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RESUMEN 

La evaluación del ciclo del carbono en los ecosistemas es fundamental para el estudio del 

cambio climático. Los dos principales componentes del ciclo del carbono son la Producción 

Primaria Bruta (GPP) y la Respiración del suelo (Rs). El primero representa el carbono fijado por 

los ecosistemas a través de la fotosíntesis y es el flujo más grande del ciclo del carbono. El 

segundo es la fuente principal de CO2 en la mayoría de los ecosistemas. La alta variabilidad 

espacial y temporal de estos flujos hace que los ecosistemas forestales y agrícolas se puedan 

comportar como fuentes o sumideros de CO2 a lo largo de los años dependiendo de las 

interacciones con los factores meteorológicos y ecológicos. Por tanto, es necesario el desarrollo 

de métodos y técnicas adecuadas para estimar de manera precisa la GPP y la Rs. Esta tesis tiene 

como objetivo principal la evaluación de estos dos componentes del ciclo del carbono en 

ecosistemas forestales y agrícolas a través de técnicas de teledetección y medidas de campo. 

Este objetivo ha sido llevado a cabo a través de cuatro experimentos, dos que evalúan la Rs en 

agroecosistemas y dos que evalúan la GPP en ecosistemas forestales. 

En el primer estudio, la respiración total del suelo (Rs) y su componente autotrófico (Ra) 

fueron evaluadas mediante información espectral adquirida a través de espectro radiometría de 

campo en un cultivo de regadío de maíz (Zea mays L.) durante el periodo de crecimiento. Las 

relaciones entre Rs y Ra con el Índice de Área Foliar (IAF), los índices espectrales y los factores 

abióticos (temperatura y humedad del suelo) fueron evaluadas a través de modelos de regresión 

lineal. Los resultados mostraron que los índices espectrales contienen información funcional 

significativa, más allá de la meramente estructural, que puede estar relacionada con la Rs y la 

Ra. Sin embargo, deben aplicarse modelos específicos para cada una de las etapas fenológicas 

del cultivo y este aspecto se debe tener en cuenta a la hora de ampliar la escala al usar modelos 

de teledetección.  
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El objetivo del segundo trabajo fue evaluar la Rs ligada a la fenología de un cultivo de secano 

de cebada durante dos periodos de crecimiento a través de índices espectrales calculados a 

partir de espectro-radiometría de campo. Las relaciones entre Rs, Índice de Área Foliar (IAF) e 

índices espectrales fueron evaluadas mediante modelos de regresión lineal con el coeficiente 

ajustado de determinación. Los resultados mostraron que la mayoría de índices espectrales 

proporcionaron mejor información que el IAF durante el periodo de estudio y que la humedad 

y la temperatura del suelo fueron importantes en periodos específicos. Durante los estadios 

vegetativos, los índices basados en la región del visible (VIS) mostraron la mejor relación con Rs. 

Por otro lado, durante los estadios reproductivos, los índices que contienen información de las 

regiones del infrarrojo cercano y del infrarrojo cercano de onda corta (NIR-SWIR) mostraron la 

mejor relación con la Rs. La variabilidad interanual encontrada en las regiones Mediterráneas 

fue observada también en la ratio de emisión-absorción de carbono. Nuestros resultados 

muestran la capacidad potencial de la información espectral para evaluar la respiración del suelo 

ligada a la fenología del cultivo a través de diferentes escalas espaciales y temporales.  

En el tercer trabajo, nuestro objetivo principal fue evaluar la dinámica de la GPP en una 

Dehesa situada en el centro de España mediante análisis de series de tiempo (2004-2008) en 

dos modelos: (1) La GPP proporcionada imágenes de teledetección del sensor MODIS (producto 

MOD17A2); y (2) La GPP estimada mediante la implementación local de un modelo de uso de 

eficiencia de la luz que tiene en cuenta los parámetros meteorológicos y ecológicos locales. 

Ambos modelos se compararon con la GPP de una torre de flujo Eddy situada en nuestra área 

de estudio. Nuestros resultados indican que los dos modelos de GPP mostraron la dinámica de 

una Dehesa en la que hay principalmente dos estratos, el arbóreo y el herbáceo. Sin embargo, 

el modelo MODIS infraestimó la GPP de la Dehesa Mediterránea debido a los diferentes 

parámetros ecológicos y meteorológicos que usa en su cálculo. Finalmente, los test de 

Causalidad de Granger indicaron que incluyendo la precipitación o el contenido de la humedad 

del suelo en los modelos se puede mejorar la predicción en los mismos. 
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En el último trabajo, nuestro objetivo principal fue evaluar la dinámica de la GPP, de las 

variables meteorológicas y del comportamiento de los flujos de energía en tres ecosistemas 

forestales diferentes de Europa mediante el análisis de series de tiempo. Los resultados 

mostraron que la temperatura y la radiación solar fueron los factores limitantes in el bosque 

perennifolio de Finlandia, mientras que el contenido de la humedad del suelo fue el factor 

determinante para el crecimiento en la Dehesa Mediterránea. El bosque caducifolio de 

Dinamarca mostró un ciclo de la GPP diferente relacionado con la interacción de varios factores 

durante la época de crecimiento. En Finlandia, el calor latente estuvo acoplado a la GPP durante 

todo el periodo mientras que en Dinamarca empezó a estar fuertemente acoplado cuando se 

produjo la salida de la hoja. En España, el calor latente estuvo acoplado a la GPP durante el 

periodo de crecimiento, condicionado a la disponibilidad de agua en el suelo. La dinámica de la 

vegetación de los tres ecosistemas fue responsable directamente de la partición de los flujos de 

energía y la dinámica del flujo del agua proporcionando un feedback a la atmósfera 

influenciando esta partición de los flujos de energía de distinta manera. 

Los resultados de la tesis muestran la capacidad de nuevos métodos para la medición y la 

estimación de la Respiración del suelo y la Producción Primaria Bruta en distintos ecosistemas 

forestales y agrícolas a distintas escalas espacio-temporales. Se necesita de una mayor 

investigación para mejorar las estimaciones de estos dos componentes del ciclo del carbono y 

evaluar el papel que juegan los ecosistemas en el cambio climático. 
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ABSTRACT 

The assessment of carbon cycle in the ecosystems is essential for studying climate change. 

The two main components of the carbon cycle are Gross Primary Production (GPP) and Soil 

Respiration (Rs). The first one represents the carbon uptake of ecosystems through 

photosynthesis and it is the largest flux of the global carbon balance. The second one is the most 

important source of CO2 in most ecosystems. The high spatial and temporal variability of these 

fluxes can make forest and agricultural ecosystems behave as a sink or as a source of CO2 over 

the years depending on the interaction of meteorological and ecological factors. Therefore, 

developing suitable methods and techniques for estimating GPP and Rs are crucial to obtain 

accurate estimations. The main objective of this thesis is to assess these two main components 

of the carbon cycle in agricultural and forest ecosystems by new remote sensing and field 

techniques. This objective has been carried out with four experiments, two assessing Rs in 

agroecosystems and two assessing GPP in forest ecosystems. 

In the first study total soil respiration (Rs) and its autotrophic component (Ra) were 

assessed through spectral information acquired by field spectroscopy in a row irrigated corn 

crop (Zea mays L.) throughout the growing period. The relationships between Rs and Ra with 

leaf area index (LAI), spectral indexes and abiotic factors (soil moisture and soil temperature) 

were assessed by linear regression models. Results showed that Spectral indexes contain 

significant functional information, beyond mere structural changes, that could be related to Rs 

and Ra. However, specific models should be applied for the different phenological stages and 

there is a need to be cautious when upscaling remote sensing models. 

The aim of the second study was to assess Rs linked to crop phenology of a rainfed barley 

crop throughout two seasons based on spectral indices calculated from field spectroscopy data. 

The relationships between Rs, Leaf Area Index (LAI) and spectral indices were assessed by linear 

regression models with the adjusted coefficient of determination. Results showed that most of 
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the spectral indices provided better information than LAI throughout the studied period and 

that soil moisture and temperature were relevant variables in specific periods. During vegetative 

stages, indices based on the visible (VIS) region showed the best relationship with Rs. On the 

other hand, during reproductive stages indices containing the near infrared-shortwave infrared 

(NIR-SWIR) spectral region and those related to water content showed the highest relationship. 

The inter-annual variability found in Mediterranean regions was also observed in the estimated 

ratio of carbon emission to carbon fixation between years. Our results show the potential 

capability of spectral information to assess soil respiration linked to crop phenology across 

several temporal and spatial scales. 

In the third work, our overall objective was to assess the GPP dynamics of a Dehesa 

ecosystem in Central Spain by analysing the time series (2004–2008) of two models: (1) GPP 

provided by remote sensing images from the MODIS sensor (MOD17A2 product); and (2) GPP 

estimated by the implementation of a site-specific light use efficiency model taking into account 

local ecological and meteorological parameters. Both models were compared to the production 

provided by an eddy covariance flux tower located in our study area. Our results indicated that 

both models of GPP showed a typical Dehesa dynamic where there are primarily two layers, the 

arboreal and the herbaceous strata. However, MODIS underestimates the production of the 

dehesa in a Mediterranean climate due to the different ecological and meteorological 

parameters used in the MODIS model. Finally, the Granger causality tests indicate that GPP 

prediction can be improved by including precipitation or soil water in the models. 

In the last work, our overall objective was to assess the GPP dynamics and the energy 

partitioning patterns in three different European forest ecosystems by time series analysis. 

Results show that temperature and solar radiation were the main limiting factors in the 

Evergreen Needleleaf forest of Finland while water availability was determinant for growth in 

the Mediterranean Dehesa ecosystem. The Deciduous Broadleaf Forest in Denmark showed a 
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different GPP cycle related with an interaction of various factors during all the growing season. 

In Finland, latent heat was coupled to GPP during all growing season due to the factor of 

temperature while in Denmark began to be strongly coupled when leaf emergence occurred. In 

Spain, latent heat was coupled to GPP during all growing season conditioned by water 

availability. The vegetation dynamics of the three ecosystems were directly responsible for the 

energy fluxes partitioning and water fluxes dynamics providing a feedback to atmosphere 

influencing the energy partitioning in a different way. 

Results from this thesis show the capacity of new methods to measure and estimate soil 

respiration and Gross Primary Production in different forest and agricultural ecosystems at 

different spatial and temporal scales. Further research is needed to improve the estimations of 

these two components of the carbon cycle and to assess the role of ecosystems in the climate 

change. 
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Structure of the Thesis 

This Thesis is based on four experiments:  Experiment 1 and 2 are two applied scientific 

research field level experiments to estimate soil respiration from spectral indices obtained 

through field spectroscopy. Experiment 3 assess the Gross Primary Production dynamics of a 

Mediterranean holm oak forest (Dehesa) by remote sensing time series analysis and modeled 

GPP based on Monteith approach (Monteith, 1972) with new site-specific variables. The 

experiment 4 assessed the dynamics of GPP, meteorological variables and energy fluxes from 

Eddy Covariance time series measurements in three forest ecosystems. The following table 

summarizes the main characteristics of the four experiments: 

Table 1. Main characteristics of the four experiments of the Thesis. 

 Experiment 1 Experiment 2 Experiment 3 Experiment 4 

Component of C 
cycle studied 

Soil respiration Soil Respiration Gross Primary 
Production 

Gross Primary 
Production 

Ecosystem Irrigated Maize Rainfed Barley Mediterranean 
forest (Dehesa) 

Evergreen 
Needleleaf 

Forest, 
Deciduous 
Broadleaf 

Forest, 
Mediterranean 
forest (Dehesa) 

Material Field 
spectroscopy 

Field 
spectroscopy 

MODIS products 
and EC flux 
tower data 

EC flux tower 
data 

Method Phenological 
assessment and 

Linear 
Regression 

models 

Phenological 
assessment and 

Linear 
Regression 

models 

Time Series 
Analysis 

Time Series 
Analysis 

Scale Field Field Pixel Field 

 

The Thesis is divided into eight chapters: Introduction, Objectives, Material and Methods, 

Results, Discussion, Conclusion, Future research and References. The Materials subsection, 

Results and Discussion are divided into four sections that correspond to each of the experiments.
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1. INTRODUCTION 

This thesis aims to develop methodologies to assess two main components of the carbon 

(C) cycle, such as Gross Primary Production (GPP) and Soil Respiration (Rs) in forest and 

agricultural ecosystems by new remote sensing and field techniques and at different spatial and 

temporal scales.  

 Components of the C cycle: Gross Primary Production and Soil Respiration 

Most of the carbon (C) on Earth is stored on the lithosphere in mineral and rocks, especially 

in limestone and its derivatives. The rest is in the ocean, atmosphere, plants, soil and fossil fuels. 

Carbon is exchanged between these components forming the C cycle. 

Anthropogenic alterations in the carbon cycle are the main responsible for climate change 

(Gruber et al., 2004; Mehmood et al., 2020; Ussiri and Lal, 2017). Greenhouse gases are 

components of the atmosphere that are found naturally in small amounts. The main greenhouse 

gases are carbon dioxide (CO2), methane (CH4) and nitrous oxide (N2O). Anthropogenic 

greenhouse gas emissions which have increased since the pre-industrial era driven largely by 

economic and population growth seem to be the main cause of the climate change (IPCC, 2014, 

1990; Lal, 2004a; Ritchie and Roser, 2017). 

Gross Primary Production (GPP) represents the C uptake of ecosystems through 

photosynthesis and it is the largest flux of the global carbon balance (Jiang et al., 2013; Ma et 

al., 2020). Agroecosystems and forests act as a C sink through GPP (Chen et al., 2017; Dixon et 

al., 1994; Luyssaert et al., 2010). Crop´s GPP contributes approximately 15% of global carbon 

dioxide fixation (Malmström et al., 1997; Yuan et al., 2015). Forests cover 31 % of the land area 

with 4.06x109 hectares (FAO and UNEP, 2020) and a GPP estimated as 123 Gigaton of carbon (Gt 

C) per year, showing the tropical forests the highest GPP values (Beer et al., 2010). 
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Ecosystem respiration (Reco) is the sum of the above-ground autotrophic respiration (Raag) 

and soil respiration (Rs), which is composed by the roots autotrophic respiration (Ra) and the 

microorganisms heterotrophic respiration (Rh) component produced in the organic matter 

mineralization processes (Kuzyakov, 2006; Prolingheuer et al., 2010). After the oceans, the soil 

is the main carbon reservoir, and the production of CO2 by soil respiration the most important 

source of CO2 in most ecosystems (Raich and Schlesinger, 1992; Schlesinger and Andrews, 2000). 

with a global annual carbon emission of 75-80 Gigaton (Lal, 2004b; Raich and Potter, 1995; Yuan 

et al., 2011). Specifically, in some forest ecosystems Rs is responsible for 60–90% of the total 

ecosystem respiration (Goulden et al., 1998; Mo et al., 2005). 

 

Figure 1. Principal components of the natural carbon cycle between land and atmosphere: Gross 
Primary Production (GPP), Ecosystem respiration (Reco) which is the sum of aboveground plant 
respiration (Raag) and Soil Respiration (Rs) which is divided into autotrophic respiration from 
roots (Ra) and heterotrophic respiration from decomposers (Rh). 

The ecosystem GPP dynamics depends on meteorological and ecological factors, creating a 

complex pattern of CO2 exchange between the atmosphere and the ecosystem. Photosynthesis 

and hence GPP are driven by solar radiation (Cai et al., 2014; Gitelson et al., 2015; Monteith, 

1972) and CO2 concentration in the atmosphere (Hamim, 2005; Kramer, 1981; Liu et al., 2016; 

Sun et al., 2018). In addition, GPP is strongly constrained by temperature and moisture which 

CO2
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CO2
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determine growth conditions (Dass et al., 2016; Garbulsky et al., 2010) and growing season 

length (Black et al., 2000; Piao et al., 2007; Wu et al., 2012). Ecological factors, such as soil and 

vegetation traits (Poulter et al., 2009; Turner et al., 2006) as LAI or tree cover influence GPP 

(Cicuéndez et al., 2015a; Xie et al., 2019). Xu and Baldocchi (2004) showed on Mediterranean 

grasslands that seasonal variations of gross primary production and respiration closely followed 

variations in the leaf area index, which is in turn strongly determined by the availability of water 

in the soil.  

Autotrophic and heterotrophic respiration are highly dependent on biotic and abiotic 

factors. Heterotrophic respiration coming from the organic matter mineralization by the 

decomposer community is highly affected by the availability of soil carbon, moisture and 

temperature (Curiel Yuste et al., 2007; Moyano et al., 2013; Wang et al., 2003). The autotrophic 

component is highly related to photosynthesis (Kuzyakov and Cheng, 2004, 2001; Xu et al., 2008) 

and therefore strongly mediated by phenological dynamics (Fu et al., 2002; Jans et al., 2010). In 

addition, the accumulation of carbon exudates in roots as well as variation in canopy 

transpiration and shading through the phenological cycle creates local soil conditions modifying 

heterotrophic respiration processes (von Haden et al., 2019). 

All these factors result in a high spatial and temporal variability of the CO2 fluxes among 

different forest and agricultural ecosystems (Baldocchi et al., 2018; Buchmann, 1999; Han et al., 

2007; Rochette et al., 1991) which can act as a sink or as a source of CO2 over the years (Belshe 

et al., 2013; Cicuéndez et al., 2015a; Houghton, 1996; Meng et al., 2016). Specifically, in 

Mediterranean climates the variability may be especially high due to the irregular distribution 

of rainfall and temperature (González-Ubierna et al., 2014; Ma et al., 2007). In this climate 

meteorological factors are usually out of phase (Falge et al., 2002) which difficulties the 

assessment of GPP and Rs dynamics. Therefore, developing suitable methods and techniques 
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for estimating GPP and Rs are crucial to obtain accurate estimations (Cicuéndez et al., 2015a; 

Prolingheuer et al., 2010). 

 Importance of Boreal, Temperate and Mediterranean ecosystems on GPP 

In this thesis, GPP has been assessed in three forest ecosystems, Boreal, Temperate and 

Mediterranean forests, which account for approximately a total GPP of 27 Gt C year-1 (Beer et 

al., 2010).  

 

Figure 2. Boreal (Sustain Europe, 2017), Temperate (Bailey, 2019) and Mediterranean 
ecosystems (FAO, 2018). 

Boreal forest is the second largest forest type in the world covering 14.5% of the land 

surface ranging from 560 N to 690 N (Astrup et al., 2018; Esseen et al., 1992; Gower et al., 2001). 

This biome provides economic and ecological services, as it produces over half of the world’s 

harvested timber and is a C sink of approximately 0.5 Gt C year-1 (Apps et al., 1993; Astrup et al., 

2018).  

Temperate forests cover about 4% of the land surface approximately 600x106 ha (Heath 

and Birdsey, 1993; Silander, 2000). They are located in the mid-latitudes in both hemispheres, 

although most of them (approximately 85%) are found in the Northern hemisphere (Fischer and 
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Fischer, 2012; Silander, 2000). In the Iberian Peninsula this type of forests appear in the 

Eurosiberian region. Due to their distribution and that they provide economic (especially timber 

and wood products) and ecological resources (biodiversity, C sink, social function) the majority 

of these forests have been directly managed by humans (Augustynczik et al., 2020; Fischer and 

Fischer, 2012; Spiecker, 2003). In terms of C, total temperate forest ecosystems C pool was 

estimated as 98.8 Gt (Heath and Birdsey, 1993). GPP of temperate forests is estimated as 9.9 Gt 

C year-1 according to Beer et al. (2010) and represent a C sink of approximately 0.72 Gt C year-1 

(Pan et al., 2011).  

Mediterranean regions cover an area of 2% of land surface characterized by a 

Mediterranean climate with mild winters and a hot and dry summer and the majority of areas 

(around 80%) are concentrated in the Mediterranean basin (Fady-Welterlen, 2005). In many 

regions, large forested areas have been converted into agroforestry ecosystems as a historically 

sustainable method of land management (Joffre et al., 1996; Joffre and Rambal, 2001; Moreno 

and Pulido, 2008). On the Iberian Peninsula the open Mediterranean oak forest known as the 

Dehesa or Montado (usually formed by species of the genus Quercus) covers an area of more 

than 4 million hectares (Serrada and San Miguel-Ayanz, 2008). This ecosystem, which is 

considered as the extreme case of transformation of the Mediterranean forest, is among the 

best-preserved low-intensity farming system in Europe, and generates a variety of products and 

ecosystem services such as high biodiversity, in addition to play an important role in CO2 

exchange (Jongen et al., 2011; Moreno and Pulido, 2008; Pereira et al., 2007). A high temporal 

and spatial heterogeneity is intrinsic to the Dehesa ecosystem, which is characterized by the 

different functioning of the tree and grass layers under the influence of the Mediterranean 

climate, resulting in substantial spatial and inter-annual variability in production (Joffre et al., 

1996; Pereira et al., 2007; Serrano et al., 2019). 
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 Importance of agroecosystems on Rs: Maize and barley crops 

Agriculture is responsible for approximately 13% of the anthropogenic emissions of 

greenhouse gases and specifically CO2 (IPCC, 2014, 2007). Emissions of greenhouse gases from 

agricultural activities have increased in the last years and will continue increasing considerably 

in the near future contributing to global warming (Howden et al., 2007; IPCC, 2007;  Lal, 2004c). 

In the last decades, increases in human population have induced the expansion of agricultural 

areas and intensification of food production systems causing serious social and environmental 

impacts (FAO, 2019, 2002; Tilman et al., 2002; Tscharntke et al., 2012; Wallace, 2000). In the 

present, agricultural areas represent 11 % of the globe’s land surface but this surface will 

increase towards 2030 especially in developing countries both in rainfed and in irrigated systems 

(Bruinsma, 2003). 

The assessment of carbon cycle in agriculture is essential for studying climate change (Cao 

and Woodward, 1998; Cramer et al., 2001; Lal, 2004; Wang et al., 2014), specifically soil 

respiration is one of the main component of C flux in agroecosystems. In agricultural fields 

spatial distribution of Rs components can be highly variable depending on the type of crop 

spatial distribution. Rs is higher close to the roots in row crops due to a higher proportion of 

autotrophic respiration (Amos et al., 2005; Rochette et al., 1991). Prolingheuer et al. (2010) 

found highly different spatial structure in autotrophic and in heterotrophic components in a 

winter wheat field, and suggested that an adequate spatial sampling design would be needed in 

order to assess accurately soil respiration patterns. 

In this thesis, the soil respiration component has been assessed in two different 

agroecosystems in a Mediterranean climate: an irrigated maize crop and a rainfed barley crop. 

Irrigated agriculture represents 16% of the arable area and 44 percent of total crop 

production and will increase in the next decades, especially in developing countries 
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(Alexandratos and Bruinsma, 2012). Maize crop (Zea mays L.) is one of the three most important 

crops worldwide along with rice and wheat (Amudalat, 2015; Orhun, 2013; Tandzi and 

Mutengwa, 2020) occupying 228 million ha in 2016 (Feng et al., 2020) and its production is about 

1 billion tons (Dağhan, 2018). It represents over 13% of the world’s croplands with a distribution 

about 500 N to about 450 S in all latitudes (Leff et al., 2004; Nuss and Tanumihardjo, 2010) having 

adaptation to many climates on the world (Dowswell et al., 2018; Hartkamp et al., 2000; 

Odgaard et al., 2011) and being cultivated under rainfed or irrigated conditions depending on 

climate. In dry climates such as Mediterranean maize is cultivated under irrigated conditions as 

a summer crop (Farré and Faci, 2006; Meza et al., 2008). In Spain irrigated maize occupies 

approximately 338,000 ha in 2019 (MAPA, 2020) being the most important irrigated grain crop 

in Spain (Couto et al., 2013). 

Rainfed agriculture occupies approximately 80 % of the world’s agricultural land and 

generates 60 % of the total agricultural production (Wani et al., 2009). Most regions in the world 

depend primarily on rainfed agriculture for their grain food especially those areas where water 

is the most limiting factor in crop production (Debaeke and Aboudrare, 2004; Oweis et al., 2000; 

Wani et al., 2009). Rainfed agriculture is predominant and has a strong influence on the 

development of Mediterranean areas (Cantero-Martínez et al., 2007). Among rainfed cereal 

crops, barley (Hordeum vulgare ssp. vulgare L.) is the fourth most widely grown crop worldwide 

with a total of 1.58 million km2. Cultivated barley grows in a wide range of environments and 

represents the first rainfed crop in a Mediterranean country such as Spain, both in terms of 

extension and production (MAPA, 2019). 

 Gross Primary Production and Soil Respiration estimations 

A sustainable management of ecosystems requires an accurate assessment of global carbon 

cycle dynamics based on precise GPP estimations (Ma et al., 2020; Yuan et al., 2015). However, 

estimating GPP at regional and global scales is a complex task (Barman et al., 2014; Dong et al., 
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2015). Global GPP estimations through field Net Primary Productivity (NPP) measurements has 

two important limitations: (1) field work would be challenging and expensive (Liu et al., 2011). 

and (2) the need to know the value of ecosystem autotrophic respiration to calculate GPP 

(NPP=GPP-Raag) would result in a high level of  uncertainty (Clark et al., 2001).  

In the last decades, the Eddy Covariance (EC) technique has been established as a valid 

method to measure carbon, water and energy fluxes between ecosystems and the atmosphere 

(Baldocchi, 2014; Baldocchi et al., 1988). Flux towers provide EC measurements at an ecosystem 

level with different temporal scales (Baldocchi, 2003; Kang et al., 2014; Sjöström et al., 2011).. 

Although flux tower measurements are specific (around 1 km2) they are accurate because fluxes 

variability are representative of larger spatial scales as a result of the spatial coherence of 

climate anomalies (Yi et al., 2010; Nemani et al 2003; Ciais et al., 2005). However, they are 

difficult to extrapolate to other regions (Kang et al., 2014; Schimel et al., 2015). Therefore, global 

GPP is usually estimated through (1) Process based models and (2) Remote sensing models 

which are validated although the EC technique  (Jiang et al., 2013; Madani et al., 2017; Sjöström 

et al., 2013). 

(1) The first models are based on modeling photosynthesis at a leaf level and then to 

calculate it at a canopy level (Sellers et al., 1997; Zhang et al., 2012). These models require many 

inputs, most importantly meteorological and soil parameters (Wagle et al., 2016), and show 

different limitations, especially in the calculations of canopy photosynthesis (Dai et al., 2004; De 

Pury and Farquhar, 1997; Zhang et al., 2012). Some examples of these models are SIB2 (Sellers 

et al., 1996), BIOME3 (Haxeltine and Prentice, 1996), CLASS (Wang et al., 2001), ORCHIDEE 

(Krinner et al., 2005) and SCOPE (Van Der Tol et al., 2009). 

(2) Remote Sensing (RS) is the most useful tool for monitoring ecosystems at different 

temporal and spatial scales (Huesca et al., 2015; Palacios-Orueta et al., 2012; Zhang et al., 2003). 

Extensive research has been conducted to calculate GPP at different scales from RS information 
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in different ecosystems (Goetz et al., 1999; Xiao et al., 2004a; Xie and Li, 2020; Yuan et al., 2007). 

Most of the RS models are Production Efficiency Models (PEM) based on the Light Use Efficiency 

(LUE) approach proposed by Monteith (1972) (Eq.1): 

GPP=APAR × ε            Eq.1 

Where APAR is the Absorbed Photosynthetically Active Radiation which is normally 

calculated as the product of the incoming Photosynthetically Active Radiation (PAR) and the 

Fraction of PAR absorbed by the canopy (FPAR) and ε is the conversion efficiency of absorbed 

light energy. Among the LUE models, the one provides by the Moderate Resolution Imaging 

Spectroradiometer (MODIS) is one of the most used to estimate GPP continuously across the 

globe from 2000 in close to real time (Fu et al., 2017; Heinsch et al., 2006; Running et al., 1999; 

Sjöström et al., 2013). In the GPP MODIS model (product MOD17A2), FPAR is obtained from 

MODIS reflectance values while LUE is based on a maximum value established in the MODIS 

Biome Property Look Up Table (BPLUT) derived from land-cover classification products, which is 

limited by actual meteorological data, specifically minimum temperature and vapour pressure 

deficit (Heinsch et al., 2003; Running et al., 1999). Validation work has shown that MODIS 

generally gives an accurate representation of the production dynamics in different ecosystems 

(Fu et al., 2017; Heinsch et al., 2006); however it can present inaccuracies, related to anomalous 

FPAR values (Turner et al., 2006; Xiao et al., 2004a, 2004b), LUE values, which are assigned only 

to eleven general biomes, thus hindering the accurate representation of many of the other 

biomes in the world (Kanniah et al., 2009; Sims et al., 2008), and the meteorological variables 

obtained from the Global Modeling and Assimilation Office (GMAO, previously the Data 

Assimilation Office, DAO) that not represent the real local weather conditions (Heinsch et al., 

2006; Turner et al., 2006; Zhao et al., 2005). These sources of errors can be found especially in 

ecosystems with a period of water deficit such as savannas or Mediterranean ecosystems 

(Kanniah et al., 2011; Ma et al., 2007; Zhu et al., 2018). Errors derive from the intrinsic 
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production dynamics of Mediterranean ecosystems which are highly variable and closely linked 

to the high climatic variability and management conditions. 

As models developed up to date presented limitations, the development of new models to 

estimate GPP based on new spectral indices or on site-specific variables of the ecosystems are 

necessary.  

Rs is commonly measured by chamber-based methods (Ryan and Law, 2005), however, 

measurements are local so that do not account for the Rs spatial and temporal variability at 

ecosystem scale (Vargas et al., 2010). Temporal frequency of the measurements has been 

improved by the use of techniques such automated soil respiration chambers (Vargas et al., 

2010) and soil gradient methods (Hirano et al., 2003).  However, these methodologies remain 

providing measurements at plot level making necessary to carry out a large number of them to 

obtain a reliable representation of spatial variability (Barba et al., 2018, 2013; Pantani et al., 

2020). To estimate Rs at larger scales some authors developed models based on Rs from several 

data bases (Hashimoto et al., 2015; Li et al., 2020; Zhao et al., 2017). However, there is a need 

to develop methods for estimating soil respiration through the growing period on a frequent 

basis and at large scales (Barba et al., 2018; Bond-Lamberty and Thomson, 2010; Huang et al., 

2017). Remote sensing data is the most appropriate tool for monitoring crop´s phenology across 

several temporal and spatial scales (Massey et al., 2017; Tornos et al., 2015; Zheng et al., 2016); 

the link between spectral Indices and physiological processes (Glenn et al., 2008; Xue and Su, 

2017) opens new ways to assess soil respiration patterns at large scale. The most common 

indices used are ratio indices based on measurements obtained within the visible and near-

infrared (VIS/NIR) region of the electromagnetic spectrum such as the Normalized Difference 

Vegetation Index (NDVI) (Tucker, 1979) and the Enhanced Vegetation Index (EVI) (Huete et al., 

2002). Both indices are strongly related to photosynthetic activity and therefore offer an 

important and convenient measure for Rs (Huang et al., 2017, 2014, 2012), especially these 
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indices would be related to the autotrophic respiration of roots due to the relationship between 

plant photosynthesis and root respiration during the growing period (Kuzyakov and Cheng, 

2004; Xu et al., 2008); however this relationship may not hold at other phenological stages 

(Huang et al., 2012) in which Rh is more significant (Prolingheuer et al., 2010). Therefore, they 

seem to be an appropriate basis for assessing ecosystem functioning when vegetation is active 

during the growing period but probably not at other phenological stages (Palacios-Orueta et al., 

2012). Thus, other indices have been developed to estimate biophysical variables based on 

hyperspectral data. Indices based on the shortwave infrared (SWIR) spectral region are more 

directly related to soil and vegetation moisture capturing probably different features in the 

phenological dynamics of the agroecosystems. Among them the Normalized Difference Water 

Index (NDWI) (Gao, 1996) is the most commonly used for assessing Rs. In the recently proposed 

Spectral Shape Indices (SSI) (Palacios-Orueta et al., 2006a) the shape of the spectral signature in 

a specific wavelength range is represented using information from three bands instead of two. 

Depending on the spectral range, different applications of these indices have been 

demonstrated (Das et al., 2014; Palacios-Orueta et al., 2012; Zhang et al., 2014). Cicuéndez et 

al. (2020, 2015b) showed the relationship between these indices and Rs.  

Spectral indices are usually combined with abiotic factors to estimate more accurately Rs 

models (Cicuéndez et al., 2020, 2015b; Huang et al., 2017, 2014). In cold temperate coniferous 

sites, Yan et al. (2020) developed a model based on MODIS land surface temperature as the 

primary factor, however, they found that the Rs estimation accuracy was improved when 

including NDVI. Cicuéndez et al. (2015b) included soil moisture and temperature together with 

field spectroscopy vegetation Indices in multiple linear regression to estimate Rs in an irrigated 

maize crop. Temperature improved the Rs estimation through all the growing period, while 

including moisture did not show significant differences. In this work a first assessment of Ra 

estimation showed significant results during the vegetative stages. Huang and Niu (2013) also 
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found a significant influence of abiotic factor to estimate Rs in a rainfed crop with an irregular 

Rs pattern. 

There are few studies that are focused on estimating Rs from remote sensing products 

(Cicuéndez et al., 2020, 2015b; Huang et al., 2012; Huang and Niu, 2013). To this regard, spectral 

data are an excellent information to extrapolate soil respiration at larger scales in ecosystems 

and croplands (Huang et al., 2017, 2014, 2013). 

 Carbon and energy fluxes partitioning 

Climate plays a key role on ecosystems carbon, water and energy fluxes, while the 

ecosystem itself is responsible for strong feedback processes to climate by modifying the energy 

and hydrologic balances of the land surface (Arora, 2002; Forzieri et al., 2020). These feedback 

processes between vegetation and the atmosphere are highly variable among climates and 

ecosystems. Furthermore, the mechanisms and consequences of this feedback are uncertain 

and must be studied to assess their influence on global climate change (Schimel et al., 2015; 

Seneviratne and Stöckli, 2008). Some authors highlighted the impact of land cover change in the 

land surface processes (Kueppers et al., 2007; Malhi et al., 2008). Ferguson et al. (2012) studied 

the strength of coupling of land-atmosphere of different ecosystems at a global scale and 

concluded that transitional zones tend to have the strongest coupling while energy limited 

regions showed the weakest strength. 

Vegetation dynamics is an essential aspect in the partitioning of energy at the land surface 

into latent (LE) and sensible heat (H), regulating processes such as evapotranspiration, albedo 

and surface heating (Esau and Lyons, 2002; Hoek van Dijke et al., 2020; Wilson et al., 2002). 

Wang et al. (2019) showed the role of different ecosystems in the energy partitioning along a 

river basin in China with different interactions among climate and plant functional types. They 

concluded that the variability of energy partitioning between ecosystems and years would 
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provide useful information to develop vegetation models. Hoek van Dijke et al. (2020) found 

different relationships between Leaf Area Index (LAI) and water and energy fluxes between 

ecosystem, producing different results when using LAI to model or extrapolate surface water 

and energy fluxes.  

The assessment of the carbon cycle in ecosystems is essential to assess the bidirectional 

effects between climate and vegetation processes affected by meteorological factors such as 

temperature and precipitation among others. 
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2. OBJECTIVES 

The main objective of this thesis is to assess the two main components of the carbon (C) 

cycle in ecosystems (Gross Primary Production and Soil Respiration) by new remote sensing and 

field techniques. This objective has been carried out with four experiments, two assessing soil 

respiration and two assessing gross primary production, each one with general and specific 

objectives: 

 Soil Respiration experiments 

Objective 1. To evaluate the potential to assess total and autotrophic soil respiration 

through spectral information acquired by field spectroscopy in a row irrigated corn crop (Zea 

mays L.) throughout the growing period.  In order to accomplish this objective, the following 

issues are taken into consideration: 

(1) The spatial variability of soil respiration within the corn field, specifically underneath 

the corn plants and between crop rows.  

(2) Differences in dynamics between vegetative and reproductive stages. 

(3) The influence of abiotic factors. 

Objective 2. To assess the capability of several spectral indices, including SSI, based on field 

hyperspectral information, to assess soil respiration linked to crop phenology in a rainfed barley 

crop in Mediterranean climate. Specific objectives are the following:  

(1) To assess differences between spectral indices and Leaf Area Index to model Rs during 

vegetative and reproductive stages.  

(2) To explore the role of soil temperature and moisture on Rs assessment. 

(3) To carry out a first approximation to assess carbon emission vs. carbon fixation based 

on the relationship between Rs and barley biomass. 
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 Gross Primary production experiments 

Objective 1. To assess and validate the production of a Dehesa on the Iberian Peninsula 

based on two models: (1) the GPP provided by the MODIS MOD17A2 product, and (2) the GPP 

estimated by a PEM model also based on the Monteith equation (Monteith 1972) but taking into 

account site-specific ecological and meteorological parameters. Production amount and 

dynamics are compared to the GPP obtained from EC flux tower measurements. The specific 

aims are: 

(1) To evaluate and compare the GPP general dynamics by statistical time series analysis 

(TSA). 

(2) To evaluate the relationship between meteorological variables such as soil moisture 

and precipitation measured at the study site, and estimated GPP. 

Objective 2. To assess the Gross Primary Production (GPP) dynamics and the energy 

partitioning patterns in three different European forest ecosystems by time series analysis. 

Gross Primary Production is used as indicator of vegetation status and physiological properties 

in the three ecosystems. The specific objectives are:  

(1) To assess the annual and interannual dynamics of GPP, meteorological variables and 

energy fluxes.  

(2) To assess the dynamic relationships between GPP and energy fluxes at short term (daily 

frequency). 
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3. MATERIALS AND METHODS 

 Study area 

3.1.1 Soil respiration experiments 

The two first research field level experiments to estimate Rs from spectral indices obtained 

through field spectroscopy were carried out in the same experimental area which is situated at 

an altitude approximately of 600 m.a.s.l. in the UTM zone 30N, 437410 East and 4476875 North 

(Datum ETRS89), corresponding to the experimental fields of the Technical School of Agricultural 

Engineering of the Universidad Politécnica de Madrid (Spain) (Figure 3). 

The study area has been under cultivation approximately for 30 years. Over the last decade, 

the soil has been subjected to various rainfed and irrigated crops: barley, alfalfa, ryegrass or 

vetch and other crops such as corn, sunflower, cotton, or beet. Cultivation conditions include 

manuring during plough practices. 

The experimental zone was developed in an area that was leveled approximately 30 years 

ago by adding earthy and rubble materials over a gentle slope. Therefore, the study area 

resulted from a filling of anthropic origin (“human-transported materials”, (Capra et al., 2015)) 

consisting of arkosic materials with an abundance of artifacts. For such reasons, this soil belongs 

to the Xerorthents Group according to US Soil Taxonomy System (Soil Survey Staff, 2014), and it 

can be classified as Anthroportic Xerorthent according to Capra et al. (2013). The soil has higher 

pH and electrical conductivity than a natural soil and shows an A/C morphology. The A horizon 

is formed of a 30-40 cm layer, fine textured, with a neutral pH and moderate organic matter 

content. The C horizon consists of an anthropogenic deposit with a coarse texture, and rich in 

rubble materials which are constituted mainly by remnants of bricks, ceramic fragments and 

other construction materials (5% of the soil volume). Main soil parameters are obtained from 3 

soil profiles made in the study site (A horizons: pH: 7.6; ECse: 2.8 dSm-1; CaCO3: 2.3%. C horizons: 
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pH: 8.1; ECse: 1.6 dSm-1; CaCO3: 1.7%; and an average "sandy clay loam" textural class). Available 

data indicate an organic matter content of 1.8% in the surface horizon (1.0 % of organic C). 

The area is characterized by a Mediterranean climate defined as Csa (temperate with dry 

or hot summer) according to the Köppen-Geiger classification (AEMET/IMP, 2011). The average 

annual temperature is 13.1 °C (4.3 °C in January and 24.1° C in July), and the mean annual 

precipitation is 455 mm, with autumn-spring maxima and a marked minimum in summer (12 

mm in August). 

 

Figure 3. Experimental fields of the Technical School of Agricultural Engineering of the 
Universidad Politécnica de Madrid (Spain) (maps and orthoimage from IGN (2020)). 

3.1.2 Gross Primary Production experiments 

The third research which studied GPP from remote sensing time series and compared 

results with those obtained at field level at a flux tower site was located in a Dehesa of Spain. 

The fourth research which assessed GPP obtained from eddy covariance flux tower sites were 

carried out in three forest ecosystems: Finland, Denmark and Spain, in the same Dehesa 

ecosystem of the third research (Figure 4)  

The first forest ecosystem is known as Hyytiala located in the south of Finland at 24o 17’ 

36.9’’ E and 610 50’ 48.5’’ N and at an altitude of 181 m above sea level. It is an Evergreen 

Needleleaf Forest (ENF) of Scots pine (Pinus sylvestris L.). The climate at this site is boreal with a 
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mean annual temperature of 3.8 oC and a mean annual precipitation of 709 mm. The soil is 

composed of sandy and coarse silty glacial till (Suni et al., 2003). 

The second one is known as Soroe located in the East of Denmark at 11o 38’ 40.7’’ E and 

55o 29’ 9.1’’ N and at an altitude of 40 m above sea level. It is a Deciduous Broadleaf Forest (DBF) 

dominated by the European beech (Fagus sylvatica L.) with small-scattered stands of Norway 

spruce (Picea abies (L.) Karst.) as well as single trees of other conifers such as European larch 

(Larix decidua Mill.) (Pilegaard et al., 2011). The climate at this site is temperate maritime with 

a mean annual temperature of 8.2 0C and a mean annual precipitation of 660 mm. The soils are 

brown soils classified as either Alfisols or Mollisols with a 10–40 cm deep organic layer (Pilegaard 

et al., 2011). 

The third one is known as Las Majadas del Tietar located in the northeast of the province 

of Cáceres (Extremadura-West of Spain) at 5°46’29’’ W and 39°56’26’’ N at an altitude of 

approximately 260 m above sea level. It is Savannah Mediterranean Forest known as Dehesa 

dominated by sclerophyllous holm oaks (Quercus ilex L. ssp. ballota (Desf.) Samp.) with an 

understory dominated by Mediterranean grasslands species. The climate at this site has typical 

Mediterranean characteristics with a monthly average maximum temperature of 34.9°C and a 

monthly average minimum temperature of 1.4 °C; annual rainfall is 572 mm (Casals et al., 2009). 
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Figure 4. Location of the three European ecosystems: Evergreen Needleleaf Forest of Finland 
(FI), Deciduous Broadleaf Forest of Denmark (DK) and Mediterranean Dehesa ecosystem of 
Spain (ES). Images from CEAM (2021) and Fluxnet (2021). 

 

 Materials 

3.2.1 Experiment 1: Assessment of soil respiration patterns in an irrigated corn 

field based on spectral information acquired by field spectroscopy 

3.2.1.1 Experimental design 

The phenological evolution of the corn crop has been assessed from April to October in two 

years (2011 and 2012) in two different fields (Figure 5). Each year, the study field (29x9 m2) was 

divided into three plots: two cultivated plots that are homogeneous in terms of soil and 

management (2011: MZ211 and MZ311; 2012: MZ212 and MZ312) and one bare soil used as a 

control plot (MZ111 and MZ112). Measurements were taken in two types of locations within each 

cultivated plot: at the base of the plants with-in rows (P) and between rows of plants (I). 
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Additionally, measurements were taken on bare soil (S) in the control plot which was cleaned of 

weeds during the measurement campaign.  

3.2.1.2 Cultural practices 

Maize (Zea mays L.) was sowed in mid-May in 2011 and late-April in 2012. In both cases the 

plants were irrigated 3 hours per week. In all the study area including the bare soil plots, primary 

tillage consisted of moldboard plowing to an average depth of 35 cm followed by one disk 

harrowing to a depth of 10 cm for the seedbed preparation. While performing the latter 

operation, rabbit compost at a rate of 50-60 Mg ha-1 was incorporated to the soil as manure 

amendment. Prior to sowing, maize seeds (variety NK factor, Italy, purity 98 %) were treated 

with fludioxonil (2.4%) and metalaxil-m (1%). In the maize plots, seeds were placed in rows 

spaced 70 cm apart and having in-row distance of 20 cm. The drill planter was equipped with 

fluted coulters and double disk furrow openers. Herbicide was banded behind the planter and 

it was also applied to the bare soil area. 

 

Figure 5. Location of the study maize plots for both years. Each year, the study field was divided 
into three plots: two cultivated plots (2011: MZ211 and MZ311; 2012: MZ212 and MZ312) and one 
bare soil used as a control plot (MZ111 and MZ112). 
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3.2.1.3 Maize Phenology 

The main phenological stages according to Iowa State University (Hanway, 1971) were 

identified by visual inspection and recorded during the sampling campaigns. The Table 1 shows 

the Day of the Year (DOY) corresponding to each phenological stage for both years. Maize 

phenology is generally divided into the vegetative and the reproductive stages (Hanway, 1971; 

Viña et al., 2004). Thus, in this research the growing period has been divided into the 

corresponding stages. The vegetative stages are characterized by structural changes and the 

reproductive stages are characterized by biochemical changes. 

Table 2. DOY of each phenological stage according to Iowa State University in the corn plots for 
the two years of the study. 

 

S-Sowing; VE-Emergence; Vx-Vegetative Growth where x indicates the number of leaves; VT- 

Flowering stage; Rx- are the reproductive stages: R1-Silking stage; R2-blister stage; R3-Milk 

stage; R6-kernels have reached their maximum dry matter accumulation. 

 

 

Growth 
stages 

Julian Date 2011 Julian Date 2012 

S 136 116 

VE 145 130 

V6 160  
V8  166 

V11  174 

V13 181  
VT 208 198 

R1 211 202 

R2 224 214 

R3 232 226 

R6 266 247 

Vegetative stages 

Flowering and 

reproductive stages 
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Figure 6. Different Maize phenological stages in the experimental plots.  

 

3.2.1.4 Soil respiration measurements 

Instantaneous soil CO2 efflux, i.e., Rs, was measured (between 9 a.m. and 12 p.m.) using a 

portable automated soil CO2 infrared gas analyser (Li-8100, LI-COR Inc., Lincoln, NE, USA) 

equipped with a 10 cm survey chamber (Model 8100-102). Measurements were taken over PVC 

collars (105 mm in diameter and 90 mm high) which were inserted at 5-6 cm depth into the soil 

each year in the three plots. The collar area was cleaned of vegetation during the measurement 

campaign.  

In each plot of MZ2 and MZ3, four collars were located between plants in the same row (P) 

and four between plants from adjacent rows (I). Furthermore, five cylinders were distributed 

randomly in the bare soil plot MZ1 (S). The collars were located in different places each year. 

The autotrophic respiration (Ra) was estimated by a simple partition method (Kuzyakov, 

2006) as the difference between the respiration measured at each site (Rs) and the respiration 

measured in the bare soil plot without plants (under the assumption that this one represented 

the heterotrophic respiration, Rh). 
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3.2.1.5 Spectroradiometric measurements 

Hyperspectral ground measurements between 350-2500 nm were taken weekly with an 

ASD FieldSpec3 Spectroradiometer (Analytical Spectral Devices Inc., Boulder, CO, USA), 

approximately between 12 p.m. and 4 p.m. and selecting days with clear sky conditions. 

Furthermore, the field was cleaned of weeds during the measurement campaign. In each plot of 

MZ2 and MZ3, measurements were acquired over five plants from the same row representing P 

sites and five sites between rows representing I sites. In addition, six points were selected in the 

bare soil plot MZ1 (S). Three measurements were taken with the spectroradiometer using the 

bare optical fibre with an instantaneous field of view of 44.3 cm over each maize plant canopy 

or bare soil surface. Measurements were made at a height of 70 cm over the plants and at a 

height of 1 meter over the soil. Calibration of the spectroradiometer was carried out between 

measurements using a calibrated diffuse white reference panel. The measurements were 

corrected for sensor discrepancy using a splice correction (ViewSpec Pro 5.6). Thereafter, an 

average of each of the three measurements was carried out. Thereafter, a Savitzky-Golay filter 

was applied using a second order polynomial with a window size of five spectral bands where 

the measurements between 1350 and 1460 nm and between 1790 and 1960 nm were 

eliminated to exclude atmospheric effects within the visible and near infrared spectra. Finally, 

the spectral indices NDVI, EVI, NDWI, and ANIR were calculated (Table 3) after a resampling 

method to MODIS bands applying the software ENVI 4.2 (Research Systems Inc., Boulder, CO, 

USA). 

Table 3. The spectral indices used based on MODIS wavelengths. 

Index Value Reference 

NDVI (ρnir-ρred)/(ρnir+ρred) Tucker, 1979 

EVI (ρnir-ρred)/ (ρnir+C1*ρred-C2*ρblue+1) Huete et al., 2002 

NDWI (ρnir-ρswir1)/(ρnir+ρswir1) Gao, 1996 

ANIR angle-αnir Khanna et al., 2007 
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3.2.1.6 Leaf Area Index measurements 

Leaf Area Index measurements were used to assess structural changes in the crop 

throughout the growing period. The LAI data were measured over the vegetation period with a 

LAI-2200 Plant Canopy Analyzer equipment (LI-COR Inc., Lincoln, NE, USA) and data were 

processed using the FV2200 software (1.2.1. version, LI-COR Biosciences). In each plot of MZ2 

and MZ3, eight measurements were collected at the base of the stem for each of the same five 

plants that were previously selected for obtaining the spectroradiometric data and eight 

measurements were taken over 5-10 cm of the ground in the corresponding Inter-row sites. In 

2011, LAI was measured only until July (DOY 202) due to technical problems.  

 

Figure 7. Hyperspectral measurements over Maize with an ASD FieldSpec3 Spectroradiometer 
(Analytical Spectral Devices Inc., Boulder, CO, USA). 

3.2.1.7 Soil temperature and moisture data 

Soil temperature (T10) and soil moisture (H10) data were obtained from RT-1 and 10HS 

sensors (Decagon Services Inc., WA, USA) and recorded in their corresponding Em5b Analog Data 

Loggers (Decagon Services Inc., WA, USA). The sensors were located at 10 cm depth in the in P 

and I sites in the MZ2 and MZ3 cultivated plots and in the bare soil plot MZ1.  
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Figure 8. RT-1 and 10HS sensors (Decagon Services Inc., WA, USA) to measure soil temperature 
(T10) and soil moisture (H10) at 10 cm depth. 
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3.2.2 Experiment 2: First Insights on Soil Respiration Prediction across the Growth 

Stages of Rainfed Barley Based on Simulated MODIS and Sentinel-2 Spectral 

Indices 

3.2.2.1 Experimental design 

The field experimental design consisted in three plots with the same soil properties and 

management practices: two cultivated plots, identified as BY1 and BY2 and a control plot with 

bare soil (S) (Figure 9). The labels “12” and “13” are referred to the years of the study 2012 and 

2013 respectively. The total crop area was 1278 m2 (71 m long × 18 m wide). 

 

Figure 9. Experimental area and barley plots location (maps and orthoimage from IGN (2020) 
and overview picture (13 May 2013). 

3.2.2.2 Cultural practices 

The same experimental layout was used in both growing seasons. In all three plots 

moldboard plowing was performed as primary tillage (25–30 cm depth). Later, seedbed was 

prepared by one disk harrowing (10 cm depth), incorporating rabbit manure (50–60 Mg ha−1) to 
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the soil. According to Li-Li et al. (2013), rabbit manure constitutes a remarkable source of N, P 

and K, including 1.8%, 0.6% and 0.7% respectively of such nutrients from dry matter. Then barley 

UNIA-R1 was sown in BY plots at a rate of 120 kg·ha−1 with a seed drill with fluted coulters and 

double disk furrow openers. Glyphosate was applied to the bare soil area in some phases during 

the growing period although the eventual presence of weeds was usually manually controlled 

during both growing seasons. 

3.2.2.3 Barley Phenology 

In this study, a two-row spring-barley variety “UNIA-R1” was used. The phenological 

evolution of barley was assessed from March to July during 2012 and 2013. Phenological stages 

of barley were visually identified and marked according to Zadoks’s cereal growth stages (Zadoks 

et al., 1974). Based on the results obtained by Cicuéndez et al. (2015b), we have used the 

Zadoks’s division in this work with models applied to vegetative and reproductive stages. The 

Day of Year (DOY) of the stages for 2012 and 2013 is shown in Table 4. 
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Table 4. Day of year (DOY) of vegetative and reproductive stages based on Zadoks´s scale 
(Zadoks et al., 1974). 

 Growth Stage DOY 2012 DOY 2013 

Vegetative stages 

S 70 81 

SG (10) 82 98 

SG (12) 88 102 

SG (13) - 108 

T1 100 113 

T2 108 123 

SE - 133 

B 130 143 

Flowering and reproductive stages 

F 139 155 

D 145 171 

R 166 184 

H 205 198 

S: Sowing; SG (10): Seedling growth, first leaf through coleoptiles; SG (12): Seedling growth, two leaves 

emerged; SG (13): Seedling growth, three leaves emerged; T1: Tillering, first stages of tillering; T2: 

Tillering, last stages of tillering; SE: Stem elongation; B: Booting; F: Flowering, inflorescence emergence; 

D: Dough development; R: Ripening; H: Harvest. 

Barley was sown in March in both years, specifically the 10th of March in 2012 (DOY 70) and 

the 22nd of March in 2013 (DOY 81). Barley completed its cycle at the end of June or at the 

beginning of July, and it was completely ripened in July. The cycle from sowing to ripening was 

shorter in 2012 than in 2013, it lasted 96 days in 2012 and 103 days in 2013. The harvest was 

carried out in mid-July in both years, a few days after the last spectro-radiometric measurement. 
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Figure 10. Different barley phenological stages in the experimental plots. 

 

3.2.2.4 Soil Respiration measurements 

Measurements of soil CO2 efflux, expressed as Rs (µmols CO2·m−2·s−1), were taken by a 

portable automated soil CO2 infrared gas analyzer (Li-8100, Li-COR Inc., Lincoln, NE, USA) 

equipped with a 10 cm survey chamber (Model 8100-102) over PVC collars (105 mm of diameter 

and 90 mm high) which were placed at a depth of 5–6 cm in the soil and they were cleared of 

weeds during the growing season. 
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Figure 11. Soil respiration measurements through portable automated soil CO2 infrared gas 
analyzer (Li-8100, Li-COR Inc., Lincoln, NE, USA) equipped with a 10 cm survey chamber (Model 
8100-102). 

Five collars were distributed in each plot each year in a semicircular distribution near to 

spectro-radiometric measurement points (Figure 12). In each collar, an average of three 

measurements of CO2 efflux was done and then the average of the five collars readings was 

calculated. As result, one measurement of Rs for each measurement day was estimated in each 

plot. Collars were located in similar places each year. All Rs measurements were taken between 

11 a.m. and 2 p.m. 

 

Figure 12. Scheme of the spectro-radiometric measurements (six angles from a reference point 
“RP”) and soil respiration collars distribution (5 circles) in the cultivated plots. 

Total CO2 emissions each year were estimated by integrating the Rs values throughout the 

growing cycle. 
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3.2.2.5 Field Spectroscopy 

An ASD FieldSpec3 Spectroradiometer (Analytical Spectral Devices Inc., Boulder, CO, USA) 

was used to take hyperspectral ground measurements within a spectral range from the visible 

(VIS) to Shortwave Infrared (SWIR) region (350–2500 nm), approximately each 15 days, selecting 

days with clear sky conditions. All measurements were taken between 12 p.m. and 4 p.m. 

One reference point was established in each plot for each year. Then, six points were 

selected at a distance of 1.3 m from the reference point in the cultivated plots according to six 

angles (90°, 120°, 150°, 180°, 210°, 240°) (Figure 2). In the bare soil plot, three points were 

selected at a distance of 1.3 m and three points were selected at a distance of 1.8 m. 

Measurements were made by placing the foreoptic (pistol grip) fixed on a tripod one meter 

above each of the resulting points. 

Three spectro-radiometric measurements were obtained over plant canopy (BY) and bare 

soil (S) in each point (44cm field of view). Spectroradiometer was calibrated between points 

using a Spectralon reference panel (ASDInc., Boulder, CO, USA) and measurements were 

corrected for sensor discrepancy using a splice correction (ViewSpecPro5.6, ASD Inc., Boulder, 

CO, USA). Then, the average value of the three measurements taken in the six BY and S points 

was considered. After that, a Savitzky-Golay filter was applied using a second order polynomial 

with a window size of five spectral bands within the visible and near infrared spectra [46]. Then, 

a spectral resampling method to MODIS and to Sentinel-2 bands with the function spectral 

resampling of the software ENVI 4.2 (Research Systems Inc., Boulder, CO, USA) was done. In 

both cases seven bands in the optical domain were selected. Spectral indices were calculated 

from these bands (Table 5) and the average of six measurements was computed. 
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Table 5. Spectral indices obtained based on MODIS and Sentinel-2 wavelengths. 

Index Equation Description Reference 

NDVI 
(𝜌𝑛𝑖𝑟 − 𝜌𝑟𝑒𝑑)

(𝜌𝑛𝑖𝑟 + 𝜌𝑟𝑒𝑑)
 

Ratio Index based on the 
chlorophyll absorption at red 
band related to 
photosynthesis, vegetation 
growth and activity 

(Tucker, 
1979)  

EVI 
(𝜌𝑛𝑖𝑟 − 𝜌𝑟𝑒𝑑)

(𝜌𝑛𝑖𝑟 + 𝐶1 ∗ 𝜌𝑟𝑒𝑑 − 𝐶2 ∗ 𝜌𝑏𝑙𝑢𝑒 + 1)
 

Ratio Index developed to 
optimize the vegetation signal, 
especially in high biomass 
regions 

(Huete et 
al., 2002) 

NDWI* 
(𝜌𝑛𝑖𝑟 − 𝜌𝑠𝑤𝑖𝑟1)

(𝜌𝑛𝑖𝑟 + 𝜌𝑠𝑤𝑖𝑟1)
 

Ratio Index for detecting water 
status, the reflectance 
properties of green 

vegetation, dry vegetation and 
soils 

(Gao, 
1996) 

AG Angle at green (𝛼𝑔𝑟𝑒𝑒𝑛) 

SSI that takes into account 
three consecutive bands: blue, 
green and red. Related to 
pigment content and 
photosynthesis  

(Palacios-
Orueta et 
al., 
2006b)  

AR Angle at red (𝛼𝑟𝑒𝑑) 

SSI that takes into account 
three consecutive bands: 
green, red and NIR Related to 
pigment content and 
photosynthesis 

(Palacios-
Orueta et 
al., 
2006b) 
(Palacios-
Orueta et 
al., 
2006b) 

ANIR 
(only 
for 
MODIS) 

Angle at NIR (𝛼𝑛𝑖𝑟) 

SSI that takes into account 
three consecutive bands: red, 
NIR and SWIR1. Related to 
photosynthetic capacity and 
moisture and is able to detect 
dry plant matter in the 
presence of soil and green 
vegetation 

(Khanna 
et al., 
2007)  

SASI 
(only 
for 
MODIS) 

Angle at SWIR1 (𝛼𝑠𝑤𝑖𝑟1 ∗ 𝑆𝑙𝑜𝑝𝑒) 

Shortwave Angle Slope Index: 
SSI that takes into account 
three consecutive bands: NIR, 
SWIR1 and SWIR2. Related to 
moisture and non-
photosynthetic activity, it is 
able to discriminate dry plant 

(Khanna 
et al., 
2007)  
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matter in the presence of soil 
and green vegetation 

𝜌𝑏𝑙𝑢𝑒: blue spectral band in MODIS and band 2 in Sentinel-2;𝜌𝑟𝑒𝑑 : red spectral band in MODIS and 

band 4 in Sentinel-2; 𝜌𝑛𝑖𝑟: near-infrared spectral band in MODIS and band 8 in Sentinel-2; 

𝜌𝑠𝑤𝑖𝑟1:shortwave infrared spectral band in MODIS. This band is not available in Sentinel-2 at 10 or 

20 m of spatial resolution; 𝑆𝑙𝑜𝑝𝑒 =  
(𝜌𝑛𝑖𝑟−𝜌𝑠𝑤𝑖𝑟2)

(𝜆𝑛𝑖𝑟(855.121 𝑛𝑚)−𝜆𝑠𝑤𝑖𝑟2(1627.713 𝑛𝑚))
; *NDWI was calculated with 

𝜌𝑠𝑤𝑖𝑟2 (band 11) in Sentinel-2 obtaining NDWI 2. 

3.2.2.6 Leaf Area Index measurements 

A LAI-2200 equipment (LI-COR Inc., Lincoln, NE, USA) was used to collect LAI measurements 

over the growing period. 

In both cultivated plots, BY1 and BY2, six points were selected to obtain LAI data, coinciding 

with the spectro-radiometric measurement points (Figure 2). In diffuse light conditions (dawn, 

dusk or very cloudy days), three LAI measurements were taken at the base of the plants that 

cover each of the six points. 

These data were later processed through the FV2200 software (1.2.1. version, LI-COR 

Biosciences), in order to obtain a specific LAI value for each point and date. The average of the 

six points was calculated to obtain an integrated plot value. 

3.2.2.7 Soil temperature and moisture data 

RT-1 and 10HS sensors (Decagon Services Inc., WA, USA) were used to collect soil 

temperature (°C) and soil moisture (m3 m−3) content at an hourly interval at 10 cm depth in the 

three plots and registered in Em5b Analog Data Loggers (Decagon Services Inc., WA, USA). From 

the total data recorded, those hours corresponding to the soil respiration and spectro-

radiometric measurements were selected. 

3.2.2.8 Barley Biomass Determination 

Barley biomass produced in each plot in both years was calculated by weighting the 

harvested plants within a surface equivalent to the field of view of the spectroradiometer (1 m 
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height). This area corresponded to a circle of 22 cm radius which is equivalent to a surface of 

0.15 m2. Since a total of six angles have been measured, as indicated in Section 2.5, the surface 

sampled for each plot was 0.91 m2. Plant cutting was done manually at a height of about 15 cm 

from the ground, simulating the conditions of a mechanical harvest (shoot biomass). The result 

was finally expressed in kg ha−1. 

Carbon fixation was estimated from the average value of biomass of the two plots of barley 

(BY1 and BY2). C percentage in barley of the biomass was estimated as Carvajal et al. (2009). 

These authors established a 43% of C in total shoot biomass and 28% C in total root biomass. 

Shoot to root biomass ratio was established according to Bolinder et al. (1997) and Chirinda et 

al. (2011) that considered a value of two. 
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3.2.3 Experiment 3: Assessment of the gross primary production dynamics of a 

Mediterranean holm oak forest by remote sensing time series analysis 

3.2.3.1 Flux tower data 

The flux tower of Las Majadas del Tiétar was also used in this study.  Pre-processed daily 

variables for gap-filling and filtering (Level 4) were available from 2004 to 2008 (Papale et al., 

2006; Papale and Valentini, 2003; Reichstein et al., 2005). Representative values for each MODIS 

8-day period were calculated by averaging the value of each variable every 8 days.  

GPP from tower measurements (GPP_T, g C m-2 day-1) were used as ground truth and the 

meteorological information acquired was used as input in the site-specific model. The following 

meteorological data from the tower were averaged every 8 days: (1) global radiation (Rg, MJ m-

2 day-1), (2) air temperature (Ta, °C), (3) vapour pressure deficit (VPD, Pa), (4) soil water content 

(SWC, %vol), and (5) precipitation (PPT, mm day-1). LAI field measurements at the flux tower site 

were used to estimate the LAI parameter for the site-specific model. 

3.2.3.2 MODIS data 

MODIS products throughout the study period (2004-2008) were obtained from the online 

data pool at the NASA Land Processes Distributed Active Archive Center (LP DAAC) 

(https://lpdaac.usgs.gov) and reprojected into UTM coordinate systems (30N, datum WGS-84) 

using the MODIS Reprojections Tool software (MRT) provided by the MODIS team. 

MOD17A2 product is an 8-day GPP and net photosynthesis (PsnNet) cumulative composite 

at a 1-km spatial resolution. The GPP value is estimated on a daily basis using the LUE concept 

proposed by Monteith (1972) shown in Equation 2. The total 8-day amount of GPP (kg C m-2 day-

1) is available to the public (Heinsch et al., 2003; Running et al., 1999). GPP from MOD17A2 was 



  Chapter 3: Material and Methods 

41 

divided by 8 to obtain representative daily values for each 8-day period (GPP_MODIS, g C m-2 

day-1) and then transformed to the same units as GPP_T. 

𝐺𝑃𝑃 = 𝐴𝑃𝐴𝑅 ×  𝐿𝑈𝐸 = 𝐹𝑃𝐴𝑅 ×  𝑃𝐴𝑅 × 𝐿𝑈𝐸𝑀𝐴𝑋  ×  𝑇𝑀𝐼𝑁𝑠𝑐𝑎𝑙𝑎𝑟  × 𝑉𝑃𝐷𝑠𝑐𝑎𝑙𝑎𝑟    𝐸𝑞. 2 

 

Absorbed photosynthetically active radiation (APAR, MJ day-1 m-2) is calculated from the 

product of the photosynthetically active radiation (PAR, MJ day-1 m-2) by FPAR (%). PAR is derived 

from the incident shortwave radiation (0.45xSwrad) provided by GMAO, and FPAR from the 

MOD15A2 product of 8-day composites of LAI and FPAR at a 1-kilometre spatial resolution. 

LUE (Kg C MJ-1) is estimated as the product of LUEMAX by two meteorological scalars, TMINscalar 

and VPDscalar.  

LUEMAX is a constant established in the MODIS BPLUT according to the University of 

Maryland classification map (Heinsch et al., 2003; Running et al., 1999, 1994) derived from the 

MODIS land-cover product (MOD12). The MCD12Q1 product, generated each year from both 

Aqua and Terra inputs at a spatial resolution of 500 metres, was downloaded in order to analyze 

the estimation of this parameter.  

TMINscalar and VPDscalar (Eq.3 and 4) range between 0 and 1, and restrict daily GPP values due 

to daily minimum temperature (TMIN, oC) and to daily average vapour pressure deficit (VPDdav, 

Pa) (Heinsch et al., 2003; Running et al., 1999). 

𝑇𝑀𝐼𝑁𝑠𝑐𝑎𝑙𝑎𝑟 =  
𝑇𝑀𝐼𝑁 − 𝑇𝑀𝐼𝑁𝑚𝑖𝑛

𝑇𝑀𝐼𝑁𝑚𝑎𝑥 − 𝑇𝑀𝐼𝑁𝑚𝑖𝑛
        Eq. 3 

𝑉𝑃𝐷𝑠𝑐𝑎𝑙𝑎𝑟 =  
𝑉𝑃𝐷𝑀𝐴𝑋 − 𝑉𝑃𝐷𝑑𝑎𝑣

𝑉𝑃𝐷𝑀𝐴𝑋 − 𝑉𝑃𝐷𝑀𝐼𝑁
        Eq. 4 

 

TMINmin (oC) and TMINmax (oC) –the daily minimum temperature at which LUE is 0 and maximum 

respectively– are obtained from the BPLUT with the information provided by GMAO. VPDMIN (Pa) 
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and VPDMAX (Pa) are also obtained from BPLUT, and are the daily minimum and maximum VPD 

at which LUE is maximum and 0 respectively. 

3.2.3.3 Site-specific model description 

A site-specific GPP model (GPP_SP, g C m-2 day-1), also based on the Monteith equation, was 

implemented and applied to the Dehesa ecosystem throughout the study period (2004 to 2008) 

(230 MODIS dates). All the variables used, except FPAR provided by MODIS (MOD15A2), were 

estimated taking into account local climatic and ecological ecosystem features. Figure 13 shows 

the flow chart of the methodology: 

 

Figure 13. Flow chart of the methodology applied to obtain the three GPP models (GPP_T, 
GPP_MODIS and GPP_SP).  

The following site-specific variables were estimated:  

(1) Site-specific PAR (PARsp, MJ day-1 m-2). Local daily PAR was estimated using the 

relationship proposed by Lizaso et al. (2003) and Lizaso et al. (2005) derived from daily 
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global radiation (MJ day-1 m-2) obtained from the flux tower. The resulting daily PAR 

was averaged to 8-day periods. 

(2) Site-specific light use efficiency (LUEsp, g C MJ-1 day-1) was estimated by dividing GPP_T 

by a site-specific estimated APAR (APARsp, MJ m-2 day-1). APARsp was assumed to be the 

entire PARsp that the canopy is able to intercept, and was estimated from the reflected 

and transmitted PARsp following equation 5. The reflected PAR is estimated as the 

product of PARsp by a reflection coefficient (r), and the transmitted PAR is calculated 

according to Monsi and Saeki (1953) from LAIDHA, which represents the LAI of the 

Dehesa ecosystem for each 8-day period, and from the light extinction coefficient (k), 

which depends on the type of ecosystem.  

𝐴𝑃𝐴𝑅𝑠𝑝 = (1 − 𝑟) 𝑃𝐴𝑅𝑠𝑝 (1 − 𝑒−𝑘𝐿𝐴𝐼𝐷𝐻𝐴 )   𝐸𝑞. 5 

In this study, the reflection and extinction coefficients were assumed to be 0.02 and 

0.5, respectively based on different research (Gower et al., 1999; Russell et al., 1989; 

Turner et al., 2003; Valladares, 2006). LAIDHA was based on a linear regression model 

between the MODIS LAI product and the monthly field LAI data, assumed to be the 

sum of monthly field LAI values from the herbaceous layer (from November 2007 to 

January 2010) and a constant LAI value from the arboreal layer, both supplied by 

ancillary flux tower data. 

(3) Site-specific maximum light-use efficiency (LUEMAXsp, g C MJ-1 day-1) was the maximum 

LUEsp during the growing period (i.e., from 26 February to 9 June) for the average year. 

This period was selected to eliminate early and late days in the growing period when 

uncertainties in APAR and GPP are greater (Turner et al., 2003).  

(4) Site-specific meteorological scalars (TMINscalarsp and VPDscalarsp) were estimated from 8-

day meteorological flux tower data according to MODIS scalar equations (Eq. 3 and 4) 

using the following parameters: 
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- TMINsp (oC) is the site-specific 8-day average minimum temperature. Since the flux tower 

only provides the average daily air temperature (Ta), daily TMIN was derived from a linear 

regression model (TMIN=0.7723*Ta- 4.0921; R2= 0.84) estimated with Ta and the daily 

TMIN from the closest meteorological station at Valdeiñigos-Tejeda del Tiétar (SIAR net: 

http://www.magrama.gob.es/siar/), located at a distance of approximately 10 km from 

the EC flux tower. Daily TMIN was averaged every 8 days to match the MODIS frequency.  

- TMINminsp (oC) and TMINmaxsp (oC) are the site-specific minimum temperatures at which LUEsp 

is 0 and maximum respectively, derived by graphically relating TMINsp and LUEsp for the 

five years of the study. 

- VPDsp (Pa) is the site-specific 8-day average vapour pressure deficit obtained from the 

daily flux tower data. 

- VPDMINsp (Pa) and VPDMAXsp (Pa) are the site-specific minimum and maximum VPD at 

which LUEsp is maximum and 0, respectively, derived by graphically relating VPDsp and 

LUEsp. 

3.2.3.4 Data selection and implementation of the model 

Nine pixels centered around the EC flux tower (3x3 km2 pixel grid) were selected to 

represent the study area (600 ha). The reason for selecting this area was to avoid uncertainties 

in geo-location in individual MODIS pixels with regard to the flux tower (Hill et al., 2004). The 

pixel grid for the MCD12Q1 product has 36 pixels due to its spatial resolution of 500 metres. The 

GPP_SP model was run, and the nine time series and nine GPP_MODIS time series were 

averaged.  
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3.2.4 Experiment 4: Dynamics assessment of GPP, meteorological variables and 

energy fluxes from Eddy Covariance time series measurements in three forest 

ecosystems 

3.2.4.1 Flux tower data 

In each site there is an eddy covariance flux tower. The flux towers of Hyytiala and Soroe 

are integrated into the global network FLUXNET (https://fluxnet.fluxdata.org/) and the tower of 

Las Majadas is integrated into the European fluxnet database cluster (http://www.europe-

fluxdata.eu/).  

The study period of Hyytiala and Soroe is from 1996 to 2015 and from 2004 to 2011 in Las 

Majadas. The following pre-processed daily variables for gap-filling and filtering (Level 4) (Papale 

et al., 2006; Papale and Valentini, 2003; Reichstein et al., 2005) were used (Table 6): (1) air 

temperature (Ta, °C), (2) vapour pressure deficit (VPD, hPa), (3) precipitation (PPT, mm day-1), 

(4) soil water content (SWC, % vol), (5) latent heat (LE, W m-2) (6) sensible heat (H, W m-2) and 

(7) gross primary productivity (GPP_T, g C m-2 day-1). 

Carbon (Net Ecosystem Exchange) and energy (sensible and latent heat) fluxes were 

estimated through the eddy covariance method (Baldocchi, 2014, 2003). GPP_T was calculated 

as the difference between the ecosystem respiration (Reco, g C m-2 day-1), which was estimated 

according to the short-term temperature response of night-time fluxes (Papale and Valentini, 

2003; Reichstein et al., 2005), and Net Ecosystem Exchange (NEE, g C m-2 day-1) (Equation 6): 

𝐺𝑃𝑃_𝑇 = 𝑅𝑒𝑐𝑜 − 𝑁𝐸𝐸   𝐸𝑞. 6 
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Table 6. Variables obtained from the flux tower sites 

Variable Units Method 

Air Temperature, Ta 0C Direct measurement 

Vapour pressure defict, VPD hPa Derived from Ta and Relative Humidity 

Precipitation, PPT mm day-1 Direct measurement 

Soil water content, SWC % vol Direct measurement 

Latent Heat, LE W m-2 Eddy covariance technique 

Sensible Heat, H W m-2 Eddy covariance technique 

 

 Methods 

3.3.1 Simple and Multiple linear regression Models 

In experiments 1 and 2, simple linear regression models were used to assess the 

relationships between Rs, Ra, LAI and spectral indices. Measurements of both years and of all 

plots were taken into account to build the simple linear regression models. Additionally, multiple 

linear regression models were built to evaluate the significance of soil temperature and moisture 

content in the models.  

The least square method was used to adjust the models and an analysis of variance (ANOVA, 

p<0.05) was applied to assess the significance of the model through the F-statistic. In addition, 

the t-statistic was used to assess the significance of model’s coefficients. The proportion of 

variance explained by the regression models were measured and compared by the adjusted 

coefficient of determination (Radj
2). The statistical analyses were performed through 

Statgraphics Centurion XVI (StatPoint Technologies Inc. VA, USA) and SAS software (SAS 9.4 

Software, SAS Institute Inc., NC, USA). 
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3.3.2 Time Series Analysis 

In experiments 3 and 4, time series analysis (Box et al., 2015) was used to quantitatively 

assess the variable´s behavior over time in the ecosystems. In this research we have used 

different stages to reach this objective: 

(1) In a first stage, the variable´s (GPPs, meteorological variables, energy fluxes) dynamics 

were analyzed with Buys-Ballot tables and charts (Buys-Ballot, 1847). In our case, they 

were made to estimate the behavior and the intra-annual variability of the average year 

of our variables.  

(2) In a second stage, the autocorrelation function was applied to assess the dynamics of 

the GPP time series (Box et al., 2015). The presence of periodic components was 

detected through the periodogram analysis (Hamilton, 1994) and with the Fisher’s 

Kappa (Fk) and Barlett’s Kolgomoroff–Smirnoff (BKS) tests (Fuller, 1976) to test whether 

the variable contained a significant periodicity or they were a sequence of independent 

random variables with zero mean and variance σ2(i.e., white noise).  

(3) In the third stage, a multivariable time series analysis between GPP_T, meteorological 

variables and energy fluxes were carried out to study the dynamic relationships 

between them through cross-correlations analysis (Box et al., 2015). Causality between 

variables were assessed by Granger Causality tests (Granger, 1969) using the 

alternative tests introduced by Geweke (1984). According to Granger (1969) “… Yt is 

causing Xt (Yt →Xt) if we are better able to predict Xt using all available information than 

if the information apart from Yt had been used”. The null hypothesis (H0) for test is: 

‘past values (at different lags) of different meteorological variables cannot help to 

predict GPP’. The statistic used for the test has been an F-statistic.  

In experiment 3, this test is used to analyze whether GPP is strongly influenced by 

variables that are not included in the model but it is well demonstrated that play a 
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significant role on GPP. In experiment 4, Causality tests were used in the two-way 

directions to study the feedback between GPP, meteorological variables and energy 

fluxes.  

(4) In a fourth stage in experiment 4, GPP and energy fluxes dynamics were investigated 

by means of dynamic autoregressive models (Box et al., 2015). The significance of the 

model was measured through the F-statistic. The periodogram and the autocorrelation 

functions of the variables were analyzed to find the order of lag to be included in the 

autoregressions. The Standard Akaike information Criteria (AIC) (Hamilton, 1994) were 

applied in each case to choose the most suitable model. Model adequacy was evaluated 

by means of the Ljung-Box Q statistic (Ljung and Box, 1978). 

The statistical analysis were computed through Statgraphics 18 (StatPoint Technologies Inc., 

VA, USA), Eviews 10 University edition (IHS Global Inc., CA, USA) and SAS software (SAS 9.4 

Software, SAS Institute Inc., NC, USA). 
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4. RESULTS 

 Experiment 1: Assessment of soil respiration patterns in an irrigated corn field 

based on spectral information acquired by field spectroscopy 

For all variables, average values from each location (P, I and S) were computed resulting in 

three time series per year. Table 8 shows the names used to represent each of the variables.  

Table 7. Names used to represent each of the variables. 

 Plant (P) Inter-row (I) Bare soil (S) 

Soil respiration (Rs) P_Rs_MZyear I_Rs_MZyear S_Rs_MZyear 

Leaf Area Index P_LAI_MZyear I_LAI_MZyear  

Spectral indices P_Index_MZyear I_Index_MZyear S_Index_MZyear 

 

4.1.1 LAI and Rs 

Figures 14.a and 14.b show LAI and Rs evolution for the years 2011 and 2012, respectively. 

LAI values (m2 m-2) were higher in 2011 than in 2012 reaching maximum values of 3.5 m2 m-2 and 

2.8 m2 m-2, respectively. In addition, in 2011, maximum LAI showed similar values in P and I sites 

while in 2012 LAI values in P sites were always higher than those in the I sites. The standard 

deviation of the measurements showed the maximum values during the last vegetative stages 

being higher in the P than in I sites (2011: 0.43 m2 m-2 in P sites and 0.24 m2 m-2 in I sites; 2012: 

0.43 in P sites and 0.33 m2 m-2 in I sites). 

LAI increased sharply from VE to V18 in 2011 and to V11 in 2012. In I sites, LAI started 

increasing around a month later than in the P sites, that is, when the green canopy was high 

enough to invade the space between the rows. In 2012, LAI remained constant during the first 

reproductive stages decreasing slightly during the last reproductive stages before harvest. 

The Rs (µmol m-2 s-1) dynamics was similar in the P and the I sites, increasing from the first 

stages of corn growth (VE-V6) to V13-V14 in 2011 and to V11 in 2012 and decreasing slowly 

through the reproductive stages (R1-R6). Values in I sites are slightly lower than those in P sites 



Chapter  4 Results 

52 

reaching similar values to bare soil after harvest. Rs in bare soil plots remained approximately 

constant during the growing period reaching values around 1.5 µmol m-2 s-1 in 2011 and around 

3 µmol m-2 s-1 in 2012. The standard deviation showed maximum values during the last 

vegetative stages (2.51 µmol m-2 s-1 in P sites and 1.45 µmol m-2 s-1 in I sites) being higher in the 

P than in the I sites. In 2012, the standard deviation values were irregular during the growing 

period (values ranged between 0.39 and 1.81 µmol m-2 s-1 in P sites and 0.47 and 1.61 µmol m-2 

s-1 in I sites). 

 

Figure 14. Seasonal dynamics of Leaf Area Index (LAI) and soil respiration (Rs) for the three types 
of locations: Plant (P), Interplant (I) and bare soil (S) for both years 2011 (a) and 2012 (b) in an 
irrigated corn crop (Zea mays L.) in Madrid, Spain. 

4.1.2 Soil temperature and moisture data 

Figures 15.a and 15.b show the evolution of H10 and T10 respectively. Moisture values 

ranged between 0.20 and 0.40 m3 m-3 in both years. In 2011 maximum values occurred at the 
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end of May and at the beginning of June, and showed a decrease since mid-August while in 2012 

a clear trend could not be observed. 

Soil temperature showed similar dynamics in both years with an increase at the beginning 

of the crop and a decreasing trend since the V6-V8 stages. Values were slightly higher in 2011 

than in 2012 and in the bare soil plot than in the cultivated plots. 

 

Figure 15. Evolution of abiotic factors for both years for the three types of locations: Plant (P), 
Interplant (I) and bare soil (S) in an irrigated corn crop (Zea mays L.) in Madrid, Spain: a) Soil 
moisture determined at 10 cm depth and b) Soil Temperature determined at 10 cm depth. 

4.1.3 Spectral indices 

Figures 16.a, 16.b, 16.c and 16.d show the indices evolution for the years 2011 and 2012 

during the study period.  

In both sites NDVI, EVI and NDWI increased markedly from VE to V13 in 2011 and to V11 in 

2012, maintaining close to constant values until R2 when they started decreasing slowly until 

harvest. The ANIR index showed the opposite behaviour, decreasing during the vegetative 

stages and increasing during the reproductive stages.  
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Differences between the I and the P sites were significant at the beginning of the growing 

period for both years and similar to the LAI behaviour. There is a clear difference in behaviour 

between 2011 and 2012, while in 2011 indices in I and P sites took on similar values after V13, 

in 2012 indices at the I sites were consistently lower than those in the P sites. 

In all cases, the VE stage was not detected by indices having similar values to those of bare 

soil. In the P sites, indices began to discriminate green vegetation from bare soil when the maize 

plant had three leaves (V3), while in the I sites green vegetation was detected at the V6 stage 

when LAI of P sites was high enough to cover the space between rows.  

In general terms the measurements standard deviations ranged between 0.001 and 0.39 

with maximum values in the crop during the vegetative periods and the beginning of 

senescence. Standard deviation in the bare soil plots showed slightly lower values than in 

vegetation.  
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Figure 16. Spectral indices values through the study period for both years for the three types of 
locations: Plant (P), Interplant (I) and bare soil (S) in an irrigated corn crop (Zea mays L.) in 
Madrid, Spain. The spectral indices are: a) Normalized Difference Vegetation Index (NDVI), b) 
Enhanced Vegetation Index (EVI), c) Normalized Difference Water Index (NDWI) and d) the angle 
at the NIR band (ANIR). 

4.1.4 Relationships between LAI, spectral indices and Rs 

Table 8 shows the coefficients of determination of a linear regression model 

(LAI=a+b*index) between LAI and spectral indices for the vegetative and reproductive stages 



Chapter  4 Results 

56 

separately. During the vegetative stages, all indices present high coefficients of determination 

(Radj
2) in both sites (P and I). During the reproductive stages, Radj

2 are much lower in the P sites. 

However, in the I sites, Radj
2 only decrease slightly. 

Table 8. Coefficients of determination (Radj
2) of a linear regression model between LAI and 

spectral indices (LAI=a+b*Index) for both years during the vegetative and reproductive stages in 
an irrigated corn crop (Zea mays L.) in Madrid, Spain. 

Vegetative stages: Structural changes 

Plant (P) NDVI EVI NDWI ANIR 

LAI 0.89 0.88 0.89 0.88 

Inter-row (I) NDVI EVI NDWI ANIR 

LAI 0.77 0.76 0.82 0.77 

Flowering and Grain Filling stages: Biochemical changes 

Plant (P) NDVI EVI NDWI ANIR 

LAI 0.32 0.3 0.31 0.18 

Inter-row (I) NDVI EVI NDWI ANIR 

LAI 0.69 0.75 0.7 0.63 

 

Table 9 shows the coefficients of determination of the simple linear regression models 

between the Rs, LAI and spectral indices and of the multiple linear regression when H10 and T10 

were also included in the models. In both cases, the growing period is divided into vegetative 

and reproductive stages. During the vegetative stages, the LAI explained more proportion of Rs 

variability than the spectral indices in the P sites where the Radj
2 increased slightly when the soil 

moisture was included in the model. On the contrary in the I sites, the LAI did not explain Rs at 

all, and the T10 together with spectral indices could explain 25% of the Rs variability. During the 

reproductive stages up to 65% of the Rs variability was explained by indices in both sites while 

the LAI did not explain any variability. By including the temperature, the models improved in the 

I sites whereas when H10 was included, the Radj
2 increase only in the P sites. 
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Table 9. Coefficients of determination (Radj
2) of the simple and multiple linear regression models 

for both years during the vegetative and reproductive stages in an irrigated corn crop (Zea mays 
L.) in Madrid, Spain. The first column indicates that soil respiration (Rs can be a function of only 
one of the indices (LAI, NDVI, EVI, NDWI, or ANIR) (first row: Rs=a+b*Index), a function of one 
of the indices with soil temperature determined at 10 cm depth (T10) (second row: 
Rs=a+b*Index+c*T10), with soil moisture determined at 10 cm depth (H10) (third row: 
Rs=a+b*Index+c*H10) or with T10 plus H10 (fourth row: Rs=a+b*Index+c*T10+d*H10).  

Vegetative stages: Structural changes 

Plant (P) LAI NDVI EVI NDWI ANIR 

Rs=a+b*Index 0.52 0.4 0.39 0.41 0.44 

Rs=a+b*Index+c*T10 0.51T 0.36T 0.36T 0.38T 0.41T 

Rs=a+b*Index+c*H10 0.58H 0.5 0.5 0.52 0.55 

Rs=a+b*Index+c*T10+d*H10 0.57TH 0.48T 0.47T 0.5T 0.53T 

Inter-row (I) LAI NDVI EVI NDWI ANIR 

Rs=a+b*Index 0.04* 0.09* 0.09* 0.07* 0.06* 

Rs=a+b*Index+c*T10 0.37 0.26 0.26 0.24 0.24 

Rs=a+b*Index+c*H10 0.04*H 0.08*H 0.08*H 0.06C*H 0.05*H 

Rs=a+b*Index+c*T10+d*H10 0.37H 0.25H 0.25H 0 .23H 0.24H 

Flowering and Grain Filling stages: Biochemical changes 

Plant (P) LAI NDVI EVI NDWI ANIR 

Rs=a+b*Index 0.16* 0.62 0.61 0.56 0.57 

Rs=a+b*Index+c*T10 0.11*T 0.61T 0.59T 0.54T 0.55T 

Rs=a+b*Index+c*H10 0.08*H 0.68 0.69 0.67 0.63 

Rs=a+b*Index+c*T10+d*H10 0.01*TH 0.67T 0.68T 0.65T 0.62T 

Inter-row (I) LAI NDVI EVI NDWI ANIR 

Rs=a+b*Index 0.05* 0.65 0.65 0.56 0.6 

Rs=a+b*Index+c*T10 0*T 0.7 0.68T 0.68 0.69 

Rs=a+b*Index+c*H10 0.09*H 0.66H 0.65H 0.55H 0.6H 

Rs=a+b*Index+c*T10+d*H10 0*TH 0.7TH 0.67TH 0.66H 0.68H 

Significance of model´s coefficients was evaluated by the T-statistic (p<0.05): *Index not 
significant, TSoil temperature not significant, HSoil moisture not significant. 

 

Table 10 shows the same type of results that table 5 but with autotrophic respiration (Ra) 

instead of total soil respiration (Rs). During the vegetative stages in the P sites the LAI and the 

spectral indices explained a high proportion of Ra variability. The inclusion of T10 and H10 in the 

models did not improve the Radj
2. In the I sites, the coefficients of determination were lower; 

however, they increased considerably when T10 was included in the model. During the 

reproductive stages, in the P sites LAI and indices explained smaller amount of Ra variability than 
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in the vegetative stages while the opposite was observed in the I sites. The addition of T10 and 

H10 in the models did not improve the coefficients of determination.  

Table 10. Coefficients of determination (Radj
2) of the simple and multiple linear regression 

models for both years during the vegetative and reproductive stages in an irrigated corn crop 
(Zea mays L.) in Madrid, Spain. Results are shown for both sites Plant (P) and Inter-row (I). The 
first column indicates that autotrophic respiration (Ra) can be a function of only one of the 
indices (LAI, NDVI, EVI, NDWI, or ANIR) (first row: Ra=a+b*Index), a function of one of the indices 
with soil temperature determined at 10 cm depth (T10) (second row: Ra=a+b*Index+c*T10), 
with soil moisture determined at 10 cm depth (H10) (third row: Ra=a+b*Index+c*H10) or with 
T10 plus H10 (fourth row: Ra=a+b*Index+c*T10+d*H10). 

Vegetative stages: Structural changes 

Plant (P) LAI NDVI EVI NDWI ANIR 

Ra=a+b*Index 0.69 0.74 0.68 0.75 0.74 

Ra=a+b*Index+c*T10 0.81 0.75T 0.71T 0.79T 0.75T 

Ra=a+b*Index+c*H10 0.68H 0.73H 0.67H 0.75H 0.73H 

Ra=a+b*Index+c*T10+d*H10 0.82H 0.73TH 0.69TH 0.77TH 0.73TH 

Inter-row (I) LAI NDVI EVI NDWI ANIR 

Ra=a+b*Index 0.26 0.37 0.37 0.33 0.33 

Ra=a+b*Index+c*T10 0.61 0.67 0.68 0.65 0.66 

Ra=a+b*Index+c*H10 0.29H 0.39H 0.39H 0.36H 0.35H 

Ra=a+b*Index+c*T10+d*H10 0.66H 0.7H 0.71H 0 .69H 0.7H 

Flowering and Grain Filling stages: Biochemical changes 

Plant (P) LAI NDVI EVI NDWI ANIR 

Ra=a+b*Index 0.34 0.46 0.44 0.49 0.36 

Ra=a+b*Index+c*T10 0.28T 0.43T 0.42T 0.47T 0.34T 

Ra=a+b*Index+c*H10 0.42H 0.45H 0.42H 0.48H 0.34H 

Ra=a+b*Index+c*T10+d*H10 0.36TH 0.43TH 0.4TH 0.46TH 0.31TH 

Inter-row (I) LAI NDVI EVI NDWI ANIR 

Ra=a+b*Index 0.59 0.44 0.4 0.56 0.51 

Ra=a+b*Index+c*T10 0.59T 0.44T 0.4T 0.55T 0.5T 

Ra=a+b*Index+c*H10 0.55H 0.48H 0.41H 0.59H 0.55H 

Ra=a+b*Index+c*T10+d*H10 0.58TH 0.49TH 0.43TH 0.58TH 0.55TH 

Significance of model´s coefficients was evaluated by the T-statistic (p<0.05): *Index not 
significant, TSoil temperature not significant, HSoil moisture not significant. 

Table 11 showed the coefficients of determination of the linear regression models between 

both types of respiration and each abiotic factor (T10 and H10) by themselves and when they 

were both included in the model. 
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Table 11. Coefficients of determination (Radj
2) of the simple linear regression model between 

total soil respiration (Rs) or autotrophic respiration (Ra) with each abiotic factor (T10 and H10) 
and the multiple linear regression model between total soil respiration (Rs) or autotrophic 
respiration (Ra) with both abiotic factors included in the model. Results are shown for three sites 
Plant (P), Inter-row (I) and bare soil (S). 

Vegetative stages: Structural changes 

Plant (P) T10 H10 T10+H10 

Rs 0T 0H 0TH 
Ra 0T 0H 0TH 

Inter-row (I) T10 H10 T10+H10 

Rs 0.1T 0H 0.06TH 
Ra 0T 0H 0TH 

Flowering and Grain Filling stages: Biochemical changes 

Plant (P) T10 H10 T10+H10 

Rs 0.33 0.42 0.53 
Ra 0.2 0.04H 0.18H 

Inter-row (I) T10 H10 T10+H10 

Rs 0.40 0H 0.41H 
Ra 0.03T 0H 0TH 

 Bare soil   

Bare soil (S) T10 H10 T10+H10 

Rs 0.10T 0.77 0.80T 

Significance of model´s coefficients was evaluated by the T-statistic (p<0.05): TSoil temperature 
not significant, HSoil moisture not significant. 
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 Experiment 2: First Insights on Soil Respiration Prediction across the Growth 

Stages of Rainfed Barley Based on Simulated MODIS and Sentinel-2 Spectral 

Indices 

For representing the evolution of the variables during the growing period of barley, average 

values of the three plots were calculated. Two time series for each variable each year were 

obtained: one representing the average between cultivated plots (BY1 and BY2) and other for 

the bare soil (S). Table 12 shows the name of the time series of each variable. 

Table 12. Names of the variables used in the plots. 

Variable Cultivated Plots Bare Soil 

Soil Respiration Rs_BYyear Rs_Syear 

Index Index_BYyear Index_Syear 

Leaf area index LAI_BYyear  

Soil moisture H10_BYyear H10_Syear 

Soil temperature T10_BYyear T10_Syear 

 

4.2.1 Dynamics of Rs and LAI 

LAI and Rs dynamics are shown for both years in Figure 17 a and b. LAI values were higher 

in 2012 than in 2013 with 3.48 m2m−2 and 1.9 m2m−2maxima values occurring at the beginning 

of May (DOY 130) and June (DOY 157), respectively. The minimum occurred at the beginning of 

the growing season (March). LAI dynamics showed similarities between both growing seasons. 

Values increased sharply from sowing (S) to booting (B) during vegetative stages. After these 

vegetative stages, LAI values started to decrease during the reproductive stages until the soft 

dough development stage (D) or a bit later. Then, LAI values remained relatively constant during 

the rest of the stages of grain filling until maturity and harvest (H). 
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Figure 17. Leaf area index (LAI) and soil respiration (Rs) average values measured in the BY1 and 
BY2 barley plots and in the bare soil plot (S) in 2012 (a) and in 2013 (b) in Madrid, Spain. 

Although LAI was higher in 2012 than in 2013, Rs in the cultivated plots (BY) had similar 

maximum values, around 4.5 μmol m−2 s−1in both years. In 2012, the maximum value occurred 

at the beginning of April (DOY 100) while in 2013 occurred at mid-May (DOY 133).Rs dynamics 

in barley showed differences between years. In both years, Rs values increase during the first 

vegetative stages. Then, in 2012, Rs reached its maximum during tillering (T), one month earlier 

than maximum LAI (DOY 130) that occurred during stem elongation (SE) and booting (B). After 

that, values decreased slightly until flowering (F) and remained stable during approximately one 

month (April-May, DOY 100–139). In 2013, on the other hand, Rs values increased during tillering 
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(T) until stem elongation (SE) when Rs presented a clear maximum (DOY 133), also around one 

month earlier than maximum LAI (DOY 157). After flowering (F) in 2012 and stem elongation (SE) 

in 2013, values decreased clearly during the first reproductive stages in 2012, and during booting 

(B) and also the first reproductive stages in 2013. In both years, minima values occurred at the 

beginning and the end of the growing season. 

Rs in bare soil (i.e., Rh) showed also different dynamics between years. In 2012, Rs 

increased slightly during March and April. Then, there was a period without measurements for 

technical problems. After that, values remained constant during June and July. In 2013, Rs 

increased clearly during April. Then, Rs began to have an irregular pattern increasing and 

decreasing during April and May. Rs had its maximum value, 2.63 μmol m−2 s−1, in mid-May. After 

that, Rs decreased during June and July and remained constant until August. 

4.2.2 Dynamics of Spectral Indices 

The evolution of spectral indices for MODIS and for Sentinel-2 in 2012 and 2013 is shown 

in Figures 18 and 19, respectively. The spectral indices followed the evolution of LAI in both years 

with similar dynamics but different values between them. 



  Chapter 4: Results 

63 

 



Chapter  4 Results 

64 

 

  

Figure 18. Spectral MODIS indices dynamics: (a) NDVI, (b) EVI, (c) NDWI, (d) ANIR, (e) SASI, (f) 
AG, (g) AR. Average values for the two barley plots (BY) and measured values for the bare soil 
plot (S) in 2012 and in 2013 in Madrid, Spain. 
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Figure 19. Spectral Sentinel-2 indices dynamics: (a) NDVI, (b) EVI, (c) NDWI2, (d) AG, (e) AR. 
Average values for the two barley plots (BY) and measured values for the bare soil plot (S) in 
2012 and in 2013 in Madrid, Spain. 

In both years, NDVI, EVI, NDWI and NDWI2 increased notably during the vegetative stages 

from emergence to booting (B) when they reached their maximum values, except EVI in 2013 

which reached its maximum value before booting. Then, values started to decrease during 

reproductive stages until harvest reaching similar minimum values as in the first stages of barley. 

In NDWI, values at the end of the growing season were higher than values at the beginning of 

the growing season. NDVI, EVI, NDWI and NDWI2 in the bare soil plot remained regular all the 

period in both years with values around 0.1 in NDVI, 0.07 in EVI, −0.15 in NDWI and −0.3 in 

NDWI2. 

The SSI ANIR, SASI, AG and AR showed similar dynamics as the previous indices, but they 

showed an inverse pattern. They presented maximum values at the first stages of barley and 

d)

e)
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then decreased reaching minimum values during booting (B) in 2012 and stem elongation (SE) 

in 2013. After that, they began to increase during grain filling stages until harvest reaching 

similar values as at the beginning of the period. 

4.2.3 Dynamics of Soil Temperature and Soil Moisture Content 

The dynamics of soil temperature (T10) and soil moisture (H10) at 10 cm depth for both 

years are shown in Figure 20 a,b. 

The dynamics of H10 was similar in 2012 and 2013 with higher values at early spring and 

had a clear decrease since mid-May until July. However, there were some differences between 

the two years. In 2012, soil moisture in cultivated plots had a maximum at the beginning of April 

(DOY 100) and a slight decrease after this date during the rest of April, although values were 

high and relatively constant, around 0.300 m3 m−3, during spring until the beginning of May (DOY 

130). After this date, values showed a sharp decrease during May and June reaching values 

around 0.100 m3 m−3. In 2013, soil moisture was high in March until the beginning of April having 

a maximum of 0.316 m3m−3 (DOY 99). After that, values began to decrease in mid-April and 

decreased during the rest of April and May. Although this decline was small, it was stronger than 

in 2012. Thereafter, values were constant until the end of May (DOY 142) when soil moisture 

decreased strongly as in 2012 until mid-July (DOY 192) reaching a minimum of 0.051 m3 m−3. In 

both years, H10 in the bare soil plot (S) had a similar dynamic as the cultivated plots; however, 

when the soil moisture began to decrease sharply, values were higher than in the latter plots 

(BY). 

T10 in cultivated plots increased during spring and continued increasing during summer in 

June and July when maximum values were reached for both years. In 2012, soil temperature 

increased during March and the beginning of April. Values ranged from 11.2 °C in March (DOY 
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80) to a maximum of 15.2 °C in April (DOY 100). Then, values decreased during the rest of April 

reaching the minimum value of the growing period of 10 °C (DOY 108). After that, temperatures 

increased strongly during May and June reaching a maximum of 28.6 °C at the end of June (DOY 

158). In 2013, T10 increased steadily during March, April and the beginning of May. Values 

ranged from the minimum value of the time series of 6.3 °C in March (DOY 78) to a maximum 

value of 19.2 °C at the beginning of May (DOY 133). After that, T10 decreased strongly at the 

end of May (DOY 142) reaching a local minimum of 12.4 °C but then temperature began to 

increase until mid-July reaching a maximum of 27.2 °C (DOY 192). In the bare soil plot (S) the 

dynamic was similar in both years having slightly higher values than the cultivated plots when 

temperature was increasing during spring. 

 

Figure 20. Soil moisture (H10) and Soil temperature (T10) dynamics at 10 cm depth. Average 
values for the two barley plots (BY) and measured values for the bare soil plot (S) in 2012 (a) and 
in 2013 (b) in Madrid, Spain. 

4.2.4 Statistical Relationships between LAI and Spectral Indices 

The coefficients of determination (Radj
2) of a linear regression model between LAI and 

spectral indices from MODIS and from Sentinel-2 for the vegetative and the reproductive stages 

are shown in Tables 13 and 14, respectively. In MODIS, all linear regression models were 

significant according to the F-statistic and all the variables were significant in the models 

according to the t-statistic. The proportion of LAI’s variance explained by the indices was higher 



  Chapter 4: Results 

69 

during the vegetative stages, with Radj
2values ranging from 0.64 to 0.89, than in the reproductive 

period, with Radj
2values ranging 0.19 to 0.61. During vegetative stages NDVI, NDWI, EVI, ANIR 

and SASI explained a higher proportion of LAI´s variance than AG and AR. During reproductive 

stages, SASI, NDWI and ANIR showed the highest values among all of them. 

In Sentinel-2, all linear regression models were significant according to the F-statistic, 

however, the intercept was not significant in the case of EVI during vegetative stages and AG 

and AR were not significant during reproductive stages according to the t-statistic. Similar results 

as those in MODIS were obtained. During vegetative stages NDVI, EVI and NDWI2 explained a 

higher proportion of LAI’s variance than AG and AR. During reproductive stages, NDWI2 showed 

the highest value. 

Table 13. Coefficients of determination (Radj
2) of a linear regression model for both years 

between LAI and MODIS spectral indices (LAI = a + b * Index) for the vegetative (n = 22) and the 
reproductive stages (n = 18) in a rainfed barley (Hordeum vulgare L.) in Madrid, Spain. 

MODIS Indices AG AR ANIR SASI NDVI NDWI EVI 

Vegetative stages 

LAI= a + b * index 0.64 0.66 0.80 0.84 0.85 0.89 0.83 

Reproductive stages 

LAI= a + b * index 0.19 0.19 0.45 0.61 0.22 0.53 0.27 

Significance of model’s coefficients was evaluated by the t-statistic (p< 0.05). 

 

Table 14. Coefficients of determination (Radj
2) of a linear regression model for both years 

between LAI and Sentinel-2 spectral indices (LAI = a + b * Index) for the vegetative (n = 22) and 
the reproductive stages (n = 18) in a rainfed barley (Hordeum vulgare L.) in Madrid, Spain. 

Sentinel-2 Indices AG AR NDVI EVI NDWI 2 

Vegetative stages 

LAI= a + b * index 0.64 0.65 0.84 0.82 * 0.87 

Reproductive stages 

LAI= a + b * index 0.15 I 0.16 I 0.20 0.24 0.63 
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Significance of model’s coefficients was evaluated by the T-statistic (p< 0.05).*: 
Intercept not significant. I: Index not significant. 

4.2.5 Statistical Relationships between Rs, LAI and Spectral Indices 

The coefficients of determination (Radj
2) of simple linear regression models between Rs and 

LAI, and between Rs and spectral indices, and of multiple linear regression models when soil 

temperature and soil moisture were included as independent variables are shown in Table 15 

for MODIS and Table 16 for Sentinel-2 for the vegetative and the reproductive stages. 

Table 15. Coefficients of determination (Radj
2) of simple and multiple linear regression models 

for Rs, as a function of LAI, MODIS spectral indices, soil temperature (T10) and soil moisture 
(H10) for both years for the vegetative (n=22) and reproductive stages (n=18) in a rainfed barley 
crop (Hordeum vulgare L.) in Madrid, Spain. 

LAI and MODIS Indices LAI AG AR ANIR SASI NDVI NDWI EVI 

Vegetative stages 

Rs=a+b*Index 0.42 0.56 0.57 0.43 0.46 0.52 0.44 0.53 

Rs=a+b*Index+c*T10 0.64* 0.64 0.64 0.61 0.64* 0.66* 0.59* 0.66* 

Rs= a + b *Index + c *H10 - - - - - - - - 

Rs = a+b*Index + c *T10 + d *H10 - 0.71* 0.71* 0.69* 0.70* 0.71 - 0.73* 

Reproductive stages 

Rs = a +b*Index 0.62* 0.55 0.55 0.71 0.78 0.58 0.75 0.64 

Rs = a +b*Index + c *T10 0.72 - - - - - - - 

Rs = a +b*Index + c *H10 0.85* - - - - - - - 

Rs = a+b*Index + c *T10 + d *H10 - - - - - - - - 

Significance of model’s coefficients was evaluated by the t-statistic (p< 0.05). *: Intercept 
not significant. -: model or variables not significant. 
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Table 16. Coefficients of determination (Radj
2) of simple and multiple linear regression models 

for Rs, as a function of LAI, Sentinel-2 spectral indices, soil temperature (T10) and soil moisture 
(H10) for both years for the vegetative (n=22) and reproductive stages (n=18) in a rainfed barley 
crop (Hordeum vulgare L.) in Madrid, Spain. 

LAI and Sentinel-2 Indices LAI AG AR NDVI EVI NDWI 2 

Vegetative stages 

Rs = a+b*Index 0.42 0.57 0.58 0.52 0.54 0.47 

Rs = a+b*Index + c*T10 0.64* 0.63 0.64 0.66* 0.66* 0.64* 

Rs = a+b*Index + c*H10 - - - - - - 

Rs = a+b*Index + c*T10 + d*H10 - 0.70* 0.71* 0.71 0.73 0.70* 

Reproductive stages 

Rs = a+b*Index 0.62* 0.50 0.50 0.56 0.61 0.78 

Rs = a+b*Index + c*T10 0.72 - - - - - 

Rs = a+b*Index + c*H10 0.85* - - - - - 

Rs = a+b*Index + c*T10 + d*H10 - - - - - - 

Significance of model’s coefficients was evaluated by the T-statistic (p< 0.05). *: Intercept 
not significant. -: model or variables not significant. 

In MODIS and in Sentinel-2, when only the index was included in the model, coefficients of 

determination were moderately high, around or above 0.5, with Radj
2similar or higher in the 

reproductive than in the vegetative period. In addition, all models were significant according to 

the F-statistic. Variables were significant in all cases throughout all the growing period. Along 

the vegetative period, the spectral indices explained a higher rate of Rs variance than LAI, while 

during the reproductive stages, LAI showed a Radj
2higher than the spectral indices, except with 

ANIR, SASI, NDWI and EVI in the case of MODIS and except NDWI2 in the case of Sentinel-2. 

In both cases, when T10was included in the models, coefficients of determination increased 

in the vegetative stages for all indices while in the reproductive stages they increased only for 

LAI. In general, during the vegetative stages, variables were significant while during the 

reproductive stages T10 was not significant in any of the spectral indices and the F-statistic 

values decreased when T10 was included. 
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In both cases, H10 was not significant according to the t-statistic during the vegetative 

stages, in addition, the Radj
2 and F-values decreased in all cases when the models took into 

account soil moisture. In the reproductive stages, Radj
2 values were higher than in the vegetative 

stages, but Radj
2and F-statistic values were in general lower than when H10 was not included. In 

addition, soil moisture was not significant in all spectral indices. However, it has to be remarked 

that LAI plus H10 explained the highest proportion of Rs variance (0.85). 

In MODIS and in Sentinel-2, when the models included together both abiotic factors, Radj
2 

values increased in the vegetative stages and F-values remained significant in all cases. It has to 

be remarked that H10 was not significant when it was included alone with the index, however, 

when it was included together with T10 it was significant for all indices except LAI and in MODIS 

NDWI. In the reproductive stages, Radj
2 values were lower than when only the index was included 

in the model and in general lower than in the vegetative stages, F-values also decreased. In 

addition, neither T10 nor H10 were significant in all indices except in the LAI in which soil 

moisture was significant. 

Table 17 shows the coefficients of determination (Radj
2) of the simple linear regression 

models between Rs and soil temperature (T10), between Rs and soil moisture (H10), and of 

multiple linear regression models when both variables were considered as independent 

variables, for both stages in the cultivated plots. On one hand, T10 showed low Radj
2 values 

during the vegetative stages and it did not explain Rs variance during the reproductive stages. 

In both cases, T10 was significant according to the t-statistic. On the other hand, H10 showed 

moderate values in the reproductive stages, and null values in the vegetative stages. When both 

variables were included together in the models Radj
2 values did not increase. 
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Table 17. Coefficients of determination (Radj
2) of the simple and multiple linear regression 

models between soil respiration(Rs) and soil temperature (T10) and soil moisture (H10) at 10 cm 
depth for both years for the vegetative (n =22) and reproductive stages (n =18) and Radj

2 of the 
simple and multiple linear regression models between Rs in bare soil (Rh) and T10 and H10 for 
2012 and 2013, for the vegetative (n =11) and reproductive stages (n =9) separately in a rainfed 
barley (Hordeum vulgare L.) in Madrid, Spain. 

 T10 H10 T10+H10 

Vegetative stages 

Rs 0.22* 0 0.23*,H 

Reproductive stages 

Rs 0.02* 0.38 0.35*,T 

Bare soil (Rh) 

Rh (vegetative stages) 0.41* 0.02*,H 0.39*,H 

Rh (reproductive stages) 0.25T 0.52* 0.57*,T 

Significance of model’s coefficients was evaluated by the T-statistic (p< 0.05). *: Intercept 
not significant. T: T10 not significant. H: H10 not significant. 

Table 17 also shows the results in the bare soil plots, including Radj
2 values of the simple 

linear regression models between Rs, i.e., heterotrophic respiration (Rh), and soil temperature 

(T10), between Rs and soil moisture (H10), and of multiple linear regression models when T10 

and H10 were considered along vegetative and reproductive stages. If the growing period was 

divided according to the vegetative and reproductive stages in the crop the Radj
2 increased. In 

the vegetative stages, T10 was significant and presented a moderate Radj
2 and H10 was not 

significant either alone or together with T10. Meanwhile, in the reproductive stages soil 

moisture was significant and presented a moderate Radj
2, and although T10 showed a low Radj

2 

alone and increased the Radj
2 together with H10, it was not significant in the models. 

4.2.6 Relationship between Soil CO2 Efflux and Biomass 

Total CO2 emissions for the growing cycle were 1505.16 g CO2m−2 in 2012 and 1009.28 g 

CO2m−2 in 2013, corresponding to 410.91g of C m−2 and 275.53 g of C m−2 respectively. The 

aboveground biomass at harvest was 8310.1 kg ha−1 in 2012 and 4700 kg ha−1 in 2013. Thus, the 
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final value of C fixation was 473.67 g C m−2 in 2012 and 267.9 g C m−2 in 2013 resulting in 

estimated Cemitted/Cfixed ratios of 0.87 in 2012 and 1.03 in 2013. 
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 Experiment 3: Assessment of the gross primary production dynamics of a 

Mediterranean holm oak forest by remote sensing time series analysis 

4.3.1 Estimation of site-specific variables 

Two different linear regression models (different slope) were applied to estimate LAIDHA 

from the product of MODIS LAI: one for the period from 15 May to 1 November, and the other 

for the rest of the year. Table 18 shows the analysis of these linear regression models. 

Table 18. Analysis of the linear regression models for estimating LAIDHA from the MODIS LAI 
product. 

Period Model Coefficient analysis ANOVA Model parameters 

  
Std. 

Error 
T-
Student 

P-Val F-Stat. P-Val Correl. R2 MAE 

1 Nov-15 
May 

LAIDHA=0.78*LAI_MODI
S 

0.04 18.31 0.00 335.30 0.00 0.98 96.82 0.15 

15 May-1 
Nov 

LAIDHA=0.60*LAI_MODI
S 

0.03 18.22 0.00 332.02 0.00 0.99 98.81 0.05 

 

Figure 21 shows the LUEsp time series based on the relationship between GPP_T and APARsp 

shown in the same figure. Anomalous LUEsp values occur in autumn and in late winter when 

there is production with low APARsp values. 

 

Figure 21. LUEsp, GPP_T and APARsp time series throughout the study period (2004-2008). 
Anomalous high values of LUEsp occur when there is some production with low APARsp. 
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Figure 22 shows the APARSP, LUEsp, and GPP_T for the average year. The dotted rectangle 

shows the period when the value of GPP is highest and the uncertainties in APAR values are 

lowest. LUEMAXsp (1,454 g C/MJ) was estimated as the maximum LUEsp in this period in order to 

avoid anomalous LUEsp. 

 

Figure 22. APARSP, LUEsp, and GPP_T for the average year. The dotted rectangle shows the period 
from which LUEMAXsp was estimated.  

According to the MCD12Q1 product, the pixels analysed were classified into four main types 

of land-use cover during the study period: savannas, woody savannas, grasslands and closed 

shrublands. Table 19 shows the LUEMAX, TMINmin, TMINmax, VPDMIN, and VPDMAX values used in the 

MODIS algorithm in these four types of land-use cover (Mu et al. 2011), together with the values 

obtained for the site-specific model. Significant differences can be seen between MODIS values 

and our model, especially in VPDMIN and TMINmax.  

  



  Chapter 4: Results 

77 

Table 19. Values for VPDMAX, VPDMIN, TMINmax, TMINmin and LUEMAX. The first column shows those 
used in the GPP_SP model. Columns 2-5 show those used in the GPP_MODIS depending on the  
land-use cover in which the Dehesa is usually classified.  

 GPP_SP GPP_MODIS (collection 5)  

Ecosystem Dehesa Savanna Woody savanna Grasslands Closed shrublands 

VPDMAX(Pa) 3490 3600 3500 4200 4300 

VPDMIN (Pa) 260 650 650 650 650 

TMINmax (ºC) 6.1 11.39 11.39 12.02 8.61 

TMINmin (ºC) -9.5 -8.00 -8.00 -8.00 -8.00 

LUEMAX ( g 
C/MJ) 

1.45 0.93 1.03 0.72 0.88 

 

4.3.2 Comparison of GPP time series: GPP_MODIS, GPP_SP and GPP_T 

Figure 23 shows the GPP_MODIS and the site-specific GPP_SP time series for the study 

period (i.e., average of nine pixels around the tower) together with the production obtained 

from the EC tower, GPP_T. Although the three series have their maximum during spring, there 

is a clear difference in their values. The maximum values in GPP_MODIS are around 5 g C/m2 d, 

while our site-specific model shows higher values –8 g C/m2 d– which are more similar to the 

measurements from the eddy covariance tower. Minimum values occur during summer and are 

around 1 g C/m2 d in GPP_T and GPP_SP and 0.5 g C/m2 d in GPP_MODIS.  

 

Figure 23. GPP_T, GPP_SP and GPP_MODIS time series throughout the study period (2004-
2008).  
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Figure 24 shows the annual average of the three time series, and provides information 

about the intra-annual evolution, with minimum values in summer and winter and maximum 

values in spring and autumn. However, the average year also shows a quantitative difference 

between the three series. Whereas in the MODIS model the annual average GPP is 559 g C/year, 

it is clearly higher in GPP_T and GPP_SP, with values of 1091 g C/year and 1042 g C/year 

respectively.  

 

Figure 24. Average year of the GPP_T, GPP_SP and GPP_MODIS time series. 

4.3.3 Autocorrelation function and spectral analysis 

Figure 25 shows the autocorrelation function of the three GPP time series, with high 

significant positive autocorrelations in the short term (i.e., from lag 1 to lag 6, one and a half 

months), and the long term (around lag 46, one year), evidencing a clear seasonal pattern with 

an annual cycle. Significant differences between time series are shown in correlation values 

around half the year (lag 23) when correlations are negative. While negative correlations in 
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GPP_T are highly significant, they are less significant in the GPP_MODIS and GPP_SP time series, 

indicating that they may have an intra-annual cycle. 

 

Figure 25. Autocorrelation function for 76 lags of GPP_T, GPP_SP and GPP_MODIS time series. 
Red lines represent the confidence intervals of the autocorrelation function. 

Spectral analysis of the GPP series was done by estimating the normalized data 

periodogram (Figure 26 and Table 20). The three series have a peak in period 46 associated with 

a fundamental frequency of 2π/46 (i.e., 1 cycle in 46 8-day composites). In addition, significant 

proportions of the GPP_MODIS and the GPP_SP series variance (i.e., around 25 %) can be seen 

in period 23, suggesting the presence of a secondary periodic component corresponding to an 

intra-annual cycle within the general inter-annual cycle. A lower proportion of variance was 

estimated for GPP_T (12.9%) in period 23, suggesting a slightly lower significance of this 

periodicity in this series.  

The results are corroborated by Fisher’s kappa (Fk) and Barlett’s Kolgomoroff-Smirnoff 

(BKS) white noise tests (Table 21). The three GPP time series yielded greater values than their 

respective critical values, indicating that their periodic components, especially in period 46, are 

highly significant.  
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Figure 26. Periodograms of normalized data for the three GPP time series: GPP_T, GPP_SP and 
GPP_MODIS. 

Table 20. Periodogram ordinates (Pj) and proportion of time series variance (%) for the three 
GPP models: GPP_T, GPP_SP and GPP_MODIS.  

 Period 

Variable  46 23 15.33 14.375 11.5 

 Pj  %  Pj  %  Pj  %  Pj  %  Pj  %  

GPP_T  141.15  61.64  29.63  12.94  0.68  0.30  2.86  1.25  1.61  0.70  

GPP_SP  121.54  53.08  53.20  23.23  2.34  1.02  3.79  1.65  0.53  0.23  

GPP_MODIS  108.54  47.40  57.78  25.23  6.71  2.93  3.41  1.49  1.47  0.64  
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Table 21. Summary statistics of the spectral analysis for GPP_T, GPP_SP and GPP_MODIS.  P: 
Summation of periodogram ordinates, Fk: Fisher’s Kappa and BKS: Barlett’s Kolgomoroff-
Smirnoff white noise test results.   

Variable  White noise test 

  46 23 

 P Fk BKS Fk BKS 

GPP_T 228.9996 70.27 0.65 14.75 0.79 

GPP_SP 228.9999 60.51 0.54 26.49 0.74 

GPP_MODIS 228.9999 54.03 0.46 28.77 0.68 

 

4.3.4 Dynamic relationships 

 

Figure 27. Normalized data of PPT and SWC in the upper part of the figure and normalized data 
of the three GPP time series in the lower part. 

 

The upper part of Figure 27 shows the normalized data for PPT and SWC. Instantaneous 

and lagged relationships between PPT and SWC can be observed, with no clear lag order 

between them. The lower part of Figure 27 shows the approximately simultaneous relationship 
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between the three estimated GPPs. Different degrees of simultaneity and anticipation of PPT 

and SWC on the three GPP can be observed. More precisely, a sizable proportion of PPT events 

occurred with slight anticipation or even simultaneously with the increases and maxima of 

productivity, while the remaining PPT events show no relationship with GPP dynamics. In 

contrast, the evolution of the SWC appears to be closely related to the three GPP, which are 

irregularly lagged in several periods with regard to SWC. 

Cross-correlations confirm the existence of a positive and lagged relationship between 

these variables (Table 22). In the case of PPT, cross-correlation values are significant and positive 

for the first seven lags in GPP_T and for the first four lags in GPP_SP and GPP_MODIS (except for 

lag 2 in GPP_MODIS). In the case of SWC, positive significant values increase steadily from lag 1 

to lag 12 in the three cases, with higher values in GPP_T.  

Table 22. Dynamic relationships of precipitation (PPT) and soil water content (SWC) with the 
three gross primary production models (GPP_T, GPP_MODIS, GPP_SP) based on cross-
correlations estimated for different lag horizons (k). 

 Cross-correlation at lag k 

 1 2 3 4 5 6 7 11 12 

PPT→ GPP_T 0.142 0.152 0.199 0.197 0.184 0.138 0.122 0.041 0.034 

PPT→ GPP_MODIS 0.123 0.098 0.130 0.122 0.078 0.015 0.045 -0.044 -0.046 

PPT→ GPP_SP 0.117 0.106 0.137 0.101 0.053 0.014 0.040 -0.021 -0.021 

SWC→ GPP_T 0.334 0.396 0.460 0.522 0.540 0.569 0.601 0.665 0.671 

SWC→ GPP_MODIS 0.139 0.183 0.236 0.284 0.303 0.372 0.439 0.560 0.571 

SWC→ GPP_SP 0.205 0.258 0.311 0.356 0.378 0.442 0.492 0.610 0.623 

 

Cross-correlations of the first differences time series were calculated (DPPT, DSWC and 

DGPP) to observe the response of GPP to changes in PPT and SWC. As Table 23 shows, the three 

GPPs have a significant and positive response to variations in both PPT and SWC variables, at the 

first lag. These values are higher and more significant than the cross-correlation values for the 

original time series data. However, the cross-correlations of the first differences values are not 

significant for the following lags. 
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Table 23. Dynamic relationships of the first differences time series of precipitation (DPPT) and 
soil water content (DSWC) with the first differences time series of the three gross primary 
production models (DGPP_T, DGPP_MODIS, DGPP_SP) based on cross-correlations estimated 
for different lag horizons (k). 

 Cross-correlation at lag k 

 1 2 3 

DPPT→ DGPP_T 0.272 -0.065 0.112 

DPPT→ DGPP_MODIS 0.215 -0.064 0.070 

DPPT→ DGPP_SP 0.289 -0.052 0.103 

DSWC→ DGPP_T 0.370 -0.013 0.040 

DSWC→DGPP_MODIS 0.334 -0.029 0.022 

DSWC→ DGPP_SP 0.359 0.010 0.029 

 

The results of the Granger causality test (Table 24) reject the null hypothesis (H0) that PPT 

cannot help forecast GPP in the short term (lags 1 to 3), indicating the importance of PPT to 

explain and predict GPP. The F-test values are highly significant at lag 1, while the significance 

clearly decreases for the following lags. While in GPP_T and GPP_SP the F-test values are 

significant until lag 11 (3 months) with a confidence level of 95%; in the case of GPP_MODIS the 

test cannot reject the null hypothesis after 3 lags (approximately 1 month).  

The F-values for SWC (Table 24) reject the null hypothesis (H0) that SWC cannot help 

forecast GPP in the short term (i.e., lags 1 to 11). The significant F test values in GPP_T were the 

highest for each lag (except for lags 10 and 11, in which GPP_SP shows higher F-test values), 

while GPP_MODIS shows the lowest values, indicating a lower forecasting capacity.  
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Table 24 Results of the Granger Causality tests for the dynamic relationships between SWC and 
PPT with GPP in the three models: GPP_T, GPP_SP and GPP_MODIS. k: number of lags included 
in the test regression. 1st row: result of the Granger causality F-test; 2nd row, between 
parentheses: P-value of the null hypothesis: i.e., “past values of SWC (or PPT) cannot help the 
explanation and prediction of the corresponding GPP”. 

Dynamic 
relationship 

 

K 
1 2 3 4 5 6 7 8 9 10 11 

SWC→GPP_T 
19.53 
(0.00) 

16.49 
(0.00) 

11.27 
(0.00) 

8.07 
(0.00) 

6.91 
(0.00) 

5.97 
(0.00) 

4.25 
(0.00) 

4.21 
(0.00) 

3.59 
(0.00) 

3.51 
(0.00) 

3.83 
(0.00) 

 K 
1 2 3 4 5 6 7 8 9 10 11 

SWC→GPP_MODIS 
6.67 
(0.01) 

8.14 
(0.00) 

5.57 
(0.00) 

3.65 
(0.01) 

2.66 
(0.03) 

3.55 
(0.00) 

3.05 
(0.01) 

2.36 
(0.02) 

2.08 
(0.04) 

2.81 
(0.00) 

3.25 
(0.00) 

 K 
1 2 3 4 5 6 7 8 9 10 11 

SWC→GPP_SP 
10.94 
(0.00) 

13.38 
(0.00) 

8.87 
(0.00) 

5.97 
(0.00) 

4.38 
(0.00) 

5.21 
(0.00) 

3.84 
(0.00) 

3.19 
(0.00) 

2.85 
(0.00) 

3.69 
(0.00) 

3.88 
(0.00) 

 K 
1 2 3 4 5 6 7 8 9 10 11 

PPT→ GPP_T 
33.60 
(0.00) 

16.79 
(0.00) 

10.59 
(0.00) 

7.74 
(0.00) 

6.12 
(0.00) 

5.26 
(0.00) 

4.01 
(0.00) 

3.66 
(0.00) 

3.41 
(0.00) 

3.08 
(0.00) 

2.88 
(0.00) 

 K 
1 2 3 4 5 6 7 8 9 10 11 

PPT→ GPP_MODIS 
11.97 
(0.00) 

4.40 
(0.01) 

3.14 
(0.03) 

2.13 
(0.08) 

1.91 
(0.09) 

1.97 
(0.07) 

1.59 
(0.14) 

1.66 
(0.11) 

1.54 
(0.14) 

1.12 
(0.35) 

1.30 
(0.23) 

 K 
1 2 3 4 5 6 7 8 9 10 11 

PPT→GPP_SP 
26.34 
(0.00) 

10.59 
(0.00) 

7.07 
(0.00) 

6.23 
(0.00) 

5.79 
(0.00) 

4.77 
(0.00) 

3.87 
(0.00) 

3.58 
(0.00) 

3.23 
(0.00) 

2.74 
(0.00) 

3.35 
(0.00) 
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 Dynamics assessment of GPP, meteorological variables and energy fluxes from 

Eddy Covariance time series measurements in three forest ecosystems 

4.4.1 Average annual patterns of the variables 

Figure 28 shows the annual average of the three daily GPP_T time series, i.e., Buys-Ballot. 

The DBF of Denmark (GPP_T_DK) and the ENF of Finland (GPP_T_FI) showed a clear annual cycle 

with maximum values in June (around 16 g C m-2 day-1) and July (around 9 g C m-2 day-1), 

respectively, and minimum values around 0 g C m-2 day-1 in winter. On the other hand, daily 

GPP_T in the Dehesa of Spain (GPP_T_ES) showed a more irregular pattern with minimum values 

in midsummer, early autumn and winter (values greater than 0 g C m-2 day-1), and maximum 

values in spring (around 7 g C m-2 day-1) and late autumn (around 2 g C m-2 day-1). 

GPP in Finland and Denmark showed an average annual value around 1175 g C m-2 year-1 

and 1940 g C m-2 year-1, respectively, through the study period while GPP in Spain exhibited an 

average annual value around 1120 g C m-2 year-1. 

 

Figure 28. Annual average, i.e. Buys-Ballot, of daily GPP_T time series in three European 
ecosystems: Evergreen Needleleaf Forest of Finland (FI), Deciduous Broadleaf Forest of Denmark 
(DK) and Mediterranean Dehesa ecosystem of Spain (ES). 
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Figure 29 shows the dynamics of meteorological variables and energy fluxes for the three 

ecosystems.  

The Evergreen Needleleaf Forest of Finland, placed in a boreal climate, showed minimum 

values of air temperature (below -5 0C) and precipitation (around 1.5 mm day-1) during winter 

and maximum values of both variables in summer (around 17 0C and 5.5 mm day-1). SWC was 

relatively constant (around 25%) during winter but having a maximum at the end of April after 

snow melt and a minimum (around 20%) during summer when temperature and GPP had their 

maxima and subsequently evapotranspiration. Due to low temperatures, LE, VPD, GPP (the three 

practically null) and H (around -12 W m-2) were minimum during winter. In spring, all these 

variables increased having their maxima in summer (Ta~17 0C, VPD~8 hPa, LE~75 W m-2 and 

H~76 W m-2). Then, they began to decrease at the end of summer and during autumn. 

The Deciduous Broadleaf Forest of Denmark is located in a temperate climate and had 

minimum Ta values in winter (higher than 0 0C). As a consequence, VPD (~0.5 hPa), LE (~0 W m-

2) and H (~-45 W m-2) were also low during winter (H~75 W m-2). Ta began to increase at the 

end of March, as also happened in Finland, later VPD and LE increased, at the same time as 

GPP_T did, reaching their maximum values around June and July (Ta ~ 18 0C, VPD ~ 6 hPa, LE ~ 

105 W m-2). H also increased from March, but its maximum value was reached in May (H~75 W 

m-2). At the end of summer all variables began to decrease (H begin to decrease earlier) and 

continued decreasing during autumn. 

The Dehesa ecosystem of Spain, placed in a Mediterranean climate, is characterized by high 

temperatures (about 27 0C) and a strong drought during summer (SWC around 5%). Ta was 

minimum during winter (higher than 5 0C), subsequently, VPD, LE and H were low also during 

winter (VPD~1.5 hPa, LE~15 W m-2, H~6 W m-2). Ta began to increase earlier than in Finland 

and Denmark in early March, then, and at the same time as GPP_T, did VPD, LE and H. LE reached 

its maximum at the end of April (LE~95 W m-2), before those of VPD and H at the end of July 
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(VPD~28 hPa, H~100 W m-2). At the end of the summer, LE had its minimum (LE~15 W m-2) and 

then showed a recovery and a second maximum in autumn (LE~40 W m-2). 

 

Figure 29. Average year, i.e. Buys-Ballot, of the daily meteorological and energy fluxes variables 
for the study period in the three European ecosystems (Evergreen Needleleaf Forest of Finland 
(FI), Deciduous Broadleaf Forest of Denmark (DK) and Mediterranean Dehesa ecosystem of 
Spain (ES)): a) Air temperature Ta (0C), b) Sensible heat H (W m-2), c) Vapour Pressure Deficit VPD 
(hPa), d) Latent heat LE (W m-2), e) Precipitation PPT (mm day-1) and f) Soil water content SWC 
(% vol).  

 

4.4.2  Assessment of the variable’s dynamics  

It can be seen in Figure30 that the autocorrelation function of the daily GPP_T had a clear 

annual pattern in the three ecosystems. The values of GPP_T_DK and GPP_T_FI were higher than 

those of GPP_T_ES in all lags, with the greatest differences being observed at 180 lags, around 
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six months, in the case of negative values. Also, GPP_T_ES showed lower autocorrelation values 

at the annual lags, with no significant values since the second year. 

 

Figure 30. Autocorrelation function of daily GPP_T time series in three European ecosystems: a) 
Evergreen Needleleaf Forest of Finland (FI), b) Deciduous Broadleaf Forest of Denmark (DK) and 
c) Mediterranean Dehesa ecosystem of Spain (ES). 

The autocorrelation function for daily meteorological variables and energy fluxes in the 

three ecosystems are depicted in Figure 31. All variables showed a clear annual pattern in the 

three ecosystems. While in Finland and in Denmark autocorrelation values of the variables at 

one year term were similar to those at second year term, in Spain were lower, i.e., lower memory 

at long term. Autocorrelation values of Ta were very similar in the three ecosystems at all lags. 

VPD in Spain showed higher ACF values at a short, medium and at annual terms than Finland 

and Denmark which had similar values. H showed higher ACF values in Spain than in Finland at 

a short term. However, ACF values in Finland were similar to those in Spain at an annual term 

and higher at a second year term. Denmark had the lowest values during all lags. Although very 

similar values of the ACF of LE were obtained in the three ecosystems in the short term, those 
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of the annual lags of Denmark and Finland were greater than those of Spain. In the three 

ecosystems, PPT only showed significant values of the ACF in the short term. Although ACF 

values were lower and not significant, an annual pattern is suggested in the three ecosystems. 

SWC showed the strongest differences between the three ecosystems. While in Spain ACF values 

of SWC revealed a clear annual pattern, values in Finland suggested the presence of two cycles 

and in Denmark showed a less marked annual cycle. 

 

 

Figure 31. Autocorrelation of the daily meteorological and energy fluxes variables for the study 
period in the three European ecosystems (Evergreen Needleleaf Forest of Finland (FI), Deciduous 
Broadleaf Forest of Denmark (DK) and Mediterranean Dehesa ecosystem of Spain (ES)): a) Air 
temperature Ta (0C), b) Sensible heat H (W m-2), c) Vapour Pressure Deficit VPD (hPa), d) Latent 
heat LE (W m-2), e) Precipitation PPT (mm day-1) and f) Soil water content SWC (% vol). 
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4.4.3 Granger Causality tests between energy fluxes and GPP_T  

Tables 25 and 26 and Figure 32 shows the results of the Granger Causality tests between 

GPP and LE in both directions (𝐺𝑃𝑃 ⇋ 𝐿𝐸), and between GPP and H in both directions (𝐺𝑃𝑃 ⇋

𝐻), with the null hypothesis: “the left-side variable does not Granger cause the right-side 

variable.” 

Significant F-test statistics were found when LE causes GPP in the three ecosystems for the 

first lag and then values decrease for the following lags. In Finland F-test values were higher than 

in Denmark. While in both ecosystems F-test statistics were significant until lag 10 (except for 

lag 2 in Finland), in Spain F-test statistics were not significant at a 5% confidence level from lag 

6 to lag 10. 

Significant and higher F-test statistics were found when GPP causes LE in the three 

ecosystems, especially in Denmark and in Finland with very high F-test values decreasing from 

approximately 500 for the first lag to 30 in lag 6, but having significant values until lag 10. In 

Spain F-test values showed also a decreasing trend but with much lower values ranging 

approximately between 63 for the first lag and 6 in lag 10.  

Significant and higher F-tests statistics were found when H causes GPP than in the opposite 

direction in Finland and in Spain. In fact, when GPP causes H in Spain, F-tests statistics were only 

significant at a 5% confidence level for the first two lags. In the sense H cause GPP, F-test values 

were higher in Finland than in Spain and showed a decreasing trend from lag 1 to lag 10. 

Meanwhile, in Denmark higher F-tests statistics were found when GPP causes H at a very short 

term (3 lags). Then, H caused slightly more GPP than backwards  
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Table 25. Results of Granger Causality (G.C) tests for the relationships between GPP and LE in 
both directions (𝐺𝑃𝑃 ⇋ 𝐿𝐸) in Finland, Denmark and Spain, with the null hypothesis: “the left-
side variable does not Granger cause the right-side variable.” The first row includes the F-
statistics for the G.C. tests at different lags (k), and the second row shows the P-value for the 
null hypothesis. 

 Granger-Causality at lag k 

Finland 1 2 3 4 5 6 7 8 9 10 

LE→ GPP_T 
20.28 
(0.00) 

0.36 
(0.70) 

11.67 
(0.00) 

16.91 
(0.00) 

19.54 
(0.00) 

19.59 
(0.00) 

17.81 
(0.00) 

15.43 
(0.00) 

13.72 
(0.00) 

12.48 
(0.00) 

GPP_T → LE 
466.32 
(0.00) 

203.38 
(0.00)  

104.01 
(0.00) 

67.55 
(0.00) 

48.73 
(0.00) 

35.70 
(0.00) 

29.10 
(0.00) 

23.77 
(0.00) 

19.41 
(0.00) 

16.88 
(0.00) 

Denmark 1 2 3 4 5 6 7 8 9 10 

LE→ GPP_T 
53.31 
(0.00) 

5.21 
(0.01) 

5.91 
(0.00) 

3.14 
(0.00) 

2.33 
(0.04) 

3.57 
(0.00) 

4.45 
(0.00) 

4.51 
(0.00) 

4.79 
(0.00) 

4.53 
(0.00) 

GPP_T → LE 
512.93 
(0.00) 

156.29 
(0.00) 

94.46 
(0.00) 

60.39 
(0.00) 

39.24 
(0.00) 

27.38 
(0.00) 

22.55 
(0.00) 

17.69 
(0.00) 

14.77 
(0.00) 

13.43 
(0.00) 

Spain 1 2 3 4 5 6 7 8 9 10 

LE→ GPP_T 
28.05 
(0.00) 

9.92 
(0.00) 

3.66 
(0.01) 

2.81 
(0.02) 

2.13 
(0.06) 

1.72 
(0.11) 

1.52 
(0.16) 

1.33 
(0.22) 

1.21 
(0.28) 

1.62 
(0.09) 

GPP_T → LE 
63.87 
(0.00) 

42.77 
(0.00) 

24.62 
(0.00) 

16.77 
(0.00) 

12.10 
(0.00) 

9.72 
(0.00) 

8.17 
(0.00) 

7.41 
(0.00) 

6.80 
(0.00) 

6.38 
(0.00) 

 

Table 26. Results of Granger Causality (G.C) tests for the relationships between GPP and H in 
both directions (𝐺𝑃𝑃 ⇋ 𝐻) in Finland, Denmark and Spain, with the null hypothesis: “the left-
side variable does not Granger cause the right-side variable.” The first row includes the F-
statistics for the G.C. tests at different lags (k), and the second row shows the P-value for the 
null hypothesis. 

 Granger-Causality at lag k 

Finland 1 2 3 4 5 6 7 8 9 10 

H → GPP_T 
183.49 
(0.00) 

66.75 
(0.00) 

44.75 
(0.00) 

38.98 
(0.00) 

32.73 
(0.00) 

30.84 
(0.00) 

28.86 
(0.00) 

27.10 
(0.00) 

26.22 
(0.00) 

25.35 
(0.00) 

GPP_T → H  
153.96 
(0.00) 

49.62 
(0.00) 

23.61 
(0.00) 

14.84 
(0.00) 

7.68 
(0.00) 

5.37 
(0.00) 

3.49 
(0.00) 

2.48 
(0.00) 

1.58 
(0.12) 

1.30 
(0.22) 

Denmark 1 2 3 4 5 6 7 8 9 10 

H → GPP_T 
83.58 
(0.00) 

30.89 
(0.00) 

19.73 
(0.00) 

19.24 
(0.00) 

17.06 
(0.00) 

14.77 
(0.00) 

15.93 
(0.00) 

14.87 
(0.00) 

15.37 
(0.00) 

14.10 
(0.00) 

GPP_T → H  
86.94 
(0.00) 

39.16 
(0.00) 

22.75 
(0.00) 

12.97 
(0.00) 

9.83 
(0.00) 

6.82 
(0.00) 

5.44 
(0.00) 

4.18 
(0.00) 

3.55 
(0.00) 

2.99 
(0.00) 

Spain 1 2 3 4 5 6 7 8 9 10 

H → GPP_T 
55.15 
(0.00) 

23.10 
(0.00) 

14.36 
(0.00) 

10.50 
(0.00) 

9.03 
(0.00) 

7.78 
(0.00) 

7.73 
(0.00) 

7.43 
(0.00) 

7.33 
(0.00) 

6.73 
(0.00) 

GPP_T → H  
16.05 
(0.00) 

3.15 
(0.04) 

1.31 
(0.27) 

0.77 
(0.55) 

1.12 
(0.35) 

1.17 
(0.32) 

1.81 
(0.08) 

2.15 
(0.03) 

2.65 
(0.01) 

2.89 
(0.00) 
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Figure 32. Granger Causality tests between GPP, LE and H in both directions (i.e., Energy flux 
variable cause GPP and GPP cause energy flux variable) for a) the Evergreen Needleleaf Forest 
of Finland (FI), b) the Deciduous Broadleaf Forest of Denmark (DK) and c) the Mediterranean 
forest of Spain (ES). 
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5. DISCUSSION 

 Experiment 1: Assessment of soil respiration patterns in an irrigated corn field 

based on spectral information acquired by field spectroscopy 

5.1.1 Phenological evolution of LAI, indices and soil respiration 

The phenological evolution of the irrigated maize crop showed that the LAI and the spectral 

indices increased simultaneously (ANIR showed an inverse pattern) during the vegetative period 

until the indices saturate at high LAI values. In the P sites this increase is observed from VE, 

whereas in the I sites there is a delay and it is not observed until V6.  

During the first reproductive stages (Table 2: from flowering (VT) to blister stage (R2)), LAI 

and indices remained constant. After R2 the indices decreased in both sites while in LAI this 

decrease was only observed in the I sites. Similar dynamics in the indices have been found by 

other researchers during the reproductive stages (Gitelson et al., 2003b, 2003a; Viña et al., 

2004). In fact, Huang et al. (2012a) showed that NDVI, EVI and Clred edge decreased after VT during 

the reproductive stages until R5 (dent stage), although the decrease in NDVI was not as clear as 

in the other two indices. The structural change observed (decrease of LAI) in the I sites was 

probably related with the loss of leaf turgidity which was clearer between rows because the leaf 

senescence process starts at the tip of the leaf and enlarges progressively toward the leaf base 

(Feller et al., 1977). Our results indicate that spectral indices are able to capture functional 

information related to the senescence process in areas where no structural change is yet 

captured by LAI. 

Total soil respiration always showed higher values in the cultivated plots than in the bare 

soil plots in which Rs kept with low constant values throughout the study period. In addition, Rs 

is higher in the P than in the I sites. These facts show the significant contribution of autotrophic 

respiration under the plants with higher root density. The same effect has been shown for maize 
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and other row crops in several studies (Amos et al., 2005; Han et al., 2007; Prolingheuer et al., 

2010; Rochette et al., 1991). Rs increased during the first stages of corn growth as a response to 

the formation of the root system together with the effect of the rabbit manure and the C input 

being made available to the heterotrophs. As a matter of fact, in the 2012 experiment, Rs values 

were higher in the P sites than in the I and S sites even before the VE stage (i.e., before the 

coleoptile emerges from the soil surface) showing probably the effect of the seminal root system 

development. During this period in the I sites, where roots were not present yet, Rs values were 

similar to those of bare soil showing a delay with respect to the P sites. Amos et al. (2005) also 

found differences in Rs between P and I sites in the early maize phenological stages. After VE, in 

both the P and the I sites, Rs increased probably due to the development of the nodal root 

system linked to leaf growth and expansion. 

The Rs started decreasing steadily around three weeks before the maximum LAI, keeping 

this trend during the flowering and the reproductive stages. Huang et al. (2012a), who found 

similar results, explained it as a result of the decrease in temperature and senescence of maize. 

Our results also showed that the Rs started decreasing around two weeks after the soil 

temperature reached its maximum and began to decrease. Probably, both the soil temperature 

and the Rs were responding to the shading effect of the crop when the LAI values were high 

enough. Leaf senescence has also an effect on the Rs due to the decrease of photosynthesis rate 

and chlorophyll content which is the main factor affecting the green vegetation fraction (Viña et 

al., 2004). In addition, during this period the assimilates go directly to the grain filling processes, 

thus decreasing the C translocation to the soil (Amos et al., 2005; Martens, 1990; Qian et al., 

1997). At the end of the growing period, the Rs was equal to the one measured in the soil 

accounting just for the heterotrophic respiration (Prolingheuer et al., 2010).  
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5.1.2 Statistical relationship between LAI and spectral indices 

During the vegetative stages, statistical results (Table 8) showed that all indices explained 

a high proportion of LAI´s variance assuming a linear regression model (between the LAI and the 

spectral indices). The Radj
2 were higher in the P sites than in the I sites probably due to the null 

relationship between the LAI and the spectral indices during the first stages of corn growth when 

LAI was zero in the I sites.  

During the reproductive stages the indices explained a high proportion of the LAI variability 

only in the I sites while moderate to low Radj
2 values were found in the P sites. This corroborates 

the presence of functional variability in P sites captured by the spectral indices but not yet by 

LAI which has just a response to structural changes, shown in the I sites. 

5.1.3 Relationship between soil respiration and spectral indices 

Due to the phenological dynamics of the crop it was decided to evaluate the capability of 

the spectral indices to assess on one side total soil respiration and on the other autotrophic 

respiration, estimated as the difference between total soil respiration and the heterotrophic 

(basal) respiration which was assumed to be the respiration of the bare soil. Results showed 

clear different patterns between vegetative and reproductive stages in the two study cases. 

During the vegetative stages, in the P sites (Table 9 and Table 10) spectral indices explained 

a moderate proportion of Rs variance (40-50 %) and a high proportion Ra variance (around 70%). 

This indicates that during the vegetative growth a significant part of Rs was autotrophic root 

respiration which is directly related to biomass accumulation and to crop structural changes (i.e., 

leaf and root development) (Amos et al., 2005; Han et al., 2007; Kuzyakov and Cheng, 2004). 

This is corroborated by the high relationship between indices and LAI and between Rs and Ra 

with LAI. In the I sites, neither indices nor LAI alone explained any Rs variance, while they 

explained around 30% of the Ra variance. It is expected that around the emergence Rs is 
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primarily due to heterotrophic activity (probably more related to abiotic factors) and Ra 

contribute to variability mainly during the last vegetative stages as roots are invading inter-row 

spaces resulting in moderate Radj
2 values.  

The fact that results are better for Ra than for Rs indicates that the capability of spectral 

information to capture vegetation dynamics provides useful tools to assess the evolution of 

autotrophic respiration during this period. The information provided by LAI measurements 

indicated the significant weight of structural changes in the evolution of Ra. In this line, 

Prolingheuer et al. (2010) concluded that Rs seasonal variability in winter wheat basically 

originates from the variability of the autotrophic component. 

Although other studies have found differences between spectral indices (Huang et al., 

2012), in this case, a similar amount of variability was explained by the four indices tested 

indicating that probably the variability was due to phenological evolution that can be captured 

by the general patterns of the reflectance spectra. 

During the reproductive stages, Radj
2 values between the Rs and the LAI were irrelevant 

while when considering only Ra they increased. It seems that by removing the heterotrophic 

component it was possible to reveal the relationship between structural changes and Ra during 

the reproductive period, especially in the I sites as it has been already highlighted. In fact, the 

structural changes must be so distinct that Ra was better related to LAI than to vegetation 

indices. Except in this case, a higher proportion of soil respiration (Ra and Rs) variability was 

better explained by spectral indices than by the LAI, indicating that they contain significant 

information related to plant functioning, beyond mere structural changes. 

The Radj
2 values showed that during the reproductive stages vegetation indices were 

representing better total soil respiration than the autotrophic component. A hypothesis that 

could explain this effect is that the assumption that the heterotrophic respiration in the crop is 

equivalent to bare soil respiration is not always correct through the growing period. It would be 
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expected that the proportion of heterotrophic respiration evolves during the growing period 

due for example to the presence of additional soil organic matter and root exudates in the 

rizhosphere which could result in a proportion of rhizomicrobial respiration (Kuzyakov, 2006), 

frequently considered as autotrophic respiration (Högberg and Högberg, 2002; Moyano et al., 

2007), and linked to plant activity and hence vegetation indices. 

5.1.4 Significance of abiotic factors 

In the bare soil plot 77% of the Rs variability was explained by moisture as it was expected, 

the same effect has been reflected by authors (Davidson et al., 1998; Herbst et al., 2009; 

Prolingheuer et al., 2010). On the other hand, no relationship with temperature was found as in 

other studies (Prolingheuer et al., 2010). In irrigated crops grown in Mediterranean conditions 

in summer temperature is not a limiting factor for the heterotrophic populations (Oyonarte et 

al., 2012), not having probably an effect on Rs variability. 

During the vegetative stages for Rs and the whole growing period for Ra neither moisture 

nor temperature explained any variability. This could indicate that in cases when Ra represents 

a high proportion of total soil respiration, the response to abiotic factors is masked by the 

variability due to plant activity during plant growth. This is in agreement with the fact that during 

these stages a high proportion of Ra variability was already accounted for by the indices.  

During the reproductive stages, moisture explained 42% of the Rs variability in the P sites 

while in the I sites was irrelevant. This may be explained by an increase of the proportion of 

heterotrophic respiration associated to the rhizosphere, denser under the plant and which is 

also dependent on abiotic factors. This is in agreement with the fact that during these stages 

total respiration was better explained by the indices than Ra as it was explained previously. This 

idea could be supported also by the fact that when including moisture into the indices models 

the amount of variability explained increased slightly only for Rs in the P sites.  
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While in the vegetative stages temperature by itself did not show any explanatory power, 

when included in the models it increased approximately 15% of the Rs and around 30% of the 

Ra variability. This indicates that the influence of temperature is maybe linked to vegetation 

activity, which is supported by the fact that the variable is irrelevant when explaining bare soil 

respiration. 
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 Experiment 2: First Insights on Soil Respiration Prediction across the Growth 

Stages of Rainfed Barley Based on Simulated MODIS and Sentinel-2 Spectral 

Indices 

During vegetative stages, Rs increased as a consequence of barley growth including the 

development of the root system (Figure 17). During reproductive stages, Rs decreased due to 

senescence of barley, which coincides with the decrease in soil moisture availability (Figure 20). 

This is in accordance with the expected evolution of both components of Rs: (1) Ra increases 

due to crop growth and then decreases due to senescence and (2) Rh increases together with 

soil temperature in spring and decreases together with soil moisture in summer. Jongen et al. 

(2011) found that ecosystem respiration and Gross Primary Production decreased with the 

canopy senescence in Mediterranean grasslands. Similar patterns were found in irrigated crops 

(Cicuéndez et al., 2015b; Huang et al., 2012). Other authors attribute this behavior to a decrease 

in photosynthesis rate (Viña et al., 2004) and a reduction of C translocation to the root system 

during the grain filling processes (Amos et al., 2005; Qian et al., 1997). 

Significant differences in LAI, Rs, and indices between years were found which is consistent 

with the high inter-annual variability in crop progression, typical of Mediterranean regions 

(Ceglar et al., 2016; Vicente‐Serrano et al., 2006). Spring barley development during vegetative 

stages required optimal temperature and water availability (Hossain et al., 2012). The adequate 

conditions of temperature and moisture at the beginning of the growing season in 2012, 

permitted a fast increase in Rs values, due to a higher activity of metabolism and a faster 

development (Hossain et al., 2012; Rawson, 1988). On the other hand, anomalous low 

temperatures in 2013 March-April resulted in a delay of crop development at the beginning of 

the growing period (Figure 17b), which resulted in lower Rs, indices, LAI and biomass values 

throughout the crop cycle. Optimal moisture and temperature conditions of May 2013 gave rise 

to high Rs values later in the growing season. This is probably more associated to heterotrophic 
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processes, so that soil heterotrophic communities could take advantage of such environmental 

conditions to a greater extent than the crop. These patterns showed the key role of the 

moisture-temperature timing in crop development (Oteros et al., 2015; Wielgolaski, 1974) and, 

specifically, its effect on soil respiration (Curiel Yuste et al., 2007; Raich and Tufekcioglu, 2000). 

During vegetative stages significant crop structural changes resulted in a high proportion of 

LAI variance (Tables 13 and 14) explained by NDVI, EVI, NDWI, NDWI2, ANIR and SASI i.e., those 

indices with influence of the NIR band. However, AG and AR, centered in the VIS spectral region, 

which is more related to functional traits (Sims and Gamon, 2002), showed more moderate Radj
2 

values. During reproductive stages, with smaller LAI variation, only NDWI, NDWI2, ANIR and SASI 

(i.e., those with higher influence of the NIR-SWIR spectral region) maintained moderate values 

being higher in NDWI and SASI from MODIS and NDWI2 from Sentinel-2, which are the only 

indices that do not include the red band. This is in accordance with other researches which 

showed the relevance of the NIR-SWIR spectral region for assessing structural changes during 

crop development (Ali et al., 2016; Rallo et al., 2014). 

The proportion of Rs variance explained by LAI indicated that there must be other sources 

of variability that have a significant influence on soil CO2 efflux. This fact explained the increase 

in Radj
2 values when including soil temperature and moisture in the models of the vegetative and 

reproductive stages respectively, confirming the limiting role of temperature at the beginning 

of the growing period and soil moisture at the end (Hossain et al., 2012). In addition, high LAI 

Radj
2values during reproductive stages suggest that significant structural changes due to 

flowering and senescence are linked to Rs. 

In both stages, some spectral indices showed significantly higher Radj
2 values than LAI alone 

indicating that they contained additional information (probably functional). During the 

vegetative stages, NDWI, ANIR and SASI from MODIS and NDWI2 from Sentinel-2, showed 

coefficients of determination similar to those of the LAI, corroborating the strong relationship 
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between LAI and these indices (Khanna et al., 2007b; Roberts et al., 2016). Indices centered in 

the VIS spectral region (i.e., AG, AR from both sensors), highly related to functional traits such 

as pigment content and photosynthesis (Fassnacht et al., 2015; Khanna et al., 2018), showed 

slightly higher values than LAI and the rest of the indices. This agrees with the evolution of these 

indices showing similar dynamics as Rs with distinct differences between years (Figures 18 and 

19). By including the temperature in the AG and AR models the Radj
2 improvement was smaller 

than in the case of LAI (Tables 15 and 16, second row). This fact suggests that these indices were 

already accounting for temperature effects in vegetation photosynthetic activity and 

emphasizes the importance of this variable on Rs variability at the beginning of spring. The 

results shown in the bare soil plots (Table 17) corroborated that temperature had a strong 

influence also in heterotrophic respiration. On the other hand, moisture did not seem to play an 

important role in Rs during the vegetative stages (Tables 15 and 16, third row), indicating that 

moisture is not a limiting factor either for the crop or for the soil microorganisms, as shown in 

Table 17. 

The senescence process and drought stress resulted in alterations in leaf cell structure and 

composition (Elsayed et al., 2011; Grant, 1987) and a decrease in leaf moisture that has been 

well captured by the NDWI (Gao, 1996; Seelig et al., 2008) and SASI. In our experiment we found 

high NDWI, SASI and NDWI2 Radj
2 values with both LAI (Tables 13 and 14) and Rs, indicating that 

the capability of these indices to capture variability in vegetation structure and moisture could 

be the basis in using them for assessing Rs. The importance of moisture when only heterotrophic 

respiration is considered (Table 17, Radj
2=0.52) decreases when the crop is taken into account 

(Radj
2=0.38) evidencing the importance of crop senescence in soil CO2 efflux dynamics. During 

this period ANIR showed also a high Radj
2value indicating that the structural information based 

on ANIR variability could help Rs assessment. 
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The difference between years in carbon emitted versus carbon fixed could be associated to 

abiotic factors dynamics; better conditions at the beginning of the growing cycle in 2012 resulted 

in a clear advantage for the plant to produce higher biomass. The inter-annual variability in the 

carbon flux balances has been shown also by other studies especially in Mediterranean climate 

regions (Cicuéndez et al., 2015a; Morell et al., 2010; Xu and Baldocchi, 2004). In this aspect, 

taking into account photorespiration and root biomass values would be a significant 

contribution to more accurate estimations. 

Spectral indices from MODIS and Sentinel-2 bands have shown to partially represent 

change in soil respiration, a highly dynamic process through the growing period, based on their 

link with crop physiology. While they did not provide direct information on soil microbial 

processes, including soil moisture and temperature, which are more easily estimated than soil 

respiration, improved the results. 

It is recognized that measurements taken in this study, mostly throughout time, were 

subjected to auto-correlation at some degree. Effectively, and for the experimental layout 

adopted, results do not reflect the ability of spectral indices to assess Rs directly, but its change 

through time. Due to limitations to accurately assess soil respiration at large scales and long time 

periods, this study should be regarded as preliminary and providing useful insights on the 

combination of remote sensing data with soil temperature and moisture to potentially assess 

soil respiration variability across crops and crop stages. Future studies should gather more 

information across a range of environments (e.g., different soil types) and through longer time 

periods to develop robust and representative statistical models for Rs assessment. 
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 Experiment 3: Assessment of the gross primary production dynamics of a 

Mediterranean holm oak forest by remote sensing time series analysis 

The results show that the annual GPP_MODIS estimations are lower than those from the 

tower. Other researchers have also found differences between GPP_MODIS and flux tower 

estimations in different ecosystems (Fensholt et al., 2006; Turner et al., 2006; Yuan et al., 2007; 

Zhao et al., 2006, 2005). Specifically, Heinsch et al. (2006) and Kanniah et al. (2009) reported 

underestimations in the MODIS product compared to the tower estimations in spring in a similar 

oak forest in California and in a savanna ecosystem. 

The main sources of error in the GPP_MODIS calculation concern the meteorological data 

and the value of the biophysical inputs used in the Monteith equation (Heinsch et al., 2006). In 

our study, the parameters derived from the tower data used to calculate meteorological scalars 

(Table 19) reveal significant differences with those used in the MODIS estimations. VPDMIN and 

TMINmax show lower values at which ecosystem production was optimal. This is likely an 

adaptation to the Mediterranean climate, which is usually characterized by high temperatures 

and summer drought, and moderately low winter temperatures. To overcome these limitations, 

vegetation must start growing at lower vapour pressure deficit and temperature values in order 

to exploit the climate conditions during a short period in spring (Chiarielllo, 1989; Ma et al., 

2007; Milla et al., 2010; Montserrat-Martí et al., 2004). Thus, production starts increasing 

significantly in late winter or early spring, and reaches its highest values (i.e., TMINmax and VPDMIN) 

earlier than in other ecosystems, and persists until limiting VPD values (VPDMAX) are reached in 

early summer. Low temperatures seldom appear to completely limit winter production as 

estimated by GPP_MODIS and GPP_SP, as the value of TMINmin is unusual in our study site.  

The MODIS Land Cover product (used in the MODIS model) shows a high discrepancy in the 

year-on-year classification of the Dehesa ecosystem. For instance, the 36 pixels analysed in this 

study were classified into five types of biomes, with the result that different values of maximum 
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light-use efficiency and meteorological scalars were used in the GPP_MODIS model each year, 

probably giving rise to different GPP dynamics and values. In fact, the maximum LUE values used 

in the MODIS model were lower than the one estimated for our Dehesa (Table 19), producing 

lower GPP values. It is essential to have a correct land-cover classification –this has been 

highlighted as possible source of error in GPP_MODIS estimations (Heinsch et al., 2006; Kanniah 

et al., 2009; Turner et al., 2006, 2003) in order to ensure accurate values of the maximum LUE 

of the ecosystem. 

The average years (Figure 24) in the three time series are similar from a dynamic point of 

view, showing the inter-annual cyclic pattern every 46 MODIS dates (1 year) and the intra-annual 

cycles with minimum values in summer and winter, and maximum values in spring and autumn. 

Minimum values in summer are due to the combination of high temperatures and water deficit 

in the Mediterranean climate. GPP_MODIS and GPP_SP show a slight recovery around mid-

August probably due to the fact that –according to the Monteith equation– they are only limited 

by the high temperature values and VPD and do not consider water availability; thus, production 

may increase with a slight drop in temperature in mid-August, probably resulting in an 

overestimation of GPP_SP and GPP_MODIS at the end of summer. On the other hand, GPP_T 

shows lower values and a downward trend until late September when it recovers, most likely 

linked to the first rainfall and soil water availability. Thus, summer production is probably 

coupled to soil moisture content dynamics, indicating that this parameter has higher importance 

than the drop in temperature at this time of year. Although the herbaceous stratum is 

completely senescent, trees may present some production, since the deep roots of oak trees 

can absorb water from deeper layers of the soil (Cubera and Moreno, 2007; Ma et al., 2007; Xu 

et al., 2004). This is also seen from the fact that new spring acorns continue growing throughout 

the whole summer (Milla et al., 2010; Montserrat-Martí et al., 2004). While GPP_MODIS and 

GPP_SP minimum production in winter is similar to summer production, GPP_T shows higher 

values, suggesting that temperature is not so limiting in late fall and winter (Chiarielllo, 1989; 
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Evans and Young, 1989; Ma et al., 2007) as considered in the GPP_MODIS and GPP_SP models. 

Kanniah et al. (2009) found that minimum temperature in the model was not a limiting factor 

for GPP in ecosystems like savannas. Xu and Baldocchi (2004) showed that grass seed 

germination normally occurs in autumn after rain events, and then grass may present slow 

vegetative growth in winter. 

The results from the periodograms (Figure 26, Table 20 and 21) confirm the inter-annual 

GPP pattern in the three series, and suggest that the typical dynamics of the Dehesa in a 

Mediterranean climate is represented by an intra-annual cycle for half the year, with two 

growing periods in spring and autumn. However, the autocorrelation function (Figure 25) did 

not clearly reveal this intra-annual cycle in GPP_T. This time series showed an increase later in 

autumn but no clear decrease in winter, thus diminishing the significance of the autumn growth 

(i.e., the second cycle). EC flux data suggests that production starts later in autumn and does not 

stop completely during winter, while GPP_MODIS and GPP_SP show a clear decrease in winter 

and summer as a result of using threshold values of VPD and TMIN. 

GPP_T positive autocorrelations in the short term were higher than those in GPP_SP and 

GPP_MODIS, indicating that their values are more closely related to recent past values than in 

the other cases. This is likely due to the rapid response of GPP_T to essential and highly variable 

parameters in the Mediterranean climate such as precipitation and soil moisture, which are not 

taken into account in the GPP_MODIS and GPP_SP models. On the other hand, annual 

autocorrelations are lower in GPP_T, indicating that the annual cycle is not so regular. 

The results from the Granger Causality tests (F-tests, Table 24) corroborated the strong 

dynamic link between GPP and available water for plant growth (Joffre et al., 2003; Ma et al., 

2007; Xu and Baldocchi, 2004). It can therefore be confirmed that short-term prediction of gross 

production based on GPP_T time series could be improved by using the available information 

on precipitation and soil water content. Similar results were found for the remote sensing 
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models, although PPT and SWC causation on GPP_SP and GPP_MODIS were lower, probably 

indicating a dynamic response of CO2 assimilation to moisture that is not completely captured 

by these models. 

The F-test values for precipitation in the three series dropped sharply after the first lag (8 

days), while in the case of SWC they decreased more evenly. Lagged cross-correlations between 

PPT and GPP showed a low positive relationship at lag one in all three cases, with slightly higher 

values in GPP_T. However, higher correlation values at the first lag were found when considering 

the response of GPP to changes in PPT (cross-correlations with first differences). This –together 

with the strong causal relationship between PPT and GPP at lag one (8 days)– evidence the 

positive GPP response to rainfall of the herbaceous layer in the Dehesa, related probably to the 

decrease in the soil water potential after a rain event (Xu et al., 2004). The low values observed 

in the cross-correlation with the original data is likely due to the fact that rainfall is mainly 

effective during the spring and autumn growing periods (Baldocchi et al., 2006; Vargas et al., 

2011), while summer rainfall produces high pulses of soil respiration (Baldocchi et al., 2006; Ma 

et al., 2007; Xu et al., 2004). 

The Granger F-test values at lag one (8 days) showed a lower causation of the SWC on 

production than rainfall. However, they became equal to or higher than the precipitation values 

after 16 days (lag 2), indicating probably the contribution of precipitation to the soil water 

content. Lagged cross-correlations also showed a positive relationship in both the general 

dynamics and the response of GPP to changes in SWC (through cross-correlations of first 

differences). It is worth noting that the cross-correlation of original values increased steadily 

until lag 13 (3.5 months), highlighting the delay between the annual dynamics for production 

and soil moisture (Figure 27). This delay can be explained by the fact that soil moisture in 

Mediterranean areas increases in autumn, and continues at generally high values until mid-

spring when it decreases due to rising temperature and plant uptake for production. Higher 
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Granger F-test values at lag 2 than at lag 1 in GPP_MODIS and GPP_SP may be due to a delay by 

the satellite in detecting biomass production. The intermediate F-test values in the case of 

GPP_SP demonstrate that estimations can be improved when local meteorological and 

ecological data are included in the models. 
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 Experiment 4: Dynamics assessment of GPP, meteorological variables and 

energy fluxes from Eddy Covariance time series measurements in three forest 

ecosystems 

GPP results confirmed the importance in the amount C fixed by these types of ecosystems 

every year (Beer et al., 2010; Pan et al., 2011). Lagergren et al. (2008) showed a GPP mean annual 

value around 1612 g C m-2 year-1 in Denmark and 1047 g C m-2 year-1 in Finland at the same 

flux tower sites for the period between 2000 and 2005 while Cicuéndez et al. (2015a) showed 

an average annual value around 1091 g C m-2 year-1 for the 2004-2008 period.  

The GPP dynamics presented a clear seasonal pattern in these ecosystems (Cicuéndez et 

al., 2015a; Lagergren et al., 2008; Pilegaard et al., 2011). The GPP dynamics based on 

autocorrelation patterns (Figure 30) showed that seasonality at a short, medium and long term 

was more significant in Denmark and Finland than in Spain indicating that the cycle of GPP in 

this Mediterranean site is more irregular (Ma et al., 2007; Wang et al., 2016). The decrease in 

autocorrelation values at 6 month lags could indicate the occurrence of significant GPP in two 

periods through the year (spring and autumn), as shown already by Cicuéndez et al. (2015a).  

Autocorrelation function of the meteorological variables and energy fluxes revealed that 

Mediterranean climate is more irregular and shows lower memory at long term than at short 

term, especially since year two. However, due to very high VPD and H values every summer, 

autocorrelation function revealed a more marked annual cycle in these variables than in 

Temperate and Boreal climates. Meanwhile, due to the interannual variability in production 

which is coupled and related to the variability of LE in the Dehesa, LE had less memory at long 

term than Finland and Denmark. In terms of SWC dynamics, Mediterranean climate showed a 

clear annual cycle marked by the strong drought in summer while snow melt in Finland produced 

a second intraannual cycle. 
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The GPP of the ENF of Scots pine in Finland placed in a boreal climate showed a strong 

annual cycle due to the meteorological conditions (Vesala et al., 2010). Due to these extreme 

low temperatures GPP was practically zero from mid-November until late March. Ta began to 

increase in April (temperatures began to be higher than 0 0C) and consequently GPP began to 

increase. Mäkelä et al. (2006) showed that the thermal growing season started between 18 April 

and 7 May in this site. During spring both variables increased continuously until summer when 

GPP had its maximum at the beginning of July and temperature had its maximum at the end of 

July. It has to be remarked that the herbaceous layer also accounts for the increase of GPP during 

spring and early summer (Kolari et al., 2006). Although GPP remained relatively high during this 

period, this small delay in the maximums could be due to that the optimum conditions for 

growth of Scots pine were determined by radiation. In fact, tracheid production in coniferous at 

boreal sites occurred around the time of maximum day length and not during the maximum 

temperature period (Kulmala et al., 2017; Rossi et al., 2006). At the beginning of August 

temperature and solar radiation began to decrease and subsequently GPP. During September 

and October, GPP decreased sharply until the beginning of November when low temperatures 

and radiation became limiting again (Kolari et al., 2014; Vesala et al., 2010). On one hand, 

temperature was the main limiting factor in this type of ecosystem as other researches have 

shown (Bonan and Shugart, 1989; Dass et al., 2016; Mäkelä et al., 2006). On the other hand, 

precipitation and soil water content were not a limiting factor in this site being high enough 

during all year (SWC more than 20%), although could be an important factor in very dry years 

(Gao et al., 2016). The cycle of H was also determined by temperature. Thus, H was negative 

during winter. During spring, H increased reaching their maximum values in May and before the 

maximum of GPP due to that temperature had already reached high values enough to begin the 

process of evapotranspiration, thus the latent heat began to be the most important component 

of the net radiation. LE is then coupled to the cycle of GPP reaching its maximum in summer and 

decreasing during autumn. 
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The DBF of beech in Denmark showed a different cycle. Because beech trees are deciduous, 

the annual cycle is marked by the emergence and fall of the leaves and this fact is determinant 

on the seasonal variation of photosynthesis and numerous ecosystem/atmosphere interactions 

(Baldocchi et al., 2005; D’Odorico et al., 2015; Melaas et al., 2013). From November until the 

mid-March, GPP was very low due to low temperatures and solar radiation. In addition, H was 

negative during winter indicating that the ecosystem was giving heat to the atmosphere. In fact, 

values were more negative than in boreal forest due to a greater difference of temperature. 

Then, Ta began to increase and consequently GPP. Probably, this first increment in GPP is caused 

by the growing of herbaceous and shrub species of the ecosystem which are adapted to grow 

before the shading of beeches leaves (Brunet et al., 2010; Paul-Limoges et al., 2017; Pilegaard 

et al., 2001). It is also probably that coniferous which represent 20% of footprint area (Pilegaard 

et al., 2001) could begin to fix C before beech trees. During this period, sensible heat also 

increased sharply indicating that energy was being spent on raising temperature. Around the 

end of April leaf emergence occurs and leaf expansion lasts around one month (Wang et al., 

2005). During this period GPP increased sharply together with Ta and this fact leaded to an 

increase on ETP and subsequently LE. Other researchers have found that temperature and day 

length are limiting factors in this ecosystem during winter and are the main factors controlling 

leaf emergence (Basler and Korner, 2014; Dolschak et al., 2019). It seems that the bud-break 

could coincide with the maximum of sensible heat (Wilson et al., 2000). After that, GPP reached 

its maximum in mid-June and remained high one month when LE reached their maxima. This 

delay could be explained because Ta and subsequently ETP continued increasing during summer, 

which could also explain the delay between maximum GPP and maximum VPD. At the end of 

July, GPP began to decrease together with LE, although Ta and VPD remained high. This fact may 

indicate that this first decreased of GPP could be associated with a stomata closure due to high 

VPD values. Then, GPP decreased gradually during August due to lower Ta and radiation and 

began to decrease sharply from September to November during the browning and fall of leaves 
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until the offset of the growing season. As in the boreal forest, availability of water is usually not 

a limiting factor in beech forest, although GPP can decrease in dry years (Ciais et al., 2005; 

Lindroth et al., 2020). 

The Dehesa ecosystem in Spain is composed by two mainly vegetation layers, the tree and 

the herbaceous layer, which respond to Mediterranean climate in a different way and are 

responsible of the dynamic of the ecosystem. Our results confirmed that GPP in the Dehesa had 

a high spatial and temporal variability (Cicuéndez et al., 2015a; El-Madany et al., 2018; Joffre et 

al., 1996). From December to March, GPP from the herbaceous and tree layer was low due to 

low temperatures, although minimum temperature was not as limiting in this type of 

ecosystems (Cicuéndez et al., 2015a; Kanniah et al., 2009) as in Finland and in Denmark. The tree 

and the herbaceous layer are green and can produce during winter (Chiarielllo, 1989; Ma et al., 

2007; Xu and Baldocchi, 2004). Then, Ta began to increase fast and consequently GPP of both 

strata began to increase reaching its maximum at late April and having maximum values until 

mid-May. Vegetation in Mediterranean ecosystems, especially grasslands, are adapted to grow 

earlier in spring to take advantage of lower temperatures, lower VPD and higher SWC than later 

(Cicuéndez et al., 2015a; Evans and Young, 1989; Milla et al., 2010). During this period, GPP is 

strongly coupled to latent heat and SWC. Valayamkunnath et al. (2019) showed this evolution 

in other semiarid regions. Other researchers have found that availability of water is the main 

limiting factors in this ecosystem (Gilabert et al., 2015; Gómez-Giráldez et al., 2018; Ross et al., 

2012). In this sense, Jung et al. (2011) showed the importance of the water cycle in the 

interannual carbon fluxes dynamics in the semiarid regions. In late May the species of the 

herbaceous layer begin to dry due to high Ta and VPD values, and consequently GPP decreased 

during summer and until mid-September. The tree layer can continue to produce a slightly 

longer period than the herbaceous one due to the deeper roots that can extract water from 

deeper layers of the soil (Cubera and Moreno, 2007; Pereira et al., 2007), although during 

summer will close the stomata due to high VPD and ETP. During autumn, GPP increased due to 
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rainfall events and the recovery of water in soil (Cicuéndez et al., 2015a; El-Madany et al., 2018) 

and decreased since mid-November due to low temperatures.  

Granger Causality tests revealed that GPP cause latent heat (LE) more than backwards in 

the three ecosystems, especially in Denmark and in Finland. This fact indicated that vegetation 

provides a feedback to atmosphere influencing LE at a short term (Forzieri et al., 2020). The 

differences between sites are due to Leaf Area Index (LAI) and soil water dynamics (Wang et al., 

2019). The DBF in Denmark and ENF in Finland showed high LAIs with high soil water contents, 

this fact entailed more transpiration rates, especially in the Deciduous Forest. Meanwhile, the 

Dehesa ecosystem showed lower GPP, with a lower LAI and less soil water content, subsequently 

lower transpiration rates. However, in spring when SWC is enough the GPP and LE were coupled.  

El-Madany et al. (2018) showed that the herbaceous layer contributed more to the LE than the 

tree layer in the Dehesa ecosystem during the spring period.  

On the other hand, Granger Causality tests showed that sensible heat causes GPP more 

than GPP causes sensible heat in Finland and in Spain. This fact indicated that H was controlling 

GPP more than backwards, although there was also a feedback of vegetation controlling H, 

especially for the first lags. In both sites, the influence of H on GPP is higher probably due to the 

effect of temperature controlling GPP. While in Finland the relationship between H and GPP was 

mainly positive, in Spain was negative in summer, the maximum of H coincided with the 

minimum of GPP. In Denmark, the expansion of LAI entailed a reduction of changes on surface 

temperature and subsequently, affected H. Thus, GPP caused H more than backwards at a very 

short term (3 lags). Then, H caused GPP evidencing also the effect of temperature on GPP. 

Granger Causality tests showed better results in Finland and Denmark than in Spain, 

revealing a higher relationship and a more couple cycle between GPP and energy fluxes in both 

directions, especially with latent heat. In contrast, Ferguson et al. (2012) concluded that 

transitional zones like savannahs (in our study Mediterranean forest) tend to have a strong land–
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atmosphere coupling, whereas that land–atmosphere coupling is weak in the energy limited 

regions. Hoek Van Dijke et al. (2020) suggested that using the LAI to model or extrapolate surface 

fluxes of water and energy is very possible in savannahs, grasslands, and Evergreen Broadleaf 

Forests, but it is limited in DBF and ENF. It seems that using GPP instead of LAI could improve 

the results in these ecosystems. In Spain, there were weak dynamic relationship between H and 

GPP, especially in the influence of GPP on H. This fact fits with that H was maximum when GPP 

was minimum in summer, vegetation especially the herbaceous layer has dried and did not 

influence on sensible heat. 

 

  



Chapter 5: Discussion 

 

116 

 

 



 

117 

 

 

 

 

 

 

 

 

 

Chapter 6
 

Conclusions 
 

  



 

118 

 

 



  Chapter 6: Conclusions 

119 

6. CONCLUSIONS 

Two main blocks of conclusions can be obtained from this thesis: One related to Soil 

respiration in agroecosystems and the other related to the Gross Primary Production in forest 

ecosystems. 

Soil Respiration in agroecosystems 

1. Our results based on measurements acquired through field spectroscopy are a first step 

to use these models across several spatial and temporal scales.  

2. Spectral indices contain significant functional information, beyond mere structural 

changes, that could be related to soil respiration. 

3. In irrigated crops:  

- Remote sensing data can produce relevant information to assess the both autotrophic 

and the total soil respiration through vegetation indices. 

- Best results were obtained when assessing autotrophic respiration during period with 

significant structural changes, i.e., during vegetative stages. However, during the 

reproductive stages, when the autotrophic component was not so significant, spectral 

indices were better related to total soil respiration which could be related to the 

presence of rhizomicrobial respiration linked to vegetation activity.  

- No clear patterns were found among the different spectral indices tested which 

probably indicate that the indices were tracking phenological evolution that is captured 

by the general patterns of the reflectance spectra. 

- The high variability found in the relationship between soil respiration and spectral 

indices within the corn field suggests that there is a need to be cautious when upscaling 

remote sensing models.  

- In order to assess the Rs and Ra from remote sensors, specific models should be applied 

for the different phenological stages. 
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4. In rainfed crops:  

- Spectral indices improve the information provided by LAI to assess soil respiration in a 

rainfed barley crop. Soil moisture and temperature were relevant variables to 

complement spectral indices and/or LAI to estimate Rs in specific periods.  

- Indices including the near infrared spectral region (ANIR, NDVI, EVI, NDWI, NDWI2 and 

SASI) were the most related to LAI during vegetative stages. Among them, moisture 

indices, i.e., SASI and NDWI from MODIS and NDWI2 from Sentinel-2, showed the best 

relationship with LAI during reproductive stages, indicating the impact of declining 

moisture during senescence on plant structure. 

- AG and AR indices, centered in the visible spectral region, showed the best relationship 

with Rs during vegetative stages characterized by active photosynthesis. On the other 

hand, the NIR-SWIR spectral indices (especially SASI from MODIS and NDWI2 from 

Sentinel-2) showed the highest relationships with Rs during reproductive stages 

showing the impact of plant senescence. Furthermore, SASI (angle centered at SWIR1) 

showed better results than NDWI, probably because it provides information farther in 

the shortwave spectral region highly related to water content. 

- Our study emphasizes the usefulness of a frequent monitoring system in Mediterranean 

agricultural environments where equilibrium between fixation and emission is 

particularly fragile, especially in the context of climate change. 

Gross Primary Production in forest ecosystems 

When modeling the GPP in the Dehesa ecosystem of Spain: 

1. The three GPP time series show the typical dynamics of a Dehesa in a Mediterranean 

climate where there are primarily two layers: an arboreal layer formed by sclerophyllous 

evergreen species, and the herbaceous stratum. Annual production dynamics show two 
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intra-annual cycles with minimum values in summer and winter, and maximum values 

in two different growing periods: spring and autumn. 

2. The main difference between the series is quantitative: while GPP_MODIS 

underestimates the production of the Dehesa, our site-specific model gives more similar 

values to those provided by the EC tower. The main reason for the underestimation by 

GPP_MODIS is the ecological and meteorological parameters used in the model (LUEMAX, 

PAR, TMINscalar and VPDscalar). Thus, the use of parameters that are representative of local 

conditions and processes (i.e., obtaining a GPP_SP) is necessary to ensure accurate 

estimations. 

3. Ecosystem dynamics are determined by the meteorological factors of the 

Mediterranean climate: temperature, solar radiation, and above all the lack of water in 

summer. In fact, the analysis of the dynamic relationships corroborated the close link 

between GPP and available water for plant growth.  

4. Granger Causality tests indicated that GPP predictions could be improved by including 

representative measurements of SWC or PPT in production models. Granger F-test 

values are higher in GPP_T and GPP_SP than in GPP_MODIS, demonstrating the 

importance of local meteorological information in these two models. PPT influences GPP 

in the short term and has mainly a strong causal relationship at 1 lag, while SWC shows 

a more lagged and constant response over time. This signals the rapid response of the 

herbaceous layer in the Dehesa to rainfall events, particularly during the spring and 

autumn growing periods. However, the cross-correlation results show a clear delay of 

approximately three months between the annual dynamics of GPP and SWC. This 

indicates that the contribution of SWC to growth persists longer than the contribution 

of PPT, due to the fact that SWC increases and is stored in the soil in the rainfall periods, 

allowing plants to take it up later in the growing periods.  
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When assessing the dynamics of GPP, meteorological variables and energy fluxes in the three 

ecosystems: 

1. Differences in GPP, meteorological variables and energy fluxes values and dynamics 

between sites are due to different plant functional types located in different climates: 

Temperature and solar radiation were the main limiting factors in ENF of Finland while 

water availability was determinant for growth in the Mediterranean ecosystem. The DBF 

of Denmark showed a different GPP cycle related with an interaction of various factors 

during all the growing season.  

2. The three ecosystems are directly responsible for the energy fluxes partitioning and 

water fluxes dynamics. In Finland, latent heat was coupled to GPP during all growing 

season due to the factor of temperature while in Denmark began to be strongly coupled 

when leaf emergence occurred. In Spain, latent heat was coupled to GPP during all 

growing season conditioned to water availability. 

3. Different vegetation types provide a feedback to atmosphere influencing the energy 

partitioning in a different way. GPP causes latent heat more than backwards in the three 

ecosystems due to LAI and soil water dynamics. However, sensible heat causes GPP 

more than backwards, especially in Finland and Spain due to that temperature regulated 

the carbon fluxes but with an inverse pattern in both ecosystems. In Denmark, a forest 

with a more closed canopy, GPP caused also sensible heat with LAI development. 
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7. FUTURE RESEARCH 

The main future research lines derived from this thesis are the following:  

Soil Respiration in agroecosystems 

1. To extend the research done in experiments 1 and 2 in the same type of crops for larger 

areas and longer periods of time to make more robust and significant statistical models. 

2. To upscale the models and extrapolate them to larger areas with Remote Sensing 

measurements. 

3. To study the potential of spectral indices to assess soil respiration in other rainfed and 

irrigated crops. 

4. To assess the equilibrium between fixation and emission of CO2 through spectral 

information and ecosystem respiration measurements, especially in Mediterranean 

rainfed crops. 

Gross Primary Production in forest ecosystems 

1. To apply the GPP site specific model built in experiment 3 to other Dehesas ecosystems 

in Spain for upscaling the model to larger areas with Remote Sensing information. 

2. To propose new GPP models based on Remote Sensing information for this ecosystem 

based on other variables, such as water availability. 

3. To assess new GPP Production Efficiency Models based on different meteorological 

factors depending on the type of ecosystem. 

4. To build new models based on spectral indices for estimating GPP. 

5. To make robust time series analysis models to forecast the GPP in ecosystems to ensure 

economic, environmental and social benefits. 

6. To study and quantify the influence of GPP in different ecosystems in the energy 

partitioning processes. 
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7. To assess and predict the feedback between GPP and energy partitioning in different 

ecosystems by time series analysis models. 
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APPENDIX 1: Spectral indices 

Spectral data is usually summarized as spectral indices which are easy to calculate and could 

be used as input variables in biophysical models. The most common indices used are the ratio 

indices based on the relationship between two spectral bands of the electromagnetic spectrum 

such as NDVI, EVI and NDWI. The Spectral Shape Indices (SSI) represents the shape of the 

spectral signature in a specific wavelength range using information from three bands instead of 

two as Figure 33 shows. 

 

Figure 33. Representation of the Spectral Shape Indices (SSI) which are the angles in a specific 
wavelength: AG (αG), AR (αR), ANIR (αNIR), AS1 (αSWIR1) and AS2 (αSWIR2). SASI is calculated as a 
product of αSWIR1 and a slope asTable 5 shows. 
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APPENDIX 2: Air temperature evolution in rainfed barley 

Figure 34 shows the daily average air temperature values during the first days of the field 

campaigns (2012 and 2013) when barley was sown. In 2012 air temperature values were higher 

during germination after 10 days of sowing (DOY 82) than in 2013 (DOY 92). It seems that this 

fact caused a higher rate of germination in 2012 than in 2013. 

 

Figure 34. Daily average air temperature values during the first days of the field campaigns (2012 
and 2013) when barley was sown. 
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APPENDIX 3: Biome Property Look Up Table 

Table 27 shows the Biome Property Look Up Table (BPLUT) with the biome specific 

physiological parameters of the MOD17A2 GPP product used in experiment 3 for the different 

ecosystems classified by MODIS (Heinsch et al., 2003).  

Table 27. Biome Property Look Up Table (BPLUT) with the biome specific physiological 
parameters of the MOD17A2 GPP product for the different ecosystems classified by MODIS 
(Heinsch et al., 2003). 
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