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1. Introduction

The HoliSoils H2020 project aims to advance modelling tools for monitoring soil properties
and greenhouse gases (GHG) fluxes. One of the objectives of the WP2 is to use several state-
of-the-art models to simulate forest soil responses to management practices, natural
disturbances and overall impacts of climate change. Within the WP2 a multi-model ensemble
has been developed and presented in D2.1 and D2.2. The objectives of this multi model tool
are to simulate the evolution in time of the soil organic carbon (SOC) stocks and GHG fluxes,
and to take into account the uncertainty of the simulations linked to the different model
structures and calibration data sets. This multi model can be also used to better inform land
managers on optimizing of harvesting residues entering soil as plant litter input for SOC loss
reduction while maintaining the productivity This multi model approach has been embedded
into an interactive online interface. The goal of the interactive online interface is to allow end-
users, i.e., land use, land use change and forestry (LULUCF) experts and scientists, to simulate
SOC stock and GHG changes following scenarios of climate and land-use change.

Nevertheless, the current version has not been evaluated yet on its capacity to reproduce SOC
or GHG observations. This document describes the evaluation of a partial recalibration of the
models used against observations. The initial idea was to evaluate the tool over the control
sites of WP4 and WP5 but for most of the sites the lengths of the experiments were not enough
to evaluate the long-term SOC dynamic. Thus, we decided to use another dataset called
RENECOFOR (Jonard et al., 2017) that described two SOC sampling events over French forest
sites, to assess the extent to which simulation models can represent actual SOC stocks
observed in French forests. This question aims to better understand the dynamics of forest
SOC in order to refine estimates of their contribution to climate change mitigation.

2. Material and methods

2.1 The multi model interface

The ME4SOC online interface, developed as part of the HoliSoils project, simulates the
effects of climate, land use and forestry practices on SOC stocks and greenhouse gas
emissions (C02, CH4, N20). Built with R Shiny, the interface consists of two main files: “ui.R”
(user interface) and “server.R” (processing and calculations). The user inputs a study site
based on geographical coordinates, soil properties, climatic conditions and management
practices. In the absence of data, the entries are automatically completed from open
databases: the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) (“ISIMIP - The
Inter-Sectoral Impact Model Intercomparison Project,” n.d.), TRY(“TRY Plant Trait Database,”
n.d.), LUCAS (“LUCAS - ESDAC - European Commission,” n.d.), and GML (“NOAA Global
Monitoring Laboratory,” n.d.).

The ME4SOC online interface is able to run up to 6 different models. The simulations
of five process-based models included in ME4SOC (listed below) are based on compartmental
models, which represent the soil as a set of conceptual reservoirs of organic matter between
which carbon circulates through fluxes related to decomposition, humification and carbon
inputs. The one model in ME4SOC platform is an empirical model that simulated CO,, CH, and
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N,O fluxes based on their relationships with soil variables (Hashimoto et al., 2011a). The five
models that are integrated into the interface are: Century (Parton et al., 1988), Roth-C (Coleman
and Jenkinson, 1996), ICBM (Andren and Katterer, 1997) , Yasso07 (Tuomi et al., 2009) and
Yasso020 (Viskari et al., 2022), as well as a multi-model average (Bruni et al., 2022). These
models differ in their structure, number of compartments, and sensitivity to environmental
conditions. But, despite their differences, all models are based on a similar mathematical
formulation, founded on linear kinetics: the rate of carbon decomposition in each
compartment depends on the quantity of material present in that compartment and is
modulated by climatic conditions. Their formulation is based on a general decomposition
equation. All the details are presented in D2.1 and D2.2. It is important to note that before each
simulation, an initialisation phase (spin-up) is automatically launched based on the data
entered. The model is forced over a period of 5,000 years until it reaches a steady state. The
latter is defined as an annual variation in carbon stocks of less than 0.1% for ten consecutive
years. The total simulated SOC stocks are then rescaled to match the total observed SOC
stocks, while maintaining the relative proportions among compartments as defined at steady
state (Hashimoto et al., 2011b).

The climate variables used to feed the models (air and soil temperatures, precipitation,
snow, soil moisture at 10 cm, potential evapotranspiration) come from the ORCHIDEE surface
model (Krinner et al., 2005), forced by hourly data from the SAFRAN system at a spatial
resolution of 8 km (Vidal et al., 2010). For each site, annual average temperatures (MAT) and
precipitation (MAP) for the period 1993-2009 were calculated. Organic carbon inputs were
estimated from litter flows measured between 1994 and 2008 on RENECOFOR plots. The
variable Total above litter harvested between 3 and 12 times per year depending on the
conditions, corresponding to aerial litter (leaves, branches, fruits), was converted into an
annual flux. The Fine below litter component, representing fine root production, was estimated
indirectly from an empirical relationship between aerial biomass and root biomass (Jonard et
al.,, 2017). For Yasso we used the conversion table provided in the user manual (Liski et al.,
2009).

2.2 The RENECOFOR dataset

The field data comes from the RENECOFOR network (REseau National de suivi a long
terme des ECOsystemes FORestiers), set up in 1992 by the Office National des Foréts (ONF)
as part of the European programme ICP Forests (International Co-operative Programme on
Assessment and Monitoring of Air Pollution Effects on Forests). This network comprises 102
sites spread across France, chosen to reflect the diversity of climates, soils and forest types.
Each site covers 2 hectares, of which 0.5 hectares are subject to intensive monitoring. The
measurements focus in particular on stand structure, atmospheric deposition, soil physico-
chemical properties and litter flow, which are essential for estimating organic matter inputs.
Two soil campaigns were conducted (1993-1995 and 2007-2012), at three standard depths
(0-10, 10-20, 20-40 cm), using a consistent sampling and analysis protocol ensuring the
comparability of stocks between the two measurement periods (Jonard et al., 2017). For this
deliverable, a subset of 15 plots was selected. These sites are dominated by Quercus robur,
Abies alba and Picea abies, respectively, and cover two climate types (oceanic and
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mountainous) as well as three major soil types: luvisol (LUVI), humosol (HUMI) and calcosol
(CALC). Having been free of major harvesting or any disturbances for several decades, these
forests provide an ideal setting for studying the natural dynamics of the SOC and are
representative of contrasting ecological contexts.

2.3 Definition of the metrics used to evaluate the models

The evaluation of the models is based on two main metrics: the root mean square error
(RMSE) and the mean square deviation (MSD). RMSE measures the overall difference between
the simulated values Xn and the observed values Yn:

N
1
RMSE = NZ(Xn —Y,)?
n=1

The MSD (Mean Squared Deviation), recommended by Gauch et al.,, (2003), is the
unrooted version of this metric:

1 N
MSD = NZ(Xn _y)?
n=1

MSD can be analytically decomposed into three orthogonal components standard bias
(SB), Non-Unity slope (NU) and the Lack of Correlation (LC) :

MSD =SB+ NU + LC
MSD = (X - 17)2 + (s — rsy)2 + s2(1—1?)

where X and Y are the means, s, and s, are the standard deviations, and r is the
Pearson correlation coefficient between the simulated and observed series. In our case, each
site has only two observations, one of which corresponds to the initial state. This low data
density makes slope or correlation calculations unreliable. As a result, only the SB (quadratic
bias) component, which measures the systematic deviation between the means, was retained
for the analysis.

2.4 Calibration of the ICBM model

In this report, we are constrained the analysis only to the calibration of ICBM, serving as a
module that could be applied also to other models. This calibration was done in two steps,
first a sensitivity analysis to evaluate which parameters affect the most the model outputs and
then a full calibration described below. The sensitivity analysis of the ICBM model has been
integrated into the Model Calibration tab of the demo version of the me4soc web application.
The ICBM model simulates SOC stocks based on its three parameters (k1, k2 and h see D2.1
for parameter definition). The limits tested, defined empirically on the basis of the literature
(Andren and Katterer, 1997)and initial tests, are as follows: k1 € [0.5; 1.2], k2 € [0.001; 0.02], h
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€ [0.05; 0.25]. The analysis is first based on the Morris method (Morris, 1991), according to a
four-level OAT (One-at-a-Time) plan with a grid step of two. Each parameter can thus take four
values distributed evenly within its interval, and is modified individually while the others remain
constant, in order to isolate its effect. Ten independent perturbation trajectories are generated.
Two indicators are then calculated: the mean effect u and the standard deviation o.

Calibration using the L-BFGS-B method (Zhu et al., 1997) is triggered via the interface
in the Model Calibration tab of the demo version. The objective is to minimise a cost function
defined as the sum of the absolute differences between the simulated and observed SOC
values:

Cost = Z(Simulated SOC; — Observed SOC;)
i

where Simulated SOC; refers to the simulated stock for year i, and Observed SOC;
refers to the value measured in the field. The ICBM model generates the complete SOC
trajectory, whose values are extracted at the years of observation. Optimisation using the L-
BFGS-B method (via the optim R package) (Zhu et al., 1997) is based on gradient descent. For
each parameter, the partial derivative of the cost function is calculated (the gradient) in order
to determine the direction in which this function decreases most rapidly. The parameters are
then adjusted in this direction in order to progress iteratively towards a local minimum
between the simulated and observed values. The interface displays a table of calibrated
results and a comparative graph before and after calibration. The tested limits, defined
empirically on the basis of the literature (Andren and Katterer, 1997) and initial tests, are as
follows: k1 € [0.05; 1.5], k2 € [0.0001; 0.1], h € [0.01; 0.3]. The range of values that can be
tested during calibration are bigger than during sensivity analysis to allow the model to explore
more space.

3. Result and discussion

3.1 Evaluation of the multi model

Here, we focus on the evaluation of three sites (CHP-49, EPC-63, and SP-25) where the
models runs with their default parametrization show representative behaviour of the 15 sites
(Table 1 and Fig. 1). For CHP-49, prediction errors (ASOC) range from -39.56 tC ha™ for Roth-
C to +4.05 tC ha™ for Century. The Yasso07 (-0.43 tC ha™) and ICBM (-3.89 tC ha™) models
are closest to the value measured in 2007. Yasso07 has the best statistical performance, with
an RMSE of 0.30 tC ha™', an MSD of 0.09 tC ha™ and a very low quadratic bias (SB) of 0.05tC2
ha'. Conversely, Roth-C greatly overestimates decomposition, with an RMSE of 27.97 tC ha™
and an SB of 391.25 tC2 ha™. From a graphical point of view (Figure 1), Yass020, Century and
ICBM broadly reproduce the upward trend in SOC, unlike Roth-C, which deviates significantly
from it. Yasso07 is a notable exception here, with superior performance to the other models.
For EPC-63, all models underestimate the final observed value. Roth-C shows the largest
deviation (-151.29 tC ha™), followed by Yasso20 (-85.28 tC ha') and the multi-model average
(-71.46 tC ha'). Century provides the closest estimate (-21.12 tC ha™), with moderate
statistical performance (RMSE = 14.93 tC/ha, SB = 111.51 tC2 ha™). Roth-C has a particularly
high error, with an RMSE of 106.98 tC ha' and an MSD of 11444.33 tC2 ha™. In the
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corresponding graph (Figure 1), Roth-C diverges from the first few years, while Century
remains relatively close to the observations. For SP-25, most models also underestimate the
final SOC stock. Roth-C shows a deviation of -97.34 tC ha™, Yass020 of -46.98 tC ha™ and
ICBM of -16.34 tC ha. Only Century manages to approximate the observed value, with a very
small deviation (-0.64 tC ha) and a minimal RMSE of 0.45tC ha™. As for the other sites, Figure
1 shows that Roth-C declines sharply from 1994 onwards, while Century simulates an increase
in SOC that is more consistent with the observations.

Table 1 - Prediction errors (ASOC, in tC/ha) and model performance (RMSE, MSD and SB) for 3
sites CHP-49, EPC-63 and SP-25. RMSE (Root Mean Square Error) measures the overall error,
MSD (Mean Square Deviation) measures the total quadratic deviation, and SB (Squared Bias)
measures the quadratic bias, all in tC2/ha.

CHP-49
Model ASOC RMSE MSD SB
Yasso07 -0.43 0.3 0.09 0.05
ICBM -3.89 2.75 7.57 3.78
Century 4.05 2.86 8.2 4.1
Multi-model mean -10.29 7.28 52.94 26.47
Yasso20 -11.62 8.22 67.51 33.76
Roth-C -39.56 27.97 782.5 391.25
EPC-63
Model ASOC RMSE MSD SB
Century -21.12 14.93 223.03 111.51
ICBM -41.25 29.17 850.78 425.39
Yasso07 -58.35 41.26 1702.36 851.18
Multi-model mean -71.46 50.53 2553.27 1276.63
Yasso20 -85.28 60.3 3636.34 1818.17
Roth-C -151.29 106.98 11444.33 5722.17
SP-25
Model ASOC RMSE MsSD SB
Century -0.64 0.45 0.2 0.1
ICBM -16.34 11.55 133.5 66.75
Yasso07 -31.68 22.4 501.81 250.91
Multi-model mean -38.59 27.29 744.59 372.3
Yasso020 -46.98 33.22 1103.56 551.78
Roth-C -97.34 68.83 4737.54 2368.77
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Figure 1 - Simulated SOC evolution (in tC ha™) for sites CHP-49 (top), EPC-63 (middle) and SP-
25 (bottom). The coloured areas illustrate the uncertainty of the models, and the vertical bars
illustrate the uncertainty of the SOC measurements.

The evaluation of the results for 2007 highlights a general tendency for the three sites
considered to underestimate SOC, common to most models. Roth-C stands out with the
largest discrepancies, with significant underestimations across all sites. Among the other
models, only Century manages to accurately reproduce the value observed for SP-25
(difference of -0.64 tC/ha), but its performance ha slightly higher error at the other sites (RMSE
of 2.86 tC/ha for CHP-49, 14.93 tC/ha for EPC-63). YassoQ7 provides a good fit for CHP-49
(RMSE of 0.30 tC/ha), but fails elsewhere, suggesting lower sensitivity to water balance or a
one-off performance that cannot be generalised. Yasso20 is consistently among the least
effective. The ICBM model, although conceptually simpler (two compartments, three
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parameters), stands out for its more consistent performance. This model is never the most
effective, but consistently ranks second at all three sites. Its RMSE reaches 3.89 tC/ha for
CHP-49, 29.17 tC/ha for EPC-63 and 16.34 tC/ha for SP-25. The MSD and SB indicators
confirm a moderate bias and an overall error lower than that of the other models. Although
these results are still far from the observations, they show a stability that is favourable for
calibration. The structural differences between models, particularly in the way they integrate
the effects of moisture, seem to play a central role in the variability of predictions, as also
suggested by the work of Bruni et al., (2022). Due to its streamlined structure, consistent
performance and small number of parameters to be adjusted (k1, k2, h), ICBM was selected
as the starting point for the calibration procedure.

3.2 Calibration of the ICBM model

Table 2 presents the impact of the ICBM model parameters tested with the Morris method on
the model’'s output, carried out on 15 sites of the RENECOFOR network using the Morris
method, directly via the ME4SOC we application (demo version). As the trends were similar
from one site to another, an average was calculated to summarise the information. Parameter
k; has an average sensitivity of u = 3.33 yr' and a variability of ¢ = 2.96. For k,, we obtain u =
-29.43 yr' and ¢ = 2.61. Finally, parameter h shows an average sensitivity of u = 20.01 and a
variability of o = 6.08. A positive value of u indicates that an increase in the parameter tends
to increase the simulated SOC stock. A negative value means that it decreases it. Figure 2
shows the result of a SOC simulation at site SP-25, obtained via the ME4SOCdemo web
interface after adjustment using the L-BFGS-B optimisation method. The blue curve
corresponds to the trajectory simulated by the ICBM model before calibration. After calibration
of the model parameters (k1, k> and h), the green curve reflects an adjusted prediction, whose
evolution is constrained to tend towards the value measured at the end of the period (red dot).
The simulation begins in 1994, so year 14 corresponds to 2007. Table 3 presents the calibrated
parameters of the ICBM model for the three sites (CHP-49, EPC-63 and SP-25). The table also
includes the ASOC difference between the simulated value after calibration and the observed
SOC value. For the CHP-49 and SP-25 sites, the ASOC difference is zero, indicating that the
simulation with calibrate paramters perfectly reproduces the value measured at the end of the
period. The calibrated parameters are: k; = 0.9965 yr', k, = 0.0044 yr' and h = 0.177 for CHP-
49 and k; = 0.2704 yr', k, = 0.0001 yr', and h = 0.3 (upper bound) for SP-25. For the EPC-63
site, the parameters reach the limits set for optimisation: k1 = 1.5 year-1 (upper limit), k2 =
0.0001 year-1 (lower limit), and h = 0.3 (upper limit). This may suggest that the prior range of
parameters should adjusted in the future to avoid such situation. The final difference ASOC is
4.23 tC/ha, which reflects a moderate overestimation of the final SOC by the model.
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Table 2 — Results of the Morris sensitivity test of the ICBM model parameters carried out on 15
sites in the RENECOFOR network, then averaged. « indicates the average effect of a parameter
on model output (a negative value indicates that increasing the parameter decreases SOC, and a

positive value indicates that increasing the parameter increases SOC), while o measures the
variability of this effect.

Parameter 1] (s
k1 3.33 2.96
ka -29.43 2.61
h 20.01 6.08

Table 3 — Calibrated parameters of the ICBM model for three sites, obtained using the L-BFGS-B
method. The last column shows the final difference ASOC between the calibrated prediction and
the observed value of the soil organic carbon stock.

Site k1 k2 h ASOC
CHP-49 0.9965 0.0044 0.1777 0.0
EPC-63 1.5 0.0001 0.3 4.23

SP-25 0.2704 0.0001 0.3 0.0

105
1

100
I

s0C

T T T T T T T
2 4 6 8 10 12 14

Figure 2 — SOC simulated by ICBM (tC ha™) at site SP-25 with default parameters (blue) and
with calibrated parameters (green) calibration in ME4SOCdemo. The final observed value is
indicated by a red dot. The x-axis represents the time (in years) since the first measurement.

Figures 2 and Table 3, illustrating SOC simulations and calibrated parameters of the ICBM
model respectively, show that calibration significantly reduces the discrepancies between
predictions and observations. In many cases, the final discrepancy (ASOC) is less than 0.1 tC
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ha, which explains the presence of 0.0 in the corresponding column of the table. However,
this performance should be interpreted with caution. Calibration was performed here on a
single final observation measurement per site (in 2007), which mechanically favours
overfitting. In the absence of intermediate time series data, the model can freely adjust its
parameters to match this single target value, without any constraints on the simulated
trajectory. The case of EPC-63 illustrates the technical limitations of parametric calibration.
Despite optimisation, the final deviation remains significant (ASOC = 4.23 tC ha™). The analysis
shows that the three calibrated parameters (k, k», h) reach their limits: maximum for k; and h,
minimum for k,. This suggests poorly defined prior parameter range. Extending these limits
could have reduced the difference, but at the cost of unrealistic or even unstable behaviour
(unrealistic mineralisation rates, execution errors). Moreover, the calibration methods used
here provide a specific set of parameters for each site. To improve the robustness of the
results and be able to use a calibrated set of parameters in sites whit less data, a
complementary approach would be to search for a single combination of parameters valid
across the network, by calibrating the models on a subset of sites and then evaluating their
performance on independent sites. This type of strategy would make it possible to test their
generalisation capacity and thus their true predictive power. As Le Noé et al., (2023) point out,
the lack of independent validation in SOC models can create an illusion of performance due to
overfitting. Therefore, the calibration exercise here should be more considered as a proof of
concept and not as robust calibration exercise for the model. The Y and 0 compartments are
conceptual and not directly measurable. Decomposition rates are not derived from
experimental measurements but are estimated by adjustment. The parameters can be
interpreted through the residence times of carbon in each compartment, calculated as the
inverse of the decomposition constants: 1/k; for the labile compartment (Y) and 1/k, for the
stabilised compartment (0). These times give an indication of the rate of carbon renewal in
the system. For CHP-49, calibration results in a residence time in the O compartment of 227
years (compared to 1.25 years with the initial parameters), reflecting very slow mineralisation.
Conversely, for SP-25 and EPC-63, the parameter k2 reaches the lower authorised limit
(0.0001), corresponding to a residence time of 10,000 years (compared to 165 years for the
initial value). This variability demonstrates the model's ability to adjust to the final
observations, but raises questions about the ecological representativeness of the parameters
obtained. Calibration is based on local optimisation, which can become stuck in a partial
solution if the parameter space is restricted. An alternative would be to explore global or
probabilistic optimisation methods, such as multi-start search or Bayesian calibration.

Finally, one possible improvement would be to calibrate also the initial distribution of
SOC between the labile (Y) and stable (0) pools in the model, in parallel with the decomposition
rate parameters. In this study, the initial carbon was distributed equally among the two pools
by spin-up, assuming a state of equilibrium in 1994. However, this assumption is debatable:
the proportion of labile and stable carbon may be unbalanced depending on previous land use.
Allowing for an adjustment of this initial distribution could improve the consistency of the
simulated initial states, thereby enhancing the quality of the predictions without having to
resort to extreme parameters.
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4. Outlook

An operational version of the ME4ASOCdemo interface is now available to facilitate the
evaluation of SOC compartmental models and test the implementation of new features. This
platform allows local data, such as that from the RENECOFOR network, to be used to improve
the quality of predictions. Our initial tests show that, at the three sites studied, SOC dynamics
are not correctly reproduced by most of the models in the absence of calibration. Among the
five SOC models available, ICBM proved to be a relevant candidate as an example of
ME4SOCdemo platform functioning, due to its simpler structure (two compartments, three
parameters) and the minor deviations from observations. The sensitivity analysis confirmed
the major influence of carbon decomposition parameters on the simulated dynamics, in line
with the model structure. The integration of a calibration function made it possible to correct
the prediction deviations by constraining the model to reach the value measured in 2007,
within the limits of the tested boundaries.

The calibration method could be applied to sites with longer time series, or used in a
cross-validation approach. Identifying a set of parameters common to several sites would also
make it possible to impose biogeochemical consistency at the regional or national level. This
type of approach would help to limit local overfitting, which can mask structural biases in the
model. Even with well-calibrated parameters, a model can produce erroneous results if it does
not accurately represent the processes involved. Furthermore, the integration of scenarios of
land use change or forest management would make it possible to explore more realistic
trajectories directly linked to mitigation policies. Finally, including the initial distribution of SOC
between compartments in the calibration would allow for a better representation of the initial
state of the soil, while limiting excessive adjustments of other parameters. Extending these
simulations to a larger number of sites, representative of pedoclimatic gradients (climate,
texture, clay content), would allow for a more detailed analysis of the environmental factors
that influence SOC dynamics. This approach could also be applied to the joint modelling of
greenhouse gas emissions (CO2, CH4, N20) or transposed to other models (Century, Roth-C,
Yasso07, Yasso020). In the longer term, the integration of biological factors, particularly
biomass and microbial diversity, represents a promising avenue for refining the representation
of carbon stabilisation processes. In this regard, (Bruni et al., 2025) suggests that microbial
biomass plays a more decisive role than its diversity in SOC dynamics. This first phase of
development focused on ICBM provides a solid starting point for the continuation of the
Holisoils project. It contributes to strengthening the relevance, robustness and reproducibility
of SOC simulation tools, in line with the challenges of agroecological transition and long-term
environmental modelling.
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