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Services provided by soils

To protect them and
perpetuate the services
they provide us

= need to map soils and
their properties




—
Soil data

National soil mapping programs:

Soil descriptions:

scale 250000 scale 50000- 100000 scale <50000

:I work in progress sector where soil

1/250 000 information exists
https://lwww.afes.fr/ressources/le-programme- https://www.afes.fr/ressources/la-cartographie-des-sols-a-
inventaire-gestion-conservation-des-sols-de- moyennes-echelles-en-france-metropolitaine/

france-volet-referentiel-regional-pedologique/

A solil profile taken from the soil calendar. Source: Gabriela

Brandle, Urs Zihimann, Andreas Chevet. ‘ I Lm
- Soil point data -> Static maps without uncertainty quantification CROUPEMENT
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https://www.afes.fr/ressources/le-programme-inventaire-gestion-conservation-des-sols-de-france-volet-referentiel-regional-pedologique/
https://www.afes.fr/ressources/la-cartographie-des-sols-a-moyennes-echelles-en-france-metropolitaine/
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The Center of Scientific Expertise “Digital Soil Mapping” Theia

Brings together French
experts in digital soil

mapping
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https://www.theia-land.fr/ceslist/ces-cartographie-numerique-des-sols/

The Center of Scientific Expertise “Digital Soil Mapping” Theia

Objective 1 : Produce spatial estimates of soil properties

Available water capacity (AWC) of soils in Available water capacity (AWC)
mainland France (in mm of water) of soils in Languedoc-Roussillon

Interactive mapping of soil

OPENIG properties in Brittany
https://geosas.fr/solsdebretagne/

= oA https://geosas.fr/solsdebretagne/ XN O

https://ckan.openig.org/dataset/cartes-
numeriques-de-proprietes-des-sols-en-

languedoc-roussillon - .
1heia
(g EJP SOIL role TheTauiaye

after Roman Dobarco et al., 2021
https://doi.org/10.15454/9IRARJ



https://geosas.fr/solsdebretagne/
https://doi.org/10.15454/9IRARJ
https://ckan.openig.org/dataset/cartes-numeriques-de-proprietes-des-sols-en-languedoc-roussillon

The Center of Scientific Expertise “Digital Soil Mapping” Theia
Objective 2 : Federate and capitalize on efforts in methodologies and algorithms

- advance digital mapping methods, from sampling, choice of covariates (including those from remote
sensing), modeling, and up to validation methods.

Objective 3 : Transfer know-how to operations

Popularization site:

https://cartograph-e.hub.inrae.fr/

aeal Soil Map,
o <3

. Q=
French-speaking training planned for 2025 e el i -/

Lobjectif de ce site est dapporter les connaissances fondamentales de cette discipline aux utilisateurs et de fournir les principales informations concerant
S
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Historical retrospective
& general principles
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Figure 1 — Courbes de réflectance de sols peu ou pas organiques

Girard, 1978. Emploi de la télédétection pour I'étude de 'humidité des Sols. Houille
Blanche, 64, 533-539, doi:10.1051/Ihb/1978044


https://www.shf-lhb.org/en/component/makeref/?task=show&type=html&doi=10.1051/lhb/1978044

—
Notion of soil surface condition

“‘composition and organization of soil surface at

a given time”
R. ESCADAFAL, 1989

©MR EGC- Equn Sol, March 2012

VAUDOUR E., GIRARD MC., 2010, Pédologie, chapitre 23. In Girard MC et
Girard CM, Traitement des images de téledetection, Dunod, Paris.




—
Spectral behaviour and indices of soils

noir : végétation-blanc : eau

Figure IX — Index de brillance sur
sols nus

SAINT et al., symp int Avignon 1981
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Spectral behaviour and indices of soils
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https://www.sciencedirect.com/journal/remote-sensing-of-environment
https://doi.org/10.1016/0034-4257(89)90123-5

—
Spectral behaviour and indices of soils
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https://www.sciencedirect.com/journal/remote-sensing-of-environment
https://doi.org/10.1016/0034-4257(89)90123-5

General prmup es

field spectral measurements Image of bare soils

Ty s T — d01:10.10167.322.2013.07.003 image
octral meagurements. "

reflectance
field e
reflectance

reflectance
spectra

doi:10.3300'5 1041 157

&

lab chemical analysis

sample locations

cpean

Vaudour and Wetterlind, 2021. EJPSOIL Newsletter “/, EJ P SOIL

Joint Programme
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(opermicus COPERNICUS
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http://www.copernicus.eu/

POLE THEIA PRODUITS, DONNEES & SERVICES EXPERTISE ACTUALITES ANIMATION REGIONALE TRANSFERT

- =7 . - -

THEIA

Données et services pourles surfaces continentales

J‘%;' {‘7 2

EXPERTISE PRODUITS CATALOGUES APPEL A PROJET ANIMATION
SCIENTIFIQUE THEMATIQUES THEIA REGIONALE
THEIA

Theia en un schéma

https://www.theia-land.fr



https://www.theia-land.fr

Achievements : soil types

Bayesian Maximum likelihood classification of viticultural soils over the

Rhone Valley
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Near-infrared reflectance (%)

]

a: tilled surface (m)

b: moderately stony surface(.,a)

b1 with quartztic pebbles (A )

b2 with calcareous matenals (4 )

c: non-tilled surface with high
coverage of quartzitic pebbles (¢.0)
¢ 1 from the Rhone nght nverside (@ )

¢2 from the Rhone left niverside (O )

d: non-tilled surface with high
coverage of calcareous materials ()

Red reflectance (%)

Vaudour, 2008
https://doi.org/10.1080/10106040701207555



Achievements : homogeneous soil management zones

viticultural zoning from
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Vaudour et al., 2010
https://doi.org/10.1016/].rse.2010.08.001




Achievements : identification of soil roughness in order to
map soil tillage operations

Soil roughness measurements Signal radar (bande C, 5,6
' Ghz, polarisation HH)

O -+ SMOOTH + moderately rough: ROUGH : late winter plough (LWP)
Y | & o Seedbed &harrowed (SH) e}
i 3D soil surface model E
reference zones (RZ) -g =5
/\/\f\w\»//\< N E I
"’\.x\ . ‘r'\;\‘"/ . ;‘ | g’ '10 7 & I °*
¥ £ =
[ RZs with relation dB/Hrms }< I o) g % 'Y
' ' Wonm g o peel
i % -15 - ¢ | y= 2,78In(x)- 19.15
X 50% test RZs @ I R?2=0,70
| SO training RZs W EXTY | HRMS <15mm ~ HRMS>15mm ;
: -20 T T

0 10 20 30 40

rms surface height (mm)

rugosité du sol

Vaudour et al., 2014
https://doi.org/10.1016/}.jag.2013.11.005




caco, Achievements : soil properties
(9/kg) from airborne hyperspectral imagery
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Achievements : soil properties
from single-date multispectral imagery
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Remote sensing for soil mapping
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Time scale : temporal mosaic of bare soil
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Huge achievements with huge performances range of estimations
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Huge achievements with huge performances range of estimations

Performances depend on instrumental and environmental characteristics

Instrumental characteristics Environmental characteristics

-=-Original 10nm R led 20nm R led 40nm -=—Resampled 80nm -=—Resampled 160nm
0.8 -

0.7 A

/‘
.y / /‘M“ /\
0.3 - / — //\.\,\
300 1300 18l00 2300
Wavelength (nm)
Castaldi et al., 2016
https://doi.org/10.1016/j.rse.2016.03.025

Rescaled reflectance



http://dx.doi.org/10.1016/j.rse.2016.03.025
https://doi.org/10.1016/j.rse.2016.03.025

Huge achievements with huge performances range of estimations

Performances depend on instrumental and environmental characteristics

Impact of the spectral resolution on clay prediction

Configuration name RZ,  RMSEC (g/kg) RZ,  RMSEP (g/kg)
[ AISA-DUAL 0.77 82 0.77 82 —
~5/10 (EnMAP) 0.73 90 078 81

~10/10 (HYPXIM/HyspIRI/HYPERION)  0.75 88 073 90

~37/37 0.74 88 0.74 90

~60/60 0.75 85 071 93

~100/100 0.75 87 071 94

~200/200 0.35 139 0.01 173

Predicted clay from AISA-DUAL spectra

Adeline et al., 2018
http://dx.doi.org/10.1016/j.geod
erma.2016.11.010

Gomez et al., 2018
https://doi.org/10.1016/j.rse.201
7.10.047



http://dx.doi.org/10.1016/j.geoderma.2016.11.010
http://dx.doi.org/10.1016/j.geoderma.2016.11.010
https://doi.org/10.1016/j.rse.2017.10.047

Huge achievements with huge performances range of estimations

Performances depend on instrumental and environmental characteristics

Impact of the atmospheric correction model on clay prediction

52 acquisition date (DD-MM-YYYY)

03-02- 16-02- 23402- 26-02-
2017 2017 2017 2017

MAJA RZ, 0.62 0.63 0.62 0.61
Sen2Cor  R?, 0.62 0.63 0.62 0.60

LaSRC R, 0.63 0.62 0.62 0.59




Huge achievements with huge performances range of estimations

Performances depend on instrumental and environmental characteristics

Impact of the surface conditions on clay prediction

52 acquisition date (DD-MM-YYYY)

03-02- 16-02- 23402- 26-02- 08-03- 25-03- 28-03- 04-04- 24-04- 27-04- 07-05-
2017 2017 2017 2017 2017 2017 2017 2017 2017 2017 2017

MAJA RZ, 0.62 0.63 0.62 0.61 0.52 0.74 0.71 0.62 0.80 0.73 0.72
Sen2Cor  R?, 0.62 0.63 0.62 0.60 0.50 0.76 0.72 0.62 0.80 0.74 0.72
LaSRC R, 0.63 0.62 0.62 .59 0.50 0.75 0.72 0.63 0.77 0.72 0.68

Gomez et al., 2021
https://doi.org/10.1016/j.geoderma.2022.115959
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Huge achievements with huge performances range of estimations

Performances depend on instrumental and environmental characteristics

Impact of the vegetation on SOC prediction
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Huge achievements with huge performances range of estimations

Performances depend on instrumental and environmental characteristics

Impact of the vegetation on SOC prediction
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Digital Soil Mapping
) + €

Soil =1(S, C, O, R, P, A,

77T RN A

Soil Climate Organisms Relief Parent Age Location  Estimated
Spatial inference material XY error

models / W_/

. Spatial data on the determinants
* Legacy soil data (soil
. . of soil variability or correlated to
profiles, soil maps)

« Soil sensing this variability (covariates) \

Soil property prediction maps (from the World

to the plot) + quantification of uncertainty

McBratney et al., 2003
https://doi.org/10.1016/S0016-7061(03)00223-4
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GlobalSoilMap

Deliver a digital database of soil properties around the world, measuring 90x90m, along with their
uncertainties, freely downloadable

e Fitted to the SRTM -90-m grid
0-5cm

5-15cm e Whole world

15-30cm

e 18 billion points and blocks (66.5 M in France) WiPERpgs, -
30-60cm i S
e Point and cell prediction Reie !
60-100 cm e Quantified properties NrE

il it
X = 19.99958393868
Y = 999958393868

100-200 cm

e Essential for modeling in space and time

e Scalable with the integration of new data or new methods

e Easier to harmonize than conventional cards

e Easy to cross-reference with other sources of spatial information

[o]sF:) SoilMap




GlobalSoilMap global program specifications
Define an area of interest

‘ SOlIMap Assemble environmental covariates

Which soil data are available?

Assign quality of soil data and coverage in the covariate space

Detailed soil maps with : : :
: : : : Detailed soil maps with
legends and soil point Soil point data
legends

data

Full cover? R Full cover?

Kriging

- Spatial disaggregation Extrapolation from Homosoil
- Spatially weighted reference areas
mean Spatially weighted

mean

- Spatial disaggregation

- SCORPAN kriging - Soil maps
- Ensemble - Soil point data

Increase uncertainty in prediction
(depends on the quality of data and complexity of soil cover)

According to Arrouays et al., 2014 https://doi.org/10.1016/B978-0-12-800137-0.00003-0
and an initial diagram by Minasny and McBratney, 2010 https://doi.org/10.1007/978-90-481-8863-5 34



https://doi.org/10.1016/B978-0-12-800137-0.00003-0
https://doi.org/10.1007/978-90-481-8863-5_34

Remote sensing data used as covariates in SCORPAN model

Table 3
Summary, in chronological order, of previous quantitative scorpan-like studies in which soil classes and/or attributes were spatially predicted
Soil Predictive Predictive factors Study  No. of Grid distance (m) Location  Authors
Sciass Sattribute model (f) s clo|r|p an area observations Soil sample Image
spatial
extent
Soil drainage Linear regression X D3 USA Troeh (1964)
classes
Soil horizon Linear regression X D1 90 10 USA Walker et al.
thickness, (1968)
subsoil mottle,
depth to mottle
Soil classes Discriminant x D3 30 1000 USA Pavlik and
analysis Hole (1977)
Soil classes Degree of Modified x| % D4 38 500  France Legros and
podzolisation principal Bonneric (1979)
component
analysis
(Escoufier, 1970)
Thickness of Discriminant X D2 522 10, 50 10, Canada Pennock et al.
A horizon, analysis, linear 50 (1987)
depth to CaCO; regression
Soil classes Clustering x x D2 USA Lee et al.
(1988)
Organic C, Fe/C Clustering and b D2 32 USA Frazier and
regression Cheng (1989)
Organic C, P Regression, X x D2 172 15 15 USA Bhatti et al.
kriging (1991)
Soil Ordination X X D2 194 2,8 10 Australia  Odeh et al.
morphological,  techniques (1991)
physical and
chemical
properties
Soil classes X X D2 194 2,8 10 Australia  Odeh et al.
(1992)
Soil drainage Discriminant x| x D3 305 USA Bell et al.
classes analysis (1992, 1994)
Clay content, Ordination, x| X D3 224 300 100 Lower McKenzie and
CEC, EC, pH, GLM Macquarie  Austin (1993)
bulk density, Valley,
COLE, 0 Australia
at — 10 and McBratney et al., 2003
l ¥ EJP SOIL s https://doi.org/10.1016/S0016-7061(03)00223-4
European Joint Programme
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Remote sensing data used as covariates in SCORPAN model

Soil organic carbon (SOC) Stock mapping

N Predicted total SOC Stock Uncertainty estimates of SOC Stock
_g ." .\" : /5 .
e B s High (30.9) High (39.6
e Wl S Sv 2 - I -
S . SNPR GO
L ~p AN
af . '{‘[‘/-- e low (7.1) -Iow (14.7)
e

Model covariates:
“Classic” covariates:
o Derivatives of digital elevation model (DEM)
o Normalized Difference Vegetation Index (NDVI)
o Enhanced vegetation index (EVI)

e + all bands of Landsat-8 imagery (11 bands)

Dharumarajan et al., 2021

https://doi.org/10.1016/j.geodrs.2021.e00387
(@ EJP SOIL
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https://doi.org/10.1016/j.geodrs.2021.e00387

Remote sensing data used as covariates in SCORPAN model

Soil clay content mapping

),
u 31h4\ 3
| 150
1 \ 0.45 B
* ';c? 130
30T 3T T 0.35 9
T [vd L
SN & 110
0.25 =
Model covariates: 90
e “Classic” covariates: derivatives of DEM, NDVI, Land use 0.15 ' e
map, and climate, geology, topography, and soil
information... ~&~ Model 1: Without remote sensing data (22)

—*= Model 2: With BS mosaic data (56)
—o— Model 3: With FBS mosaic data (56)

e + 11 spectral indices calculated from Sentinel-2 mosaics, o~ Alndal & Wt 2 c0-artmioe (77)

based on images close to sowing periods (Mars & Dec)
in 2016-2017. Loiseau et al., 2019

https://doi.org/10.1016/j.jag.2019.101905
(@ EJP SOIL
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Remote sensing data used as covariates in SCORPAN model

& Soil organic carbon content mapping

Elevation [m] SOC [g/kg]

Model covariates:

e “Classic” covariates: derivatives of DEM,position and parent
material.

e + Bare Soil Temporal Mosaic based on:
o Test 1:all S2 images (2016 -2021)
o Test 2:S2images between February and May (2016-2021)
o Test_3:S2images between July and November (2016-2021)

RS models R?
Test 1 0.18
Test 2 0.19
Test 3 0.11

Urbina-Salazar et al., 2023
https://doi.org/10.3390/rs15092410



https://doi.org/10.3390/rs15092410
https://doi.org/10.3390/rs15092410

Remote sensing data used as covariates in SCORPAN model

- ; )N\ Soil organic carbon content mapping
I%.umms '
Elevation [m] SOC [g/kg]
RS models R? DSM Models R?
Test_1 0.18 0.26
+ “Classic” covariates :
. . derivatives of
Model covariates: Test_2 0.19 DeM posttionand | 033
e “Classic” covariates: derivatives of DEM,position and parent parent material

material. Test_3 0.11 0.27

e + Bare Soil Temporal Mosaic based on:
o Test 1:all S2 images (2016 -2021)
o Test 2:S2images between February and May (2016-2021)

o Test_3:S2images between July and November (2016-2021)
Urbina-Salazar et al., 2023

[‘g EJP .SO| L https://doi.org/10.3390/rs15092410
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Remote sensing data used as covariates in SCORPAN model

R Soil organic carbon content mapping

-r"".q‘, e v R
Sy SN

Map of SOC content Uncertainty map

Deeper Loess
(Chen et al 2019)

Elevation [m] SOC [g/kg]

" J&¥ Potential local prediction error
at 90% Pls
(g-kg™)

P A

T8

| B30

| BN

S

—non agnicultural areas

Model covariates:
e “Classic” covariates: derivatives of DEM,position and parent

material.

e + Bare Soil Temporal Mosaic based on:
o Test 1:all S2 images (2016 -2021)
o Test 2:S2images between February and May (2016-2021)
o Test_3:S2images between July and November (2016-2021)

Urbina-Salazar et al., 2023
https://doi.org/10.3390/rs15092410
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Mapping soil clay content by training Digital Soil Mapping models with surrogate
measurements obtained from Sentinel-2 data

Soil clay content mapping

Model covariates:

e “Classic” covariates: derivatives
of DEM & NDV!I.

e + all bands of Sentinel-2 imagery
(10 bands)

@ EJP SOIL Weerasekara et al., Soumis




Mapping soil clay content by training Digital Soil Mapping models with surrogate
measurements obtained from Sentinel-2 data

Soil clay content mapping

Model covariates:

e “Classic” covariates: derivatives
of DEM & NDV!I.

e + all bands of Sentinel-2 imagery E 5 +
(10 bands) ‘

@ EJP SOIL | Weer;'slsekara et al., Soumis
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Advances in spatial,

e Covariates
spectral and temporal
resolution 2 Remote sensing products
Spatial and/or Relief
e temporal mosaics Climat 3 |
~ Geology R N :

Time

Filtered Pseudo-measure
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Depth

| + uncertainties maps

Field observations
Soil descriptions

Validations |
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Thank you for your attention

cecile.gomez@ird.fr

emmanuelle.vaudour@inrae.fr

EJP SOIL

European Joint Programme anne.richer-de-forges@inrae.fr

More information:

Richer-de-Forges A.C., Chen Q., Baghdadi N., Chen S., Gomez C., Jacquemoud S.,
Martelet G., Mulder V.L., Urbina-Salazar D., Vaudour E., Weiss M., Wigneron J.-P.,
Arrouays D. (2023). Remote Sensing Data for Digital Soil Mapping in French Research
- A review. Remote Sensing. 15, 3070. Special Issue Remote Sensing for Soil Mapping and
Monitoring https://doi.org/10.3390/rs15123070
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