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ABSTRACT

Digital maps of soil properties are now widely available. End-users now can access several digital soil mapping (DSM) products of soil properties,
produced using different models, calibration/training data, and covariates at various spatial scales from global to local. Therefore, there is an urgent need to
provide easy-to-understand tools to communicate map uncertainty and help end-users assess the reliability of DSM products for use at local scales. In this
study, we used a large amount of hand-feel soil texture (HFST) data to assess the performance of various published DSM products on the prediction of soil
particle size distribution in Central France. We tested four DSM products for soil texture prediction developed at various scales (global, continental, national,
and regional) by comparing their predictions with approximately 3 200 HFST observations realized on a 1:50 000 soil survey conducted after release of these
DSM products. We used both visual comparisons and quantitative indicators to match the DSM predictions and HFST observations. The comparison between
the low-cost HFST observations and DSM predictions clearly showed the applicability of various DSM products, with the prediction accuracy increasing from
global to regional predictions. This simple evaluation can determine which products can be used at the local scale and if more accurate DSM products are
required.

Key Words:  digital soil mapping products, easy-to-understand tool, hand-feel observation, local use, map uncertainty, prediction performance, spatial extent,
visual assessment
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INTRODUCTION with several DSM products generated using different mo-
dels, calibration/training data, and covariates at spatial scales,

Digital soil mapping (DSM) (McBratney et al., 2003) varying from global to local (Padarian et al., 2020; Chen

has moved from the research stage to the operational stage
(Minasny and McBratney, 2016; Arrouays et al., 2017a;
Zhang et al., 2017; Arrouays et al., 2020). Consequently,
gridded maps of soil properties are freely available online.
However, this swift development has provided end-users

et al., 2022). Users of DSM products include soil scien-
tists, agronomists, climate change modelers, biodiversity
conservation specialists, economists, hydrologists, land-
use planners, governments, and policymakers. Stakeholders,
such as farmers or forest managers, are also interested in
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using DSM products for their farms, but they require fine-
resolution soil information that can assist land management
decisions.

Most of the predicted performances of DSM products
have been evaluated using various cross-validation met-
hods (Liu et al., 2020; Chen et al., 2022) or independent
probability sampling, as recommended by Brus ez al. (2011)
and Helfenstein et al. (2022). Although many DSM pro-
ducts now provide estimates of uncertainties using various
methods (Chen et al., 2022), these uncertainties remain
largely ignored by end-users (Richer-de-Forges et al., 2019;
Arrouays et al., 2020). Therefore, there is an urgent need
to provide easy-to-understand tools to communicate map
uncertainty and help end-users assess the reliability of using
DSM products at local scales.

Some studies have compared DSM products with existing
soil maps (Bazaglia Filho et al., 2013; Bishop et al., 2015;
Ellili-Bargaoui et al., 2020; Rossiter et al., 2021) and/or
point measurements (Ungaro et al., 2010; Tifafi er al., 2018;
Ellili-Bargaoui et al., 2019, 2020). However, few studies have
used soil survey information acquired during soil mapping
campaigns as input to DSM models or to evaluate DSM
products. This soil information can be obtained from legacy
or recent survey data. Extensive information is obtained
during surveys (e.g., soil colour, hand-feel soil texture, and
reaction to hydrogen chloride), which could be useful for the
rapid assessment of DSM prediction performance.

Soil texture (ST), the relative proportions of sand, silt,
and clay, is one of the most frequently determined soil
properties. It can be assessed in the laboratory or estimated
manually by soil surveyors in the field (NSSC-NRCS-USDA,
2012). The main differences between hand-feel ST (HFST)
and laboratory-measured ST (LAST) were summarized by
Salley et al. (2018). Briefly, HFST is estimated via sensory
tests between the fingers and thumb of a sample taken from
a horizon (or a fixed depth layer) to allocate the soil sample
to an ST class. Laboratory-measured ST is characterized
by the contents of clay, silt, and sand using a standardized
method of physical separation based on size and density after
pre-treatments (e.g., removal of organic matter). Both results
can be plotted in the soil “texture triangle”, which can differ
between and even within countries (Richer-de-Forges et al.,
2008a).

Compared with LAST, HFST is conditional on un-
certainty and subjectivity. However, in conventional soil
surveys, legacy observations of HFST outnumber those of
LAST (Richer-de-Forges et al., 2022). Furthermore, when
evaluated by experienced soil surveyors, HFST often corre-
lates well with LAST (Vos et al., 2016; Salley et al., 2018;
Malone and Searle, 2021). A previous study conducted in
Central France (Richer-de-Forges et al., 2022) showed that
well-trained and professional soil surveyors could predict ST
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classes with much higher accuracy (overall accuracy: 73%)
than that previously reported in the literature (Vos et al.,
2016; Salley et al., 2018; Malone and Searle, 2021). This
result was attributed to experienced surveyors who knew the
pedogenic context of their studied area well and conducted
collaborative fieldwork with neighbouring regions.

Rossiter et al. (2015) posited that “An obvious check
is how well new observations fit an existing soil-landscape
model used for DSM”. However, for local applications, only a
small amount of quantitative data are available, which limits
the assessment of the accuracy of DSM predictions. Thus,
in the present study, we attempted to use a large amount
of HFST data to assess the performance of published DSM
products in the prediction of soil particle size distribution at
a local scale.

In the present study, we used the HFST observed during
soil survey campaigns to produce a new semi-detailed map at
a 1:50 000 scale (over ca. 55 000 ha) in Central France (the
same region as Richer-de-Forges et al. (2022)). We evaluated
the accuracy of several DSM products that were obtained
at several geographical extents: global, continental (Europe
Union (EU)), national (France), and French department (ca.,
6 000 km?), using various covariates. Aiming to develop an
easy-to-understand indicator of the local performances of
various DSM predictions based on the differences between
LAST predictions and HFST observations, the present study
capitalized on a large amount of HFST data, which are cheap
and easy to measure. The proposed method can be used as
a general scheme for evaluating the applicability of DSM
products.

MATERIALS AND METHODS
Study area

The study area (Fig. S1, see Supplementary Material
for Fig. S1) covers the 1:50 000 soil map of Pithiviers in
the Loiret Department, France, produced by Nédélec (2015)
using conventional soil mapping. This map and associated
soil point data were neither used to develop the global,
national, or regional DSM products, nor used to create the
conventional 1:250 000 soil map of the Loiret Department
(Richer-de-Forges et al., 2008b).

The Loiret Department is located in Central France as
one of the flattest departments in France, with an altitude ran-
ging from 70 m above sea level (asl) in the northeast to 270 m
asl in the southeast (Richer-de-Forges et al., 2008b). It has
a continental-oceanic climate with a mean annual tempera-
ture of 11.5 °C and a mean annual rainfall of 700 mm. The
Loire River crosses this department from southeast to south-
west. In the north of Loiret, soils belong to the agricultural
Beauce region and are mainly developed from periglacial
loess deposits that cover limestone bedrocks. In the south
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of the Beauce region and from north to south, the main
soils encountered are Vertisols developed on marl, followed
by Arenosols, Planosols, luvic Cambisols, and Cambisols
developed on complex ancient deltaic deposits, which are
mainly composed of clay and sand. The Loire Valley crosses
these deposits, where sandy Fluvisols are developed, and the
surrounding quaternary ancient terraces, on which various
luvic Cambisols are found, more or less differentiated depen-
ding on their age (Richer-de-Forges et al., 2008b). Pithiviers
is located in the north of the Loiret Department (Fig. 1) and
mainly includes Cambisols (except for dystric Cambisols)
developed on periglacial loess deposits on limestone, Ver-
tisols developed on marl, and various soils developed on
complex sandy and clayey deltaic deposits in the extreme
southwestern part (Nédélec, 2015).

Arenosols = Calcaric Cambisols-Stagnosols
= Dystric Cambisols Anthroposols/Technosols
= Eutric Cambisols = Cambisols-Stagnosols
Colluvic Regosols 2 Colluvics Regasols-Stagnosols
Haplic Planosals #z Luvic Cambisols-Stagnosols

§

Stagnosols = Hypereutric Cambisols
= Gleysols = Hypereutric Cambisols-Stagnosols
= Vertisols Epileptic hypereutric Cambisol

Calcaric Cambisols
Luvic Cambisols

Epileptic calcaric Cambisols

0.0 3.5 7.0km
[ |

Fig. 1 Conventional soil map (1:50 000) of Pithiviers, France, showing
dominant soil types per polygon (a) and the original polygons of this soil
map (b).

Using HFST data to evaluate the accuracy of the Pithiviers
soil map

We selected 3 263 HFST soil observation points on the
Pithiviers map with HFST estimates using the Aisne texture
triangle (Jamagne, 1967) at two depths: 0-30 and 30-60 cm
(Fig. 2). For the HFST at 0-30 cm, we selected the HFST
of the upper horizon (excluding the O horizon). Most soils
were cultivated; therefore, they corresponded to the plough
layer. For forest and very rare grassland soils, we selected

A. C. RICHER-DE-FORGES et al.

0-30cm

Silt (%)

Fig. 2 Hand-feel soil texture of 3 263 soil points in Pithiviers, France
estimated using the Aisne texture triangle. ALO = heavy clay; A = clay,
AL = silty clay; AS = sandy clay; LA = clayey silt; LAS = sandy clayey
silt; LSA = clayey sand silt; SA = clayey sand; S = sand; SL = silty sand;
LL = silt; LS = sandy silt; LMS = sandy medium silt; LM = medium silt;
LLS = sandy medium silt. Points in black indicate no data.

the dominant HFST values observed at 0-30 cm (excluding
O horizon).

Broad-scale DSM predictions

Three broad-scale DSM products of ST prediction cove-
ring the soil map of the Pithiviers area were selected. They
included the global product SoilGrids 2.0 map (Poggio et al.,
2021), the EU map developed by Ballabio et al. (2016)
that utilizes the land use and coverage area frame survey
(LUCAS-Soil) topsoil data (LUCAS-Soil map), and the
GlobalSoilMap product for France (GlobalSoilMap-France)
(Mulder et al., 2016). Their primary characteristics are
described as follows.

SoilGrids 2.0 map.  SoilGrids 2.0 map is a global
digital soil map developed using a tri-dimensional machine
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learning method that predicts the spatial distribution of
several soil properties at various depths, as defined by the
GlobalSoilMap specifications (Poggio et al., 2021). We used
clay, silt, and sand content maps at depths of 5-15 and
30-60 cm. As most of the region is intensively cultivated and
ploughed, we hypothesized that the ST at 5-15 and 0-30 cm
would be similar. However, this may not always be true, as
in the case of forested areas. The grid spacing was 250 m.

LUCAS-Soil map. The LUCAS-Soil included the main
properties of topsoil (0-20 cm) in 23 member states of EU
(Orgiazzi et al., 2018). Ballabio et al. (2016) used LUCAS-
Soil data to predict DSM of particle size distribution (i.e.,
clay, silt, and sand contents) over Europe based on a grid
spacing of 500 m.

GlobalSoilMap-France. =~ The methodology of Glo-
balSoilMap-France product has been detailed by Mulder
etal. (2016). Digital maps were created following the Global-
SoilMap specifications using point observations from legacy
data of France (Arrouays et al., 2014a, b). Grid spacing was
90 m.

Regional-scale DSM product

We built a regional DSM model only using soil LAST
data of 988 soil profiles in Loiret to predict clay, sand, and silt
contents. Particle size distribution was measured according
to the French standard, the pipette method (Afnor Editions,
2003). The map was generated using the quantile regression

TABLE I
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forest (QRF) model in the R package “quantregForest”
(Meinshausen, 2006) with the covariates listed in Table 1.
The performance of the model was evaluated using a 10-fold
cross-validation procedure. Grid spacing was 25 m (Table I).

However, the maps were incomplete in certain areas
owing to missing values of some covariates, particularly
in built-up areas. These covariates were those obtained by
airborne gamma-rays (U, K, Th, and total count; Table I).
They were not available in cities and small military airports
because the aircraft was not allowed to fly at a very low
elevation and/or to take images over these areas. To overcome
this limitation, missing data were filled in by modelling using
the ranger package (Wright and Ziegler, 2017) and other
covariates. We randomly selected 10 000 samples from the
map to build a model and systematically filled in the missing
values. Mulder et al. (2016) could not use this method in
France because the spatial coverage of the entire territory
was incomplete.

Comparison between modelled LAST predictions and obser-
ved HFST classes

Plotting LAST prediction against each observed HFST
class.  For each observed HFST class, we plotted the
corresponding DSM prediction of clay, silt, and sand con-
tents in the texture triangle. For each HFST class, we cal-
culated the density of predicted LAST points in the triangle
using the function “kde2d: Two-Dimensional Kernel Density

Environmental covariates used to generate the map using the quantile regression forest model in the R package quantregForest

Covariate Definition (unit) Resolution/spacing Reference
m
DEM®) Elevation (m) 25 x 25 IGN, 2011
DEM derivative
Dppr Hydrological distance from each pixel to its 250 x 250 IGN, 2011
nearest outlet (m)
Beven index Beven index (m) 25 x 25 IGN, 2011
Courb_mixte Mixed curvature (m) 25 x 25 IGN, 2011
Curv_long Profile curvature (m) 25 x 25 IGN, 2011
Curv_plan Plan curvature (m) 25 x 25 IGN, 2011
Slope Slope (°) 25 x 25 IGN, 2011
Aspect Aspect (°) 25 x 25 IGN, 2011
Lithology (17 classes) Parent material 1/250 000 Richer de Forges et al., 2008b
Land cover (20 classes) Landscape Sentinel-2 2018 10 x 10 Thieron et al., 2022
Gamma-ray data
U Uranium (gamma) (mg kgfl) 200 x 200 Martelet et al., 2014
K Potassium (gamma) (x 10 gkg—1) 200 x 200 Martelet et al., 2014
Th Thorium (gamma) (mg kg™ Ly 200 x 200 Martelet et al., 2014
Tot Total gamma-ray (nGy ! h) 200 x 200 Martelet et al., 2014
GlobalSoilMap-France
Silt_10 Mean silt content at 5-15 cm (g kg~ 1) 90 x 90 Mulder et al., 2016
Silt_130 Mean silt content at 30—60 cm (g kg_l) 90 x 90 Mulder et al., 2016
Sand_10 Mean sand content at 5-15 cm (g kgfl) 90 x 90 Mulder et al., 2016
Sand_130 Mean sand content at 30-60 cm (g kg™ 1) 90 x 90 Mulder et al., 2016
Clay_l0 Mean clay content at 5-15 cm (g kg~ 1) 90 x 90 Mulder et al., 2016
Clay_130 Mean clay content at 30—60 cm (g kg~ 1) 90 x 90 Mulder et al., 2016

a)DEM = digital elevation model.
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Estimation” of the R package “soiltexture” (Moeys et al.,
2018) (version 1.5.1). This allowed a visual evaluation of the
distribution of each LAST prediction for each corresponding
observed HFST class in the texture triangle.

Calculation of the shortest distance between predicted
LAST and observed HFST.  To assess the accuracy of the
DSM prediction of clay, silt, and sand contents, we calculated
the shortest distance from the predicted LAST to the limits of
the observed HFST class using the R packages “soiltexture”
(Moeys et al., 2018) and “rgeos” (Bivand et al., 2021). If
the predicted LAST was consistent with the observed HFST,
the distance was equal to 0. We then calculated the mean
value of this distance for each HFST class and used it as
an indicator of the consistency between the observed HFST
and predicted LAST values. We normalized the distance by
transforming its maximal value to 1 and its minimum value
to 0. This normalized distance had no units.

RESULTS
Visual comparison of the various DSM products

Four DSM products of clay, silt, and sand contents in
Pithiviers were obtained at the global, continental, national,
and regional levels. In the following subsections, we briefly
described each map and then provided a comparison of the
patterns observed in these maps.

SoilGrids 2.0. map.  Figure 3 shows the spatial dis-
tribution of mean clay, silt, and sand contents predicted

Clay, 5-15 cm

s

Silt, 5-15¢m

A. C. RICHER-DE-FORGES et al.

by SoilGrids 2.0 (Poggio et al., 2021). Overall, this spatial
distribution was characterized by a relatively large homoge-
neous area. The spatial distribution patterns of the topsoil
(5-15 cm) and subsoil (30-60 cm) were also similar.

LUCAS-Soil map.  Figure 4 shows the spatial dis-
tribution of mean clay, silt, and sand contents from a Euro-
pean DSM product calibrated using the LUCAS-Soil data
(Ballabio et al., 2016). The predicted values were more
variable than those of the SoilGrids2.0 map. However, there
were some prominent spatial patterns, such as the sandy area
in the southwestern part of the map and rather large valleys
in the northern part of the silt and sand maps.

GlobalSoilMap-France.  The distribution by Global-
SoilMap-France (Mulder et al., 2016) showed a largely
uniform pattern (Fig. 5). The sand maps were relatively
similar to those predicted by SoilGrids 2.0.

Regional maps.  Figures 6, 7, and 8 show the spatial
distribution of median clay, silt, and sand contents generated
using the regional model, together with their lower and
upper prediction intervals (5% and 95% percentiles). The
silt maps (Fig. 7) showed the most contrasting patterns in
the north-eastern part. The valleys were clearly visible on
most of the maps, and the sandiest area in the southwest was
more clearly delineated.

Comparison between maps.  There were similarities
and discrepancies between the four DSM products. All maps
clearly showed a siltier zone in the northwestern region, es-
pecially in the topsoil. The GlobalSoilMap-France exhibited

Sand, 5-15c¢m

Sand, 30-60 cm

0 3 9km

Clay (gkg™) Silt (gkg™) Sand (gkg™)
. <75 L176-300 WM > 450 <200 [ 1451-550 mm >800 <150 351-450 mm551-750

B 76-175 B8 301-450 B 201-450 =9 551-800

B 151-350 70 451-550 = > 750

Fig. 3 Spatial distribution of soil particle size classes in Pithiviers, France, extracted using the SoilGrids model.
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Clay, 0-20 cm

Clay (gkg™)
<75 [ 1176-300 WM > 450
N 76-175 B 301-450

- <200

Silt, 0-20 cm

Silt (gkg™)
[ 1451-550 == > 800
B 201-450 B9 551-800
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Sand, 0-20 cm

0.0 3.5 7.0km
[ s

Sand (gkg™)
BN <150 ©9351-450 WE551-750
B 151-350 70 451-550 = > 750

Fig. 4 Spatial distribution of soil particle size classes in Pithiviers, France, extracted using the LUCAS-Soil model.

Clay, 5-15cm

& 5%

Silt (gkg™)

Clay (gkg™)
[1176-300 WE>450 ml <200
B 201-450 B9 551-800

<75
M 76-175 B3 301-450

Silt, 5-15¢m

[ 451-550 ™ >800 M <150

Sand, 5-15 cm

0.0 3.5 7.0km

Sand (gkg™)

351-450 W 551-750
M 151-350 £71451-550 ™ > 750

Fig. 5 Spatial distribution of soil particle size classes in Pithiviers, France, extracted using the GlobalSoilMap for France model.

some large polygons with sharp boundaries because of the
1:1 000 000 soil parent material map used as a covariate and
some artifacts (large square patterns) due to coarse climate
data, as pointed out by Mulder et al. (2016). A more sandy
area was predicted using the SoilGrids 2.0, GlobalSoilMap-
France, and regional model than the LUCAS-Soil data in the
extreme southwestern part of the map, mainly for subsoils.
This sandy area was also predicted using LUCAS-Soil for the
topsoil and using regional model for both depths. Patterns
linked to rivers were not well identified by SoilGrids 2.0,
although some were clearly evidenced in the regional model.
The prediction intervals were quite large (Figs. 6 and 7). The
maps of the regional model corresponded to a finer resolution
(25 m x 25 m). As the regional model used GlobalSoilMap-
France as covariates, some of the regional maps exhibited

artifacts. The gamma-ray and digital elevation model (DEM)
derivative covariates resulted in finer map details.

Density of LAST DSM predictions for each observed HFST
class

We present the LAST DSM predictions for each HFST
class observed from the soil survey data for the 1:50 000 map.

Topsoil.  Figure S2 (see Supplementary Material for
Fig. S2), from left to right, shows how the LAST values
predicted by each model distributed on each observed HFST
class. All the predictions tended to underestimate the clay
content for the HFST heavy clay (ALO) class, even in the
regional model. SoilGrids showed a very compact cluster
on the left side of the silty clay (AL) class. The LAST AL
class was better predicted by the regional, LUCAS-Soil,
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0-30 em (lower)

0-30 cm (median)
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0-30 cm (upper)

N
Clay (gkg™)
B <75

Bl 76-175
[ 1 176-300
[ 301-450
B > 450

30-60 cm (upper)

0.0 3.5 7.0km
[ m—

Fig. 6 Spatial distribution of particle size classes for soil clay in Pithiviers, France, extracted using the regional model. Lower and upper maps correspond to

the 5% and 95% percentiles, respectively.

0-30 cm (lower)

30-60 cm (lower)

0-30 cm (median)

0-30 cm (upper)

Silt (gkg™)
B <200
B 201-450
[ 451-550
m 551-800
B > 800

0.0 3.5 7.0km

Fig. 7 Spatial distribution of particle size classes for soil silt in Pithiviers, France, extracted using the regional model. Lower and upper maps correspond to

the 5% and 95% percentiles, respectively.

and SoilGrids models. For the clay (A) class, the regional
model gave a good prediction, whereas the predictions of
GlobalSoilMap-France and LUCAS-Soil were scattered,
and SoilGrids identified A as AL. The LAST sandy clay
(AS) class was not well predicted by the models, and their
predictions worsened with the increasing geographical extent
of the model. The clayey silt (LA) class was not well predicted
but the predictions of all four models were consistent and
were mainly located in adjacent classes, especially in AL.
In this study area, the texture of the topsoil was mostly
LA and AL; therefore, the discrepancy between classes

does not necessarily imply a large difference in LAST.
For the sandy clayey silt (LAS) class, the predictions of
GlobalSoilMap-France were the best, whereas the clayey
sand silt (LSA) class showed considerable dispersion in the
regional model and was more clustered in other models. The
regional model predicted the sandy clay (SA) class quite
well, but this class was poorly predicted by GlobalSoilMap-
France and LUCAS-Soil and was completely missed by
SoilGrids. The sand (S) class was underestimated by all
the models (especially by SoilGrids), whereas the three
remaining HFST classes (medium silt, sandy silt, and sandy
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0-30 cm (lower)

0-30 cm (median)

30-60 cm (lower)
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0.0 3.5 7.0km

Fig. 8 Spatial distribution of particle size classes for soil sand in Pithiviers, France, extracted using the regional model. Lower and upper maps correspond to

the 5% and 95% percentiles, respectively.

medium silt) were not predicted by any of the models.
Figure S2 revealed that SoilGrids had a strong tendency
to predict very compact or similar LAST values for all
HFST classes, most of them within or adjacent to the AL
class. In general, the regional model performed slightly
better than the GlobalSoilMap and LUCAS-Soil models;
however, this was not the case for all HFST. In all cases,
the extreme values at the corners of the triangle tended
to be underestimated, particularly in SoilGrids. In general,
the regional model performed better than the other models,
whereas GlobalSoilMap-France and LUCAS-Soil map gave
a rather similar distribution for topsoil.

Subsoil.  For the subsoil (Fig. S3, see Supplementary
Material for Fig. S3), the LUCAS-Soil DSM product had
no data; however, for the other models, the results were
consistent with those obtained for the topsoil. The tendency
for SoilGrids to overestimate the AL class was also evi-
dent here, whereas predictions were generally better for
the regional model than for GlobalSoilMap-France, with
noticeable exceptions for HFST LA and LAS.

Distance between predicted LAST and observed HFST

To calculate the accuracy of the DSM product predic-
tions for each ST class by comparing with soil survey HFST
observations, we calculated the normalized distance bet-
ween the predicted points and the closest boundary of their
corresponding HEST (Fig. S4, see Supplementary Material
for Fig. S4).

In general, the regional model predictions were the
closest to HFST classes (mean distance = 0.21 for topsoil
and 0.27 for subsoil), followed by GlobalSoilMap predictions

(mean distance = 0.28 for topsoil and 0.32 for subsoil).
The LUCAS-Soil (mean distance = 0.24 for topsoil) and
SoilGrids (mean distance = 0.32 for topsoil and 0.36 for
subsoil) presented the farthest distances.

Most models did not predict the extreme sandy and silty
classes well. This situation was worse for SoilGrids, particu-
larly for sandy HFST. Nevertheless, SoilGrids performed
well for the HFST adjacent to AL. However, SoilGrids mostly
predicted ST in the area as AL and nearby ST classes (Figs.
S2 and S3). The LUCAS-Soil model performed well for the
central values of the HFST classes.

DISCUSSION
Limitations of the study

Can we draw conclusions from a local example?  This
study was limited to an area located in Central France
(518.4 km?). Therefore, the results may not be generic, and
the conclusions may not be valid for other parts of the world.
Nevertheless, our results are consistent with the existing
evaluations of local or national DSM products (Bishop et al.,
2015; Guevara et al., 2018; Vitharana et al., 2019; Ellili-
Bargaoui er al., 2020; Roudier et al., 2020). In general, maps
built from broader data perform worse on local predictions
(Caubet et al., 2019; Chen et al., 2020). This is not surprising
as broader models generally capture large trends on the scale
they are produced. This is logical if the following points
are considered: the relative importance of the controlling
factors of soil properties differ according to the scale at
which they are studied, the density of the training points (soil
observations) is often lower when geographical coverage
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increases, and the nature and resolution of covariates also
depend on the scale at which they are used. In this study
the number of soil profiles available to generate SoilGrids
products in France was limited. The observations of LUCAS-
Soil were also less dense than those of the GlobalSoilMap
and were limited to the topsoil. The GlobalSoilMap-France
(Mulder et al., 2016) did not capture all soil variability
in France. The regional model performed better than the
national product (GlobalSoilMap-France), as it included
new data that became available but the latter was produced in
2014. This point advocates a regular update of DSM products
when new data become available (Arrouays et al., 2017a, b).
Note that this possibility has been frequently maintained as
an advantage of DSM compared to traditional soil mapping
(McBratney et al., 2003; Arrouays et al., 2020). Although
mentioned in several papers (Hengl et al., 2014; Mulder
et al., 2016; Arrouays et al., 2017a), the automated updating
of such products is still not operational. As computational
power increases (Padarian et al., 2019, 2020), incorporating
new covariates and building new models as new data become
available through a well-documented code, and the procedure
should be straightforward. Therefore, automated updating
of DSM predictions should become a standard practice in
the near future. The proposed method is influenced by the
relative areas of the ST classes in the triangle. Thus, it is
difficult to hypothesize how this method could be performed
with triangles having a different number of ST classes.
According to Richer-de-Forges et al. (2022), most triangles
used worldwide have 12-18 classes, but the range is from
3 to 47 classes. A map with a few large classes may appear
more accurate than that with many classes mostly because of
the simpler legend. Therefore, we should keep in mind that
the areas covered by classes (and thus the range of particle
size values) differ among triangles. In other words, a ST
class with a large area would lead to a higher probability of a
DSM prediction to be allocated to that class and could create
a false impression of high accuracy, e.g., the ALO (heavy
clay) class can have a clay content between 50% and 80%.
Nevertheless, because DSM products predict sand, silt, and
clay contents (not ST classes), anomalous predictions, such
as those observed for SoilGrids in which very large areas are
predicted as AL, would be visible. Therefore, the proposed
method can be used as a general scheme for evaluating the
applicability of DSM products. In contrast, the calculation
and illustration of distance between predicted points and
HFST will be more affected by the ST class area, i.e., the
larger the ST class area, the shorter the distance to the limit
of the class.

Is our example a worst-case scenario?  As described
in the previous section, the training data used for global
modelling (SoilGrids and LUCAS-Soil) were sparse and/or
restricted to topsoil. Another important point is that Loiret
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is the flattest department in France. Therefore, it seems
logical that coarse-resolution DEMs, such as those used
for global modelling, are not effective in capturing local
soil variability. In addition, a regional model was developed
using detailed covariates that were not available for larger
areas (detailed DEM and airborne gamma-ray data). These
detailed covariates proved very efficient in other parts of
France (Lacoste et al., 2011; Martelet et al., 2013; Loiseau
et al., 2020) and many other parts of the world (Megumi and
Mamuro, 1977; Wilford, 2012; Dierke and Werban, 2013;
Gray et al., 2016; Padarian et al., 2019). Evidently, some
soil processes and controlling factors occur at more detailed
scales than those captured by global models using coarse-
resolution covariates. Hence, the global models were unable
to capture the north-western plateaus with the siltiest topsoil
texture. The regional model underestimated the silt content
and overestimated the clay content of the topsoil of these
plateaus. This is likely because the number of training points
in the plateaus was rather small. However, the spatial pattern
of the map allowed us to delineate this specific soilscape
with greater accuracy. This is consistent with the results of
Chen et al. (2021), who showed that using fine resolution
covariates, the thickness of loess (TOL) over the calcareous
area was larger in the northern flat plateaus, and soils with
large TOL are prone to illuviation resulting in lower clay
content and siltier topsoil. Overall, these results advocate
using more relevant and detailed covariates for regional or
local DSM when available and ensuring the data cover the
whole soilscape.

Inconsistency between covariates and data support. A
general issue in evaluating DSM prediction performance is
that in many cases, the training and evaluation data are point
measurements, whereas the covariates are areal data. Defi-
ning an “optimal” grid size is still being discussed (Bishop
et al., 2015; Biggs et al., 2021; Szatmari et al., 2021) to
deliver DSM products using more relevant spatial sup-
ports (farms, soil mapping units, watersheds, administrative
units, etc.) and convey their uncertainties to decision makers
(Heuvelink and Pebesma, 1999; Vaysse et al., 2017). In the
present study, we evaluated the prediction performance using
point data. Further research should use other supports for
this evaluation. However, we should stress that our objective
was to assess if the predictions were useful at the local scale,
and therefore a too large spatial support could be impractical
for use in soil management.

HFST has more uncertainty than LAST.  We used
HFST data to evaluate the performance of the LAST predic-
tions. We made the overwhelming assumption that HFST
observations were the true values. However, this was not the
case. Although for the same ST class, HFST may lead to
different results when compared to the LAST projected (Foss
et al., 1975; Hodgson et al., 1976; Akamigbo, 1984; Post
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et al., 1986; David, 1999; Carlile et al., 2001; Minasny and
McBratney, 2001; Franzmeier and Owens, 2008; Vos et al.,
2016; Salley et al., 2018; Malone and Searle, 2021), this
was not the case for most observations. In the French Central
region, Richer-de-Forges et al. (2022) showed that the overall
accuracy of LAST predictions using HFST was 73%. This
was even larger when adjacent ST classes were considered.
Even if HFST carries an inherent uncertainty, the present
results showed that HFST was increasingly consistent with
DSM LAST predicted values when the models were less
global and used more local covariates.

Practical application of this study

Using field HFST observations as data to evaluate the
prediction performances of various DSM LAST predictions
may help to provide a first assessment of the goodness of these
predictions. When the training area is large and covariate
resolution is high, predictions tend to be smooth. Such a
quick check may help end-users decide which product to
use or if a soil map is adequate. For DSM practitioners, this
method can reveal whether a map is uncertain and requires
a higher training point density or new detailed covariates.
This study also advocates storing raw HFST values in soil
databases and recording both HFST and LAST values, even
when they are available at the same locations. The HFST data
can be used to check whether DSM products are adequate
or over-smoothing ST variability, considering the scale at
which end-users intend to use these data.

Nevertheless, we caution against incorporating uncertain
HFST values that may come from citizen science (Rossiter
et al., 2015; Salley et al., 2018; Head et al., 2020). We must
stress that very experienced soil surveyors collected the
HFST data used in the present study. Salley et al. (2018)
demonstrated that training was important for HEST alloca-
tion.

Our results do not imply that global predictions are un-
usable but caution their use on a local scale. Moreover, the
results advocate the need for local DSM at a finer scale and
using more relevant and finer-resolution covariates depen-
ding on the local pedological context. This may involve
having a more precise DEM at different spatial and verti-
cal resolutions, using some relevant covariates that are not
available at the global scale (e.g., accurate lithological maps,
airborne gamma-ray data, high-resolution remote sensing
data, and vegetation maps) (Lagacherie et al., 2012; Poggio
et al., 2013; Loiseau et al., 2020; Heitkamp et al., 2021),
exploring spatial disaggregation for broader scale maps, or
incorporating local pedological knowledge (Nauman and
Thompson, 2014; Odgers et al., 2014a, b; Holmes et al.,
2015; Machado et al., 2018; Vincent et al., 2018; Ellili-
Bargaoui et al., 2019, 2020; Ma et al., 2019; Mgller et al.,
2019). Our results also support the future strategy of DSM
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in France, i.e., to produce more local DSM maps at the
local scale, as recommended by Voltz et al. (2020). A future
study will explore whether spatially dense HFST data could
be used to produce digital LAST maps and/or to improve
existing DSM products.

CONCLUSIONS

Predicting particle size distribution is a common ob-
jective of DSM, as texture influences many soil processes.
However, the relevance of using global or continental DSM
products for local use is questionable. Conducting inde-
pendent validation at a local scale implies the high cost of
laboratory measurements. Here, we proposed a cheap and
straightforward assessment of the performance of predictions
by using HFST over an area that was underrepresented in
global, continental, national, and regional DSM predictions.
The comparison between the low-cost observed HFST and
DSM predictions clearly showed the applicability of various
DSM products, with prediction performance decreasing from
global to regional predictions. This simple evaluation can
determine which products can be used at a local scale and
if more accurate DSM products are required. The visual
interpretation of the predicted maps and the scattering of
the predicted ST on a texture triangle for each observed
HEST class may help to determine whether a DSM product
is locally usable. It can also help to identify areas with a hig-
her density of LAST measurements and/or if more relevant
covariates are necessary. The example presented in this study
stresses that some global and continental DSM products may
not be sufficiently accurate for local use. A higher training
point density and more precise and relevant covariates for
local soilscapes are required to produce an accurate local
DSM.
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