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Uncertainty assessment of GlobalSoilMap soil available water capacity products: a French

case study.

Abstract

Plant available water capacity (AWC) refers to the maximum amount of water that a soil can store and
provide to plant roots. Spatial predictions of AWC through digital soil mapping at high resolution and
national extent provide relevant information for upscaling ecological and hydrological models, and
assessment of the provision of ecosystem services like water quantity and quality regulation, carbon
sequestration, and provision of food and raw materials. However, the spatial predictions of AWC are
prone to errors and uncertainties. Moreover, this digital soil mapping process requires using pedotransfer
functions (PTFs) due to the lack of sufficient georeferenced measurements of the upper (i.e., soil
moisture at field capacity, 8p¢) and lower (i.e., soil moisture at permanent wilting point, Opy,p) limits
of soil moisture contents defining AWC. This adds an additional source of uncertainty to the final
estimates of AWC. The objectives of this study were: 1) to predict AWC for mainland France following
the GlobalSoilMap (GSM) project specifications on depth intervals and uncertainty, and 2) to quantify
the uncertainty of AWC accounting for uncertainty of the soil input variables and the PTFs’ coefficients.
We first predicted the soil input properties by GSM layer (0-5, 5-15, 15-30, 30-60, 60-100, 100-200
cm), and then applied PTFs for estimating O, 8py p, and volumetric AWC (cm?® cm™). The volume of
coarse elements by GSM layer was subtracted before aggregating AWC to estimated soil depth for a
maximum of 2 m. The uncertainty of AWC was quantified by first-order Taylor analysis. Independent
evaluation indicated that clay had the lowest R? (clay R*> = 0.27, silt R? = 0.43 and sand R? = 0.46) and
RMSE (clay RMSE = 128 g kg, silt RMSE = 139 g kg! and sand RMSE = 172 g kg!) from the three
particle size fractions. However, the model for coarse elements had the worst predictive performance
(R?*=0.14 and RMSE =21 %) among all AWC input variables. The performance of the GSM predictions
for B¢ and Opyp had a R? of 0.21 and 0.29. When the PTFs were applied to the spatial predictions of
sand and clay, the RMSE for 0z, and Opy,p had a relative increase of 25 % and 36 % respectively
compared to when they were applied to measured horizon data. Across the majority of mainland France,

the main sources of uncertainty of elementary AWC were coarse elements and soil texture, but the
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contribution of uncertainty of PTFs’ coefficients increased in areas dominated by very sandy and clayey
textures. An advantage of the produced maps of Og¢, Opyp and AWC is that the end users can
incorporate associated uncertainties into ecological and agricultural modelling, and decision-making

processes involved in soil and water planning.

Keywords: soil available water capacity, digital soil mapping, pedotransfer function, soil moisture at

field capacity, soil moisture at permanent wilting point.
1. Introduction'

Soil available water capacity (AWC) refers to the maximum amount of water that a soil can store and
release to plant roots (Veihmeyer and Hendrickson, 1927), and is a key property for many ecological
and hydrological processes. AWC is operationally calculated as the difference between soil moisture at
field capacity (g¢) (i.e., soil moisture remaining in the soil after water has drained by gravitational
force) and soil moisture content at permanent wilting point (8py,p) (i.e., soil water retained so strongly
that it is no longer available for plant roots, so plants wither and cannot recover their turgidity) (Silva et
al.,2014). AWC is an important variable for agricultural and land use planning, for optimizing irrigation
and crop growth of cultivated soils (Tetegan et al., 2015), for assessing soil drought risk (Schwérzel et
al., 2009; Poggio et al., 2010; Leenaars et al., 2018), and estimating transport and leaching of pollutants

(Marchetti et al. 1997).

Many agricultural and ecological models have AWC, 6r¢, or Opyp as input variables [e.g., STICS
(Brisson et al., 1998), CENTURY (Parton et al., 1987), APSIM (O’Leary et al., 2016) SWAT (Arnold
et al., 1987; Arnold and Fohrer, 2005)]. Thus, spatially explicit predictions of AWC at high resolution
are relevant for upscaling simulation models at regional or national scale, and assessing the provision of

some ecosystem services (eg., Dominati et al., 2010) like water quantity and quality regulation, carbon

! Abbreviations: available water capacity, AWC; digital soil mapping, DSM; GlobalSoilMap, GSM;
French soil mapping and inventory program dataset, IGCS; French soil monitoring network, RMQS;

pedotransfer function, PTF; soil moisture at field capacity, 8 .; soil moisture at permanent wilting point,

Opwp-
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sequestration and provision of food, feed, fuel and fiber. Furthermore, uncertainty and scenario analysis
should also include the uncertainty of AWC estimates when forecasting carbon sequestration, crop yield
and biomass production, and planning efficient water use (Leenaars et al., 2018). Therefore, information
of AWC and its spatial variability is important for planning (Poggio et al., 2010), and can help
researchers and policy-makers towards the achievement of several United Nations Sustainable
Development Goals (e.g., ensuring food security and promoting sustainable agriculture, mitigating

climate change, and sustainable water management).

Measuring soil hydraulic properties is time-consuming and requires many human and economic
resources. National soil databases rarely contain sufficient georeferenced AWC measurements for
applying geostatistical or regression models (Padarian et al., 2014; Viscarra Rossel et al., 2015), and
therefore indirect estimates of AWC are calculated at some stage of the digital soil mapping (DSM)
process with pedotransfer functions (Poggio et al., 2010; Hong et al., 2013; Ugbaje and Reuter, 2013).
Pedotransfer functions (PTFs) are used for translating readily available data (e.g., physical and chemical
soil properties) into the data we need (e.g., soil water content) (Bouma, 1989). PTFs estimating soil
hydraulic properties often have soil texture class or particle size distribution, bulk density, soil organic
carbon, cation exchange capacity, and horizon type among the predictor variables (Wosten et al., 1999;

Nemes et al., 2003; Al Majou et al., 2008b; Téth et al., 2015, Roman Dobarco et al. 2019).

AWC predictions with a very high relative error (coefficient of variation) may not be useful for certain
applications, e.g. modelling crop yield (Folberth et al., 2016), because the estimates of ecological or
agricultural processes produced with unreliable AWC predictions will have consequently a large
uncertainty. Hence, to know if the AWC maps can be useful for modelling and decision-making, the
AWC maps should provide a measure of the reliability of the predictions and quantified uncertainty
(Poggio et al., 2010). Different sources of error are propagated in the process of mapping AWC:
measurement errors of the soil profile data, errors due to the PTFs structure and parameters, errors
derived from setting the upper and lower limits of AWC in terms of soil water potential, errors derived
from the spatial extrapolation, errors of the environmental covariates used for regression modelling

(Heuvelink et al., 1989; Carré et al., 2007). Poggio et al. (2010) combined general additive models
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(GAM) and geostatistical models for mapping AWC after applying PTFs to individual horizons. They
accounted for the uncertainty of the model trend and the local and spatial uncertainty, but did not include
the uncertainty due to the PTFs. The uncertainty of soil hydraulic properties due to errors in the PTFs is
sometimes small compared to the uncertainty of soil input data (Minasny et al., 1999). Additionally,
identifying which input variable (or variables) account for most of the uncertainty of AWC can help to

prioritize the input data needed to build DSM products or PTFs that require more improvement.

AWC is included in the soil properties of the GlobalSoilMap project (GSM), which aims to produce a
digital soil map of the world at 3-arc second resolution providing estimates of uncertainty, following a
bottom-up approach (Sanchez et al., 2009; Arrouays et al., 2014). Although AWC is still rarely mapped
(Ugbaje and Reuter, 2013), the number of studies on AWC are increasing in the DSM literature from
national (Hong et al., 2013, Padarian et al., 2014) to continental extent (Wdsten et al., 1999; Ballabio et
al., 2016; Téth et al., 2016). GSM products for AWC are already available for Scotland (Poggio et al.,
2010), Nigeria (Ugbaje and Reter, 2013), and Australia (Viscarra Rossel et al., 2015). The objectives of
this study were: 1) to predict AWC for mainland France following the GSM specifications, and 2) to
quantify the uncertainty of AWC accounting for uncertainty of the soil input variables and the PTFs’
coefficients. The incorporation of the uncertainty due to the PTFs’ coefficients into the AWC spatial

modelling is a novelty relative to previous studies at national extent.
2. Methods
2.1 General framework
AWC is a composite soil property that depends on the difference between the soil moisture at field
capacity and at permanent wilting point, on the volume of coarse elements and their ability to store
water, and on the total thickness of the soil profile. Under the assumption that the coarse elements are
inert and do not contribute to the AWC, the AWC for a unit of soil volume, or elementary AWC, is
defined as:

elementary AWC (cm3cm™3) = (0pc — Opwp)(1 —R,) [1]
When we consider a soil layer or profile, the total AWC is calculated with the formula:

AWC (mm) = (6pc — Opwp)(1 —Ry)d 2]
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Where O is the volumetric water content at field capacity of the fine fraction (cm® cm™), Opy, p is the
volumetric water content at permanent wilting point of the fine fraction (cm® cm™), R, is the volume
fraction of coarse elements, and d is the depth of the soil profile or the thickness of the soil layer

considered (mm).

In the DSM literature there are both 1) studies that applied PTFs to horizon or profile data and estimated
AWC prior to the spatialization (Vanderlinden et al., 2005; Poggio et al., 2010; Hong et al., 2013), and
2) studies that spatialized the input soil variables first, and then applied the PTFs and equation 2 (Ugbaje
and Reuter, 2013). Applying first the PTFs to horizon data or weighed averages of input properties by
profile and then interpolating AWC estimates simplifies the DSM process, and can provide better results
than spatializing soil properties first and then applying the PTFs (Styc and Lagacherie, 2018).
Conversely, the spatial interpolation or spatial modelling of AWC based on environmental-soil
relationships should better take place before applying the PTFs because this enables a more efficient use
of the spatial distribution characteristics of individual inputs (Heuvelink and Pebesma, 1999), especially
for those that are not usually correlated (e.g., soil profile thickness and soil texture). The PTFs’ input
variables are often correlated in the feature space (i.e., n-dimensional space with all the independent
variables) or have some degree of spatial correlation. Thus, their correlation should be considered at
spatial interpolation for obtaining plausible estimates of AWC and quantifying its uncertainty more

accurately (Heuvelink et al., 2016).

In this study, we first generated maps of the PTFs’ soil input properties by each GSM depth interval,
taking into account the correlation among variables within each interval but omitting the correlation
between different layers. Then we applied suitable PTFs for calculating 8z and 8py,p by depth interval
(Figure 1). Al Majou et al (2008a) found that 6z measured in situ corresponded best to soil moisture
measured at the laboratory at a soil water potential of -10 kPa or pF = 2.0 (8, ) for horizons sampled in
France, mainly in the Paris basin. We hypothesized that pF = 2.0 represents 6. across France and 8py,p
corresponds to soil moisture at a soil water potential of -1580 kPa or pF = 4.2 (8, ). Finally, we summed
the AWC spatial predictions of each depth interval to the predicted soil thickness, modelled previously

by Lacoste et al. (2016), for a maximum of 2 m:
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AWC = ¥5_1(1 — RO — 0Byp) tn [3]

where h = 1,...,6 is each of the GSM depth intervals, R}, is the proportion of soil occupied by coarse
elements, B2 is the soil moisture at field capacity (cm® cm™) in horizon h, 8%, is the soil moisture
content at permanent wilting point (cm® cm™), and ty, is the effective thickness (i.e. truncated using soil
profile thickness estimates) of the horizon in mm.

2.2 Soil data

2.2.1 Calibration data from the French Soil Mapping and Inventory program

For the DSM model, the calibration data of particle size distribution and coarse elements came from the
French soil mapping and inventory program dataset (Inventaire Gestion et Conservation des Sols: IGCS)
(Laroche et al., 2014). Data from 81,671 soil profiles and soil cores was extracted from the IGCS dataset.
The IGCS observations were originally collected for different studies with the objective of delineating
soil-mapping units (Arrouays et al., 2004). Hence, the distribution of the observations was irregular
through mainland France (Mulder et al., 2016). Whereas some areas were densely sampled, several areas
had very few data or were even practically empty of observations (Figure 2). The horizon data of the
profiles was standardized for the six depth intervals specified by the GlobalSoilMap project (i.e., 0-5
cm; 5-15 cm; 15-30 cm; 30-60 cm; 60-100 cm; 100-200 cm) (Table 1). For that purpose, we applied
equal-area quadratic splines (Bishop et al., 1999) to soil profile data for estimating the average values

of input soil properties by depth interval as explained in Mulder et al. (2016).

2.2.2 Evaluation data for soil input properties: French soil monitoring network

The French soil monitoring network (Réseau de Mesures de la Qualité des Sols: RMQS) is based on a
systematic random grid of 16 km by 16 km that covers metropolitan France with approximately 2200
sites (Jolivet et al., 2006). Hence, we used data from the first RMQS campaign (2000-2012) as an
independent evaluation sample for particle size distribution and coarse elements predictions (Brus et al.,
2011). At each RMQS site, a soil pit of approximately 120 cm by 90 cm was dug to the appearance of
parent material, and fully described. Samples were collected from each horizon of the soil profile and

analyzed at the laboratory for determining the content of sand, silt, and clay using the pipette method
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(ISO 13317-2:2001). The soil surveyors estimated visually the content of coarse elements (% volume)
on the three faces of the soil pit. In May 2018, the database had data of particle size distribution from
1622 RMQS sites. The particle size distribution of some RMQS sites mostly located in forested areas
have not been analyzed in the laboratory yet (Figure 3). Similarly, soil profile data of coarse elements

was available for 1662 RMQS sites.

2.2.3 Evaluation data for soil hydraulic properties: GEVARNOVIA

The GEVARNOVIA dataset compiled data of physical and chemical properties for 831 horizons
collected between 1973 to 2016 by different French institutes (ARV ALIS-Institut du végétal, GEVES,
INRA, Terres-Inovia) (Cousin et al., 2016), of which 308 horizons came from 108 georeferenced sites.
The soil horizons were not sampled following any systematic sampling scheme, and were located mainly
in the southwest or northern half of France (Figure 3). The land use was mostly agricultural, with cereals,
(wheat, corn, sorghum, oats), sugar beet, and oleaginous crops (rapeseed, sunflower), and some pastures.
The parent material varied between loamy materials, calcareous rocks, alluvial deposits, sandy aeolian
deposits, and crystalline rocks. This independent evaluation dataset had measurements of particle size
distribution, coarse elements, bulk density, and volumetric soil moisture content measured on soil

aggregates after equilibrium at -10 kPa (62,0) and at -1580 kPa (04.).

2.2.4 Data pretreatment

Particle size distribution constitutes compositional data (i.e., sand, silt, and clay vary between 0 and
1000 g kg, and sum up to 1000 g kg™!) that is subject to non-stochastic constraints (Lark and Bishop,
2007). As compositional data, their distributions cannot be drawn from the real space R3, but from the
two-dimensional simplex plane §? embedded in this space (Lark and Bishop, 2007). Hence, to avoid
negative spurious correlations between the components, and guarantee that their predictions sum up to
a constant, the distributions of sand, silt, and clay should not be analyzed independently but based on
their ratios (Odeh et al., 2003). Aitchison (1986) proposed the additive log-ratio transformation (alr),

which is defined as:

x=alr(z) = (ln (j—;) ,In C—z) , .., In (Zg—;l)) [4]
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where z = [z, 2;, ..., zp |7 is acomposition of D elements, suchasz; >0V i =1,2,..DandY?, z; =

k, where k is a constant. The inverse alr transformation is defined as:

_ _exp(w)
~ T exp(w) ke B3

where exp(w) represents the vector [exp(x;), exp(x;), ...,exp(xp_1),1] and j is a vector of length D
with all elements equal to 1 (Lark and Bishop, 2007). The alr transformation is commonly applied for
modelling particle size distribution with regression or geostatistical models (Odeh et al., 2003; Lark and
Bishop, 2007; Buchanan et al., 2012; Akpa et al., 2014; Ciampalini et al., 2014; Huang et al., 2014;
Poggio and Gimona, 2017). We applied the alr function of the rgr R package (Garrett, 2015) to obtain

the alr-transformed variables:

cayar =m(22) 10
. il
silty; = In (S“:ntd) [7]

We used sand as the denominator after comparing the evaluation statistics and spatial structure of the
model residuals of the three combinations in preliminary tests (results not shown) (Poggio and Gimona,

2017).
2.3 Modelling soil input properties

The DSM process of the soil input properties was based on quantitative relationships between the
calibration data and environmental variables related to soil genesis and spatial distribution, as per the
scorpan framework (McBratney et al., 2003). The scorpan model is an extension of the soil genesis
model by Jenny (1941), in which the soil system is function of the soil forming factors climate (cl),
organisms (0), relief (r), parent material (p), and time (t) (soil = f(cl,o0,r,p,t)). In addition, the scorpan
model includes soil (s) and spatial position (n) as factors for predicting the spatial distribution of soil

properties (McBratney et al., 2003) plus and error term (€):
soil = f(s,c,0,7,p,a,n) +€ [8]
Where c is climate and a is time.

2.3.1 Environmental covariates
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We selected 44 covariates describing the scorpan factors soil, climate, vegetation, relief and parent
material (Table 2). Climatic variables came from the French SAFRAN atmospheric analysis system
(Durand et al. 1993). We used a Digital Elevation Model from SRTM (Shuttle Radar Topography
Mission) at 90 m (USGS, 2004) to derive primary and secondary relief covariates in ArcGIS (ESRI,
Redlands, WA). Soil and parent material were characterized by predominant soil type and parent
material by soil mapping unit of the French Soil Geographical Database (Gis Sol, 2011), erosion rates
(Cerdan et al., 2010), geophysical gravimetric data, and the Index of River Network Development and
Persistence (IRNDP). Vegetation and land use were classified according to Corine Land Cover 2006
data (European Environmental Agency, 2007), ECOCIMAP-II (Faroux et al., 2003), and BD Foret
(Institut National de I’Information Géographique et Forestiere, 2012). Two vegetation indices derived
from remote sensing data were used to describe the photosynthetic capacity of the vegetation cover, the
enhanced vegetation index (EVI) and the normalized difference vegetation index (NDVI) (Huete et al.,
2002). The MOD13A1 MODIS/Terra Vegetation Indices 16-day composite products at 500 m resolution
were retrieved from the online NASA Earthdata Search, courtesy of the NASA EOSDIS Land Processes
Distributed Active Archive Center (LP DAAC) (https://earthdata.nasa.gov/) (Didan, 2015). The
vegetation indices were collected for the months of January (i.e., minimum vegetation activity) and June
(i.e., maximum vegetation activity) for the period 2002-2014. The median of these vegetation indices
over the 13 years for each month were used as covariates. All the covariates were projected to the
Lambert 93 (EPSG: 2154) associated to the Réseau Géodésique Francais 1993 (RGF93), aligned with
the SRTM, and resampled to 90 m resolution using nearest neighbor interpolation. Data pre-processing
was done in GRASS (GRASS Development Team, 2016), the R software v.3.2.2 (R Core Team, 2015),

and the Geospatial Data Abstraction Library v.2.0.1 (GDAL/OGR contributors, 2015).

2.3.2 Soil spatial predictive models

We evaluated the correlation among clayar, siltar, and coarse elements in the feature space as well as the
spatial correlation prior to modelling their spatial distribution. In preliminary tests, we also evaluated
the spatial correlation and correlation in the feature space of the residuals of the models (Supplemental

material S2 p.1). After checking the lack of correlation between coarse elements and the alr-variables,

10
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the weak spatial structure of the residuals of coarse elements and preliminary mapping exercises of
AWC (Romén Dobarco et al., 2018) we decided to model separately and differently the alr-variables

and the coarse elements.

We predicted the alr-variables with a regression-cokriging model (Odeh et al., 1994; Hengl et al., 2007).
Cubist models for clay.r and silta, were fitted using the environmental covariates describing scorpan
factors (Table 2) by GSM depth interval. The Cubist algorithm is a hybridized model that combines
tree-based models and linear models. The terminal nodes of the regression tree (leaves) consist on a
linear model (Quinlan, 1992). The parameters of the Cubist models were: committees=20, extrapolation
=5, and unbiased=TRUE. We calculated the model residuals at the calibration points, and then fitted a
linear model of coregionalisation (LMCR) between the residuals of both variables for each GSM depth
interval using the algorithm presented by Goulard and Voltz (1992). The LMCR had two components,
a nugget and a spherical variogram. We then interpolated spatially the residuals of clayar and silta. by
ordinary co-kriging using the closest 10 observations. The final predictions were calculated by adding
the kriged residuals to the Cubist predictions and back-transformed to the original scale (equation 5).
The kriging variance of the residuals of the alr-variables was used afterwards for estimating the

prediction uncertainty (see section 2.5).

We modelled coarse elements with quantile regression forests (Meinshausen, 2006) for its ability to
provide accurate estimates of uncertainty of predicted soil properties (Vaysse and Lagacherie, 2017).
Quantile regression forests is a generalization of random forest models (Breiman, 2001). Random forests
is a very popular machine-learning tool for classification or regression that provides an ensemble
prediction based on many regression trees. For each regression tree and node, the algorithm incorporates
randomness by selecting randomly a subset of features to split on . Quantile regression forest not only
provides robust estimates of the conditional mean, but also of the full conditional distribution of the
response variable. Whereas random forests keeps the mean value of observations at the nodes, quantile
regression forests keeps the values of all observations at the nodes, and can infer estimates for
conditional quantiles, prediction intervals, or other statistics from the distribution (Meinshausen, 2006).

A detailed description of random forests and quantile random forests can be found in Breiman (2001)

11
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and Meinshausen (2006) respectively. We fitted quantile regression forest models for coarse elements
by GSM depth, with the settings ntree = 1000 (number of trees), nodesize = 20 (minimum number of
observations in terminal nodes), and the default mtry (number of variables randomly sampled as
candidates at each split), which in this case was 14. We predicted the mean, the 5™ percentile, the 95"

percentile, and the standard deviation of coarse elements by GSM depth.

Finally, we mapped clayar, siltar, sand, clay, silt, coarse elements, and their respective standard
deviations at 90 m resolution for mainland France. The calculation of the standard deviation of the back-

transformed sand, clay, and silt is explained in the Supplemental material S1.
2.4 Functional digital soil mapping of AWC

2.4.1 Pedotransfer functions

The volumetric soil moisture content (cm® cm™) at field capacity or pF = 2.0 (020) and at permanent
wilting point or pF = 4.2 (84.) for the fine fraction were estimated using PTFs developed by Romén

Dobarco et al. (2019) with the French SOLHYDRO database (Bruand et al., 2003; Al Majou et al.,

2008b). These PTFs use the content of clay (%) and sand (%) as predictor variables:
020=0.278 + 2.45 107 clay — 1.35 107 sand [9]
042=0.08 +4.01 107 clay — 2.93 10 sand [10]

The uncertainty of the PTFs’ coefficients was calculated by non-parametric bootstrapping (Efron and

Tibshirani, 1993). The variance-covariance matrices of the PTFs’ coefficients are presented in Table 3.

These PTFs were chosen because: 1) the calibration dataset is representative of a large proportion of
sand and clay contents found across France, 2) estimates of uncertainty for the PTFs’ coefficients are
available, and 3) the propagation of error due to both soil input variables and PTFs’ coefficients can be

easily calculated with first order Taylor series.
2.5 Uncertainty analysis

We applied a first order Taylor analysis to calculate the variance of Ogc (i.e., 020), Opwp (i.€., 042),
elementary AWC and total AWC estimates. The estimates’ variance is considered here as a proxy of

prediction uncertainty (Heuvelink et al., 1989). This method relies on the approximation of these
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estimates (equations 1, 3, 9 and 10 respectively), and of the intermediate variables estimates (i.e. clay,

silt, and sand with equation 5). Let Y be an estimate of a given soil property with

Y =f(2)
where fis a continuously differentiable function from R™ into R and z the vector of the n input variables
of f. The approximation of f uses a truncated Taylor series centered on the mean values of the n input
variables p = [uq, Uy, .., 1y ]7 (Heuvelink et al., 1989). The variance of Y=f{z) is calculated with the

formula (Heuvelink et al., 1989):

var(y) = Zjes (S {meoo s 3 o} 11

where z; and zj, can be soil input variables or PTFs’ coefficients, j is the correlation of z; and z, g;
.y Sf Sf ) ..
and oy, are the standard deviation of the of z; and z, S (u) and S (u) are the partial derivatives of
j k

f(z) around pu. These partial derivatives reflect the model (that is the f function) sensitivity to the input
variables z; and z;. Hence, the variance of a soil property Y (equation 11) can be decomposed in the
sum of different terms that consist on the multiplication of the squared model sensitivity by a variance

or covariance of different input variables that represent their uncertainty (Dietze, 2017; Heuvelink et al.,

1989).

We considered two sources of uncertainty that influence 8g¢, Opyp, elementary AWC, and total AWC
estimates: the coefficients (named hereafter £5;, i in [0, 2]) of both PTFs, and the soil input properties of
the PTFs and elementary AWC computation (namely clay, sand and coarse elements). Because the
PTFs’ coefficients and the spatial predictions of the input soil properties were determined independently,
we assumed that the correlation between their errors was zero (Heuvelink et al., 1989). Hence, the
variance estimates for 8¢ and Opyp (equations 9 and 10) can be summarized as the sum of two terms,
1) the product of the sensitivity and uncertainty of the soil input variables, and 2) the product of

sensitivity and uncertainty of the PTFs’ coefficients:

8f  6f 8f of
var(0) = X Tsoit;soit,, Osoil ,OSoily, 350t 5501l + X 75,696, 35 56 [12]
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The variance of the elementary AWC was similarly decomposed in four groups of sources of
uncertainty, given that coarse elements and particle size fractions were uncorrelated, representing:
coarse elements, particle size distribution, and the two PTFs. We considered the correlation among the
coefficients of each PTF, but omitted the correlation between the coefficients of both PTFs because they
were fitted independently. In the case of clayar and siltar, the error associated to their spatial variation
was represented by the cokriging variance. Quantile regression models gave directly the standard

deviation of coarse elements predictions (Vaysse and Lagacherie, 2017).

Finally, the variance of total AWC was decomposed into the same four groups. We did not consider the
uncertainty of soil profile thickness because that would have required computationally and time
demanding Monte Carlo simulations, which would be prohibitive at the desired resolution (e.g., 10
simulations at 2000 pixels required approximately 10 hours with our High Performance Computing
facilities, Roman Dobarco et al. (2017)). The calculation of the variances by first order Taylor analysis

is explained in detail in the Supplemental material S1.

2.6 Evaluation of the functional DSM predictions

Observed horizon data from the RMQS were used for independent evaluation of the predictions of clay,
sand, silt, and coarse elements. The measurements of GEVARNOVIA horizons were compared with the
predictions of volumetric soil moisture contents of the fine fraction (Orc, Opwp). This dataset is not
representative of all the pedoclimatic conditions in France and therefore the evaluation statistics may be
biased and not suitable for evaluating the whole France DSM approach. However, it is the best data
available on Orc and Opwp in France at the moment. For each independent observation (i.e. an observation
of a soil property on a given soil horizon), we calculated the weighted average of the GSM predictions
overlapping the horizon attached to the observation. This was done because the sample support differed

between the evaluation dataset and the predictions. Hence, a prediction was calculated as y =

n ti

i=1= GSM;, where 9y is the estimated value, n is the number of GSM layers overlapping the horizon,
t

GSM; is the GSM prediction for the layer i, t is the total thickness of the horizon (cm), and ¢; is the
thickness (cm) of the GSM layer i that overlaps the predicted horizon. The evaluation statistics consisted

on the root mean square error (RMSE), coefficient of determination (R?), Lin’s concordance correlation
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coefficient (Lin, 1989), and the bias, or mean error of prediction. The concordance evaluates both the

accuracy and the precision of the prediction, and it is defined as:

[13]

Zpayay
Pe = ot
yToyt=y

where ; and y are the means of the predicted and observed values, 0; and 0'33 their respective variances,

and p the correlation between predicted and observed values. pccan range between -1 and 1, and a value

closer to 1 indicates a better fit with the 45° line, or agreement between predictions and observations.

In addition, we assessed the estimation of the prediction uncertainty with the prediction interval

coverage probability (PICP) (Shrestha and Solomatine, 2006).

count (LPL;<y;< UPL;)
n

PICP =

x 100 [14]

where n is the number of observations in the evaluation dataset, and the numerator the counts that an
observation y; fits within its prediction limits. For a 90 % confidence level, the uncertainty is optimally
estimated when the PICP value is close to 90 %. The prediction interval limits for the estimates of the
observed horizon data were calculated as y + 1.64 oy assuming a normal distribution of the estimated
variance (0}%) around the mean (¥). The variance of the prediction estimates for the observed horizons
was calculated by Taylor series analysis (equation 11), accounting for the global correlation between
different GSM layers for the same soil property. For one given soil property, the global correlation
coefficients were calculated with all the pixel values for each pair of GSM maps representing the GSM

layers.
3. Results
3.1 Spatial structure of model residuals

The linear model of coregionalization parameters are reported in the table 4. The range varied among
depths between 160 km at 15-30 cm depth and 252 km for the layer 60—100 cm. Supplemental material
S2 p.1a shows the estimates of the cross- and autovariograms of the regression model residuals. The
regression residuals of the alr-transformed variables were correlated both spatially (Supplemental

material S2 p.1a) and in the feature space (Supplemental material S2 p.1.b) across all depths. The coarse
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elements residuals were not correlated or had a weak correlation (r < 0.2) with either of the alr-
transformed variables in any depth, neither untransformed (Supplemental material S2 p.1.b), or after log
transformation (data not shown). The empirical variograms of coarse elements residuals showed some
spatial correlation. However, as previous maps produced by regression-kriging of log-transformed
coarse elements were unsatisfactory, we decided to exclude the spatial correlation from the model
(Roméan Dobarco et al., 2018). All variograms appear somewhat erratic (Supplemental material S2

p.-1.a), which is likely due to the presence of some clusters of points in the dataset (Marchant et al, 2013).
3.2 Independent evaluation

The evaluation statistics for the back-transformed clay, silt, and sand predictions for RMQS horizons
indicated that clay had lower R? and concordance coefficient than silt and sand (Table 4). The RMSE
increased following the trend clay < silt < sand (Table 5). The DSM predictions tended to underestimate
clay content, as indicated by a bias of -15 g kg''. On the other hand, the bias of silt was 19 g kg”!, and
the predictions for sand had the smallest bias, of - 3 g kg'!. Small contents of clay, silt, and sand were
overestimated while high contents were often largely underestimated (Figure 4). However, the
prediction error for the particle size fractions did not show any pattern related to the average depth of
the RMQS horizons. Overall, many predictions were dispersed in the scatterplots and fell far from the
1:1 line (Figure 4) and predictions exhibited a RMSE up to 172 g kg™ (Table 5). In comparison with the
particle size fractions the predictions for coarse elements had the lowest R? and concordance coefficient
and a RMSE of 21% (Table 5). The quantile regression forests model strongly underestimated relatively
stony soils (> 25 %) and overestimated small contents of coarse elements (Figure 4.d). The prediction
error of RMQS horizons with small coarse elements content (< 20 %) increased to some extent with the

average horizon depth (Figure 4.d).

The PICP suggested that the uncertainty associated to coarse elements and clay predictions was
underestimated (76% and 83 % respectively), but it was close to the expected value of 90 % for silt (86

%) and it was nearly perfect for sand, with a PICP of 90 % (Table 5).

The performance of the DSM predictions for soil moisture at field capacity and soil moisture at

permanent wilting point had a R? of 0.21 and 0.29, and concordance coefficients of 0.37 and 0.47
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respectively. The RMSE and the bias were greater for 8¢ than for 8py,p (Table 6). The PICP indicated
a large underestimation of the prediction uncertainty, with PICP = 71 % for 6. and PICP = 77 % for
Opwp. The predictive performance of the PTFs with measured sand and clay was also better for Opy,p
than for Opc, and in both cases, the PICP was smaller than the optimal 90 % (Table 6). The
underestimation of higher soil moisture contents at both water potentials increased for the DSM

predictions in comparison to applying the PTFs with measured clay and sand (Figure 5).

The DSM predictions underestimated the soil moisture content at both potentials for fine and very fine
soil texture classes whereas the DSM predictions tended to overestimate the soil moisture contents of
coarse textured soils (Figure 6.a and 6.b). The prediction error by texture class was more or less
homogeneous among classes when the PTF was applied directly on measured clay and sand data for O
(Figure 6.c). The PTF overestimated 8py,p for very fine texture but the prediction error was smaller for

the other texture classes (Figure 6.d).

3.2 Spatial distribution of AWC

The soil AWC to a maximum depth of 2 m had higher estimated values in northern and southwestern
France, and along the Rhone river valley (north-south axis in eastern France) (Figure 7). The uncertainty
associated to the total AWC followed a similar pattern in its spatial distribution, with higher standard
deviation in the north, southwest, and sparse areas in the centre (Sologne) and east (Rhone valley) of
France (Figure 7). The higher AWC corresponded mainly to deeper soils or moderately deep soils with
silty textures. The relative error (coefficient of variation) was greater than 20 % in most part of France
and was greater than 30 % in some areas in the west, in the south along the Mediterranean coast, and in

the east (Figure 7).

3.3 Contribution of different sources of uncertainty to the variance of soil moisture at field
capacity

We present the results of the decomposition of variance associated to spatial predictions of soil moisture

at field capacity for the layer 15-30 cm as an example. The results for soil moisture at permanent wilting

point and for the other depths are similar and we provide additional figures in the Supplemental material
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S2. The first term of equation 12, or variance associated to soil input properties, is expanded into its
different components, the first related to clayar, the second to silt.r and the third to the interaction term

between clay.ir and siltay:

8f 2 8f N2 2 8 \?
var(0 o= cov SOl SOll g, - O P
( )sotl Z ( k) 5501[ 5501[}( Claylllr(z?clayalr) + siltgr Ssilt gy +
8f &f
2t it 1.0 Ogitt., ———— 15
clayqir,siltqir”clayqrr ¥ siltqrr Sclayqpy 8silt gy [15]

where wvar(60)s,;; is the variance term of the soil moisture at field capacity associated to soil input

) )
s and — f are
éclayqir Ssiltgir

2 o . . .
variables, 03 and ogj, are the co-kriging variances of clay.r and siltar,

layair
respectively the sensitivities of the PTF (equation 9) to clayar and siltar, and T¢qy,,, site,,, 18 the is the
correlation between claya and silta.

The sensitivity of elementary soil moisture at field capacity (cm? cm™) to clayar had higher values in
areas with higher predicted values for claya: (Figure 8 and Figure 9.a). The sensitivity for silta, had
negative values where predictions for silty, were positive, and positive values where siltar predictions
were negative (Figure 8 and Figure 9.b). The terms resulting from the multiplication of clay.r sensitivity
and variance, and the interaction term had higher absolute values in similar regions, but counteracted
each other because they had different signs. The total variance (Figure 9.f) was higher in zones with
greater co-kriged residual variance (Figure 8.c and 8.d), and where the clay., term was greater, in
absolute value, than the interaction term (Figure 9).

The second term of equation 12 corresponded to the variance of soil moisture related to the PTF

coefficients:

var(@)ﬁ = ZCOU(,BJ,,Bk) ;;; 5615 ﬁzo (;/;) + Uﬁ21 (;_/};1)2 t g ﬁzz (;/;2) +

of 6 8f 6 of &
2 cov(Bo, B1) 5555+ 2 €0V(Bo, B2) 5ot 2 cov(BuBa) gpmspm [16]

where var(0)prr is the variance term of the soil moisture at field capacity associated to PTF

coefficients, Jlfo, 0/32'1’ 0/32’2’ cov(Bo, B1), cov(Po, f2), cov(Py,[,) are the elements of the variance-
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covariance matrix for the PTF (in this example at field capacity, Table 3), and ;—;; withi=0,1,2 are

the sensitivities of the PTF (equation 9) to the PTF coefficients.
In the case of the PTFs, the variance and covariance of the different terms are spatially constant (Table

3). Therefore, the spatial distribution of the uncertainty (and its different terms) depends on the

sensitivity of the PTF to its coefficients ( ) We should clarify that =1, —= equals the clay

5ﬁ 53 ’ 53

predictions (%), and 2L the sand predictions (%). Therefore, the sensitivity of both PTFs to the clay and

88>

sand coefficients is higher in areas where clay and sand contents are respectively higher (Figure 10).
Estimates of clay are higher in the northeast of France, and some areas of southwest. The predictions
for sand are higher in the centre (Massif Central) and other areas with predominance of sandy textures
(Les Vosges in the northeast, the Sologne in the centre, and les Landes in the southwest). The covariance
between the intercept and clay and sand (cov(By, B1) and cov(fy, B»)) is negative for both PTFs (Table
3), which resulted in negative values in their interaction terms (Figure 10.c and 10.d). The components
of clay and sand coefficients and their interaction were positive (Figure 10.e, 10.f, and 10.g). The
uncertainty due to the PTFs’ coefficients had higher values in those areas where the sensitivity to the
sand coefficient was greatest (Figure 10.b and Figure 10.h). The maximum value of the variance
associated to the PTFs’ coefficients is three times smaller than the maximum value of the variance

associated to soil input variables (0.00012 vs 0.004).
3.4 Contribution of different sources of uncertainty to the variance of elementary AWC

The decomposition of the variance of elementary AWC for the six GSM layers into different
components showed how, in terms of magnitude, the variance associated to the coarse elements and
particle size fractions were the most important over mainland France (Supplementary material S2). At
the same time, the terms of AWC variance associated to both PTFs’ coefficients had small values across
the whole area. The sensitivity of the elementary AWC to PTFs’ coefficients was greater than the
sensitivities to coarse elements, and particle size fractions (Supplemental material S2), but this was
compensated by smaller values of the variance-covariance of the PTFs’ coefficients (Table 3), resulting

in small values of the terms related to the PTFs’ coefficients on the variance in the Taylor series analysis.
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Conversely, smaller sensitivities to coarse elements, clay.r and siltyr but higher variances (Figure 8)
resulted in higher variance associated to these terms. Noteworthy, the variance term that corresponded
to the interaction between both alr-variables had a negative sign and reduced the final variance

(Supplemental material S2).

Across the six GSM layers, the standard deviation of elementary AWC (cm® cm™) was higher near
mountainous regions in the south and southeast, and some areas in the west and east of France
(Supplemental material S2 p.5). The standard deviation of elementary AWC increased with soil depth
(Supplemental material S2 p.6). The main contribution (%) to the variance in these areas corresponded
to the term associated to the coarse elements (red areas in Supplemental material S2 p.6). In regions
with lower variance of elementary AWC and mostly low elementary AWC, the main sources of
uncertainty for the top soil layers were the PTFs (southwest and centre) (blue in Supplemental material
S2 p.6) and soil texture (north) (green in Supplemental material S2 p.6). The contribution (%) of coarse
elements to the variance in the southwest and centre increased for the 30—-60 cm, 60—-100 cm, and 100-
200 cm while the contribution (%) of the PTFs decreased (Supplemental material S2 p.7). Conversely,
the contribution (%) of coarse elements to the variance of elementary AWC in the north decreased with

depth.
4. Discussion
4.1 Previous estimates of AWC in metropolitan France

This study presented the first map of AWC for metropolitan France that provides uncertainty estimates
following GlobalSoilMap specifications (Arrouays et al., 2014). An advantage of the produced maps of
Orc, Opywp and AWC is that the potential end users can incorporate estimated uncertainties into
ecological and agricultural modelling and perform uncertainty propagation analysis or sensitivity
analysis. It is important to stress that since the role of soil thickness was not included in the uncertainty
analysis for total AWC, the calculated variance should be considered a conservative uncertainty
estimate. We have improved the precision of the estimates of AWC for mainland France compared to a
previous map produced by Al Majou et al., (2008b). Al Majou et al., (2008b) applied their PTFs with

information on horizon type, horizon thickness, texture, and bulk density provided by the descriptions
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of soil typological unit (STU) from the 1:1 000 000 Soil Geographical Database of France (King et al.,
1995). In these previous studies, the AWC by soil mapping unit was calculated based on the proportion
of STU present in each soil mapping unit (Al Majou et al., 2008b). The predictions of this study are
provided at a specific resolution (90 m) whereas Al Majou et al. (2008b) provided AWC values by
polygons. The spatial patterns in both maps are similar overall, although our estimates are smaller than
the AWC predicted by Al Majou et al. (2008b) in the southeast and northeast France, but higher in the

north.

Piedallu et al. (2011) also predicted AWC for metropolitan France by first estimating the total AWC of
120,902 soil profiles from the French National Forest Inventory with class-PTFs (i.e., average values of
AWC are assigned by classes defined by texture and horizon type) developed by Al Majou et al. (2008b),
and then extrapolating spatially with ordinary kriging. The general pattern of AWC was similar between
the map by Piedallu et al. (2011) and this study. Piedallu et al. (2001) used texture class estimated by
the surveyors in the field, which may enlarge the measurement error compared to laboratory analysis of
particle size distribution. However, the high density of observations across metropolitan France may
compensate partly the error in the input texture data resulting in a good description of the spatial pattern
of AWC. The approach followed by Piedallu et al. (2011) makes the maps suitable for forested areas,
since the soil profiles were located in forests and the greater distance between the locations in
agricultural land to the soil profiles involves larger uncertainty at these predicted locations. Conversely,
the data on particle size fractions distribution and coarse elements used to calibrate our models were not
distributed homogeneously across mainland France (Figure 2). In some areas, such as in the south near
the Massif Central and in the southwestern coast, the lower density of observations resulted in higher
uncertainty of claya and silty, (Figure 8) that propagated into the uncertainty of 8p¢ and 6py,p (Figure
9). However, particle size fraction was not the main source of uncertainty for elementary AWC in these

areas (Figure 11).
4.2 General approach for mapping AWC

There are multiple modelling trajectories for mapping AWC depending on at which step are applied the

PTFs and the spatial extrapolation (Styc and Lagacherie, 2018). We first modelled spatially the AWC
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input variables, and when possible, jointly, as for particle size distribution, with the aim of capturing
their spatial patterns and the relationships between the soil forming factors and the soil properties, thus
improving the accuracy of AWC predictions. This approach is similar to that followed by Ugbaje and
Reuter (2013) for GlobalSoilMap AWC for Nigeria and Té6th at al. (2017) for the European Soil
Hydraulic Database (EU-SoilHydroGrids). The methodology chosen for predicting AWC has the
advantage that 1) the results can be easily updated when more accurate predictions for the soil input
properties or more reliable PTFs are available and 2) some input soil properties (here particle size

distribution) come as a side product of AWC estimation.

The predictions of particle size distribution had similar R? (Table 5) than previous GlobalSoilMap
products for France (Mulder et al., 2016), which had R? between 0.25 — 0.44 for clay, 0.21 — 0.42 for
silt, and 0.19 — 0.33 for sand. The concordance coefficients by Mulder et al. (2016) ranged between 0.34
— 0.53 for clay, 0.37 — 0.61 for silt, and 0.46 — 0.63 for sand, which are comparable to the 0.49, 0.43,
and 0.66 of this study (Table 5). This is not surprising because both studies shared the data from the
IGCS in the calibration dataset (although Mulder et al. (2016) merged this dataset with the RMQS one),
some of the environmental covariates, and applied the cubist algorithm. However, predicting particle
size distribution with regression-cokriging allowed us to account for the spatial correlation between
particle size fractions of the same GSM layer, hence quantifying the uncertainty of AWC more
accurately. On the other hand, the results for coarse elements were less accurate and precise in this study,
with R? = 0.14 and a concordance coefficient of 0.26 compared to a R* between 0.17 — 0.28 and a
concordance coefficient between 0.30 — 0.46 by Mulder et al. (2016) for log transformed coarse
elements. One possible explanation for this slight performance discrepancy could be, at least for topsoil
layers, the better precision of RMQS observations (compared to the IGCS), which was not used for
training the models in the present study. Mapping coarse elements is specially challenging. The
calibration and evaluation data (volume of coarse elements) was estimated visually by the soil surveyors.
More precise methods for measuring the volume of coarse elements are very time consuming and can
only be applied in a limited number of sites in national soil monitoring surveys (Jolivet et al., 2018).
More generally, we were not able to capture the spatial patterns of distribution of coarse elements,
especially in deep layers. Indeed, the input data itself may be partly biased, as coarse elements in surface
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layers are much more easily estimated than in deeper ones, especially when doing observations by
coring. It is also possible that the chosen covariates did not represent well the processes driving the
distribution of coarse elements, or these were not accurate enough (e.g., the scale of parent material was
1:1 000 000). Nevertheless, next versions of GlobalSoilMap with more accurate predictions on coarse
elements can be incorporated in the proposed AWC modelling framework for reducing the prediction

error and uncertainty of AWC predictions.

Styc and Lagacherie (2018) compared six possible trajectories for mapping AWC in the Languedoc-
Roussillon (France). The modelling approach with best performance consisted in using weighed mean
values of the soil input properties involved in the calculation of AWC by profile as training data for
DSM and then applying the PTFs, partly because the averaging smooths the variability of soil properties
facilitating the spatial modelling (Styc and Lagacherie, 2018). Mapping approaches based on
information from modal soil profiles by soil mapping units can produce very suitable maps when the
soil maps have sufficient detail (Hong et al., 2013), although they omit the variability within soil
mapping units and estimates of uncertainty are often missing. Poggio et al. (2010) calculated the AWC
by horizon with a PTF and then mapped AWC combining regression and geostatistics. They considered
two sources of uncertainty for the AWC predictions: 1) the uncertainty of the trend described by general
additive models, and 2) the uncertainty linked to the spatial extrapolation of the model residuals,
omitting uncertainty related to PTFs. They used sequential Gaussian simulations for quantifying the
spatial uncertainty, which provides more accurate estimates of the uncertainty than the Taylor series
analysis and allows the characterization of the probability distribution of AWC for each pixel, but at

high resolution is very computationally demanding.
4.3 Importance of different sources of uncertainty

The contribution of each source of uncertainty to the elementary AWC variance varied spatially. Across
the majority of the study area, the main source of uncertainty of elementary AWC was soil input data,
either particle size distribution, or coarse elements content. Without excluding the areas where estimated
soil depth is shallower than the GSM layer, the terms associated to coarse elements were dominant.

However, the contribution of particle size distribution gained importance in deeper GSM layers (60—
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100 and 100-200 cm) when excluding areas based on the estimated soil depth by Lacoste et al. (2016).
In areas of very sandy and clayey textures the PTFs contributed more to AWC uncertainty. This
highlights the importance of developing more reliable PTFs for very coarse and very clayey soils, that
although occurring with less frequency, can occupy extensive areas in France (e.g., sandy soils in the

Landes of Gascony).

It is also likely that the large prediction error of 8- and Opy,p estimated with PTFs (Figures 5.b and
5.d) is partly due to the large range in mineral composition within particle size fractions included in the
PTFs (i.e., clay and sand) and their influence on AWC. Most of the silty horizons in France (especially
in the upper layers), come from loessic aeolian deposits (Arrouays et al., 2011; Bertran et al., 2016).
Their size and mineral composition are rather homogeneous. Therefore, their contribution to AWC is
mainly determined by the micro-pores formed by stacking particles of nearly equal sizes and similar
adsorption properties On the contrary, clay mineralogy in France is very diverse, mainly depending on
the parent material from which clay minerals derive and their subsequent evolution by pedogenesis (van
Ranst et al., 1995). Similarly, the nature of sands is very diverse in their mineral composition (e.g. pure
quartz in the Landes of Gascony, micas and feldspathich sands in the Armorican Massif in Brittany).
Moreover, their size and shape are very diverse and may influence their capacity to retain water

(Chrétien, 1971).

The capacity of the Taylor analysis for identifying the sources contributing most to the total uncertainty
is limited due to the interaction terms and because the variance terms resulting from the product of the
model squared sensitivity to input variables and their variance involve variables from different groups
(e.g., the variance term of PTFs involves silt.-and claya, predictions). Hence, it is hard to identify which
variable has the variance that we should reduce with the least expense in modelling time or resources
required for additional sampling. Therefore, future studies aiming to improve the AWC predictions and
to reduce the prediction uncertainty, should first identify the group of soil input variables contributing
most in their study area with a global sensitivity analysis. As indicated above, improving the predictions
of coarse elements content and particle size fractions, and studying the influence of coarse elements,

clay and sand nature on soil moisture content should be among the highest priorities. The effect of clayar
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and silt,, interpolation onto @pc and Opyp prediction performance (Figure 5.a and 5.c) is another
argument for these priorities. A more complete assessment of AWC uncertainty should include the effect
of soil depth uncertainty. The latter will likely have an important effect on total AWC uncertainty given
its linear relationship with total AWC. The RMSE of soil depth predictions used in this study was 40
cm (Lacoste et al., 2016), suggesting that our estimate of AWC variance largely underestimates the
uncertainty. It does not concern the assessment of the uncertainty of elementary AWC (at soil layer

level) we provide here.
4.4 Limitations of the produced maps and future directions

The predictive ability of the spatial predictions for 8g. and 8pyyp decreased considerably in comparison
to applying the PTFs to measured horizon data (Table 6). The change in R? for O and 6py,p was of
AR? = - 0.33, which in relative terms consisted in a 61 % and 53% reduction compared to the R? of the
PTFs. The RMSE increased in ARMSE = 0.013 ¢cm® ¢cm™ for 8z and ARMSE = 0.015 cm?® cm? for
Opyp that suppose a relative increase of 25 % and 36 % respectively compared to the RMSE of the
PTFs. We acknowledge that we could evaluate the spatial predictions of 8, and Opy,p, Which is not
always possible for soil hydraulic properties due to the lack of georeferenced observations. However,
the evaluation statistics are of limited validity at national extent due to the sample size, distribution and
representativeness of pedoclimatic conditions of the evaluation dataset (Table 6 and Figure 3). Ongoing
work for France is currently being carried out, for gathering unbiased references of soil water content at
different potentials, using the French soil monitoring network (RMQS, Jolivet et al. 2006). The larger
prediction error for 8z and Opyp spatial predictions were associated to an overestimation of soil
moisture for coarse texture, and an underestimation for fine and very fine texture classes (Figure 6). This
is likely related to the inability to predict the spatial distribution of clay content in some regions, and in
particular, to the underestimation of high clay contents (Table 5 and Figure 4). It is also likely that
important drivers such as mineralogical composition of clay and sand are also missing in the PTFs. It is
possible that we need more accurate covariates for capturing the processes driving the spatial distribution
of clay content and mineralogy assuming the latter could be incorporated into PTFs (e.g., soil geology

map, gamma-ray spectrometry). Another source of error is that the soil profiles were not distributed
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evenly throughout the study area, but were clustered instead. Clustering led to some artifacts during the
cokriging step (Padarian et al., 2014; Marchant et al., 2013) despite the benefit of including the
correlation between soil particle fractions within a GSM layer. We did not include the spatial correlation
among soil properties of multiple layers, which may also have improved the estimates of AWC and its
uncertainty (Heuvelink et al., 2016). Angelini et al. (2017) applied structural equation modelling (SEM)
to DSM, incorporating pedological knowledge of the interrelations among soil properties and soil
processes, and predicting several soil properties at multiple layers simultaneously. Recently, Angelini
and Heuvelink (2018) expanded the SEM for soil properties with a geostatistical approach, including
the spatial correlation of the model residuals. This methodology could be interesting for mapping AWC,
as it would incorporate the interrelations between all soil properties defining AWC (particle size
distribution, bulk density, soil organic carbon, soil depth, coarse elements, etc.), within and between soil

layers.

We selected PTFs that could incorporate the uncertainty of their coefficients into the AWC predictions
and that can be applied to the majority of the study area (Roman Dobarco et al., 2019). However, the
PTFs by Tetegan et al. (2011) may be more suitable for soils developed from sedimentary rocks, with
the additional advantage that they accounted for the capacity of coarse elements for storing water and
contributing to AWC. Spatial soil inference systems (Lagacherie and McBratney, 2006) predicting
AWC across large areas could apply the most appropriate PTF for each pixel. Another possible
limitation is that both the DSM learning dataset (IGCS) and the PTFs deal mostly with cultivated soils.
The proposed predictions might not be accurate for other soils such as forest soils, where soil properties
other than particle size distribution such as soil organic carbon content and the frequent high amount of
coarse elements might shift soils outside of the validity domain of PTFs used here (Roman Dobarco et

al., 2019).

Another future development is related to the definition of the available water content itself. We set O
at pF = 2.0 for metropolitan France based on samples collected mainly in in the Paris basin and southwest
of France (Al Majou et al., 2008a). For this set of samples, Bruand et al. (2004) indicated that O at the

field corresponded, in the laboratory, to soil moisture content for soil matric potentials between pF = 1.5
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and pF = 2.0. Hence, our predictions may underestimate AWC. Conversely, the 8¢ is often considered
at pF = 2.5 by European PTFs (Toth et al., 2015). The definition of 8 regarding the soil water potential
is another factor that influences the uncertainty of AWC. The ongoing expansion of the database of soil
hydraulic properties for France will support the choice of the optimum upper limit of AWC, which may

not be the same for different horizon types.
4.5 Conclusions

This study presented spatial predictions of AWC for mainland France following GlobalSoilMap
specifications to a maximum depth of 2 m. We incorporated two sources of error (spatial estimates of
soil input properties and PTFs’ coefficients) in the uncertainty analysis carried out with first order Taylor
series analysis. The continuous computing and statistical developments will allow improving the
quantification of AWC uncertainty with a feasible computing time in future studies, for example with
stochastic simulations or Bayesian simulations (Poggio et al., 2016; Beguin et al., 2017; Huang et al.,
2017), which would ultimately allow the characterization of the probability distribution of AWC
estimates on a pixel base. Overall, this study provides the first estimate of AWC uncertainty, by soil
layers or at the whole soil profile level, for mainland France that can be incorporated into ecological and
agricultural modelling. The end-users of the AWC maps will be essential for evaluating the usefulness
of the maps for assessing the provision of ecosystem services and modelling ecological processes, and
to indicate limitations in their exploitation due to the AWC prediction uncertainty.

The reproducible modelling framework allows replacing each component of the AWC calculation
(PTFs, soil input properties) when more accurate maps are developed thanks to the selection of
covariates that characterize better the processes driving the spatial distribution of soil input properties,
the implementation of new regression algorithms, and the acquisition of new soil profile data. Indeed,
key aspects for improving AWC estimates are expanding the calibration data on coarse elements
(especially for deeper layers), incorporating the nature and soil hydraulic properties of coarse elements
into the calculation, improving the estimates of clay and sand and their mineralogy, and improving the
prediction of soil depth. According to our initial objectives, a major output of this study is the method

we developed to estimate the uncertainty of AWC predictions by taking into account both uncertainties
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linked to the soil input variables and to the PTFs’ coefficients. The second major output is the prediction
of AWC and its uncertainty for mainland France according to international specifications, which
provides this country a nearly complete set of the mandatory attributes to be predicted according to the

GlobalSoilMap initiative.
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Figure captions

Figure 1: General framework for modelling the spatial distribution of elementary available water
capacity and its uncertainty by GlobalSoilMap layer. IGCS: French soil mapping and inventory
program dataset; RMQS: French soil monitoring network; GEVARNOVIA: dataset with soil
hydraulic measurements; Op¢: soil moisture at field capacity; Opy, p: soil moisture at permanent wilting

point; R,: coarse elements.

Figure 2: Location of soil profiles from the French soil mapping and inventory program dataset

(IGCS) used for predicting the spatial distribution of particle size distribution and coarse elements.

Figure 3: Location of evaluation data for the soil input properties (RMQS), and evaluation data for the

soil hydraulic properties (GEVARNOVIA).

Figure 4: Scatter plots of observed vs predicted values for RMQS horizons for a) clay (g kg™), b) silt

(gkg™), ¢) sand (g kg, and d) coarse elements (%). The 1:1 line is indicated in black.

Figure 5: Scatter plots of measured vs predicted values for GEVARNOVIA horizons for: a) soil
moisture at field capacity (r¢) extracted from spatial GlobalSoilMap (GSM) predictions, b) soil
moisture at field capacity (6r¢) estimated applying the pedotransfer function to measured clay and
sand contents, c) soil moisture at permanent wilting point (6py,p) extracted from spatial GSM
predictions, and d) soil moisture at permanent wilting point (6py,p) estimated applying the
pedotransfer function to measured clay and sand contents. Vertical bars represent the prediction

intervals.

Figure 6: Boxplot of prediction errors (predicted - observed) by texture class: a) soil moisture at field
capacity (0g¢) by GlobalSoilMap (GSM) estimates, b) soil moisture at field capacity (g¢) estimated
with the pedotransfer function (PTF) on measured clay and sand data, c) soil moisture at permanent
wilting point (6pyp) by GlobalSoilMap (GSM) estimates, and d) soil moisture at permanent wilting
point (Bpy,p) estimated with the pedotransfer function (PTF) on measured clay and sand data. Texture
classes: coarse (C), medium (M), medium fine (MF), fine (F), and very fine (VF). The evaluation

dataset did not have measurements of 8 for the very fine texture class.



Figure 7: a) Soil thickness (cm), b) total available water capacity (AWC) (mm) to a maximum depth of
2 m, c¢) standard deviation (SD) of total AWC (mm), and d) relative error of AWC (coefficient of

variation, CV).

Figure 8: Soil properties used as input for the calculation of AWC and their standard deviation (SD)
(15 - 30 cm). a) Clayar, b) Siltar, ¢) Coarse elements (%), d) Claya SD, e) Siltar SD, and f) Coarse

elements SD (%).

Figure 9: Components of the variance of elementary soil moisture at field capacity (cm® cm™) due to
soil input variables for the GlobalSoilMap layer 15-30 cm. a) Sensitivity of the PTF to clayar, b)
sensitivity of the PTF to siltar, ¢) uncertainty term associated to clayar (i.e., the multiplication of the
squared sensitivity by the variance), d) uncertainty term associated to silty, €) uncertainty term
associated to the interaction between clay.r and silt,, and f) the total variance due to soil input

variables.

Figure 10: Components of the variance of elementary soil moisture at field capacity (cm?® cm™)
associated to the PTF’s coefficients for the GSM layer 15-30 cm: a) sensitivity of the PTF to clay
coefficient (i.e clay predictions %), b) sensitivity of the PTF to sand coefficient (i.e sand predictions
%), c) variance term of the interaction between the intercept and clay coefficient, d) variance term of
the interaction between the intercept and the sand coefficient, e) variance term of the clay coefficient,
f) variance term of the sand coefficient, g) variance term of the interaction between clay and sand, and
g) total variance associated to the PTF’s coefficients. The sensitivity of the function to the coefficient
was 1, and consequently, the term of the variance associated to the intercept was constant (3.80 10

cm® cm®) (not included in the figure).
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Tables

Table 1: Number of observations by GlobalSoilMap layer in the calibration dataset for the particle size

distribution and coarse elements models.

Depth (cm) Particle size distribution (N) Coarse elements (N)
0-5 36381 51966
5-15 35614 53552
15-30 35614 53516
30-60 31687 50500
60-100 25005 47900
100-200 13183 45169




Table 2: Description of the environmental covariates used for fitting regression models for particle size
distribution and coarse elements. Soil forming factors: soil (S), climate (C), organisms (O), relief (R),
parent material (P). SAFRAN applies an optimal interpolation of observations from meteorological
stations (1958-present) and surface analyzes from numerical weather prediction systems at 8 km
resolution (Quintana-Segui et al., 2008; Durand et al., 2009). The IRNDP is a proxy for permeability of
the geological material, and it is calculated from the comparison between the observed hydrological

network and the theoretical network based on topographic conditions (Mardhel and Gravier, 2005).

Source \Variables Soil formingScale/ . Reference
factor resolution
IMean annual potential evapotranspiration, precipitation, Quintana-Segui et  al
SAFRAN and temperature statistics (minimum, median, mean, C 8 km 2008 g ’
Imaximum) ( )
[Elevation, slope, elevation above channel network, slope
height, mid-slope position, multiresolution valley bottom
flatness index (Gallant and Dowling, 2003),
imultiresolution ridgetop flatness index (Gallant and
SRTM IDowling, 2003), topographic wetness index (Bohner et R 90 m USGS (2004)
al., 2002), compound topographic index, curvature,
llongitudinal curvature, transversal curvature, exposition,
heat load index, linear aspect, roughness, surface area
ratio, slope position, surface relief ratio
[Erosion rate S,R 1:1000000| Cerdan et al. (2010)
French Soil
Geographical  [Soil type, parent material S,P 1:1000000| Gis Sol (2011)
Database
Index of Development and Persistence of Hydrological P 1:50000 Mardhel and Gravier
Network ) (2005)
Gravimetric Gravimetric data: Bogger anomaly, free-air bouguer R.P 4 km Achache et al. (1997)
data anomaly, Bouguer gravity anomaly.
Corine Land
Land us
Cover 2006 and use (0] 250 m EEA (2007)
]\?e]?sfoonrelt. 0 INatural and semi-natural vegetation type O IGN (2012)
COCHIMAP- i and use 0 1km | Faroux et al. (2003)
[Enhanced vegetation index: median for January (2002-
2014), median for June (2002-2014). .
MODIS INormalized difference vegetation index: median for 0 500 m Didan (2015)
January (2002-2014), median for June (2002-2014)




Table 3: Variance-covariance matrices of PTFs coefficients for estimating soil moisture at field capacity
(02.0) and at permanent wilting point (04.).

020 042

Intercept  Clay Sand Intercept  Clay Sand
Intercept |3.8010° -9.93107 -3.85107 Intercept | 1.8410°  -4.07 107 -1.97 107
Clay 993107 3.1710% 7.05107 Clay -4.07107 1.0410% 3.7910°
Sand -3.85107 7.0510°  9.09 10° Sand -1.97 107 3.7910° 3.76 10°



Table 4: Fitted parameters for the linear model of coregionalization for the cubist residuals of clay.; and

siltar at each GlobalSoilMap depth interval. The covariogram models were spherical.

Depth Variable N Nugget pSill Range (m)

0-5 Silta, 36159 0.41 0.45 190098
Claya 0.48 0.61
Siltar x Claya 0.37 0.42

5-15 Silty, 36108 0.39 0.33 178104
Clayar 0.45 0.48
Siltar x Clayar 0.34 0.31

15=30 Siltyy 35401 0.35 0.32 160970
Clayar 0.40 0.50
Siltar x Clayar 0.30 0.32

30-60 Siltar 31494 0.58 0.48 170776
Clayar 0.62 0.74
Siltar x Clayar 0.48 0.46

60-100 Siltar 24849 1.83 0.56 252306
Claya 1.50 0.91
Siltar x Clayar 1.31 0.60

100—-200 Silty, 13086 3.03 1.25 167139
Clayar 2.50 1.42
Silty: X Clayah 1.87 1.16




Table 5: Independent evaluation statistics for clay, silt, sand, and coarse elements from observed RMQS

horizons.
Variable N R? Concordance | RMSE | bias PICP (%)
Clay (g kg™ 4970 0.27 0.49 127.7 -15.3 83
Silt (g kg™ 4970 0.43 0.63 138.6 19.3 86
Sand (g kg™) 4970 0.46 0.66 171.8 2.7 90
Coarse elements (%) 4988 0.14 0.26 21.0 33 76




Table 6: Independent evaluation statistics for soil moisture at field capacity (8g.) and soil moisture at
permanent wilting point (fpy,p) measured at the laboratory on horizon samples (GEVARNOVIA
dataset). The soil moisture contents estimates were calculated applying pedotransfer functions (PTFs)
to measured particle size distribution (PSD) data from horizon samples, or applying the PTFs to weighed

averages of GlobalSoilMap (GSM) spatial predictions.

Estimate origin Variable N R? Concordance | RMSE bias PICP (%)
PTFs on Orc (cm’cm™) 236 | 0.54 0.65 0.052 -0.02 84.3
measured s

horizon PSD Opyp (cm’cm™) | 308 | 0.62 0.75 0.042 | -0.005 85.1
GSM Orc (cm’cm™) 236 | 0.21 0.37 0.065 -0.02 71.2
prediction Opwp (cm’cm?) | 308 | 0.29 0.47 0.057 | -0.0004 76.6






