify org. substrates and allow the use of those amendments

to better suit the desired management goals.

The P-module was successfully introduced, nevertheless, the complexity of the P
cycle comprises further interactions and processes, which are not represented in the
first version. This may include the pH-dependence of P sorption, leaching processes,
etc., but here the main task will be to keep a low data input to grant the aimed
low entry threshold of the CNP-model for the users while still accomplishing good

results.

The proposed methods could further be completed by investigating methods to
either derive parameters from chemical analysis or to evaluate the substrate quality
from those analyzes, especially if no incubation data for org. substrates are
available. This way, the gap between laboratory and field conditions could be
further closed, less time-and cost-intensive methods could be developed, and

missing data compensated.
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V1. Appendices

VI.1 Appendix A

VI.1.1 Incubated Substrates

Table VI-1 A: Substrate overview with substrate characteristics and composition, ZF = catch crop, GPS =

whole plant silage, C/N = carbon-nitrogen ratio

incubation
ID substrate data set C/N
period [d]
Digestate: cattle slurry 50 %; maize silage 35 %; grass
2 1 139.7 5.5

silage 15 %

Digestate solid separation: cattle slurry 30 %; maize
3 1 139.7 12.6
silage 30 %; grass silage 30 %; farmyard 10 %

Digestate liquid separation: cattle slurry 30 %; maize
4 1 139.7 5.2
silage 30 %; grass silage 30 %, farmyard 10 %

5 Digestate: maize silage 85 %; rye GPS 15 % 1 139.7 4.8
6 Cattle manure (fresh) 1 139.7 9.6
7 Cattle slurry 1 139.7 8.9
8 Digestate: pig slurry 50 %; maize silage 50 % 1 139.7 5.2
Digestate: cattle slurry 50 %; maize silage 35 %; grass
17 2 251.46 6.2
silage 15 %

Digestate solid separation: cattle slurry 30 %; maize
18 2 251.46 14.4
silage 30 %; grass silage 30 %; farmyard 10 %

Digestate liquid separation: cattle slurry 30 %; maize
19 2 251.46 5.2
silage30 %; grass silage 30 %; farmyard 10 %

20 Digestate: maize silage 85 %; rye GPS 15 % 2 251.46 5.9
21 Cattle manure (< 1 year) 2 251.46 16.0
22 Cattle slurry 2 251.46 12.0
23 Digestate: pig slurry 50 %; maize silage 50 % 2 251.46 5.4
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incubation

ID substrate data set C/N
period [d]

24 Rotten cattle manure (>1 year) 2 251.46 6.1
25,35 11 % grass silage; 2 % grain; 87 % pig slurry 3,4 41 6
26, 36 10 % maize silage; 90 % cattle slurry 3,4 41 4.7
27,37 |17 % maize silage; 19 % pig slurry; 64 % cattle slurry 3,4 41 6.1

24 % maize silage; 31 % grass silage; 8 % rye silage;
28, 38 3,4 41 6
37 % farmyard manure
33 % maize silage; 25 % rye silage; 20% pig slurry; 22
29, 39 3,4 41 8.3
% farmyard manure
35 % maize silage; 11% grass silage; 8% sorghum; 3%
30, 40 3,4 41 6.8
grain; 43% pig slurry
31,41 50 % maize silage; 7% grain; 43% cattle slurry 3,4 41 5.8
52 % maize silage; 8 % grass silage; 2 % grain; 35 %
32,42 3,4 41 5.3
pig slurry; 3 % farmyard manure
33,43 61 % maize silage; 5 % grain; 34 % pig slurry 3,4 41 5.1
34,44 100 % maize silage 3,4 41 6

45 Pea (litter) 5 300.9 26

46 Pea (crop residue) 5 300.9 28

47 Oat (litter) 5 300.9 36

48 Oat (crop residue) 5 300.9 63

49 Oat (coarse roots) 5 300.9 51

50 Maize (litter) 5 300.9 27

51 Maize (crop residue) 5 300.9 73

52 Maize (coarse roots ) 5 300.9 75

53 Sorghum bicolor (litter) 5 300.9 30

54 Sorghum bicolor (crop residue) 5 300.9 57

55 Sorghum bicolor (coarse roots) 5 300.9 50

56 Sorghum sudanense (litter) 5 300.9 30

57 Sorghum sudanense (crop residue) 5 300.9 59

58 Sorghum sudanense (coarse roots ) 5 300.9 47

59 Maize (ZF), (litter) 5 300.9 37
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VI.1.2 Incubation Experiment Dataset 1 & 2

VI.1.2.1

Chemical Analysis

incubation
ID substrate data set C/N
period [d]
60 Maize (ZF), (crop residues) 5 300.9 98
61 Maize (ZF), (coarse roots) 5 300.9 85
62 Winter wheat (green cutting, crop residue) 5 300.9 86
63 Winter wheat (green cutting, coarse roots) 5 300.9 86
64 Winter wheat (litter) 5 300.9 28
65 Winter wheat (crop residue) 5 300.9 154
66 Winter wheat ( coarse roots) 5 300.9 56
67 Pea (litter) 6 160.7 26
68 Pea (crop residue) 6 160.7 28
69 Pea (coarse roots) 6 160.7 36
70 Pea ( fine roots) 6 160.7 19
71 Oat (fine roots) 6 160.7 32
72 Maize (fine roots) 6 160.7 29
73 Sorghum bicolor (fine roots) 6 160.7 35
74 Sorghum sudanense (fine roots) 6 160.7 35
75 Maize (ZF), (fine roots) 6 160.7 30
76 Maize (ZF), (fine roots) 6 160.7 30
77 Sorghum bicolor (ZF), (fine roots) 6 160.7 32
78 Sorghum bicolor (ZF), (fine roots) 6 160.7 32
79 Sorghum sudanense (ZF), (fine roots) 6 160.7 30
80 Sorghum sudanense (ZF), (fine roots) 6 160.7 30
81 Winter wheat (green cutting, fine roots) 6 160.7 29

Bulk soil was collected from the upper layer of an arable loamy sand at Berge

(Germany, Brandenburg). Before use, the soil was air-dried and sieved < 2 mm.
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The C and N contents of the soil were 0.71 % and 0.06 % of dry matter (DM),
respectively. The pH value (determined in 0.01 mol CaCly) was 5.7. Digestates were
taken from several agricultural biogas plants in the Brandenburg area. Dry Matter
(DM) content was determined gravimetrically after drying the soil at 105 °C and
organic dry matter (ODM) content was calculated as the loss of weight between
105 and 550 °C. The concentration of total nitrogen in the fresh material was
determined using the Kjeldahl method. The Corg content was measured in
lyophilized grounded samples using an elemental analyzer (Elementaranalysator

vario C, Elementar Analysensysteme GmbH, Hanau, Germany).

VI1.1.2.2 Experimental Design

40 g of soil were mixed with digestate, in a quantity to add 140 mg of Corg.
Mixtures of soil and substrate were placed in 100 ml incubation vessels and moisture
content was adjusted to 60% maximum water-holding capacity (WHC). The COq
production was determined using a respirometer (CarbO2Bot, prw electronics,
Germany). Hourly respiration was measured by the change in conductivity as a
result of COs-absorption in 0.6 M KOH. During incubation, vessels were opened
regularly in order to maintain adequate oxygen concentrations. Empty vessels were
used as blanks. Vessels filled with soil only served as a control variant. The
experiment was conducted for 140 & 252 days at a temperature of 20 + 1 °C. All
variants were replicated six fold, except for glucose and cellulose acid that were
carried out in triplicates. Based on the amount of CO2 C evolved in each substrate,
the cumulative amount of total evolved C was calculated for the entire incubation
period. In order to calculate the CO2 C release out of the organic substrates, the
COs C values of the control soil were subtracted from the mixed soil sample CO»

C values.

116



VI1.1.3 Incubation Experiment Dataset 3 &4

The experimental setup for data set 3 and 4 are to be found in the publication of

Sénger et al. (2014).

VI.1.4 Incubation Experiment Dataset 5 &6

The description of the experimental setup for data set 5 and 6 was taken from

Mewes (2017).

VI.1.4.1 Setup of the Incubation Study

Apparent course of EOC-induced COs-release of 40 plant residues was measured in
two incubation experiments under controlled laboratory conditions. The second
incubation experiment contained pea residues and all fine roots. In both
experiments, straw was included as standard residue. This should allow comparing
the results obtained by the two separate experiments. The plant residues were
homogenously mixed at a rate of 400 mg EOC per 100 g soil. Then the soil was
filled into small tubes (soil columns) at a bulk density of 1.1 g cm-3. Soil columns
with and without plant residues were prepared with 3 and 5 replications,
respectively. Contrary to previous investigations no mineral N was added, taking
limited nitrogen availability into account. Incubation temperature was 22 °C. At
the start of incubation, soil water content was adjusted to 20.8 ml HyO per 100 g
soil, expressing 50 % of water holding capacity (ISO 16072). After 301 days of
incubation, the mineral N concentration in each soil column was determined in an

extract by spectrometric measurement (DIN 19746).
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VI1.1.4.2 Measurement of CO2 Release During the Incubation Study

The soil columns were placed in closed jars with 100 ml 0.15 M NaOH at the
bottom, absorbing the mineralized CO3, which was released from the soil columns
between two measuring dates. The absorbed CO2 was precipitated as BaCOjs
through the addition of 10 ml 1.5 M BaCl; solution and measured by titration with
0.3 M HCI and phenolphthalein as indicator. Measurement dates were 1, 3, 7, 14,
21, 35, 56, 77, 98, 120, 162, 217, and 301 days after start of incubation. The
apparent decomposition of plant residues was calculated as difference between
evolved COs from soil columns with and without plant residue. The course of EOC-
induced COgs-release was calculated by summing up the EOC-induced CO; release

between two subsequent measurement dates.

VI.1.5 Model Concepts

The following section describes the adaptations made to apply the model concepts
to the incubation data. Those adaptations are required to use the model concepts
with the same algorithm and especially effect the handling of AOM and FOM and

its initial distribution into the model pools.
C-TOOL*

C-TOOL models the topsoil with three pools denoted as fresh organic matter (fom),

humus (hum), resistant organic matter (rom), which are connected in series

(Taghizadeh-Toosi et al., 2014).

Further, each of these pools delivers a part of the decomposed matter into its
pendant in the subsoil. Since there is no subsoil in an incubation vessel, the

transport term of C-TOOL was not applied in this approach
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Built for simplicity, the model only distinguishes between two AOM types, plant
residues and manure, where residues go completely into FOM and manure has an
already decomposed part (fhum) that goes into hum. However, in this application,
frum was optimized for every substrate. The texture dependent humification factor
h was calculated according to its original formulation, but we additionally
optimized the decay rate of fom (kfm,), which increased the model performance

significantly.
ccB*

CCB is also a three pool model with feedbacks between the model pools, active
SOM (a-som), stabilized SOM (s-som) and long-term stabilized SOM (lts-som)
(Franko et al., 2011). For short time spans, the [ts-som pool can be assumed to be
inert. CCB assigns a substrate/AOM specific decay rate (kfm) and a synthesis
coefficient (npm) for each substrate entering the system. To solve the ordinary
differential equation describing the distinct flow rates, the flow was calculated from
fom to CO2 (k10) as kfum * (1-njom) and the flow from fom to a-som (k12) was

computed as Kpm * Nfom

The environmental impact on SOM turnover in CCB is usually described with a
meta-model that works with yearly values of mean temperature and total
precipitation. It is derived from the CANDY model (Franko, 1997). Therefore, in
contrast to the other models where the respective temperature functions were all

applicable, the temperature function was used as described in the CANDY model:
T-35
rT =21- exp(l—o)

CENTURY*

Century has evolved into a highly complex model that considers several
environmental processes such as soil turnover, crop growth and others. The focus
of this approach is solely on the SOM turnover sub model. As for the application

to laboratory conditions, concepts like leaching and surface litter pools are
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negligible, the model was reduced to the soil pools METABOLIC (m),
STRUCTURAL (str), ACTIVE (a), SLOW (s) and PASSIVE (p). Where m only
feeds in a, strin a and s, while a, s and p have several feedbacks. This corresponds
to an earlier version of Century, but for the parametrization, the more recent model
description of with corresponding decomposition values and temperature function

was used.

CENTURY splits AOM between m and str by a function of the lignin-to-Nyy-ration
(Fy). A second AOM adaption is the influence of the total fraction of lignin in str
on its decay rate (kgy). In this approach kg, and (for numerical reasons) fj;, that is

(1/Fp) + 1 were fitted without considering the actual lignin content of AOM.

ICBM*

ICBM was introduced by Andrén and Kétterer (1997) as a two-pool serial model
with young SOM (y) and old SOM (o), where all AOM enters y with no further
differentiation. In later publications (Bolinder et al., 2007; Poeplau et al., 2015), y

was replaced by two or three distinct categories of y (i.e. root, straw and manure).

The concept of multiple y pools was therefore expanded and the flow rates from y
to CO2 (k10) and y to o (k12) were fitted for each substrate individually. For the
temperature response, the “Ratkowsky”-function was used, as described in Kéatterer

et al. (1998).

RothC*

RothC comprises four active pools, Decomposable Plant Material (dpm), Resistant

Plant Material (rpm), Microbial Biomass (bio), Humified OM (hum) and a central
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texture-dependent factor x hat splits all decomposed matter between COo

production and bio+hum build up (Coleman & Jenkinson, 1999).

Other than in the original model description, effective flow rates were used, as the
partial recycling of bio and hum apparently reduces the formal decay rate of these
pools. The quality of added organic material can be expressed by only one
parameter (f,) using the partitioning function proposed by Dechow et al. (2019),

to distribute AOM between dpm and rpm or rpm and hum.

Yasso*

Originally, the Yasso model was developed for forest environment but also applied
successfully to cropland by Karhu et al. (2012) and Akujarvi et al. (2014). The
model has four distinct FOM pools denoted as acid hydrolysables (a), water solubles
(w), ethanol soluble (e) and none of the other (n) with many feedbacks between
them, and one humus pool, to which all other pools deliver C. Instead of fitting the
distribution of AOM into the four different pools, which gave no reliable solution,
AOM is only distributed between w, with the highest decay rate, and e, that would
otherwise have no substantial input. This was accomplished using the parameter

Pw (W = Py, € = 1-py) while a and n were initially set to 0.

For the flow rates the mean values within the described confidence limits given in

Tuomi et al. (2011) were used.

V1.2 Appendix B

VI.2.1 Regression Nitrogen Analysis
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Figure VI-1: regression between the two carrier gases (Helium and Argon) used to analyze the total Nitrogen
content

VI1.2.2 Experimental Setup for the Organic Fertilisers

VI1.2.2.1 Chemical Analysis

Bulk soil was collected from the upper layer of an arable loamy sand at Berge
(Germany, Brandenburg). Before use, the soil was air-dried and sieved < 2 mm.
The C and N contents of the soil were 0.71 % and 0.06 % of dry matter (DM),
respectively. The pH value (determined in 0.01 mol CaCl2) was 5.7. Digestates
were taken from several agricultural biogas plants in the Brandenburg area. Dry
Matter (DM) content was determined gravimetrically after drying the soil at 105
°C and organic dry matter (ODM) content was calculated as the loss of weight
between 105 and 550 °C. The concentration of total nitrogen in the fresh material

was determined using the Kjeldahl method. The Corg content was measured in
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lyophilized grounded samples using an elemental analyzer (Elementaranalysator

vario C, Elementar Analysensysteme GmbH, Hanau, Germany).

VI1.2.2.2 Experimental Design

40 g of soil were mixed with digestate, in a quantity to add 140 mg of Corg.
Mixtures of soil and substrate were placed in 100 ml incubation vessels and moisture
content was adjusted to 60% maximum water-holding capacity (WHC). The CO2
production was determined using a respirometer (CarbO2Bot, prw electronics,
Germany). Hourly respiration was measured by the change in conductivity as a
result of COg-absorption in 0.6 M KOH. During incubation, vessels were opened
regularly in order to maintain adequate oxygen concentrations. Empty vessels were
used as blanks. Vessels filled with soil only served as a control variant. The
experiment was conducted for 140 & 252 days at a temperature of 20 = 1 °C. All
variants were replicated six fold. Based on the amount of CO5 C evolved in each
substrate, the cumulative amount of total evolved C was calculated for the entire
incubation period. In order to calculate the CO2 C release out of the organic
substrates, the COy C values of the control soil were subtracted from the mixed

soil sample CO2 C values.

VI.2.3 Experimental Setup for the Roots and Stubbles

The description of the experimental setup was taken from Mewes (2017).

V1.2.3.1 Setup of the Incubation Study

Apparent course of EOC-induced CO2-release of 40 plant residues was measured

in two incubation experiments under controlled laboratory conditions. The second
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incubation experiment contained pea residues and all fine roots. In both
experiments, straw was included as standard residue. This should allow comparing
the results obtained by the two separate experiments. The plant residues were
homogenously mixed at a rate of 400 mg EOC per 100 g soil. Then the soil was
filled into small tubes (soil columns) at a bulk density of 1.1 g cm-3. Soil columns
with and without plant residues were prepared with 3 and 5 replications,
respectively. Contrary to previous investigations no mineral N was added, taking
limited nitrogen availability into account. Incubation temperature was 22 °C. At
the start of incubation, soil water content was adjusted to 20.8 ml H2O per 100 g
soil, expressing 50 % of water holding capacity (ISO 16072). After 301 days of
incubation, the mineral N concentration in each soil column was determined in an

extract by spectrometric measurement (DIN 19746).

V1.2.3.2 Measurement of CO2 Release During the Incubation Study

The soil columns were placed in closed jars with 100 ml 0.15 M NaOH at the
bottom, absorbing the mineralized CO3, which was released from the soil columns
between two measuring dates. The absorbed COy was precipitated as BaCOs3
through the addition of 10 ml 1.5 M BaCls solution and measured by titration with
0.3 M HCI and phenolphthalein as indicator. Measurement dates were 1, 3, 7, 14,
21, 35, 56, 77, 98, 120, 162, 217, and 301 days after start of incubation. The
apparent decomposition of plant residues was calculated as difference between
evolved COs from soil columns with and without plant residue. The course of EOC-
induced COg-release was calculated by summing up the EOC-induced COs release

between two subsequent measurement dates.
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