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Bajo el actual contexto de cambio de los patrones climdticos, los ecosistemas terrestres se
encuentran gravemente alterados respecto a su biodiversidad, estructura o
funcionamiento. Concretamente, la region Mediterrénea representa una de las zonas mds
afectadas por el impacto del cambio climdtico. En base a las nuevas politicas ambientales
derivadas de las graves amenazas provocadas por el cambio climdtico, se deben
establecer medidas practicas para disminuir el CO2 atmosférico. El secuestro de carbono
es una de las medidas principales para reducir las concentraciones de CO2 atmosférico a
corto y medio plazo, en el que los ecosistemas terrestres juegan un papel fundamental
como sumideros de carbono. Es necesario cuantificar y monitorear los reservorios de
carbono orgdnico que sirvan de base para la gestion ambiental, adaptar las politicas
locales y evaluar los impactos potenciales.

El objetivo general de esta fesis es avanzar en la estrategia metodoldégica para la
cuantificacién de los reservorios de carbono orgdnico en ecosistemas terrestres, basada
en técnicas estandarizadas a diferentes escalas espaciales, asi como establecer modelos
dindmicos capaces de predecir los resultados bajo diferentes escenarios de gestion. Esta
tesis se centra en dos aspectos clave de la modelizacidon de los stocks de carbono a nivel
nacional: (1) la estimacién del carbono de la biomasa aérea, y (2) la cuantificacion del
carbono almacenado en el suelo, asi como su potencial secuestro bajo diferentes
escenarios de gestion de usos de suelo; en todos los casos mediante modelos
espacialmente explicitos.

Tras la introduccion y métodos generales (capitulo 1y 2), en el capitulo 3 se integran dos
tecnologias de teledeteccion complementarias para elaborar informacién detallada de la
distribucion espacial del carbono almacenado en la biomasa. La distribucidn multitemporal
y global de indices de resolucion moderada (MODIS) compensan la limitacion temporal de
los datos del escdner Idser aerotransportado (ALS) de alta precision. Como caso de estudio,
esta metodologia se aplicd en una regién mediterrdnea semidrida en el sureste de la
Peninsula lbérica (Regidn de Murcia). Los resultados muestran resultados robustos en el
modelado de datos ALS, calibrados con medidas a nivel de parcela, y variables
espectrales biogeofisicas (8 indices derivados de MODIS), lo que confirma su aplicabilidad
a tamanos mayores de pixel.

En el capitulo 4 se emplean diferentes técnicas de mapeo digital de suelos (DSM) para
generar un mapa local de carbono orgdnico del suelo (SOC) vy testarlo con estimaciones
derivadas de productos disponibles tanto regionales como globales. El objetivo de este
capitulo es definir un marco metodoldgico para la generacién de un mapa de SOC de
alta resolucién, analizando diversos aspectos. Estos aspectos se refieren a diferentes
variables de carbono (concentracién de SOC -g / kg-, y stock de SOC -Tc / ha-) utilizando
distintos métodos de interpolaciéon espacial (linear model, quantile regression forest —-QRF-;
random forest and support vector machine) en fres resoluciones diferentes (100 m, 250 m,
1000 m). Considerando de nuevo la ‘Regidén de Murcia’ como caso de estudio, este estudio
muestra que el marco metodoldgico con resultados mds robustos estd basado en datos
locales del suelo, covariables ambientales (incluidos indices de teledeteccién simplesy / o



multitemporales), técnicas de DMS y cuantificacién de la incertidumbre espacialmente
explicita. Especificamente, el enfoque QRF parametrizado con datos de concentracion de
SOC, a una resolucién espacial de 100 m, muestra la mayor concordancia en la
modelizacion de los datos, asi como el mejor balance entre la precision, la validacién
externa y la inferpretabilidad de los resultados. Este estudio proporciona una mejor
comprension del almacenamiento de SOC en una zona con asociaciones de suelo
complejas y con informacién muestral limitada.

A la vista de los resultados del capitulo 4, en el capitulo 5 se generan diferentes mapas de
la distribucién espacial del SOC a nivel nacional, con una resolucidn de 90 m vy sus
incertidumbres asociadas espacialmente explicitas. La modelizacion de la base de datos
patrimonial (8,361 muestras de perfil) y las covariables ambientales previamente
seleccionadas, se basd en tres enfoques de aprendizaje supervisado: quantile regression
forest, ensemble machine learning and auto-machine learning. Los mapas han sido
estimados para las profundidades de 0-30 cm, 30-100 cm y para la profundidad efectiva
del perfil. Para la generacién de estos mapas finales de distribuciéon espacial del SOC se ha
empleado una metodologia novedosa mediante diferenetes ensambles de modelos y su
posterior combinacion espacial. Dicha combinacion se genera mediante la asignacion del
ensamble de modelos mds preciso a cada pixel, es decir, el que presenta menor
incertidumbre. Los mapas resultantes mostraron valores medios de concentracion del SOC
de 15.7 g/kg, aimacenando el 25% aproximadamente en los horizontes subsuperficiales (>
30 cm). El stock total de SOC se ha estimado en 3,8 Pg C a su profundidad efectiva, de los
cuales 2,82 Pg C se almacenan en los 30 cm superiores (74% del total).

En el capitulo 6 se predice el mapa de secuestro potencial de SOC con el objetivo de
detectar usos de suelo, dreas y regiones con mayor potencial de absorcién del SOC en
Espana peninsular bajo diferentes escenarios de gestidon. En este estudio se utiliza el modelo
RothC a nivel nacional (grid de 1 km) para la proyeccion en el periodo 2020-2040. Los
resulfados muestran que el secuestro de SOC en Espana Peninsular, suponiendo que las
condiciones ambientales actuales permanecen constantes durante los préximos 20 anos,
disminuird en 430 Gg C/afno. Sin embargo, se estima que se puede esperar un potencial
secuestro de 1.977 Gg C/ano si se adaptan prdcticas de gestion sostenible que aumenten
la tasa de entrada de carbono en el suelo al menos un 5% en los proximos 20 anos.

En resumen, los avances que proporciona esta tesis contribuyen a mejorar la calidad y
precision de las actuales metodologias disponibles del carbono ecosistémico a escala
nacional, con informacién novedosa sobre su cantidad almacenada, sirviendo como
referencia para las estrategias y politicas de adaptacion/mitigacion al cambio climdtico.



ABSTRACT

Due to current climate change patterns, terrestrial ecosystems are being seriously affected
with respect to their biodiversity, structure, and function. Specifically, the Mediterranean
region is one of the areas most sensitive to climate change effects. Given the recent
environmental policies derived from these serious threats caused by global climate change,
practical measures to decrease net CO2 emissions must be established. Carbon
sequestration is a major measure to reduce atmospheric CO2 concentrations within the short
and medium term, in which terrestrial ecosystems play an essential role as carbon sinks.
Quantification and monitoring of organic carbon reservoirs is needed to inform
environmental management, adapt local policies and assess potential impacts.

The main aim of this thesis is fo provide the methodological strategy for the quantification of
organic carbon reservoirs in terrestrial ecosystems, based on standardized techniques at
different spatial and management scales, in addition to establishing dynamic models to
predict results under different management scenarios. This thesis is focused on two critical
aspects of carbon stock modeling at the national level: (1) estimation of the carbon in
aboveground biomass, and (2) quantification of the soil carbon storage, as well as its
potential sequestration under different land use management scenarios; using spatially
explicit models in both cases.

After the general infroduction and methods (chapter 1 and 2), chapter 3 integrates two
complementary remote sensing fechnologies to detail informatfion about the spatial
distribution of carbon stored in biomass. The multitemporal and global distribution of
moderate resolution indexes (MODIS) are balanced with the temporal limitation of the high-
precision airborne laser scanning (ALS) data. As a case study, this methodology was applied
in a Mediterranean semiarid region in the southeastern lberian Peninsula (specifically the
region of Murcia). The results shows a robust performance in modeling of ALS data
calibrated with plot-level ground-based measures, and bio-geophysical spectral variables
(8 different indexes derived from MODIS), confirming its applicability at coarser resolutions.

Chapter 4 improves different digital soil mapping (DSM) techniques to develop a local soil
organic carbon (SOC) map and fest it against estimates derived from available regional-to-
global carbon products. The aim of this chapter is to define a high-resolution SOC map
framework, analyzing diverse aspects. These aspects are refered to different carbon
variables (SOC concentration -g/kg-, and SOC stock -tC/ha-) using different spatial
interpolation methods (linear model, quantile regression forest —QRF-; random forest and
support vector machine) at three spatial resolutions (100m, 250m, 1000m). Considering
again the ‘Region de Murcia’ as a case study, the results show an optimal framework based
on local soil data, environmental covariates (including single and/or multitemporal remote
sensing indices), DMS modeling and spatially explicit uncertainty quantification. Specifically,
the QRF approach parameterized with SOC concentration data at 100 m spatial resolution
confirms the best data-model agreement and the best balance for accuracy, external
validation, and interpretability of results. This study provides a betfter understanding of SOC
storage across complex soil-forming environments with limited soil samples.



In view of the results of chapter 4, chapter 5 maps the SOC spatial distribution at the national
level at 90 m and the associated spatially explicit uncertainties. Modeling of the legacy soil
database (8,361 profile samples) and a selection of environmental data-driven covariates
was based on three supervised learning approaches: quantile regression forest, ensemble
machine learning and auto-machine learning. The maps are estimated at 0-30 cm, 30-
100cm and the effective soil depth. For the final SOC spatial distribution maps, a novel
methodology is used. It is based on a combination of different predictive ensemble models
where each pixel is assigned the prediction from the most accurate model, i.e. lowest
uncertainty. The mean value of the SOC concentration map is 15.7 g/kg, storing
approximately 25% in subsoils (>30cm). The total SOC stock at its effective depthis 3.8 Pg C,
of which 2.82 Pg C are stored in the upper 30 cm (74% of the total).

Chapter 6 predicts SOC potential sequestration map to detect land uses, sites and regions
with greater potential to absorb SOC stocks for peninsular Spain under different
management scenarios. In this study, the RothC model at the national level (1 km grids) is
used for the projection of the 2020-2040 period. The results shows that the SOC sequestration
in peninsular Spain, supposing the current environmental conditions remain constant for the
next 20 years, will decrease at a rate of 430 Gg C/yr approximately. However, a potential
sequestration of 1,980 Gg C/yr can be expected approximately under the adoption of
sustainable management practices that increase the carbon input rate into soils by at least
5% in the next 20 years.

In summary, the advances provided by this thesis confribute to improving the quality and
precision of current methodologies available at the national level for the carbon in terrestrial
ecosystem, with novel information on its carbon storage, and serve as a reference for
climate change mitigation strategies and policies.



Capitulo 1. Infroduccion General y
Objetivos






1.1. Antfecedentes

El proceso de fotosintesis captura la energia solar y la almacena en carbohidratos, materia
orgdnica, que son los que proporcionan la energia que impulsa las reacciones biogquimicas
de la vida. La acumulacién de biomasa en un ecosistema (produccidon neta del
ecosistema, NEP) ocurre principalmente debido al crecimiento de la biomasa aéreq,
transfiriéndose al suelo con su consecuente incremento de materia orgdnica (Chapin et
al., 2011). La mayoria de los restos de biomasa, litter, se depositan en las capas superficiales
del suelo donde estdn sometidos a procesos de descomposicidn controlados por la
microfauna, las bacterias y los hongos. La descomposicion conduce ala liberacion de COo,
H20 y elementos nutritivos al medio, y a la generacién de compuestos orgdnicos ligados al
suelo altamente resistentes conocidos como humus (Schlesinger and Bernhardt, 2013).

Estos compuestos humicos se acumulan en el perfil del suelo y componen la mayor parte
de la materia orgdnica eddfica. La dindmica de la reserva de carbono en los suelos incluye
dos etapas: procesos que conducen a un rédpido recambio de la mayor parte del litter en
la superficie, y procesos que conducen a una produccién, acumulacidén de humus en
profundidad con un recambio metabdlico (turnover) muy bajo (Rumpel and Kogel-
Knabner, 2011). El humus es muy resistente al proceso de descomposicion, y se estima que
los materiales humicos extraidos del suelo tienen una edad media entre 250 a 940 anos
(Campbell et al., 1967). Se ha comprobado que incluso los ecosistemas estables contindan
almacenando algo de materia orgdnica en los suelos (Zhou et al., 2006), manteniéndose
durante prolongados periodos su capacidad de secuestro de carbono.

Ante las nuevas medidas y politicas medioambientales, resultado del compromiso de
estabilizar las concentraciones de gases de efecto invernadero (GEl) acordado en diversas
convenciones y fratados de cambio climdtico, iniciados con la Convencién Marco de las
Naciones Unidas sobre el Cambio Climdtico -UNFCCC- y el Protocolo de Kioto, vy
actualizados con la XXI Conferencia Internacional sobre Cambio Climdatico 2015, surge la
necesidad de reducir las emisiones netas de CO:2 (ufilizado en adelante como un
subrogado de los GEI en general). Dada la escala y gravedad de las amenazas derivadas
del cambio climdtico, en la Cumbre del Clima de Paris 2015 (COP21) se insta a los
Gobiernos a que tomen medidas concretas vinculantes. Dichas medidas estdn
encaminadas a alcanzar el objetivo de limitar el aumento del calentamiento global,
mediante la reduccién de las emisiones de gases de efecto invernadero.

Junto a la disminucién de emisiones, se propone la fijacién de carbono como la via para
reducir las concentraciones de CO2 en la atmédsfera a corto y medio plazo, donde los
ecosistemas tferrestres juegan un papel fundamental como sumideros de carbono. Esta
fijacién derivada de actividades agricolas y forestales puede suponer una importante
ayuda a la hora de cumplir con los compromisos de reduccidén de gases acordados para
cada pais (Camps Arbestain and Pinto, 2004; FAO, 2017b).

El marco politico relacionado con las emisiones de CO2ha evolucionado recientemente a
nivel europeo y mundial, desarrollando directrices tanto para la recuperaciéon de
ecosistemas con mayor capacidad de almacenamiento de carbono, como para mejorar
tales capacidades. Asi mismo, para la contabilidad actual del stock de carbono



ecosistémico se incluye no solo el derivado por la vegetacién o cambios de usos de suelo,
sino especificamente por la propia gestion de los suelos (Bispo et al., 2017).

El desarrollo de metodologias de la cuantificacion de los stocks de carbono han de permitir
también la gestion de los reservorios de carbono terrestre a nivel espacial y su seguimiento
temporal. Esto resulta esencial para conftribuir al cumplimiento de los compromisos
acordados a nivel estatal para la mitigacién del cambio climdtico mediante una mejor
comprensidon de los procesos espacio-temporales relacionados con el ciclo del carbono.

1.2. El carbono en los ecosistemas terrestres

El secuestro de carbono en los ecosistemas terrestres se define como el proceso por el cual
el CO2 atmosférico es absorbido mediante la fotosintesis almacendndose en sus diferentes
reservorios mediante diferentes procesos. Estos reservorios incluyen principalmente a la
vegetaciéon y al suelo (Figure 1.1). En la vegetacion, el C absorbido es almacenado en la
biomasa (troncos, ramas, hojas y raices) y en los suelos se almacena en forma de materia
orgdnica (IPCC, 2014). A gran escala, la relaciéon promedio entre el carbono almacenado
en los suelos y el almacenado en la vegetacién varia segun el tipo de ecosistema, la
composicién vegetal y la latitud (Dixon et al., 1994). Por esto, la eficiencia de los
ecosistemas para secuestrar carbono estd limitada, en parte, por variaciones en la
composicién vegetal, en su tasa de crecimiento y mortalidad, en la composicion quimica
del material bioldgico vegetal, asi como en las propiedades del suelo, la topografia o el
clima (Lorenz and Lal, 2010).
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Figure 1.1 Esquema simplificado del almacenamiento de carbono en los ecosistemas terrestres
debajo y sobre la superficie. Fuente: FAO 2007



El balance de carbono de un ecosistema se considera como la diferencia ente la pérdidas
y ganancias de carbono, determinando si estd actuando como una fuente (emisién de C
a la atmdsfera) o como un sumidero (absorcidon de C de la atmdsfera) (Lal, 2004). La
cuantificacién y prediccién de este balance resultan complejas debido a falta de
informacion espacialmente explicita a escalas adecuadas, asi como la limitacion del
conocimiento en los procesos implicados de intercambio de C con la atmdsfera, en
particular en los suelos (Heimann and Reichstein, 2008).

En las Ultimas décadas, se han desarrollado una gran cantfidad de métodos para la
cuantificacién, modelizacién y mapeo del stock de carbono ecosistémico, los cuales son
esenciales en el diseio e implementacién de politicas regionales y nacionales (Crossman
et al., 2011). Sin embargo, muchos de ellos adolecen de procesos ecoldgicos claves, y los
resultados disponibles se basan en tablas de datos aplicados a diferentes clases de usos de
suelo (Sun and Liu, 2020). Actualmente, la estimacion estdndar del stock de C en estos
modelos estd mds ampliamente descrita para la biomasa aérea (AGB, por sus siglas en
inglés) (450-650 PgC a nivel global), empleando estimaciones mds generales para el 70%
del C global aimacenado en los suelos (1500-2400 PgC; Ciais et al., 2014). Los avances en
estos modelos y mapas dependerdn de la integracién de los procesos ecoldgicos mds
relevantes en la caracterizacién de la variacion espacial y temporal del carbono, como
son los relacionados con el stock de C en suelos.

1.3. Cuantificacion del carbono ecosistémico

Entre los ecosistemas terrestres, los bosques representan una posicion central en el ciclo del
carbono global, siendo la mayor reserva con cerca del 45% de todo el carbono
secuestrado a nivel global (Miguelajauregui, 2013; Zhao et al., 2019). El stock de carbono
en los ecosistemas forestales principalmente incluye el aimacenamiento en la vegetacion,
el suelo y el litter. Este Ultimo supone apenas un 5% del carbono total forestal (Lafleur et al.,
2018). Para la estimacion de estos almacenamientos o reservorios se han empleado
métodos diferentes basados principalmente en diferentes tipos de ecosistemas y escalas
espaciales.

Estimacion del almacenamiento del carbono en la vegetacion

Los métodos para la estimacion del carbono en la vegetaciéon se pueden dividir
bdsicamente en tres tipos: estimacion basada en inventarios, basada en informacién
satelital o basada en procesos.

La estimacién del carbono de la vegetaciéon basada en inventarios es un método cldsico
empleado principalmente para muestreos de superficies limitadas, como escalas
regionales. Estos métodos estdn basados en la estimacién de determinadas variables de la
masa vegetal, tales como densidad, volimenes, tipos de vegetacioén, altura, etc., con la
consecuente conversidon a biomasa y carbono mediante el uso de ecuaciones alométricas.
Uno de los problemas detectados en estos métodos es su tendencia a sobreestimar la
cantidad de carbono en la vegetacién al asignar su valor de muestreo a superficies
mayores. Esto es debido a que los resulfados de muestreo en campo suelen ser mayores a



la media estimada a nivel regional o nacional (Dixon et al., 1994; Ferndndez-Landa et al.,
2018).

La teledeteccidén o percepcion de informacién de elementos de la superficie terrestre
desde sensores remotos ha convertido en una técnica alternativa ampliamente utilizada
de cuantificacion de biomasa aérea y almacenamiento de carbono (Xiao and Moody,
2004). Esta técnica estd basada en la construccidn de relaciones empiricas entre la
informacion obtenida de la radiacion electromagnética y determinados atributos de masa
vegetal, integrando mediciones alométricas y datos de campo. Bdsicamente hay tres tipos
de sensores que se utilizan para la cuantificacién del carbono: sensores épticos, radar y
lidar. La precisidon de la informacién obtenida de los diferentes sensores varia en funcién de
la escala espacial y temporal de los mismos. Por lo que la estimacién del stock carbono en
la vegetacion estd muy condicionada a estas caracteristicas (Matasci et al., 2018).

Mediante la parametrizacidon de modelos en base a las principales variables ecosistémicas
gue influyen en el almacenamiento de carbono, se construyen modelos estadisticos de
interpolacién espacial que estiman la distribucién de la biomasa forestal. Estos modelos
hacen referencia principalmente a métodos geoestaditicos, de aprendizaje supervisado o
basados en mecanismos, los cuales describen cuantitativamente el proceso del ciclo del
carbono forestal. Para este tipo de métodos es necesario disponer de datos de vegetaciéon
de alta calidad (Tian et al., 2015).

Estimacion del almacenamiento del carbono en el suelo

Los métodos utilizados en la cuantificacién de la distribucidn espacial del carbono en suelo
pueden agruparse en cuatro: estimacién basada en tipos de suelo, en unidades de
mapeo, en modelizacidon empirica y en modelizacién basada en procesos.

La estimacién del almacenamiento del carbono orgdnico del suelo (SOC) para una unidad
taxondmica requiere datos de muestreo de diferentes tipos de suelo. Posteriormente, se
estima el aimacenamiento de carbono a nivel regional en base al mapa de tipos de suelo
(Bohn, 1982; Munoz-Rojas et al., 2012).

Otros métodos se basan en la caracterizacién de unidades de densidad de carbono
orgdnico del suelo, de acuerdo a la distribucién geogrdfica de muestreos de perfiles
eddficos y factores ambientales, como la vegetacién y los factores climdticos. El resultado
final es el producto de la densidad del carbono por el drea de cada unidad (Post and
Mann, 2005).

Los modelos empiricos se basan en la relacion entre el SOC y los numerosos factores
ambientales que afectan a su almacenamiento, tales como factores climdticos,
topogrdficos, vegetacion, propiedades de suelo. Para establecer estas relaciones
estadisticas se precisa de mediciones repetidas en campo y distribuidas espacialmente
tanto del contenido del SOC como de los factores ambientales a relacionar (Sun and Liu,
2020).

Finalmente, los métodos basados en procesos compartimentan la estructura del suelo en
diferentes reservorios de carbono para simular el proceso del ciclo del carbono del suelo



en funcidén de su tasa de descomposicion. Si se obtienen los datos necesarios para
alimentar dicha simulacion, estos modelos pueden ser empleados para estimar el carbono
en diferentes escenarios (pasado, presente y futuro). RothC, SOMM, Yasso, CENTURY vy
ROMUL son una buena representacion de estos modelos (Xu et al., 2018).

Sin embargo, todos estos modelos precisan de datos de mediciones directas de carbono
en suelo. Dada su gran variabilidad, la alta densidad de puntos de muestreo necesaria
para obtener estimaciones precisas y actualizadas hace que los inventarios resulten caros
y operacionalmente complejos (Smith et al., 2020).

1.4. Necesidad de estandarizacion de procesos en la
modelizacion del carbono.

Existen diversas iniciativas, tanfo a nivel europeo como global, que promueven la
reduccién del CO2 mediante el secuestro de C ecosistémico a través de la implantacién
de programas prdcticos (Minasny et al., 2017) demostrdndose que estos sistemas son una
oportunidad para la regulacién climdtica. La finalidad de muchas de estas iniciativas es
poder evaluar y monitorear el impacto de las medidas de mitigacion y documentar dicha
informacion. Esto resulta mds relevante en aquellas que incluyen estos resultados en los
mecanismos financieros donde se readlizard un pago por reducir las emisiones,
compensarlas o aumentar las existencias de C ecosistémico (Thamo and Pannell, 2016). Sin
embargo, dentro de estos mecanismos de reduccidn y mitigacién existe una disparidad
referente a los métodos de cuantificacion, monitoreo y verificacidon del carbono tanto a
nivel nacional como global. Los métodos de estimacién de biomasa estdn mds
desarrollados y estandarizados que los del carbono en suelo (Gibbs et al., 2007).
Concretamente, desde la Oficina de Cambio Climdtico en Espana (MITECO), existe un
interés manifiesto por incorporar la cuantificacion tanto del stock actual del C en suelo
como de su secuestro potencial, en sus mecanismos regulados para el cdlculo, reduccion
y compensacion de emisiones. Dicho sistema estd basado actualmente en las absorciones
de la cubierta forestal exclusivamente.

Ademds de la disparidad de métodos para los distintos stocks, algo que se evidencia en
estas iniciativas de reduccidn de carbono es la complejidad de las interacciones entre el
carbono aéreo y el carbono del suelo con la atmdsfera. Esto se debe principalmente, a
gue estas interacciones se rigen por otros factores también complejos tales como el clima,
la topografia, las caracteristicas del suelo o las practicas de manejo (forestales o agricolas).
Los efectos de las interacciones entre todos estos factores implican grandes incertidumibres
en su cuantificacién (Fujisaki et al., 2015).

Dada la gran variedad de aproximaciones para cuantificar el stock de carbono en los
ecosistemas, es necesario la estandarizacién de metodologias previamente testadas que
aseguren su interoperabilidad a dominios espaciales diversos, desde lo local a lo global,
para facilitar el intercambio y la comparacion de resultados (Bispo et al., 2017;
Montanarella, 2015; Vargas et al., 2017).



1.5. Objetivos y preguntas de investigacion

El objetivo principal de esta tesis es avanzar en la estrategia metodoldgica para la
cuantificacién del carbono orgdnico en ecosistemas terrestres, basada en técnicas
estandarizadas a diferentes escalas espaciales y de gestion, asi como establecer modelos
dindmicos capaces de predecir los resultados bajo diferentes escenarios de gestion.

Consideramos que la incorporacién de metodologias que combinen el uso de recientes
métodos estadisticos de aprendizaje automdatico con técnicas digitales y de teledeteccion,
asi como la automatizacion de tareas, permitird mejorar los actuales modelos el stock del
carbono orgdnico ecosistémico. Esto facilitard su aplicacion a cualquier escala espacial
de trabajo y la realizacién de proyecciones temporales acerca de los cambios en el stock.

Para la consecucién de dicho objetivo, los objetivos parciales a abordar son:

Desarrollar un enfoque metodoldgico para mejorar la evaluacion y el mapeo de la
biomasa aérea (AGB) a nivel nacional mediante la combinacién de datos LIDAR de
altaresolucién con imdgenes de satélite hipertemporales y de resolucion moderada en
los bosques mediterrdneos.

Evaluar diferentes estrategias metodoldgicas basadas en técnicas de mapeo digital de
suelo (DSM) y datos de satélite para la elaboracién de mapas locales de COS que
mejoren las estimaciones actualmente disponibles, derivadas de bases de datos tanto
regionales como globales.

Establecer el marco metodoldgico mds robusto para la generacion de mapas de COS.

Generar mapas de almacenamiento y distribucion espacial del COS a nivel nacional
basados en las mejores estimaciones posibles y los recursos disponibles mediante
técnicas estandarizadas que permitan la interoperabilidad de los resultados.

Identificar dreas potenciales de fuentes y sumideros de carbono del suelo mediante la
proyeccion de la distribucidn espacial de las tasas de secuestro de COS a nivel
nacional, que sirvan de apoyo en la toma de decisiones de prdcticas de gestion
sostenible o la conservacion del suelo.



Capitulo 2. Metodologia general






2.1. Area de estudio

Esta tesis se enmarca en el territorio de Espana Peninsular, como representacién de un caso
de estudio de la zona Mediterrdnea. La zona mediterrdnea es considerada particularmente
vulnerable al cambio climdtico, ya que los escenarios de prediccidén acentian las sequias,
las olas de calor y la escasez de agua a la vez que inundaciones mds frecuentes (Abd-
Eimabod et al., 2020).

Concretamente, los escenarios climdticos futuros para Espana Peninsular (Figure 2.1),
situada en la regidn Mediterrdnea Europea, prevén serias limitaciones respecto a la
disponibilidad de agua y un incremento del riesgo de desertificacion, variables
infimamente ligadas a la variacion del contenido de carbono orgdnico de los ecosistemas
(Ferreira et al., 2022). Por lo que la gestidn de los usos agricolas y forestales, los cuales
ocupan un 33% y un 59 % de la superficie total, respectivamente (MAPA, 2021), resulta
crucial tanto para la conservacion como para el fomento del secuestro de carbono
ecosistémico.

Las caracteristicas especificas de las dreas tanto local como nacional abordadas en esta
tesis se describen en sus capitulos correspondientes.
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Figure 2.1 Escenario climdtico futuro para la regidon Mediterrdnea basado el porcentaje de cambio
de la precipitacién total (PR). Realizado a partir de las proyecciones globales del Sexto Informe de
Evaluacién del IPCC (2021). Fuente: Atlas interactivo del IPCC: sintesis regional.



2.2.  Marco metodoldgico

Para el desarrollo del objetivo general propuesto es imprescindible profundizar en el
conocimiento detallado de la dindmica del carbono en los ecosistemas, y poder obtener
las mejores estimaciones dentro de los limites establecidos por el conocimiento cientifico
actual y los recursos disponibles a nivel nacional, reduciendo la incertidumbre en lo posible.

El marco metodolégico general que encuadra esta tesis se centra en la estimacion del
carbono de los dos reservorios ecosistémicos principales: la vegetacién y el suelo (Figure
2.2). Para alcanzar los objetivos descritos anteriormente, esta metodologia se ha desglosa
en funcién de las siguientes fases:

1- Fase 1: Generacidén de algoritmos para la estimaciéon de biomasa aérea de
especies forestales a partir de datos LIDAR para su extrapolacién a escala nacional.

2- Fase 2: Desarrollo de metodologias mediante técnicas digitales y de inferencia
espacial para la elaboracidon de mapas de carbono en suelo a escala nacional.

2.1 Optimizacién de una base de datos nacional de informacién eddfica
patrimonial. Armonizacion vy filtrado de la informacion patrimonial.

2.2 Modelizacién del stock de carbono orgdnico en el perfil del suelo en base a
sus caracteristicas analiticas y variables ambientales.

2.3 Produccién de mapas digitales de distribucion del stock de carbono en
suelo a diferentes escalas de detalle: de local a nacional.

3- Fase 3: Evaluacion de la dindmica del secuestro de carbono orgdnico del suelo
bajo diferentes escenarios de gestion, para la generacién del mapa potencial de
secuestro de carbono.

Fase 1: Generacién de algoritmos para la estimacion de biomasa aérea de especies
forestales a partir de datos LIDAR para su extrapolacién a escala nacional.

El LIDAR (Light Detection And Ranging) es un sistema activo de deteccién remota basado
en un sensor I&ser que permite obtener, en tiempo real, mayor densidad de medidas
geolocalizadas de las superficies que cualquier otfro sistema conocido. El LIDAR presenta la
ventaja frente a otros sensores de poder penetrar en la cubierta vegetal y capturar de esta
forma informacién de diferentes estratos de vegetacién y del suelo.

Esto hace que la tecnologia LIDAR esté siendo ampliamente utilizada en el sector forestal
(Hollaus et al., 2007; Holmgren et al., 2003) tanto por su capacidad para obtener variables
dasométricas con alta precisibn como por su economia para la inventariacién de grandes
superficies.
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Figure 2.2 Marco metodoldgico para la estimacién de la distribucidon espacial del carbono ecosistémico.




Espana tiene una situacién privilegiada en cuanto a la disponibilidad de datos LIDAR ya
qgue dentro del Plan Nacional de Ortofotografia Aérea (PNOA), que se redliza en
cooperaciéon y cofinanciado entre la Administracion General del Estado y las Comunidades
Auténomas, hay un producto LIDAR. La primera cobertura nacional de LIDAR se finalizé en
el afno 2015 con una densidad de 0,5 puntos/m2. Si las condiciones econdmicas lo
permiten, las coberturas nacionales tendrdn una periodicidad sexenal.

La metodologia propuesta para la estimacién de biomasa aérea (Figure 2.2 B) se basa en
la utilizacion de datos LIDAR mediante el ajuste de regresiones entre los estadisticos que
describen la nube de puntos LIDAR, con las variables obtenidas de inventarios por métodos
de masa, esto es, altura dominante, nimero de drboles, drea basimétrica, volumen,
biomasa, etc. (Hyyppd et al., 2008; Rodriguez et al., 2014). Aplicando estas regresiones a los
estadisticos LIDAR procesados para la zona de estudio se generd una cartografia continua
para cada una de las variables modelizadas, cuyo resultado fue una imagen digital con
informacion espacialmente continua de 25 m x 25 m de tamano de celda (Asner et al.,
2011; Asner and Mascaro, 2014).

Lared de parcelas de datos LIDAR resultantes de inventarios de masa fue completada con
parcelas del Inventario Nacional Forestal (INF). De cara a poder asignar correctamente los
modelos generados para las distintas especies, se utilizard el Mapa Forestal de Espana,
tfrabajando sobre los estratos forestales definidos en este producto del Ministerio de
Agricultura y Medio Ambiente.

La extrapolacidn de datos LIDAR locales a escala nacional se realizd mediante la
integracién de los datos locales LIDAR con variables espectrales (MODIS) de alta
temporalidad y cobertura espacial, mediante técnicas de aprendizaje automdtico. Esta
modelizacidén se describe mds detalladamente en el capitulo 3.

Fase 2. Desarrollo de metodologias mediante técnicas digitales y de inferencia espacial
para la elaboracion de mapas de carbono en suelo.

Para obtener la distribucidn espacial del stock de carbono a nivel nacional, en funcion de
variables biofisicas, se siguieron las siguientes subfases: la generacién de una base de datos
eddfica, la modelizacion del carbono orgdnico y su extrapolacién espacial (Figure 2.2 A).

Fase 2.1. Optimizacidn de una base de datos nacional de informacion eddfica.
Armonizacioén vy filtrado de la informacion patrimonial.

Como paso previo a la modelizacién, dada la gran variedad de fuentes de informacién
eddfica a nivel nacional, se realizd una recopilacién, depuracion y homogenizacién de los
datos de perfiles de suelo mds representativos. La base de datos final resultdé de la
estandarizacién de sus datos con el fin de ser consistente, fiable y asimilable para los
modelos. En esta fase inicial para la modelizacién se conté con una base de datos de
perfiles aportados por distintos organismos de la Administracién (gestion e investigacion)
nacionales y autonémicos.

Fase 2.2. Modelizaciéon del stock de carbono orgdnico en el perfil del suelo en base a sus
caracteristicas analiticas y variables ambientales.



El desarrollo de esta fase se basd en técnicas del mapeo digital de suelos, dentro del marco
de referencia del modelo conceptual SCORPAN (McBratney et al.,, 2003). Segun este
modelo algunas propiedades edafoldgicas, como el carbono orgdnico, pueden estimarse
con aceptable precision mediante su correlacidn con otfros pardmetros considerados
como formadores del suelo medidos en la misma localizacion. Por tanto, para modelizar la
distribucion espacial del stock de carbono se definieron las principales variables
ambientales caracteristicas del entorno, como factores formadores eddficos responsables
de las propiedades actuales de los suelos. Desde el punto de vista de la inferencia espacial,
estos factores deben ampliarse con la inclusidon de la posicidon geogrdfica.

Dada la gran variedad de fuentes de informacién digital, las variables medioambientales
incluidas en el modelo como factores formadores del suelo han variado en base a las
caracteristicas de cada estudio. Dichas variables han sido descritas en los capitulos
correspondientes. De forma general, las variables utilizadas hacen alusién a los factores
morfolégicos del terreno, climdaticos, litoldgicos y de la vegetacion. La parametrizacién de
este Ultimo se realizé mediante informacidén referente a usos de suelo, mapas de biomasa
o indices de vegetacién derivados de informacién de teledeteccion. Para evitar la
redundancia de las variables y mejorar el cardcter predictivo del modelo (Gregorutti et al.,
2017), se procedid a una seleccién previa de variables.

La modelizacion de la distribucion espacial del carbono en base a las variables
seleccionadas se realizd mediante la aplicacidon de un amplio abanico de funciones de
prediccidon para explicar las relaciones entre las variables eddficas y ambientales. Estos
modelos se basaron tanto en métodos lineales como no-lineales, haciendo uso de métodos
de aprendizaje automdtico. La validacion de los modelos se basd en la precision de la
capacidad predictiva de los mismos.

Fase 2.3. Producciéon de mapas digitales de distribucién del stock de carbono en suelo a
diferentes escalas de detalle.

Tras la modelizacién, la extrapolacién de la informaciéon puntual a una superficie
espacialmente continua dio lugar a la generacion del mapa de la estimacién espacial del
carbono y el del valor de incertidumbre asociada. Dichos mapas contemplan la
distribucion de las variables de carbono concentraciéon (g/kg) y stock (TC/ha), a diferentes
escalas espaciales, mediante la aplicacion de modelos predictivos diferentes en funcidén
de las circunstancias especificas de cada estudio.

Fase 3. Evaluacion de la dindmica del secuestro de carbono orgdnico del suelo, bajo
diferentes escenarios de gestiéon, para la generacion del mapa potencial de secuestro de
carbono.

Para la determinacion de las dreas potenciales de acumulacién de carbono orgdnico del
suelo a nivel nacional, se estimé la cantidad de carbono secuestrado en un periodo de 20
anos (2020-2040) mediante el modelo basado en procesos de RothC. Para la fase inicial de
este proceso de modelizacién se utilizdé el mapa de stock previamente estimado (T/hal).
Esta modelizaciéon se realizd bajo diferentes supuestos de gestion y siguiendo métodos



estandarizados (Figure 2.3) cuyos resultados resulten comparables e inferoperables con
otros paises (FAO, 2020a).

CARBON STOCK MAP IN TERRESTRIAL ECOSYSTEMS
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Figure 2.3 Esquema metodoldgico de la estimacién del secuestro potencial del carbono orgdnico del
suelo para Espana peninsular a 1 km de resolucion espacial.

De forma generalizada para esta tesis, en todos los procesos y modelizaciones contenidos
en el desarrollo metodoldgico, los programas informdticos (software) utilizados fueron de
cddigo abierto y dominio libre, principalmente. De entre los principales recursos técnicos
utilizados se encuentran:

e Software R para cdlculos estadisticos y modelizacion.
e Software SAGA y QGIS para el procesado de la informacién georreferenciada.
e Software FUSION para los procesados LIDAR.

Asi mismo, debido al gran volumen de datos utilizados, una parte importante de los
procesos han sido realizados gracias a los servicios de supercomputacion facilitados por el
Centro Informdtico Cientifico de Andalucia (CICA).
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2.3. Estructura de la tesis

Esta tesis estd estructurada en 8 capitulos. El capitulo 1 y 2 hacen referencia a la
infroduccién y metodologia generales de la tesis. Los capitulos 3, 4, 5y 6 redactados en
inglés responden los contenidos principales abordados en esta tesis, correspondientes a
articulos originales de investigacion que se encuentran publicados, o pendientes de envio,
en revistas que figuran en los listados de Journal Citatioin Reports (JRC). Finalmente, en el
capitulo 7 se presenta una discusidn general de la tesis y en el capitulo 8 se enumeran las
conclusiones generales.

Los contenidos principales abordados en cuatro bloques quedan resumidos en la Table 2.1

Table 2.1 Resumen general de los contenidos de los capitulos 3, 4, 5y é de la tesis

Capitulo Objetivos generales (1) Productos finales 2 Area de estudio
g g o Desarrollar un enfoque Mapa AGB (25 m)
o O ¢ % me’rodollczglco para mejorarla  pasado en datos
o g’ o 8% 3 evaluacién y el mapeo AGB a LIDAR-PNOA
:3 3 5o ol nivel nacional, combinando Regién de
g 58 2 § < datos LIDAR de altaresolucién  Mapa AGB (250 m),  Murcia (Espafia)
o £ o5 = con imagenes de satélite y su incerfidumbre
< £Eoz hipertemporales y de asociada basados
<@ T resolucién moderada en MODIS
Evaluar diferentes estrategias Mapas de

metodolégicas basadasen  concentracion de
técnicas DSM y datos de COS (g/kg) @ 0-30

satélite para la elaboracién €M de profundidad. )

de mapas locales de COS. Regidon de

Mapas de stock de Murcia (Espana)

Establecer el marco COs (tC/ha) a 0-30

metodolégico mds robusto €M de profundidad.

para la generacién de mapas Resolucion espacial

Organic Carbon at Different
Spatial Scales in a Mediterranean

Capitulo 4
Testing Modeling Strategies for Soil
Area (Southern lberian Peninsula)

Resolucion espacial
90 m

Q Mapa de
o) L
O¢Z ¢ G q concenfracion de
8 8) 8_ |ener0r mGpGST e CcOsS (g/kg) a
TOQ . dmacenamiento y profundidades de 0-
o 9 = O dISTI’.IbUCIOI"].eSpOCIO| delCOS  30cm y 30-100 cm.
o >v 2 a nivel nacional basados en Espafia
3 5 ko) % las mejores estimaciones Mapa de stock de peninsular
E‘ £ 5 o posibles y los recursos COS (tC/ha) a 0-30
O 88F¢€ disponibles mediante técnicas cmy asu
225 estandarizadas que permitan profundidad
0= 29 la interoperabilidad de los efectiva.
29 8 resultados
1°KC]
Q
)
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Capitulo Objetivos generales (1) Productos finales (2 Area de estudio

Mapas de secuestro
de COS (tC/ha ) a 30
cm para escenarios

Identificar dreas potenciales BAU y SM
de fuentes y sumideros de

> Mapa de tasas de
carbono del suelo mediante

secuestro absoluto

g . Ilo prp}/eccién Qe la de COS para
2 distribucion espacial de las escenarios BAU y SM Espafia
O tasas de secuestro de COS a ;
.0 - . . peninsular
o nivel nacional, que sirvan de Mapa de tasas de
o- apoyo en la toma de secuestro relativo de

decisiones de prdcticas de COS (tC/ha) para

gestion sostenible o la escenario SM

conservacion del suelo. .. .
Resolucidon espacial

1 km

Capitulo 6
Soil Organic Carbon Sequestration Potential
National Map under Future Scenario

(1) COS= carbono orgdnico del suelo; AGB= aboveground biomass/biomasa aérea; DSM= digital soil

mapping/mapeo  digital del suelo; (2} BAU= business as usual/escenario sin  gestién; SM=  soil
management/escenario con gestién sostenible
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Capitulo 3. Improving Aboveground
Forest Biomass Maps: From High-
Resolution to National Scale

Este capitulo reproduce el texto del siguiente manuscrito:

Durante, P.; Martin-Alcén, S.; Gil-Tena, A.; Algeet, N.; Tomé, J.L.; Recuero, L.; Palacios-
Orueta, A.; Oyonarte, C. Improving Aboveground Forest Biomass Maps: From High-
Resolution to National Scale. Remote Sens. 2019, 11, 795
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ABSTRACT

Forest aboveground biomass (AGB) estimation over large extents and high temporal
resolution is crucial in managing Mediterranean forest ecosystems, which have been
predicted to be very sensitive to climate change effects. Although many modeling
procedures have been tested to assess forest AGB, most of them cover small areas and
atftain high accuracy in evaluations that are difficult to update and extrapolate without
large uncertainties. In this study, focusing on the Region of Murcia in Spain (11,313 km2), we
intfegrated forest AGB estimations, obtained from high-precision airborne laser scanning
(ALS) data calibrated with plot-level ground-based measures and bio-geophysical spectral
variables (eight different indices derived from MODIS computed at different temporal
resolutions), as well as topographic factors as predictors. We used a quantile regression
forest (QRF) to spatially predict biomass and the associated uncertainty. The fitted model
produced a satisfactory performance (R2 0.71 and RMSE 9.99 t-ha-1) with the normalized
difference vegetation index (NDVI) as the main vegetation index, in combination with
topographic variables as environmental drivers. An independent validation carried out over
the final predicted biomass map showed a satisfactory statistically-robust model (R2 0.70
and RMSE 10.25 t-ha-1), confirming its applicability at coarser resolutions.

Keywords: Mediterranean forest; climate change; ALS; MODIS; quantile regression forest;
uncertainty.
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3.1. INTRODUCTION

The Mediterranean basin represents a hotspot of biological diversity, being a
socioecological system very sensitive to climate change effects (Barredo et al., 2018). A
keystone concern is how to develop adaptive planning for the assessment, monitoring, and
management of organic carbon in ecosystems, which is essential to achieve climate
change commitments at a national level. Particularly in terrestrial ecosystems, forests play a
basic role as carbon sinks containing about 80% of global terrestrial aboveground biomass
(AGB). However, such information is difficult to produce, and the uncertainties about
magnitfude and location are often large (Ometto ef al., 2014; Saatchi et al., 2007). Much of
this uncertainty is due to the lack of detailed information about the spatial distribution of
carbon stored in biomass. Thus, forest biomass is an important measure for environmental
management to provide more insights info the amount and spatial distribution of carbon
storage for supporting future climate change mitigation actions (Canadell and Raupach,
2008).

The use of light detection and ranging (LIDAR) technology aimed at studying forested
ecosystems started in the 1970s, especially airborne laser scanning (ALS) systems. Airborne
laser-based acquisitions have been extensively used in forestry inventories following area-
based approaches, such as in AGB mapping (Gonzdlez-Jaramillo et al., 2018; Ncoesset and
Gobakken, 2008). This is due to ALS’s high sensitivity to structural features (Bottalico et al.,
2017; White et al., 2016) and high precision ability fo measure stand parameters in three
dimensions previously calibrated with plot-level ground-based measures (Kauranne et al.,
2017; Molina et al., 2015). Moreover, several previous studies have proven the use of existing
data sefts, particularly national forest inventory plots, to be a feasible option to provide
training data for stand-level ALS inventories (e.g., Maltamo et al., 2009; Nelson et al., 2012).
ALS data combined with machine learning modeling techniques are able to find substantial
accuracy in forest biomass estimates at local scale (Fassnacht et al., 2018; Hudak et al.,
2012). Applications linking local and national—even global—scales allow the design of
dynamic assessment and management planning, therefore increasing the accuracy and
predictive capacity of global models predicting forest AGB. Despite ftechnological
advancement, the high cost of acquisition of ALS data results in much higher revisit time
compared to satellite data, which reduces their continuous temporal and spatial
availability, therefore making their use at national scale inoperative. Thus, ongoing efforts
are needed to solve the challenges involved in integrating environmental assessment and
management at concordant scales in order to address climate change at a national level
(Cash and Moser, 2000).

In the last few years, different studies have integrated optical satellite data into different
spatial and temporal resolutions for land surface monitoring in a highly operative way (Lu,
2006). Satellite remote sensing fechnology is considered as the most effective approach to
estimate biomass, since it provides adequate methods to produce a high-temporal
characterization of vegetation attributes over spatially confinuous large areas (Xiao and
Moody, 2004). The information provided by the moderate resolution imaging
spectroradiometer (MODIS) has been extensively applied fo monitor forests at regional and
large scales since 2010, therefore enabling the derivation of biophysical parameters which
are highly valuable for forest management such as forest biomass (Blackard et al., 2008; Chi
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et al., 2015). MODIS offers a short revisit fime, and the information acquired in several spectral
bands can be summarized in different vegetation indices (VIs) that can be used as proxies
of photosynthetic activity of vegetation (Jin et al., 2014). The theoretical basis for empirical-
based Vls is derived from typical spectral reflectance signatures of confrast between blue-
red and near-infrared wavelengths' response. This contrast can be quantified through the
use of ratios, differences, weighted differences or linear band combinations (Didan, 2015).
Hence, a MODIS-based hypertemporal series of Vis allow to extract valuable information
about vegetation phenology (Reed et al., 2009) and to estimate vegetation biomass (Li et
al., 2015). On the one hand, the normalized difference vegetation index (NDVI) (Tucker,
1979) has been widely used in many forestry applications. The NDVI is the ratio of contrasting
reflectance between maximum absorption of red wavelength due to chlorophyll pigments
and maximum reflectance of infrared wavelength owing to leaf cellular structure (Paruelo
et al., 1997; Piao et al., 2007). These characteristics have been highly correlated with green
biomass, green leaf area index (LAl), and percent green vegetation cover (Saatchi et al.,
2007; Yan et al., 2015). Since forest biomass is conditioned by tfemporal dynamics, the annual
profile of the NDVI time series can be considered as an indicator of seasonal dynamics of
forest biomass. Furthermore, NDVI annual mean (as net primary production estimator) and
its variation coefficient (as indicator of vegetation seasonality) are commonly used in forest
biomass assessment (Alcaraz-Segura et al., 2009). On the other hand, NDVI shows saturation
in dense and multilayered forest canopy (Thenkabail et al., 2000). Therefore, substantial
efforts have been made to improve and develop new vegetation indices, such as the
enhanced vegetation index (EVI), which is considered a modified NDVI. EVI improves
sensitivity across regions with high biomass and shows a high vegetation monitoring
capability through a decoupling of the canopy background signal with a reduction in
atmospheric influences (Hui Qing Liu and Huete, 1995). The soil adjusted vegetation index
(SAVI) (Huete, 1988) was generated to minimize the soil reflectance effect. Additionally,
Mutanga and Skidmore (2004) noted that NDVI is limited by its nonlinear response, making
it insensitive to differences at very low and high densities. Hence, other vegetation indices
are considered more linearly related to biophysical parameters of vegetation, such as the
renormalized difference vegetation index (RDVI) (Roujean and Breon, 1995), which was
developed to take combined advantage of the difference vegetation index (DVI = NIR -
Red) (Jordan, 1969) and the NDVI; and the modified simple ratio (Chen, 1996), proposed
over the RDVI because it shows more sensitivity to various biophysical parameters.

In combination with dynamic and easily updated remotely-sensed Vls, terrain variables
have also been used in many studies predicting AGB as supplemental information aimed at
increasing predictive power and statistical discrimination (Matasci et al., 2018). Since
topography controls the main landscape processes related to structural characteristics of
vegetation, such as water distribution and potential solar radiation (Moore et al., 1991), the
digital elevation model (DEM) and the derivation of DEM-based predictor variables partially
explain spatial patterns in AGB (Mendoza-Ponce et al., 2018).

On the basis of the above, the use of high-resolution ALS data is a widely proven tool to
collect and subsequently characterize structural forest stand afttributes, with some limitations
due to cost, revisit fime, logistics, and data volumes involved in monitoring and mapping
large areas (Wulder et al., 2012). Optical remote sensing data provide abundant and highly
frequent observations to monitor extensive forest areas. However, coarse-resolution satellite
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data are often limited by the ground-based validation and nature of the measures, which
can be largely insensitive to vertically distributed attributes (Navarro et al., 2019). The main
hypothesis of this study is that there is a robust correlation between ALS-based forest AGB
and Vs derived from MODIS data. Therefore, forest AGB spatial distribution can be
estimated in those places were ALS information is not available. This study aimed to develop
a methodological approach to improve nationwide assessment and mapping of AGB
through combining high-resolution ALS data with hypertemporal and moderate-resolution
satellite images in Mediterranean forests. A two-stage upscaling approach was applied
where ALS-based forest AGB assessments, caliorated with plot-level ground-based
measures, were used to frain a machine learning method (quantile regression forest).
Predictor variables consisted of MODIS—derived indices and topographic factors. As an
approach of the estimation accuracy in the upscaling processes, the estimated variance
of the AGB estimator was assessed according to Saarela et al. (2016). This methodology was
mainly developed with open source software and always considering free available data.

3.2.  MATERIALS AND METHODS

3.2.1. Study Area

Our study case was a Mediterranean region in Southeastern lberian Peninsula (Region of
Murcia), which is a particularly vulnerable area to global climate change threats due to its
environmental characteristics (Barredo et al., 2018). The area is dominated by a dry,
semiarid climate characterized by warm mean annual temperatures (ca. 18 °C), scarce
annual rainfall (ca. 300-350 mm), and high mean annual evapotranspiration (ca. 200 mm)
(Papadakis, 1966). Climate variation is related to a diverse orography, which combines
mountainous areas (up fo 2000 m asl), high plateaus (500-1000 m), and badlands. The
lithology is mainly represented by Calcisols, Leptosols, Regosols, and Fluvisols.

The combination of these environmental conditions shapes the land uses. Most of the Region
of Murcia (11,313 km2) is highly influenced by human activity and, therefore, it is occupied
by cultivated land. Fragmented forest areas represent approximately 45% of the study area.
The wooded area is mostly composed of pine forest, Pinus halepensis Mill being the main
species (ca. 90%) along with Pinus nigra Arn salzmanii and Pinus pinaster Ait, and holm oak
(Quercus ilex L) to alesser extent. That is to say, all the main species in this forest community
are perennial. The shrubland area covers about of 60% of the forested area in the Region of
Murcia.

3.2.2. From Field Plots to ALS Benchmark Map

3.2.2.1. Field Data

ALS plot-level biomass models were calibrated from the field plot database of the Fourth
Spanish National Forest Inventory (SNFI) measured in 2010 in the Region of Murcia
(MAGRAMA, 2012). The SNFI is an extensive systematic survey carried out every 10 years on
Spanish-forested areas on a basis of a regular network of 25 m radius plots at a density of 1
plot per km. From the complete database of the SNFI in Murcia (i.e., 1284 SNFI plots), a
training dataset (i.e., 242 SNFI plots) was selected according to a stratified random sampling
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done within six predefined strata that covered the entire range of growing stock volume
measures.

The main difficulty when using plots from the SNFI in combination with ALS data is the lack of
precision in the plot center coordinates. Global navigation satellite system (GNSS) devices
used in SNFI data collection, as other studies showed (Mauro et al., 2011; Murgas et al., 2018),
have a nominal accuracy of 5-15 m. Following the methodology and the information
sources proposed by Ferndndez-Landa et al. (2018), the selected plots were relocated
manually to improve the accuracy of the plot center coordinates. In this case, plots were
shifted an average of 12.5 min the relocation procedure.

The biomass model was based on four different information sources: (i) 2 m resolution ALS
canopy models, (ii) sketches of plot location made by the field teams, (iii) high resolution
orthoimagery from the Spanish National Plan for Aerial Orthophotography (PNOA in
Spanish), and (iv) total height, species, and location of each measured tree in the field. The
plot center relocatfion was infended to minimize possible errors derived from this lack of
precision in the positioning of the plots. The SNFI ploft size varies depending on free diameter
at breast height (dbh), that is to say, circular plots with four concentric subplots of a 5, 10,
15, and 25 m radius where trees with a dbh larger than 75, 125, 225, and 425 mm were
respectively measured. In the SNFI, percent cover and mean height (in dm) were only
estimated for each shrub species in the first plot radius (5 m).

In ALS-based forest inventories, the individual cell size of a grid that covers the entire study
area has to be equal to the field plot size (Magnussen and Boudewyn, 1998). In this study,
the selected SNFI plots were converted to plots with a maximum radius of 14.1 m (625 m2),
in which we calculated forest AGB and extracted the ALS-derived metrics. Thus, only trees
whose distance to the center of the SNFI plot was less than 14.1 m were taken into account
to fit a maximum plot area equivalent to a 25 m x 25 m pixel. Therefore, the plots remained
with only three concentric subplots of 5, 10, and 14.1 m. We calculated AGB for each
selected SNFI plot as the sum of forest AGB related to each shrub species and single tree
measured in these three subplotfs. AGB was scaled up to the hectare level according to the
area of each subplot. Tree AGB was calculated through species-specific general models,
reporting a goodness-of-fit (adj-R2) that was always higher than 0.95, as a function of dbh
and total height (Montero et al., 2005). To estimate shrub biomass, we applied a general
model for Mediterranean shrublands (adj-R2: 0.63) that considers the shrub cover and its
mean height as variables (Montero et al., 2013). Grassland was excluded from the
estimation due to ALS data inaccuracy to predict attributes related to this cover type.

Since SNFI data were collected over forested areas exclusively (i.e., forests and shrublands),
we applied a forest mask to the study area based on the national forest map. The Spanish
forest map (SFM) provides a detailed and updated version for the Region of Murcia at
1:25000 (Murgas et al., 2018). The SFM is the base cartography for the SNFI and describes the
current distribution and seral stage of forest cover, based on structural and ecological
descriptive items.
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3.2.2.2. ALS Data Acquisition and Processing

ALS data were provided by PNOA. Data from two flight campaigns were used. A recent
study demonstrated temporal tfransferability of pine forest attributes modeling by means of
using low-density ALS data, even if data captured with different ALS instruments were
considered (Domingo et al., 2019). In our case, data captured in the campaign of 2009 (one
year before SNFI plot survey) were used to fit the aboveground biomass ALS model. ALS data
captured in 2016-2017 were employed to implement the model and to obtain an updated
prediction of forest biomass. Data from 2009 were captured from October to December
2009 using a Leica ALS50 system (Leica Geosystems AG, Heerbrugg, Switzerland) with a
mean density of 0.5 pulse m—2 and vertical RMSE £0.20. Data from 2016-2017 were captured
from August 2016 to March 2017 using a Leica ALS60 system with a mean density of 0.7 pulse
m-2 and vertical RMSE < 0.08. In both cases, ALS point cloud data were acquired in 2 x 2 km
tiles covering the whole region, which were processed using the FUSION software
(Mcgaughey and Carson, 2003).

Firstly, a 2 m resolution DEM was generated to subtract the orthometric elevation of the DEM
from the z-coordinate of each ALS return aimed at normalizing the ALS point cloud. This
procedure was applied separately to the ALS point cloud from each flight. Then, a
normalized ALS point cloud of 2009 was used to compute a total of 15 metrics (Table 3.1) for
each field plot using a threshold height of 2 m to separate trees from understory vegetation
(Ncesset, 2002).

Amongst these considered metrics, tree canopy cover (TCC) refers to the ratfio between the
number of first returns above 2 m and the total number of first returns, whereas the canopy
relief ratio (CRR) describes the relative canopy shape from altimetric observation (Pike and
Wilson, 1971). CRR reflects the degree to which canopy surfaces are in the upper (>0.5) or
lower (<0.5) portions of the height range (Parker and Russ, 2004). Two other metrics of
normalized ALS point cloud for each field plot were computed through filtering from the
point cloud those points with a height lower than 2 m and using a height threshold of 0.5 m
to separate shrubs from bare soil or herbaceous vegetation. These metrics correspond to
mean height of the low stratum (Hmean_LS) and canopy cover of the low stratum (TCC_LS;
i.e., the ratio between the number of first returns above 0.5 m and the total number of first
returns).

Finally, the normalized ALS point cloud from 2016-2017 was used to compute the same set
of metrics for the forest area in the enfire region in 25 x 25 m pixels. We used this pixel
resolution to reduce the impact on forest biomass scaling-up estimation and because this
resolution is compatible with SNFI ploft size.
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Table 3.1 Summary statistics of the response variable and the airborne laser scanning (ALS) metrics
used for modeling in the setf of Fourth Spanish National Forest Inventory (SNFI) plots (n = 242; 14.1 m
from the plot cenfter).

Group Variable Min Max Mean SD
Response Abovegrou(?ﬁ;?f )e“ biomass 6.88 143.51 57.20 28.03
Hmean 2.75 13.34 6.38 1.98
Hsd 0.55 4.86 1.99 0.73
Hvar 0.30 23.61 4.49 3.55
Hcv 0.16 0.50 0.31 0.06
Hig 0.76 8.13 2.90 1.15
Hkur 1.43 4.77 2.51 0.56
HpO1 2.02 5.00 2.39 0.52
HpO5 2.04 6.97 3.07 1.00
Hp10 2.06 8.06 3.66 1.28
*ALS metrics Hp25 2.27 10.94 493 1.73
HpS50 2.48 14.00 6.44 2.17
Hp75 3.10 17.64 7.83 2.45
Hp%0 3.51 19.24 8.94 2.67
Hp?%5 3.77 19.59 9.50 2.78
Hp%9 4.24 20.15 10.25 2.94
CRR 0.29 0.73 0.48 0.09
TCC 1.88 93.86 44.55 19.87
Hmean_LS 0.55 1.77 1.07 0.21
TCC_LS 0.00 95.49 50.40 20.64

*ALS metrics: H = height of fotal returns above 2 m, sd = standard deviation, var = variance, cv = coefficient of
variation, iq = interquartile range, kur = kurtosis, p = percentiles of total returns above 2 m, CRR = canopy relief rafio,
TCC = free canopy cover, Hmean_LS (low stratum) = mean height of the low stratum (fotal retfurns above 0.5 m
and below 2 m), and TCC_LS = canopy cover of the low stratum.

3.2.2.3. ALS Benchmark Map: Model, Spatial Prediction, and Resampling

The nonparametric regression algorithm random forest (Breiman, 2001) was used fo model
the relationship between ALS-derived metrics with the ground-based measure of forest AGB
computed from the SNFI plots (14.1 m radius). Analyses were carried out using the packages
randomforest (Liaw and Wiener, 2002), VSURF (Genuer et al., 2019), and rfUftilities (Evans and
Murphy, 2018) implemented in the R statistical sofftware (R Team, 2013). The VSURF package
was applied to identify the combination of ALS metrics that best predicted forest AGB. This
package provides an automated method to select predictor variables based on their
importance scores while minimizing the redundancy among them. The out-of-bag error
statistic provided in RF reports the goodness of model fit but not necessarily the predictive
performance. For this reason, an independent data withholding of 10% was performed for
a more precise model validation. A booftstrapping validation technique was followed by
randomizing the independent data and executing the RF model a thousand times. Withheld
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data were predicted at each replicate. This cross-validation procedure was used by
applying the random forest regression model cross-validation tool implemented in the
rfUtilities package. Cross-validated estimates of root-mean-square error (RMSE) were
calculated between the observed and predicted values using the tfraining data. RMSE was
normalized by the observations mean (RMSE%). The median percentage of explained
variation (pseudo-R2) and RMSE% were reported for 1000 cross-validations.

The selected model was applied to the ALS meftrics computed over the 2016-2017 point
cloud covering forest area in 25 x 25 m pixel resolution. Therefore, a confinuous 25 m ALS
map of forest AGB in tons per hectare (t-ha-') was obtained. The resulting spatial cover was
resampled to 250 m moderate resolution (MODIS variables resolution, see next subsection)
using the bilinear method implemented in the resample package in R (Hijmans et al., 2018).
This ALS-based AGB map at 250 m pixel resolution was used as the forest AGB benchmark
of the study area, henceforth ALS benchmark map.

3.2.3. From ALS Benchmark Map to MODIS Map

3.2.3.1. Optical Remote Sensing and Topographic Variables

A stack based on 1060 environmental predictors was generated according to dynamic and
static variables. The dynamic variables refer to 8 VlIs calculated using the newly release
collection 6 of MODO0O9Q1 (Vermote, 2015) and MOD13Q1 (Didan, 2015) MODIS products.
These products respectively consist of 8-day and 16-day composites, both at 250 meters
spatial resolution and corresponding to the closest dates to the 2016-2017 ALS data
acquisition. Therefore, we obtained data for the years 2015, 2016, and 2017 from the Land
Processes Distributed Active Archive Center (LP DAAC) (Golon, 2016). Images were re-
projected to the UTM zone 30, datum WGS-84 using the “MODIS Reprojection Tool” (MRT),
and quality flags were decoded using the “Land Data Operational Products Evaluation™
tool (LDOPE). Both tools were provided by the LP DAAC.

Several vegetation spectral indices were proposed as potential AGB estimators. We used
red and near-infrared reflectance bands provided by the MOD0O9Q1 product to calculate
the NDVI, MSR, DVI, RDVI, SAVI, and MSAVI, whereas near-infrared and short infrared
reflectance values were used to calculate NDI7 (see equationsin Table 3.2). Time series were
filtered in order to avoid abnormal values caused by clouds and certain atmospheric
conditions. Low-quality pixel values were removed based on MODIS quality data bands and
replaced by the average of the previous and subsequent date values with good quality in
the fime series. A smooth filter was also applied to remove outliers that fall outside the mean
plus/minus two times the standard deviation within a five-date period window. The
anomalous values were also replaced by the average of the previous and subsequent date
values in the time series. In addition, time series from the MOD09Q1 product were smoothed
with a Savitzky-Golay filter using a window width of 11 observations.

Reflectance bands were compiled, and indices were computed using the Environment for
Visualizing Images (ENVI 4.5) software.
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Table 3.2 Equations of vegetation indices derived from moderate resolution imaging
spectroradiometer (MODIS) data.

Vegetation Index Equation (1) Ref (2
Normalized difference vegetation NDVI = PNIR ~ PRED (Tucker, 1979)
index (NDVI) PNIR T PRED
Enhanced Vegetation Index (EVI) EVI = G- PNIR - PRED (Hui Qing Liv and
Pnir + C1 * prep — C2 * pprue + L Huete, 1995)
Normalized Difference Index 7 (NDI7) NDI7 = PNIR ~ Pswirs (McNairn and
PNIR T Pswirs Protz, 1993)
. . . p _ (Chen, 1996)
Modified Simple Ratio (MSR) VSR ( NIR/PRED) 1
p
\ NIR/pRED +1
Difference vegetation index (DVI) DVI = pyir — PrED (Jordan, 1969)
Renormalized difference vegetation RDV] = _PNIR ~ PRED (Roujean and
index (RDVI) r— Breon, 1995)
Soil adjusted vegetation index (SAVI) sayp = (P = Prep) - (1 +1) (Huete, 1988)

Pnir + Prep + L

Modified soil adjusted vegetation MSAVI = 0,5 - (ZPNIR +2—JQ2pn + 12 — 8(pnir - PRED)) (Qietal, 1994)

index (MSAVI)

(MpR, oNIR and pSWIR3 respectively correspond to the reflectance in the red (620-670 nm), near-infrared (841-876
nm), and shortwave infrared (2105-2155 nm) wavelengths. In SAVI, the accommodation coefficient of the soil
background is L = 0.5, related to moderate canopy cover areas. In EVI, the canopy background adjustment for
correcting the nonlinearis L = 1; the coefficients of the aerosol resistance term—which use the blue band to correct
for aerosol influences in the red band—are C1 = 6 and C2 = 7.5, and the gain or scaling factor is G = 2.5. (2
References.

The properties of the Vs fime-series can be summarized as ecologically relevant measures
in a variety of indices (Pettorelli et al., 2005). Different variables derived from MODIS Vis time
series were estimated to characterize seasonal dynamics of forest biomass in different fime
frames. To obtain the annual mean profile of each Vls, the 8-day and 16-day composites
were layer-stacked to respectively create a 46- and a 23-band image for each year. We
calculated the annual profile as the mean corresponding values of the three years
considered (2015-2017).

In order to assess the maximum Vis values related to the growing season, for the 8-day
composite of the 2015-2017 time period, we generated aggregates for the computed Vis
(Table 3.2) fime series using the maximum-value composite (MVC) approach (Holben, 1986).
The assumption behind the MVC technique is that the maximum NDVI value of a set of
images will correspond to the ideal atmospheric and vegetation conditions. For the
remaining Vls, the value corresponding to the date of the maximum NDVI value was
selected.

As long-term ecosystem functioning descriptors, we calculated two variables from the 2001-
2016 NDVI fime series of the MOD13Q1 product: NDVI mean, as annual primary production
prediction factor, and its standard deviation (NDVI sd) as the coefficient of seasonal
variation, the latter being an indicator of vegetation seasonality (Cash and Moser, 2000)
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(Thenkabail et al., 2000). Both variables were calculated according to the method
described in (Alcaraz-Segura et al., 2009).

According fo (Moore et al., 1991) (Holben, 1986; Moore et al., 1991), a local digital elevation
model (DEM) was used to derive the statfic variables describing the fopography to inform
models with locally relevant information on landscape position. These static variables were
17 topographic parameters (Table 3.3) derived from a 25 m DEM, which is available at the
Centre of Spanish National Geographic Institute (IGN). The current DEM version was
generated by the IGN from ALS data interpolation. We used the SAGA GIS software to
derivate the parameters, which were included in the terrain analyst functions (Wilson et al.,
2012). Previously to the terrain parameters computation, the 25 m DEM was aggregated to
250 m through the same method used for the ALS benchmark map.

All the dynamic and static variables were stacked to build the covariate space which
matches the same projection, extent, and pixel size. All the statistical and geo-information
analyses in this section were performed using the R software.

Table 3.3. Initial covariates used in the aboveground biomass predictive model from the airborne laser
scanning (ALS) benchmark map to the MODIS map.

Covariate Description (Time Period) Product
NDVI 8-day composite time series (2015-2017)
MSR 8-day composite mean annual profile (2015-2017)
DVI
MODO0?Q1
RDVI
SAVI Maximum-value composite (2015-2017)
MSAVI
Dynamic(M
NDVI 16-day composite fime series (2015-2017)
EVI MOD13Q1
NDI7 16-day composite mean annual profile (2015-2017)
NDVI mean Mean value (2001-20146)
MODI13Q1
NDVI sd Standard deviation (2001-2016)

Digital elevation model (DEM), analytical hill shading,
slope, aspect, cross-section curvature, longitudinal
curvature, convergence index, closed depressions, Terrain Analyst

Static Topoaraphic catchment area, topographic wetness index, Ls functionin
pograp factor, channel network base level, vertical distance SAGA GIS
to channel network, valley depth, relative slope software

position, multiresolution valley bottom flatness index,
multiresolution ridge top flatness index.

(M Normalized difference vegetation index (NDVI), enhanced vegetation index (EVI), normalized difference index
7 (NDI7), modified simple ratio (MSR), difference vegetation index (DVI), renormalized difference vegetation index
(RDVI), soil adjusted vegetation index (SAVI), modified soil adjusted vegetation index (MSAVI).
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3.2.3.2. NDVI Annual Profile per Vegetation Type

Before correlating the ALS-based forest AGB assessment and MODIS-derived indices, we
carried out a comparison among vegetation type profiles aimed at characterizing the
influence of seasonal dynamics of the understory captured by satellite images on multilayer
covers. This was performed mainly because grassland was excluded from ALS biomass
estimation (see Subsection 2.2.1). Due to the relationship of the NDVI annual profile with
green biomass (Alcaraz-Segura et al., 2009; Paruelo et al., 1997), we generated the annual
mean profile of an NDVI 8-day composite per vegetation type in the study area. Pixels of
forest areas were aggregated info the main homogeneous vegetation formations at
different percentages of canopy cover to describe their seasonal patterns. We classified the
main vegetation in three cover types based on the SFM information: dense tree cover,
mixed free and shrub/herbs cover, and dense shrub/herbs cover. Each cover type was
divided according to the vegetation species and canopy cover, which resulted in a set of
17 classes. To obtain the annual mean profile, the 8-day MODIS composite was layer-
stacked to create a 46-band image for each year. We calculated the annual profile as the
mean of the corresponding values of the three years considered (2015-2017).

3.2.3.3. MODIS Map: Spatial Predictive Model and Associated Uncertainty

The pixel values of the ALS benchmark map (250 m resolution) were considered as forest
AGB synthetic data representative of the surface covered by the corresponding MODIS
pixel. A systematic sample of pixels (39,647 pixels) was selected from the ALS benchmark
map, increasing the distribution and sample size of the target variable (forest AGB).
Covariate values were then extracted at each location from the covariate stack (Figure
3.1). The most explicative and low correlated predictors were selected through the VSURF
package implemented in the R software (Genuer et al., 2015) in combination with a low
variance inflation factor (VIF, car package in R). Prior to the calculation of the VIF criterion,
a GLM model was generated through the car package algorithm in R (Conrad et al., 2015).

A machine learning algorithm was applied to model the relationship between the target
variable (AGB obtained from the ALS benchmark map) and the covariates (selected MODIS
derived indices and topographic factors). Due to the performance problems of RF with high
dimensional data (Do et al., 2010; Fox, 2015) and the need to conduct pixel-based
uncertainty estimation, the extracted pixels of the ALS benchmark map were used to train
a quantile regression forest (QRF). QRF is a generalization of RF used to estimate an accurate
approximation of the full conditional distribution of the response variable. The QRF infers
condifional quantiles to build predicted intervals interpreted as a surrogate of uncertainty
associated with the response variable for each pixel value. The quantregForest package
(Xu et al., 2012) was applied in the R sofftware to perform predictive and uncertainty maps.
Out-of-bag predictions were used to evaluate the quality of the conditional quantile
approximations. We computed 2 maps at 250 m resolution: the predicted values of forest
AGB based on MODIS-derived index and fopographic factors, henceforth MODIS map, and
their associated uncertainty. An independent validation of the predicted MODIS map was
performed by testing a random sample of 3000 pixels from the ALS benchmark map. The
linear correlation between tested and observed data showed the information values of the
final MODIS map validation.
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In order to analyze the relationship between estimated values of the final MODIS map and
their associated uncertainty, a regression line was plotted to visually depict the forest AGB
data and their corresponding relative uncertainty at 250 m pixel resolution.

According to (Saarela et al., 2016), ignoring field-to-LIDAR uncertainty can lead to
underestimation of estimator variance in a hierarchical modeling process. To address the
analysis of the estimation accuracy in the up-scaling process, a generalized hierarchical
model-based (ghmb) estimation was therefore performed based on the previous
publication (ghmb, HMB package in R). To make the ghmb model computationally
affordable, the dimension of the covariate space has been reduced based on the
covariate’s importance measures depicted in the random forest analysis (randomForest
package in R). Moreover, to reduce the number of input data (n=39,647), a representative
zone of the study area was selected (Figure 3.1). The results of the ghmb model are the
estimated population mean of AGB and its variance as proxies of the estimation accuracy
in the upscaling processes. For the same area, the AGB mean based on ALS map and
MODIS map was also assessed to compare with the ghmb model results.

250 m pixlsution T
ALS benchmark map ;"

Train data set
Test data set

Figure 3.1 Methodological scheme of the target and predictor variables extraction for modeling the
final moderate-resolution aboveground biomass.
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3.3.  RESULTS
3.3.1. ALS-Based Forest AGB Assessment

The VSURF procedure for variable selection has identified as the best combination of ALS-
derived variables to predict forest AGB: mean height of total returns above 2 m (Hmean),
25th percentile of total returns above 2 m (Hp25), 50th percentile of total returns above 2 m
(Hp50), tfree canopy cover (TCC), and canopy cover of the low stratum (TCC_LS). The RF
predictive model was calibrated and subsequently used to predict forest AGB at the field
plots which were withheld from the model tfraining subset at each cross-validation booftstrap.
The RF model fitted with these variables showed a satisfactory performance in terms of
variance explained and RMSE% (explained percentage variance: 69.09; median cross-
validation RMSE%: 27.18).

The 25 m ALS map (Figure 3.2) showed remarkable spafial heterogeneity with a substantial
increase in high elevation areas mainly distributed along the northwestern to southeastern
axis of the study area. According to the 25 m ALS map prediction, the maximum values
corresponded to the most densely forested areas mainly located in the middle and the
northwest parts of the study area. By contrast, the minimum values were associated to
shrubland areas. In the 25 m ALS map, the mean AGB value attained in forested areas was
25.44 1t ha-1 and 21.7 t‘ha~! standard deviation (sd). In free cover areas (i.e., excluding pure
shrubland area), the mean value of AGB was 37.64 t-ha-! (15.64 t-ha! sd). Since the bilinear
interpolation method used to compute the resampling from 25 to 250 m pixel resolution
assigns the weighted average of nearest neighboring cells to the output cell value, the
biomass mean value decreased at this moderate spatial resolution. Therefore, forest AGB at
the 250 m pixel resolution showed a lower mean value and more homogeneous deviation
at this coarser spatial resolution: 20.56 t-ha=! (18.57 t-ha-' sd). This resampled ALS biomass
map was referred to as the forest ALS benchmark map.

1 1 1 1

Biomass (t ha) . N

°
o B 124.72 (R A
3 o
o+ L
~
N
’ 0.01 : 37
. Ll o
o ° o #
& s o
=g ° - ° 5
g 3 o
b, o R B
: oo 4 ‘, b 0:
o'

S ° - o - 4 Ly = s
S o0 s &
S ° Ame L= * Py W o
N ° ‘ ‘e o°
¢ o AN

° ;' P . .‘é ° b '..' s
§ E .‘l’ s -
< ° @

° o .
o °
=3
S
o+ L
o)
«
0 15 30 60
Km ETRS89 / UTM30N

T T T T T

550,000 580,000 610,000 640,000 670,000 700,000

Figure 3.2 25 m airborne laser scanning (ALS) map of aboveground biomass estimation (t ha™!) in
the Region of Murcia (Spain), which was calibrated with plot-level ground-based measures (14.1 m
radius plots were represented as black dots and were based on the SNFI). The inner rectangle
depicts the selected testing area to estimate the global estimator variance through ghmb.

38



3.3.2. From ALS Benchmark Map to MODIS Map
3.3.2.1. NDVI Annual Mean Profile per Vegetation Type

The signal of forest cover types was extracted from MODIS hypertemporal series of VIs which
allowed to analyze valuable information about the vegetation phenology. The differences
in seasonal patterns characterized various types of vegetation based on their NDVI annuall
profile. The comparison of the mean annual profile (8-day composite of the 2015-2017 time
series) among the main vegetation formations allowed a discernment of the influence of
vegetation different from tree and shrubland depending on the cover density level. The
different forest cover types showed a dominant signal signature comparable to the tree
canopy cover reflectance pattern (Figure 3.3a) even in combination with other shrub or
grass vegetation types (Figure 3.3b,c). Most of the mean seasonal NDVI profiles of the
vegetation types were characterized by a bimodal pattern with two maximum values in
Apri-May (0.43 max in pine cover) and December-January (0.47 max in pine cover). The
growing seasons started in March/April and September according to spring and autumn in
the European Mediterranean basin. The tree-shrubland mixed cover (Figure 3.3b) presented
the same profile pattern (i.e., shape) with slightly lower values than the free cover (Figure
3.3a). The mean annual NDVI profile of pure shrubland of different vegetation formations
revealed greater differences regarding the others forest cover types (Figure 3.3c). As stated
before, the pure grassland cover was excluded for biomass prediction.
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3.3.2.2. Model Fitting, Spatial Prediction, and Uncertainty Assessment

The previous VSURF selection of the initial set of 1060 covariates aimed to fit the predictive
model from ALS benchmark map values decreased the dimension of the covariate space
to 35 (Table 3.4), after taking into account a low VIF criterion in order to minimize the
statistical redundancy of the predictors. The dynamic predictive factors were associated to
dates in April, early May, late August, September, and early October. NDVI was the main
vegetation index at different time frames.

Table 3.4 Selected covariates in the fitted aboveground biomass predictive modeling of the airborne
laser scanning (ALS) benchmark map.

Description Selected Covariates(!)
14/04/201¢; NDVI
8-day composite time series 5&29/09/2016
(2015-2017)
15/10/2016 MSR
8-day composite mean .
annual profile (2015-2017) 9/05:21/08 NDVI
1¢-day composite mean 9/05; 13/08 EVI, NDW7
annual profile (2015-2017) ! ’
Mean value and standard -
deviation (2001-2016) 2 indices NDVImean, NDVIisd
Maximum value (2015-2017) 6 indices NDVI, MSR, DVI, RDVI, SAVI, MSAVI|

DEM, and 16 derived parameters included in

Topographic variables 17 parameters Terrain Analyst functions (SAGA GIS software)

(M Normalized difference vegetation index (NDVI), modified simple ratio (MSR), enhanced vegetation index (EVI),
normalized difference index 7 (NDI7), difference vegetation index (DVI), renormalized difference vegetation index
(RDVI), soil adjusted vegetation index (SAVI), modified soil adjusted vegetation index (MSAVI).

Then, two models were obtained through QFR which corresponded to conditional median
for forest AGB (MODIS map) and conditional standard deviation, the latter as a surrogate of
uncertainty. Based on the defermination coefficient (R2) and the root-mean-square error
(RMSE) as model information criteria, a substantial accuracy increase of the biomass
estimates was observed in QRF models compared to GLM techniques previously generated
to calculate the VIF. The latter showed an R2 = 0.52 and RMSE = 12.9 t ha~! versus R2 = 0.71
and RMSE = 9.97 t ha™! in the QRF model. The spatial interpolation of the two QRF models
resulted into a 250 m spatial resolution map with two bands related to forest AGB estimate
(MODIS map) and its associated uncertainty in each pixel (Figure 3.4).

3.3.2.3. Final Predicted MODIS Map and Validation

Figure 3.4 depicts the spatial variability of the forest AGB MODIS map in the study area and
its associated uncertainty. The biomass values ranged from 0.1 o 88.34 t ha~! and presented
a very similar spatial distribution to the 25 m ALS map (see Figure 3.2). The highest AGB values
also corresponded to tfree cover in the central and northwest part of the study area, and
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the minimum ones were associated o shrubland covers in the southeast. The uncertainty
values ranged from 0.1 to 44.25 t ha-!, 11.34 t ha!, and 4.44 t ha™!' as mean and sd values,
respectively. The relationship between the forest AGB of MODIS map predicted values and
their relative uncertainty associated the highest values of uncertainty with the lowest values
(dots within the red box in Figure 3.5) and vice versa.

The resulting MODIS map also showed a predicted mean value very similar to the 25 m ALS
map and slightly higher than the ALS benchmark map at 250 m: 24.91 tha-! (17.16 t ha-! sd).
Considering the associated uncertainty of MODIS-based predicted values, the results
revealed a mean value of 18.77 tha! (13.31 t ha ! sd). The external, independent validation
test attained a satisfactory fitting of the predictive model, since it presented a reasonable
R2 and similar RMSE (0.703 and 10.25 t ha-1, respectively).
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Figure 3.4 Maps of (a) MODIS-based predicted values of aboveground forest biomass (t ha-1) in the
Region of Murcia (Spain) and (b) associated uncertainty estimated through the quantile regression
forest (QRF) method. Data display was stretched by the cumulative pixel count cut method (default
range 2-98%).

According fo the AGB estimator for the global two-stage upscaling approach, the 35
selected covariates for AGB MODIS map modeling were reduced to 4 covariates based on
the variable importance measures of the QRF model. These covariates were NDVI sd, 16-
day NDVI composite of the 04/2016, 16-day EVI composite of the 08/2015 and DEM. The
selected area for this analysis (Figure 3.2) covers an extent of 2773 km2, and includes 72 field
plots and a sample of 6474 pixels from the ALS benchmark map.
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Figure 3.5 Confrast between the predicted values of the MODIS-based aboveground biomass
(AGB) and their associated relative uncertainty (uncertainty/AGB).

The ghmb model attained values of 41.63 t ha-! for the estimated AGB mean and 13.22 for
the estimated variance with a 95% confidence interval of 34.51-48.76. Likewise, the AGB
mean values were 34.72 t ha-1 and 31.01 t ha-! for ALS and MODIS maps, respectively.

3.4. DISCUSSION

3.4.1. Forest AGB Estimate from Local fo National Scale

The assessment of forest aboveground biomass at the natfional extent and, subsequently,
carbon stock is a future key challenge still unsolved in Spain with large implications related
to climate change. The novelty of this study is to apply a two-stage upscaling process for
AGB assessment over large extents using open data. Even though there is a fime frequency
inconsistence in ALS data in Spain, the provided methodology combines a sample of ALS
data to bridge the scale gap between a sparse sample of field plots and satellite images.

The methodological framework presented herein provides a robust approach to map
detailed, spatially continuous, and easy to update vegetation biomass from local to large
scale. We demonstrated that forest attributes such as biomass can be modeled with
relevant accuracy in large areas through optical remote sensing data as long as there is
free availability of ALS data and NFI plots, such as in the case of Spain. This methodology
has increasingly been employed (Fassnacht et al., 2018) to estimate AGB across
heterogeneous forested landscapes around the world (Meinshausen, 2017). Nevertheless,
some authors such as that of (Hughes et al., 2018) advised that LIDAR-based AGB assessment
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should be used with great care for further upscaling to satellite imagery, since they found
lower uncertainties in NFl-calibrated biomass maps. The studies that considered the
technique used in this study for feasible prediction of AGB refer to a reasonable density of
fraining data to calibrate LIDAR data, short time lag data acquisition between NFI plots and
LIDAR data, and arepresentative plot sample area related to LIDAR pixel resolution (Matasci
et al., 2018). Once we addressed these considerations, the discrepancy between ALS
biomass estimate and plot-level data was significantly reduced (Table 3.1) and, therefore,
the error propagation, too. We obtained a satisfactory performance of the fitted model in
terms of prediction of independent test data (explained percentage variance: 69.09;
median cross-validation RMSE%: 27.18). As a general comparison, we contrasted our results
with the review conducted by the authors of (Urbazaev et al., 2018) over other forestry
studies, which focused on estimating growing stock volume/biomass/carbon. All the
considered studies in the review used field data, mostly from local inventories of NFls, and
contrasting sources of remoftely sensed data. To facilitate the comparison of the results
accuracy assessment, the RMSE% (defined as RMSE normalized by the mean observed
values) was the measure most commonly used and attained a median RMSE% of 37%, with
a standard deviation of £ 31.6% across these types of attributes. The studies that used only
LIDAR-based feature variables (81 studies) revealed a median RMSE% of 31.3%, with a
median reference set size of 124 plots (our study accounted for 242 plots). These studies
confirmed that to obtain low RMSE%, large reference sets are necessary depending on the
complexity and diversity of the forest. Therefore, our results of the AGB estimated based on
the ALS model can be deemed as a promising result relative to these and national
benchmarks (Chirici et al., 2016).

Since the pixel values of the ALS benchmark map can be considered as forest AGB synthetic
data, we integrated ALS pixel plots in order to increase the distribution and sample size of
local data to model AGB at moderate resolution (250 m). As the authors of (Wulder et al.,
2012) claimed, this integration mitigates the cost of ground plot installation and offers
spatially extensive and representative sampling of calibration and validation data to
support the modeling of forest attributes, such as biomass canopy cover (in our study, more
than 30,000 ALS plots and 3000 test data, respectively). However, the costs, limited revisited
time and spatial continuity, logistics and data volumes involved in PNOA LIDAR data have
fostered the combination of field NFI plot data and synthetic ALS dataset with MODIS
imagery. As preliminary results, the extrapolation of AGB assessment from ALS to 250 m pixel
resolution based on VIs and topographic variables (MODIS map) offered reasonably robust,
accurate, and scalable results (R20.71 and RMSE 9.97 t ha-'), with a satisfactory model fitting
for the external, independent validation (similar R2 and RMSE of 0.703 and 10.25 t ha-T',
respectively). Our MODIS model relative RMSE (48.47%) was consistent with other studies
such as that of Domingo et al. (2018), which revealed an RMSE% of 69% for aboveground
tree biomass estimated by NFI ground plots and 250 m MODIS data. However, other studies,
which a large amount of Landsat data, provided lower RMSE% at regional scale (Beaudoin
et al., 2014).

The main limitation of measure in our model was due to a discrepancy between the ALS
estimation capacity and the surface reflectance signal captured by MODIS in grasslands.
ALS presents measurement constraints related to its operational mode with discrete returns.
It only returns a few (up to 4) points per laser shot and, therefore, represents a potential
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limitation for the measurement of short understory structure (Nguyen et al., 2018). In this
sense, canopy attribute measurement was correlated with the MODIS Vis reflectance signall,
which also captures variability in understory structure related to composition and
configuration of herbaceous species (Hancock et al., 2017). Our analysis of the NDVI annual
profile characterizing the main types of vegetation in the Region of Murcia (Figure 3.3)
showed slight differences in the shapes of seasonal patterns between stands of pure tree
and mixed with grass or shrubland cover Figure 3.3a-c), in which the pattern of the tree
canopy cover was mainly predominant. This may be partially due to an understory scattered
cover or an infermediate to dense pine canopy cover, where understory reflectance can
be neglected.

In addition, since SNFI plots mainly encompass forest tree areas, biomass in pure shrub areas
was estimated without plot-level validation. Therefore, and according to studies carried out
by the authors of (Li et al., 2017; Ozdemir, 2014), high biomass uncertainties may be found
in modeling herbs/shrub areas in the MODIS map generated in this study due to low ground
cover or low vegetation height. Even though shrubland biomass estimation was less
accurate, the model performance analysis revealed the convenience of including it, thus
showing higher final model accuracy. This can be supported by the “edge effect” of the
input data aggregation on upscaling (Glenn et al., 2016) created in fragmented forest
landscapes such as in the Region of Murcia, where tfree canopy cover presented narrower
and discontinuous spatial patches in comparison with the enlarged surface of shrubland.
This is particularly relevant in forest biomass modeling in Mediterranean areas where
fragmentation of forests is highly frequent due to strong human influence and management
(He et al.,, 2002). Moreover, in Mediterranean fire-prone landscapes, there is a current
knowledge gap related to shrubland fuel load at the landscape scale and, therefore, lots
of assumptions need to be taken in order to assess fire behavior at large scale (Doblas-
Miranda et al., 2015). In this sense, despite the acknowledged limitations, the shrubland AGB
estimation carried out in this study represents a novel tool with relevant implications
regarding fire regime modeling (and subsequently fire management, e.g., prescribed
burning).

3.4.2. Environmental Drivers of Forest AGB Spatial Variability

Apart from the influence of dynamic type variables derived by optical remote sensing on
AGB modeling, we also found a strong terrain variable influence. These factors derived from
the DEM improved our forest AGB spatial estimate, though biomass changes cannot be
detected from them, since fopography is a static feature. The combination of both types of
ecological drivers (static and dynamic) has overcome this limitation and allows us to monitor
and easily update the biomass forest environmental changes.

Regarding the dynamic type variables, the previous covariates selection before modeling
forest AGB at moderate spatial resolution showed that NDVI, combined with MSR and EVI,
exerted a strong influence as environmental drivers among the estimated MODIS Vis.
Because of the widely acknowledged close relafionship between vegetation
characteristics described by satellite data and biomass, remote sensing data are often used
to calculate biomass estimates, showing a high correlation mainly with NDVI and describing
similar insights as ours (Duane et al., 2016). Moreover, our results revealed the importance of
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other covariates regarding different time dynamics which span from short to large time-
scale, including seasonal mean dynamics.

The implementation of QRF to a large data set allows capturing complex hidden patterns
between covariates and the response variable which are difficult to detect, or even difficult
to interpret ecologically. In this sense, the results of our analysis showed quite consistent
ecological interpretations. In the Vis time series, we found that the strongest correlation
between forest AGB and Vls variables were associated with dates in April, September, and
October 2016. This short-time response was related to the data acquisition during the 2016
ALS flight (from August to November), hence highlighting the importance of a short time lag
in data acquisition between NFI plots and LIDAR data to minimize the outcome uncertainty
(Matasci et al., 2018). In annual mean Vs profiles, we detected strong correlations with May
and August dates coinciding with the end of the spring growing season and the start of the
autumn growing season, respectively. While some covariates of short-time and annual
mean scales were linked to different moments of the high photosynthetic activity in spring
(beginning in March-April and reaching a maximum in May), the remaining covariates were
related to the summer drought recovery, which is typical in the European Mediterranean
region. Finally, long-term ecosystem functioning factors were represented by the mean
annual and standard deviation of the NDVI time series as annual primary production and
vegetation seasonality indicators (Mura et al., 2018).

In spite of the satisfactory model accuracy reported in this research, the fitted AGB model
should be tested including other ground cover specific variables, such as forest canopy
cover, and accounting for more species-specific equations to calculate AGB for
Mediterranean shrubland. The latter may improve the assessment of forest AGB and its
associated uncertainty, relevant in the two-stage upscaling methods due to the error
propagation at all scales. In this sense, this can be checked when comparing the AGB mean
assessed in each stage with the ghmb model results. The AGB mean of the ALS map for the
specified testing area was within the 95% confidence interval of the ghmb model, whilst the
MODIS map AGB mean was slightly out of the lower limit. Therefore, as (Saarela et al., 2016)
claimed, ignoring the uncertainty in the AGB benchmark map may lead to under-estimation
of estimator variance in a hierarchical process. However, both methodologies—ghmb and
random forest—are not totally comparable since they are based on different modeling
approaches (linear regression vs. decision trees, respectively) and the number of covariates
also differs. Despite this, an independent, external ground-based validation of the final
MODIS map would be desirable, as it would allow the analysis of the accuracy and reduce
the high uncertainty estimates which limit the understanding of the spatial variability of AGB.

3.5.  CONCLUSIONS

The methodology proposed here has been shown to provide a cost-effective and easy to
update model aimed at generating spatially extensive maps at management scales
concordant with AGB complexity. This confirms our hypothesis regarding the correlation
between ALS-based forest AGB and MODIS-derived Vls. In this study, we specifically
leveraged the benefits of two complementary remote sensing fechnologies to map forest
AGB over large areas and infegrated ALS pixel plots as a means to increase the distribution
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and sample size of target data for modeling AGB as a function of VIs moderate resolution
composites (MODIS).

The information necessary to perform the methodology tested in this study is available for
the entire Spanish natfional territory and free to access. Even though there is a date
inconsistency in ALS data in Spain with several years of time lag between two different areas
owing to the time frequency of ALS flights each 6-7 years, enough networks of airborne ALS
fransect can be used to bridge the scale gap between field samples and satellite images.
Due to the high temporal availability and moderate spatial resolution, MODIS imagery was
shown to be feasible in forest AGB estimation for regional, even national, land use planning
and management. The two-stage upscaling method for AGB assessment tested in this study
can be applied over large areas, such as the whole country, to gain insights into national
forest aboveground biomass, and subsequently info carbon stock, which remains a key
challenge still unsolved in Spain.
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ABSTRACT

Quantification and monitoring of soil organic carbon (SOC) stocks across local-to-global
scales is needed to assess soil management practices, adapt policies, and evaluate
environmental impacts. Here we evaluated different digital soil mapping (DSM) techniques
to develop a local SOC map and test it against available estimates derived from regional-
to-global databases. The study was focused within the Region of Murcia, a fopographic and
climatic complex area in southern lberian Peninsula. Furthermore, we analyzed SOC
estimates derived from a local database to predict SOC concentration (SOCc) and SOC
stocks (SOCs) using different spatial interpolation methods (linear model, quantile regression
forest; random forest and support vector machine) at three spatial resolutions (100m, 250m,
1000m). A Quantile Regression Forest (QRF) approach parameterized with local data of
SOCc had the best data-model agreement at 100 m spatial resolution and the best balance
for accuracy, external validation, and interpretability of results. This predictive model
showed 12.18 g/kg with an overall uncertainty of 10.54 g/kg an accuracy percentage of
79% for SOCc, and a 27,572 GgC/ha and an uncertainty of 0.016 GgC/h for SOCs. Using
local environmental covariates and local legacy soil information to predict SOC within the
region resulted in a relative improvement between ~40% (for SOCc) and ~65% (for SOCs)
when compared with SOC products derived from national and global databases. The results
showed the large discrepancy between national and global estimates for reporting SOC at
a local scale. Consequently, local-to-regional efforts are needed to better describe SOC
spatial variability to reduce uncertainty.

Keywords: Digital soil mapping, SOC concentration, SOC stock, Quantile Regression Forest
(QRF)
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4.1.  INTRODUCTION

Global environmental change disrupts the biodiversity, structure, and function of terrestrial
ecosystems (Pecl et al., 2017). Sustainable land use management and, specifically, soil
carbon management is crucial for global change adaptation and climate regulation
(Jobbdgy et al., 2000; Wiesmeier et al., 2019). Quantification and monitoring of soil organic
carbon (SOC) stocks across scales is needed to inform soil management, adapt local
policies and assess potential impacts (Vargas-Rojas et al., 2019). However, there is a need
to bridge the gap between management and the suitable spatial scale (Cash and Moser,
2000).

A current research challenge is to predict accurately SOC stocks at high spatial-resolution
across the whole soil profile. However, due to high spatial variability of SOC, soil surveys are
still a challenging and expensive task with operational complexity, and difficult fo update
(Smith et al., 2020; Vargas et al., 2017). To upscale soil surveys, soil mapping has traditionally
included a framework considering soil forming processes assessed from soil-landscape and
vegetation associations. Arguably, new technological modeling and computational
advances, such as digital soil mapping (DSM), challenge this traditional approach, enabling
large-scale implementation while providing local information on soil properties (Brus et al.,
2011; McBratney et al., 2003; Savin et al., 2019; Searle et al., 2021). New developments in
DSM combine data-driven models relying on direct measurements (i.e., plot scale) provide
local (Filippi et al., 2021), national (Vitharana et al., 2019), continental (Guevara et al., 2018)
or global (Hengl et al., 2017) estimates of different soil properties. Moreover, the integration
of single and/or multitemporal remotely sensed satellite indices improved the prediction of
soil carbon spatial distribution even when there exist limited soil samples (Fathololoumi et al.,
2020; Liang et al., 2020; Schillaci et al., 2017a).

Even though there has been considerable progress in the accuracy of DSM based products,
there are aspects in constant development and improvement. In particular, as described in
more detail below, database information, carbon parameter estimation, spatial predictive
models, and spatial scale (Arrouays et al., 2017; Poeplau et al., 2017).

Due to the aforementioned limitations of soil data surveys, an external validation of SOC
maps is often missing, with data being used almost entirely in parameterization (Lamichhane
et al.,, 2019). Despite regional-to-global efforts, such as Profile Analytical Database for
Europe (SPADE), Harmonized World Soil Database (HWSD), World Soil Information Service
(WoSIS) or the International Soil Carbon Network, differences in data density or in structured
information, e.g. "map units” or “point” information, contribute to biases (Kibblewhite et al.,
2008; Smith et al., 2020; Trnka et al., 2011; Willaarts et al., 2016). Furthermore, an unsolved
issue across these databases is the lack of concomitant soil properties. This is critical because
estimation of SOC stocks (SOCs) is dependent on information of SOC concentration (SOCc),
bulk density (BD), and coarse fragment content (CRF) of the target soil depth. While SOCc
is usually measured with precision in elemental analyzers, BD and CRF are often missing,
which results in added uncertainty in the predictions (Durante et al., 2020; Poeplau et al.,
2017).
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Soil predictive methods are constantly improving fo address the challenge of limited in situ
data. For example, soil spatial inference is common to generate continuous maps from point
data and to estimate SOCs (Wang et al., 2018b). For instance, in the SCORPAN spatial
inference approach SOC can be predicted as a function of the soil forming environmental
factors, such as climate, topography, vegetation, or land use (McBratney et al., 2003). To
correlate SOC with this forming factors numerous strategies in statistical prediction models
have been developed (Kravchenko and Bullock, 1999; Omran, 2012; Robinson and
Meftternicht, 2006). Linear regression approaches are popular because of its computational
simplicity and interpretability (Thompson et al., 2006), but the relationships between soil
properties and environmental variables are usually complex and nonlinear (Manning et al.,
2015; Moni et al., 2010; Wiesmeier et al., 2019) . Recent studies have proposed alternative
techniques adapted from data mining, machine learning, or multi-model ensemble
methods to account for these non-linear relationships and improve DSM predictive capacity
(Shangguan et al., 2017; Wang et al., 2018b).

To generate robust models, the spatial resolution of SOC variable must be consistent with
spatial scales of both input covariates and land management (Hartemink, 2006). Arguably,
to ensure this consistency for national and local management strategies, scales from 1:
50,000 to 1: 500,000 are recommended (Montanarella, 2015; Pasztor et al., 2019) The
corresponding pixel size from these scales ranges from 25 m to 250 m, respectively (Tobler,
1988). The resolution of national SOC maps provided by global soil projects derived from
HWSD is about 1 km, such as the Global SOC Map (GSOC) of the Global Soil Partnership
(Yigini et al., 2018). A more detailed global initiative derived by the WoSIS-standardized data
(i.e.. Soil-Grids250m) has been generated (Hengl et al., 2017). Finally, a third global project
is the GlobalSoilMap, a consortium conducted by the International Union of Soil Sciences
(IUSS) (Arrouays et al., 2014) with the goal to create global digital maps for key soil properties
prediction at finer spatial resolution (about 100 m). The diversity of available SOC maps
requires comparative approaches and locally-derived benchmark information for
applicability and interpretation of global maps.

Our overarching goal is to evaluate different methodological criteria relying on DSM
techniques and remote sensing data for local SOC mapping to improve currently available
estimates derived from regional-to-global databases. We focus on a local Mediterranean
area (11,313 km?2) with complex climatology and topography in the southeastern Iberian
Peninsula. At least six different SOC maps products derived from global to local approaches
are available in this area. Due to the spatial heterogeneity of SOC in the study area (Conant
et al., 2011; Minasny et al., 2017; Xiong et al., 2016), we hypothesized that data-driven
models fed by a local set of observations and with appropriate environmental data could
better capture SOC spatial variation than extrapolated global estimates.

Our specific objectives were to (1) compare SOC from six available products for the study
area and validate them with an independent dataset; and (2) produce a local SOC map
testing different data, statistical models and spatial scales (100 m, 250 m and 1 km).
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4.2.  MATERIALS AND METHODS

4.2.1. Study Area

The study area is focused on a Mediterranean semiarid area of the southeastern Iberian
Peninsula (i.e., Region of Murcia). This region is about 11,313 km2 and presents a complex
topography including mountains (reaching 2,000 m altitude), high plateaus (500-1000m),
and advanced degradation zones or badlands (> 14% of the territory). This topographic
diversity results in contrasting climatic zones. For example, the southeastern area is
influenced by hot dry winds of Sahara Desert, which causes a NW to SE line of aridity. Overall,
the study area has a mean annual temperature of 18° C, annual rainfall of 300-350 mm/year
distributed in torrential events, and mean annual evapotranspiration of about 900 mm.

Most of the Region of Murcia (70%) is influenced by human activity occupied by cultivated
areas; approximately 20% is covered by shrubland and 10% by pine forest. The lithology is
represented by underdeveloped soils with scarce and hardly differentiable horizons.
According to the World Referenced Based (WRB, 2014), the dominant soils are: Calcisols
(43%), Leptosols (23%); Regosols (17%) and Fluvisols (?%) followed by Gipsisols, Solonchaks
and Kastanozems (Alias and Ortiz, 1986).

4.2.2. Available SOC Products Across the Study Area

We considered six available SOC products derived from DSM frameworks as benchmarks,
four of which correspond to Global and European, one national map, and the last is a local
SOC content map (Table 4.1). These products provide two different organic carbon
variables: soil organic carbon concentration (SOCc) and soil organic carbon stock (SOCs).
The description of the products is reported as follows.

— At Global and European level:

e GOSC: Global Soil Organic Carbon (Hiederer and Kéchy, 2012). The organic carbon
density for the topsoil (0 - 30cm) and the subsoil layer (30 - 100cm) were obtained
from the amended HWSD with estimates derived from other global data sets for
these depth layers. SOC distribution was calculated through generalized linear
models, where a raster format is used for the spatial extent of the soil mapping units.

o SG: S0ilGrids250m system of WoSIS (Hengl et al., 2017). The digital soil mapping
techniques were based on a global compilation of soil profile data (WoSIS) and
environmental layers. To regionalize the SOC, global data in the SG product used
machine learning techniques (random forest-kriging) implemented in the GSTAT
package in R.

e OCTOP: Organic Carbon Content in Topsoils in Europe (Jones et al., 2004). The
OCTOP estimates were calculated from European Soil Database by combining
refined pedo-tfransfer rules and spaftially continuous data layers to generate a digital
soil mapping by regression kriging approach. As a first attempt to calculate SOC
contents at the European level, the authors stressed the lack of comprehensive geo-
referenced, harmonized SOC data to test the reliability of their map, in sampling and
analysis methodologies.
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e ocCont-LUCAS: this Top Soil Organic Carbon map in EU-25 is based on Land
Use/Cover Area frame statistical Survey 2009 (LUCAS) (de Brogniez et al., 2015). The
map was produced by fitting a generalized additive model between organic
carbon measurements from the LUCAS survey (dependent variable) and selected
environmental covariates. Urban areas, large water bodies, and areas above 1000
m altitude were masked out. Due to improved dataset, it offers the opportunity to
replace the OCTOP dataset (Sanchez et al., 2009).

— At national and local level:

e SCSS: Soil Organic Carbon Stock in Spain (Rodriguez Martin et al., 2016). It assessed
SOCs analyzing topsoil samples from 4401 locations. SOCc, soil bulk density and
stoniness were measured to estimate SOCs, using geostatistical technique (ordinary
kriging) for spatial interpolation.

¢ OCMRM: Soil Organic Carbon Map in Region of Murcia (Blanco, 2015). The SOCc
(g/kg) was modeled in the Region of Murcia using machine learning fechniques
(random forest and support vector machine) and boofstrapping methods for
validation. More than 1000 topsoil samples were used for the analysis fromm LUCDEME
(Fight against desertification in the Mediterranean, by its initials in Spanish) database.

Table 4.1 Description of available SOC products for the study area.

Publication Spatial

Name Product Publisher Soil Database - Data Units
date resolution
GLOBAL PRODUCTS
Global soil organic 2 horizons:
GSOC 9 JRC 2012 HWSDB 1 km 0-30cm tC/ha
carbon
30-100m
7 horizons:
SoilGrids250m: 0-200 cm 979
SG 7 horizons and ISRIC 2017 WoSIS 250 m .
Individuals soil layers Top soll: 4 /hq
0-30 cm
EUROPEAN PRODUCTS
ocrop Organic Carbon JRC 2004 ESDB Tkm  JoPsol g
Content in Topsoils 0-30cm
ocCont  Topsoil Soil Organic LUCAS (Land Top sail:
(LUCAS) Carbon Content RC 2014 Use/Cover) 500m 0-20cm 9/kg
NATIONAL PRODUCTS (Spain)
Soil Organic Carbon Spanish .
. . . Top soil %
SCSS and soil organic INIA 2015 topsoil 100m (030 cm) tC/ha
carbon stock in Spain database -
LOCAL PRODUCTS (Murcia)
Soil Organic Carbon University top soil:
OCMRM Map in Region of of Murcia 2014 LUCDEME 25m 0-30 cm o/kg

Murcia
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4.2.2.1. Comparison of Available SOC Products

To generate comparable information among DSM products, we extracted SOCc and/or
SOCs at 30 cm depth; except for ocCont product with data only in the uppermost 20 cm.
For SOCc estimates in SG, we weighted the average of the predictions within the depth
interval (i.e., 0-30 cm) using the trapezoidal rule for numerical integration (Hengl et al., 2017).
For OCTOP, the SOCs values were supplied from a table format per country.

As a preliminary approach, we performed a qualitative description and a quantitative
comparison of the SOC estimates of the six available products at 30 cm and two different
spatial domains: national (Spain) and local (Murcia). We computed descriptive statistical
parameters of SOCs and SOCc for comparisons: sum (in GgC) for SOCs and mean (in g/kg)
for SOCc, and standard deviation for both. Moreover, to analyze the statistical significance
of the mean values of the SOC products, we performed the Tukey plot interval using the
‘graphics’ package in R.

We validated the products estimates with an independent local database of 255 soil profiles
(see section 4.2.3) using general statistical comparisons (using the ‘graphics’ and ‘stats’
packages in R) and the determination criteria (R2) and root mean squared error (RMSE) as
information criteria.

4.2.3. Local Spatial Prediction of SOC and its Uncertainty

4.2.3.1. Local Soil Database and SOC Calculation

The independent local database was derived from the LUCDEME Project generated
between years 1986-2004 by the “Ministerio de Medio Ambiente de Espana® and the
support of “Direccidon General de Medio Ambiente de la Regidn de Murcia” (Alias and Ortiz,
1986). This legacy database consists of a sampling of 255 soil profiles representative of soil
taxonomic units over a range of 0-1700 m altitude. For each profile, there are morphological
and analytical data for each horizon (903 horizons). In addition, 1100 topsoils (20-30 cm soil
depth) were sampled on a regular 3 x 3 km grid, except the southeast quadrant, distributed
in an altitudinal range of 0-1950 m (Figure 4.1).
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Figure 4.1. Spatial distribution of database samples derived from LUCDEME Project in the Region
of Murcia (Spain). Dots depicted 255 soil profiles and cross symbol 1100 topsoils (20-30 cm depth
ApPProx.).

We harmonized and screened the soil legacy database following published guidelines
(Dobos et al., 2010). To validate the aforementioned benchmark products, we generated
synthetic horizons of 0-30 cm depth from soil profile of local legacy database for SOCc and
SOCs data. To generate the synthetic horizons, the aggregation of horizons depth was
carried out using the equal-area spline technique through mass preserving spline
(‘mpspline’) function. This technique is based on fitting continuous depth functions for
modeling the variability of carbon soil (Bishop et al., 1999). The estimation of SOCs in each
soil profile were calculated from equation (1):

CRFVOL
100

S0Cs (Kg - m?) = SOC (g/Kg) - BD(Kg - m?) - [1 - ( )] - HSIZE (cm) (1)
were BD is bulk density, CRFVOL is percentage of coarse fragments (above 2 mm in
diameter), and HSIZE is thickness of the horizons. Due to data gaps, BD was estimated by
means of a pedofransfer function adapted from a regional study (Barahona and Santos,
1981). We used the R package GSTAT for the stock estimates and mpspline, where the
propagated error (attached as an attribute) was estimated by the Taylor Series Method
(Hengl and Mendes de Jesus, 2016; Heuvelink, 1998; Malone et al., 2009).

In order to evaluate the SOC spatial distribution, we log-transformed the SOC original values
to generate a normal distribution (Yigini et al., 2018). We tested the correlation between log
SOC values with the prediction factors and compared to SOC original ones. Moreover, we
provided the basic statfistical data of the semivariograms of SOCc and SOCs values at 30
cm depth, as well as the SOC logarithm.
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4.2.3.2. Local Spatial Covariates

Our modeling approach was based on the SCORPAN conceptual model using the soil
forming environmental factors as soil spatial prediction functions (McBratney et al., 2003).
We generated a covariate stack based on 34 environmental factors as SOC prediction
variables (Table 4.2).

Table 4.2. Description of prediction factors used in statistical modeling of soil organic carbon (SOC)

Variables(" Source Spahgl Description
resolution
|GN . . . .. .
DEM . 25m Terrain oIh.Tude.vonoblIlTy, basis of
(Spain) fopographic variables.
ACDPI initati
PP . . 200 M Megn annual precipitation  (mm),
University of Barcelona period 1951-1999.
ACDPI Mean, minimum and maximum
TP . . 200 m annual temperature (°C), period 1951-
University of Barcelona 1999,
Mean annual and coefficient of
NDVI and MODIS-Terra 230 m variation of Normalized Difference
CV_NDVI (MOD13Q1) Vegetation Index (NDVI), period 2001-

2016.

MODIS-Terra Mean annual and coefficient of
EVI and CV_EVI (MOD13Q]1) 230 m variation of Enhanced Vegetation
Index (EVI), period 2001-2016.

Litholo IGME 1200000 Hfhological units and their
gy (Spain) ’ associafions.
. SEIS.net Project (MIMAM- . Digitized soil map from the National
Soil types csiC) 1:100000 \414s of Spain (1: 2,000,000), IGN 1992).
IGN-Corine Land Cover

Land cover (Spain) 1:100000 Inventory of land covers.

MEE MAPAMA 125000 Forest structural types and cover
(Spain) ’ canopy area.

LIDAR IGN Sm High-precision of vegetation cover
(Tree biomass) (spain) (0.5 altitude from Light detection and

pt/m?2) ranging (LIDAR) data.

(M) DEM: Digital elevation model. PP: Precipitation. TP: Temperature. NDVI: Normalized difference vegetation index.
CV_NDVI: Coefficient of variation of NDVI. EVI: Enhanced vegetation index. CV_EVI: Coefficient of variation of EVI.

MFE: Map of forests in Spain. LIDAR: Light detection and ranging.

We used dynamic and static variables as predictors for SOC. The static variables were 16
topographic parameters derived from a local digital elevation model (DEM) using the
Terrain Analyst functions included in SAGA GIS software (Conrad et al., 2015). DEM was
available from Geographic Information National Centre (Spain), resulting from interpolation
of LIDAR nationalimages, with a 25 m pixel resolution. To perform the local model at different
spatial resolution we re-sampled the DEM into 100, 250, and 1000 m pixel size and calculated
the basic terrain parameters at each scale.
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The dynamic variables included climatic variables (precipitation and femperature)
(Ninyerola et al., 2005); land cover (IGN, 2012) reclassified into 13 classes; forest structural
variables, aboveground biomass of forest trees cover from LIDAR data (Durante et al., 2019);
and vegetation indexes (VIs). The calculated VIs were The Normalized Difference
Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI), which are link to ecosystem
functional attributes related to seasonal dynamics of net primary productivity. These indices
were derived from mean annual fime series images (2001-2016) of MODIS-Terra images
satellite using Google Earth Engine as describe in (Arenas-Castro et al., 2019).

These covariates were layer-stacked to build three different harmonized covariate stacks
(at 100 m, 250, m and 1000 m pixel resolution) with the same projection, extent, and pixel
size). The covariates were re-scale, re-projected or, in the case of categorical covariates,
rasterized when appropriate. All the stafistical and geo-information analyses in this section
were performed using packages of R software (raster, rgeos, rgdal, GISTools).

4.2.3.3. Model Fitting, Spatial Prediction, and Uncertainty Assessment

To analyze the influence of different methodological criteria in estimation of SOC spatial
variability, we tested different statistical models replicated at three different pixel resolutions:
100 m, 250 m, and 1000 m.

Prior to model building, a regression matrix was performed including the best correlated
environmental factors with SOC local data as covariates. To select them, we used a
balance among higher Pearson coefficient of multiple linear regression, lower error (RMSE),
and lower variance inflation factor (VIF) to identify statistical redundancy (Heiberger et al.,
2005). We used the Akaike information criterion (AIC) to determine the best compromise
between model accuracy and model parsimony (Rossel and Behrens, 2010).

We tested the following models to predict SOCc and SOCs:

e Llinear models (LM): the fitted model was specified using SOC as response variable and
the regression matrix of covariates as predictors. We used the ‘stat’ R package to
perform LM.

o Support vector machine (SVM): This algorithm creates a line or a hyperplane, which
separates the data into classes. Prior to performing this model, the qualitative variables
were fransformed into factors. We used the SVM with the linear kernel method
(svmLinear) Kernel since a non-linear decision surface can be fransformed to a linear
equation in a higher number of dimension spaces. This method was implemented in the
frain function of the ‘caret’ R package in R software.

¢ Random forest (RF): is an enable learning method (bagging) of decision trees. Decision
frees learn how fo best split the dataset into smaller subsets based in different conditions
(or nodes) to predict the target value. The RF algorithm operates by constructing a
multitude of decision frees at fraining time and outputting the mean of prediction of the
individual frees. The number of variables available for splitting at each tree node (mtry)
was set 1/3 of the total variables used in the model, and the total number of trees to
grow (nfree) was 500. We implemented this method in ‘randomForest’ package in R
software.
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Quantile regression forest (grf): since grf estimates an approximation of the full conditional
distribution of the response variable, the inferred conditional quantiles to build prediction
intervals were estimated as surrogate of the value of uncertainty associated with the
response variable (Meinshausen, 2006). We used grf algorithm implemented in R software
environment for stafistical computing in two different packages: ‘quantregForest’ (QRF)
(Meinshausen, 2006) and' ‘GSIF’ (QRF_G) (Hengl and MacMillan, 2019). QRF validation was
calculated from out-of-bag error, and QRF_G model validation was calculated from n-fold
cross-validation. In addition, the latter combines predictions by agrf regression and
interpolation of residuals (kriging) via the Regression-Kriging (RK) techniques.

The information criteria to assess the fit of the different models were RMSE and R2 (equations
(2) and (3)).

RMSE = |01 (y; = 9,)? (2)
i=1
L0 —9)°
RP=1-T"—"7T""-—"= 3
S0 -7 ) ©

The observed values of LUCDEME topsoil database were graphically compared with the
estimate of available SOC products of the study area using Taylor diagrams (Carslaw and
Ropkins, 2012). In these diagrams, the similarity between two patterns is quantified in terms
of their correlation, their centered root-mean-square difference, and the amplitude of their
variations (represented by their standard deviations).

4.2.3.4. Validation and Local Map Selection

An independent, external database was used for a robust model validation. The validation
data were based on the 1100 topsoil legacy local dataset describe in 4.2.3.1section (Figure
4.1). The agreement between predicted and observed data was measured by the
accuracy percentage within the interval of SOC prediction (i.e., the inferval corresponding
to predicted values and their associated uncertainty). The balance between the predictive
model performance and the validation determined the model selection for the final maps
of the SOCc and SOCs.

In order to analyze the relationship between estimated SOC and their associated
uncertainty in the selected maps, we plotted them in a scatter diagram depicting the
regression line to facilitate data visualization.

We calculated the relative improvement (RI, equation (4) of prediction accuracy of
generated SOCc and SOCs maps rely on OCMRM and SG stock maps (i.e., the maps with
the most accurate balance of model validation criteria in the external validation).

RI _ RMSEAP - RMSEQRF
a RMSE,p

(4)

where RMSEAp and RMSEQRrF are the root mean square errors of a given available product
and our maps (SOCc and SOCs), respectively.
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4.3. RESULTS

4.3.1. Available SOC Products, Comparison and Validation

For the comparison of the maps, we considered their original data characteristics,
predictive models, and spatial scale. Regarding data availability, we compared the
estimated values of both SOCc and SOCs at national (Spain) and local (Murcia) level, when
applicable. We clarify that the OCTOP just had SOCs values at national level and the
ocCont (LUCAS) masked out urban areas, large water bodies, and areas above 1000 m
altitude.

The guantitative comparison of all products showed lower SOCs values in the Region of
Murcia corresponding to 1.4-2.1 % of the natfional data (Table 4.3). The qualitative
comparison of their spatial patterns depicted some agreement in the distribution of higher
SOCc values across the northeast of the region (Figure 4.2). The differences between the
spatial patterns of the SOCs maps were more notable than the SOCc maps (Figure 4.3).

Table 4.3. Comparison of available soil organic carbon concentration (SOCc) and soil organic carbon
stock (SOCs) products for the topsoil) at national and local scale (Regién de Murcia).

AVAILABLE PRODUCTS (! GSOC $G oTCOP ocCont SCSS  OCMRM
(LUCAS)

Spatial domain (Global) (Global) (Europe) (Europe) (Spain) (Murcia)
socs  Sum 3.19-106  507-106  3.50-106 1.89-10¢ 2.82-106 -
(GIC)  MeantsD  0.06+0.02  0.10+0.03 0.07 0.04+0.03  0.060.04 -

National

(Spain)
soce  Mean - 26.62 22.71 2438 25.89 -
(9/kg)  sp - 17.94 23.69 16.62 20.47 -
sOCs  Sum  52,689.62 7336437 - 39,983.88  44,421.16
(CIC)  MeantsD  0.05#0.01  0.07+0.01 - 0.04+0.02  0.04+0.01

Local

(Murcia)
soce  Mean - 13.78 1.6 18.88 19.51 14.07
(9/kg)  sp - 587 7.15 7.85 6.06 14.88

(M The available SOC products in the area refer to Global soil organic carbon (GSOC), SoilGrids250m (SG), Organic
Carbon Content in Topsoils (OTCOP), Topsoail Soil Organic Carbon Content (ocCont), Soil Organic Carbon Stock in
Spain (SCSS), Soil Organic Carbon Map in Region of Murcia (OCMRM).

At the national scale, the different available DSM products showed a large diversity among
stock values (coefficient of variation CV = 0.35), with a range from 1,892 Tg C (by LUCAS
map) to 5,068 Tg C (by SG map), representing a difference of 63%. At the local scale, the
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results showed slightly smaller differences between extreme values (CV =0.28), ranging from
39,984 Gg C to 73,364 Gg C (46% of difference), according to LUCAS and SG maps,
respectively. We found the opposite pattern in SOCc, where the values remained much
more stable at national than at local scale (CV= 0.07 and CV= 0.22 respectively). The
OCTOP map showed the lowest concentration value (22.71 g/kg at national scale and 11.6
g/kg atlocal scale) versus the highest values of SG map (26.62 g/kg) at national scale (14%),
and SCSS map (19.51 g/kg) local scale (40%). Therefore, despite the higher data dispersion
atf local scale, the CV values are smaller in concentration than in stock data.

The standard deviations (SD) also presented large spatial heterogeneity, being much lower
at local spatial domain than at national level for both variables. The high standard deviation
value of the local product OCMRM (SD= 14.88) is remarkable with respect to the SD of the
other compared products.

Figure 4.2. Soil organic carbon concentration (SOCc) maps prediction of available products. Data
display was stretched by the cumulative pixel count cut method (default range 2%-98%).
SoilGrids250m (SG), Organic Carbon Contfent in Topsoils (OTCOP), Soil Organic Carbon Stock in Spain
(SCSS). Soil Organic Carbon Map in Region of Murcia (OCMRM)
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Figure 4.3. Soil organic carbon stock (SOCs) maps prediction of available products. Data display was
stretched by the cumulative pixel count cut method (default range 2%-98%). SoilGrids250m (SG),
Global soil organic carbon (GSOC), Soil Organic Carbon Stock in Spain (SCSS).

The external validation using the 255 soil profiles from the LUCDEME database (Table 4.4)
revealed a poor fit for SOCs than for SOCc. The best fit in SOCs corresponded to SG map
with R2= 0.06 and RMSE= 25.73, and the best fit in SOCc values corresponded to the local
OCMRM map with R2= 0.53 and RMSE=14.74. A pairwise comparison with the Tukey's tfest,
using a studentized range distribution at 95% of confident interval, indicated that the
differences between the means of stock available products and the profile samples were
significantly different from zero. Nevertheless, we found no statistical differences (using the
95% Cl) for the SOCc values in the SG and OCMRM maps (Figure S 1).
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Table 4.4. External validation of the available SOC products (SOCs and SOCc) using synthetic profiles
values (255 soil samples) calculated from LUCDEME local database (MurDB). The available SOC
products in the area refer to Global soil organic carbon (GSOC), SoilGrids250m (SG), Organic Carbon
Contfent in Topsoils (OTCOP), Organic Carbon Stock in Spain (SCSS), Soil Organic Carbon Map in
Region of Murcia (OCMRM).

SOCs SOCc
AVAILABLE PRODUCTS'

R2 RMSE R2 RMSE
MurDB vs. SG (Global) 0.055 25.73 0.211 11.316
MurDB vs. GSOC (Global) 0.004-10" 20.88 - -
MurDB vs. OCTOP (Europe) - - 0.067 12.74
MurDB vs. SCSS (Spain) 0.033 21.86 0.017 14.90
MurDB vs. OCMRM (Mur) - - 0.525 14.740

4.3.2. Local SOC map: Model Fitting, Spatial Prediction, and Uncertainty
Assessment

4.3.2.1. Local SOC Values and Spatial Covariates

The statistical description of the SOC average profile (Figure S 2) from the local legacy
database (Alias and Ortiz, 1986) showed most of the SOCc in upper horizons (20-30 cm) and
decreases with depth. Profile mean value of the total depth was 8.22 g/kg (10.49 SD), and
12.22 g/kg (12.52 SD) at 30 cm depth. SOCs showed 26.71 kg/m2 (16.96 SD) as mean value
in upper horizons (above 30 cm). Referring to the probability distribution, both SOCc and
SOCs revealed a log-normal distribution with a right-skew (Figure S 3). However, their spatial
autocorrelation behavior differed from SOCc and SOCs at 30 cm depth. We reported a
nugget to sill rafio (NSR) <25% for SOCc (Figure S 4 and Table S 1), which indicates a strong
spatial structure (Cambardella et al., 1994). Conversely, SOCs presented no significant
spatial autocorrelation structure.

The selected environmental drivers to describe the spatial variability of SOC at 30 cm depth
and af the three spatial resolutions (100m, 250m, and 1000m) were mainly related fo
topographic and vegetation variables (Table S 2). Specifically, the most consistent variables
for predicting SOCs and SOCc were slope, plane curvature, and vegetation index (EVI) at
100 m pixel resolution. For the middle resolution (250 m) the vertical distance to channel
network (related to verfical valley depth) and vegetation index (NDVI) were the most
consistent. The coarsest pixel resolution (1000 m) showed that relative slope position,
vegetation indexes (NDVI and EVI), and canopy cover (shrubland and total vegetation)
were the most consistent variables. Moreover, we found that precipitation, vegetation
indexes, free biomass and different topographic variables as the most correlated covariates
common to the three spatial resolutions in SOCs. Vertical distance to channel network,
topographic variables, and vegetation indexes were for SOCc.
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The log-fransform of the SOC data did nof significantly increase the simple correlation of
SOC and its prediction factors.

4.3.2.2. Evaluation of SOC Model Fitting

The comparison among the generated local models of SOC spatial prediction based on the
R2 and RMSE as model information criteria revealed large differences in accuracy (Figure
4.4).To facilitate data interpretation, we included the tabular values in Table S 2. The QRF_G
model showed much higher values than the other models for both SOCc and SOCs. In
SOCc, the R2ranged from 0.90-0.93 and RMSE 3.38-3.93 g/kg. In SOCs the values varied form
0.91-0.94 and 4.08-5.16 GgC for R2 and RMSE, respectively. When this model was excluded,
we observed a prediction accuracy much lower in stock than concentration values at the
three spatial resolutions (100 m, 250 m, and 1000 m). In this case, both information criteria (R2
and RMSE) varied from 0.26-0.41 and 9.65-11.76 g/kg for SOCc, and 0.03-0.17 and 15.45-
17.66 GgC for SOCs. The LM and QRF showed the best model performances. Referring to
the spatial resolution, the errors of the models showed small differences, with the lower
values at 1000 m pixel resolution.

error bars= RMSE(%)

09 - QRF_G QRF_G
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Figure 4.4. Bar diagram of R-squared and residual error —bar error- of the statistical local modeling of
SOCs and SOCc (g/kg) at 30 cm depth and different spatial scales (100 m, 250 m and 1000 m).
Predictive models: linear model (LM); quantile regression forest (QRF= QuantregForest R package;
QRF_G= Gstat R package); random forest (RF= Caret R package); support vector machine (SVM=
Caret R package).

According fto the Taylor Diagrams, we compared the previous available SOCc products
derived from global-to-local domain, with two generated local approaches. Among the
local approaches, we selected the SOCc qgrf approaches (QRF_G and QRF) not only
because of the best balance between R2 and RMSE values, but also for the advantages
over uncertainty prediction. In Taylor Diagrams (Figure 4.5), the 25 m pixel resolution map
(OCMRM product) had the best model-data agreement with the observed values
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(LUCDEME topsoils database) and the lowest RMSE, but a greater standard deviation. Next
in order were the QRF models, and more specifically those at 100 m pixel resolution. The
QRF_G models showed lower accuracy of the amplitude of the variations (i.e., the standard
deviation), lower correlation and higher RMSE than QRF models (Figure 4.4). In terms of
model performance, SCSSc had the lowest correlation and the highest RMSE of the models.

Estimates of the covariate importance in the QRF models revealed the slope as the highest
value followed by maximum temperature and plane curvature for the 100 m pixel resolution
model. The most important covariates at 250 m pixel resolution were also linked to
topography (vertical distance to channel network, plane curvature, and Ls-factor, listed in
decreasing order) followed by climatic variables (maximum temperature) (Figure S 5).
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Figure 4.5. Taylor diagram of the performance of the generated local models and available products
evaluated for soil organic carbon (SOC) concentration compared with the local topsoil samples
(LUDEME database) as observed values. SoilGrids250m (SG), Organic Carbon Contfent in Topsoils
(OTCOP), Topsoail Soil Organic Carbon Content (ocCont), Soil Organic Carbon Stock in Spain (SCSS),
Soil Organic Carbon Map in Region of Murcia (OCMRM), quantile regression forest (QRF=
QuantregForest R package; QRF_G= Gstat R package.

4.3.2.3. Local SOC Spatial Prediction and Uncertainty Assessment.

The summary of data prediction and uncertainty associated of SOCc and SOCs grf method
showed slightly different values through spatial scales in both algorithmic implementations
from the R packages quantregForest (QRF) and GSIF (QRF_G) (Table 4.5). The QRF prediction
had lower data than QRF_G for SOCs predicted values and their uncertainty at the three
spatial resolution. The overall mean for predicted and uncertainty values for QRF were 27,763
+0.024 Gg C and 0.016+0.004 Gg C, respectively. The values for QRF_G were 28,761 + 0.026
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Gg C and 0.027 £ 0.017 Gg C for mean and uncertainty, respectively. However, the values
for the SOCc map were higher in QRF prediction than QRF_G across the different scales,
whose overall mean results were 11.58 £ 7.76 g/kg and 9.80 + 5.32 g/kg for predicted and
uncertainty values in QRF model. Their corresponding predicted and uncertainty values in
QRF_G model were 10.90 + 6.20 g/kg and 9.02 + 13.86 g/kg where the SD values of
uncertainty were more than double than QRF model.

Comparing these estimates with the previous available carbon products in the
corresponding scales, the latter overestimated both SOCc and SOCs predicted values. In
particular, the SCSS national map about 1.5 fimes in carbon concentration (19.50 vs.
12.18/11.20 g/kg C in QRF/QRF_G, respectively) and SG global map about 2.6 times in
carbon stocks: 73,364 vs. 27,646/28,435 Gg C in QRF/QRF_G, respectively.

The analysis of the model residuals confimed the absence of spatial autocorrelation
structure in both SOCc and SOCs (Figure S 6).

Table 4.5. Predicted values and associated uncertainty with Soil Organic Carbon (SOC) stock and the
SOC concenfration estimated by two R implementations of quantile regression forest (QRF=
QuantregForest R package; QRF_G= Gstat R package) at different spatial resolution for the Region of
Murcia.

Resolution spatial

Variable 100 m 250 m 1000 m

QRF (QuantregForest)

predicted Sum 27,572 27,646 28,071
SOC stock values sD 0.024 0.024 0.024
(GgC)
Mean 0.016 0.016 0.015
Uncertainty
SD 0.004 0.004 0.004
Predicted Mean 12.178 12.888 10.275
values sD 7.756 7.765 6.539
SOC concentration (g/kg)
Mean 10.544 9.985 8.865
Uncertainty
) 6.071 5.083 4.815
QRF_G (GSIF)
predicted Sum 28,911 28,435 28,937
SOC stock values SD 0.026 0.025 0.026
(GeC) Mean 0.027 0.026 0.027
Uncertainty
SD 0.017 0.017 0.017
predicted Mean 11.197 10.682 10.808
values ) 6.278 5.771 6.542
SOC concentration (g/kg)
Mean 9.463 8.813 8.789
Uncertainty
SD 14.441 12.837 14.313
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4.3.2.4. Validation and Final Selection

The external validation of SOCc predicted values with the independent database of 1100
LUCDEME topsoil at 30 cm depth presented better model performance for QRF than QRF_G
and, in turn, for the finer spatial scale (Table S 3). The difference between RMSE and mean
absolute error (MAE) depicted larger prediction errors at coarser spatial scale (12,19 g/kg
and 7.85g/kg; and 12,21 g/kg and 8.01 g/kg for QRF and QRF_G at 1000 m spatial resolution,
respectively). Additionally, we tested a final validation of the grf maps (QRF and QRF_G)
including the uncertainty of the estimated values (prediction intervals). Due to the local
validation database (LUCDEME topsoils) presenting large gaps in bulk density and coarse
fragments data, only the SOC concentration maps were validated (Figure 4.6). The
accuracy percentage was significantly higher in QRF than in QRF_G. Regarding spatial
scales, the coarser resolution the lower the accuracy percentage value was. Therefore, the
results revealed higher accuracy in 100 m spatial scale, especially in QRF models (79% in
QRF versus 49% in QRF_G).
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Figure 4.6. Accuracy percentage (expressed as a decimal) of quantile regression forest models
estimates (QRF= QuantregForest R package; QRF_G= Gstat R package). Local values of Soil Organic
Carbon concenfration (SOCc) of LUCDEME topsoil database were compared with the interval
corresponding fo predicted values and their associated uncertainty.

The QRF model at 100 m pixel resolution achieved the better balance among the predictive
model performance, the agreement with the pattern of reference soil sample (i.e., fopsoail
local database), and the independent, external validation. In general, the values of these
QRF maps ranged from 5.1 to 21.8 g/kg and 4.1 to 31.1 tC /ha for concentration and stock,
respectively (Figure 4.7). Both maps were consistent in the areas of low SOC value, which
were located at low-alfitude areas (0 to 300 m), gentle slopes (<2%), and cultivated land.
This area correspond to the driest part of the Region with less mean annual rainfall (< 200
mm) and high mean annual temperature (>15 °C). The highest values were found in
coniferous forest located in the steeper and humid areas. The national-to-global available
SOC products showed higher ranges with a considerable overestimation of values,
especially for SOCs (Figure 4.7).
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The relative uncertainty analysis revealed an inversely proportional relationship with SOC
predicted data, emphasizing at the extreme values. This pattern was more pronounced for
SOCc, where the lower values presented proportionally very high uncertainty (0).

The relative improvement of the prediction accuracy from SOCc and the SOCs in
comparison fo OCMRM and SG maps were 40.8% and 63.8%, respectively. We clarify that
the OCMRM and SG maps were those with the best balance for our model validation criteria
using external validation.

The final selected QRF model at 100 m pixel resolution for SOCs and SOCc, and their
associated uncertainties maps will be available on a public repository at
https://drive.google.com/drive/folders/1SykCBAbpHNUPHcCbguE34jiBfBIvOInM2usp=sharin
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Figure 4.7. Generated prediction maps of soil organic carbon concentration (SOCc) and SOC stocks
(SOCs), and their uncertainties at 100 m.

QRF= quantile regression forest models estimates by QuantregForest R package. Data display was stretched by the
cumulative pixel count cut method (default range 2%-98%).
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4.4. DISCUSSION

4.4.1. Comparison of Current Available SOC Products

Different soil dataset collections, scales, and spatial predictive modeling for SOC estimates
lead to different interpretations for SOCc and SOCs across the study area. These differences
highlight the challenges associated to SOC prediction due to its high-spatial heterogeneity,
especially in semiarid regions. Discrepancies in stocks were larger than concentration values
among the products analyzed. This is probably due to a generalized absence in most soil
databases of coarse soil material (> 2 mm) and bulk density, the main parameters required
for estimation of SOCs. These important variables are often derived from pedotransfer or
extrapolation functions (Jalabert et al., 2010) resulting in additional bias and a systematic
error for calculation of SOCs (Durante et al., 2020; Poeplau et al., 2017).

In relation to pixel scale, there was no clear consistency among the compared products.
Our results do not support the expectation that higher spatial resolution will have a better
agreement with locally derived SOC information. We highlight the similarity in SOCc maps
between the global "SoilGrids250m” (SG) and the local "Soil Organic Carbon Map in Region
of Murcia 25 m” (OCMRM). Both maps presented the most similar estimates (g/kg) and the
more accurate balance of model validation criteria (R?2 and RMSE) in the independent,
external validation. However, the number of soil samples (i.e., fraining data) to perform the
spatial modeling of these two maps were very different. For the SG map, the estimates were
extrapolated, as none of the 43 soil samples used for peninsular Spain was located in the
study area. For the OCMRM map, more than 1900 topsoil samples were collected. However,
both maps were modeled using a similar machine learning technique (i.e., random forest)
integrating environmental soil forming factors at 250 m and 25 m pixel resolution,
respectively. While the selected covariates in the OCMRM map referred to climate, land
cover, soil types and ferrain morphology, the SG prediction model included environmental
layers from remote sensing data. Therefore, our results suggest that the application of
machine learning approaches in combination with single and/or multitemporal remotely
sensed satellite indices improved the prediction of soil carbon spatial distribution even when
there exist limited soil samples (Fathololoumi et al., 2020; Liang et al., 2020; Schillaci et al.,
2017q).

We postulate that the SG map could be considered as the best available regionally-derived
product for the study area with a moderate spatial pixel resolution, but this product has
some limitations. Several studies that compared estimated SOCs values with SOG map
showed comparatively wide ranges and a considerable overestimation, especially in low
SOCs values (Hengl et al., 2017; Silatsa et al., 2020; Vitharana et al., 2019). This overestimation
may be due to the absence of profile observations that can lead to the application of
greater weightage for covariates in the spatial predictions (Lombardo et al., 2018; Vitharana
et al., 2019). In our results, the SG map estimated the highest stock values in both spatial
domains (nafional and local study area) with respect to the available products compared.
These observations confirmed the need of reassessing local-scale estimates of soil SOCs to
gain insights into the effect of different methodological criteria in the estimation of SOC
spatial variability. Thus, we tested these observations with a locally-derived information and
different DSM techniques at three different scales. The relative improvement of the
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prediction accuracy of the SOCc and the SOCs were about 65% and 40% in comparison to
stock and concentration maps, respectively (i.e., the maps with the most accurate balance
of model validation criteria in the independent, external validation).

4.4.2. Local Prediction of SOC

According to our hypothesis, our results showed how machine learning models rely on
locally-derived information and appropriate environmental data better capture short-
range SOC spatial variation than extrapolated global or regional estimates.

Consistent with other studies, local sampling distribution was more relevant than density to
capture the SOC variation (Zeraatpisheh et al., 2019). The two maps derived using the locall
database showed low difference in the prediction accuracy despite their different sampling
density (i.e., 1,922 systematic sampling vs. 255 representative profiles of soil taxonomic for
OCMRM and QRF_100 maps, respectively).

As resulted in the comparison of current available SOC products, the accuracy of the
predictive models was higher in SOCc than SOCs. This accuracy difference can be
attributed to the propagation error of SOCs extrapolated parameter (i.e. coarse fragments
and bulk density). The application of these parameters derived from pedtotransfer functions
could infroduce a considerable bias (Poeplau et al., 2017).

Among the SOC prediction models used in this study, the selection of grf tfechniques was
based not only on the model performance but also on the advantages of data-driven
machine learning methods in DSM (Hengl et al., 2017; Yigini et al., 2018). Moreover, the
added value of grf approach is the addition of the spatial uncertainty associated with SOC
estimates, calculated as suggested by (Vaysse and Lagacherie, 2017). Specially for sparse
sampling sfudies, the lack of uncertainties values compromises the reliability of predictions
for decision making (Maia et al., 2010; Ogle et al., 2010; Schillaci et al., 2017a).

Nevertheless, both grf implementations applied in this study (QRF and QRF_G according to
‘quantregForest’ and ‘GSIF’ R statistical computing packages, respectively) showed large
discrepancies in their model performance accuracy. This is probably caused by the
regression-kriging techniques (i.e., predictions plus kriging of the residuals) implemented in
QRF_G. This strategy can lead to overfitting when variogram modeling is under-sampling.
For a well-represented multivariate feature space is preferably 300 sample points and at
least 10 observations per covariate (Hengl et al., 2017; Webster and Oliver, 2001). This could
explain the discrepancies of the QRF_G models, which showed the best model performance
and, however, the lowest accurate in external validation at the three spatial resolution
tested (100 m, 250 m and 1000 m). This approach highlight the importance of model external
validation to identify the most accurate estimation. An accurate model is not necessarily
related to the best model performance, as it may represent an overparameterization
(Zeraatpisheh et al., 2019).

Regarding to the spatial resolution, the errors of estimated predictive models showed small
differences among 100 m, 250 m and 1000 m pixel size. This is probably related to the
challenge for estimating SOC high spatial heterogeneity across scales, especially in semiarid
regions with complex terrain (Hoffmann et al., 2014; Hounkpatin et al., 2018; Jobbdgy et al.,

70



2000; Kulmatiski et al., 2004; Kunkel et al., 2011).Calvo de Anta et al. (2020) also revealed this
heterogeneity in the national level study where the semiarid Region of Murcia registered the
highest coefficient of variation in both the SOCc (76%) and the SOCs (61%) at 0-30 cm depth.

We addressed this challenge in our framework by including a set of covariates as a function
of the soil forming environment (SCORPAN model). Moreover, the integration of remote
sensing covariates likely increased the predictive capacity of our models as it has been
demonstrated for other applications with limited soil samples (Fathololoumi et al., 2020; Liang
et al., 2020; Schillaci et al., 2017a). Our results showed that SOCc and SOCs maps at 100 m
spaftial resolution had the best balance among accuracy, external validation, and
interpretability of results.

In terms of spatial patterns, we observed that the larger disagreement between SOCc and
SOCs maps at 100 m spatial resolution were in areas with low soil sampling density. In these
areas, SOCc maps depicted a spatial distribution coherent to the land use and landscape
patterns (Albaladejo et al., 2009). These areas represent the highest alfitude for forested
regions (>1,400 m) in the northwestern and central zone. These areas have an upper horizon
rich in organic matter with natural grassland and tree forest over lithosols that, although
shallow (< 10 cm), are covered by abundant vegetation. In addition, the low SOCc values
in the eastern area also showed disagreements, where the main cover type is sclerophyllous
vegetation and rainfed crops over regosols, with scarce incorporation of organic matter.
The highest uncertainty of SOCc and SOCs were associated with these low values
corresponding to areas with an advanced process of soil degradation. These high
uncertainty values could explain the low model accuracy, since degraded soils process
may alter the relationship pattern with dominant environmental covariates, different from
the general prediction model (Brungard et al., 2015). To better capfure the
representativeness of the SOC spatial variability, a stratified sampling of homogeneous sub-
areas would reduce the highest uncertainty estimates (Zeraatpisheh et al., 2019).

4.5. CONCLUSIONS

In this study, we improved global and regional available SOC estimates in a complex soil-
forming environment across a Mediterranean area in southeastern Iberian Peninsula. The
different available SOC products for the study area showed large divergence among their
values, regardless of spatial domain or scale resolution.

We observed a lower accuracy and an overestimation values in stocks maps compared to
the spatial predictions of carbon concentration maps, probably due fo the often-missing
information of key carbon stock parameters in databases. Unless essential, we recommend
to develop SOC concentration maps to adapt proper environmental policies to soil carbon
management as an alternative to overused stock data.

Our high-resolution SOC map framework was based on local legacy soil data,
environmental covariates (including single and/or multitemporal remote sensing indices),
DMS modeling and spatially explicit uncertainty quantification. This latter aspect, together
with independent, external validation, is essential to interpret the soil carbon properties
distribution, especially in SOC complex quantification areas.

71



Our results showed potential to improve the representation of national scale SOC estimates.
We provided a better understanding of SOC storage across complex soil-forming
environments with persistent soil erosion and degradation. This is important for responding to
the challenges of land management and climate change adaptation/mitigation policies
and strategies.
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Figure S 1. Graphical representation of SOC concenfration (a) and SOC stock (b) values at the

profile sample locations of the available SOC products in the study area: Global soil organic carbon
(GSOC), SoilGrids250m (SG), Organic Carbon Contentin Topsoils (OTCOP), Topsoil Soil Organic Carbon
Content (ocCont) Soil Organic Carbon Stock in Spain (SCSS ), Soil Organic Carbon Map in Region of
Murcia (OCMRM). Boxplot (top) and 95% confidence interval of Tukey’s test (bottom).
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Figure S 2.

(9/kg) at 30 cm depth and SOC stock (kg/m?) at 30 cm depth.
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and SOC stock (b) and their natural logarithm (bottom) of soil profiles sample.

Table S 1. Semivariogram data of Soil Organic Carbon (SOC) concentration and stock data at 30
cm, and their logarithms of soil profiles. Sph= spherical model; Ste= Matern, M. Stein's parameterization;
Gau= Gaussin model.

Model Nugget Sill: Range: NSR

SOC concentration at 30 cm depth Ste 0 1.6 6129 0.00
Log SOC concentration at 30 cm depth  Ste 0 0.93 8732 0.00
SOC stock at 30 cm depth Ste 2.7 3.8 472357 0.71
Log SOC stock at 30 cm depth Gau 0.3 0.68 1024 0.44
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Table §$ 2. R-squared and residual error of the statistical local modeling of Soil Organic Carbon (SOC)
stfock (GgC/ha) and SOC concentration (g/kg) at 30 cm depth and different spatial scales (100 m,
250 m and 1000 m). The predicted models were linear model (LM); quantile regression forest (QRF=
QuantregForest R package; QRF_G= Gstat R package); random forest (RF= Caret R package); support

vector machine (SVM= Caret R package).

MODEL(R package) / SOC

Spatial resolution

VARIABLE
100 m 250 m 1000 m
LM
R2 0.117 0.101 0.168
SOC stock RMSE 15.99 16.05 . B1L5.;§P .
Covariables S, PIC, PC, VD, PP, EVI  AS, VDCN, PP, NDVI M. - RSP, MRVEF,
PP, EVI, CCs
R2 0.405 0.320 0.329
Nele RMSE 9.65 10.30 9.65
concentration
Covariables) S, PIC, VDCN, Evi, 78 AH/PLC. VDCNTmax,  AH, Cl, VDCN, RSP, NDVI,
NDVI TCC
QRF
R2 0.132 0.051 0.097
RMSE 16.002 16.4 16.
SOC stock ) PP CNB:S (\)/ODCN AS e DEM CNBf 1851 MRVBF
) " , , . AS, , . RSP, }
Covariables!! EVI PP, MRVBF, CNBL, NDVI PP EVI. CCs
R2 0.408 0.403 0.358
Nele RMSE 10.856 10.849 10.010
concenfrafion . rlest S TMax, PIC, AS, TCC, VDICN, PIC, LsF,Tmax, AS,  AH, CI, VDCN, RSP, NDVI,
EVI, AA Cl, CCt TCC
QRF_G
R2 0.941 0.907 0.942
RMSE 411 1 4,
S0C stock ) ’ o DEM, CNBL ??SSP MRVBF
Covariables() S, PIC, PC, VD, PP, EVI AS, VDCN, PP, NDVI ’ sl ’
PP, EVI, CCs
R2 0.901 0.907 0.927
SOC RMSE 3.929 3.82 3.38
concentration
Covariableslll S, PIC, VDCN, EVI, T8 AH, PIC, VDCN,Tmax, NDvi AH: Cl- VDSCNéRSP' NDVI,
RF
R2 0.049 0.026 0.122
SOC stock RMSE 17.66 17.16 NN B]LS‘ZSP e
Covariablest) S, PIC, PC, VD, PP, EVI AS, VDCN, PP, NDVI ’ sl ’
PP, EVI, CCs
R2 0.300 0.265 0.334
SOC RMSE 11.76 10.78 10.2
concentration
Covariablestll S, PIC, VDCN, EVI, T8 AH, PIC, VDCN,Tmax, NDvi~ H: Clr VDTCgéRSP' NDVI.
SVM
R2 0.085 0.069 0.107
SOC stock RMSE 17.17 16.55 . CN;Lé.;:P e
i (1) ! ! ’ ’
Covariablest) S, PIC, PC, VD, PP, EVI AS, VDCN, PP, NDVI PP, EVI, CCs
R2 0.373 0.282 0.279
SOC RMSE 11.23 10.78 10.96
concentration
Covariablestll S, PIC, VDCN, EVI, TB AH, PIC, VDCN,Tmax, NDvi~ H: Cl- VDTCgéRSP' NDVI.
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(1) Covariables: DEM: Digital Elevation Model, AH: Analytical Hillshading, S: Slope AS: Aspect, PIC: Plan Curvature,
PC: Profile Curvature, LC: Longitudinal Curvature, Cl: Convergence index, CD: Closed Depressions, TCA: Total
Catchment Area, TWI: Topographic wetness index, LsF: Ls Factor, CNBL: Channel network base level, VDCN: Vertical
Distance to Channel Network, VD: Valley depth, RSP: Relative slope position, MRVBF: Multiresolution valley bottom
flatness index, MRRTF: Multiresolution ridge top flatness index, NDVI: Normalized Difference Vegetation Index (mean
annual), EVI: Enhanced Vegetation Index (mean annual), PP: Precipitation (mm), Tmax: Annual Mean Maximum
Temperature (°C), Tmin: Annual Mean Minimum Temperature (°C), Tmed: Annual Mean Temperature (°C), TCC:
Total Canopy Cover, CCs: Shrub Canopy Cover, CCt: Tree Canopy Cover, TB: Tree Biomass.
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Figure S 5. Importance of predictors according to their influence on increment mean squared

error and node purity for Soil Organic Carbon concnetration (SOCc) at 100 m (a) and 250 m (b) spatial
resolution.

Covariables: AA: Analytical Hillshading, PIC: Plan Curvature, LsF: Ls Factor, VDtCN: Vertical Distance to Channel
Network, Cl: Convergence index, EVI: Enhanced Vegetation Index (mean annual), Tmax (°C), fccT: Tree biomass,
fccTree: Tree Canopy Cover.

Table $ 3. External validation of predicted values of soil organic carbon concentration (g/kg) with
LUCDEME topsoil database at 30 cm depth. R-squared (R?) and residual error (RMSE) and MAE were
used as information criteria of the validation for both quantile regression forest methods (QRF=
QuantregForest R package; QRF_G= Gstat R package).

MODEL / VARIABLE Spatial resolution
QRF 100 m 250 m 1000 m
. R2 0,272 0,279 0,144
Concentration ¢/ 10,99 10,97 12,19
(9/kg)
MAE 7.49 7.75 7.85
QRF G
- cat R2 0,208 0,179 0,128
oncenitrartion
RMSE 11,41 11,69 12,21
(9/kg)
MAE 7.72 7.93 8.01
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Semivariogram of the residuals (top) and residuals plot (bottom) for the Soil Organic
Carbon (SOC) concentration (SOCc) (left) and stock (SOCs) (right) of the local quantile regression
forest method (QRF= QuantregForest R package) at 100 m spatial resolution.

a)

SOC concentration
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Unc/PredSOCs

b) SOC stock
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Pred SOCcestock

Scatter diagram of predicted values of Soil Organic Carbon (SOC) concentration( g/kg. Q)
and stock (GgC/ha, b) versus their associated relative uncertainty of quantile regression
forest method (QRF= QuantregForest R package) at 100 m..
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Capitulo 5. Spatial Distribution Modeling
and Quantification of Soil Organic
Carbon in Peninsular Spain
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ABSTRACT

Soil organic carbon (SOC) must be quantified and monitored to assess soil management
practices, adapt policies, and evaluate environmental impacts. However, due to SOC
spatial variability, soil surveys become a very challenging task because of the high costs of
acquiring data, operational complexity, and updating. Digital soil mapping based on
machine learning approaches in combination with remote sensing ftechniques have
enabled soil carbon spatial distribution to be significantly improved, even with limited soil
samples. A legacy soil database of 8,361 georeferenced profiles and a selection of
environmental data-driven covariates intimately related to soil-forming factors (e.g., biota,
climate, parent material) were used to generate SOC maps. Modeling of data was based
on three supervised learning approaches. quantile regression forest, ensemble machine
learning and auto-machine learning. For the final SOC spatial distribution maps, each pixel
was assigned the prediction from the most accurate model, i.e., lowest uncertainty.

We applied this modeling technique to generate cost-effective, high-resolution maps (20 m
pixel resolution) of SOC distribution, and its associated spatially explicit uncertainty, in
peninsular Spain. These maps showed 15.7 g.kg-! mean SOC concentration at 0-30 cm and
3.6 g.kg-1 at 30-100 cm depth. The total SOC stock at its effective depth was 3.8 Pg C, storing
the 74% in the upper 30 cm (2.82 Pg C). The correlation between SOC observed and
predictions final values showed R?=0.68 for SOCc and R?=0.54 for SOCs at the upper 30cm.

The methodology proposed in this study aims to improve benchmark SOC estimates in
support of the National GHG Emissions Inventory Report.

Keywords: Effective soil depth, stock, feature selection, Bayesian analysis, partial
dependence plot, ensemble learning.
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5.1.  INTRODUCTION

Human activity has altered the carbon cycle, increasing the amount of CO2 in the
atmosphere and modifying the natural capacity of ecosystems as sinks. In this confext, the
soil, able to store from about two to four times more organic carbon in the first meter than is
found in vegetation (1500 Pg C), is the main reservoir of carbon in terrestrial ecosystems. Soil
organic carbon (SOC) residence time is also longer than in biomass, making carbon storage
in soil a key service in climate change mitigation strategies (Jobbdgy et al., 2000; Saatchi et
al., 2007).

Knowledge of soil properties becomes necessary for adequate decision-making on
resource management and planning, as well as quantifying and monitoring changes.
However, long-term change is inherent in soil, so it is critical to work on various spatial and
temporal scales (Stfockmann et al., 2015). Therefore, numerous national and global efforts
have been made to compile and standardize empirical information on soil properties
generated over decades and make them available (Harden et al., 2018; Shangguan et al.,
2014).

In the case of Spanish saoils, the extremely valuable information acquired over more than fifty
years is currently fragmented and dispersed. Organizations and institutions have generated
this information for years and compiled information on thousands of soil profiles in
databases. The information comes from a wide variety of sources using different procedures,
laboratory methods, standards, scales and georeferencing systems (Llorente et al., 2018).
Using these legacy databases, that is information on soil compiled historically within a
territory, involves an enormous search and processing effort fo form a set of common,
coherent and geographically well-defined data. Thus, although SOC in particular is one of
the most well-studied properties in Spanish soils (Calvo de Anta et al., 2020), not all the
databases generated are available. And even though SOC stock (kg C/ha) is a frequently
estimated variable due to its relationship with regulation of the organic carbon service, the
databases available are significantly short on parameters fundamental to its calculation,
such as apparent density and coarse fragments (Poeplau et al., 2017). Therefore, the lack
of accessibility to databases with consistent, complete information could lead to biased
interpretation of the stock in different ecosystems, and further, to the distribution of disperse
or clustered sampling points. At present, soil sampling is still challenging due to its high cost
and operational complexity, which impedes updating of soil databases over fime, and
hinders interoperability (Smith et al., 2020; Vargas et al., 2017).

The behavior of SOC is determined by soil physical and chemical properties, and its
interrelationships with environmental soil-forming factors. These relationships have been
widely described, as in the soil formation equation by Jenny, (1941). However, soil properties
show diverse and complex scales of variation resulting from the wide spatial-temporal range
of soil genesis (Allen & Starr, 1982). As a result, information on soil has been evolving from an
originally qualitative perspective toward accurate quantitative estimations and evaluation
of uncertainty through empirical models, such as the CLORPT or SCORPAN (Jenny, 1941;
McBratney et al., 2003).
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Advances in digital soil mapping (DSM) have provided a large number of modeling
technigues based on empirical models. These techniques rely on estimation of soil properties
measured in situ (target variable), where predictive environmental factors are available at
the same location (explanatory variables). These statistical models estimate soil properties
quickly and reliably, minimizing the number of samples necessary for prediction (McBratney
et al., 2003; Searle et al., 2021).

Nevertheless, the wide variability in methodologies used, due mainly to disparity in soil data
periods, sampling density, protocols, stock calculation approaches, prediction models, or
spaftial resolution, have resulted in considerable variationin SOC estimates. In Spain, different
SOC stock values have been described for specific agricultural systems (Aloaladejo et al.,
2009; Alvaro-Fuentes et al., 2008; Mufioz-Rojas et al., 2012), and forests and pasture land uses
(Doblas-Miranda et al., 2013). At national scale, several authors have estimated SOC stock
ranging from 2.82 Pg C (Rodriguez Martin et al., 2016) to 3.25 Pg C (Calvo de Anta et al.,
2020) in the upper 30 cm for peninsular Spain.

In addition, most of the information on SOC is currently standardized to the upper 30 cm.
However, the subsoil carbon pool (>30 cm) may contribute up to 50% of the total stock in
Mediterranean soils (Mulder et al., 2016), and would therefore be underestimating a large
part of carbon in the effective soil depth.

Thus, standardized and comparable procedures are crucial for sharing and using
information, removing conceptual, technological, organizational and cultural barriers
(Vargas et al., 2017). Among the major global standardized procedures for SOC spatial
estimations are the Global Soil Organic Carbon Map (GSOCmap) a project of the FAO and
the Global Soil Partnership (GSP), and the GlobalSoilMap.net Project, an initiative of the DSM
Working Group of the International Union of Soil Sciences (IUSS). Both projects have
designed, validated and verified their methodologies, developing guidelines and technical
specification reports for their replication.

Based on this background, the aim of this study was fo provide basic information on the
storage and spatial distribution of SOC in peninsular Spain. This information could be used as
a national benchmark in estimating and managing carbon sinks, as well as in the national
GHG Emissions Inventory Report. To achieve this aim (a) accurate consistent and
standardized information and methodologies must be applied to (b) generate cost-
effective, high-resolution maps of SOC distribution and its associated spatially explicit
uncertainty, ensuring interoperability of the results from national to global scales.

As final products (deliverables) four national SOC maps with a 90-m spatial resolution have
been generated with their associated uncertainties. These maps show the spatial estimation
of the SOC concentration (SOCc) at depths of 0-30 cm and 30-100 cm, and SOC stock
(SOCs) at 0-30 cm and at its effective depth.
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5.2.  MATERIALS AND METHODS

The general methodology used in this study (Figure 5.1) is divided into three main stages:

a) Acquisition and analysis of the soil profile and environmental covariate database
b) Modeling of the SOC spatial estimate
c) SOC spatial prediction and mapping

The final maps were generated by DSM based on the SCORPAN (Florinsky, 2012) conceptual
spatial inference model. The SOC point prediction (target variable) on a continuous surface
was based on relationships with the selected soil forming factors (predictor covariates) in a
given location. Modeling of data was based on three supervised learning approaches.
quantile regression forest, ensemble machine learning and auto-machine learning. For the
final SOC Spatial distribution maps, each pixel was assigned the prediction from the most
accurate model, i.e., lowest uncertainty.

5.2.1. Study Area

The study area was peninsular Spain (491,258 Km2) (Figure 5.2). The complex orography is
characterized by abrupt mountain systems, high plateaus and wide watershed depressions.
Most of the peninsula is dominated by the large Central Plateau, with a height of 600 to 760
m asl and slightly inclined to the west, therefore most water courses discharge into the
Atlantic ocean. In the interior and surrounding the plateau are gentle hills and high, steep
mountain chains in which the highest peak is 3,478 m asl (Serrano, 2000).

Spain is characterized as one of the most varied climate country, from humid to semiarid
(AEMET IPMA, 2011). Mean annual precipitation varies from less than <200 mm (in the
southeast) to >2200 mm (in the north and mountainous zones), the mean annual
temperatfure ranges from <2.5°C at high altitudes to >17.5°C, especially in the south and
southeast. The dominant climate is Mediterranean, extending over the interior plateaus
(continental Mediterranean) to the coast (coastal Mediterranean). It is characterized by
rainy, cold-to-mild winters and dry, hot or mild summers with variable temperatures and
precipitation in autumn and spring. This confrast is smoother on the coast, becoming
predominantly arid or subdesert in the southeast. In the north and northwest, the climate is
predominantly oceanic, very humid and with mild temperatures.

The complex topography and wide climatic variety have led fo a mosaic of land covers
and uses. Although the agricultural area in Spain has been decreasing in the last 20 years, it
still occupies about 33% of the total area (MAPA, 2021). It is characterized by heterogeneous
agricultural systems including herbaceous crops, mainly dryland cereals, and woody crops
(grapes, olives, almonds and fruit). The forested area occupies over 59% of the peninsula
with predominantly natural forest and plantations, mainly in mountain systems in humid and
subhumid regions, and shrubland. Grasslands and other herbaceous vegetation are
extensive, especially on high mountains and in the north. Wetlands and water surfaces
comprise 0.9% of Spain, and artificial surfaces are 7.1% of the total area.
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Figure 5.1 General methodological outline adapted from the World Soil Information Service (WoSIS,
Hengl et al., 2017)

The Iberian massif, which occupies the western half of the peninsula, is made up mainly of
siliceous metamorphic rock (mainly slates, schists and quartzites) and infrusive rocks (mostly
granites). The Cenftral Plateau is composed of two large groups of lithological material:
sedimentary rock (Mezozoic), mainly calcareous or calcareous cement (limestones, marls,
sandstones and conglomerates), and clayey to sandy sediment (Tertfiary and Quaternary).
In the mountain chains surrounding the Central Plateau, Pyrenees and Betic System,
calcareous materials predominate. The wide alluvial plains (Ebro and Guadalquivir) are
Tertiary and Quaternary sediments (SGE-IGME, 2004).
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Soils in peninsular Spain are predominantly Calcisols. These soils formed on calcareous
parent material are usually present in areas with water stress. Because of their high rate of
mineralization, they are vulnerable to decrease in organic matter. In the north, they are
predominantly Umbrisols, which are typical of cold humid zones with hardly any or no water
deficit and rich in organic matter. The south is dominated by Regosols, i.e., little developed
mineral soils frequent in eroded areas, particularly in arid and semiarid areas and mountains.
Luvisols, Rendzinas or Leptosols are frequently found along with the Regosols. Fluvisols and
Vertisols, predominant in fluvial areas, are characterized by a large proportion of swellable
clay (De la Rosa et al., 2001).

‘ b EUROPE

Figure 5.2 Location of the study area and soil profiles

5.2.2. Database

The soil profile database used in this study has 8,361 georeferenced profiles (Figure 5.2) with
27,931 pedogenetic soil horizons. The soils were described and sampled following

89



pedomorphogenetic criteria in the various versions of the FAO Guidelines for Soil Description
Profile (Jahn et al., 2006).

The database was built from public domain data or facilitated by institutions responsible for
the information. The main source for profiles was the Red Carbosol database (78% of the
samples), a collaborative Spanish network of soil experts at various research centers and
universities who have compiled information on profiles from 635 different sources (Llorente
et al., 2018). The second source of information (18% of the profiles) was derived from different
cartographic projects provided by the CMAyOT (Junta de Andalucia). The rest of the profiles
(4% of data) were from the LUCDEME database from ‘Regidén de Murcia’ (Alias and Ortiz,
1986), Agrarian Technological Institute (Junta de Castilla y Ledn) and from the University of
Castilla La-Mancha (Bravo et al., 2019). The sampling periods range from 1954 to 2018, being
mostly from 1965 to 2000.

The structure of these data was modified to generate a common database of standardized
reconciliated information on soil properties and their measurement units. Profile inclusion in
the final database considered basic quality criteria in accord with our aims and based on
quantitative pedological routines (Beaudette et al., 2013). These criteria were correct
georeferencing, duplicate information, missing data values, error in the information's
agreement with the horizon, and format error. All fields in the database were checked using
basic descriptive statistics, such as minimum, maximum, average, and standard deviation
values to check the consistency of the data and the behavior of the soil properties (e.g.,
extreme values, pH range, CN ratio). The inconsistent data were reclassified as “no data”.
The information on profiles and horizons included in the final database are shown in Table
5.1

As SOC tends to have a log-normal distribution (Yigini et al., 2018), to determine the SOC
spatial distribution, the original SOC data were log-fransformed to test the increase in
correlation between SOC and its prediction factors.

As the purpose of modeling was to estimate the organic carbon in mineral soils, all the
profiles or horizons with over 20% organic matter were excluded from the database
according to WRB criteria (IUSS Working Group WRB, 2015). Thus, Histosol profiles and horizons
composed of organic materials (H, O, L) were eliminated.
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Table 5.1. Soil information in the final database used in the study.

Code Property Units Description
Profile information

Source Source of data Original repository of the database

Province Province

Location Location

Latitude Latitude degree Lafitude WGS84 projection (EPSG:4326)

Longitude Longitude degree Longitude WGS84 projection (EPSG:4326)

UTM east UTM X coordinates m X coordinate ETRS8? / UTM zone 30N
projection (EPSG:25830)

UTM north UTM Y coordinates m Y coordinate ETRS8? / UTM zone 30N
projection (EPSG:25830)

Soil_WRB Saoil classification info WRB According the classification system used in

Soil
Taxonomy_USDA

system

Soil classification into USDA
system

the original bibliographic source

According the classification system used in

the original bibliographic source

Horizon information

Id_Horiz

Id_Profile

Horizon_Main
Horizon

Position Horizon

Depth top
Depth bot
Depth med

Thn
Color HLS

Density

Litho
Sand
Silt

Clay

Unigue identification
number of horizon

Unique identification
number of profile

Morphological properties

Horizon main reference
Horizon reference

Horizon relative position in

the soil profile

Upper limit m
Lower limit m
depth from the surface to m
the centre of the horizon

effective depth m

Horizon color

I: initial position; M: medium position; F: final

position

Munsell Code

Physical properties

Bulk density g/cm3
Coarse material %
Sand %
Silt %
Clay %

Wide variety of methods, including

application of pedotransfer functions. Block

Method is the most widely used

> 2 mm; % of total volume
USDA System
USDA System
USDA System
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Table 5.1. (cont.) Soil information in the final database used in the study.

Code Property Units Description

General chemical properties

oM Organic matter % Conversion factor from TOC: 1.724

TOC Total Organic Carbon a/kg Walkley-Black Method or Dry Combustion
Methods (elemental analyzer)

pH pH in water Soil:waterratio 1:1, 1:2.5 or 1:5

Carb Carbonate content % Bernard's Calcimeter or Titrimetry

C/N Carbon and nitrogen ratio Direct calculation, from TOC and N data

TN Total Nitrogen a/kg Kjeldahl Method or Dry Combustion Methods
(elemental analyzer)

P Phosphorus mg/kg  Olsen or Mehlich Methods

K Potasium mg/kg  Extraction with ammonium acetate and

quantification by ICP spectroscopy or Flame
Photometry Methods

Ca Calcium mg/kg  Extraction with ammonium acetate and
quantification by ICP spectroscopy or Atomic
Absorption Spectrometry Methods

Mg Magnesium mg/kg  Extraction with ammonium acetate and
quantification by ICP spectroscopy or Atomic
Absorption Spectrometry Methods

Na Sodium mg/kg  Extraction with ammonium acetate and
quantification by ICP spectroscopy or Flame
Photometry Methods
CEC Cation-exchange cmol/Kg Cation Summation Method
capacity
EC Electric Conductivity dS/m Soil:water ratio 1:5
Gp Gypsum content % Conductometry in the water extract

5.2.2.1. Standard Soil Depths and Calculation of SOC Concentration and SOC
Stock

To facilitate interoperability of the results, the variable depths of the morphological horizons
were standardized and discretized. New limits were set applying the commonly applied
worldwide criteria for SOC estimation (Brus et al., 2017).

The information in the database on soil organic carbon concentration (SOCc) was
measured analytically, and therefore, that data was used directly in the estimation. Some
data were converted into SOCc from organic matter values, using 0.67 as the conversion
factor, which assumes 58% C in OM (Rosell et al., 2001). SOCc values were discretized in two
standard depths of 0-30 cm and 30-100 cm. The final value assigned to each standard
depth was the sum of the SOCc morphological horizons, weighted by their original depth.

The SOC stock (SOCs) in the profile, defined as the total amount of soil carbon at its effective
depth per unit area, was calculated using equation (1). The effective soil depth (ESD) was
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considered the solum, which includes surface and subsurface horizons with presence of
roots and biological activity (Soil Survey Staff, 1975).

CRFVOL
)] - HSIZE (cm);

SOCs (Kgm?) = Z S0C (g/kg);  BD(Kg -m?); - [1 - < 100 W
i=1 l

where 'i'is the horizon and ‘n’ the total number of horizons in the soil profile, BD is bulk density,
CRFVOL is the percentage of coarse fragments (over 2 mm in diameter), and HSIZE is the
horizon thickness.

Following the principle of interoperability abovementioned, the SOCs was also calculated
for the standard depth of 0-30 cm by the Equation O, prior to standardization to 0-30 cm.

Based on the results of the previous chapte 4r, fo avoid propagating errors in the estimation
of parameters absent in some profiles, stock was calculated only for those profiles with
information available on apparent density and coarse fragment content.

The final number of profiles for modeling carbon as a function of depth was distributed as
follows:

- For estimating SOCc (g/kg) at a standard depth of 0-30 cm, 8332 profiles.

- For estimating SOCc (g/kg) at a standard depth of 30-100 cm, 6947 profiles.
- For estimating SOCs (tC/ha) at a standard depth of 0-30 cm, 1475 profiles.

- For estimating SOCs (1C/ha) at its effective depth, 1499 profiles.

The main SOC characteristics in peninsular Spain were calculated using basic descriptive
statistics of the variables related to carbon, such as density distribution, mean profiles and
spatial autocorrelation.

The data processing and spatial analysis were developed using the open-source software
of QGIS and R (main “agp” "Performance Analytics”, “GSIF" and “gstat” packages).

5.2.2.2. Representativeness of the Database

The spatial representativeness of the database was developed by the probability
distribution based on the maximum entropy method (Phillips et al., 2006). Maximum entropy
(Maxent) has been mainly used in modeling predictive species distribution maps. However,
it is widely used for estimating the relafionship between spatial observations (i.e., soil
samples) and environmental properties (i.e., soil-forming factors) for a specific area
(Villarreal et al., 2018). The *“logistic” predictive model was selected to perform the
probability distribution based on environmental variables to define different representative
areas. These areas were defined by the most relevant environmental covariates in modeling
SOC, according to the results of the covariate selection methods (see section 5.2.4.2).

The predictive capability of the resulting model was tested with the Area Under the Curve
(AUC) of the training data. This value was compared with the AUC expected for a random
model (0.5). Values lower than 0.5 would mean that the model prediction was worse than
a random estimation (Fielding and Bell, 1997). The output resulted in a map with color
gradients showing the similarity of the environmental predictor variables in each pixel and
minimizing the relative entropy between them with regard to the pixels with the located sail
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samples (Elith et al.,, 2011). This approach expressed the information on the spatial
representativeness of the soil samples for different types of environmental factors in
peninsular Spain.

5.2.3. Environmental Covariates

Following our methodological outline (Figure 5.1), the environmental variables to be
included in the SOC model were identified to be applied into the SCORPAN conceptual
spatial inference model (McBratney et al., 2003). According to this conceptual model, soil
property predictions were based on their forming factors categorized in seven
environmental factors: Soil properties (S), climatic variables (C), biota or organisms (O), relief
(R), parent material (P), time, age (A), and spatial location (N).

5.2.3.1. Compilation of Variables

Based on the SCORPAN categorization of the forming factors, the environmental variables
stacked and included in the SOC spatial prediction were:

— Staftic variables:

e Relief factor. Geomorphometric variables of the terrain. the topographic relief was
assessed by geomorphometry and feafure extraction derived from the
Geomorpho90m global dataset, at 90 m resolution under the WGS84 geodetic
datum. The fully-standardized 26 geomorphometric variables in the dataset, derived
from the MERIT-Digital Elevation Model (DEM), consist of layers that describe the (i)
rate of change across the elevation gradient, using first and second derivatives, (ii)
ruggedness, and (iii) geomorphological forms (Amatulli et al., 2020).

The source and resolution of these products are described in Table 5.2.
¢ Human factor. Land cover and uses (IGN, 2012) reclassified info 13 classes.

e Parent Material Factor. Lithological classes from the lithological map of Spain 1M,
with 22 hierarchical levels (IGME, 1995).

e Soil properties. Digital district soil atlas (USDA, 1987). Soil map digitalized based on
the 1:2.000.000 map in the Atlas Nacional de Espana (Soil science) published by the
CSIC/IRNAS (De la Rosa et al., 2001).

— Dynamic variables:

¢ Climate Factor. Precipitation and temperature climatic variables (Ninyerola et al.,
2005).

e Biota Factor. Vegetation indices and ecosystem functional attributes derived from
remote sensing. The indices were related to carbon cycle, water cycle and energy
or heat balance. The functional attributes were related to the amount, seasonality
and phenology of each index.

These indices were calculated from satellite products with a long enough time series
to ensure their stability over fime (2000-2019). The complete remote sensing dataset
included 172 ecosystem functioning indices as candidate predictors. The sources
and resolution of these satellite products are described in Table 5.2.
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Google Earth Engine (Gorelick et al., 2017) was used to derive the intferannual mean
and monthly mean of the following summary metrics of their seasonal dynamics:
annual mean (surrogate for annual total amount), annual maximum and minimum
(indicators of the annual exiremes), seasonal standard deviation (descriptor of
seasonality), and sine and cosine of the dates of maximum and minimum (indicators
of phenology) (Alcaraz-Segura et al., 2017).

Finally, a total of 254 environmental covariates describing the forming factors in the
peninsular territory were estimated as a prior step to SOC spatial modeling (Table 5.2).

Table 5.2. Description of candidate predictors for spatial modeling of soil organic carbon (SOC).

Category Variables Source Scale./
Resolution
Tfopographict®
(i) Slope, Aspect, Aspect cosine, Aspect sine , Eastness, Northness,
Convergence, Compound topographic index, Stream power
index, East-West first order partial derivative, North-South first order
partial derivative
(i) Profile curvature, Tangential curvature, East-West second order
partial derivative, North-South second order parfial derivative,
Second order partial derivative Geomorpho%0m 90m
(i) Elevation standard deviation, Terrain ruggedness index, (Amatulliet al. 2020)
Roughness, Vector ruggedness measure, Topographic position
index, Maximum multiscale deviation (dev-magnitude), Scale of
the maximum multiscale deviation, Maximum multiscale
roughness, Scale of the maximum multiscale roughness
(iv) Geomorphon
Climate
Mean annual precipitation (mm). Mean, minimum and University of Barcelona
maximum annual femperature (°C). Radiation (kW/m2). (Nin ero}/o et al., 2005); 200 m
Period 1951-1999. Y - :
Land features
Soil types P(r &Tﬁ‘:ﬁ\ Sgélgﬁf 1:100000
Lithology IGME (Spain) 1:200000
Land use/cover IGN—CCog\r/w:rLond 1:100000
Satellite-indices
Carbon cycle Normalized Difference Vege’ro’rion Index MOD13Q]1 250 m
(NDVI), Enhanced Vegetation Index (EVI
Precipitation,
. . CHIRPS Tkm
Water cycle Normalized Difference V\_/o’r_er Index (NDWI) MCD43A4 500 m
Evapotranspiration (ET)
Radiative Albedo MCDA4383 500 m
balance
Sensible heat Land Surface Temperature (LST) MODI11A2 1 km
Ecosystem Functional atiributes (inter-annual and monthly mean): (Alcaraz et al, 2017)
Amount: mean, maximum, minimum
Seasondlity: standard deviation, coefficient of variation, range, relative range
Phenology: sine and cosine of the dates of maximum and minimum
(M) Order topographic variables: (i) First order derivative, (i) Second order derivative, (i) Ruggedness, (iv)

Geomorphological forms.
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5.2.3.2. Covariate Matrix

The environmental covariates were stacked in a covariate space, or covariate matrix, with
spatially explicit information. The different formats of the coordinate reference systems (CRS)
and spatial resolutions of the covariates were processed and harmonized. An alternative to
reprojection and rescaling of the covariates was used to decrease geometric distortion and
avoid computational limitations due to the large amount of data (Bauer-Marschallinger et
al., 2014). A reference matrix was generated based on the pixel center locations (x,y) of the
most detailed resolution layer, i.e., MERIT-DEM (90 m), and WGS84 (EPSG 4326) as the CRS.
The covariate data were extracted for each reference matrix location using geoprocessing
techniques, prior to reprojecting the reference matrix coordinates to the CRS of each
covariate, when applicable. The resulting covariate matrix consisted of the value of each
covariate (column) extracted for each point in the study area at a distance of 90 m (row).
This matrix was organized into a tiling system for faster computing processing time in
geoprocessing analyses.

The categorical variables were previously rasterized, considering only those categories with
a sufficiently representative number of soil samples (i.e., over 100 data). These categories
were transformed info a binomial variable (0-1) or “dummy” indicating the presence or
absence of the specific category as specified in Yigini et al. (2018).

R software was used to generate these matrices, in particular “sp”, “rgdal” and “raster”
packages.

5.2.4. Modeling of Soil Organic Carbon

Following the stages of our methodological outline (Figure 5.1), details of the SOC spatial
estimation modeling and model performance methodologies are described below.

5.2.4.1. Regression Matrix

SOC and covariates data were combined in a regression matrix. This matrix included the
carbon database (i.e., SOCc, SOCs and their corresponding log transformations) as well as
the covariate point data, extracted at the same location as the profiles. As the covariance
matrix, the coordinates of the SOC profiles were reprojected to the CRS of each covariate,
if applicable, fo decrease geometric distortions. This structure facilitated analysis of the
relationship between carbon and the covariates.

5.2.4.2. Feature Selection

Due fo the large number of covariates generated (254), their variable importance (VI) was
analyzed to gain insight into the behavior of soil carbon data and interpretability of
covariates influencing soil carbon models. The selection of the most relevant covariates,
also called feature selection, does not compromise model accuracy, and is useful for
avoiding the risk of statfistical redundancy leading to potential overfitting (Gregorutti et al.,
2017). This variable importance approach, based on the relationship between soil carbon
data and covariates, was three-fold:
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a) Multiple linear regression. In this simple and easily interpretable approach, the
dependent variable is modeled as a linear function of a set of regression parameters and a
random error term, which represents variation in the dependent variable unexplained by
the function of the dependent variables and coefficients. Thus, two major assumptions were
made when applying this approach: a) the linear relationship between the response
variable (SOC) and the predictors (environmental covariates), and b) multicollinearity of the
predictors (Yan and Su, 2009).

The absolute value of the t-statistic was used as a measure of VI for each model
parameter. The f-statistic is the coefficient associated with the predictors divided by its
standard error, and is therefore considered a measure of predictor accuracy (Greenwell
and Boehmke, 2020). It was performed with the ‘vip' package in R software.

b) Bayesian analysis. The Bayesian inferential approach is based on the probability
distribution of the parameters derived from observed data and further information available.
The main difference from multilinear models is that in the Bayesian probability model, the
parameters are considered unknown, and both the data and prior information are
combined with a likelihood function in a new posterior distribution or prediction (Gelman et
al., 2013). The probability model was fitted to data by specifying magnitude and different
data assumptions (SOC, log SOC, covariates and scaled covariates) and prior data (mean
and standard deviation).

The models were fitted for a normal distribution using the Markov Chain Monte Carlo
(MCMC) methodology, which facilitates the implementation of Bayesian analysis of
complex datasets. The resulting estimates are known as the posterior distribution, which is
conditional on the data. This conditioning is governed by the rules of probability theory,
which define a uniquely logical posterior for every prior, likelihood, and data (McElreath,
2018). Based on the best combination of the distributional assumptions, the model was built
with an iterative selection of the most significant covariates. The final covariate selection
depended on the model with the best information criteria based on the lowest Watanabe-
Akaike information criteria (WAIC), effective number of simulated samples (>= 300), fewest
covariates and lowest standard error.

We implemented the Bayesian approach in the ‘rethinking’ package in R.

c) Projection pursuit regression (PPR) model using partial dependence plots (PDPs) for
assessing the feature effects. PPR is a statistical modeling technique that can ignore
variables with low explanatory power thus is useful for determining variable importance or
feature selection. The PPR method is based on linear combinations of non-parametric
functions of the explanatory variables and was applied to explore nonlinear relationships in
the data (Friedman and Stuetzle, 1981). The PDPs is a technique for constructing variable
importance plofts. It is | based on assessing the “flatness” of the PDP of each covariate to
graphically display the effect of the feature space on the estimated prediction. PDPs not
only visualize this relationship while accounting for the average effect of the other predictors
in the model, but also ranks and scores the predictors in terms of their relative influence on
the predicted outcome. Then PDP-based VI scores coefficients were computed based on
the fitted PPR model. These VI scores captured the variability in the partial dependence
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values for each main effect by computing the standard deviation of the y-axis values for
each PDP. For the final selection, we ranked the covariate VI scores in terms of their relative
influence on the SOC data.

We fitted the projection pursuit regression method and construct PDPs for each
covariates using the ‘stats’ and ‘pdp’ packages in R.

The final covariate dataset was selected by the highest VI scores. The covariates common
to the three feature selection techniques were prioritized to reduce the dataset dimension.
This final covariate selection was supervised by expert criteria.

This procedure was performed for each SOC variable (SOCc and SOCs) at the 0-30 cm and
30-100 cm standard depths and effective depth, as appropriate. This analysis enabled a
considerable reduction in the dimensions of the regression covariance matrix used in the
predictive models.

5.2.4.3. Predictive Models

There is a wide range of optimal SOC predictor algorithms for digital soil mapping (Guevara
et al., 2018). Furthermore, considering the complex and frequently non-linear relationship
between SOC and environmental variables, multi-model ensemble methods using a
machine learning (ML) algorithm to predict the SOC spatial variability were combined with
its associated uncertainty (Shangguan et al., 2017; Wang et al., 2018a). Ensemble learning
is a machine learning branch that combines several base ML models (whether
homogeneous or heterogeneous) to achieve better predictive performance than individual
ML models by reducing the noise or error between observed and predicted data (Zhang
and Ma, 2012).

Ensemble methods are usually grouped into booftstrap aggregating (bagging), boosting,
and stacking methods. All three categories attempt fo tune their predictions to the
observations by decreasing model variance, bias, or both simultaneously. The main
difference is that bagging and boosting usually work with homogeneous models, whereas
stacking excels in combining heterogeneous models (Nguyen et al., 2021). We used the
following three modeling approaches to predict SOC:

- Quantile regression forest (QRF): In view of the results of chapter 4, we considered the
QRF technigue based purely on regression, i.e., no kriging interpolation of residuals, a good
performance model for mapping SOC with sparse legacy data, as is the case in this study.
The bagged ensemble of ‘QRF’ decision free is an extension of random forest (RF) used for
accurate estimation of the full conditional distribution of the response variable for each pixel
value.

The QRF algorithm was used without kriging interpolation of residuals as implemented in the
quantregForest (QRF) package in R software (Meinshausen, 2006). The QRF validation
statistics were calculated from out-of-bag error.

- Ensemble Machine Learning (MLR): For this predictive ensemble approach, linear
model regression (Im) predictors were combined with non-parametric models based on a
bagging and boosting algorithm. A stacked learner was fitted using predictions from five
individual learners: Im, random forest (RF), deep learning (DL), cubist (Cb) and weighted k-
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nearest neighbor classifier (kknn). A super learner was generated using the base learner
predictions as features by the compress method, i.e., fraining a neural network to compress
the model from the collection of base learners. An independent assessment of all individual
learners was performed by ten-fold cross validation. Spatial partition in cross-validation by k-
means clustering was used to partition the dataset into equally sized, spatially disjointed
subsets by two classification layers as a spatial component: xy locations of soil data and the
Képpen climate classification (Kottek et al., 2006).

The ensemble was implemented with the MLR (Machine Learning in R) package.

—  Auto-machine learning (AutoML): AutoML modeling ensembles of a large number of
models by efficiently automating learning algorithms and featurization, and optfimizing
computing power and time. Given the huge and growing variety of ML algorithms, their
selection and hyperparameter tuning have become challenging tasks. We used the H20
package for R, which frains a variety of algorithms, such as generalized linear models
(GLMs), distributed RF, deep neural networks, XGBoost or gradient boosting machines
(GBMs), among others. The H20O AutoML algorithm relies on efficient fraining of high-quality
algorithms to produce a large number of models in a short amount of time, yielding diversity
across candidate models, which can be exploited by stacked ensembles to produce a
powerful final model (LeDell and Poirier, 2020). This process was highly scalable and fully-
automated. The resulting AutoML object included a “leaderboard” of models that were
trained in the process, including 10-fold cross-validated model performance. The models
were ranked by root-mean-square error (RMSE).

The information criteria for assessing the fit of the three models were the determination
coefficient (R2), the root-mean-square error (RMSE) and mean absolute error (MAE). Each
model was evaluated by comparing the SOC values performed with 75% of the dataset,
with a validation dataset (remaining 25%). We repeated this process three times for each
model approach to obtain the mean of the model evaluation stafistics (i.e., concordance
correlation coefficient (CC, Lin, 1989), normalized RMSE).

For the log SOC estimates, the model diagnostics and prediction values were back-
fransformed into their original units.

5.2.5. Spatial Prediction and Final Map Compilation

The last stage of the study methodological outline (Figure 5.1) refers to the spatial prediction
of SOC and generation of the final maps.

5.2.5.1. Spatial Inference and Uncertainty of SOC

For the carbon variable (SOCc and SOCs), the model predictions for each carbon data
profile were extrapolated to the full extent of the study area by the covariance matrix,
generating three prediction maps, one for each model approach (QRF, MLR, AutoML).

The three different prediction maps were generated from the model approach by randomly
partitioning the dataset (75% training and 25% validation) from three simulations of the
model. The standard deviation of the resulting maps was calculated for each pixel to
estimate model precision. This standard deviation map was interpreted as a surrogate of the
spatial uncertainty associated with the SOC estimates for each pixel value. This procedure
was replicated for each model approach (QRF, MLR, AutoML).
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The SOC spatial prediction maps contributed to the final 20-m spatial resolution map for
peninsular Spain. This final map was generated by assigning each pixel the prediction value
of the most accurate map, i.e., the one with the lowest uncertainty value for the given pixel
(Figure 5.3).

This workflow was repeated for SOCc at the 0-30 cm and 30-100 cm depths and for SOCs at
0-30 cm and the effective depth. The result was eight maps corresponding to the mean SOC
spatial prediction at the two standard depths, and their respective associated uncertainty
maps as surrogates for the most probable interval of carbon values.

S0OC prediction S0OC uncertainty

maps maps
—m
QRF model ) ——
—p
validation '
. sD
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25% validofion set

ILE model —

Final map

—
Validation Each pixel value:
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25% validofion set

lowest uncertainty
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—p
Validation
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Figure 5.3 Soil organic carbon (SOC) spatial prediction mapping design. SD= standard deviation

5.2.5.2. Model Accuracy Assessment

As menfioned above, there is no perfect model on digital SOC mapping, especially for
extensive areas and using disperse soil profiles from a legacy database, collected over long
periods of time. Thus, different approaches were used for spatial prediction of SOC and
different model evaluation metrics were considered to evaluate and compare the
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accuracy of the resulting models. The metrics are based on comparison of observed and
predicted data for the validation set in each model (QRF, MLR, AutoML) as Gray et al. (2015)
proposed. Specifically, the four statistical indices used for this were: (a) the coefficient of
determination (R2), which measures the percentage of variation explained by each model;
(o) the mean absolute error (MAE), which indicates how close the prediction is fo the
observation; (c) the root mean square error (RMSE), which measures the overall accuracy
of the prediction; and (d) the CC, which measures concordance level between predicted
and observed values.

The conditional quantiles were plotted to verify the predictive to verify the effectiveness of
the models across the full distribution of SOC observed values (Wilks, 2019). The conditional
quantile plot splits the predicted value evenly and identifies the corresponding values of the
observations, and the median, 25/75th and 10/90 percentile (quantile) calculated. The data
are plotted to show how well predictions agree with observations across the full distribution
of values.

The ‘openair’ package in R was used to perform the conditional quantiles plofs.

5.3. RESULTS

5.3.1. Database

5.3.1.1. Input Soil Database Descriptive Statistics

After harmonization data and screening for errors, the database included 8,332 soil profiles
distributed in 25,370 morphological horizons distributed throughout peninsular Spain (Figure
5.2).

Only profiles with complete information were included in the stock calculation to avoid error
propagation. The remaining number of profiles was 1,499, slightly more than the 1,475
selected for stock estimation at the standard depth of 0-30 cm.

SOCc content in the morphological horizons was highly variable, from 0.02 g/kg to
296.9 g/kg, and a mean of 16.53 g/kg. The mean SOCc in the standard 0-30 cm depth
interval was 20.7 g/Kg, and in 30-100 cm, it was 5.8 g/kg. The latfter represents 35% of the
profile mean. Similarly, SOCs calculated in the profile varied from 0.006 kg/m2 to
87.1478 kg/m?2 with a mean of 2.965 kg/m?2. In this case, the carbon stock in the upper 30 cm
was 65% of the profile mean (Table 5.3).
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Table 5.3. Stafistical summary of soil organic carbon concentration (SOCc) and and Soil Organic
Carbon stock (SOCs) at different standard depths.

Variable() Depth :::::;L Minimum Qulsr:ﬁle Median Mean Qu:::iile Maximum
SOCc 0-30 8,332 0.017 7.148 14008 20.691  27.098 257.95
(9/kg)  30-100 6,947 0.017 1.700 3371 5833 6.814 185.743
SOCs 0-30 1,475 0.119 2.066 3738 531 6.95 39.967

(kg/m?)  ESD®) 1,499 0.119 3.000 5300 8.198 10.260 93.892

(M'sOC=Soil Organic Carbon concentration; c=concentration, s=stock. (2 ESD= Effective soil depth.

The statistical distribution of SOCc and SOCc showed a normal distribution with a right-skew
once their original values had been tfransformed to a natural log (Figure 5.4).
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Figure 5.4 Stafistical distribution of original soil organic carbon (SOC) data versus their log-transforms.
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The statistical description of the SOCc average profile (Figure 5.5) showed most of the SOC
in upper 20-30 cm layers, decreasing rapidly with depth. The mean profile values ranged
from 23 g/kg in the upper horizon (0-5 cm) to 3 g/kg in the deepest horizon (>200 m).

This analysis demonstrated the shallow depth of peninsular soils, where only 35% of the
horizons were over 100 cm, decreasing to 3% at >150 cm.
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Figure 5.5 Soil organic carbon (SOC) concenfration (g/kg) average profile at different depths.

SOC spatial autocorrelation was evaluated using the ratio of the nugget effect to the total
sill called the nugget-to-sill ratio (NSR). The analysis of the SOCc log variable, which
presented a normal distribution, showed NSR >75%. This value indicated a weak spatial
structure (Cambardella et al., 1994). In addition, the large nugget effect (nugget = 1.3)
could mean that a large proportion of fine-scale SOCc variation was not captured by the
data. Despite the lack of evidence of autocorrelation, the SOCc kriging prediction to the
new locatfion based on the soil type map showed similarities with the general distribution
expected and a relatively low standard error (Figure 5.6).

To analyze a more detail autocorrelation dependence with soil depth, this analysis was
generated at six different depths (down to 5, 10, 15, 30, 60, 100 and >100 cm). There was a
general moderate dependence on the best spatial correlation (NSR = 35%) at the first
horizon (0-5 cm) and a gradual decrease with depth up to NSR = 72% at 2 m (Table 5.4).
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Figure 5.6 Spatial autocorrelation prediction on the soil type map (IGN, 1995) and semivariogram plot
of the natural logarithm of SOC concentrations in soil profile samples.

Table 5.4 Data autocorrelation for the logarithm of soil organic carbon concentration (SOCc) af six
different depths.

?gﬂ;‘ Model Nugget Sill Range Kappa Ratio (NSR) autof:%?:ci:llclxtion
0-5 Ste 0.22 0.67 28657 0.20 0.34 moderate
0-15 Ste 0.47 0.95 163474 0.20 0.50 moderate
0-30 Ste 0.65 1.05 133406 0.40 0.62 moderate
0-60 Ste 0.85 1.33 221661 0.20 0.64 moderate
0-100 Ste 1.14 1.53 210823 0.30 0.74 moderate
0-200 Ste 1.25 1.75 352425 0.20 0.72 moderate
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5.3.1.2. Profile spatial distribution: database representativeness

Spatial representativeness of the database used for modeling SOC was analyzed with the
maximum enfropy distribution technique (Maxent). The predictive capacity of the model
was fested with the mean of the area under the curve (AUC) of the training data. The AUC
calculated by the model (AUC=0.611) was higher than the AUC of a random prediction
(0.5), which confirms the applicability of maximum entropy analysis for evaluating the
representativeness of the database.

Figure 5.7 depicts the probability distribution showing that the ecosystems were well
represented by the profile database used in this study (0 low representativeness, 1 high
representativeness). This map shows that the ecosystems defined by the environmental
variables in the SOC modeling are not uniformly represented by the profile data. The best
represented areas were the mountain systems, both in the interior (Central System, Sierra de
la Demanda and Sierra Morena) and in the north and southeast (Cantabrian Range,
Pyrenees and Betic System). In the Betic System, in particular, representativeness of these
abrupt zones were interspersed with gentler reliefs, including coastal zones. The worst
represented areas were in the Cenftral Plateau (both in the northern and southern areas),
the Ebro Depression and the Tajo and Guadiana Basins.

Representativeness
index

l High: 0.804
Low: 0.260

150 300
km

Figure 5.7 Maximum enfropy model of soil data distribution spatial representativeness (MaxEnt
program).
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5.3.2. Modeling and prediction

5.3.2.1. Feature selection

A total of 254 covariates were generated for modeling SOC in peninsular Spain. These
covariates were categorized info four main groups: topography, climate, remote sensing
and soil. However, the high number of covariates and combinations would have led to an
enormous number of submodels for predictor selection, causing problems for their
computation and synthesis. Therefore, selection of the covariates was based on those
categories, which ensured representation of the various soil-forming factors. In each
category, combinations were made to evaluate the importance of the variables in the
different models: SOCc, SOCs and their normal logarithms with covariate original values and
their rescaled values. The most accurate combination in the selection models was the log
SOC and covariate original values. Finally, the model diagnostic criteria and prediction
maps were back-transformed into their original units.

According to the criteria for evaluating the importance of the variable in each selection
method (multiple linear regression, Bayesian analysis and partial dependence plots), the
covariate space was considerably reduced in all SOC estimations. Table 5.2 shows the
covariates selected for each SOC modeling at the different depths. For modeling SOCc at
the 0-30 cm standard depth, 17 covariates were selected, and for 30-100 cm 19 covariates
were selected. Due to the slight difference between the number of profile samples used in
stock spatial modeling at the 0-30 cm depth and the effective depth (1475 and 1499,
respectively) the selection of covariates was the same in both cases. Therefore, 13
covariates were selected for SOCs in both depths.

The indices derived from terrain roughness, specifically, the maximum (rough-magnitude),
scale size related to topographic position (dev-scale), and slope, were the most relevant
topographic variables. Annual precipitation and mean and minimum temperatures in
Spring (May) were the most significant climate variables. Among the remote sensing
covariatesrelated to the carbon cycle, NDVI (mean and maximum) was the most important
of the annual covariates, and the mean EVI in Spring (March) the most important monthly
covariate. The importance of indices related to the water cycle (ET and NDWI) in both
annual and monthly covariates should also be emphasized. The month that most influenced
SOC was March. The covariates related to soll, i.e., lithology, soil type and land use, were
included directly in all the SOC models, because they were considered essential fo
modeling soil properties.
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Table 5.5 Selected covariates for spatial modeling of soil organic carbon concenfration (SOCc) and
soil organic carbon stock (SOCs) variables at different standard depths.

Variable/depth SOCc (0-30 cm) SOCc 30-100 cm SOCs 0-30 cm/ESD (D

Climate variables (2)

. - Mean Pp
Annual - Min Temp - Mean Pp
- Mean Temp
- Mean Pp for May
- Max Temp for Feb .
- Mean Temp for - Max Temp for April
Monthly May - Mean Temp for May .
. - Min Temp for May
- Min Temp for May - Min Temp for March

Satellite-indices variables (2)

- Mean ET
- Max Albedo
- Max LST - Mox ET
Annual - Mean NDVI
- Max NDVI - Mean NDVI
- Max NDWI
- Max NDWI
- Mean Albedo for
August - Mean EVI for March
- Mean ET for March - Mean ET for May
Monthly - Mean LST for - Mean EVI for March
- Mean LST for July
March
- Mean NDVI for - Mean NDWI for July
June

Topographic variable (2)

- dev-magnitude
elev-stdev

- dev-magnitude

- dev-scale .

- dev-scale . - rough-magnitude
. - rough-magnitude

- rough-magnitude - slope

- slope

Land features
- Lithology - Soil types - Land use/cover
Total number 17 19 13

(M ESD: effective soil depth. (2 Max: maximum; Min: minimum; dev-magnitude: Max multiscale deviation; dev-scale:
Scale of the Max multiscale; rough-magnitude: Max multiscale roughness; elev-stdev: Elevation standard deviation;
Pp: precipitation; Temp: temperature; NDVI: Normalized Difference Vegetation Index; NDWI: Normalized Difference
Water Index; ET: Evapotranspiration, LST: Land Surface Temperature.

5.3.2.1.1. Linear models

To evaluate variable importance (VI) using the assumption of linearity between the
covariates and the SOC, the absolute value of the t-statistic was calculated for each
parameter in the linear model applied. Values over 2 are considered acceptable since the
higher the t-value, the higher confidence in the coefficient as a predictor (Greenwell and
Boehmke, 2020). Table 5.6 shows the VI in descending order, associated with the selected
covariates by category for each study case.
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Table 5.6 Variable importance (VI) scores based on the linear regression model (absolute value of the
t-stafistic) for covariate selection in soil organic carbon (SOC) estimation at standard depths. The final
selection of covariates is in bold.

SOCc(M0-30cm SOCc (M 30-100 cm SOCs 0-30 cm/ESD (2)
Variable @) V| Sign (4 Variable VI Sign Variable VI Sign
Category: Climate

Mean Pp August 5301 POS Min Temp March 5254 NEG MaxTemp 1.616 NEG
April

Min Temp 4849 NEG Mean Temp May 4992 NEG MoxTemp  1.001 NEG
Feb

Mean Temp May 3.813 NEG Max Temp Feb 3.003 NEG MinTemp 0.957 NEG

Mean Pp May 3.430 POS Mean Pp July 2.572 POS MinTemp 0.782 NEG
May

Max Temp 2.871 NEG Mean Pp 1.166 POS Mean Pp 0.489 POS

Min Temp May 2.346 NEG Max Temp March 0.157 NEG

Category: Satellite-indices

Mean EVI

Max Albedo 5.741 NEG Mean ET 3.861 NEG March 1.318 POS
Max ET 4309 NEG MeanLSTJuly 3560 POS Me/fp”mLST 1185 NEG
Mean NDVI 4303 POS Mean ET May 3.778 POS Mean NDVI  1.059 POS
Mean ET May 4119 NEG Max Alb 2.649 NEG Max ET 0.757 NEG
Mean Albedo August  3.344 POS Max NDWI 2.462 POS
Max NDWI 3.253 POS Mean NDWI July 2.259 POS
Min Alb 2.726 POS Max LST 2.207 POS
Mean ET March 2.661 NEG Mean ET July 2.106 POS
Mean NDWI 2.508 POS Max NDVI 1.842 POS
Mean NDVI June 2.388 POS Mean NDWI March  1.501 NEG
Mean LST March 2.287 NEG Mean EVI March 1.069 NEG
Mean NDW December 0.006 NEG
Category: Topography
rough-magnitude ~ 17.593 POS rough-magnitude  4.158 POS m;‘;"nﬁ"%e 1.822  POS
dev-magnitude 11.177  POS dev-scale 3.904 NEG dev-scale 1.538 POS
geom 6.409 POS fcurv 1.533 NEG elev-stdev 1.132 NEG
dev-scale 6.249 NEG dev-magnitude 1.390 POS spi 0.307 POS
slope 0.829 POS

(M Vi scores refer to the logarithm of SOC concentration (SOCc) and SOC stock (SOCs). (3 ESD: effective soil depth.
() Abbreviations: Max: maximum; Min: minimum; dev-magnitude: Max multiscale deviation; dev-scale: Scale of
the Max multiscale; rough-magnitude: Max multiscale roughness; elev-stdev: Elevation standard deviation; geom:
Geomorphon; tcurv: Tangential curvature; spi: Stream power index; Pp: precipitation; Temp: temperature; NDVI:
Normalized Difference Vegetation Index; NDWI: Normalized Difference Water Index; ET: Evapotranspiration, LST:
Land Surface Temperature. 4 POS: positive sign, NEG: negative sign.

The most significant climate variables were related to temperature, and were negatively
correlated with SOC. The vegetation indices (NDVI, EVI), ET and LST were the most important
remote-sensing indices in the linear models, especially the annual data for SOCc at 0-30 cm
and the monthly data in spring (mainly March and May) for the others. The topographic
variable, rough-magnitude, was especially important, and clearly the most influential in all
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cases. This variable represents the magnitude of deviation from the normal vector from the
surface, measured in degrees. Thus, as can be deduced from the positive data trend, the
more irregular and abrupt a surface, i.e., a wider deviation, the larger the amount of SOC.

The highest VI measure was found in SOCc at a depth of 0.30 cm, and the lowest in SOCs in
every category of covariates.

Regarding the evaluation metrics of the linear models, the residual standard error (RSE) was
high and very similar at the standard depths, with a mean of 13.5 g/kg for SOCc and
3.5 g/m? for SOCs. However, the adjusted coefficient of determination (Adjusted R2) was
higher for SOCc at the 0-30 cm depth (0.36), lower for SOCc at 30-100cm (0.18) and
intfermediate for SOCs (0.28).

5.3.2.1.2. Bayesian analysis

Metrics for the precis of model fit were acquired with Bayesian model analysis. Assuming @
normal distribution of log SOC, the displayed output included the estimates (mean) and
standard error (StdDev) with optimal confidence intervals (5.5% and 94.5% by default) and
parameter correlations. The StdDev is the standard deviation of the posterior distribution,
while the mean is its peak. The posterior intervals, which are the quadratic estimates derived
from StdDev, showed the 89% confidence intervals.

The resulting precis values of the models were plotted to evaluate the VI for SOCc (Figure
5.8) and for SOCs (Figure 5.9). The estimated means are marked by circles and their
corresponding 89% confidence intervals by solid horizontal lines. The covariates which did
not include 0 at the 89% confidence intervals were considered statistically significant in
modeling SOC. In addition, for a same model, a narrow confidence interval may be
interpreted as a sftrong relationship between the covariate and the predicted value.
Accordingly, the most important variables in the SOCc model were those related to the
remote sensing indices, especially ET and EVI (Figure 5.8). For SOCs, they were the climate-
related variables (Figure 5.9).
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Figure 5.8 Soil organic carbon concentration (SOCc) plots of posterior means and 89% highest density
intervals of parameters based on Bayesian analysis models for the covariate selection. Data refer to
the log SOCc af standard depths of 0-30 cm (leff) and 30-100 cm (right). The final selected covariates
are in cursive and bold.

(M Max: maximum; Min: minimum; SD: standard deviation; dev-magnitude: Max multiscale deviation; dev-scale:
Scale of the Max mulfiscale; rough-magnitude: Max multiscale roughness; geom: Geomorphon; spi: Sfream power

index; Pp: precipitation; Temp: temperature; NDVI: Normalized Difference Vegetation Index; EVI: Enhanced
Vegetation Index; NDWI: Normalized Difference Water Index; ET: Evapotfranspiration, LST: Land Surface Temperature
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Figure 5.9 Soil organic carbon stock (SOCs) plots of posterior means and 89% highest density intervals
of parameters based on Bayesian analysis models for the covariate selection. Data refer to the log
SOCs. The final selected covariates are in cursive and bold.

(M Max: maximum; Min: minimum; SD: standard deviation; dev-magnitude: Max multiscale deviation; dev-scale:
Scale of the Max multiscale; rough-magnitude: Max mulfiscale roughness; geom: Geomorphon; spi: Sfream power
index; Pp: precipitation; Temp: temperature; NDVI: Normalized Difference Vegetation Index; EVI: Enhanced
Vegetation Index; NDWI: Normalized Difference Water Index; ET: Evapotranspiration, LST: Land Surface
Temperature.

5.3.2.1.3. Partial dependence plots

The marginal effect of the covariates on the SOC at different depths analyzed with
univariate partial dependence plots (PDPs) is depicted in Figure 5.10. This figure shows the
most influential covariates by category (climate, remote-sensing indices and fopography)
for each case of SOC. The x-axis represents the covariate, and the y-axis is the log SOC. The
plots depict the direction of the association and the type of relationship (linear or nonlinear)
between the covariate and SOC. Based on this visual representation, the topographic
rough-magnitude covariate described a linear relationship in both cases of SOCc, stronger
in the upper 30 cm. This was in agreement with the results found for the VI scores of the
multiple linear regression model, and also observed in the Bayesian analysis precis plof.
However, for SOCs, the most representative topographic covariate was slope, where
predicted probability was higher on slope values over 30%, and even negative on slope
values between 15-30%. In the multiple linear regression models, this covariate was not
significant.

111



(a) SOCc

(0-30cm) (30-100 cm)
P o
= 2 -;3
=2 _
1
0 0
-50 0 50 100 150
Min Temperature() Mean Precipitation
5 5
4 4
- ®3
£ Ll
1 1
0 0
0 2000 4000 6000 8000 100 200 200
Mean NDVI Mean Temperature
5 5
4 4
B3 3 /——_
'§-2 =2
1 1
0 0
10 20 30 10 20 30
Rough-magnitude Rough-magnitude
(b) SOCs (0 - 30 cm/ EDS depth)
5 5
4 4 f
=3 m ® 3
= £
>2 =2
1 1
0 0
50 100 150 20C 0 2000 4000
Mean Temp Mean EVI March

b

yhat
'

O -

0 10 20 30 40 50
Slope

Figure 5.10 Univariate partial dependence plofs based on projection pursuit regression for the
covariate selection by category. Plofs refer to the relatfively most influential covariate on the log soil
organic carbon concentration (SOCc) at standard depths of 0-30 cm and 30-100 cm and log soil
organic carbon stock (SOCs) at 0-30 cm and effective soil depth (ESD). (0 The x-axis represents
covariate values. The y-axis represents the log SOC. Max: maximum; Min: minimum; SD: standard
deviation; rough-magnitude: Max multiscale roughness; elev-stdev: Elevation standard deviation; Pp:
precipitation; Temp: temperature; NDVI: Normalized Difference Vegetation Index; EVI: Enhanced
Vegetation Index; ET: Evapotranspiration, LST: Land Surface Temperature.

The correlation between SOC and temperature was negative, with a clear linear relationship with
SOCc at 30 cm, as observed in both the linear and Bayesian analyses. The mean annual tfemperature
frend for SOCs was also negative but with a more complex relationship, showing a slight rise starting
at 15°C. This could explain the discrepancy in importance of this variable on SOCs in linear analyses
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versus the PDP and Bayesian analyses. The remote-sensing index predictors revealed quite similar
“flatness paftterns”, especially for SOCs, highlighting the annual means of NDVI, EET and EVI for SOCc
at 30 cm, SOCc at 30-100 cm and SOCs, respectively.

5.3.2.2. Model Calibration Data

For the SOC variability prediction and its associated uncertainty, we combined three
methods of multimodel ensembles using machine-learning algorithms: quantile regression
forest (QRF), ensemble machine learning (MLR) and auto-machine learning (AutoML).

In view of chapter 4 results, additional kriging of residuals was no considered for the QRF
model, since the density and clustered distribution of the soil data reduced the advantage
of this method. The most accurate model selected in the MLR predictive ensemble
approach was Cb, which was validated by spatial cross-validation with the xy locations of
the soil data spatial component. To generate the final ensemble in AutoML modeling
(stacked ensemble with allmodels), the "GLM" and “Deeplearning” algorithm families were
excluded due to their strong influence on decreasing accuracy in the final spatial
prediction.

The statistical summary of the models used for the SOC spatial prediction grouped by depth
is described in Table 5.7. For model diagnosis, the concordance correlation coefficient (CC)
was calculated for both the calibration and validation dataset (CCca and CCva), and
NRMSE and nMAE were calculated for the validation dataset.

The differences between CCca and CCva were rather slight, except for the AutoML model,
where the GBM algorithm family contributed to a higher CCca. Although the RMSE and MAE
may both be used to measure the accuracy of contfinuous variables, the average
prediction error is easier to interpret with the MAE, and furthermore, it does not penalize
large errors. Based on the CCva and NMAE metrics, a decrease in accuracy with depth was
observed in both SOC variables, e.g., CCva= 0.583 and nMAE =0.441 for the 0-30 cm horizon
and CCva= 0.351 and nMAE =0.668 for 30-100 cm, for SOCc.

At the same depth, i.e., in the upper 30 cm, the SOCc was more accurate than SOCs in alll
the models, while at 30-100 cm it was the least accurate (Table 5.7). In general, the
differences between the nMAE in the three predictive ensemble approaches for each study
case were rather slight, however, CC showed significant differences.

113



Table 5.7 Evaluation of model performance for soil organic carbon concentration (SOCc) and stock
(SOCs) at 0-30 cm, 30-100 cm and effective soil depth (ESD). NRMSE and nMAE are expressed as parts
per unit.

Parameter CCca CCva NRMSE nMAE CCca CCvai NRMSE nMAE

SOC concentration

Predictive model 0-30 cm 30-100 cm
AutoML 0.825 0.583 0.684 0.433 0.629 0.351 1.296 0.668
QRF 0.485 0.472 0.733 0.458 0.354 0.307 0.680 0.610
MLR 0.434 0.350 0.775 0.474 0.278 0.227 0.737 0.578
SOC stock
0-30 cm Effective soil depth
AutoML 0.672 0.417 0.548 0.441 0.563 0.378 0.651 0.516
QRF 0.445 0.381 0.545 0.504 0.358 0.295 0.646 0.552
MLR 0.401 0.270 0.628 0.535 0.323 0.232 0.711 0.570

These predictive models contributed to obtaining the final SOC spatial distribution maps for
peninsular Spain at a 90-m spatial resolution (Figure 5.11 and Figure 5.12). These final maps
were generafed by assigning the most accurate model prediction for each pixel, i.e., with
the lowest uncertainty for the specific pixel.
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(a) Predicted maps

0-30cm 30-100cm

Figure 5.11 Soil organic carbon concentration (SOCc). Final spatial distribution maps at different
depths for peninsular Spain (?0-m pixel resolution). Data display was stretched by the cumulative pixel
count cut method (default range 2%-98%).
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(a) Predicted values maps
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(c) Model composition maps

Figure 5.12 Soil organic carbon stock (SOCs). Final spatial distribution maps at different depths for
peninsular Spain (?0-m pixel resolution). Data display was strefched by the cumulative pixel count cut
method (default range 2%-98%).
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The SOC maps described a strong spatial pattern, far from any random distribution. In
general, the distribution of SOCc and SOCs at the depths analyzed showed very similar
geographic patterns. The highest predictions for both SOCc (Figure 5.11) and SOCs (Figure
5.12) corresponded to a both a climatic and a topographic pattern. Climate explained the
gradient from maximum SOC in the northwest and north, associated with the humid area of
the peninsula, to a progressive decrease to the east. The topographic pattern explained
the highest values in the main mountain systems in the interior of the peninsula (Central
Mountain System, Iberian System and east of the Subbetic System). The land cover factor
was also represented. In general, the lowest values corresponded to the large agricultural
areas of the Central Plateau (both north and south), the southwest Guadiana alluvial plain
and the Guadalquivir depression, along with the subarid areas in the southeast.

The prediction uncertainty maps showed a different spatial pattern for SOCc, which is
clearly divided into north, except the Central Plateau, and south of the peninsula. This spatial
pattern was similar to the predictive maps, with higher variability in areas with higher SOC.
The uncertainty map was calculated based on the SD of the simulations generated for each
predictive model approach (Figure 5.3). Therefore, it may be deduced that the models
were less accurate in the higher SOC areas than in lower ones. This could also explain the
lower uncertainty found in the SOCc prediction in the 30-100 cm map.

Even though the spatial pattern of SOC uncertainty maps was similar, the values on the stock
maps were lower than for concentration maps, with lower uncertainty associated with the
lowest estimated values, and vice versa. Similarly for SOCc, the uncertainty in the upper
horizons (0-30) in stock was higher than in the complete profile (EDS), although with slight
differences.

The spatial distribution of the different models (QRF, AutoML and MLR) in the final map
differed in combinations of SOC and depth. For SOCc at 0-30 cm, the spatial distribution of
the three models was homogeneous, except for the higher SOC areas in the north of the
peninsula and in mountain systems, where the QRF model was dominant. The prediction of
SOCc at 30-100 cm depicted a much lower confribution of the AutoML ensemble, where
the MLR and QRF models were dominant with different distribution areas.

Visual analysis of the maps showed that model capacity for SOCs prediction at different
depths remained relatively constant. The distribution of the models assigned to each pixel
did not follow a clearly defined spatial pattern, which complicated the characterization of
the models associated with SOCs values.

The analysis of residuals in the final map compilation based on the linear relationship
between observed and predicted values showed R?=0.48 for SOCc and R2=0.54 for SOCs in
the upper 30cm, and low values in deeper horizons.

The mean SOCc in peninsular Spain was 15.7 g.kg-! in the upper horizons (0-30), decreasing
to 3.6 g.kg-! in horizons bellow to 100 cm. The total stock in the profile, i.e., at the ESD, was
3.8 Pg C, storing 74% in the upper 30 cm (2.82 Pg C) (Figure 5.13). In this case, SOC stock
estimates accounting only for the upper 30 cm would be underestimating over 25% of the
stock stored in the subsurface horizons.
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Figure 5.13 Mean of soil organic carbon concentration (SOCc, g/kg) and sum of stock (SOCs, Pg) in
peninsular Spain at 90 m spatial resolution in the different soil depth layers. (NESD= effective soil depth.

5.3.2.3. Model Validation

The prediction capacity of the final maps was evaluated by plotting the conditional
quantiles to verify the effectiveness of the models across the full distribution of SOC observed
values (Figure 5.14).

The final values predicted by the models did not cover the full range of observed values,
with the highest predicted for SOCc at 0-30 cm (136.1 g/kg) and for SOCs at the ESD (38.33
kg/mZ2). The median values of the predictions (red line) showed more variability in high SOC.
Compared to a perfect model (blue line), which would have low dispersion, the SOCc at 0-
30 cm had the highest model performance based on these metrics, and the lowest at 30-
100 cm.
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Figure 5.14 Conditional quantile plots across the full distribution of observed soil organic carbon (SOC)
concenfration (top) and stock (bottom) at different depths.

5.3.3. Data Availability

The final 20-m-resolution maps of SOCc and SOCs spatial estimation at different depths in
peninsular Spain are available on a public repository at
https://drive.google.com/drive/folders/1SykCBAbpHNUPHcChbguE34iiBfBIvOInM2usp=sharin
d

Maps are in standard formats and can be used for both national applications and global
scale analyses.


https://drive.google.com/drive/folders/1SykCBAbpHnUPHcCbguE34jiBfBIvOlnM?usp=sharing
https://drive.google.com/drive/folders/1SykCBAbpHnUPHcCbguE34jiBfBIvOlnM?usp=sharing

5.4. DISCUSSION

The methodological procedure proposed in this study resulted in reasonably accurate,
spatially explicit predictions of SOCc and SOCs in peninsular Spain, achieving the best
possible results with the information and methods available. This is demonstrated by the
following indicators: 1) the robustness of the models based on the small differences between
the information criteria for calibration and validation and showing no overfitting of models
(Mulder et al., 2016); 2) the acceptable mean errors in the SOC model diagnostics (MAE) in
a Mediterranean climate area with relatively poor sample distribution (Hengl et al., 2004;
Zeraatpisheh et al., 2019); and 3) the agreement between the final generated maps with
the expected spatial distribution and with other national SOC modelings such as those of
Calvo de Anta et al. (2020) or (Rodriguez Martin et al., 2016).

However, the predictive capacity for SOC concentration and stock differed depending on
the carbon variable and depth. Af the same depth, i.e., at 0-30 cm, the SOCc map showed
more accurate predictions than the SOCs map. This difference was also demonstrated in
chapter 4. Such as it was concluded, the lack of soil databases with the basic information
required to determine the carbon stock, i.e., mainly bulk density and coarse fragments,
could propagate errors by the extrapolation of parameters (Durante et al., 2020; Poeplau
et al., 2017). Thus, only those soil samples with complete information were used to calculate
the stock in this study, which greatly decreased the number of available profiles (data) and,
consequently the prediction capacity.

Data availability

The analysis of database representativeness, as well as the slight difference between the
profile samples at 0-30 cm and ESD (1475 and 1499, respectively), showed the low number
of representative profile samples with complete information.

Despite efforts to compile the available soil information for this study, acquiring new data
that improved the representativeness of the originals, it was demonstrated that the soil
information available nationwide in operative formats was clearly insufficient. A national
effort would be necessary to increase the number of available profiles, and specifically, the
homogeneous representativeness of the whole territory. Creation of a national database
compiling all the legacy soil information in the country is recommended. Such a database
would serve as a basis for analyzing the information available and designing new studies on
sustainable use of soil beyond carbon. This objective has been clearly underlined by several
intfernational organizations, such as the FAO and the ISRIC, and some countries have already
achieved this aim successfully, such as Chile (Pfeiffer et al., 2020) or Ecuador (Armas et al.,
2021).

Final modeling could have been influenced by the relatively low number of soil samples,
specifically in certain data intervals, since it was the stock values with low profile
representation that were modeled least accurately (Brungard et al., 2015; Hengl et al., 2007)
.Inour case, 40% of the data were below 12 kg/m2. Likewise, although the number of profiles
used in SOC concentration modeling was considerably higher (8322 samples), 70% of the
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samples had less than 15 g/kg. Therefore, improved SOC sample representativeness would
increase the performance of DSM models (Brungard et al., 2015).

Covariate selection

We included the selection of an appropriate set of covariates in our methodology because
they are a key factor in DSM accuracy, especially when samples are limited (Liang et al.,
2020). The relationship between each potential covariate and the soil property may be a
linear, polynomial or even more complex function. The results of variable selection
approaches used in this study (mulfiple linear regression, Bayesian analysis and PPR)
described a very strong linear relationship with topology and temperature, specifically with
the rough-magnitude and minimum temperature covariates, which was consistent in all of
the selection methods. However, other covariates with strong relative influence on SOC
modeling, such as slope, mean annual precipitation and the NDWI remote sensing index,
were not clearly detected by the linear models. As confirmed in other studies, the use of
feature selection methods to detect both linear and nonlinear relationships is critical to
improving modeling of digital mapping of soil properties (Hengl et al., 2015; Zeraatpisheh et
al., 2019).

The inclusion in this study of a wide variety of detailed-scale geomorphological covariates
differentiated it from previous similar studies such Calvo de Anta et al. (2020) or Doblas-
Miranda et al. (2013). In those studies, elevation was the only topographic variable included
in the SOC estimate in peninsular Spain, and was not significantly influential in the SOC
modeling.

The climate influence on soil carbon has been related to both the increase in biomass
contribution and the role of microorganisms in SOC stability, since the microflora in the soil
are highly sensitive to humidity (CoUlteaux et al., 1991), and organic matter decomposes
more rapidly at higher temperatures (Knorr et al., 2005). Although the magnitude of the
relationship between decomposition ratio and temperature is controversial (Giardina and
Ryan, 2000; Powlson, 2005), several national studies have corroborated an inversely
proportional relationship between SOC and temperature (Doblas-Miranda et al., 2013).
Calvo de Anta et al. (2020) also reported minimum SOC stock in arid and desert areas and
an increase with precipitation, although the soil behavior pattern was not uniform in the
humid areas. The climate factor exclusively, was not able to explain the distribution of SOC.
As concluded in chapter 4, the integration of other factors such as remote-sensing indeces
related to ecosystem productivity improved the prediction of spatial distribution of soil
carbon even with limited soil samples (Fathololoumi et al., 2020; Liang et al., 2020; Schillaci
et al., 2017b).

The most influential covariates in both SOC concentration and stock spatial distribution were
the rough-magnitude, annual minimum temperature, spring precipitation, and NDVI and
NDWI remote-sensing indices related to plant cover and vegetation moisture, respectively.
These variables are associated with peninsular mountain ecosystems and humid climates,
and these areas were precisely the best spatially represented in the maximum entropy
analyses. Therefore, there could be a bias in SOC modeling associated with the spatial
distribution of the soil samples (Zeraatpisheh et al., 2019).
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The feature selection approaches detected different influencing covariates for SOCc and
SOC, as well as for different depths. Therefore, the selection of covariates must be performed
for each context.

Modeling and prediction

According to chapter 4, previous studies in SOC spatial distribution have reported wide
variability in data, models and predictions for Spain (Calvo de Anta et al., 2020; Rodriguez
Martin et al., 2016). However, those predictions were based on the use of a single predictive
model. Due to the limitations and disadvantages of the different models (Gorecki et al.,
2015), a combination of them is a recommended alternative approach forimproving overall
model precision (Taghizadeh-Mehrjardi et al., 2019). To our knowledge, no study has applied
a combination of the most accurate models for each specific area to predict SOC in
peninsular Spain.

The variability in SOC estimates confirm that there is no perfect model on digital SOC
mapping, especially for large areas using a legacy soil profile database compiled over long
periods of fime and without a unified purpose. Depending on the area (combination of
forming factors) and available data, some estimations may be more appropriate than
others (Guevara et al., 2018). Therefore, different approaches were used in this study for SOC
spatial prediction based on model ensembles, generating the final map by selecting the
most accurate model value for each pixel.

The calibration and validation parameters of model accuracy calculated in this study were
very diverse and sfrongly influenced by the statistical method used. The results showed the
highest error in model validation in the MLR approach, which was performed with the
strictest validation method (spatial cross-validation). However, it was a fairly accurate
model, as observed in the final map compilation of both SOCc and SOCs.

Considering the low density of soil samples used for SOC concentration and stock modeling
(17 and 4 soil samples per km2for SOCc and SOCs, respectively) the performance of the
models was acceptable, especially for the prediction of SOCc in the upper 30 cm with a
mean CCval=0.5 and nMAE= 0.45 (9.5 g/kg). These results are comparable to those
described by Calvo de Anta et al. (2020), which reported an R?2 and RMSE of 0.61 and
14.8 g/kg, respectively, using a database of 12,724 profiles. The residuals analysis of the final
map compilafion based on the linear relationship between observed and predicted values
showed a significant correlation (R2= 0.67). However, high SOCc values (above 140 g/kg).
which represented only 3% of the profile database, were poorly predicted. The uncertainties
for the final map were significantly low, hence, the models used were rather accurate.

In view of the great difficulty in estimating SOC due to its high intrinsic spatial variability based
on the complex interaction of factors, especially in areas with complex topography and
climate(Hounkpatin et al., 2018; Vaysse and Lagacherie, 2017; Wdalder et al., 2008), spatially
explicit uncertainty maps are indispensable to land management and planning policies.
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5.5.  CONCLUSIONS

The SOCc and SOCs carbon maps generated in this study achieved the best possible results
with the information and methods available for peninsular Spain. For the final SOC maps, a
novel methodology was proposed based on the combination of different multi-model
ensemble algorithms by assigning the most accurate model prediction for each pixel.
Furthermore, considering the complex relatfionship between SOC and environmental
variables, various feature selection methods were applied to detect both linear and
nonlinear relationships. These techniques improved overall model precision by avoiding the
risk of stafistical redundancy. The small differences between the information criteria for
calibration and validation set showed the robustness and no overfitting of models.

However, the final modeling could have been influenced by the relatively low number of
soil samples available in peninsular Spain. The soil information available natfionwide in
operative formats was clearly insufficient. A national effort would be necessary to increase
the number of available profiles, and specifically, the homogeneous representativeness of
the whole territory.
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Capitulo 6. Soil Organic Carbon
Sequestration Potential National Map
under Future Scenario Projections.
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ABSTRACT

There is a pressing need to support sustainable management initiatives to mitigate climate
change. Different practices have been used to reduce or restore soil organic carbon (SOC)
loss and to estimate and project SOC variations. However, these initiatives have mainly
focused on agricultural areas and site-specific studies. A large challenge is to identify areas
with the potential for SOC sequestration for different land uses (i.e., forest areas) and with a
nafional perspective. The goal of this work was to apply standardized and inferexchange
approaches to produce a SOC potential sequestration map for peninsular Spain. We predict
SOC and SOC sequestration rates for the years 2020-2040 using the RothC model at the
national level (in 1 km grids) following the methodological guidelines recently suggested by
the Global Soil Partnership of the FAO (FAO, 2020a).

Our results suggested that at the national level, to achieve SOC neutrality in Spain and 1o
change the situation from being a sink of SOC to a source, it is necessary to implement a
SOC sequestration scenario with a rate of at least 5% SOC gain in the next 20 years. The
results showed that average SOC sequestration in the business as usual (BAU) scenario would
decrecase at arate of -0.12 T C ha' yr! between 2020 and 2040. However, with respect to
this BAU scenario, we found an average increase of 0.027 T C ha! yr'! under a sustainable
management scenario for the period under study. Therefore, a sequestration potential of
5.59 T C yr! can be expected under the adoption of sustainable management practices in
the next 20 years.

Our results contribute as a benchmark to assess the impact of global environmental change
on SOC sequestration rates from a national perspective.

Keywords: RothC, relative carbon sequestration rates, scenario projections, sustainable
management practices.
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6.1. INTRODUCTION

Soil organic carbon (SOC) stocks are key indicators of soil health and soil fertility (McBratney
et al., 2014). The role of SOC in climate change adaptation and mitigafion has been
recognized widely and validated in various studies, especially in the Mediterranean region,
which is extremely vulnerable to global change (Acdcio et al., 2017). Future climate
predictions make the estimation of SOC sequestration relevant for establishing priorities for
the research and implementation of public policies. Responding to this requirement, the
Global Soil Partnership (GSP) Plenary Assembly in 2020 instructed the Intergovernmental
Technical Panel on Soils (ITPS) and the GSP Secretariat to develop the Global Soil Organic
Carbon Sequestration Potential map (GSOCseg map). The couniry-driven approach
proposed was similar fo that developed for the Global Soil Organic Carbon map utilizing
standardized procedures but using the best available local data (FAO, 2020a)

However, the magnitude and rate of carbon sequestration in soils can vary greatly,
depending onland use changes and practices, soil characteristics, vegetation, topography
and climate, among other soil-forming factors and processes (Florinsky, 2012). In Spain, many
studies have suggested that land abandonment, the dominant form of land use change in
recent decades, determines the SOC evolution during secondary succession following
abandonment (Gabarrén-Galeote et al., 2015). The ongoing increase in temperature,
drought periods and expected heavy rainfall events (Pachauri et al., 2014) could
dramatically influence SOC stocks, especially during this abandoned land evolution
(Kirschbaum, 2006). Therefore, it is a challenge to identify relevant areas in Spain with great
potential for soil carbon sequestration.

A large proportion of these carbon emissions are from soils due to intensive high-yield
agricultural systems, forest conversion to agricultural or pasture lands, and current climate
trends (Lopez-Garrido et al., 2014). Agricultural lands occupy 33% of Spain, with large
heterogeneity in terms of agricultural classes and management, where unsuitable
management practices have led them to moderate or high degradation. Several studies
have demonstrated both enhanced SOC sequestration and increased soil fertility by the
application of improved agricultural management practices, such as conservation ftillage
recommended for Mediterranean regions (Haddaway et al., 2015). Specifically, the Globall
Soil Partnership developed the Voluntary Guidelines for Sustainable Soil Management
(VGSSM) as a reference, providing general technical and policy recommendations on
sustainable soil management (SSM). The enhancement of soil organic matter content
through these SSM practices is more easily implemented in agricultural systems since they
refer to the use of organic amendments, managing crop residues, practicing organic
farming, integrated soil fertility management, implementing crop rotations or crop mixes, or
reducing- or no-tillage practice (FAO, 2017a). The application of these practices has shown
more than a 50% SOC sequestration increase (Jebari et al., 2018) or rates ranging from 0.15

to0 0.32 Tha! year -1 after no-tillage practices on rainfed arable land (Alvaro-Fuentes et al.,
2012b).

Forests represent a resource for counteracting hydrological problems and for helping
mitigate the greenhouse effect. In particular, Spanish forest ecosystems present more
carbon storage per hectare than other land uses, with a soil carbon rate of approximately

129



40-50% of the total ecosystem (Charro et al., 2008). With more than 18 million hectares of
forests, representing nearly 35% of the national surface, Spain is the third country in terms of
forest area within the European Union, contributing to approximately 12% of the total
European forest areas (FAO, 2020a). To enhance the C sink forest capacity, similar adoptions
of SSM practices in croplands and grasslands can be adopted in forest. In this sense, in 2003,
the Intergovernmental Panel on Climate Change (IPCC) published a Good Practices Guide
for Land Use, Land Use Change, and Forestry (Penman et al., 2003). The report provided
methods for estimating, measuring, monitoring and reporting changes in carbon stocks and
anthropogenic greenhouse gas emissions from LUCLUF activities. Although the afforestation
of agricultural land was included among these good practices, soil processes occurring
after farmland afforestation are not well known, especially in semiarid Mediterranean
environments (Munoz-Rojas et al., 2015; Ruiz-Sinoga et al., 2011).

Other emerging initiatives are focused on sustainable forest management (SFM) related to
modeling the forest carbon sequestration rate as a result of specific management actions.
Actions such as the increase in biomass production through forest treatments (e.g., cuttings,
pruning or thinning), appropriate management of plant residue decomposition,
enhancement of vegetation structure or planning of forest production could potentially
maximize forest C sequestration. Some studies argued that the rate of C sequestration was

approximately 5 Tha year -1 for different pine forests (Navarrete-Poyatos et al., 2019) or

that a 60% SOC increase occurred after moderate thinning practices over 13 years
(Navarro-Cerrillo et al., 2018).

Even though Spain, Poland and Germany accounted for more than half of the net reduction
in greenhouse gas (GHG) emissions in absolute terms in the EU in 2019, Spain was ranked as
the 5th emitter of GHG in the EU inventory in 2019 (EU NIR, 2021). In the LULUCF sector, the
main increase in absorption was linked to crops (+6.2%), and there was a reduction in
absorption in forest activity and produce (-9.5%). Nevertheless, global soil recarbonization
initiatives in different land use areas by the implementation of both sustainable soil and forest
management practices, henceforth referred to as suitable management (SM), are still
needed in Spain.

In Mediterranean Spain, previous efforts have modeled SOC sequestration using process-
based models (e.g., the Century model) from the adoption of SM practices in agricultural
land. Several authors have already applied this method at the plot (Alvaro-Fuentes et al.,
2012b; Nieto et al., 2010) and regional (Alvaro-Fuentes et al., 2012a; Pardo et al., 2017) scales
but without spatially explicit information. Jebari et al. (2018) applied the RothC simulation
model during the 2010 to 2100 period, including spatial mapping, fo evaluate the impact of
climate change on SOC sequestration at the regional level. Despite the general increase in
SOC stocks is shown under all climate change scenarios, the SOC sequestration rates were
smaller than those under baseline conditions. These low SOC sequestration rates were
associated with the greatest decline in precipitation and rise in femperature. Related to
forest areas, few studies have relied on site-specific surveys to evaluate SOC changes in
afforested land when croplands are abandoned. These results suggested higher mean SOC
values in forest plantations absorbing carbon for a few decades until reaching an
equilibrium state after some 100 years (Segura et al., 2016; Smith, 2004).
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To our knowledge, there have not been many studies investigating SOC dynamics from a
natfional perspective. To contribute to determining the current state of global SOC
sequestration, a country-driven approach using standardized procedures is necessary. This
work was based on the tfechnical specification guideline provided by GSP FAO (2020), which
was based on a well-known process-based model to represent and simulate SOC change
(e.g., RothC). Our main objective was to generate a baseline to benchmark SOC
sequestration rates in peninsular Spain to identify areas with high potential for soil carbon
sequestration and hot spots of soil carbon losses to support sustainable management
practices or soil conservation efforts. We described a first attempt to model SOC with a
natfional perspective using a process-based approach over different land uses. Specific
objectives were 1) to estimate SOC evolution under business as usual (BAU) practices in the
next twenty years (2040); 2) to estimate the absolute SOC sequestration of a sustainable
management (SM) scenario with a 5% increase in organic matter inputs; and 3) to calculate
the differences in SOC sequestration between the BAU scenario and SM scenario (relative
sequestration rates - RSR), as well as the differences between the SM scenario in 2040 and
the SOC stocks in 2020 (absolute sequestration rates - ASR).

6.2.  MATERIAL AND METHODS

6.2.1. Study Area

Peninsular Spain has an area of 491,258 sg. km. Although the agricultural surface area used
has decreased in the last 20 years, the land cover in Spain reflects a predominantly rural
landscape (MAPA, 2020). Agricultural lands occupy 50% of the surface, where
heterogeneous agricultural systems of annual and permanent crops coexist and are
distributed throughout the territory. Forest areas with natural vegetation and open spaces
occupy 47.1% of the surface (approximately 23 Mha of forest area), distributed among
wooded (26.8%), not wooded (17.4%) and spaces with litfle or without vegetation (2.36%).
Therefore, the freeless open area is almost 10 Mha. The humid zones and water surfaces
account for 0.9% of Spain, and the artificial surfaces account for 2.1% of the total surface
areq.

Spain is one of the most climatically diverse counftries in the world, with four main Képpen
climatic zones on the Iberian Peninsula (AEMET IPMA, 2011) from a humid to semiarid climate
(Figure 6.1). The dominant climate extends to the Mediterranean coast and southern inland
areas and has a warm temperate climate with dry, warm summers and moderate, wet
winters. The maximum average temperature is 30 °C, and the rainiest month is above 70
mm. The vast cenfral plateau has a similar climate but with a more continentally influenced
climate with hot, dry summers and cold winters with temperature values ranging from below
0 °C to 35 °C. The mountains surrounding the plateau have higher rainfall and often
experience heavy snowfall in winter. The western and northwestern coastal areas have an
oceanic climate characterized by relatively mild winters and warm summers. Rainfall is
generally abundant, exceeding 1,000 mm, and temperatures vary from 9 °C to 21 °C. A
semiarid climate is predominant in the southeastern part of the country, where the dry
season continues beyond the end of summer and the vegetation is less dense.
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Figure 6.1. Képpen-Geiger climate classification for the lberian Peninsula and Balearic Islands
(Source AEMET 2011). ET= cold, tundra; Dfc= cold, no dry season, cold summer; Dfb= cold, no
dry season, warm summer; Dsc= cold, dry season, cold summer; Dsb= cold, dry season, warm
summer; Cfb= temperate, no dry season, warm summer; Cfa= temperate, no dry season, hot
summer; Csb= temperate, dry season, warm summer; Csa= temperate, dry season, hot summer;
BSk: arid, steppe, cold; BSh: arid, steppe, hot; BWk: arid, desert, cold; and BWh: arid, desert, hot.

Saoils in Spain developed under a wide range of temperatures and moisture regimes, which
implies a complex and diverse distribution. According to the "Keys to Soil Taxonomy” World
Reference Base for soil resources (WRB-IUSS, 2014), the dominant soils are Calcisols Inceptfisols
(Calcixerepts and Haploxerepts) covering most of Spain, with the exception of the north
and west of peninsula. These soils, formed over predominantly calcareous parent material,
are present in areas with water stress. Due to its high mineralization rate, they are vulnerable
to organic maftter decline and preserving the vegetation cover is therefore essential (Bot
and Benites, 2005). In the northern Spain, the most common soils are humic Dystroxerepts
Umobrisols, typical of cold and humid climate conditions, with little or no moisture deficit and
rich in organic matter. The west of the country is occupied by Entisols Regosols, very weakly
developed mineral soils and extensive in eroded lands, in particular in arid and semi-arid
areas and in mountain regions (lithic Xerorthents). Regosols Entisols are frequently found with
AlfisolsLuvisols, and Inceptisols Umbrisols or Leptosols. Fluvents isols and Vertisols are
predominant in fluvial areas, characterized by a high proportion of swelling clays (De la Rosa
et al., 2001). Figure 6.2 depicts a selection of the dominant soil morphologies on the
peninsula, which present limited depths.
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Figure 6.2. Profile plofs and the spafial location of a representative soil profile selection of the
peninsular Spain. Source: soil database compiled for this study.

Spain has complex topographic and orographic patterns characterized by a cluster of
rugged mountain systems and high plateaus ranging from the Aflantic Ocean to the
Mediterranean Sea. The center of the Iberian Peninsula is dominated by a vast plain, with
elevations from 600 to 760 m, which slopes gently to the west. Undeveloped hills and high,
rugged mountains extend inside and surround the plateau, reaching 3,478 amsl at the
highest peak on the peninsula. This complex topography has resulted in a complex mosaic
of soil types and soil covers. One emergent challenge is to accurately describe the spatial
and temporal distribution of SOC across the complex variability of topographic and soil
types (Verheye and la Rosa, 2005).

6.2.2. General Methodology

The basic process of SOC sequestration (SOCseq) in the terrestrial biosphere involves the
transfer of atmospheric CO:2 into plant biomass and the conversion of biomass into stable
SOC through the formation of organomineral complexes (Lal et al., 2018). Thus, estimates of
SOC stock are the baseline used to assess SOCseq potential.

According to the FAO (2020b) methodology (Figure 6.3), we projected SOC stocks at 0-30
cm depth over a 20-year period. We assumed this period to be the default period, during
which SOC stocks are approaching a new steady state, to be able to compare results
among regions and countries and with other estimation methods (e.g., IPCC, 2006 Tier 1-2;
IPCC, 2019). To infer SOC stocks under future conditions, process-oriented
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multicompartment model such as RothC (Coleman and Jenkinson, 1996) was used to
simulate changes in production system:s.

Management Layers

NPP
National SOC  Soll Layers Climate layers land use  Vegetation cover
NDVI MIAMI model
Current Stocks Clay 0-30 Monthly Temp |
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Figure 6.3 Simplified methodological outline to estimate the soil organic carbon (SOC)
sequestration mpas adopted from FAO, 2020a.
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This model is used to predict SOC dynamics based on four active conceptual C pools or
compartments (Figure 6.4), decomposable plant material (DPM), resistant plant material
(RPM), microbial biomass (BIO) and humified organic matter (HUM), that change in size via
decomposition rates and stabilization mechanisms (Stockmann et al., 2013). In Spain, the
use of simulation process-based models such as RothC has become popular in recent
decades to predict the potential of SOCseq in different land management scenarios, site-
specific levels, or periods of time (Nieto et al., 2010).
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Figure 6.4. Structure pools and flows of carbon in the RothC model, including major factors
controlling the fluxes (a = multiplier for effects of temperature, b = multiplier for effects of
moisture, and ¢ = multiplier for effects of soil cover; DPM/RPM = decomposable/resistant plant
material ratfio). Source: FAO (2020), redrawn from Coleman and Jenkinson (1996) and Falloon
and Smith (2009).

SOC stocks were projected under two scenarios: BAU and increase in 5% C input from the
adoption of a SM strategy (i.e., both SSM and SFM). The BAU scenario refers to an
unchanging management of land use, applying the current implementation (i.e., time =0 or
2020). Compared to this scenario, SM practices (in both agricultural and forest systems) can
potentially increase the relative effect on C inputs, considering 5% SOC gains as default
values to test potential. This hypothetical scenario was considered the low SSM scenario
(SSM1) in the guidelines for global sequestration potential (FAO, 2020a]).

The resulting SOCseq estimates were expressed based on the definition of SOC baseline
stocks and time toward a new equilibrium state. We referred to ‘absolute SOC sequestration’
(SOCass) as the change in SOC stocks over fime relative to a base period (or reference
period, 10) and to ‘relative SOC sequestration’ (SOCret) as the change in SOC stocks over
time relative to the BAU scenario. Both estimations were determined by the following
equations (1 and 2):

ASOCABs(T‘C‘ha_l) =SOCSM/BAUt _SOCtO (])



where SOC SM/BAUt refers to the final SOC stocks after a 20-year period (year 2040, under

the business as usual or SM practices) and SOCto refers to the initial or base period SOC
stocks.

ASOCREL(T . C . ha_l) = SOCSMt - SOCBAUt (2)

where SOCsmt refers to the final SOC stocks after a 20-year period of implementing SM

practices and SOCgAUt refers to the final SOC stocks after a 20-year period under business
as usual (BAU) practices.

The projected modeling approach considered three different modeling phases: spin-up,
warm-up and forward phases (Smith et al., 2006, 2005, 2007). In the spin-up phase, the initial
conditions for the future simulations were determined, and the C input estimates over the
years for each land use class were adjusted. Thus, an iterative process assessed the size of
the four soil compartments by balancing the soil C fluxes based on the RothC model
scheme. The mean climatic data (1980-2000), clay contents and land use conditions were
considered constant in this process. The aim of the warm-up phase (or short spin-up) was a
temporal harmonization of the SOC stock because the soil samples used to generate this
map were collected over different decades (i.e., 1970s to 2000s). Since the SOC stock map
referred to the year 2000, the RothC model was run for the 2001-2020 period using year-to-
year climatic conditions fo account for the climatic variation effect, as well as clay contents,
SOC pool stocks and land use. In the third step, the forward phase, SOC stocks were
simulated from 2020 (t=0) to 2040 (t = +20) for the BAU and SM scenarios.

The absolute and relative SOCseq were estimated following the previous equations for each
grid cell of 1 km of spatial resolution across Spain (Figure 6.5).
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Figure 6.5 Soil organic carbon (SOC) stocks simulated in the different phases according to the
proposed general modeling procedure. Source: FAO (2020), based on Smith et al 2006; 2008;
Gottschalk et al 2012.
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We augmented this methodology when needed with an automated interpolation
approach based on ensemble learning for removing the presence of spatial artifacts
associated with the use of contrasting granularities in the input layers (e.g., the target spatial
support is 1 km, but climate datasets are provided in grids of approximately 50 km of spatial
support). This inferpolation approach is fully described in previous work (Hengl et al., 2021).

To generate the national SOCseq mayps a spatially explicit version of the RothC model was
required. We used a spatialized version of the model developed by the GSP Secretariat
using open source R-environment, based on the SoilR package developed by Sierra et al.
(2012). We parallelized the algorithm of the process to achieve a faster processing runtime
and avoid .computational limitations.

6.2.3. Input Data Layers

The minimum data requirements for the RothC model are climatic, soil and land use datasets
(Table 6.1). When national data were not available, we used globally available datasets
following the recommendations by the FAO (2020a). The target resolution of the maps is 1x1
km. The current SOC pool represents the first 0-30 cm of soil depth.

Table 6.1. Input data used for the RothC model requirements.

Climate Data Soil Data Land Use- Management Data
1. Monthly rainfall (mm) 4. Totalinitial 0-30cm 7. Monthly Soil cover (binary:
-1
2. Average monthly mean SOC stocks (t C ha') bare vs. vegetated)
air temperature (°C) 5. Inifial C stocks of the 8. Irrigation (fo be added to
different pools (t rainfall amounts)

3. Monthly open pan

-1) -
evaporation (mm)/ C horl): DPM, RPM, 9. Monthly Carbon inputs
S BIO, HUM, IOM .
evapotranspiration from plant residue
(mm) 6. Clay content (%) at (aboveground + roofs +
simulation depth. rhizodeposition), (t C ha)

10. Monthly Carbon inputs
from organic fertilizers and
grazing animals' excretion
(t C ha')

11. DPM/RPM ratio, an
estimate of the
decomposability of the
incoming plant material

The modifications applied to the original implementation proposed by the FAO for the
development of this baseline version of the map rely on:

1-  Soil datasets: We used for model initialization the specific SOC stock map (T/ha) of the
first 0-30 cm of soil depth estimated in chapter 5 of the thesis. We rescaled the SOC
stock map from 90 m to 1 km pixel resolution to fit to the input covariates. Even though
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the soil samples used to generate this map were collected mainly over the 1970s to
2000s, we assumed that the stock map corresponded to 2000, the reference base year.

2- Land use data: We used the Corine Land Cover 2012 for the SOCseq modeling, where
a reclassification to FAO land use classes (Table 6.2) was performed (Figure 6.6)

3- Land management, C inputs scenarios:
e Only the standard C input increase scenario in +5% was applied (SM).

e The residue quality (decomposable plant material/resistant plant material,
DPM/RPM ratio) assigned to forestland was adapted to Mediterranean values found
in the literature (Vicente-Vicente et al.,, 2017). The adopted value was 0.20.

Table 6.2. Reclassification of Corine land cover (CLC) legend to FAO land use classes.

ID CLC Legend ID FAO Legend

1 Artificial surfaces 0 No Data

2 Non-irrigated arable land 12 Tree crops (permanent crops)
3 Permanently irrigated land 2 Croplands(arable land)
4  Heterogeneous agricultural areas 2 Croplands(arable land)
5 Agro-forestry areas 8 Sparse vegetation

6 Broad-leave forest 4 Tree covered

7 Coniferous forest 4 Tree covered

8 Mixed forest 4 Tree covered

9 Sclerophyllous vegetation 4 Tree covered

10 Natural grassland 3 Grassland

11 Dense shrub cover 5 Shrubs covered

12 Scattered shrub cover 5 Shrubs Covered

13 Sparsely vegetated areas 8 Sparse Vegetation

6.2.4. Uncertainties

The uncertainties for this map were calculated following the default implementation of the
technical specifications of the FAO methodology. We used one standard deviation of
variation around the median value of the SOC stocks as uncertainty values, which are
associated with the variance of the input data layers in the RothC simulations.
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Figure 6.6 Disfribution of Corine Land Cover (CLC) classes reclassified to the FAO legend on the
peninsular Spain.

6.3.  RESULTS

6.3.1. Summary and Spatial Prediction of SOC Sequestration Rates in Spain

We observed median values of 38.99, 38.87 and 39.42 T C/ha for the base SOC map
(referred to 2020), the projection of business as usual (BAU) SOC map (referred to 2040) and
the sustainable management scenario (SM) with 5% SOC gains, respectively (Figure 6.7).

The general distribution of the spatial pattern of SOC was similar in all maps, differing in SOC
storage. This general distribution depicted maximum values in the northeast and north,
corresponding to the most humid zone on the peninsula, and in the main inland mountain
ranges. The lowest SOC values corresponded to the vast arable areas of both the northern
and southern plateaus, as well as the depression watershed in the southwest and the subarid
area in the southeast.

For comparative purposes, we quantified 2.86 PgC of the base SOC map (year 2020) in the
first 0-30 cm of the soil surface on the peninsular Spain at a 1T km pixel size. This number
decreases to 2.79 Pg (i.e., -68,720,000 TC) of SOC in the BAU model in 2040. However, the
results show that the SOC stock could recover to 2.89 Pg (i.e., +31,575,300 TC compared with
the base SOC map) of SOC in the hypothetical scenario of 5% SOC gains by the adoption
of SM practices.
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c) Map of SM scenario projection (2040)
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Figure 6.7 Soil organic carbon (SOC, T/ha) map at the reference period (2020) (a), SOC sequestration
map of the business as usual (BAU) model (b) and the hypothetical scenario of 5% SOC gains from the
adoption of a sustainable management (SM) strategy (c).
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The absolute sequestration rate (ASR) was expressed as the change in SOC stocks over time
relative to the base period SOC map (2020-2040). The global negative median value and
the standard deviation (SD) of SOC losses showed a rate of -0.12 T C ha' yr! (0.97 SD) for
the BAU projection (Figure 6.8a). This negative rate decreases to a median value of 0.43TC
ha! (0.98 SD) in 20 years from 2020 to 2040 (0.021 T C ha-! yr') considering the hypothetical
scenario of low SOC gains (Figure 6.8b).

These maps depict the main results of the model, indicating areas that contribute to higher
SOC losses in dark blue and, in yellow, areas with higher SOC sequestration potential to
reduce C emissions from soils to the atmosphere under a low hypothetical scenario of
sustainable management.
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Figure 6.8 The absolute sequestration rate (ASR) of soil organic carbon (SOC, T/ha) in the
business as usual (BAU) model (a) and the hypothetical scenario of 5% SOC gains from the
adoption of a sustainable management (SM) strategy (b). The ASR was expressed as the
change in SOC stocks over fime (2020-2040). The land use cover is overlapped (gray lines).
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We observed that the majority of values in the absolute sequestration rate for the map of
SM scenario projection were positive versus the map of BAU scenario projection (Figure 6.9).
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Figure 6.9 Density distribution for the absolute sequestration rate of soil organic carbon (SOC) data
of the map of business as usual (BAU) projection (blue) and the hypothetical scenario of 5% SOC
gains from the adoption of a sustainable management (SM) strategy (red).

The relative sequestration rate (RSR) of SOC projected under the hypothetical scenario of
5% SOC gains from the adoption of a SM was also depicted (Figure 6.10). The RSR was
expressed as the change in SOC stocks over time (2020-2040) relative to the BAU scenario.
The visualization of their values revealed the spatial pattern of SOC gains associated with
the SM scenario. Although similar patterns on the maps of scenario projections can be
observed (Figure 6.7 b, c), the eastern and central areas of the northern peninsula were
clearly the areas with the highest SOC gains. These zones correspond to a mild temperature
and the most humid region of Spain. The zones with the lowest SOC gains were the vast
cultivated areas on both the northern and southern plateaus, as well as the main watershed
depressions in the eastern and southern areas of the peninsula (Figure 6.10).
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Figure 6.10 The relafive sequestration rate (RSR) of soil organic carbon (SOC, T/ha) of the hypothetical
scenario of 5% SOC gains from the adoption of a sustainable management (SM) strategy. The RSR was
expressed as the change in SOC stocks over time (2020-2040) relative to the business as usual (BAU)
scenario.

The analysis of these SOC projected values related to the main land use group, reclassified
to FAO legend classes, revealed a positive absolute SOC sequestration in the BAU scenario
only for croplands (0.002 T C-ha! yr') (Table 6.3). However, sparse vegetation was the only
land use with SOC losses in the SM scenario (-0.007 T C ha-1 yr). With regard to the relative
SOC sequestration (RSR), the results showed a higher and positive rate for all land uses with
respect to the ASR situation. In this situation, the mean SOC stock will increase on average
by 0.82 T C-halin the total period, i.e., in 20 years. The highest potential SOC sequestration
rate was obtained in the shrub cover (0.084 T C-ha' yr'), followed by tree cover and
grassland (0.051 TC -ha! yr') and tree crops (referred to as permanent crops) with the lowest
values (0.016 T C-ha' yrl).

Table 6.3 Average absolute sequestration rate (ASR) and relative sequestration rate (RSR) of soil
organic carbon (SOC) for business as usual (BAU) and sustainable management (SM) scenarios by
land use groups.

Average ASR Average RSR
aea  BAU Mo Mmoo

(km2)  (TCha'lyr!) (TCha'lyr!) (TCha'lyrl)
Shrubs cover 6,480 -0.073 0.011 0.084
Grassland 23,535 -0.045 0.006 0.051
Sparse vegetation 23,949 -0.043 -0.007 0.036
Tree crops (permanent crops) 107,372 -0.004 0.012 0.016
Croplands(arable land) 114,582 0.002 0.044 0.044
Tree cover 196,834 -0.004 0.046 0.051
Average all land uses 482,751 -0.009 0.032 0.041
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Table 6.4 shows the total absolute and relative SOC sequestration for each land use group
and at the national scale (i.e., referred to the total surface). We observed the same situation
in terms of the average ASR and RSR. Even though cropland was the only positive SOC
sequestration land use in the BAU scenario projection (22 Gg C yr), cropland could achieve
over 500 Gg C yr' following the adoption of the SM strategy.

Notably, tfree cover showed SOC losses at a rate of -82 Gg Cyr'! in the BAU scenario
projection, achieving 987 Gg C yr! in the hypothetical scenario of 5% SOC gains from the
adoption of the SM strategy (Table 6.4).

Table 6.4 Total soil organic carbon (SOC) sequestration (absolute and relative) for business as usual
(BAU) and sustainable management (SM) scenarios by land use groups.

Relative

Absolute sequestration N
sequestration

Area BAU SM SM
(km?) (GgTC yr) (Gg Cyr') (Gg Cyr')
Shrubs cover 6,480 -121 18 139
Grassland 23,535 -107 13 120
Sparse vegetation 23,949 -103 -16 87
Tree crops (permanent crops) 107,372 -40 127 167
Croplands(arable land) 114,582 22 478 500
Tree cover 196,834 -82 906 987
Total sum 482,751 -429 1,548 1,977
6.3.2. Uncertainties
We provided the uncertainties for the modeled SOC sequestration rates (Figure 6.11). We

observed a general uncertainty in the ASR varying from 5 to 35%. A greater area of low
uncertainty values was depicted in the SM scenario map. This suggests, as expected, that
any adoption of a SM practice from the BAU soil management will have a positive impact
on SOC sequestration and low uncertainties.

We highlighted that from these maps of scenario projections, some areas were governed
by uncertainties near or over 50%, mainly corresponding to the very low SOC gain area in
the southwestern region of the peninsular Spain.
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Figure 6.11 Uncertainties of absolute soil organic carbon (SOC) sequestration rates (ASR) expressed
by a percentage for the business as usual (BAU) model (top) and the hypothetical scenario of SOC
gains from the adoption of a sustainable management (SM) strategy (bottom).

6.4. DISCUSSION

We developed a national strategy to map SOC sequestration rates using a process-based
approach selected by the FAO (2020) to generate a country-specific global SOC
sequestration baseline. Although the forest area is growing in Spain with an increase of 1.2%
between 2004 and 2018 (MITECO, 2019), the main interpretation of our results is that Spain is
currently a SOC source, with an expected trend of SOC losses up to 2.5% of the total SOC
stock in the first 30 cm of soil depth by 2040. Our results suggest that at the national level, a
SOC sequestration scenario with arate of at least 5% SOC gain in the next 20 years is needed
to achieve SOC neutrality in Spain and to change the SOC source to a sink. This conclusion



was deduced from the analysis of the ASR for the map of SM scenario projection, in which
the values were mostly positive (Figure 6.8).

These values were modeled using a single model (RothC model), however, we highlight that
multiple country-specific characteristics (e.g., social and economic conditions) potentially
affecting the SOC pool were not considered. Thus, the aforementioned results should not
be considered as absolute numbers but rather a first approach to enable SOC frameworks
from a national perspective, as well as to detect land uses, sites and regions with greater
potential to increase SOC stocks after the use of SM. Based on the results of this first
approach to calculating the SOC sequestration of peninsular Spain, the analyses showed
that Spanish soils presented great potential for carbon absorption capacity by suitable
management.

In previous studies, the amount of SOC was analyzed by soil type orland use (Calvo de Anta
et al., 2020; Rodriguez Martin et al., 2016), and SOC sequestration rates were calculated for
specific crops or natural landscapes (Navarro-Cerrillo et al., 2018; Nieto et al., 2010). While
there has been interesting research quantifying SOC emissions (Antéon et al., 2021; Bell et al.,
2021), fewer studies have focused on predicting the potential for SOC sequestration at the
regional, or even national, level (Jebari et al., 2018). The maps generated here are meant
to provide a national perspective on the potential for SOC and a reproducible benchmark
to improve our capacity to periodically generate SOC sequestration reports, including
uncertainty.

As a preliminary approach, our results are consistent with those reported in the literature on
SOC sequestration across Spanish soils. Alvaro-Fuentes et al. (2012) found an average stock
interval of 60-80 T C ha ' over northeastern Spain agroecosystems at 0-30 cm soil depth, and
SOC stock changes ranged from 0.15-0.32 Tg C yr- (i.e., 0.04-0.08 T C ha-! yr1). In this study,
the SOC sequestration rates were calculated using the Century model approach calibrated
for site-specific conditions. Additionally, studies across tree forest species showed different
SOC sequestration rates in plots subjected to different thinning intensities than in conftrol
plots, increasing an average rate ranging from 20.41 to 100 T C ha ! (Navarro-Cerrillo et al.,
2018). Thus, our results represent a reliable contribution to support the development of SOC
modeling and monitoring frameworks.

Modeling SOC increase scenarios, as in this study, represents a valuable tool for decision-
making when developing SOC strategies. On the one hand, we highlight the pressing need
to increase SOC sequestration rates to mitigate the potential negative effects of climate
change (Jebari et al., 2018). On the other hand, this study will be the basis for identifying
areas of infervention opportunity for supporting sustainable management practices focused
on different land uses. In that sense, our results also contribute to identifying the limits of SOC
sequestration due to the soil saturation of carbon (e.g., using clay content as a limiting factor
for SOC storage), which can complement current and future digital SOC mapping and
modeling efforts.

We observed that there is a high potential for boosting SOC sequestration in the humid
regions of the north and northwest in tree cover areas and non irrigated croplands, which
depend solely on rainfall as a source of water. The tfree cover areas in the eastern part of
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the peninsula were another great potential SOC sequestration area (Figure 6.8). While these
wooded forest areas showed SOC losses in the BAU scenario projection (Table 6.4), they
achieved over 980 Gg C yr'in the hypothetical scenario of 5% SOC gains from the adoption
of the SM strategy. These results can be used to establish priorities for the research and
implementation of public policies since these crop areas present a high risk of future
abandonment (Perpina Castillo et al., 2020), and the forested areas represent a great
source of SOC sinks.

We highlight the low sequestration rates in some of the northern and northwestern areas,
with zones with a large storage of SOC in the maps of scenario projections (Figure 6.7). This
is possibly because these soils in general may have a high initial carbon concentration and
are located in optimal areas to sequester C due to their edaphoclimatic characteristics (%
clay, temperature and humidity), and the SOC sequestration limit arises due to the
saturation of carbonin the soil (Frolla et al., 2021). Moreover, the presence of spatial artifacts
in the resulting maps associated with the use of contrasting granularities in the input layers
must be considered. The target spatial support was 1 km, but climate datasets were
provided in grids of approximately 50 km of spatial support. Even though these spurious
results were removed (Hengl et al., 2021; Yigini et al., 2018), they could be an important
source of uncertainty in the spatial tfrend of SOC sequestration.

Regarding the model evaluation, in the absence of SOC sequestration data for validating
projections, the alternative presented by other countries was used an independent current
SOC stock database (e.g., Frolla et al., 2021 in Argentina, or Reynoso et al., 2021 in México).
As data required to quantify the accuracy of the estimates do not yet exist (projected SOC
stocks for 2020-2040), the model could be evaluated by the trend of past events (ex post
validation) compared to future events. The difference between a legacy SOC stock
database and its trend projected 20 years in the future following current land use conditions
can be estimated. This alternative provides a reproducible workflow and a benchmark in
which to monitor the statistical accuracy of the SOC sequestration map in its future versions
(FAO, 2020a). However, for the case of Spain, the lack of an updating, independent soil
database limited the evaluation analysis of the model.

We emphasize that considering projected values derived from this work may be taken with
caution, since more validation and calibration efforts are required for assessing the reliability
of these SOC sequestration rates. This is a first step to explore the SOC sequestration rates of
Spain from an institutional perspective. The next steps toward improving further versions must
consider including more specific data in the simulatfion of sequestration processes. Related
to soil properties and saturation in soil carbon, a deeper knowledge of mineralization rates
and new input data (target and covariates) at a more suitable spatial resolution are
needed. In addition, multiple country-specific characteristics (e.g., social and economic
conditions), land use change data and different climatic scenarios should be included to
achieve more realistic SOCseq maps.
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6.5. CONCLUSIONS

The SOCseq maps generated in this study are a benchmark fo explore the carbon
sequestration at national level in the next 20 years, as well as to detect land uses, sites and
regions with greater potential to absorb SOC stocks. The analyses suggest that peninsular
Spain will be a source of carbon rather than a sink and, to prevent that situation, it will be
necessary to enable management policies aimed at increasing SOCseq by at least 5% SOC
gain as soil input. The modeling SOC increase scenario provided is a valuable tool for
decision-making to develop SOC strategies.

This approximation has demonstrated that Spanish soils present a great potential for carbon
absorptfion capacity as long as there is suitable management and there arer stable
environmental conditions for at least the next 20 years. However, priorities need to be
established since crop areas present a high risk of future abandonment and the forested
areas represent a great source of SOC sinks.

Future considerations for exploring the SOC sequestration rates in Spain must improve the
spatial resolution through more detailed spatial resolution and country-specific input layer
in the estimation model. Moreover, multiple characteristics (e.g., social and economic
conditions), land use change data, saturation in soil carbon and different climatic scenarios
should be included to achieve more realistic SOCseg maps.

The implementation of the current SOCseq approach in RothC model by SoilR package
enabled a multi-model ensemble approach. The parallelization of the process avoided
computational limitations and achieved a faster processing runtime.
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Capitulo 7. DISCUSION GENERAL
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Estrategias metodolégicas para la modelizacién de la distribucion espacial del carbono
orgdnico

Dada la importancia del carbono orgdnico para la mitigacion y regulacion del clima, la
planificacion adaptativa resulta clave para su evaluacién, seguimiento y gestion en los
ecosistemas terrestres (Jobbdgy et al., 2000; Wiesmeier et al., 2019). Por ello diversas
iniciativas estdn surgiendo en los Ultimos afos enfocadas a la contabilizacion precisa de los
stocks de carbono en los ecosistemas terrestres (vegetacion y suelo, principalmente), tanto
a nivel global, europeo, nacional o regional. Sin embargo, existen varias limitaciones en la
estimacion de los stocks que dan lugar a una gran disparidad de métodos de
cuantificacién, monitoreo y documentacion de esta informacion (Thamo and Pannell,
2016). Uno de los objetivos de esta es analizar diferentes estrategias de modelizacion del
carbono para mejorar la calidad y precision de la actual informacioén disponible a escala
nacional.

La mayoria de las técnicas actuales para la estimacién del stock de carbono en la
vegetaciéon (biomasa aérea) se aplica en dreas pequenas y con un alto nivel de resolucién
que dificulta su extrapolaciéon a otras dreas o superficies mds extensas. Esta tesis utiliza un
enfoque novedoso para la extrapolacién a escala nacional en el que combina la técnica
“up-scaling” en dos etapas, integrando datos de sensores remotos de alta resolucién
espacial (LIDAR) con sensores 6pticos hipertemporales de resolucion espacial moderada
(MODIS) y de cobertura global (capitulo 3). Asi mismo, se comprobd que la incorporacién
de datos de sensores remotos en la modelizacién del carbono orgdnico del suelo (COS)
incrementd su capacidad predictiva (capitulos 4 y 5). Esto resultd muy relevante
especialmente en zonas como el caso en estudio de topografia y climatologia complejas
con informaciéon muestral limitada, como también se demostré en estudios anteriores
(Fathololoumi et al., 2020; Schillaci et al., 2017a). De igual forma, la integracién de los
resultados de la estimacion de biomasa aérea a la modelizacion del COS mejord la
cuantificacién del aporte de materia orgdnica, resultando ser una covariable significativa
en la modelizacion de su distribuciéon espacial (capitulo 3y 4).

La escasez de bases de datos disponibles para la estimacion del stock de carbono tanto
de la vegetacién como del suelo resulta evidente en la mayoria de los estudios peninsulares
(Domingo et al., 2018; Llorente et al., 2018). Este déficit de informacion muestral afecta
también al proceso de validacién ya que, dada la gran diversidad de métodos existentes,
resulta necesaria su evaluaciéon con informacion externa e independiente a la utilizada en
la modelizacién. Sin embargo, la realizaciéon de muestreos de campo sigue siendo un reto
debido al alto coste econdmico y complejidad operacional que dificulta la actualizacion
de las bases de datos a lo largo del tiempo vy, por tanto, su interoperabilidad (Smith et al.,
2020; Vargas et al., 2017). En linea con investigaciones recientes, los resultados de esta tesis
evidencian gue uno de los actuales desafios a los que se enfrenta la modelizacion del
carbono es el disefio de la distribucidén de muestreo para optimizar su toma en campo
(Zeraatpisheh et al., 2019).

En la fase de toma de datos en estudios de stock de vegetacion basados en datos LIDAR
combinados con muestreos sistemdticos para su calibracion, a la vista de los resultados de
esta tesis se considera esencial las siguientes consideraciones, observadas también en
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trabajos anteriores (Ferndndez-Landa et al., 2018; Magnussen and Boudewyn, 1998). Estas
consideraciones hacen referencia a una minima diferencia temporal entre ambas
informaciones (LIDAR-datos campo), una alta precisién en las coordenadas del centro de
la parcelay que el drea de la parcela de muestreo sea representativa del tamano de pixel
LIDAR (capitulo 3). Para el diseno de los muestreos del COS, los resultados obtenidos en esta
tesis indican la necesidad de equilibrar el nUmero de muestras de los intervalos de stock en
base a su distribucidon normal, asi como su representatividad espacial (capitulos 4 y 5).
Mientras que el rango de valores de COS para el perfil medio varia entre 0.017 y 257.95
g/kg. con un valor medio de 23 g/kg, sélo el 8% de los datos representan valores entre 3-9
g/kg. Los valores por encima de 140g/kg tan solo representan el 2% de la base de datos de
este estudio. La mejora en esta representatividad espacial y de los valores de COS
incrementard la precision de los modelos, ya que intervalos con baja representacion de
perfiles son modelados con menor precision (Brungard et al., 2015; Hengl et al., 2007).

Otro factor clave en la modelizacion del carbono es la adecuada escala espacial de los
mapas resultantes, esencial en la evaluacion de impactos potenciales y la adopciéon de
politicas de gestion (Vargas-Rojas et al., 2019). Sin embargo, los resultados de los andlisis de
la comparacién de diferentes productos de COS, con diferentes resoluciones de pixel, no
mostraron una clara consistencia respecto al tamafio minimo de informaciéon (capitulo 4).
La influencia de la escala resulta algo mds evidente en los andlisis de modelizacion del COS
bajo los mismos supuestos pero a diferentes escalas, donde resoluciones con mds detalle
presentaron valores de precisién del modelo ligeramente superiores. Por lo que, no siempre
una mayor resolucidn espacial se fraduce en una mejor calidad de los modelos, estando
influenciado por otfros factores como la distribucion y cantidad de los datos, estimacion de
covariables o métodos de modelizacién. Esto evidencia la dificultad en la estimacion del
COS, cuya heterogeneidad espacial, de escalas métricas o submétricas, no llega a ser
totalmente representada en las estimaciones de superficie amplias (Minasny et al., 2017;
Xiong et al., 20146).

La eleccion de los métodos para la generacidén de mapas de carbono desarrolladas en
esta tesis ha sido condicionada por la limitacién en la disponibilidad de datos. De entre
estas, las técnicas de aprendizaje automdatico (machine learning) basadas en modelos no
paramétricos mostraron una mayor capacidad para manejar un gran nimero de variables,
minimizando el nUmero de muestras necesarias para generar las predicciones (McBratney
et al., 2003; Rodriguez-Galiano et al., 2015). En esta tesis se ha demostrado la necesidad de
detallar los valores de las métricas de evaluacion interna de los modelos, ya que se ha
comprobado que la precisién de los mismos no estd necesariomente relacionada con
buenos resultados de calibracién (capitulo 4). Para la evaluacién de los modelos, ademds
de los resultados de la validacion interna, es especialmente importante detallar también el
método estadistico empleado. La robustez de estos modelos viene determinada por la
diferencia entre los criterios de informacion de calibracion y validacién. Dado que existe
una amplia gama de algoritmos que resultan éptimos para la prediccién espacial del
carbono ecosistémico, en esta tesis se ha optado por la utilizacidn de ensambles de
modelos, planteando un enfoque novedoso para la seleccion del modelo final. En funcion
de la variedad ambiental, resultante de las diversas combinaciones de factores
predictores, y de los datos disponibles, la capacidad de prediccion de los modelos resulta
muy variable espacialmente respecto a la calidad de sus estimaciones dentro del territorio
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modelado (Guevara et al., 2018). Por este motivo, el mapa final resultante se generd por
combinacion de varios ensambles de modelos, seleccionando las estimaciones mds
precisas obtenidas para cada pixel (capitulo 5).

Ademds, la implementacién de estas técnicas de aprendizaje automdtico también ha
permitido generar mapas continuos espacialmente explicitos de incertidumbre. Estos
mapas proporcionan informacién esencial para interpretar los resultados y conocer la
calidad de los mismos (Coulston et al., 2016). Permiten identificar patrones entre los valores
de incertidumbre vy las predicciones, estableciendo la aplicabilidad de los productos
obtenidos. Asi mismo, el uso de varias técnicas de seleccién de covariables ha permitido
enriguecer todavia mds la cuantificacién del carbono, evitando el riesgo de redundancia
estadistica con el consecuente potencial de sobreagjuste (Gregorutti et al., 2017). Las
técnicas de seleccidn planteadas en el capitulo 5 facilitaron una seleccidon mdas objetiva
de las covariables mds relevantes para la prediccion del carbono.

Los estudios relacionados con la estimacién del carbono ecosistémico a nivel nacional son
escasos, siendo mds frecuentes los realizados para el suelo. De entre estos, la mayoria se
cenfran en los 30 cm superficiales y en la variable de stock (TC/ha). En esta tesis, sin
embargo, se incluye ademds la variable de concentracién del COS (g/kg) y se considera
la profundidad efectiva del perfil eddfico (capitulos 4 y 5). La importancia de analizar en
primer lugar la variable concentracién del COS es debida a que en las bases de datos
disponibles este es el pardmetro vinculado al carbono del suelo que se recoge
originalmente. Ademds, la mayoria de las bases de datos presentan una carencia
importante respecto a pardmetros fundamentales para el cdiculo de la variable stock de
carbono. Esto puede llevar a la interpretacion sesgada del stock en los distintos ecosistemas
debido a la necesidad de extrapolar dichos pardmetros, con el consiguiente riesgo de
propagacioén de errores en la modelizacion final (Durante et al., 2019; Poeplau et al., 2017).
En estos casos, y a la vista de los resultados de esta tesis, a menos que sea esencial para
adaptar determinadas politicas medioambientales, se recomienda desarrollar mapas de
concentracién de COS en lugar de los datos frecuentemente sobreestimados de stock.

En el desarrollo del enfoque metodoldgico planteado en esta tesis ha prevalecido la
utilizacion de programas de cddigo abierto y datos publicos gratuitos, lo que fomenta la
rentabilidad y extrapolacion a otras zonas. Uno de los limitantes de estos procesos a escala
nacional y alta resolucidn espacial es la capacidad computacional necesaria debido a la
gran canfidad de datos empelados. En el diseno de los procesos realizados se ha priorizado
reducir la limitacién computacional y los tfiempos de ejecucion, desarrollando
metodologias y procesamientos paralelos y distribuidos.

La dindmica del carbono en los ecosistemas y la integraciéon de los stocks vegetacion-
suelo

Las predicciones climdticas futuras hacen que la estimacién del secuestro de carbono en
los ecosistemas sea esencial para establecer prioridades en politicas de reduccion de GEl
y gestién sostenible. Establecer modelos dindmicos de carbono capaces de predecir
resultados espacialmente localizados bajo diferentes escenarios de gestion resulta
fundamental (Lopez-Garrido et al., 2014). En este sentido, desde la FAO se ha instado a los
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paises a la generacion del mapa de secuestro de carbono orgdnico del suelo (Soil Organic
Carbon Sequestration Potential National Map, SCOseq) utilizando métodos estandarizados
pero adaptando datos locales (capitulo 6). La integracién de datos locales en el estudio
dindmico, tal y como el mapa de COS stock (capitulo 5), de usos y coberturas de suelo o
ratios de descomposicion orgdnica, mejord la prediccién del mapa final de SOCseq. Los
andlisis muestran que, suponiendo constantes las condiciones ambientales actuales
durante los préximos 20 anos, Espana Peninsular serd una fuente de emisidén de carbono en
lugar de sumidero. Por lo que, para revertir esta situacién serd necesario establecer
prdcticas de gestibn encaminadas a incrementar los niveles de entrada (inputs) de
carbono en la dindmica del COS. Estas prdcticas estdn mds ampliamente detalladas para
los sistemas agricolas (FAO, 2017b), siendo la propuesta de esta tesis la incorporacién de
prdcticas sostenibles encaminadas a maximizar la fijacion de carbono en sistemas
forestales.

Para la estimacion del SOCseq se plantea la cuantificacién del incremento de entrada de
biomasa al suelo mediante la metodologia propuesta en el capitulo 3. De esta forma, se
puede generar informacidén espacialmente continua mediante datos LIDAR. Esta
informacion resulta detallada, fiable y faciimente actualizable para ser incorporada a los
datos de partida de la dindmica del carbono en la prediccién de escenarios futuros.

Lineas futuras de investigacion

Uno de los objetivos de esta tesis es contribuir a la generacién de la mejor estrategia
metodoldégica de la cuantificacion del carbono terrestre a nivel nacional, asegurando su
interoperabilidad global. Concretamente, se ha validado que la combinacién de
actualizados métodos estadisticos de aprendizaje automdtico con técnicas digitales y de
teledeteccién, asi como la automatizacién de tareas, permiti® mejorar el conocimiento
actual del carbono orgdnico a una alta resolucion espacial. Especialmente para una zona
de clima y topografia complejos, y con una limitada distribucion de datos como nuestro
caso de estudio (Fathololoumi et al., 2020).

Sin embargo, existen limitaciones metodoldgicas respecto a las técnicas y datos utilizados.
Los mapas de incertidumbre obtenidos en esta tesis ratifican que las zonas con mayor
incertidumbre son aquellas con contenido de stock de carbono mds bajo. Para el caso de
la vegetacidn, estas zonas correspondieron a coberturas de bajo porte (es decir, cultivos,
herbdceas, pastizales, matorral bajo), las cuales fueron peor estimadas debido a la propia
limitacion en las mediciones de los datos LIDAR utilizados respecto a este tipo de coberturas
(Hancock et al., 2017). Respecto al stock del COS, las zonas de mayor incerfidumbre
correspondieron a aquellas con procesos de degradacién mds avanzados. Como se ha
mostrado en trabajos anteriores (Brungard et al., 2015), la baja precisién en la modelizacién
de estas zonas puede ser debido a la alteracidon en los patrones de relaciéon de las
covariables con el carbono en los suelos degradados. Asi mismo, las diferencias de
precisidon entre las modelizaciones de las dos variables de carbono de suelo estimadas en
esta tesis (es decir, concentracién y stock) corroboraron la posible propagacion de errores
y la sobreestimacién de los valores de stock (Durante et al., 2019; Poeplau et al., 2017).
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Futuros trabajos deberian focalizar los esfuerzos en aumentar la informacién muestral
nacional y mejorar la base de datos en estas zonas de mayor incerfidumbre en la
prediccién del carbono ecosistémico y conseguir una representatividad homogénea del
territorio. Concretamente para el carbono en suelo, a nivel nacional existe una gran
cantidad de informacién fragmentada, dispersa y sin digitalizar. La recopilacion,
estandarizacion y puesta a disposicidon publica de dichos datos ayudaria a una mejor
evaluacién y estimacién del carbono. Larecuperacion de estos datos permitiria completar
la importante carencia respecto a los pardmetros fundamentales para la estimaciéon del
stock del COS, tal y como se han demostrado en otros paises como Chile (Pfeiffer et al.,
2020) o Ecuador (Armas et al., 2021).

La integracion de los reservorios de carbono de la vegetacion y el suelo a nivel nacional es
otro de los principales retos a los que se enfrenta el estudio del stock de carbono en los
ecosistemas terrestres en Espana, todavia sin resolver. En esta tesis, el principal escollo que
ha limitado la realizacion de esta integracién ha sido la disponibilidad de datos de biomasa
aéreq, a nivel nacional, con una minima diferencia temporal entre la informacion de datos
LIDAR y datos de campo. Esto, unido a la gran capacidad computacional necesaria para
el procesado de datos de todo el territorio peninsular, dio lugar a la imposibilidad de
obtener un mapa final de carbono ecosistémico de Espana.

Los diferentes enfoques de los modelos de integracién de los reservorios de carbono
terrestres se pueden sintetizar principalmente en dos: los que enfatizan la determinacion de
las areas de distribuciéon potencial de la vegetacion (modelos biogeogrdficos), o los que
simulan los ciclos de carbono y nutrientes en los ecosistemas (modelos biogeoquimicos).
De entre estos Ultimos, el modelo RothC (Coleman and Jenkinson, 1996) utilizado en esta
tesis para la simulacion de la dindmica del secuestro potencial del COS, resultd éptimo para
satisfacer esta demanda de integracién por su enfoque en el sistema planta-suelo (capitulo
6). A pesar de la propuesta de cuantificacion de la entrada de biomasa al suelo mediante
la metodologia descrita en el capitulo 3, existen serias limitaciones respecto a su estimacion
nacional, tal y como se ha mencionado anteriormente. Por ello, mds alld de estimaciones
globales, actualmente no existe un mapa de biomasa nacional. Lo que supone un reto de
futuro clave aun sin resolver en Espana. La integracién de otras fuentes de informacion con
mayor resolucién espacial y temporal, como datos del satélite SENTINEL o GEDI, podrian
ayudar a enfocar los esfuerzos de investigacion en esta linea.

Las futuras lineas de investigacién respecto al modelo RothC deberian focalizarse en
adaptar su parametrizacién a nuestra zona de estudio. Tasas de mineralizacion especificas
y de saturacién del suelo, asi como datos locales de entrada con una resolucidén mds
adecuada, mejorardn las predicciones del modelo. Ademds, se deben incluir multiples
caracteristicas especificas del pais (por ejemplo, condiciones sociales y econdémicas),
datos de cambio de uso de la tierra y diferentes escenarios climdticos para lograr mapas
de secuestro potencial de carbono ecosistémico mds realistas.

Finalmente, tal y como sugiere Searle et al. (2021), los préximos pasos han de ir
encaminados hacia la incorporacién de estas evaluaciones de carbono terrestre en el
andlisis de los problemas de gestién. Esta informacién tiene la capacidad de anticiparse,
con la consiguiente capacidad de fransformacién en el seguimiento y la previsién de los
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impactos de las précticas de gestion territorial. Para ello resulta fundamental la disposicion
publica de la informaciéon. Por lo que se trabajard en la visibilidad de los productos
resultantes y de sus versiones mejoradas mediante su disponibilidad a través de servidores
de libre acceso.
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Capitulo 8. CONCLUSIONES GENERALES

157



158



8.1. CONCLUSIONES GENERALES

1. Los resultados de esta tesis aportan avances metodoldgicos significativos para la
cuantificacién del carbono orgdnico en ecosistemas terrestres, mejorando la calidad vy
precision de la actual informacién disponible a escala nacional. Estos avances hacen
referencia especialmente a técnicas estandarizadas a diferentes escalas espaciales, asi
como a la aplicacién de modelos dindmicos capaces de predecir los cambios de los stocks
bajo diferentes escenarios de gestién. La limitada disponibiidad de los datos ha
condicionado la eleccién de los métodos de modelizacion, asi como la calidad final de los
productos en la generacidén de mapas de carbono ecosistémico.

2. En esta tesis se generaron mapas de carbono basados en las mejores estimaciones
posibles dentro de los limites del conocimiento cientifico y los recursos disponibles. Los
productos estimados incluyen mapas de biomasa aérea (AGB) y de carbono orgdnico del
suelo (SOC). Respecto a la vegetacion, se generaron dos mapas de biomasa (t/ha) para
la Region de Murcia en base a diferentes fuentes de datos y a diferentes escalas espaciales:
25 m y 250 m generados con datos LIDAR y predicciones MODIS, respectivamente.
Respecto al SOC, se generaron cuatro mapas a 90 m de resolucidn, mds sus
correspondientes mapas de incertidumbre asociadas, para Espana peninsular: mapas de
concentracion de SOC a 0-30 y 30-100 cm de profundidad; y mapas de stock de SOC a 0-
30 cm vy a su profundidad efectiva. Ademds, se generaron mapas con las proyecciones
(2020-2040) del secuestro potencial del stock de SOC a 1 km de resolucién, bajo diferentes
escenarios de gestiéon: mapas de tasas de secuestro absoluto y sus incertidumbres (tC/ha),
y mapa de tasas de secuestro relativo (fC/ha).

Bajo el compromiso de datos abiertos y accesibles, estos mapas se encuentran en un
servidor de libre acceso en la siguiente direccién web:
https://drive.google.com/drive/folders/1SykCBAbpHNUPHcCbguE34jiBfBIvOInM2usp=sharin

o]

3. La principal dificultad se ha encontrado en la limitada disponibilidad de datos de
carbono a nivel nacional. En el caso de la biomasa, la diferencia temporal entre los datos
LIDAR vy, a su vez, con los datos de campo, dificultd la extrapolacién a nivel nacional.
Respecto a la informacidn de los suelos, la falta de equilibrio en el nUmero de muestras en
determinados intervalos de stock, asi como la representatividad espacial de los datos,
resultaron ser mds influyente en la precision de las estimaciones que la densidad muestral.

Ademds, las bases de datos de suelos presentaron carencias respecto a los pardmetros
necesarios para el cdlculo de stock. Los mejores resultados en la calidad de los modelos
del SOCc respecto al SOCs, asi como la sobrestimacion del stock, se atribuyen a la
propagacién del error en la modelizacion debido a la extrapolacién de dichos pardmetros.
Asi mismo, la mayor parte de la informacion del SOC en Espana estd actualmente
normalizada a los 30 cm superficiales, comprobdndose en esta tesis que se estaria
subestimando el 25% del reservorio del carbono en los horizontes subsuperficiales (>30 cm).

4. La comparacioén de la modelizacion del SOC a diferentes escalas espaciales realizada
en esta tesis reveld una mayor precision en modelos de resoluciones con mayor detalle, si
bien las diferencias entre las mismas no fueron muy notables. Esta falta de consistencia
entre la resolucion de la escala vy la calidad de los modelos evidencia la dificultad en la
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estimacion del SOC. Esto puede estar relacionada con la alta heterogeneidad espacial del
carbono, dificimente captada en las estimaciones de amplias superficies incluso de alta
resolucion. Ademds, la inclusion en los modelos de covariables representadas a muy
diversas escalas podria ser otra de las causas que influyen en la precisidon de los mismos.

5. Laos técnicas de aprendizaje automdtico (machine learning) utilizadas en esta fesis
mostraron su capacidad para manejar un gran numero de variables. La integracion de
estas técnicas junto con datos de sensores remotos incrementé la capacidad predictiva
de los modelos de estimacién del carbono, especialmente en estudios con informacién
muestral limitada. La baja diferencia entre los criterios de informacion de calibracion y
validacion obtenida en los modelos finales de estimaciéon del carbono corroboré la
robustez de los mismos.

6. El aporte de mapas de incertidumbre continuos y espacialmente explicitos resultd
esencial para la correcta interpretacion y fiabilidad de los resultados. La identificacion de
patrones entre los valores de incertidumbre vy las predicciones permitid detectar dreas con
estimaciones menos consistentes que precisan de una mayor intensidad de muestreo.

7. Se ha generado el primer mapa de secuestro potencial del SOC para Espana
peninsular, bajo diferentes escenarios de gestién. Estos andlisis manifiestan que, suponiendo
constantes las condiciones ambientales actuales durante los préximos 20 anos, los suelos
serdn una fuente de emisidn mds que un sumidero. No obstante, se demuestra que la
realizacién de prdcticas sostenibles que incrementen los niveles de ganancia de carbono
orgdnico en el suelo en al menos un 5%, revertirdn esta situacién para convertirse en
sumideros, especialmente las zonas boscosas arboladas.

8. La integracién de los reservorios de carbono de la vegetaciéon y el suelo a nivel
nacional es uno de los retos a los que se enfrenta el estudio del stock de carbono en los
ecosistemas terrestres en Espaia, todavia sin resolver. Las futuras lineas de trabajo han de
focalizar los esfuerzos en la extrapolaciéon nacional de las técnicas de estimacion de
biomasa aérea mediante la integracién de otras fuentes multiemporales y de mds alta
resolucién espacial. Asi mismo, para el caso del carbono en suelo, seria necesario un
esfuerzo nacional para la obtencidén de una base de datos patrimonial completa y
armonizada. Hace falta incrementar el nimero de perfiles para una representatividad
espacial adecuada del conjunto del territorio, completando la informacidén necesaria para
el cdlculo del stock.

160



8.2. GENERAL CONCLUSIONS

1. The results of this thesis provide significant methodological advances for the organic
carbon quantification in terrestrial ecosystems, thus improving the quality and precision of
the information that is currently available at the national level. These advances are based
on standardized techniques on different spatial and management scales, as well as the
characterization of dynamic models to predict stock changes under different management
scenarios. The limited availability of data has determined the selection of modeling methods
and the quality of the final products to generate the carbon ecosystem maps.

2. In this thesis, the carbon maps were generated based on the best possible estimates
within the limits of scientific knowledge and available resources. The estimated carbon
products include aboveground biomass (AGB) maps and soil organic carbon (SOC) maps.
Regarding the vegetation, two biomass maps (t/ha) were generated for the ‘Regidn de
Murcia’ based on different data sources and at different spatial scales: 25 m and 250m for
LIDAR data and MODIS-based prediction, respectively. Regarding SOC, four maps were
generated at 90 m spatial resolution, as well as their corresponding associated uncertainties
maps, for peninsular Spain: SOC concentration (SOCc) maps at 0-30 cm and 30-100 cm
depths; and SOC stock (SOCs) maps atf 0-30 cm and at its effective soil depth. In addition,
projections of SOC stock sequestration potential map (SOCseq) were generated at 1 km
spatial resolution under different management scenarios: absolute sequestration rate maps
and its uncertainties (tC/ha), and relative sequestration rate map (tC/ha).

In agreement with the open free data commitment, these maps are available on an
open-access server at
https://drive.google.com/drive/folders/1SykCBAbpHNUPHcCbguE34jiBfBIvOInM2usp=sharin

g

3.  The main limitation was the low density of carbon data samples at the national level. In
the case of the biomass, the time lag among LIDAR data, and also between the field-pots,
complicated the extrapolation at the national level. Regarding the soil information, the lack
of samplesin certain values intervals, as well as the data spatial representativeness, became
more influential than the sample density.

Furthermore, the soil databases showed a significant lack of basic parameters for the stock
estimation. The best quality of the SOCc models with respect to SOCs, as well as the stock
overestimation, are associated with the modeling error propagatfion due to the
extrapolation of the aforementioned parameters. In addition, most of the SOC databases
in Spain are currently standardized to the upper 30 cm. , proving in this thesis that it would
be underestimating at least 25% of SOC if the subsoil carbon pool (>30 cm) is not considered.

4, The comparison of SOC modeling at different spatial scales performed this thesis
showed a greater modeling precision when the resolution is more detailed, although the
differences among scales were very low. This lack of consistency between the spatial
resolution and model quality shows the difficulty in estimating SOC. Therefore, its short-range
spatial heterogeneity is hardly captured in large surfaces, even at high-precision scales.
Furthermore, the integration of covariates with diverse spatial resolution in the carbon
modeling could also influence the model accuracy.
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5. The machine learning techniques used in this thesis showed a great capacity for
managing a great number of variables. The integration of these techniques with remote
sensor data increased the predictive capacity of the carbon models, especially in areas
with limited samples. The slight difference between the information criteria for calibration
and validation sets obtained in the final carbon estimates confirmed their robustness.

6. The conftribution of spatially explicit uncertainty maps was critical for the correct
interpretation and validity of the results. Identifying patfterns between the uncertain and
predicted values enabled the detection of areas with lower accuracy estimates, which
require a higher sampling density.

7. In this thesis, the first map of SOC stock sequestration potential for peninsular Spain has
been generated, under different management scenarios. These analyses demonstrate that,
as long as the current environmental condifions remain constant for the next 20 years, the
soils will be a source of emission rather than a sink. However, the adoption of sustainable
practices, which increase the carbon input rate into soils by at least 5%, will prevent this
situation from becoming a sink, especially in wooded areas.

8. The integration of both vegetation and soil carbon reservoirs at the national level is a
challenge for stock carbon studies in the terrestrial ecosystems, which remains unsolved in
Spain. Future studies must focus on the efforts for national extrapolation of AGB estimation
techniques by means of integrating other multitemporal sources with higher-precision
spatial resolution. For the SOC, a national effort to harmonize and complete a soil legacy
database is necessary. It is essential fo increase the available number of profiles to provide
a suitable spatial representativeness of the whole territory and fill in the missing information
in databases to estimate SOC stock.
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