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Abstract

Background: Carbon storage and turnover in soils depend on the interplay of soil archi-

tecture, microbial activities, and soil organic matter (SOM) dynamics. For a fundamental

understanding of the mechanisms that drive these processes, not only the exploitation of

advanced experimental techniques down to the nanoscale is necessary but also spatially

explicit and dynamic image-basedmodeling at the pore scale.

Aim:Wepresent amodeling approach that is capable of transferringmicroscale informa-

tion into macroscale simulations at the profile scale. This enables the prediction of future

developments of carbon fluxes and the impact of changes in the environmental conditions

linking scales.

Method: We consider a mathematical model for CO2 transport across soil profiles

(macroscale), which is informed by a pore-scale (microscale) model for C turnover. It

allows for the dynamic, self-organized re-arrangement of solid building units, aggregates

and particulate organicmatter (POM) based on surface interactions, realized by a cellular

automaton method, and explicitly takes spatial effects on POM turnover such as occlu-

sion into account. We further include the macroscopic environmental conditions water

saturation, POM content, and oxygen concentration.

Results: The coupled simulations of macroscopic transport and pore-scale carbon and

aggregate turnover reveal the complex, nonlinear interplay of the underlying processes.

Limitations by diffusive transport, oxygen availability, texture-dependent occlusion and

turnover of OMdrive CO2 production and carbon storage.

Conclusions: This emphasizes the need for such micro–macro models exchanging infor-

mation on different scales to investigate and quantify the effects of structural changes,

variations in environmental conditions, or degradation processes on carbon turnover.

KEYWORDS

carbon turnover, cellular automatonmethod, diffusion equationmechanistic image-basedmodeling,
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1 INTRODUCTION

The interplay of soil architecture, microbial dynamics, and SOM

turnover determines key functions of soils, such as their capability to

store organic carbon (OC; Stockmann et al., 2013). The prediction of

the fate of carbon in soils or the impact of changes in the environmen-

tal conditions requires a fundamental understanding of the underlying

processes at different scales. This necessitates the implementation of

novel modeling approaches and, together with advanced experimen-

tal techniques down to the nanoscale, allows to challenge coherent

hypotheses (Baveye et al., 2018; Gerke et al., 2022; Roose et al., 2016;

Totsche et al., 2018; Vereecken et al., 2016). Several recent reviews

point out the importance of incorporating process mechanisms at the

pore scale in models to better understand carbon turnover in soils

(Baveye et al., 2018; Meurer et al., 2020; Pot et al., 2022a, 2022b;

Vereecken et al., 2016). On the other hand, environmental ambient

conditions such as soil texture, water saturation, carbon content, or

oxygen content are highly variable in space and time. Experiments and

also simulations show that these macroscopic conditions affect the

microbial turnover of SOM and carbon storage and turnover severely

(Baveye et al., 2018; Keiluweit et al., 2016; Kuzyakov & Blagodatskaya,

2015; Nunan, 2017; Pot et al., 2022b;Witzgall et al., 2021).

However, macroscale models can consider microscale hetero-

geneities and structural influences only via averaged parameters. Since

the underlying processes are complex, this leads to nonlocal (in space

and time) interrelations, which are poorly represented by constant

parameters. In contrast to merely heuristic or lumped parameter mod-

els, a modeling approach with predictive capability requires that soil

structure dynamics is taken into account in a temporally and spatially

explicit way (Gerke et al., 2022; Pot et al., 2022b; Stockmann et al.,

2013). Only then the influence of, for example, the physical protection

of organic matter (OM) on its turnover can be evaluated in detail. This

stabilization of OM is a microscale process directly related to aggrega-

tion. It is due to its physical separation from decomposers, enzymes, or

the necessary components of aerobic decomposition, namely, oxygen

andwater on the pore scale (Christensen, 2001;McCarthy et al., 2008;

Schmidt et al., 2011).

While spatially and temporally explicit models can be used on the

microscale to assess the interplay of different processes and proper-

ties, the application of these models on a scale of meters or kilometers

is not computationally feasible (Roose et al., 2016; Vereecken et al.,

2016). In the last decade, some authors have addressed the challenge

of upscaling information from the explicit pore scale to the lab/field

scale for carbon turnover models. Ebrahimi and Or (2016, 2018) used

idealized spherical aggregates andporenetworkmodels to incorporate

structural microscale information. They noted that aggregate and pore

size distributions substantially influence substrate and oxygen diffu-

sion rates and thus regulate the dynamics of microbial communities

and subsequently the greenhouse gas fluxes in soils. Chakrawal et al.

(2020) compared spatially heterogeneous SOM and biomass distribu-

tions at thepore scale to spatially homogeneous conditions and studied

the influence, for example, on the mean respiration rate at the soil

core scale. They concluded that models assuming homogeneous pools

cannot appropriately describe microscale heterogeneities, in particu-

lar the collocation of microorganisms and substrates, which strongly

affect carbon fluxes in soils.Mbé et al. (2022) simulatedmicroscale sce-

narios and derived an accessibility coefficient based on the geodesic

distance betweenmicroorganisms andOMweighted by the amount of

OM to explain macroscopic CO2 fluxes.

All the previous works used either parameter functions to sum-

marize structural properties of the soil or worked on explicit but

fixed pore scale geometries. Crawford et al. (1997) presented the

first concepts of Monte-Carlo simulations dealing with an explicit

evolution of soil structures under the influence of bonding laws and

extended this further to explain the self-organization of soil struc-

tures undermicrobial activity changes (Crawford et al., 2012). Applying

these ideas within a cellular automaton model (CAM), Tang and Val-

occhi (2013) investigated biofilm development. Zech, Ritschel, et al.

(2022) further adapted and applied the CAM model to study micro-

bial population dynamics and the turnover of POM inmicroaggregates

based on static micro-computed tomography (µCT) images. Using the

framework of a CAM, Ray et al. (2017) introduced a process-based

mathematical model for the dynamic, self-organized re-arrangement

of solid building units, aggregates and POM based on surface

interactions.

Zech et al. (2020) and Zech, Schweizer, et al. (2022) extended the

dynamic re-arrangement of soil structure to experimental data of the

shapeofmicroaggregates (<250µm) andprimaryparticles gained from

dynamic image analyses of wet-sieved fractions of two agricultural

topsoils with different clay contents (Schweizer et al., 2019).

In summary, the following challenges outlined above are addressed

in this research:

∙ Modeling carbon turnover on the pore scale (µm), capturing struc-

tural dynamics, and depth-dependent environmental conditions

with a spatially and temporally explicit microscale model.

∙ Modeling CO2 transport on the macroscale, that is, profile scale

(dm–m), under the impact of depth-dependent environmental con-

ditions.

∙ Integrating the information gained on the microscale in the

macroscale model.

More precisely, the concept of process-based structure evolution in

space and time is integrated into a coupled two-scale approach, that

is, solving a series of microscale problems in a layered soil profile and

coupling them with a macroscale model describing the diffusive trans-

port ofCO2. Exemplarily,weapply the concept to a virtual soil profile of

0.5-m depth with key environmental factors, namely, water saturation,

oxygen, and organic carbon (OC) content, which affect the microscale

aggregate and carbon turnover. On the other hand, the CO2 produced

by the microbial degradation of POM at the pore scale acts as a source

in the macroscale problem of CO2 diffusion in the soil. Finally, the

effective diffusion coefficient on the macroscale depends on the given

saturation of the respective soil layer.
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132 ZECH ET AL.

F IGURE 1 Schematic overview of the components of themacroscale model: Environmental conditions for water saturation S, oxygen
concentration cO2

, and POM concentration cPOM (a), microscale model for each layer on the representative domain YΩi
parameterized by

macroscopic environmental conditions (b), andmacroscale model parameterized by the output of microscale model (c).

This approach allows us to study if and how small-scale processes

affect carbon storage and turnover and greenhouse gas emissions,

and how relevant information can be transferred to a macroscale

model. We vary in silico the soil texture and the transfer of unbound

POM to deeper layers. While keeping the depth-dependent environ-

mental conditions fixed with respect to time, we study in contrast

the impact of spatially variable saturation, oxygen availability, and

carbon contents on the overall CO2 respiration. In addition, limitations

in its diffusive transport to the soil surface and accumulation of the

produced CO2 in the soil can be accounted for. The grand goal of the

study is the development of amodeling framework that allows to study

the interplay of the aforementioned processes and variations under

precisely defined conditions in forward simulations, which are based

on realistic parameters and insights from experimental studies.

2 MATERIAL AND METHODS

2.1 Model concept

We consider a coupled two-scale model, which includes a simple

mathematical model for purely diffusive CO2 transport across the soil

profile (macroscale), which is informed by a pore-scale (microscale)

model for C turnover. As illustrated in Figure 1, the macroscopic

soil profile is divided into a fixed number of layers of equal height.

For each layer, we determine the amount of respired CO2 from a

representative microscale model. On these microscale domains, we

apply an extension of the spatially and temporally explicit model

introduced in Zech, Schweizer, et al. (2022) to calculate the amount

of respired CO2 based on soil texture, water saturation, oxygen

concentration, and POM content. These ambient environmen-

tal conditions vary vertically along the soil profile (Figure 1). The

microscale problems are moreover coupled to one another since

unbound POM can potentially be passed to the microscale problem

representing the subsequent layer. Finally, based on these inputs,

the macroscale spreading of CO2 in the soil profile is considered

(Figure 1).

In the following Section 2.2, we introduce the detailed macroscale

model equations. In Section 2.3, we give an overview of the microscale

model based onZech, Schweizer, et al. (2022). In Section 2.4,we specify

the ambient environmental conditions and parametrizations of macro-

and microscale models and define different simulation scenarios. The

latter allows quantifying the differences in CO2 production resulting

from three soil textures and three options of additional POM input

from the overlying soil layer.

2.2 Macroscale model

We describe the diffusive transport of microbially produced CO2

with concentration cCO2
across a soil column. We consider a one-

dimensional soil column Ω = [0,0.5] m aligned along the z-axis con-

sisting of i = 1,… ,10 layers Ωi of the same size defined by Ωi :=

[(i − 1) × 0.05, i × 0.05]m for i ∈ {1,… ,10}. Themacroscopic transport

equation in the layered domainΩ is given by

𝜕tcCO2 (z, t) − ∇ ⋅
(
Di∇cCO2 (z, t)

)
= fmicroi in (0, T) × ˙i , i = 1,⋯,10.

(1)
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COUPLING SCALES IN CARBONANDAGGREGATIONMODELING 133

F IGURE 2 Overall workflow of themicroscale model: Creation of initial dispersed state (a), application of cellular automatonmodel (CAM) for
creation of aggregated initial state (b), and different input scenarios (c).We also indicate the processes whereOM ismineralized to CO2.

We ensure that the system is at equilibrium initially by choosing

the initial CO2 concentration to be zero and applying a zero Dirich-

let boundary condition at the top of the domain. On the bottom of the

domain, we consider no-flow boundary conditions:

cCO2 (0, t) = 0 for t ∈ (0, T) , (2a)

∇cCO2 (0.5, t) ⋅ n = 0 for t ∈ (0, T) , (2b)

cCO2 (z,0) = 0 in ˙. (2c)

Based on the amount of respired CO2 in the microscale simula-

tion, we prescribe the source term fmicroi in each layer, see below in

Section 2.3.3.

The effective gas diffusion coefficient Di in the macroscale equa-

tions depends on the saturation, which varies from layer to layer and

can be determined by different approaches, for example, mathemat-

ical upscaling techniques (Ray et al., 2018) or semi-empirical models

such as thewidely usedmodel byMillington andQuirk (1961), which is

based on theoretical calculations for a system of pores andwill be used

in this study to describe the space dependency (while being constant

with respect to time; see Section 2.4).

2.3 Microscale model

We extend and apply the mechanistic, spatially, and temporally

explicit microscale model that has been introduced in Zech, Schweizer,

et al. (2022). It describes the interaction between the dynamic re-

arrangement of inseparable solid building units, the turnover of POM,

and simultaneous soil surface alterations in a 2D setting. The work-

flow for themicroscale models is depicted in Figure 2. Below, we give a

short overview of themicroscalemodel components and refer to Zech,

Schweizer, et al. (2022) for an extended description. In addition, we

here include oxygen as a reactant required for the decomposition of

POM. We further extend the model by a mechanism that allows pass-

ing through unbound, that is, not attached POM to lower layers in the

soil column.

2.3.1 Microscale domain and generation of initial
disperse state

As outlined in Section 2.1, we associate a representative microscale

domain YΩi
to each layer Ωi. More precisely, we consider two-

dimensional domains YΩi
of size 500 × 500 µm (250 × 250 pixels with

a resolution of 2 µm) where we distinguish explicitly between solid

phase, POM particles, and pore space (Figure 3). The solid phase con-

sists of inseparable solid building units, whose shapes are obtained

from dynamic image analysis of wet-sieved, water-stable primary soil

particles and aggregates of a Cambiosol (see Figure 2a in the workflow

and Figure 3 for a sketch; Felde et al., 2021; Schweizer et al., 2019).

This arable Cambiosol shows a range of clay contents (Schweizer et al.,

2019), and we use the collection of particle shapes and particle size

distributions to generate virtual soils with textures of 18% and 33%

clay-sized particles (<6.3 µm). The initial dispersed state is created

as follows: Solid building units are distributed randomly within the

computational domains YΩi
according to a prescribed particle size dis-

tribution and for a prescribed clay content of either 18% clay (low clay

soil) or 33% (high clay soil) and solid phase fraction of 65% (Figure 2a).

We choose the same solid phase fraction for both textures to gain com-
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134 ZECH ET AL.

F IGURE 3 Exemplary state of the computational domain for a clay content of 18% after different steps of themicroscale model (cf. Figure 2)
from the initial dispersed state (a) to initial aggregated state (b) and state after input scenario (c) with schematic representation showing pixels of
type solid (gray), pore (white), or POMwith different amounts of organic carbon (OC): high (dark green) or low (light green) and edges of type
reactive (blue), nonreactive (black), memory (pink), or both reactive andmemory (purple).

parable quantities related to the solid phase. Figure 3a shows such an

exemplary, initial dispersed state for the soil with 18% clay content.

Parts of the surface of the solid building units are marked as reac-

tive, where the share of the reactive surface increases with decreasing

particle size. According to the logarithmic decrease of the specific sur-

face area (SSA) with mineral particle sizes (Borkovec et al., 1993) and

the increasing relative proportion of clay minerals (Fernández-Ugalde

et al., 2013, 2016; Schjønning et al., 1999), we assign 10% of the sur-

face as reactive for sand-sized particles (>63 µm), 25% for coarse

silt-sized (>20 µm, <63 µm), 50% for medium silt-sized (>6.3 µm,

<20 µm), and 100% of the surface for fine silt and clay-sized parti-

cles (<6.3 µm). These reactive edges facilitate aggregation between

solid building units and allocation of POM. Finally, POM particles with

minimum Feret diameters of 6–10 µm are added to the microscopic

computational domains YΩi
, while the amount depends on the depth of

the respective soil profile layer as outlined in Section 2.4.1 below. On

this initial dispersed state (Figures 2a and 3a), we apply our CAMwith

the rules outlined below to obtain an initial aggregated state resem-

bling a snapshot of a real soil where POM particles are attached to

and occluded within the solid matrix (Figure 2b for the workflow and

Figure 3b for an example situation). Generating this initial aggregated

state leads to a decrease in SSA for all microscale problems, that is, in

every layer and for both textures. In the top layer, SSA, for instance,

drops from0.178 to 0.138µm−1 for the 18%clay soil and from0.233 to

0.168 µm−1 for the 33% clay texture. This initial aggregated state rep-

resents the starting point (t = 0) for the different scenarios in the 1000

days simulations (Figures 2c and 3c).

2.3.2 CAM for reorganization

Within the pore space, solid building units and POM particles can

relocate due to attractive forces. Besides the creation of the initial

aggregated state, the CAM rules are applied in combination with the

decomposition of POMand surface alterations in every time step, each

corresponding to a timespan of 1 day (Figure 2c). The time steps in the

CAMare chosen in such away that they correspond to diffusive ranges,

which are realistic for the considered particle sizes, see also Table 1.

Aggregates of solid building units and POM particles, separate

solid building units, and POM particles relocate to achieve the most

attractive and stable configuration. The range of potential movement

decreases with increasing size of the solid building unit, aggregate or

POM particle. Following the Stokes–Einstein relation for the diffu-

sion of spherical particles in a liquid and the reasoning of Rupp et al.

(2019), this represents the range of Brownianmotion, where themean

displacement is equivalent to the expected mean path length and is

proportional to the effective radius 1∕
√
area, with the area of the par-

ticle. This resulted in ranges between 10 µm, for entities smaller than

100 µm2, to 2 µm for entities with an area between 1600 and 80,000

µm2. For larger aggregates, the range is set to 0. The attractivity is

determined based on the amount and type of contact with surfaces

with adhesive properties that alter over time due to POM degrada-

tion as described in Section 2.3.3. In addition, we include a mechanism

allowing for a random break-up of structures where the probability

of random break-up and thus underlying stability depended on the

types of surface contacts as well. Due to the addition and decompo-

sition of POM particles and related temporal development of surface

types (see Section 2.3.3) the most attractive configuration changes

with time and is essential to consider since it influences in return the

POM turnover. Note that these rules and the explicit spatial repre-

sentation of the particles allow us to distinguish stable from unstable

bindings and occluded from easily accessible POM.

2.3.3 POM decomposition and surface alteration

Starting from the aggregated initial state (Figure 3b), we apply a com-

bination of the CAM for the structural reorganization with a model
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COUPLING SCALES IN CARBONANDAGGREGATIONMODELING 135

TABLE 1 Variables and parameters in micro- andmacroscale model.

Symbol Parameter Specification Unit Value

Microscalemodel

cpPOM Amount of organic carbon in POMparticle p (g C cm−3) –

kPOM POMdecomposition rate (d−1) 0.0239

kagent POMagent decomposition rate (d-1) 0.0359

– Minimum agent concentration (g C cm−3) 0.0048

– Maximum agent concentration (g C cm−3) 0.48

CUE Carbon use efficiency (–) 0.45

cO2
Oxygen concentration (mg L−1) –

KcO2
Half saturation constant oxygen (mg L−1) 10ˆ−3

– Range of movement Particle/aggregate size

– <100 µm2 (µm) 10

– ∈ [100 µm2, 176 µm2] (µm) 8

– ∈]176 µm2, 400 µm2 [ (µm) 6

– ∈ [400 µm2, 1600 µm2 [ (µm) 4

– ∈ [1600 µm2, 80,000 µm2] (µm) 2

– >80,000 µm2 (µm) 0

– Attractivity of edge contact Contact type

– Solid (reactive/memory) - solid (reactive/memory) (–) 1

– POM–solid (reactive) (–) 5

– POM–solid (memory) (–) 10

– Probability of random break-up Contact type

– Solid (reactive/memory) - solid (reactive/memory) (–) 0.25

– POM–solid (reactive) (–) 0.1

– POM–solid (memory) (–) 0.05

Environmental conditions

– Max. initial POM amount (mg C g−1) 3.60

– Max. POM input rate (mg C g−1 y−1) 11.9

Maximum oxygen concentration (mg L−1) 0.1

Macroscalemodel

cCO2
Macroscopic CO2 concentration (mg L−1) –

D0
g Molecular diffusion of CO2 in air (cm2 s−1) 0.16

D0
w Molecular diffusion of CO2 in water (cm2 s-1) 1.67-E5

Di Effective gas diffusion coefficient in layer i (cm2 s−1) –

fmicroi Source term in layer i (mg L−1 d−1) –

describing the decomposition of POM and simultaneous spreading of

microbially produced agents on the solid surface. Zech, Schweizer, et al.

(2022) assume that POMparticles are degradedwith a first-order rate,

similar as in Portell et al. (2018), by an immobile microbial popula-

tion on the reactive solid edges, which itself is not modeled explicitly.

The degradation would lead to dissolved OC (DOC) as an intermedi-

ate product, which is consumed comparably fast. Zech, Ritschel, et al.

(2022)demonstrated thaton thepore scale, thediffusionofDOC is suf-

ficiently fast, and only the connectivity of the liquid phase could limit

degradation locally. Overall degradation kinetics were identical. Con-

sequently, we do not model this step separately but rather subsume it

in the overall degradation rate. We additionally include oxygen as an

important reactant required for the decomposition of POM (Keiluweit

et al., 2016; Witzgall et al., 2021) and thus considered Monod kinet-

ics (Borden & Bedient, 1986; Ebrahimi & Or, 2016) with respect to

oxygen concentration cO2
and linear kinetics with respect to POM

concentration cpPOM in the reaction rate:

𝜕t c
p
POM = −kPOM𝛼

p
occ

cO2

KO2
+ cO2

cpPOM. (3)
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136 ZECH ET AL.

Here, kPOM denotes the POM decomposition rate, 𝛼pocc ∈ [0,1] an

“occlusion” factor determined by the number of surface contacts of a

POMparticle p (cf. Zech, Schweizer, et al., 2022, for more details), cpPOM
the amount of OC in a POM particle p, cO2

the oxygen concentration

in the respective layer, and KO2
the half saturation constant for oxy-

gen. The occlusion factor allows us to take into account that the POM

decomposition decreases when it has less contact with pore space and

thus is less accessible for microbes. When a POM particle is degraded,

part of its OC is taken up by a simultaneously created microbially pro-

duced agent on the solid surface in a proportion depending on the car-

bon use efficiency CUE = 0.45, according to the CENTURY model for

below-ground OM decomposition (Manzoni et al., 2012). The remain-

der is released as CO2-C. From the amount of produced CO2-C in the

microscale domain representative for each layer i, we then calculate

the CO2 production rate, which corresponds to the source term fmicroi .

The microbially produced agent spreads on the solid surface if it

exceeds a prescribed threshold and, in this manner, increases its sur-

face coverage. At solid edges where the agent concentration exceeds

a minimum threshold, a gluing spot, which enhances the formation

of aggregates, is created (Bucka et al., 2019). The agent itself is also

degraded, this process again releases CO2, which contributes to the

source term fmicroi . The gluing property may be locally retained even

after degradation of the agent coating, and we introduce the term

“memory edges” to account for the lasting increase of the mineral

surface reactivity of such surface conditioning.

These memory edges are considered the most attractive and stable

for the aggregate formation realized by the CAM. Additionally, mem-

ory edges have the same function for degradation of POM as reactive

edges, that is, POM particles underwent degradation in contact with

memory edges in the same manner as described above. Due to an

assumed aging process, whichmay lead to the loss of attractive surface

properties, memory edges could also lose their attractive properties

over time.

At specified time steps, a certain amount of new POM input is given

into the system by placing a layer-dependent number of POM par-

ticles of size 15 pixels, corresponding to 60 µm2, randomly into the

pore space of the respective representativemicroscale domain accord-

ing to the carbon content decreasing with depth in the soil profile

(see the macroscopic boundary conditions in Section 2.4.1). Addition-

ally, we optionally removed all POM particles that were unbound, that

is, without contact to a reactive/memory edge for a given number

of consecutive days (depending on the scenario, see Section 2.4.4),

from the microscale domain. At the same time step, they were then

placed randomly within the pore space of the microscale domain being

representative to the layer below (Figure 1).

2.4 Model parametrization and scenarios

2.4.1 Macroscopic environmental conditions

The water saturation and the derived effective diffusion coefficient,

the carbon content in terms of POM, and the oxygen concentration are

varied over the depth of the soil column as shown in Figure 1, while

keeping them constant in time. The carbon content in a soil profile typ-

ically decreases with soil depth (Ebrahimi & Or, 2016; Poage & Feng,

2004) since the majority of carbon input is delivered as plant litter in

the topsoil and thereafter redistributed due to bioturbation and pref-

erential transport in macropores. Similarly to Ebrahimi and Or (2016),

we thus assume a steady-state, normalized carbon profile, which sum-

marizes all suchprocesses andexponentially decayswith the soil depth,

that is, c̄POM (z) = e−6z, z ∈ [0,0.5] m. This exponential type is in accor-

dance with experimental studies as shown, for example, in Angers and

Recous (1997), Bernoux et al. (1998), or Poage and Feng (2004). This

POM input profile is used for the initial addition of POM to the system

when creating the initial dispersed state (Figure 2a) and as continuous

POM input over time in the microscale model (Figure 2c) as described

in Section 2.4.3.

For the water saturation S, we consider, also similar to the wet sit-

uation in Ebrahimi and Or (2016), a steady-state exponential profile

by S (z) = 1 − e−14z, z ∈ [0,0.5] m such that the saturation at the top

of the profile is 0 and increases exponentially with soil depth. Since a

higher water saturation correlates with a lower oxygen concentration,

we set the normalized oxygen concentration as c̄O2
(z) = e−14z, z ∈

[0,0.5] m. Fromthe continuousmacroscopic environmental conditions,

we use the value at the top of each discrete layer i, that is, at z =

(i − 1) × 0.05 m, to parameterizemicro- andmacroscale models.

The extension to more realistic, temporally changing conditions is

straightforward, but beyond the scope of this research, as we focus

here on the coupling of microscale information to macroscale diffusive

transport of CO2. The prescribed, spatially heterogeneous conditions

already allow us to study the effects of such variations in principle.

2.4.2 Macroscale model

In themacroscale model, we describe the diffusion of CO2 through the

soil columnwithEquations (1) and (2), introduced in Section2.2, includ-

ing the source term fmicro, which takes into account the amount of CO2

produced at the microscale. We estimate the effective diffusion ten-

sor Di in layer i via the semi-empirical model by Millington and Quirk

(1961):

Di = Dg (𝜃i) =
(𝜙 − 𝜃i)

10

3

𝜙2
D0
g , (4)

with the volumetric water content 𝜃i in layer i, the total porosity 𝜙, and

the molecular diffusion of CO2 in the air D0
g = 0.16 cm2 s−1 (Rumble,

2022). Depending on the saturation level in the macroscopic profile

and the given constant porosity 𝜙 of 0.35, we calculate a specific layer-

dependent effective gas diffusion coefficient, which remains constant

with respect to time. For a soil depth z > 0.2 m,wherewater saturation

S > 0.94, this would result in values 104 smaller than the effective gas

diffusion coefficient in air and thus smaller than the effective diffusion

coefficient in water. For this reason, we set the effective gas diffusion
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COUPLING SCALES IN CARBONANDAGGREGATIONMODELING 137

coefficient to the effective diffusion coefficient of CO2 in water in all

deeper layers, namely, 3.95E−6 cm2 s−1.

2.4.3 Microscale model and environmental
conditions

As outlined above, we consider three types of POM addition to the

microscale domain YΩi
: the initial POM input, a continuous POM input

over time due to the spatially decreasing carbon content along the

soil profile, and—depending on the scenario—eventually an additional

POM input retrieved from the overlying layer. First, we prescribe the

layer-dependent initial POM addition to the microscale domain YΩi
.

We consider a maximum initial amount of POM of 3.60 mg C g−1 as

in Zech, Schweizer, et al. (2022) based on 3D information from natural

soils. This value corresponds to an addition of POM particles amount-

ing to2%of the solid. Assuming aPOMdensity of 1.2 g cm−3 (according

to Christensen, 1992) and solid density of 2.65 g cm−3, the density of

quartz corresponded to a POM content of 9.01 mg C g−1 and, assum-

ing an OC mass fraction of 40% in POM, a resulting initial amount of

3.60mgC g−1 as POM-OC. For comparison, OC input of 13mgC g−1 in

the form of POM in sizes<63 and 63 µm to 2mmwas added in incuba-

tion experiments by Bucka et al. (2021). Others added 5–30 mg C g−1

(De Gryze et al., 2005) or 5mg C g−1 (Angers & Recous, 1997).

By multiplication with the exponentially decaying carbon profile

c̄POM described above, the initial POMaddition over the soil profilewas

then given by 3.60 × e−6z mgC g−1, z ∈ [0,0.5 m]. Second, for the con-

tinuous POM input over time, we consider the “high input” setting of

Zech, Schweizer, et al. (2022) corresponding to annual OC input rates

of 11.9 mg C g−1 as the basis. Over the soil depth z, the input rate is

then calculated by 11.0 × e−6z mg C g−1 / year, z ∈ [0,0.5 m], and the

respective amount of POM input is continuously added in each layer

over time.

For the half-saturation constant of oxygen, we consider KO2
=

10−3 mg L−1 (Ebrahimi &Or, 2016) and amaximum oxygen concentra-

tion of 0.1mg L−1 corresponding to the maximumO2 concentration at

the aggregate boundary in Ebrahimi andOr (2016). Taking into account

the environmental condition c̄O2
, we therefrom calculate the decreas-

ing depth-dependent oxygen concentration by 0.1 × e−14z mg l−1,z ∈

[0,0.5 m]. All other parameters related to the decomposition of POM

were chosen as described in Zech, Schweizer, et al. (2022).

2.4.4 Scenarios

We now illustrate the capability of our modeling approach by conduct-

ing a proof-of-concept study. We put the emphasis on the effects of

transferring microscale information to the diffusive macroscale trans-

port model, on the impact of texture on carbon turnover, and on

the effect of spatially variable environmental conditions. We consider

three different soil columns, which vary in the prescribed soil texture.

Similar to the investigations in Zech, Schweizer, et al. (2022), we first

take into account particle size distributions based on a clay content

of 18% and 33% and assume a constant clay content over the depth

in two columns. In each layer i of these two soil columns, we use the

same initial distribution for the representative underlying microscale

domain. The third profile is a mixture of the profiles, with the top half

having a clay content of 18% and the bottom half having a clay content

of 33%.

Furthermore, we evaluate three different options for the transport

of unbound POM particles to lower layers, which can be interpreted

as particulate leaching. In the reference setting, we only take into

account the initial POM concentrations and the continuous input due

to environmental conditions as outlined in Section 2.4.3. No additional

transfer of mobile POM to deeper layers takes place. In addition, we

consider two variants including a transport of all POM particles to the

subsequent layer thatwere unbound for either 1 or 2 consecutive days.

This choice corresponds to the twosmallest possible time steps accord-

ing to our temporal discretization with step size 1 day. The choice of

larger time intervals revealed that almost no POM was unbound for

such time spans, that is, such situations are already covered by the ref-

erence setting. In the deepest layer, no POM exits the system, except

by degradation.

In total, this results in nine different scenarios simulated over

1000 days with a time step of one day. We perform 10 repetitions

each to minimize randomness in the initial choice of the shapes and

the placement of particles, as well as in the steps of the CAM. The

ordinary differential equations were solved exactly, while standard

finite element methods were used to solve the macroscopic diffusion

equation.

3 RESULTS

The results of the microscale model simulations (Figure 1b) are pre-

sented inFigure4. Thenet inputofPOMineach layer, that is, the sumof

initial POM input, continuous input over time and potential input from

the upper layerminus the transferred POMto the lower layer, is visual-

ized in Figure 4a. Transport of free POM particles to lower layers after

1 day leads to a decrease of the net POM input in the top layer of 29.6%

(18%clay; dashed red line, Figure 4a) and12.9% (33%clay; dashed blue

line, Figure 4a), compared to the reference setting without transfer

(continuous lines in Figure 4a). Note that in the reference setting the

POM inputs coincide for the three textures, thus the continuous lines

in Figure 4a overlap. Removal after 2 days leads to a smaller decrease

of net POM input in the top layer (13.6% for 18%clay; red dotted line in

Figure 4a; 3.1% for 33%clay; blue dotted line in Figure 4a). For all lower

layers, that is, for z > 0.05 m, the transfer of POM from upper layers

leads to a minor increase in net POM input. Generally, for the texture

with 18% clay (red lines), the transport of free POMparticles to deeper

layers is enhanced. For the mixed soil profile (green lines in Figure 4),

the net POM input in the upper half layers coincides with the one of

the low clay profile by design. In the first layer with higher clay content

in the mixed profile (z ∈ [0.25 m,0.3 m]), the net POM input is signif-

icantly increased, compared to both uniform profiles for removal after

1 day (23.0% higher, compared to 18% clay, 33.1% for 33% clay). In the
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138 ZECH ET AL.

F IGURE 4 Net POM input (a), total produced CO2 (b), and share of net POM input that was respired as CO2 (c) over soil depth z as a result of
themicroscale model in different scenarios. Median of 10 repetitions with error band representing lower and upper quartile.

lower layers (z > 0.3 m), the net POM input approaches the 33% clay

profile.

In Figure 4b, the total amount of respired CO2 after 1000 days of

the microscale model for each layer is visualized. Lower clay content

(red lines) in general results in higher CO2 production, for example,

averaged over the total profile 9.16mg CO2-C g−1 are produced in the

reference setting for 18% clay (red continuous line in Figure 4b) and

7.66mgCO2-C g−1 for 33% clay (blue continuous line). The differences

in CO2 production between the distinct removal settings qualitatively

mirror the net POM input profile in Figure 4a, that is, the scenarios

with removal lead to lower CO2 production in the uppermost layers

and higher CO2 production in the lower layers. In total, however, faster

transfer ofPOMto lower layers results in adecrease inCO2 production

(averaged over profile for 18% clay: 8.87 mg CO2-C g−1 for removal

after 1 day, red dashed line in Figure 4b, compared to 9.16 mg CO2-C

g−1 without removal, red continuous line). As for the net POM input,

the amount of carbon produced in the mixed soil profile coincides with

the top half of the low clay profile by design. Toward the bottom, the

amount of produced carbon in themixed profile approaches the one of

the high clay profile and generally lies in between the two uniform pro-

files. Even in the first layer in which the clay content changes (Layer 6)

and the net POM input in the mixed profile is increased, compared to

the low clay profile (by 23.0%), the amount of producedCO2 is reduced

(by 6.6%). In Figure 4c, the share of net carbon input respired as CO2

is visualized over the profile depth. For the 18% clay profile, the share

of carbon respired as CO2 decreases from 76.6% in the top layer to

14.1% in the bottom layer, and for the 33% clay profile, it decreases

from 68.1% to 8.9%. The differences between the two textures reflect

the differences in absolute total CO2 production outlined above.

Due to the initial and boundary conditions and the design of the

scenarios, the microscale simulations induce an outflow of CO2 at the

top of the macroscopic domain. The remaining CO2 contents in the

soil profiles after 200, 600, and 1000 days of the macroscale model

(Figure 1c) are visualized in Figure 5. The macroscopic distribution of

CO2 (Figure 5) significantly differs from the input profile according to

the microscale simulation (Figure 4b). In the input profile, the amount

of totally produced CO2 monotonously decreases with soil depth

(Figure 4b). In comparison, in the macroscale profile, the CO2 content

peaks at approximately z = 0.3 manddecreasesmonotonously toward

thebottomand topof the profile. In the topmost layers, that is, for a soil

depth z < 0.15 m, almost no volatileCO2 waspresent in all scenarios at

t = 1000 days.

For all layers, the macroscopic profile with a clay content of 18%

(red lines in Figure 5) shows a higher content of CO2 mirroring the

CO2 input profile from the microscale simulations (Figure 4b). Fast

daily transfer of POM in the microscale simulations (red dashed lines

in Figure 5) leads to the highest CO2 content in the lower layers of

the macroscale profile for the clay content of 18% and thus higher

total CO2 content (Figure 5). At the clay content of 33% (blue lines

in Figure 5), there are no significant differences between the three

different removal settings. In the mixed setting, the CO2 content lies

generally between the two uniform columns similar to the CO2 pro-

duced in the microscale simulations. As with the 18% clay profile, the

faster transfer of free POM particles results in an increase in CO2

content (dashed vs. dotted and continuous yellow lines in Figure 5).

In Figure 6, the relative amount of POM that is attached to reactive

or memory edges is depicted. Overall, our forward simulations result

in 60%−85% of POM surfaces (edges) in contact with gluing soil par-

ticles. Note that edge contacts are counted individually, that is, a POM

particle where 50% of its edges are attached to reactive or memory

edges will not count as 100% attached but 50%. It is evident that

the variance decreases with simulation time, that is, some stationary
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COUPLING SCALES IN CARBONANDAGGREGATIONMODELING 139

F IGURE 5 Macroscopic profile of remaining CO2 content after 200 (a), 600 (b), and 1000 (c) days. Median of 10 repetitions with error band
representing lower and upper quartile.

F IGURE 6 Percentage of POMedges attached to reactive or memory edges of soil particles over depth profile after 200 (a), 600 (b), and 1000
(c) days. Median of 10 repetitions with error band representing lower and upper quartile.

state is reached for larger times. The reference (solid lines in Figure 6),

1-day (dashed lines) and 2-day scenarios (dotted lines) do not differ

significantly. However, the share of attached surfaces is larger for

higher clay content (blue lines) as well as for deeper layers.

Finally, we calculate that part of the produced CO2 in the whole

soil profile, which remained in the soil at the end of the simulations

after 1000 days. Among the nine scenarios, this part sums up to

7.24%−10.78% of the produced CO2. The highest value occurs for the

18% clay texture and the daily POM transfer.

4 DISCUSSION

The microscale simulations show in all settings that a higher clay con-

tent leads to lower CO2 respiration. In the case of the reference

setting without transfer, this is consistent with the texture effects

observed experimentally in Bucka et al. (2021), Witzgall et al. (2021),

and Schweizer et al. (2021). A higher clay content provides a greater

number of reactive surfaces and thus delays the turnover of POM into

CO2 by structural occlusion. This correlation of higher clay content

 15222624, 2024, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/jpln.202300080 by K

atholische U
niversitat E

ichstatt-Ingolstadt, W
iley O

nline L
ibrary on [13/08/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



140 ZECH ET AL.

and higher OC concentrations due to more mineral-associated OC has

been reported in many studies, see, for example, the meta-analysis

in Laganière et al. (2010). This is emphasized by the lower share of

produced CO2 in all layers (Figure 4c).

The transfer of free POM particles to deeper layers resulted in a

decrease in net POM input mainly in the top layer for all soil columns.

In all other layers, the differences are small irrespective of the depth

and absolute amount of POM in the layer. This indicates that the

majority of the POM particles came into contact with reactive or

memory edges very quickly and that structural stabilization/occlusion

of POM occurred rapidly. This is in line with observations from large

data synthesis studies with more than 1144 globally distributed soil

profiles (Sokol et al., 2022), where around 80% of total soil organic

carbon was considered as mineral-associated in topsoil (0−30 cm) and

subsoil (30–120 cm) of croplands, with highest values in temperate

climates. The value of 60%−85% of POM edges attached to reactive

or memory edges of soil particles (see Figure 6) yields realistic results

from the forward simulation. Comparing the two textures, the transfer

of free POM to deeper layers resulted in a decrease of net POM input

in the top layer for the low clay profile and a slight increase in the

deeper layers, compared to the high clay profile. This can be explained

by the higher amount of small clay particles and correspondingly

higher total surface area and thus better potential to structurally sta-

bilize POM (Schweizer et al., 2021) and prevent its transfer to deeper

layers.

Overall, the higher clay content resulted in lower CO2 production in

the removal settings. This indicates that the texture effectwith respect

to POM decomposition outweighed the texture effect with respect to

the removal of free POM to deeper layers. Although POM transfer

had an effect on CO2 production as described above, it was relatively

small. Consequently, other mechanisms for POM transfer to deeper

layers have a larger impact, such as transport through macropores,

bioturbation due to earthworm activities, and so forth (Guhra et al.,

2022).

Nonetheless, in the lower half of the soil profiles, the accumulation

of CO2 is the largest, even though production is low due to limited

oxygen and POM supply. This demonstrates that transport processes

toward the surface are not fast enough to balance the production rate

there and the overall regime is diffusion-limited there.

Bucka et al. (2021) report an accumulated CO2-C release during

the incubation period of their experiments (with the Cambiosol soils),

which increased with higher sand contents with a mean value of 1.6

± 0.4 mg g−1 in the clay loam, 1.9 ± 0.1 mg g−1 in the loam, and 2.1

± 0.2 mg g−1 in the sandy loam. Although the experiment design and

duration were different (95 days, 30 days of incubation), and also no

measurements in the profile are available, the results are consistent

with our simulated data: During 1000 days, a CO2-C production in the

range of 1–20 mg CO2-C g−1 was observed (Figure 4b). Also, produc-

tion and accumulation are highest for the coarse textured soil (red lines

in Figures 4 and 5).

In general, the CO2 production in the microscale model, which was

used as a source term for the macroscale model, decreased with soil

depth.On theonehand, POMcontentwas lower as outlined above, and

on the other hand, this is due to the decreasing oxygen content leading

to a decrease in POMdecomposition with depth.

In summary, the CO2 production is determined by:

∙ texture effects due to fast structural occlusion of POM and limited

POM transfer and

∙ macroscopic environmental conditions such as limited oxygen avail-

ability.

Due to the increasing saturation with soil depth, the effective gas

diffusion coefficient also decreased with depth. These two factors led

toa rapid releaseofCO2 in theupper layers of theprofile,wherealmost

no CO2 accumulated. In larger depths, the results are multifaceted.

At depths z > 0.2 m, where water saturation S > 0.94 and diffusion

became a limiting factor, CO2 began to accumulate in the profile (recall

Figure 5) despite the lower amounts of POM and O2 and smaller pro-

duction there (cf. Figure 4).While the faster transfer of POM to deeper

layers in the microscale simulations led even to a small decrease in

total CO2 production as described above, in themacroscale profile, the

total remaining CO2 content after 1000 days nevertheless increased

for the faster transfer settings. This was mainly due to a higher accu-

mulation of CO2 in the deeper layers of the macroscale profile where

diffusionwas limited. The effectwasmost pronounced if free POMwas

propagated daily to the deeper layers and for the 18% clay (Figure 5,

red curves) although the net POM input was very similar (Figure 4a).

The coupling of the pore-scale carbon turnover to the profile scale

CO2 diffusion reveals that 7%−10% (most significant for low clay con-

tent and fast transfer setting) of the produced CO2 remains in the soil.

This shows that due to the interplay of counteracting factors at the

macroscale, a simple summation of produced CO2 over depth does not

represent the macroscopic profiles. Thus, the subsequent macroscale

transport model provides additional valuable insights into the time-

dependentCO2 release fromsoil profiles, in particular, if amendedwith

realistic soil profile scenarios.

5 CONCLUSION

In summary, the coupled simulation of macroscopic transport and

pore-scale carbon and aggregate turnover reveals the complex, non-

linear interplay of the underlying processes. Limitations by diffusive

transport, oxygen availability, texture-dependent occlusion, and

turnover of OM drive CO2 production and carbon storage. Our results

underline the capability of our model to investigate the opposing

factors, which determine the nonlinear distribution of CO2 in the soil

profile. This emphasizes the need for micro–macro models exchanging

information on different scales to investigate and quantify the effects

of structural changes, variations in environmental conditions, or

differences in the degradation processes in the hot spots of soils on

carbon turnover (Baveye et al., 2018; Gerke et al., 2022; Pot et al.,

2022b; Vereecken et al., 2016). This explicit spatially and temporally

dynamic model contributes to understanding the linkage between

soil architecture and functions from the micron to the pedon scale.
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COUPLING SCALES IN CARBONANDAGGREGATIONMODELING 141

We emphasize that the simulation studies do not comprise any fitting

parameters but that all results are obtained from forward simulations

with realistic, process-based assumptions and parameter sets derived

from experimental findings.

In this proof-of-concept study, some conditions were simplified to

reduce the overall complexity and to facilitate the interpretation of the

observed system. However, the general modular concept can be easily

adapted and extended for further influencing factors. The systematic

study of any type of macroscopic environmental conditions, more

realistic and changeable soil textures, differentmicrobial communities,

or different types of OM is straightforward. As outlined, for instance,

in Ebrahimi and Or (2016), limited nutrient diffusion to microbes due

to low saturation at the top of the soil profile can likewise lead to

nonlinear profiles in microscale CO2 production.

Finally, model extensions to account for further POM transfer

mechanisms into the subsoil such as through macropores are needed.

Likewise, a more detailed macroscopic model for the transport of CO2

is desirable taking into account also macropores and further inho-

mogeneities at the macro scale. Another extension of the presented

model is the generalization to a two-way coupling of scales. This may

also include oxygen dynamics depending on transport across the

macroscale profile and its consumption bymicroscale processes. Along

this line, extensions to more realistic representations of microbial

components are possible. Finally, extensions to a temporally changing

saturation and seasonal cycles of POM input or more sophisticated

heterogeneities in the soil profiles may certainly be the topic of future

research.
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