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Abstract 

Livestock raising for meat production is an ancient activity as its final product (meat) is an essential 

component of the human diet due to its nutritional value. Recently, the negative implications of livestock 

farming and meat consumption have been under great scrutiny due not only to sustainability questions 

but also safety and quality of meat products. 

Pasture-based livestock production can, nevertheless, have multiple environmental benefits due to the 

ecosystem services it delivers. Sown biodiverse permanent pastures rich in legumes (SBPPRL) were 

developed as a strategy to increase grasslands productivity as fertilized natural pastures were 

decreasing in productivity and, consequently, in animal feed quality and ecosystem services. 

In this thesis, three models were used to estimate the annual productivity of three study farms in Portugal 

based on remote sensing data acquisition in conjunction with in situ biomass field measurements. With 

the models’ productivity data, the soil carbon sequestration capacity of each pasture was subsequently 

estimated applying a model specifically designed for these pastures. 

The estimated annual productivity of the farms was similar to the in situ biomass measurements for two 

out of the three models studied for this purpose. The soil carbon sequestered by each farm reflected the 

tendency of productivity of the farms in the sense that farms with higher yields also presented higher 

sequestration capability, as expected, with values ranging from - 0.016 kgCO2e/(ha·yr) to 13.13 

kgCO2e/(ha·yr). In addition, the soil carbon sequestration estimations were consistent with previous 

studies from the literature, also performed in SBPPRL. 

 

 

 

 

 

 

Keywords: Sown biodiverse permanent pastures rich in legumes, pasture productivity, soil organic 

carbon sequestration, modelling.  
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Resumo 

A criação de gado para a produção de carne é uma atividade antiga cujo produto final (carne) é uma 

componente essencial da dieta humana devido ao seu elevado valor nutricional. Recentemente, as 

implicações negativas da pecuária e do consumo de carne têm sido objeto de grande escrutínio não só 

por questões relacionadas com a sua sustentabilidade, mas também com a segurança e qualidade dos 

produtos. 

As pastagens semeadas permanentes biodiversas ricas em leguminosas (PSPBRL) foram 

desenvolvidas como uma estratégia para aumentar a produtividade das pastagens, uma vez que as 

pastagens naturais fertilizadas apresentavam produtividades reduzidas traduzindo-se num impacto 

negativo não só na produção e qualidade da carne como também nos serviços de ecossistemas. 

Foram utilizados três modelos para estimar a produtividade anual de três explorações em Portugal, 

com base na aquisição de dados de detecção remota em conjunto com medições de campo de 

biomassa. Com os dados estimados de produtividade dos modelos, a capacidade de sequestro de 

carbono do solo de cada pastagem também foi estimada aplicando um modelo projetado 

especificamente para essas pastagens. 

A produtividade anual estimada das fazendas foi semelhante às medidas de biomassa in situ para dois 

dos três modelos estudados para esse fim. O carbono do solo sequestrado por cada exploração refletiu 

a tendência de produtividade das mesmas, no sentido em que quanto maior é produtividade, maior é 

capacidade de sequestro de carbono, com valores entre -0.016 kgCO2e/(ha.ano) e 13.13 

kgCO2e/(ha.ano). Adicionalmente, as estimativas de sequestro de carbono deste estudo foram 

consistentes com estudos anteriores da literatura, também realizados em PSPBRL. 

 

 

 

 

Palavras-chave: Pastagens semeadas permanentes biodiversas ricas em leguminosas, produtividade 

de pastagens, sequestro de carbono pelo solo, modelação. 
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1. Introduction 

The continuous increase of global population and, consequently, the increase in meat and other animal 

derived products produces a challenge when it comes to finding sustainable options to maintain or 

increase the population’s life quality (Elferink and Schierhorn 2016). 

The agricultural and food sectors (agri-food sector) are accountable for a considerable share of 

environmental impacts and the emission of significant amounts of greenhouse gases (GHG), mainly 

carbon dioxide (CO2), methane (CH4) and nitrous oxide (NO2). Some practices that may mitigate the 

GHG emissions include grazing management and pasture improvement (controlling grazing intensity 

and frequency, and the necessity of fertilization to increase pasture productivity) (Smith et al. 2008). 

Changes in land use also have an impact on carbon (C) fluxes since croplands are usually ’C emitters‘ 

and grasslands (or pastures) are usually ’C sinks‘ (Smith et al. 2008; Teixeira 2010). This means that 

converting croplands into grasslands may be beneficial regarding C sequestration but the reverse 

situation may be not. 

Livestock raising for meat production is an ancient activity as its final product (meat) is an essential 

component of the human diet due to its nutritional value (Muchenje et al. 2018). Moreover, its production 

and processing are an important source of employment and rural income in many countries (Muchenje 

et al. 2018). Recently, the negative implications of livestock farming and meat consumption have been 

under great scrutiny due not only to sustainability questions but also safety and quality of meat products 

(Muchenje et al. 2018). These concerns have raised awareness in the general population and have 

become increasingly important to consumers and therefore make an impact in the meat and agriculture 

industry. 

Montado, which consists of a mixture of grazing land, woodland and crops (agroforestry system) for 

extensive livestock production is the most representative extensive farming system in the Iberian 

Peninsula (Franco et al. 2012) and it is a key part of the Southern Portuguese farming landscape. 

Pastures are an important component of the montado as they are spatial areas for livestock grazing. In 

2006 grasslands were estimated to occupy over 40% of the total world land area and they are distributed 

worldwide in different percentages (Sala et al. 2013; Steinfeld et al. 2006). 

Portugal is an important case study for evaluating the impact of pastures on soil carbon sequestration 

due to the abundancy of pasture ecosystems (Figure 1). According to the article posted on Vida Rural 

website (https://www.vidarural.pt/producao/montado-domina-floresta-portuguesa/), which is based on 

data from the Portuguese Ministry of Agriculture, pastures and shrublands constitute the second most 

significant land use in Portugal with 32% (after forests which represent 35 %) and the tendency over the 

years has been to increasingly expand in area. 

https://www.vidarural.pt/producao/montado-domina-floresta-portuguesa/
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Figure 2 depicts the evolution of the area dedicated to permanent pastures and meadows in Portugal 

and its main regions for 1989, 1999, 2009, 2013 and 2016. As observed, the majority of these 

ecosystems are located in Alentejo (Southern Portugal), due to its favourable climatic conditions. 

Pastures can be spontaneous, semi-natural or sown. Spontaneous pastures are rainfed pastures 

composed of native species that occur spontaneously without any human intervention (Freixial and 

Barros (2012). Semi-natural pastures comprise of native species, but the pastures are subjected to 

human intervention, for example shrub control and fertilization. Sown pastures involve the introduction 

of specific species, often accompanied by shrub control and fertilization. 

In the mid-1960s, a group of Portuguese agronomists, particularly Eng. David Crespo, created seed 

mixtures, with up to twenty species or varieties of grasses and legumes, which is referred to as sown 

biodiverse permanent pastures rich in legumes (SBPPRL). However, more important than the number 

of existing species in the mixture is the way they perform in conjunction with each other. These seed 

mixtures were developed as a strategy to increase pasture productivity as fertilized natural pastures 

were decreasing in productivity and, consequently, in animal feed quality and ecosystem services 

(Teixeira et al. 2015). 

Figure 1 – Portuguese land use distribution in 2010 (Source: (ICNF 
2013)). 
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SBPPRL have significant benefits such as increasing productivity and C and N retention by vegetation 

and soil (Teixeira 2010). SBPPRL have a high percentage of legumes which have nitrogen-fixing 

nodules in their roots that can fix atmospheric nitrogen (N) which becomes available to other plants, 

thus providing a better fertilization of the soil. This would ultimately increase atmospheric C capture 

through photosynthesis (Teixeira 2010). 

Pastures provide several ecosystem services such as: 

a. Water regulation and supply by above and belowground plant parts which capture water and, 

therefore, increase the water retention capacity. This allows pastures to regulate the amount of 

water in dry or very wet seasons (Bengtsson et al. 2019); 

b.  Decrease in soil erosion according to the amount of soil organic matter (SOM) (Cadman et al. 

2013); 

c. Climate regulation through the process of carbon sequestration in the form of soil organic 

carbon (SOC) present in soil organic matter (SOM) (Bengtsson et al. 2019); 

d. Feed supply for livestock grazing systems and increasing the biodiversity of the ecosystem 

(Bengtsson et al. 2019); 

e. Recreational and cultural services as these ecosystems played and continue to play an 

important role in the country’s history (Bengtsson et al. 2019) 
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Figure 2 – Area of permanent pastures and meadows in Portugal (in hectars) with data from 1989, 1999, 
2009, 2013 and 2016 (Source: Gabinete de Planeamento, Políticas e Administração Geral (GPP)). 
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These services are amplified when comparing spontaneous and semi-natural pastures to SBPPRL due 

to the characteristics of the latter. The C sequestration has recently been of particularly interest for 

farmers and decision makers in Portugal due the Portuguese Carbon Fund project (PCF - Fundo 

Português de Carbono). The PCF is a governmental instrument implemented in 2006 to help the country 

comply with the demands regarding limitation of GHG emissions from the Kyoto Protocol. Amongst other 

measures, the PCF supported projects which contribute to a reduction on emissions of GHG 1. Starting 

from 2008, the PCF financed, through a system of payments for C sequestration, the installation and 

maintenance of SBPPRL. As a result, the area of these pastures has increased to approx. 48 thousand 

hectares in Portugal spread over more than 1000 farms (Teixeira et al. 2015). 

However, in the PCF project, farmers were paid on the basis of pre-calculated C sequestration factors 

that had been determined using data from older projects. Farms were not monitored to obtain actual C 

sequestration for the years that the pastures were supported. This was due to the fact that field 

measurements of C sequestration can be tedious, time consuming, labour-intensive and expensive. 

Recently, alternative indirect monitoring methods have risen to prominence. Plant productivity models 

based on remote sensing data are being developed for different land use scenarios to decrease the 

mentioned obstacles concerning field measurements. 

 

1.1. Objectives 

This thesis aims to estimate the amount of carbon sequestered by SBPPRL tin three study farms located 

in different regions in Portugal for the agricultural year of 2017-2018 based on a spatialized assessment 

of the C input from plants. The main goals are: 

a. To estimate the annual productivity of the study farms based on three models (CASA, multiple 

linear regression and non-linear regression models) and assess their performance through 

comparison with field measurements and remotely sensed data; 

b. To estimate the amount of C sequestered by the soil based on a carbon sequestration model; 

c. To assess the viability and importance of remote sensing as an environmental monitoring 

technique/instrument, particularly in ecosystems with considerable large areas located in agro-

forestry regions. 

  

                                                      
1 https://apambiente.pt/index.php?ref=17&subref=162&sub2ref=306 (accessed in October 2019) 
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1.2. Structure of the thesis 

This dissertation consists of 5 chapters. In Chapter 1 a general introduction to the theme is presented 

as well as the main objectives of this thesis and the document structure. Chapter 2 focuses on a literature 

revision on the main net primary productivity (NPP) and biomass estimation models, remote sensing as 

an important tool for ecosystem and environmental monitoring, and carbon sequestration models 

suitable for SBPPRL. Chapter 3 describes the methods used in this thesis, including all the data 

acquisition processes and the models structure and application for this particular study. The results of 

all the models and discussion are presented in chapter 4. Chapter 5 includes the main conclusions of 

this study and proposes future works and improvements. 
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2. State of the art 

2.1. Meat production and global environmental 

impacts 

Food consumption in Europe is responsible for approximately 30% of the total GHG emissions and meat 

has a higher carbon footprint than plant-based food especially due to CH4 emissions from enteric 

fermentation in ruminants. Not only due to global population growth but also to the growing per capita 

demand in several countries, world beef production increases about 1% per year (Petrovic et al. 2015). 

Figure 3 and Figure 4 show the evolution of the global population growth in comparison with meat 

supply/production between 1961 and 2010. 

 

 
 

 

The main contributor for GHG emissions from beef production comes from C loss from land use change 

(LUC) and CH4 and nitrogen dioxide (NO2) from enteric fermentation and animal manure (Figure 5). 

Other GHG emissions come from fertilizer production, biodiversity loss as a result of LUC required for 

feed production, and energy used in food production, the latter mainly being fossil fuels consumption in 

machinery for farming operations (Morais et al. 2018; Petrovic et al. 2015). 

In Portugal, according to the National Statistics Institute (Instituto Nacional de Estatística, INE) the total 

meat and offal consumption in 2014 was 108.2 kg per person. In 2018 that amount increased to 117.4 

kg per person 2 and the trend of consumption growth seems to remain.  

                                                      
2 
https://www.ine.pt/xportal/xmain?xpid=INE&xpgid=ine_indicadores&contecto=pi&indOcorrCod=00002
11&selTab=tab0 – accessed in October 2019. 

Figure 3 – Growth of population and meat supply, 
indexed 1961=100 (Source: (UNEP 2012)). 

). 

Figure 4 – World meat production (Source: (Petrovic et 
al. 2015). 
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With the global increase in meat production and consumption, it is urgent to find sustainable alternatives 

and methods to animal production systems. One of the alternatives is sown biodiverse pastures rich in 

legumes (SBPPRL) due to their potential to increase pastures productivity and carbon sequestration 

capacity, hence enhancing the grasslands’ ecosystem services. 

 

2.2. Soil carbon sequestration 

Carbon sequestration in soil is a process of capture and storage of atmospheric carbon dioxide (CO2) 

in the soil through photosynthetic organisms (Lal et al. 2015). Amongst the different existing C pools, 

the soil is one of the largest, storing approximately twice as much C as the atmosphere (Xu and Shang 

2016). After fossil fuel combustion emissions, C emissions from land use and land-cover change 

(LULCC) to the atmosphere represent the second largest anthropogenic C source into the atmosphere. 

This flux is also one of the most uncertain fluxes in the carbon cycle due to, among others, uncertainties 

in forestation and deforestation rates and differences in estimation methods (Houghton et al. 2012; 

Scharlemann et al. 2014). Figure 6 illustrates the global carbon cycle with representation of fluxes and 

major carbon pools (data from 2011). 

According to Schils et al. (2008) or pastures are considered C sequestration pools, as a result of several 

studies. Therefore, pastures have a significant environmental role, especially in recent years, as soil C 

accumulation has gained new importance in the context of climate change. According to Garnett et al. 

(2017), in grazing-only systems ruminants emit around 1.32 Gt CO2 eq/yr. Even though global 

assessments of C sequestration potential of grasslands are scarce, they range from 0.3 to 0.8 Gt CO2/yr 

(with the higher end estimate being highly ambitious), which translates into an offset of 20 to 60 % of 

emissions from grazing-only systems (Garnett et al., 2017). 

Assessing SOC dynamics through direct field measurements is time consuming and labour-intensive 

and they may not be the most cost-effective approach as compared to using existing modelling 

approaches. 

Figure 5 –Main sources of emissions from global 
livestock and their relative contributions (source: 
http://www.fao.org/gleam/results/en/#c303617). 
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There are several models used to estimate C sequestration in the soil (Nayak et al. 2019) and they can 

be classified into three different categories depending on their modelling approach (FAO 2018): (a) 

empirical models, (b) soil models (process-based models) and (c) ecosystem models. 

 

 

Figure 6 – Representation of carbon cycle with carbon fluxes between the soil, atmosphere and the ocean. The red 
numbers represent anthropogenic contributions, the yellow numbers represent the natural fluxes and the white 
numbers represent the stored carbon. Units are in gigatons of C per year (Source: 
https://earthobservatory.nasa.gov/features/CarbonCycle - June 2011). 

 

2.2.1. Empirical C sequestration models 

The computational method for estimating SOC stock changes developed by the Intergovernmental 

Panel on Climate Change (IPCC) is one of the most popular empirical models. It estimates the projected 

net SOC stock changes over a 20-year period (default time period) as a one step process. This approach 

can either use default information on climate, soil type and land use/management (productivity and 

tillage) held by the IPCC or country specific data (when and if available) (FAO 2018). According to Milne 

et al. (2007) this model hasseveral limitations: 

a. The model uses a one step process, with one C stock for year 1 and an additional C stock for 

year 20, assuming a linear rate of change during the period; this assumption may be the source 

significant deviations in some types of environments (Berhongaray and Alvarez 2013). 
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b. In the default approach the main empirical factors are based on studies in North America and 

Europe which may result in bias outcomes (Milne et al. 2007). 

c. To maintain its simplicity,  this model was designed to use limited and aggregated data,  which 

would make it less suited for application at a sub-national scale (Milne et al. 2007). 

 

2.2.2. Soil process-based models 

This category includes the process-oriented, dynamic models which can predict and integrate multiple 

variables besides SOC, such as temperature or soil moisture, and simulate their effects on SOC 

dynamics. However, these models do not simulate more complex processes such as nutrients dynamics 

or biomass productivity which means that incoming C from animal and plant residues must be calculated 

considering other approaches (FAO 2018). 

Examples of these process-based models are YASSO (Liski et al. 2005), ICBM (Andrén and Kätterer 

1997), C-TOOL (Taghizadeh-Toosi et al. 2014) and RothC (Jensen et al. 1997). According to Campbell 

and Paustian (2015), RothC has been one of the most widely used models to simulate C dynamics in 

livestock systems including savannahs, shrublands and pastures. 

The process-based models are more complex than empirical models but they have relatively few data 

requirements, and the data are somewhat easy to obtain (eg. climate, soil and productivity data). 

Nonetheless, these models do not include simulations of plant productivity, soil water budgets, nutrients 

dynamics and plant interactions with climate variables or GHG emissions besides CO2, which may 

present some limitations when applied for specific purposes (FAO 2018). 

 

2.2.3. Ecosystem C sequestration models 

Out of the three model categories previously mentioned, the ecosystem C sequestration models are the 

most complex; they are process-oriented and dynamic models which are locally calibrated. These 

models can integrate sub-models to simulate above and belowground biomass productivity, carbon 

inputs, soil water and nutrients dynamics and their interactions (FAO 2018). 

Some examples of these types of models are EPIC (Beinroth et al. 1984), DAISY (Svendsen et al. 1995), 

CENTURY (Parton 1996), DNDC (Li 1996) and SOCRATES (Grace et al. 2006). 

These models have been tested using long-term data sets and they have been locally calibrated, usually 

demonstrating a good ability to predict SOC dynamics across a range of land use soil types and climatic 

regions. Nonetheless, these models require more advanced and specific data. This auxiliary data to 

calibrate and validate the models may be difficult, costly and time consuming to obtain (FAO 2018). 

These models would not be suited for SBPPRL because the amount of data on these pastures is still 

limited. 
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2.3. Pasture productivity estimation models 

Pasture productivity is a key variable for calculating the SOC dynamics in a farm system because it is 

an important factor in determining the C input into the soil. Therefore, its estimation is crucial for the 

assessment of C sequestration in the soil pool. 

There are several approaches to estimating pasture productivity: either direct measurements from field 

biomass cuttings or indirect approaches based on modelling results which estimate the amount of plant 

growth/productivity in a certain region, or the aboveground biomass (AGB) which can be used to 

estimate the productivity. 

Most modelling approaches based on remote sensing techniques usually rely on a vegetation index as 

an input variable. The most commonly used index for plant productivity estimations is the normalized 

difference vegetation index (NDVI). When solar radiation hits vegetation, the pigment present in plant 

leaves, chlorophyll, strongly absorbs visible light (with wavelengths between approx. 0.4 to 0.7 µm) for 

photosynthesis. However, the leaves strongly reflect wavelengths near infrared lighting (with 

wavelengths between approx. 0.7 to 1.1 µm). The NDVI is calculated through the normalized difference 

between the red and near infrared radiation that is represented in Equation (1). This index varies 

between -1 and 1. If this index is approaching to 1 it indicates high density of green leaves. If it is close 

to 0 it means there is no vegetation. Negative values are associated with the presence of water (NASA 

Earth Observatory 2000). 

 𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
 . (1) 

 

2.3.1. Net primary productivity estimation models 

Terrestrial net primary productivity (NPP) is defined as the time integral of the positive increments to 

plant biomass (Field et al. 1995). In other words, NPP is the difference between gross primary 

productivity (GPP), or photosynthesis, and the amount of carbon consumed in autotrophic respiration. 

NPP is an indicator of the rate of absorption of atmospheric carbon by land vegetation hence its 

importance in the global carbon cycle (Ruimy et al. 1999). 

NPP field measurements are tedious, expensive, time-consuming and labour-intensive and its results 

are not reliable on a regional or global scale hence the need to create and design computer-based 

models in combination with remote sensing to estimate NPP at larger scales (Nayak et al. 2010).  

For some time now several NPP estimation models have been used for different spatial and temporal 

scales. Some authors categorise the NPP estimation models based on different characteristics. For 

example, according to Donmez et al. (2013) they can be classified as: i) remote sensing based models 
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which collect data from distinct sensors as major inputs (e.g. CASA model (Potter et al. 1993), GLOPEM 

model (Prince and Goward 1995), TURC model (Ruimy et al. 1994)); ii) process-based models which 

use vegetation structure to simulate carbon fluxes (e.g. Biome BCG (Running and Hunt 1993), LPJ-

GUESS (Smith 2001)); iii) models that use both vegetation structure and carbon fluxes to subsequently 

simulate carbon (e.g. DOLY model (Woodward et al. 1995), HYBRID model (Kimmins et al. 1999)). 

The first global scale empirical terrestrial NPP estimation model was the 1973 Miami model (Lieth and 

Whittaker 1975) which describes the relationship between NPP and the annual average temperature (in 

ºC) and precipitation sum (in mm) where NPP increases with increasing temperature and precipitation 

(Grieser et al. 2006; Raza and Mahmood 2018; Zaks et al. 2007) Even though climate-based models 

such as the Miami model are conceptually simple they either usually lack rigorous theoretical basis of 

physiological ecology or only provide the potential NPP. Other process-based models such as the 

Biome-BGC model are based on the ecological and physiological processes of vegetation growth. 

However, they require a significant amount of input data which might be difficult to obtain (Pei et al. 

2018). 

Some production efficiency models (PEMs) were developed to monitor the primary production taking 

into account remote sensing data. Models such as CASA, GLOPEM, TURC are some examples of these 

models. The main theorical basis behind such models is the light use efficiency (LUE). These models 

assume a near linear relationship between the amount of radiation intercepted by vegetation and 

photosynthetic carbon uptake (Anderson et al. 2000). 

The Global Production Efficiency Model (GLOPEM) calculates NPP at a regional scale and at a 10-15 

days timestep and it is the only model designed to run with biological and environmental variables which 

derive only from satellites. Unlike CASA model which prescribes a default value for LUE, GLOPEM 

estimates this variable based on limited field observations (McCallum et al. 2009). However, there are 

limitations to this model especially in relation to the accuracy of satellite data and some parameters 

estimation. 

The Terrestrial Uptake and Release of Carbon (TURC) model is also a PEM, and similar to the CASA 

model, it runs in monthly timesteps. It computes NPP as the difference between gross primary 

productivity (GPP), which is the carbon uptake by vegetation, and autotrophic respiration (Ra) which is 

the carbon released by plant respiration (Lafont et al. 2002). Table 1 summarises the results of three 

PEMs when applied globally. 

Table 1 – Results of three global PEMs available from the literature (adapted from (McCallum et al. 2009)). 

Model Study period Timestep 
Cell 

size 

LUE 

(gC/MJ) 

NPP 

(PgC/yr) 
Reference 

CASA 1982-1998 Monthly 0.5º 0.39 48.0 (Field et al. 1995) 

GLOPEM 1981-2000 10 days 8 km 1.03 – 1.64 69.7 (Goetz et al. 2000) 

TURC 1998 Monthly 1º 1.10 64.0 (Lafont et al. 2002) 

 



12 

2.3.2. Aboveground biomass estimation models 

Aboveground biomass (AGB) in pasture systems is a significant indicator of vegetation activity. 

Examining differences in spatial distribution of AGB can contribute to a deeper understanding of the 

pastures’ responses to climate change (Liu et al. 2017). AGB is different from NPP because the first 

concept only measures the amount of existent biomass in a certain location and time instant whereas 

NPP refers to the growth of the biomass within a defined period of time.3 

Traditional in situ measurements of AGB by cutting and laboratory analysis are destructive and 

expensive (Liu et al. 2017) and also labour-intensive and time-consuming. Moreover, in grazing systems, 

AGB estimations require the use of cages with biomass measurements inside and outside in order to 

assess the amount of biomass ingested by the animals. Therefore, remote sensing data and derived 

models may serve as a great tool to estimate AGB and NPP in considerably large areas and over vast 

time periods. 

Regression models are simple statistic models which are based on the relationship between NDVI and 

AGB and they are widely used to estimate vegetation change (Liu et al. 2017). In some cases, other 

covariates may be introduced in the model to better illustrate the actual land/terrain conditions. 

There are several approaches to regression models in literature as the relationship between AGB and 

NDVI is not necessarily just of ‘one nature’. For example, Hogrefe et al. (2017) conducted a study in 

Arctic Alaska where they estimated the biomass based on a logarithmic relationship between the 

biomass and the NDVI with a correlation coefficient, r2, of approximately 0.62. On average, this model 

relating biomass and NDVI overestimated the observed biomass with overall higher absolute errors at 

higher NDVI values. Another study of biomass estimation for seasonal wetlands by Lumbierres et al. 

(2017) also predicted a logarithmic relationship between biomass and NDVI. However, they present 

several options as predictor variables such as the accumulated NDVI, maximum NDVI with fittings close 

to 0.63. 

Some authors have estimated the relationship between AGB and NDVI for grasslands, for example Liu 

et al. (2017). In their study, biomass is calculated for two scenarios (a) meadow grasslands and (b) 

steppe. For the first scenario, the linear regression model, with a R2 = 0.513, had a better fit than the 

exponential, logarithmic or power regression models. As for the second scenario, the model which fitted 

best was the power regression (with a R2 = 0.630). A curious fact is that the power of the NDVI was 

1.191 which is very close to 1. This implies a near linear relationship of AGB with NDVI.  

Xia et al. (2018) go a bit further and compare the performance of several models for the estimation of 

above and belowground biomass. They use the Random Forest model (RF) which is a machine learning 

technique for classification and regression. The central concept behind RF is the wisdom of crowds. The 

reason why RF perform well is because they are based on large number of relatively uncorrelated 

models (“trees”). They included some extra explanatory variables, such as temperature, precipitation, 

                                                      
3 In this study, AGB and standing biomass (SB) are considered the same concept. Pasture productivity, 
productivity or yield are also used to designate a single concept. 
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solar radiation, relative humidity, standardised precipitation–evapotranspiration index (SPEI) and NDVI. 

In their study they also estimated AGB according to the exponential NDVI-AGB relationship and 

compared with the RF model. The RF model presented the highest correlation with r2 = 0.76. 

In Spain, a study was conducted in forest land using a simple linear regression model and a multiple 

linear regression model. The independent variable was the NDVI and the stem volume (extra predictor 

considerer for the multiple regression model). Both approaches had very satisfying results with higher 

adjustments for the multiple linear regression model (R2 ≈ 0.95, compared to R2 ≈ 0.80 for the simple 

regression model) (González-Alonso et al. 2006). 
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3.  Materials and methods 

In this thesis, a total of four models were used, three of them to estimate the SB of each farm (CASA, 

non-linear regression model - NLRM and multiple linear regression model - MLRM), and one, BalSim, 

to predict the amount of C sequestration for each farm. The time period considered for this study was 

from September 2017 to August 2018. Figure 7 is a schematic representation of each models’ inputs, 

outputs as well as how they correlate with each other. In this case, CASA, NLRM and MLRM have the 

same input variables which are: normalized difference vegetation index (NDVI - unitless) from satellite 

imagery or from unmanned aerial vehicle (UAV), total solar radiation (SOL) in MJ/(m2·month), average 

monthly temperature (AT), in ºC, monthly accumulated real evapotranspiration (ET) in m/month and 

monthly accumulated potential evapotranspiration (PET) in m/month. The outputs of the three models 

correspond to the SB in kg/ha which allows for the calculation of the annual productivity in kg(ha·year) 

foreach parcel. The latter variable along with the other variables in Figure 7.b (and explained in greater 

detail in the following chapters) were subsequently used in the BalSim model to estimate the amount of 

carbon (C) sequestered in each farm in one year. 

The following sub-chapters focus on explaining the models, the study sites and the process of data 

acquisition. 

 

Figure 7 – Schematic representation of the models’ inputs, outputs and link between the two parts of the analysis. 

 

Thus the purpose of the models used in this thesis was (a) to predict the standing biomass (and then 

NPP) for each farm for the time frame considered through each model considered, and (b) to estimate 

the amount of CO2 captured for each farm according to the productivities from the model. 
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3.1. Study farms 

Of the three farms under study, two were located in Alentejo (Herdade da Mitra and Tapada dos 

Números) and one farm is near in Covilhã, in Beira Interior (Quinta da França) (Figure 9). 

Quinta da França is a property located in the district (Portuguese administrative division) of Castelo 

Branco. This farm covers around 500 ha spread over forest, farmland and pastures. For this thesis, the 

only parcels in this farm which were under study were Prado dos Eucaliptos, the “northern” parcel of 

Quinta da França (also referred to as B parcel) with an area of nearly 16 ha and Vinha Velha, the 

“southern” parcel (also referred to as A parcel), with approximately 9 ha. Tapada dos Números is located 

in the district of Portalegre and its main activities are farming, livestock production, hunting and forestry. 

The parcel under study in Tapada dos Números is about 27 ha. Herdade da Mitra, located in the district 

of Évora, has also two parcels included in the study: A parcel which is the “northern” parcel of the farm, 

which has almost 11 ha and B parcel, the “southern” parcel with around 8 ha. 

According to the climate classification in Rubel and Kottek (2010), the main climate of these regions is 

warm temperate with warm and dry summers. All these farms have SBPPRL and cattle grazing 

throughout the year. The sowing year for Prado dos Eucaliptos was 2010 whereas Vinha Velha was 

sown in 2005 and both parcels were fertilized in 2017. Tapada dos Números was sown in 2010 and 

Herdade da Mitra in 2011. 

 

 

  

Figure 8 – Close up of the study farms. From left to right: Quinta da França, Tapada dos Números and 
Herdade da Mitra. The yellow dots indicate the experimental plots. 
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Figure 9 – Location of the study farms in Portugal. Quinta da França 
(orange), Tapada dos Números (green) and Herdade da Mitra 
(blue). 
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3.1.1. Field measurements 

In each farm there were 24 experimental plots, distributed throughout the parcel under study (Figure 8). 

A plot, in this work, refers to a 30×30m square, with the requisite that the chosen areas were in open 

spots away from the influence of trees. Each plot is divided into 9 subplots of 10×10m to match the 

spatial resolution of the pixels of the Sentinel 2 level-2 images. In November 2017, in each farm, 8 

grazing exclusion cages of 1×1m were installed in 8 of the 24 plots. Their code names and geographical 

coordinates are listed in Table A.1. 

The field measurements were made based on biomass samples from a 20×20 or 30×30 cm quadrat. As 

mentioned previously, the species found in the SBPPRL are either (a) legumes, (b) grasses or (c) forbs 

but their distribution across the pastures and inside each cage may differ. The distribution and quantity 

of each group or individual species was outside the scope of this dissertation. In each plot that had a 

cage, two samples were collected, one sample from inside the cage and one from other outside the 

cage. Each sample was then sorted in the three groups (grasses, legumes or forbs) and sent to the lab 

where they were dried and weighted. The dates for the biomass field data collection in the plots that had 

cages are summarised in Table 2. In addition, in April biomass collection took also place in the 16 plots 

that did not have cages. 

 

Table 2 – Dates of the biomass cuttings and soil sampling for each farm. 

Quinta da França Tapada dos Números Herdade da Mitra 

07-08/01/2018 11-12/01/2018 04/01/2018 

24-25/02/2018 22/02/2018 16/02/2018 

16-19/04/2018 09-11/04/2018 02-06/04/2018 

17/05/2018 15/05/2018 14/05/2018 

 

Soil samples were also collected near the cage site to a depth of 20 cm and sent to the laboratory for 

further analysis. Amongst others, the soil was analysed for the soil organic matter content (SOM). This 

data was used to estimate the amount of carbon captured in each farm. 

 

3.1.2. Spectral data acquisition 

In order to calibrate the CASA model, the NDVI from satellite images from Sentinel 2 were used. To 

calculate this index, Sentinel 2 Level-2A images were downloaded only when the cloud cover 

percentage was less than 10%. Level-2A processing provides Level-2 products (bottom of the 

atmosphere, BOA, reflectance) from level 1-C products (top of the atmosphere, TOA, reflectance). This 

means that bands extracted from Level-2A have already been submitted to an atmospheric correction. 
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The bands extracted to calculate the NDVI are bands 4 (red) and 8 (NIR) and both have a 10m spatial 

resolution. 

The NDVI from the UAV flights was used in the CASA model and in both regression models. The spatial 

resolution of the UAV cameras was 2 cm. The bands of both sources had slightly different wavelengths 

which are described in Table 3. 

The dates for the Sentinel 2 and UAV NDVI images were not always coincident with each other and are 

summarised in Table 4. To calculate the NDVI a simple MATLAB script was created to read the files of 

each band and export the result in “tif” format. NDVI is calculated using Equation (1). 

Table 3 – Wavelengths of the Red and NIR bands for both satellite and UAV NDVI images. 

 
Red band wavelength 

(nm) 
NIR band wavelength 

(nm) 

Sentinel 2 – Level-2A 664.6 832.8 

UAV 660.0 850.0 

 

Table 4 – Satellite and UAV images dates used in this thesis for the three study farms. 

Quinta da França Tapada dos Números Herdade da Mitra 

Satellite UAV  Satellite  UAV  Satellite  UAV  

02/09/2017  22/09/2017  22/09/2017  

22/10/2017  12/10/2017  22/10/2017  

21/11/2017  21/11/2017 07/11/2017 21/11/2017 10/11/2017 

21/12/2017  21/12/2017  21/12/2017  

30/01/2018 08/01/2018 30/01/2018 12/01/2018 15/01/2018  

24/02/2018 23/02/2018 16/02/2018 22/02/2018 24/02/2018  

21/03/2018  26/03/2018  26/03/2018  

25/04/2018 17/04/2018 25/04/2018 16/04/2018 25/04/2018  

15/05/2018 22/05/2018 15/05/2018 17/05/2018 15/05/2018 15/05/2018 

19/06/2018  24/06/2018  24/06/2018  

29/07/2018  29/07/2018  29/07/2018  

28/08/2018  28/08/2018  23/08/2018  



19 

 

3.2. Unmanned aerial vehicle images processing 

This section describes the method of processing images from the UAV to construct an orthophotomap 

which will provide the NDVI values used in all of the models tested. An orthophotomap is a set of aerial 

photographs which have been orthorectified through a series of procedures so that the scale is uniform 

(Sinfic (Sistemas de Informação Geográfica e Cartografia) 2019). For that reason, it can be used as a 

map. The corrections are, essentially, to remove any distortions from the camera positions and the 

terrain’s topography. This orthorectification is described in the following chapters. 

The UAV flights were performed with two cameras: one of them capturing images in the red, green and 

blue (RGB) colour system and a near infrared (NIR) camera to capture images in a different wavelength. 

The first camera generates an orthophotomap in RGB whilst the second generates an orthophotomap 

in NIR. The NIR orthophotomaps were used to extract the values of the bands to calculate the NDVI. To 

calculate the NDVI inside the cages a procedure called vectorization was applied. This procedure 

consisted of creating a polygon whose edges coincide with the 1×1 m cages. This allowed for the 

calculation of the NDVI index specifically characterising the inside of the cage. 

The RGB orthophotomaps were used to develop an algorithm to extract the influence of objects in 

pastures such as trees, shadows, rocks or bare soil with a series of orthophotomaps throughout time. 

The second process, referred to as classification, has an overall accuracy of approximately 90%. The 

outcome was a shape file of each farm without the objects earlier defined and in which the total area 

was considered pasture (Vilar et al. 2020). This procedure allowed the removal of the trees, shadows, 

rocks, bare soil and other obstacles from the NDVI maps. 

Table 5 – Available UAV NDVI maps used in this study. “X” indicates availability, ‘-‘ indicates no availability. 

UAV NDVI 

In / out cages 
Farms November ‘17 January ‘18 February ‘18 April ‘18 May ‘18 

UAV NDVI 
inside the 

cages 

Quinta da 
Fança 

- X X X X 

Tapada dos 
Números 

- - X X X 

Herdade da 
Mitra 

- - - - X 

UAV NDVI 
outsider the 

cages 

Quinta da 
Fança 

- X X X X 

Tapada dos 
Números 

X X X X X 

Herdade da 
Mitra 

X - - - X 
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3.2.1. Python code 

Prior to the construction of the orthophotomaps, a python code was created to accelerate a process of 

pre-processing. The UAV flights automatically generate a .log file which contains all the information on 

the flight. Inside each .log (which is essentially a text file) the information of each aerial photograph can 

be found. The goal of this code is to select the information regarding only the aerial photographs creating 

a .csv file for each existing .log file. The .csv file was used in the succeeding procedure to create the 

orthophotomaps. The entire code can be found in Page b in the Attachments. 

 

3.2.2. Orthophotomap 

The digital images from the UAV flights were submitted to a series of procedures to generate an 

orthomosaic. From the NIR orthomosaic the NDVI was extracted which was then used to calibrate the 

CASA model. The two softwares used for this operation were Agisoft Photoscan Professional and QGIS. 

The first allows the generation of georeferenced orthomosaics, among others, from a sequence of 

overlapping images each one with its referencing information. In order to build an orthomosaic from the 

images from the UAV flights, the following steps were performed; 

Once a new project was opened it was saved with a specific name which identified the mission4, the 

type of camera (RGB or NIR) and the flights to be analysed and compressed into the orthophoto map. 

The following step was to add the photos; by either selecting Add photos command from the Workflow 

menu or by clicking Add photos icon in the Workspace pane toolbar. If the mission had more than one 

UAV flight, prior to adding the photos a chunk was added for each flight. For example, if the mission had 

three flights, three chunks were added and, in each chunk, the photos were uploaded. 

The next step, after uploading the photos, was the camera calibration. PhotoScan automatically 

estimated intrinsic camera parameters during the camera alignment and optimization stages. Both 

cameras used were precalibrated hence it was necessary to load the calibration data by clicking Camera 

Calibration in the Tools Menu. According to the camera, the corresponding file containing the calibration 

data was uploaded by clicking Load icon. To prevent the precalibrated values from being adjusted by 

PhotoScan one must check on Fix calibration flag. 

At this step, the position of the camera for each photograph was set by opening the Reference pane 

toolbar, clicking the Import button and selecting the character-separated file (*.csv) containing camera 

positions information. In Import CSV dialogue, the chosen coordinate system was ‘WGS 84 (EPSG: 

4326)’, the delimiter is either ‘Semicolon’ or ‘Comma’, depending on the structure of the input file and 

the data is imported starting at row 1. In the columns section, it was necessary to match the items of the 

                                                      
4 Mission is the designation for a UAV flight performed in a specific farm in a specific date and they 
chronologically organised. For example, QFR004 refers to a UAV flight in Quinta da França in 
08/01/2018 and QFR007 refers to UAV flight in Quinta da França in 23/02/2018. This is common to 
every farm. 
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software with the ones from the input file. As such, Latitude corresponds to ‘Lat’, Longitude to ‘Lng’, the 

Altitude to ‘GPS altitude’, Yaw, Pitch and Roll to ‘Yay, ‘Pitch’ and ‘Roll’, respectively, and Label to 

‘Filename’. Finally, check the Load orientation flag. If a new dialogue appears asking to create a new 

marker, select No to All. 

Align photos and build mesh: At this step, PhotoScan found matching points between overlapping 

photographs, estimated camera position for each one and built a sparse point point-cloud model. 

Selecting Batch Process command from the Workflow menu, in the Batch Process dialogue click on the 

Folder icon and select the file ‘Batch_Align_Mesh.xml’. This input file already possessed the information 

and the parameters to align the photos and build the mesh. In Applies to field select either the flight (if 

the project has only one) or the chunk otherwise. Check the Save project after each step flag. 

In the succeeding stage, the ground control points (GCPs) were added to optimize camera positions 

which resulted in better model referencing results. One can place markers and add its coordinates by 

clicking the Import button in the Reference pane toolbar and selecting the text file (*.txt) containing the 

GCPs name, coordinates and height. In Import CSV dialogue, the chosen coordinate system was ‘WGS 

84 (EPSG: 4326)’, the delimiter is usually ‘Tab’ and the data is imported starting at row 2. In the columns 

section, it was necessary to match the items of the software with the ones from the input file. As such, 

Latitude corresponded to ‘Latitude’, Longitude to ‘Longitude’, the Altitude to ‘altitude’, and Label to 

‘ident’. Finally, check the Load orientation flag. If a new dialogue appeared asking to create a new 

marker, select Yes to All. This step has undergone some changes over time. Initially, the GCP were pins 

placed in the field and its coordinates were calculated with a GPS device. However, the error was 

considerable and the orthomosaics were not correctly orthorectified. In consequence, an adjustment 

was made in which each farm has its GCPs which consist of specific points with known and precise 

geographic coordinates from Google Maps and recognizable in every flight (such as distinctive rocks, 

trees, pools). Since the markers were misplaced in the majority of the images, it is necessary to place 

them on top of its exact spot in every image they appear. 

The following step was to optimize the camera alignment in order to correct possible distortion and to 

achieve higher accuracy in calculating the camera’s internal and external parameters. Firstly, one must 

confirm the coordinate system is ‘WGS 84 (EPSG: 4326)’ by clicking the Settings button in the 

Reference pane and confirming it in the Reference settings dialogue. The values of the remaining 

parameters were already defined by default. After checking the reference settings, all photos must be 

unchecked by selecting every photo in the Reference pane, right-clicking on top of them and choosing 

‘Uncheck’ and all markers must be checked by selecting every marker in the Reference pane, right-

clicking on top of them and choosing ‘Check’. Following these steps, one must click on the Optimize 

icon on the Reference pane toolbar and once the Optimize Camera Alignment dialogue is open, select 

the camera parameters to be optimized. In this case, the parameters were selected by default. 

In order to generate a polygonal mesh model based on the dense point-cloud data, one must select 

Build Mesh command from the Workflow menu. In the General section of the Build Mesh dialogue, select 

‘Surface type: Height field’, ’Source Data: Sparse point-cloud‘ and ‘Face count: High (90 000)’. 
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The final step was to build and export the orthomosaic. To do so, one must select the Batch Process 

command in the Workflow menu, click on the Folder icon and select the file 

‘Batch_Build_and_export_orto.xml’. This input file already takes the information and the parameters to 

build and export the orthomosaic. In Applies to field select either the flight (if the project had only one) 

or the chunk otherwise. Check the Save project after each step flag. In Export orthomosaic operation, it 

was necessary to specify the output folder of the result by changing the Path field in the Settings section. 

The orthomosaics are exported in TIF format with no compression. 

It was also necessary to calibrate the photos reflectance. To do so, there was an official calibration board 

with 4 materials of different colours and whose reflectance values were known at a controlled light 

intensity, provided by the manufacturer. Knowing the mean values for each of the four materials, a 

calibration regression line was obtained and applied to both RGB and NIR orthophomaps. 

 

3.3. Overview of the CASA model 

The CASA model is used to estimate NPP (Pei et al. 2018) and it was initially defined by Potter et al. 

(1993) and later expanded by Field et al. (1995) as 

 𝑁𝑃𝑃(𝑥, 𝑡) = 𝐴𝑃𝐴𝑅(𝑥, 𝑡) 𝜀(𝑥, 𝑡), (2) 

where x represents a particular spatial location and t represents time. It is defined as the product of 

absorbed photosynthetically active radiation, APAR (MJ) by the light use efficiency, ε (g C MJ-1 PAR). 

NPP units are g C m-2 mo-1. 

 

3.3.1. Estimation of APAR 

According to Potter et al. (1993) APAR is defined as 

 𝐴𝑃𝐴𝑅(𝑥, 𝑡) = 𝐹𝑃𝐴𝑅(𝑥, 𝑡) 𝑆𝑂𝐿(𝑥, 𝑡) 0.5, (3) 

where FPAR is the fraction of the absorbed photosynthetically active radiation intercepted by green 

vegetation (MJ mo-1), SOL is the total solar radiation incident (MJ mo-1) in pixel x in month t and 0,5 

represents the approximate amount of incoming solar radiation which is in the PAR waveband (0.4 – 0.7 

µm) (McCree 1981; Potter et al. 1993). 

According to Potter et al. (1993) FPAR is defined by 

 𝐹𝑃𝐴𝑅(𝑥, 𝑡) = 𝑚𝑖𝑛 {
𝑆𝑅(𝑥,𝑡)

𝑆𝑅𝑚𝑎𝑥−𝑆𝑅𝑚𝑖𝑛
−

𝑆𝑅𝑚𝑖𝑛

𝑆𝑅𝑚𝑎𝑥−𝑆𝑅𝑚𝑖𝑛
, 0.95}, (4) 

where SR is the simple ratio and is calculated through 
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 𝑆𝑅(𝑥, 𝑡) =
1 + 𝑁𝐷𝑉𝐼(𝑥, 𝑡)

1 − 𝑁𝐷𝑉𝐼(𝑥, 𝑡)
, (5) 

FPAR and SR have a nearly linear relationship (Potter et al. 1993). SRmin is fixed at 1.08 for all cells and 

represents the SR for unvegetated land areas (Potter et al. 1993). The constant SRmax estimates the 

value at which downwelling solar radiation is intercepted by the vegetation, and it corrects for effects of 

canopy architecture and residual point-cloud contamination. SRmax values for each vegetation class can 

be found in Table 6. FPAR has an imposed upper limit of 0.95 to reflect a finite upper limit to the leaf 

area. 

3.3.2. Estimation of  

The variable ε (light use efficiency, in g C MJ-1 PAR). is affected by both temperature and soil moisture 

(Pei et al. 2018) and can be calculated as shown in equation (6): 

 𝜀(𝑥, 𝑡) = 𝑇𝜀1
(𝑥, 𝑡) 𝑇𝜀2

(𝑥, 𝑡) 𝑊𝜀(𝑥, 𝑡) 𝜀∗, (6) 

where 𝑇𝜀1
(𝑥, 𝑡)  and 𝑇𝜀2

(𝑥, 𝑡) are two temperature stress factors, 𝑊𝜀(𝑥, 𝑡) accounts for water stress factor 

and 𝜀∗ represents the best estimate for a global maximum light use efficiency. 

𝑇𝜀1
(𝑥, 𝑡) and 𝑇𝜀2

(𝑥, 𝑡) are calculated defined as 

 𝑇𝜀1
(𝑥) = 0.8 + 0.02 𝑇𝑜𝑝𝑡(𝑥) − 0.0005 (𝑇𝑜𝑝𝑡(𝑥))

2

, (7) 

 𝑇𝜀2
(𝑥) =

1.1814

(1 + 𝑒0.2 (𝑇𝑜𝑝𝑡(𝑥)−10−𝑇(𝑥,𝑡)))(1 + 𝑒0.3 (−𝑇𝑜𝑝𝑡(𝑥)−10+𝑇(𝑥,𝑡)))
 , (8) 

where 𝑇𝑜𝑝𝑡(𝑥) represents the optimum temperature for vegetation growth and is defined as the average 

air temperature in the month where NDVI reaches its maximum for the year (Potter et al. 1993). 𝑇𝑜𝑝𝑡 

may vary near 0ºC in the Artic to mid-thirties degrees Celsius in low latitude deserts, according to Potter 

et al. (1993). 𝑇(𝑥, 𝑡) is the monthly mean temperature of the pixel x and the month t. 
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Table 6 – SRmax values defined for each global vegetation class (adapted from Potter et al. (1993)). 

Class Description SRmax 

1 Broadleaf evergreen trees 4.14 

2 Broadleaf deciduous trees 6.17 

3 Broadleaf and needleleaf trees 6.17 

4 Needleleaf evergreen trees 5.43 

5 Needleleaf deciduous trees 5.43 

6 Broadleaf trees with groundcover 4.14 

7 Perennial grasslands 5.13 

8 Broadleaf shrubs with grasslands 5.13 

9 Broadleaf shrubs with bare soil 5.13 

10 Tundra 5.13 

11 Bare soil and desert 5.13 

12 Cultivation 5.13 

 

The two temperature stress factors are included in the model to capture two important aspects of plant 

growth regulated by temperature (Field et al. 1995). The first term, 𝑇𝜀1
 establishes limits to vegetation 

acclimation in extreme habitats and has a parabolic shape ranging from 0.8 when 𝑇𝑜𝑝𝑡(𝑥) = 0ºC, 

reaching its maximum of 1.0, when  𝑇𝑜𝑝𝑡(𝑥) = 20ºC and falling to 0.8 when 𝑇𝑜𝑝𝑡(𝑥) = 40ºC. For monthly 

mean temperatures of -10 ºC or lower, 𝑇𝜀1
 is considered zero (Field et al. 1995; Potter et al. 1993). The 

second term, 𝑇𝜀2
 replicates the concept of vegetation growth acclimatization at every study site, to the 

temperature (Potter et al. 1993). When 𝑇(𝑥, 𝑡) = 𝑇𝑜𝑝𝑡(𝑥), 𝑇𝜀2
≅ 1 and when 𝑇(𝑥, 𝑡) is either 10ºC above 

or 13ºC below 𝑇𝑜𝑝𝑡(𝑥) 𝑇𝜀2
≅ 0.5, which indicates this scalar has a greater impact on NPP estimation in 

locations with high seasonal temperature fluctuations (Field et al. 1995). 

The water stress factor, 𝑊𝜀, according to Potter et al. (1993), is calculated using 

 𝑊𝜀(𝑥, 𝑡) = 0.5 + 0.5
𝐸𝐸𝑇(𝑥, 𝑡)

𝑃𝐸𝑇(𝑥, 𝑡)
, (9) 

where 𝐸𝐸𝑇(𝑥, 𝑡) and 𝑃𝐸𝑇(𝑥, 𝑡) are estimated and potential evapotranspiration (mm), respectively. 

To compare the model results with the in situ biomass available data, two main scenarios were 

considered: (a) comparing the UAV NDVI from outside the cages (henceforth NDVI_UAV_out) with the 

in situ standing biomass measurements from outside the cages; since the study farms are pastures the 

model results do not reflect the actual amount of growth of the plants because of the ‘herding variable’. 

(b) taking the NDVI UAV from inside the cages (henceforth NDVI_UAV_in) and comparing with the in 

situ productivity, considering 



25 

 𝑁𝑃𝑃 𝐶𝐴𝑆𝐴𝑚𝑜𝑛𝑡ℎ 𝑖
𝑁𝐷𝑉𝐼 𝑑𝑟𝑜𝑛𝑒 𝑖𝑛 = 𝐼𝑛 𝑠𝑖𝑡𝑢 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 𝑚𝑜𝑛𝑡ℎ 𝑖

𝑐𝑎𝑔𝑒 𝑖𝑛
− 𝐼𝑛 𝑠𝑖𝑡𝑢 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 𝑚𝑜𝑛𝑡ℎ 𝑖−1)

𝑐𝑎𝑔𝑒 𝑜𝑢𝑡
 . (10) 

In order to optimize the model results, a step was implemented to test the models’ performance in light 

of the calibration. Firstly, the model was calibrated using the NDVI from the Sentinel-2 (level 2) images 

and subsequently it was tested with the NDVI obtained from the UAV flights (outside the cages). 

Secondly, the SRmax parameter was calibrated in order to understand if the initial value considered was 

suitable for the study areas and to which extent it would affect the model’s outcome. 

 

3.4. Additional data collection 

The CASA model requires some variables and scalars as input values which are described in Table 7 

along with its symbol, type, units and source. As for the type, if this scalar is an explicit output of the 

model, it is considered as type “output”. If it is calculated within the model as an intermediate calculation, 

it is defined as “Model”. If it is an input variable, it is defined as “Input”. Concerning the source, if the 

type is “Model” than the source is the CASA model itself because no other model was used in this paper. 

The value column is only applicable if the scalar has boundary values. 

Table 7 – Description of the main variables and scalars in the CASA model application, its symbol, units, value, 
type and sources. 

Symbol Description Model units Value Type Source 

NPP Net primary productivity g C m-2 mo-1 - Output CASA model 

APAR 
Absorbed photosynthetically 

active radiation 
MJ - Model CASA model 

 Light use efficiency g C MJ-1 PAR - Model CASA model 

PAR 
Photosynthetically active 

radiation 
MJ mo-1 - Model CASA model 

FPAR 
Fraction of photosynthetically 

active radiation 
MJ mo-1 - Model CASA model 

SOL Incoming solar radiation MJ mo-1 - Input SNIRH 

SR Simple ratio - - Model CASA model 

NDVI 
Normalised difference 

vegetation index 
- 0 - 1 Input ESA (Sentinel 2)5 

𝑇𝜀1
 Temperature stress factor 1 - 0.8 – 1 Model CASA model 

𝑇𝜀2
 Temperature stress factor 2 - 0 – 1 Model CASA model 

𝑊 Water stress factor - 0 – 1 Model CASA model 

∗ Maximum light use efficiency - 0.390 Input Potter et al. 1993 

                                                      
5 https://sentinel.esa.int/web/sentinel/missions/sentinel-2/data-products (accessed on March 2019)  
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 Table 8 (cont.) 

Symbol Description Model units Value Type Source 

𝑇𝑜𝑝𝑡 Optimum temperature ºC - Input SNIRH 

EET Estimated evapotranspiration m mo-1 - Input NASA (MODIS) 6 

PET Potential evapotranspiration m mo-1 - Input NASA (MODIS) 7 

 

The meteorological data used for the three biomass estimation models, average temperature and total 

solar radiation were obtained through the Portuguese database SNIRH (Sistema Nacional de 

Informação de Recursos Hídricos). SNIRH has several weather stations scattered throughout the 

country which measure several parameters including the two mentioned above. However, some of the 

stations were deactivated at some point in time, therefore meteorological data may not be available for 

some stations. Either two or three weather stations were used for each farm, depending on its location 

according to its proximity to the farm, and the availability of data for the time period considered in this 

study (Sep. 2017 – Aug. 2018). In Table 9 are describes the stations used to extract the values for the 

variables (temperature and radiation) for each farm along with its codes and coordinates. 

 

Table 9 – Description of the farms’ nearest meteorological stations, its codes and coordinates. 

GoP farm 
Meteorological 

station 
Code 

Coord. x 

(m) 

Coord. y 

(m) 
Lat (º) Long (º) 

Herdade da 
Mitra 

Albufeira do Alvito 24J/02F 219249 146172 38.28 -7.91 

Alcáçovas 23I/01C 198404 158137 38.39 -8.15 

Viana do Alentejo 24I/01C 211058 151269 38.33 -8.01 

Tapada dos 
Números 

Abrantes 17H/01C 202682 276218 39.45 -8.10 

Albufeira do Caia 19O/02F 285323 226895 39.01 -7.15 

Albufeira do 
Maranhão 

19J/04F 213827 227340 39.01 -7.97 

Quinta da 
França 

Barragem de 
Castelo Burgães 

08G/01C 179250 431546 40.85 -8.38 

Oliveira do Hospital 11J/02C 222656 376798 40.36 -7.87 

 

  

                                                      
6 https://doi.org/10.5067/MODIS/MOD16A2.006 (accessed on 28 November 2018) 
7 https://doi.org/10.5067/MODIS/MOD16A2.006 (accessed on 28 November 2018) 
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Figure 10 – Location of each meteorological station. The colour 
triangles represent the farms (Orange – Quinta da França; Green 
– Tapada dos Números; Blue – Herdade da Mitra). 
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To extract the EET and PET values for the time frame of this study, the Moderate-Resolution Imaging 

Spectroradiometer (MODIS), by NASA was used. The files downloaded from the NASA website were in 

.hdf format, consequently it was necessary to extract them into a readable format using ArcMap (from 

ArcGIS). 

For that, once all the files were downloaded from the NASA website, the ‘Ex                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                    

tract Subdataset’ was applied (in System Toolboxes  Data Management Tools  Raster  Raster 

Processing), which selects the subdataset(s) to be extracted and chooses the output filename and 

folder. Since there was a significant number of files to extract and this procedure would take a long time 

if made one at a time, the “Model Builder” (in Geoprocessing) was used. This command executes several 

operations or tools in an automatic cycle. Afterwards, it was necessary to intersect the raster of whatever 

variable was in study with the shape files of each farm to extract the values for each one of them in the 

time frame previously established. 

 

3.5. Regression models 

In this section the application of two simpler models are explained in greater detail: a non-linear 

regression model and a multiple linear regression model, which were both used as alternative models 

to estimate the standing biomass of each farm. 

The first approach consisted of calibrating the non-linear regression model (NLRM). However, since the 

exponential parameters in the non-linear models from literature were very close to 1 (which suggests 

an almost linear behaviour) a multiple linear regression model (MLRM) was also estimated. The values 

of the coefficients for the linear model served as initial values for the NLRM. Both regression models 

had the same inputs which are described in Table A.2 (Attachments) and consisted of 104 biomass field 

measures and UAV NDVI values from outside the cages. 

In both models, the influence of trees, shadows, bare soil and rocks was removed from the original NDVI 

maps from the UAV flights post-processing in order to obtain more accurate results concerning only 

pasture area. This improvement was made considering the pasture maps (with an accuracy of about 

80%) from the segmentation procedure earlier explained. 

3.5.1.  Training and testing 

In order to evaluate how generalizable both the MLRM and NLRM model are, i.e. how they can be 

expected to perform when applied to new cases (such as the entire parcels besides the sampled sites), 

two simple operations were performed that can be considered similar to training and testing of the 

models. For training the model, ten sets of 74 random points (approximately 71% of the total points) 

were randomly chosen to calibrate new regression models. The results were ten equations for each 

model each with a set of coefficient values. To test the models, each equation was applied to the 

remaining 30 points of each set (approximately 29% of the total points). The aim was to compute the 

errors for each of the ten random sets and calculate the average of each coefficient and compare it with 
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the correspondent coefficient of an aggregated model with all 104 original observations in order to test 

the applicability of each model to the entire parcel. After training and testing, both models were applied 

to the entire parcel in order to estimate the biomass of each farm. The NDVI maps available were 

correspondent to the following missions: 

- QFR004: 08/01/2018; QFR007: 23/02/2018; QFR008: 17/04/2018; QFR009: 22/05/2018 

- NUM001: 07/11/2017; NUM002: 12/01/2018; NUM003: 22/02/2018, NUM004: 16/04/2018; 

NUM005: 17/05/2018 

- MIT001: 10/11/2017; MIT005: 15/05/2018. 

The results presented correspond to those specific missions and dates. 

 

3.5.2. Non-linear regression model 

The non-linear regression model (NLRM) is a statistic model which expresses a non-linear relationship 

between a dependent variable, y, and one (or more) independent variable(s), xi. This model is widely 

used to estimate standing biomass and it is based on a simple non-linear relationship between SB (the 

dependent variable) and NDVI (the independent variable). In this paper, the predictor variables are 

NDVI, SOL, AT, ET and PET which were also input variables in the CASA model. 

The general model is represented by 

 𝑦𝑖 = �̂�0 + �̂�1 (𝑥𝑖1)�̂�2 + �̂�3𝑥𝑖2 + ⋯ + �̂�𝑝𝑥𝑖𝑝−1 + 𝜀𝑖, (11) 

 
𝑆𝐵(𝑥, 𝑡) = �̂�0 + �̂�1 (𝑁𝐷𝑉𝐼(𝑥, 𝑡))

�̂�2 
+ �̂�3 𝑆𝑂𝐿(𝑥, 𝑡) + �̂�4𝐴𝑣. 𝑇𝑒𝑚𝑝(𝑥, 𝑡)

+ �̂�5 𝐸𝑇(𝑥, 𝑡) + �̂�6 𝑃𝐸𝑇(𝑥, 𝑡), 
(12) 

where �̂�𝑝 are the estimated coefficients and �̂�0 is the constant term in the model and i = 1…n are the 

number of observations. The model inputs are in Table A.2 (Attachments). 

 

3.5.3. Multiple linear regression model 

In this work, a simpler multiple linear regression mode (MLRM) was additionally used as an alternative 

model to estimate the SB. A linear regression model describes the relationship between a dependent 

variable or response variable, y, and one or more independent variables or predictor variables, xi. If the 

model expresses the linear relationship between a dependent variable and one independent variable it 

is a simple linear regression model. If it expresses the linear relationship between one dependent 

variable and several predictor variables it is a multiple linear regression model (MathWorks 2019). This 

model estimates the SB, the dependent variable, through NDVI and other covariates which are the same 

inputs used in CASA model: NDVI, SOL, AT, ET and PET. The general model is represented by 
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 𝑦𝑖 = �̂�0 + �̂�1𝑥𝑖1 + �̂�2𝑥𝑖2 + ⋯ + �̂�𝑝𝑥𝑖𝑝 + 𝜀𝑖, (13) 

 
𝑆𝐵(𝑥, 𝑡) = �̂�0 + �̂�1 𝑁𝐷𝑉𝐼(𝑥, 𝑡) + �̂�2 𝑆𝑂𝐿(𝑥, 𝑡) + �̂�3 𝐴𝑣. 𝑇𝑒𝑚𝑝(𝑥, 𝑡)

+ �̂�4 𝐸𝑇(𝑥, 𝑡) + �̂�5 𝑃𝐸𝑇(𝑥, 𝑡), 
(14) 

where �̂�𝑝 are the estimated coefficients and �̂�0 is the constant term in the model and i = 1…n are the 

number of observations. The model applied in this work is the equation (14). To calculate the �̂�𝑝, the 

MATLAB function fitlm was used, which returns a linear regression model of the response variable y, fit 

to the predictor variables. The input data is a matrix (M×N) where each column corresponds to an input 

variable (NDVI, SOL, AT, ET, PET) and the response variable is an array (M×1) which contains the 

observed SB values (kg/ha).  

There were two scenarios considered for testing the model: (1) modelling the SB for all farms together 

and (2) modelling the SB for each farm individually. Inside each scenario, two different options were also 

tested: (a) the model equation with the �̂�0 coefficient and (b) the model equation without �̂�0. In scenario 

(1) the input data consisted of all data from all farms together. Therefore, the result was a single linear 

equation which best fit all farms. In scenario (2) a linear equation for each farm was calculated, which 

means the input data was only concerning the correspondent farm. 

 

3.5.4. Regression models application 

After the calibration, both regression models were applied to pixels classified as pastures in each farm. 

For this step, the NDVI maps of each entire parcel, obtained through the UAV images processing, was 

used in conjunction with the pastures classification, i.e. the classification mask was used to extract UAV 

only the NDVI from the pasture area. Then, each model was applied to this resulting NDVI pasture map 

with the other covariates values from the corresponding dates. 

Figure 11 to Figure 13 represent the pasture area of each parcel, which was the outcome of the 

classification process. These shapefiles were used together with the UAV NDVI maps to exclude non-

pasture areas from the analysis.  
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3.6. Carbon sequestration model 

BalSim is a model for pasture systems which integrates two interconnected mass balance models for 

carbon (C) and nitrogen (N) (Teixeira et al. 2019).The focus in this study is the C balance, therefore only 

that fraction of the model was considered, as shown in Figure 14. From the three main C pools, the 

focus of this study was the soil. Within the soil pool there is the organic “subpool” which takes as inputs 

C from root decomposition (due to belowground plant decomposition), C from litter decomposition (due 

to aboveground plant decomposition) and C from the decomposed livestock dung in the field and as 

outputs the C lost from soil erosion and the C lost to the atmosphere through mineralization of soil 

organic matter. These were the input and output variables considered in this study. Besides the soil pool, 

this model originally integrates two more pools, the plant pool and the livestock pool. The plant pool 

receives as input C from photosynthesis which contributes to both above and belowground biomass 

growth. As outputs for this pool, it is considered the loss of C to the atmosphere from litter decomposition, 

the loss of C to the soil due to root and litter decomposition and finally the C ingested by livestock 

grazing. The final pool is the livestock which receives C from livestock plant ingestion and also C 

ingested through supplemental feed. This pool releases C to the atmosphere in the form of CO2 and 

CH4 due to the animals’ respiration and enteric fermentation, respectively. It also releases C in the form 

of CO2 due to aerobic mineralization of urine and dung from animal excretion and in the form of CH4 

due to anaerobic mineralization of urine and dung from animal excretion. The final output of the livestock 

pool is the C loss to the soil due to C to the field through excretion of urine and dung. 

Figure 11 – Pasture area of Quinta da 
França, B parcel   (represented in 
orange) obtained from the 
classification algorithm. 

Figure 12 – Pasture area of 
Tapada dos Números 
(represented in green) obtained 
from the classification algorithm. 

Figure 13 – Pasture area of Herdade 
da Mitra (represented in blue) 
obtained from the classification 
algorithm. 
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According to Teixeira et al. (2018), the accumulation of organic C can be estimated through a series of 

equations. 

 
(

∆𝐶

∆𝑡
)

𝑠𝑜𝑖𝑙 𝑜𝑟𝑔
= 𝐶𝑟𝑜𝑜𝑡 𝑑𝑒𝑐𝑜𝑚𝑝 + 𝐶𝑙𝑖𝑡𝑡𝑒𝑟 𝑑𝑒𝑐𝑜𝑚𝑝 + 𝐶𝑑𝑢𝑛𝑔 𝑓𝑖𝑒𝑙𝑑 𝑑𝑒𝑐𝑜𝑚𝑝

− (𝐶𝑠𝑜𝑖𝑙 𝑒𝑟𝑜𝑠𝑖𝑜𝑛 + 𝐶𝑚𝑖𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛), 

(15) 

 𝑆𝑂𝐶𝑡 = 𝑆𝑂𝑀𝑡 × 0.58 × 𝜌 × 𝑠𝑑𝑒𝑝𝑡ℎ, (16) 

 𝐶𝑟𝑜𝑜𝑡 𝑑𝑒𝑐𝑜𝑚𝑝 = 𝑟𝑅:𝑆 × 𝑃 × 𝐶𝑏𝑒𝑙𝑜𝑤𝑔𝑟𝑜𝑢𝑛𝑑 , (17) 

 𝐶𝑙𝑖𝑡𝑡𝑒𝑟 𝑑𝑒𝑐𝑜𝑚𝑝 = 𝐿 × 𝑃 × 𝐶𝑎𝑏𝑜𝑣𝑒𝑔𝑟𝑜𝑢𝑛𝑑 , (18) 

 𝐶𝑑𝑢𝑛𝑔 𝑓𝑖𝑒𝑙𝑑 𝑑𝑒𝑐𝑜𝑚𝑝 = 𝐿𝐷 × 𝑆𝑅, (19) 

 𝐶𝑠𝑜𝑖𝑙 𝑒𝑟𝑜𝑠𝑖𝑜𝑛 = 𝐸𝑠𝑜𝑖𝑙 𝑒𝑟𝑜𝑠𝑖𝑜𝑛 × 𝑆𝑂𝑀 × 0.58, (20) 

 𝐶𝑚𝑖𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 = 𝑆𝑂𝐶𝑡 × 𝑢. (21) 

 

All the variables and parameters as well as their values and units are described in Table 10 and the 

values are derived from Teixeira et al. (2018). 

Figure 14 – Schematic C balance with fluxes and pools (adapted from Teixeira et 
al. (2018)). 
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Table 10 – Description of all variables and parameters used in the BalSim model. 

Variable or parameter Description Units 
Value 

(parameter) 

(
∆𝐶

∆𝑡
)

𝑠𝑜𝑖𝑙 𝑜𝑟𝑔
 Soil organic content balance Kg C/(ha·yr)  

SOM Soil organic matter Kg C/Kg soil  

- 
Percentage of C in organic 

matter 
% 58 

𝜌 Soil density g/cm3 1.34 

𝑠𝑑𝑒𝑝𝑡ℎ Soil depth cm 20 

𝐶𝑟𝑜𝑜𝑡 𝑑𝑒𝑐𝑜𝑚𝑝 
C in roots decomposing in the 

soil 
Kg C/(ha·yr) - 

𝑟𝑅:𝑆 Root to shoot ratio 
Kg DM below/Kg DM 

above 
0.98 

P Annual pasture productivity Kg biomass/(ha·yr) - 

𝐶𝑏𝑒𝑙𝑜𝑤𝑔𝑟𝑜𝑢𝑛𝑑 
C content in the belowground 

part of the plant 
Kg C/Kg DM 0.45 

L 
Litter fraction calculation 

parameter 
Kg litter/Kg DM 0.39 

𝐶𝑎𝑏𝑜𝑣𝑒𝑔𝑟𝑜𝑢𝑛𝑑 
C content in the aboveground 

part of the plant 
Kg C/Kg DM 0.45 

𝐶𝑑𝑢𝑛𝑔 𝑓𝑖𝑒𝑙𝑑 𝑑𝑒𝑐𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 

C from urine and dung deposited 

in the field and decomposes into 

the soil 

Kg C/(ha·yr) - 

𝐶𝑑𝑢𝑛𝑔 𝑓𝑖𝑒𝑙𝑑 𝑑𝑒𝑐𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 

C from urine and dung deposited 

in the field and decomposes into 

the soil 

Kg C/(ha·yr) - 

LD Livestock dung excreted t C/LU 1.53 

SR Stocking rate LU/ha - 

𝐶𝑠𝑜𝑖𝑙 𝑒𝑟𝑜𝑠𝑖𝑜𝑛 C lost by soil erosion Kg C/(ha·yr) - 

𝐸𝑠𝑜𝑖𝑙 𝑒𝑟𝑜𝑠𝑖𝑜𝑛 Soil lost by erosion t soil/(ha·yr) 1.030 

𝐶𝑚𝑖𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 
C lost as CO2 from organic 

matter decomposition 
Kg C/(ha·yr) - 

𝑆𝑂𝐶𝑡−1 Soil organic carbon in instant t-1 Kg C/(ha·yr) - 

u Mineralization rate % 7 

 

For the application of this model, some extra calculations were necessary and explained in the following 

sub-chapters. 
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The estimation of the stocking rates(SR) was made per parcel and based on annual field reports made 

by farmer supporting services from 2017/2018 of each parcel. The values calculated were, in LU/ha: 

SRQFR_B = 0.11, SRTAP.NUM = 0.42; SRMIT_A = SRMIT_B = 0.75. 

 

3.7. Estimation of annual productivity 

The annual productivity considering the regression model results (Pmodel) and the field data productivity 

(Pin_situ), which correspond to an input variable in the model, were calculated as an average for each 

parcel. Consequently, the following equations and procedures were applied to each parcel using an 

average of the plots (each parcel has 4 plots, except for Tapada dos Números, which has 8 plots). 

Starting with the Pin_situ (kg biomass/(ha·yr)): 

 𝑃𝑖𝑛_𝑠𝑖𝑡𝑢
𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑝𝑎𝑟𝑐𝑒𝑙

= 𝑆𝐵𝐽𝑎𝑛
𝑖𝑛 + (𝑆𝐵𝐹𝑒𝑏

𝑖𝑛 − 𝑆𝐵𝐽𝑎𝑛
𝑜𝑢𝑡) + (𝑆𝐵𝐴𝑝𝑟

𝑖𝑛 − 𝑆𝐵𝐹𝑒𝑏
𝑜𝑢𝑡) + (𝑆𝐵𝑀𝑎𝑦

𝑖𝑛 − 𝑆𝐵𝐴𝑝𝑟
𝑜𝑢𝑡), (22) 

where it was assumed that from the month of May onwards the growth was negligible. 

The following approach was followed to calculate the Pmodel: 

 𝑃𝑚𝑜𝑑𝑒𝑙
𝑎𝑣𝑒𝑟𝑎𝑔𝑒_𝑝𝑎𝑟𝑐𝑒𝑙

= 𝑆𝐵𝑎𝑣𝑒𝑟𝑎𝑔𝑒_𝑝𝑎𝑟𝑐𝑒𝑙 + 𝐺 (23) 

where SBaverage parcel is the average of the models’ results for each parcel (in Kg biomass/ha) and G is 

the amount of biomass grazed by cattle (in Kg biomass/ha). G was calculated only with field data: 

 𝐺𝑎𝑣𝑒𝑟𝑎𝑔𝑒_𝑝𝑎𝑟𝑐𝑒𝑙 = 𝑃𝑖𝑛_𝑠𝑖𝑡𝑢
𝑎𝑣𝑒𝑟𝑎𝑔𝑒_𝑝𝑎𝑟𝑐𝑒𝑙

− 𝑆𝐵𝑜𝑢𝑡
𝑎𝑣𝑒𝑟𝑎𝑔𝑒_𝑝𝑎𝑟𝑐𝑒𝑙

 (24) 

For both equations (23) and (24) it was assumed that (a) from the month of May onwards the growth 

was negligible; (b) the grazing was uniform in the entire parcel. Even though the regression models were 

applied to every pixel of each parcel, this C sequestration model was applied to each parcel with their 

average values because the input data available could not be applied to every singular pixel. This was 

due to the fact that multiple model parameters are only available as average estimates, such as the C 

lost due to organic matter mineralization (Cmineralization), which accounts for the highest C loss of the whole 

balance. This parameter was obtained from prior studies as a fraction of the SOM available, and in the 

absence of pixel-by-pixel SOM maps it was impossible to spatialize it. Another important variable that 

was impossible to spatialize within each parcel was the carbon input from dung and urine, Cdung field 

decomposition. For this variable to be spatialized one would need to have spatial patterns of dung deposition 

in the pasture. In the absence of that data, one needs to assume that the grazing was uniform throughout 

the entire parcel area. This assumption results in homogeneous Cdung field decomposition for the entire parcel.  



35 

4. Results and discussion 

This section presents the results that were produced using the methods described. This includes (i) data 

acquisition and processing; (ii) development of models for estimating pasture yield (application of the 

CASA model and the regression models), and (iii) estimation of carbon sequestration in the test farms 

using the BalSim model. Since the two parcels in Herdade da Mitra are contiguous and have very similar 

characteristics, most results presented in this work are for the ’pooled’ parcel and not for the individual 

parcels. The two parcels in Quinta da França are physically distant from each other and have distinct 

characteristics and therefore the results for the CASA model were calculated separately for each parcel. 

For the regression models there was no data available for A parcel in Quinta da França, and therefore 

only results for the B parcel will be presented. The results are accompanied with an analysis and 

followed by a discussion to summarise the main findings of this study. 

 

4.1. In situ biomass measurements 

The results of the biomass field measurements are summarised in Table 11 and showing the 

measurements outside and inside the cages as an average per parcel, in kg/ha.  

Table 11 –In situ biomass measurements from outside the cages - average per parcel, in kg/ha and standard 

deviation (SD) for each parcel, in kg/ha. 

 January 2018 February 2018 April 2018 May 2018 

 Out In Out In Out In Out In 

Quinta da França (A 
parcel) 

394 436 998 1616 1879 3384 2533 4148 

SD 210 237 260 497 251 919 766 1083 

Quinta da França (B 
parcel) 

255 288 625 899 1555 1782 3001 2798 

SD 132 78 388 349 371 674 868 700 

Tapada dos Números 654 671 1366 1553 2158 2268 4161 3909 

SD 317 295 342 589 590 732 1565 1191 

Herdade da Mitra (A 
parcel) 

547 813 998 1707 1879 2856 2533 5283 

SD 175 197 236 152 357 569 633 775 

Herdade da Mitra (B 
parcel) 

582 885 1297 1743 2218 3501 6497 5001 

SD 154 179 89 412 417 443 1096 975 
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4.2. Orthophotomaps 

Figure 15 to Figure 17 show examples of the images of the orthophotomaps in RGB and NIR for each 

parcel.  

Regarding the post-processing procedure and the UAV orthophotomaps, it is important to mention that 

this method is constant under development because new and improved techniques continue to emerge. 

Therefor the steps performed and explained in the previous chapter regarding this procedure underwent 

some improvements. Having said that, there were some difficulties throughout this process which may 

have influenced the results. The first one was the difficulty in distinguishing the GCPs from the biomass 

in months when the pastures were flowering, which were mainly April and May. This was equally difficult 

in RGB and NIR maps, and may have resulted in errors in orthorectification. If the orthophotomap has 

a deficient orthorectification, the scale may not be uniform throughout the entire map, thereby 

compromising the results. 

Another important aspect having to do with the orthophotomaps is the influence of trees, rocks, bare 

soil and other obstacles besides plant biomass which were mostly removed with the classification 

process (Figure 11 to Figure 13). This influenced the results, when yield estimations of the models were 

applied to the entire parcels, as shown further ahead in the thesis. Even though this technique did 

remove a significant amount of bare soil area, rocks, trees and shadows, it was not completely accurate, 

as this technique was based on a time series and in each mission (for the same farm) the conditions 

were not the same (the time of the day and year is different, therefore the trees have more or less leaves, 

the shadows are in different places and bare soil could be covered with biomass). Because of these 

changes throughout the year, which are captured by the orthophotomaps, the classification does not 

fully adjust to the maps. This is also reflected in the results of the regression models as demonstrated 

in section 4.4. 
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Figure 16 – Orthophotomaps of Tapada dos Números in RGB camera (left image) and in NIR camera (right image). 

Figure 15 – Orthophotomaps of the parcel B, Prado dos Eucaliptos (Quinta da França) in RGB camera (left image) 
and in NIR camera (right image). 
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4.3. CASA Model results 

4.3.1. CASA model results with NDVI from Sentinel-2 

There were several attempts to calibrate the CASA model. The first one consisted in running the model 

for every experimental plot (Figure 8). 

The first approach to calibrate the CASA model was using the NDVI from the satellite. Table A.3 (in the 

Attachments) presents all results for every plot per month. The results for the months of January, 

February, April and May 2018 (which coincide with the observed measurements) are shown in Figure 

18. 

Figure 17 – Orthophotomaps of Herdade da Mitra in RGB camera (left image) and in NIR camera (right image). 
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Table 12 – Correlation coefficient, R2, for the CASA model results with satellite NDVI without calibration isolated 
for each farm. 

Farm Correlation coefficient, R2 

Quinta da França 0.391 

Tapada dos Números 0.338 

Herdade da Mitra 0.411 

As observed from the previous figure, the model does not fit to the measured data so this approach to 

calibrate the model using satellite NDVI did not work as expected. In fact, the estimated SB is one order 

of magnitude lower than the measured SB. This might be due to the fact that the Sentinel-2 NDVI has a 

lower resolution and may contain more error in band reading because the sensors are at a long distance. 

Another factor contributing to the poor fit may be due to the time-lag between the satellite data and the 

field measurements. As observed from Table 2 and Table 4 the dates differ from each other, which may 

influence the results especially in months with accelerated vegetation growth (mainly March, April and 

May). 

The next step was to calibrate the parameter SRmax. Its initial value was 5.13, according to Table 6 

(originally in Potter et al. (1993)). Since the absolute values of the model’s output with calibration were 

Figure 18 – In situ standing biomass (kg/ha) vs. model predicted standing biomass 
(kg/ha) for all the farms without calibration. 
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very similar to the ones without calibration, only the correlation coefficients (R2) of both situations are 

presented in Table 13. 

Table 13 – Summary of CASA results for each farm with and without SRmax calibration. 

Parameter (-) Farm Correlation coefficient, R2 

SRmax = 5.13 (original value) 

Quinta da França 0.391 

Tapada dos Números 0.338 

Herdade da Mitra 0.411 

SRmax = 4.16 (callibrated value) 

Quinta da França 0.391 

Tapada dos Números 0.371 

Herdade da Mitra 0.411 

 

The strategy to calibrate the SRmax variable and improve the model’s results made little impact on the 

final results. The main reason why this variable was chosen to be improved was because its original 

value was calibrated for a number of very different ecosystems (Table 6). However, it had very little 

impact on the results and it was not possible to reach better adjustments because the lower and higher 

end values for this parameter were imposed by a literature review (Potter et al. 1993). For that reason, 

the calibration of that parameter was discarded henceforth, i.e. the value for SRmax considered for the 

UAV NDVI (both in and outside the cages) was the original, 5.13. 

An effort to calibrate the parameters 𝑇𝜀1 and 𝑇𝜀2 was also made. However, according to Potter et al. 

(1993), these variables have restrictions imposed by literature (0.8 ≤ 𝑇𝜀1≤ 1.0 and and 𝑇𝜀2 = 1 when 

T(x,t) = Topt(x) and 𝑇𝜀2 = 0.5 when 10 ºC ≤ T(x,t) - Topt(x) ≤ 13 ºC)). If the variables were to maintain these 

imposed lower and higher end values, the results would not change significantly. And though, according 

to Field et al. (1995), the hypothesis behind 𝑇𝜀1 and 𝑇𝜀2 has not yet been clearly tested, there are no 

theoretical bases to support new limits in order to perform this calibration. There is also a lack of in situ 

biomass measurements to properly calibrate these parameters. 

4.3.2. CASA model results with NDVI from UAV flights 

The next step was to test this model with the NDVI from the UAV flight from outside of the cages 

(hereafter referred to as NDVI_UAV_out). The SRmax considered was 5.13 since the calibration of this 

parameter did not significantly affect the results. The remaining variables (SOL, AT, ET and PET) were 

unchanged. The results for every farm are in Figure 19 and the correlation coefficients for the individual 

farms are in Table 14 
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Table 14 – Correlation coefficient, R2, for the CASA model results with UAV NDVI from outside the cages isolated 
for each farm. 

Farm Correlation coefficient, R2 

Quinta da França 0.720 

Tapada dos Números 0.741 

Herdade da Mitra 0.063 

 

The results obtained with the UAV NDVI were more satisfactory than the ones obtained from the satellite 

images. The R2 for this scenario was approximately 0.713 which indicates a good correlation between 

observed and predicted values (Figure 19). Isolating the results for each farm, indicates that Quinta da 

França and Tapada dos Números have similar R2. The results also show that the model has difficulty to 

adjust to higher biomass values since the biggest dispersion happens especially for the highest in situ 

biomass values. Herdade da Mitra has a practically null correlation, mainly due to the lack of points 

available for calibration (the mentioned farm had only eight points for both parcels). 
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Figure 19 – In situ biomass (kg/ha) vs. Model predicted biomass (kg/ha) for the three study 
farms with NDVI_UAV_out as the NDVI model input. 
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For every farm there is a pattern where there are two distinct “point-clouds of points” for lower and middle 

biomass values. In Herdade da Mitra this patter is not visible due to the lack of measurements available. 

These “point-clouds” correspond to the months of the NDVI_UAV_out. The “point-cloud” in the lower 

biomass values (approx. 0 to 100 kg/ha of predicted biomass) corresponds to the mid months of the 

agronomic year (i.e. January and February) when the NDVI is relatively low because there is not a lot 

of biomass and it is sparser. The “point-cloud” in the intermediate biomass values (approx. 150 to 300 

kg/ha of predicted biomass) corresponds to the late months of the agronomic year (i.e. April and May) 

when the NDVI is higher because the plants are grown and have a higher soil cover percentage. Since 

the NDVI is the only input that changes in each plot (the remaining input variables, SOL, AT, ET and 

PET are the same for the entire parcel in each month) and the predicted biomass results were very 

similar between plots this effect causes these “point-cloud” to appear in the graphics. These “point-

clouds” are less visible in the previous results from the satellite NDVI because the index values are not 

as similar between them as the UAV ones. 

Although the model seems to adjust well when using the UAV NDVI from outside the cages, the results 

are consistently one order of magnitude below the observed biomass. This trend was already noticeable 

in the previous results with Sentinel-2 NDVI. This is an indication of a systematic error. No errors in the 

script or in the input variables unit conversion were found which may indicate that model parameters 

would need to be calibrated. Again, it would be necessary to have more field data (in situ biomass 

measures and UAV NDVI data) available to perform this calibration. However, and for the same reasons 

previously explained, the following variables to be calibrated have restrictions imposed by literature and 

even if the variables were to maintain these imposed lower and higher end values, the results would not 

change significantly. Anew, there are no theoretical bases to support new limits in order to perform this 

calibration. There is also a lack of in situ biomass measurements to properly calibrate these parameters.  

Since the UAV NDVI from outside the cages had a good adjustment, a final step consisted on testing 

the CASA model using the UAV NDVI values correspondent to inside the cages. The results are in 

Figure 20 and in Table 15. 
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Table 15 – Correlation coefficient, R2, for the CASA model results with UAV NDVI from inside the cages isolated 
for each farm. 

Farm Correlation coefficient, R2 

Quinta da França 0.720 

Tapada dos Números 0.741 

Herdade da Mitra 0.063 

 

As observed, the results were not satisfactory since the R2 value of the correlation was even lower when 

compared to the previous NDVI_UAV_out results. 

This might have been caused by the fact that the CASA calibration with the NDVI_UAV_in had even less 

points than the NDVI from outside the cages (40 and 48, respectively). The NDVI_UAV_in was obtained 

through a procedure called vectorization. It consisted on identifying the cage area and creating a polygon 

in order to extract the NDVI from inside the cages only. This was a challenging process for two main 

reasons, the first being the difficulty in finding the cages boundaries. They were marked with beacon 

tape which was difficult to distinguish from plants when pastures were bloomy or when the images had 
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poorer quality. Thus in some missions, the vectorization of some cages was not possible which resulted 

in less NDVI_UAV_in values to work with. 

The second reason had to do with the biomass cuts inside the cages. Ideally, the UAV flights are 

performed before the biomass cuttings. However, that was not always the case. Some flights were 

performed after the biomass cuttings and this might come as an obstacle in the vectorization because 

the cuttings should be identified and eliminated in vectorization, however for some missions it was not 

possible to identify them in RGB or NIR camera. 

These factors may have compromised the results of the vegetation index inside the cages because its 

area is already rather small so any influence of bare soil might lower the index and since the models are 

highly dependent on NDVI to calculate the biomass, the results might be tampered. The biomass cutting 

effect does not have a significant impact in NDVI_UAV_out because the pasture area is much larger 

therefore small biomass cuttings does not affect the results outside the cages. 

The outcome and viability of the model is of extreme importance because it estimated the annual 

productivity of each farm which in return was used to estimate the amount of CO2 equivalent 

sequestration by the soil. Since these results were not viable, another strategy had to be implemented. 

It consisted on estimating the aboveground biomass using regression models. 

 

4.4. Regression models results 

This section presents the results of both the linear and non-linear regression models alongside each 

other for a better comparison.  

For the linear regression model several scenarios were tested to evaluate which one would adjust better 

to the existing field data. Scenario 1 consisted of calibrating the model to fit all the study farms 

simultaneously, while scenario 2 consisted of calibrating the models for each farm individually. For 

scenario 1 a total of 104 points were used to calibrate the model. For scenario 2, the number of points 

per farm were: (a) Quinta da França: 48 points (24 for A parcel A and 24 for B parcel), (b) Tapada dos 

Números: 48 points and (c) Herdade da Mitra: 8 points (4 for A parcel and 4 for B parcel). A summary of 

the results for both scenarios (with and without 𝛽0̂) as well as the correspondent correlation coefficients 

are shown in Table 16 and Table 17. 

The resulting biomass maps are represented in Figure 23 to Figure 47, and they are followed by the 

correspondent RGB orthophotomap when available to perform a qualitative analysis of the results. 
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Table 16 – Linear model results for scenario 1 (all farms, with and without 𝛽0̂) 

With / without 𝛽0̂ Model equation 
Correlation 

coefficient, r2 

With 𝛽0̂ 
SB(x,t) = - 2845 + 15504*NDVI(x,t) + 0.3521*SOL(x,t) + 

503*AT (x,t) + 19039*ET(x,t) – 51404*PET(x,t) 
0.769 

Without 𝛽0̂ 
SB(x,t) = 5486*NDVI(x,t) - 2.388*SOL(x,t) + 179*AT (x,t) + 

25789*ET(x,t) – 15800*PET(x,t) 
0.661 

 

Table 17 – Linear model results for scenario 2 (individual farms, with and without 𝛽0̂) 

Farm 
With / without 

𝛽0̂ 
Model equation 

Correlation 
coefficient, r2 

Quinta da 

França 

With 𝛽0̂ SB(x,t) = – 2817 + 11276*NDVI(x,t) + 11.0*SOL(x,t) 
+ 84.9*AT (x,t) – 14435*ET(x,t) – 18525*PET(x,t) 

0.898 

Without 𝛽0̂ 
SB(x,t) = 634*NDVI(x,t) + 0.1692*SOL(x,t) + 203*AT 

(x,t) – 12327*ET(x,t) – 4479*PET(x,t) 
0.731 

Tapada dos 

Números 

With 𝛽0̂ 
SB(x,t) = 3262 + 15454*NDVI(x,t) – 37.1*SOL(x,t) + 

115*AT (x,t) - 100963*ET(x,t) + 136236*PET(x,t) 
0.771 

Without 𝛽0̂ 
SB(x,t) = 12954*NDVI(x,t) – 14.9*SOL(x,t) + 319*AT 

(x,t) - 46969*ET(x,t) + 38092*PET(x,t) 
0.753 

Herdade da 

Mitra Without 𝛽0̂ 
SB(x,t) = 40304*NDVI(x,t) + 29.4*SOL(x,t) - 1439*AT 

(x,t) – 86845*ET(x,t) + 72202*PET(x,t) 
0.769 

 

For Herdade da Mitra, the 𝛽0̂ coeffiecient was zero when testing the model, therefore there is only one 

equation for this farm in the second scenario. 

The equations without 𝛽0̂ were discarded as the R2 were always lower as compared to the equations 

with this parameter. Comparing the equations with 𝛽0̂ when tested for all farms or for each farm 

individually, the R2 is equal or higher in the equations for the individual farm. Nonetheless, the equation 

chosen to model the SB was the equation for all farms with 𝛽0̂ not only because this equation was based 

on more estimation points then each equation from scenario 2, but also because it contained a broader 

spectrum of in situ biomass, i.e. it had very low and very high in situ biomass values which help 

calibrating the model for more extreme values. Figure 21 shows the linear model results applied to the 

104 measured points with the correspondent correlation coefficient, R2 and the identity function (in red), 

for reference purposes and to evaluate the model’s tendency to over or underestimate the SB. 

Once the model equation was chosen, the SB for all farms was estimated with the NDVI maps from the 

available missions mentioned in section 4.2. 
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As explained previously, the non-linear model results were estimated considering, as initial coefficients 

values, the ones obtained from the linear model. The resulting equation is: 

 
𝑆𝐵(𝑥, 𝑡) = −336 + 295328 ∗ 𝑁𝐷𝑉𝐼(𝑥, 𝑡)4,91 + 271 ∗ 𝑆𝑂𝐿(𝑥, 𝑡) + 124

∗ 𝐴𝑇(𝑥, 𝑡) − 5031 ∗ 𝐸𝑇(𝑥, 𝑡) − 5823 ∗ 𝑃𝐸𝑇(𝑥, 𝑡), 
(25) 

and the correspondent plot is in Figure 22. 

Figure 23 to Figure 47 are the linear and non-linear model results applied to the entire parcels for the 

specified missions. The colour scheme is the same for every map, ranging from dark purple for the lower 

values to dark green for the higher biomass values. The whitish patches which are visible especially in 

missions dating April or May are flowers which usually bloom around this time period. 

Since the removal of trees, shadows, bare soil, rocks and other obstacles was not completely effective, 

the outliers in both models were removed taking into account a 95% confidence interval (CI). Both 

models were submitted to a training and testing procedure to guarantee that they adjusted well to the 

entire parcel and not only the calibration points. This would also ensure that the coefficients were viable 

and could serve as potential initial values for the non-linear model which was the procedure followed in 

this thesis. The non-linear model was also submitted to the training and testing procedure with the same 

sets of random points as the previous model. The results of the correlation coefficient for this method 

are in Table 18. 

Table 18 – Correlation coefficient results from the training and testing procedure for both regression models. 

Case 
Linear model Non-linear model 

r2 training r2 test r2 training r2 test 

1 0.77 0.76 0.86 0.79 

2 0.84 0.70 0.87 0.68 

3 0.79 0.79 0.86 0.80 

4 0.75 0.82 0.88 0.71 

5 0.77 0.75 0.84 0.82 

6 0.81 0.58 0.86 0.72 

7 0.81 0.52 0.88 0.50 

8 0.79 0.68 0.82 0.84 

9 0.76 0.77 0.84 0.74 

10 0.74 0.86 0.86 0.85 

Average 0.78 0.72 0.86 0.75 

Standard deviation 0.03 0.10 0.02 0.10 
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Figure 21 – Linear model results (In situ SB vs predicted SB) in kg/ha. 

R
2
 = 0.847 

R
2
 = 0.769 

Figure 22 – Non-linear model results (In situ SB vs. predicted SB) in kg/ha. 
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Figure 23 – Linear model standing biomass prediction, in kg/ha, for January 
2018 in Quinta da França (B parcel). 

Figure 24 – Non-linear model standing biomass prediction, in kg/ha, for 
January 2018 in Quinta da França (B parcel). 

Linear model 

January 2018 

Non-linear model 

January 2018 
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Figure 25 – Linear model standing biomass prediction, in kg/ha, for February 
2018 in Quinta da França (B parcel). 

Figure 26 – Non-linear model standing biomass prediction, in kg/ha, , for 
February 2018 in Quinta da França (B parcel). 

Linear model 

February 2018 

Non-linear model 

February 2018 
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Figure 27 – Linear model standing biomass prediction, in kg/ha, for April 
2018 in Quinta da França (B parcel). 

Figure 28 – Non-linear model standing biomass prediction, in kg/ha, for April 
2018 in Quinta da França ( B parcel). 

Linear model 

April 2018 

Non-linear model 

April 2018 
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Figure 29 – Orthophotomap of Quinta da França (B parcel) in April 2018. 

April 2018 
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Figure 30 – Linear model standing biomass prediction, in kg/ha, for 
November 2017 in Tapada dos Números. 

Linear model 

November 2017 

Figure 31 – Non-linear model standing biomass prediction, in kg/ha, 
for November 2017 in Tapada dos Números. 

Non-linear model 

November 2017 
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Figure 32 – Orthophotomap of Tapada dos Números in November 2017. 

November 2017 
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Figure 34 – Non-linear model standing biomass prediction, in kg/ha, for 
January 2018 in Tapada dos Números. 

Figure 33 – Linear model standing biomass prediction, in kg/ha, for 
January 2018 in Tapada dos Números. 

Linear model 

January 2018 

Non-linear model 

January 2018 
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Figure 35 – Orthophotomap of Tapada dos Números in January 2018. 

January 2018 
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Figure 36 – Linear model standing biomass prediction, in 
kg/ha, for February 2018 in Tapada dos Números. 

Linear model 

February 2018 

Figure 37 – Non-linear model standing biomass prediction, in kg/ha, 
for February 2018 in Tapada dos Números. 

Non-linear model 

February 2018 
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Figure 38 – Linear model standing biomass prediction, in kg/ha, 
for April 2018 in Tapada dos Números. 

Linear model 

April 2018 

Figure 39 – Non-linear model standing biomass prediction, in kg/ha, for 
April 2018 in Tapada dos Números. 

Non-linear model 

April 2018 
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Figure 40 – Orthophotomap of Tapada dos Números in April 2018. 

April 2018 
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Figure 41 – Linear model standing biomass prediction, in kg/ha, for May 2018 
in Tapada dos Números. 

Figure 42 – Non-linear model standing biomass prediction, in kg/ha, for May 2018 
in Tapada dos Números. 

Linear model 

May 2018 

Non-linear model 

May 2018 
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Figure 44 – Non-linear model standing biomass prediction, in 
kg/ha, for November 2017 in Herdade da Mitra. 

Figure 43 – Linear model standing biomass prediction, in kg/ha, for 
November 2017 in Herdade da Mitra. 

Linear model 

November 2017 

Non-linear model 

November 2017 
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Figure 45 – Linear model standing biomass prediction, in kg/ha, for May 
2018 in Herdade da Mitra. 

Figure 46 – Non-linear model standing biomass prediction, in kg/ha, for 
May 2018 in Herdade da Mitra. 

Non-linear model 

May 2018 

Linear model 

May 2018 
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Figure 47 – Orthophotomap of Herdade da Mitra in May 2018. 

May 2018 
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The averages values for the standing biomass used in the two models for each mission and parcel are 

summarised in Table 19 These values were subsequently used to calculate the annual productivity, an 

input variable in the carbon sequestration model. Overall, the linear model results are higher than the 

non-linear model results and, in some cases, these values are more than double, which is quite 

significant. 

Table 19 – Standing biomass results for both regression models in an average per mission and an average per 
parcel. 

  Linear model Non-linear model 

Mission / 

farm 
Date 

Average SB 

per mission 

(kg/ha) 

Average SB 

per parcel 

(kg/ha) 

Average SB 

per mission 

(kg/ha) 

Average SB 

per parcel 

(kg/ha) 

QFR004 08/01/2018 934 

1496 

413 

1272 

QFR007 23/02/2018 809 537 

QFR008 17/04/2018 1994 1829 

QFR009 22/05/2018 2247 2311 

NUM001 07/11/2017 1410 

2214 

1444 

1590 

NUM002 12/01/2018 2236 1038 

NUM003 22/02/2018 1321 1161 

NUM004 16/04/2018 2294 2154 

NUM005 17/05/2018 3811 4885 

MIT001 10/11/2017 1464 

3076 

1429 

3292 

MIT005 15/05/2018 4688 5156 

 

Both regression models correlated well with the observed biomass, and performed well in the training 

and testing procedure, hence the decision of presenting both model results in this work. The overall 

tendency of both regression models was to overestimate the in situ standing biomass, up to 2000 kg/ha. 

However, from Figure 21 and Figure 22 it is clear that the linear model has a higher dispersion of results 

around the identity function (represented in red), and the linear model has higher biomass estimations 

as compared to the non-linear model. In addition, the linear model estimated some negative biomass 

values which were eliminated in the analysis as such values are not realistic. Similar as with the CASA 

model, both regression models do not adjust well to the higher biomass values (Figure 21 and Figure 

22). That might be because the majority of the calibration values are in lower ranges of the observations 
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and there are limited in situ biomass measurements with higher values. Therefore, the models perform 

better when estimating values between approx. 0 and 3000 kg/ha because the bulk of input biomass 

data was in that range. The poor adjustment to higher biomass values is slightly more evident in the 

linear model which may suggest that for higher NDVI values the relationship between NDVI ↔ biomass 

is no longer linear. 

To evaluate the performance of both models several approaches were taken in order to draw the 

maximum conclusions. The first one was to evaluate the adjustment through the correlation coefficient, 

R2, which indicated a higher value for the non-linear model (R2_linear = 0.769 and R2_non-linear = 

0.847). However, as both values are relatively high (and are similar to the best models found in the 

literature) the standing biomass maps for all available parcels and dates were evaluated. 

Visualising the SB maps and comparing them with the correspondent RGB orthophotomap, when 

available, is vital to perform a qualitative analysis and to develop a greater understanding of the pasture 

system. Even though the classification procedure was applied to all missions it is clear that the removal 

of trees and shadows still has room for improvement. When first applying the model with the NDVI maps 

for the pasture area only (i.e., after the removal of obstacles using the classification procedure results) 

the higher biomass values were mostly from tree canopy that had not been removed with classification. 

Therefore, the removal of the outliers considering a 95% confidence interval was applied. This removed 

a lot of the higher biomass values which were mainly tree canopies. However, it did not remove all high 

values completely which is noticeable when comparing a biomass map with RGB orthophotomap. 

Another important observation is the presence and influence of trees in the pastures. Trees are an 

important factor in montado ecosystems as they increase the productivity of the pastures and influence 

soil characteristics. However, to assess the productivity of the pastures, only the NDVI from the pasture 

is relevant (and not the tree canopy). Even though the influence of the majority of the trees was removed, 

the method applied here was unable to estimate biomass production underneath the tree canopy, as 

the understory covered by the canopy was removed when removing the trees. This is a limitation of both 

regression models and it is still difficult to surpass using remotely sensed data. The only option would 

be to perform UAV flights at different heights and take photographs at different angles. This would 

significantly difficult the data collection process, which would take longer to acquire the images and to 

post-process them. However, devices such as field spectrometers are able to capture the reflectance of 

the vegetation and could be effective solutions to measure the NDVI of the biomass immediately 

underneath the tree canopies. Proximity data could then estimate biomass results and increase the 

knowledge on these pastures and the influence of trees. 

Another important issue to address is the absolute difference in biomass values estimated by both 

models, as for some missions’ values are similar and for others they have a bigger difference. For all 

missions except NUM005 and MIT005 (both correspondent to the month of May) the linear model 

estimated higher SB values and this trend is reflected in the average SB values for each mission (Table 

19).  
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To have a better and more holistic understanding of the annual productivity values of the pasture and 

the differences between each parcel, it is interesting to compare the average amount of legumes present 

in each parcel (in %). In this case, only Tapada dos Números and Herdade da Mitra would be 

comparable due to its geographic proximity and somewhat similar weather and topographic conditions, 

since they are both located in Alentejo. Tapada dos Números has around 8.7% legumes and Herdade 

da Mitra around 19.2% (Quinta da França (parcel B) has around 19.9%). Legumes are an important 

group of plants because they increase nitrogen (N) sequestration through nodules located in the roots 

(sub-soil system), which may translate into enhanced growth and, ultimately, in a higher productivity. In 

this study, Herdade da Mitra has almost the double percentage of legumes and it also translates into 

nearly the double productivity when compared to Tapada dos Números. This trend is reflected in both 

regression models (Table 19). 

Both regression models had very satisfactory results, and therefore both of them were used to estimate 

the annual productivity of each farm which in return was used to estimate the amount of CO2 equivalent 

sequestration by the soil. 

 

4.5. Carbon sequestration model results 

This chapter features the BalSim model results considering the annual productivity of both the 

regressions models, using the average values for the entire parcel. The values for the input variables in 

the BalSim model are summarised in Table 20 . These values the average values considered in this 

study per parcel. The annual grazed biomass, annual productivity of both models and the carbon 

sequestration results are in Table 21. Since there were no biomass maps for parcel A, Quinta da França, 

there are no estimations of carbon sequestration for this parcel. 

The results of the application of the BalSim model are summarised in Table 22. They represent the 

increase in soil carbon in the study conditions. The units are in kgC/(ha·yr) and kgCO2e/(ha·yr), the latter 

obtained through conversion of C into equivalent units of carbon dioxide. 

  



66 

Table 20 – Average values per parcel of each input and output variable concerning the C balance of the BalSim 
model. 

 
SOM2018  

(
𝑘𝑔 𝑀𝑂

𝑘𝑔 𝑠𝑜𝑖𝑙
) 

SOC2018  

(
𝑘𝑔 𝐶

ℎ𝑎 · 𝑦𝑟
) 

Croot  

(
𝑘𝑔 𝐶

ℎ𝑎 · 𝑦𝑟
) 

Clitter  

(
𝑘𝑔 𝐶

ℎ𝑎 · 𝑦𝑟
) 

Cdung  

(
𝑘𝑔 𝐶

ℎ𝑎 · 𝑦𝑟
) 

Cerosion  

(
𝑘𝑔 𝐶

ℎ𝑎 · 𝑦𝑟
) 

Cmineral  

(
𝑘𝑔 𝐶

ℎ𝑎 · 𝑦𝑟
) 

Quinta da 
França (B 

parcel) 
0.02 31205 1548 616 165 12.0 2184 

Tapada dos 
Números 

0.02 24318 1739 692 649 9.3 1702 

Herdade da 
Mitra (A 
parcel) 

0.02 28198 3092 1230 1148 10.8 1974 

Herdade da 
Mitra (B 
parcel) 

0.02 28944 3076 1224 1148 11.1 2026 

 

 

Table 21 –Annual grazed biomass and annual productivity (average per parcel) predicted for the linear and non-
linear model and calculated through in situ biomass measurements (in kg biomass/(ha·yr)). 

 

G  

(
𝑘𝑔 𝑏𝑖𝑜𝑚𝑎𝑠𝑠

ℎ𝑎 · 𝑦𝑒𝑎𝑟
) 

PIn situ  

(
𝑘𝑔 𝑏𝑖𝑜𝑚𝑎𝑠𝑠

ℎ𝑎 · 𝑦𝑒𝑎𝑟
) 

Plinear  

(
𝑘𝑔 𝑏𝑖𝑜𝑚𝑎𝑠𝑠

ℎ𝑎 · 𝑦𝑒𝑎𝑟
) 

Pnon-linear 

(
𝑘𝑔 𝑏𝑖𝑜𝑚𝑎𝑠𝑠

ℎ𝑎 · 𝑦𝑒𝑎𝑟
) 

Quinta da França 
(B parcel) 

2015 3366 3511 3287 

Tapada dos 
Números 

1730 3896 3944 3866 

Herdade da Mitra 
(A parcel) 

3935 6218 7011 7227 

Herdade da Mitra 
(B parcel) 

3899 6645 6975 7191 
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Table 22 – Potential soil organic carbon increase between 2018 and 2019 (average per parcel) in kgC/(ha·yr) and 
in tCO2/(ha·yr). 

 Linear model Non-linear model 

 (
𝒌𝒈𝑪

𝒉𝒂 · 𝒚𝒓
) (

𝒕𝑪𝑶𝟐𝒆

𝒉𝒂 · 𝒚𝒓
) (

𝒌𝒈𝑪

𝒉𝒂 · 𝒚𝒓
) (

𝒕𝑪𝑶𝟐𝒆

𝒉𝒂 · 𝒚𝒓
) 

Quinta da França 

(parcel B) 
133 0.5 -4.5 -0.02 

Tapada dos 

Números 
1369 5.0 1321 4.8 

Herdade da Mitra 

(parcel A) 
3485 12.8 3618 13.3 

Herdade da Mitra 

(parcel B) 
3411 12.5 3544 13.0 

 

From these tables it can be concluded that the parcels with higher productivity are also the ones that 

have higher carbon sequestration. This observation is consistent for each model. 

The results obtained from the BalSim model can be compared to the ones in literature because this 

model was tested for farms with similar conditions. For sown biodiverse pastures (SBPPRL) the soil 

organic pool accumulated around 2339 kgC/ha per year Our study was performed in three farms, 

however the average values for Herdade da Mitra and Tapada dos Números are in the range of the 

literature value. 

For Quinta da França (B parcel) the potential amount of C accumulated in the soil was 133 kgC/(ha·yr) 

= 0.49 tCO2e/(ha·yr) for the linear model and -4.47 kgC/(ha·yr) = -0.016 tCO2e/(ha·yr). Since the 

productivity was significantly lower in the non-linear model results the potential amount of C sequestered 

by the soil when using this model would be lower as well. Tapada dos Números accumulated around 

1369 kgC/(ha·yr) = 5.02 tCO2e/(ha·yr) according to the linear model and 1321 kgC/(ha·yr) = 4.84 

tCO2e/(ha·yr) with the results from the non-linear model. Herdade da Mitra was had the highest potential 

amount of soil organic C accumulated, with an average for the two parcels of 3448 kgC/(ha·yr) = 12.65 

tCO2e/(ha·yr) with the linear model and an average of 3581 kgC/(ha·yr) = 13.13 tCO2e/(ha·yr) for the 

non-linear model. The major outflows for all farms were the mineralization of SOM and the main 

contributor to inflow of C into the soil for all farms was the C from root decomposition. Nevertheless, the 

potential C sequestration estimated for Herdade da Mitra is significantly higher than predicted by prior 

models for SBPPRL sown 7 years prior (which should already be lower than the 6.5 tCO2e/(ha·yr). These 

numbers would require therefore more field validation. 

Quinta da França had the lowest C sequestration estimation which may be due to the highest 

percentage of SOM, as observed from Table 20. High SOM translates into high carbon loss from 

mineralisation, which represents the most significant loss of C from the soil. 
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The difference in potential C sequestration estimation between Tapada dos Números and Herdade da 

Mitra may also be explained due to the difference in productivity, as Herdade da Mitra had an estimated 

annual productivity of nearly the double of Tapada dos Números. Since the carbon loss from 

mineralisation is approximately the same for both farms, the amount of C sequestered by the soil would 

be higher in the farm with the highest productivity (and therefore highest C input into the soil). 

According to Noy-Meir (1993) the overgrazing of rangelands can have negative impacts in the 

ecosystems and may affect plant growth, the low productivity of Quinta da França (B parcel) may be 

due to harsher weather conditions in the year studied, soil properties and also overgrazing. When 

analysing Table 21 

 

Table 21 the amount of grazed biomass is significantly higher in Quinta da França when compared to 

Tapada dos Números but the productivity in Tapada dos Números is also significantly higher than Quinta 

da França.  

Two important remarks about this part of the study are: 

a. some variables such as Cdung field decomposition and Cmineralization were, as mentioned in the methods 

chapter, calculated as average values for the entire parcel. Both variables had a significant 

weight as input and output variables, respectively, in the soil C balance estimation. However, 

both of these values vary significantly according to the terrain morphology and slope, soil 

moisture, microbial activity and other parameters which were not considered in this study as 

well as the animals’ distribution across the parcel which and the stocking rate which were 

considered homogeneous throughout the parcels. This is a strong limitation for the results 

obtained as the result of application of BalSim. 

b. There are no field measurements available yet, at the time of production of this thesis, for the 

year 2018/2019 to assess the BalSim models results for this study. 
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5. Conclusions and future work 

CASA is a process-based model which is widely used to estimate NPP at a global or local scale with a 

monthly time frame (Pei et al. 2018). This model was chosen due to its relatively simple calculations and 

limited data required. Overall, this model was not applicable to the SBPPRL case. Although CASA has 

been widely used for estimating NPP worldwide, the majority of the studies are performed in forest 

ecosystems and not in pastures. The latter have the influence of cattle and grazing which is not 

accounted for in CASA and may affect the results. A process-based model may also reduce the 

application scenarios since this model was not calibrated specifically for pastures consequently it may 

need some extra calibration steps in order to properly adjust the model to these pastures’ conditions. 

However, the lower and upper bounds for most parameters are very similar and variations within those 

short intervals would not change results significantly. Moreover, the constant values which could also 

be calibrated were calculated based on field data (in the original model). Therefore, to calibrate those 

constant values to these pastures, more time and research should be invested in order to properly 

calibrate other parameters and test their influence on the models results. However, this would entail 

more biomass field measurements and more UAV NDVI values, which are expensive, labour-intensive 

and time consuming techniques (Catchpole and Wheeler 1992), as the model was not designed to deal 

with limited data availability. 

This model also included a soil moister sub-model to estimate the real and potential evapotranspiration. 

In this study, however, these variables were not calculated through this sub-model. Instead, they were 

collected from NASAs database (MODIS). This can introduce more error into the model and also affect 

its results. 

NDVI was an important variable for estimating pasture biomass. However, it does not capture the height 

of the plants’ stem, since it is a 2D index. This may cause a saturation effect of this index, especially in 

months were the biomass is particularly green and dense. Hence, the importance of the covariates to 

express the vegetation growth which the NDVI is unable to reflect. 

Some variables such as the total solar radiation and average temperature were acquired from SNIRH 

(a Portuguese database) whereas the real and potential evapotranspiration were obtained from NASA. 

This disparity of data sources could also introduce some errors into the model. This observation is valid 

for all models studied in this paper as they served as input variables for them. 

The representativeness of the biomass field measurements and of the covariates used in this studied 

(SOL, AT, ET and PET) must also be to take into account. The input data had different scales (spatial 

resolutions) and may not represent the status or conditions of the entire pasture and may also conceal 

some heterogeneity in these pastures (Baret et al. 2013) 

Concerning the regression models, which are simple statistic models, they seem to adjust fairly well to 

the field measurements which corroborates the earlier statement on the extension of application of 

process-based models. Even though the non-linear model has greater literature support, as most studies 
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rely on non-linear regression models to estimate AGB, both models had very significant adjustments to 

the measured data and one of the reasons might be because the literature non-linear models have a 

power of approximately one which resembles a linear model. 

A limitation of these types of models is the lack of adaptability to other areas or land uses since the 

parameters were calibrated for these specific conditions. For this reason, in this thesis we used cross-

validation through 10 randomly selected sub-sets of training and test data, in order to ensure that, at 

minimum, the models could be applied for other areas within the same farm. 

Future developments to these models would be essentially more field data to improve its calibration and 

testing the application of these models to other time periods to assess the results viability. Some weather 

and topological variables may influence the low productivity of the farm such as harsher weather 

conditions (higher humidity and precipitation, lower temperatures) and irregular slopes and terrain 

morphology. These covariates also play a significant role in plant development, however they were not 

considered in this study. Their omission may also influence the results. 

Overall, the estimation of pasture productivity via remote sensing is a promising technique with 

considerable advantages for farmers and decision makers because it would reduce the time, resources 

and economical resources to spend on expensive, time consuming and labour-intensive in loco 

techniques. These results provide relevant information on the overall performance of the pastures. 

Better and more cost-effective livestock grazing and fertilization management could be achieved. 

However, future experimental designs must take into account the difficulties found in this work during 

post-processing and analysis, namely the matching of GCP which can be time consuming and difficult 

and the vectorization process which, in this case, was particularly challenging due to the existence of 

biomass cuttings in some orthomosaics. 

The BalSim model which was specifically designed for SBPPRL and to analyse scenarios with limited 

data availability (Teixeira et al. 2019) was tested for these three study farms in order to estimate the 

amount of carbon sequestered by the soil taking into account the estimated annual productivity from the 

models. Even though in this study the BalSim model is only partially applied because only the soil pool 

mass-balance was used (out of soil, plants and livestock emissions), this approach enabled the 

estimation of the potential capacity of SBPPRL to sequester (or not) C. Quinta da França was the farm 

with the lowest productivities and lowest C sequestration values of all study farms and for the non-linear 

model productivity is was shown to be a net emitter of CO2e/(ha·yr). The remaining farms had higher 

estimations and both were C-capturing systems, according to both regression models results. 

The soil accumulation of organic C results in removal of CO2 from the atmosphere (possible reduction 

of greenhouse gases), in a higher soil water retention and therefore less soil erosion and more an 

increased hydraulic regulation which will later reflect in higher productivity pastures. This translates in 

improving ecosystem services (Bengtsson et al. 2019). Having said that, the results of this study cannot 

provide full information on C balance because the plant and livestock pulls were not fully considered. 

Pastures and livestock raising for food and textile production are a relevant sector in Portugal 

consequently the performance of these ecosystems is of substantial importance for farmers and decision 
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makers. These results may serve as management tools because they provide factual and simple results 

with somewhat simple interpretation, which is an important point when dealing with farmers and decision 

makers. 

Overall, this work was an initial contribution to start the application of new methods and technologies for 

environmental monitoring of SBPPR. It contributed towards a better understanding and study of the 

three study farms and how different variables and conditions may affect farms which have similar pasture 

systems. Having said that, there are several aspects that can be improved and lead to more promising 

and accurate results, such as: (a) calibrating CASA with more field data (biomass and NDVI) and try to 

calibrate other parameters to meet the conditions of these ecosystems; (b) trying to include the moisture 

sub-model and standardise the data acquisition sources to introduce less error (this is valid for both 

CASA and regression models); (c) improving the segmentation techniques with more accurate results; 

(d) applying the regression model to different years to improve its calibration; (e) applying the BalSim to 

every pixel, i.e., with higher resolution and also to all pools and estimate the C balance considering all 

pools and not only the soil pool in order to obtain the full C balance for each farm. 

In conclusion, the main points to redraw from this study are: 

a. The accuracy of image processing in remote sensing is of extreme importance because its 

results (in this case, the RGB and NIR orthophotomaps) influence the estimation of pasture yield 

since the biomass is strongly dependent on the NDVI in these models. It is particularly important 

to synchronize as much as possible the multiple steps of field campaigns (biomass cutting, UAV 

flights) and, if possible in the future, synchronize those with satellite dates if this ever becomes 

possible. 

b. The CASA model was not applicable to the SBPPRL case because the majority of studies were 

performed in forest ecosystems or in pastures of drastically different characteristics – particularly 

semi-natural, ungrazed grassland. Improved grazed pastures have the influence of cattle and 

grazing which is not accounted for in CASA and may affect the results. 

c. Simple regression models, however, adequately fit not only to the in situ biomass measurements 

but also to the parcel as a whole, corroborated by the training and testing results which is also 

supported by the results found in literature. This indicates that these simple models function well 

despite data limitations for establishing an appropriate set of covariates. This is a promising 

result, as statistical models can also be simple and yet effective solutions for estimating the 

yields of these pastures. 

d. The BalSim model results showed that there are large variations in potential C sequestration 

between farms within a same year. The use of average sequestration factors for SBPPRL in any 

farm may hide deep variability due to spatial location, management, etc. Results also showed 

the win-win nature of the system, as lower-yield pastures were also the ones that had lower C 

sequestration values. This is especially important to evaluate the pastures environmental 

performance and apply the necessary measures to improve their quality (e.g., fertilization 

method). 
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e. Remote sensing data has many promising applications for environmental monitoring. Some 

techniques which include measuring some soil parameters (such as electrical conductivity) are 

used to predict the productivity of the pasture. However, with remote sensing techniques and 

the models used in this study, the results reflect the biomass and productivity in a specific period 

of time, i.e., at the time when the input data was collected. With these techniques available at 

an affordable cost, in the future, less field data may be required, which can help drive down 

costs. At the same time, a better and deeper understanding of these pastures conditions (mainly 

pasture yield and C sequestration capability) can be monitored over time. 
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a 

Attachments 

Table A.1 – GoP cages’ name and geographical coordinates. 

Cage ID Latitude (º) Longitude (º) 

MIT_cage_A02 38.53656 -7.99942 

MIT_cage_A03 38.53619 -7.99771 

MIT_cage_A06 38.53837 -8.00020 

MIT_cage_A09 38.53694 -8.00183 

MIT_cage_B01 38.53448 -7.99807 

MIT_cage_B04 38.53545 -7.99667 

MIT_cage_B08 38.53313 -7.99957 

MIT_cage_B11 38.53198 -8.00098 

QFR_cage_A01 40.27354 -7.42066 

QFR_cage_A02 40.27360 -7.41808 

QFR_cage_A03 40.27263 -7.42010 

QFR_cage_A04 40.27288 -7.41809 

QFR_cage_B01 40.27560 -7.42603 

QFR_cage_B02 40.27709 -7.42317 

QFR_cage_B03 40.27854 -7.42361 

QFR_cage_B07 40.28183 -7.42094 

TAP_cage_01 39.15484 -7.53278 

TAP_cage_06 39.15799 -7.53190 

TAP_cage_07 39.15674 -7.53285 

TAP_cage_15 39.15250 -7.52918 

TAP_cage_18 39.15608 -7.53067 

TAP_cage_19 39.15302 -7.53131 

TAP_cage_21 39.15186 -7.53168 

TAP_cage_25 39.15050 -7.53067 

 

  



b 

Python code 

 

import numpy as np 

import pandas as pd 

 

#import matplotlib.pyplot as plt 

 

def cmp(a, b): 

    return (a > b) - (a < b) 

 

def is_number(s): 

    try: 

        float(s) 

        return 1 

    except ValueError: 

        return 0 

    #if the string is a number, it returns 1 (true). If not, it returns 0 

 

 

tex = input("Pasta de input:") 

 

from os import walk 

 

input_folder = [] 

for (dirpath, dirnames, filenames) in walk(tex): 

    input_folder.extend(filenames) 

    input_folder.extend(dirnames) 

    break 

 

new_if = [] 

log_count = 0 

i = 0 

name = [] 

 

while i < len(input_folder): 

     

    if input_folder[i].find(".log") > 0: 

        log_count = log_count + 1  #to make sure we only select '.tif' 

files 

        new_if.append(tex + "\\"+ input_folder[i]) 

        name.append(input_folder[i]) 

    i=i+1 

 

name = name[0].split(".") 

f = open(new_if[0], 'r') 

#variable to open the specific file "95.log" 

 

x = f.readlines() 

f.close() 

 

#print (x) 

 

i = 0 

c = [] 

aa = np.zeros((len(x),1)) 

#a: vector with length of x lines and 1 column 

 

while i < len(x): 

#    aux_aux = np.zeros((1,8)); 
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    t = x[i]; 

    t = t.split(', '); 

    #splitting the values seperated with commas 

     

    c.append(t[0]); 

    #adding t(0) to c[] 

     

    if is_number(t[2]) == 1: 

        aa[i,0] = float(t[2]) 

         

    i = i+1 

 

 

 

 

i = 0 

count = -1 

r = np.zeros((1,2)) 

t1 = []; 

export = np.zeros((1,8)); 

#r: vector with 1 line and 2 columns 

 

while i < len(x): 

    if cmp(c[i], 'CAM') == 0: #Return value: Negative if x < y, Zero if x 

== y and strictly positive if x > y 

        count = count + 1; #If the text in the line c(i) is equal to CAM, 

the count is +1 

         

        ttt = x[i]; 

        ttt = ttt.split(', '); 

        ii = ttt[4:12] 

         

        aux_exp = np.zeros((1,8)) 

        aux_exp[0] = ii; 

     

        if is_number(aa[i,0]) == 1: 

           if count == 0: 

                r[0,0] = aa[i,0]; 

                r[0,1] = 0; 

                export[0] = aux_exp; 

           else: 

                r = np.vstack([r, [aa[i,0],0]]) 

                export = np.vstack([export, aux_exp]); 

             

           if count >= 1: 

                r[count,1] = (r[count,0] - r[count-1,0])/1000; 

         

     

    i = i+1  

 

a = tex.split('\\') #each vector entry corresponds to the text between \ 

 

a.pop(-1) #removes last entry of 'a' 

 

b = "\\".join(a) #b becomes a string, each entry is joined by \ 

 

path_tif = b + '\\' + 'TIFF' #to add 'TIFF' in the end of the current 

directory 
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from os import walk 

source_files = [] 

for (dirpath, dirnames, filenames) in walk(path_tif): 

    source_files.extend(filenames) 

    source_files.extend(dirnames) 

    break 

#print(g) #to list files and folders in the current folder 

 

#z = np.zeros((len(x),1)) 

 

new_sf = [] 

time_tab = np.zeros((1,5)) 

i = 0 

tif_count = -1 

 

while i < len(source_files): 

     

    if source_files[i].find(".tif") > 0: 

        tif_count = tif_count + 1  #to make sure we only select '.tif' 

files 

        new_sf.append(source_files[i]) 

         

#        indices = [i for i, x in enumerate(new_sf) if x == "a"] 

#        for entry in new_sf: 

        indices = [i for i, carct in enumerate(new_sf[tif_count]) if carct 

== "_" ] 

 

        time_mix = new_sf[tif_count][indices[1]+1:indices[2]] 

         

        w1 = float(time_mix[0:2]) 

        w2 = float(time_mix[2:4]) 

        w3 = float(time_mix[4:6]) 

        w4 = 60 * 60 * w1 + 60 * w2 + w3 

        w5 = 0 

         

        if tif_count == 0: 

            time_tab[0,0] = w1 

            time_tab[0,1] = w2 

            time_tab[0,2] = w3 

            time_tab[0,3] = w4 

            time_tab[0,4] = w5 

        else: 

            w5 = w4 - time_tab[tif_count - 1, 3] 

             

            time_tab = np.vstack([time_tab, [w1,w2,w3,w4,w5]]) 

 

    i = i+1 

 

j=len(time_tab)-1 

aux = len(r) -1#74 

#aux2 = len(new_sf) #66 

res = [[]]*(len(r)) 

 

while j >= 0: 

    sum_j = 0 

     

    if time_tab[j,4] > (r[aux,1]-2) and time_tab[j,4] < (r[aux,1]+2):  

        res[aux] = new_sf[j]; 

        aux = aux - 1 

        # to check if the time is within the interval (+- 2 sec): to check 

if the real time matches the theoretical time 



e 

 

    elif j < len(time_tab)-1: 

        res[aux] = new_sf[j]; 

         

        while (sum_j < (time_tab[j, 4] - 4)) and aux > 0: 

            sum_j = sum_j + r[aux,1] 

            aux = aux - 1 

             

        res[aux] = new_sf[j]; 

 

        if aux < 0: 

            break 

    j -= 1 

 

#TO EXPORT RESULTS TO EXCEL FILE: 

#variavel = name[0]+".csv" 

#new_workbook = xlwt.Workbook(variavel) 

#sheet1 = new_workbook.add_sheet("Sheet1") 

# 

#sheet1.write(0, 0, "Lat") 

#sheet1.write(0, 1, "Lng") 

#sheet1.write(0, 2, "Alt") 

#sheet1.write(0, 3, "RelAlt") 

#sheet1.write(0, 4, "GPSAlt") 

#sheet1.write(0, 5, "Roll") 

#sheet1.write(0, 6, "Pitch") 

#sheet1.write(0, 7, "Yaw") 

#sheet1.write(0, 8, "Filename") 

 

 

 

lin_max = len(export) 

col_max = len(export[0]) 

lin = 0 

ppp = [[]] * (len(export)); 

 

while lin < lin_max: 

    col = 0 

    while col <= col_max: 

        if col == 8: 

            ppp[lin] = ppp[lin] + ";" + str(res[lin]); 

        elif col == 0: 

            ppp[lin] = str(export[lin,col]); 

        else: 

            ppp[lin] = ppp[lin] + ";" + str(export[lin,col]); 

        col = col + 1 

    lin = lin + 1 

 

fieldnames = ["Lat;Lng;Alt;RelAlt;GPSAlt;Roll;Pitch;Yaw;Filename"] 

 

saida = input("Pasta de output") 

 

qq=pd.DataFrame(ppp, columns = fieldnames) 

qq.to_csv(saida + "\\" + name[0] + ".csv", index=False, header=True) 
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CASA model script (Matlab) 

 

clear all; close all; 

  
%% Input data for original CASA Model 

  
data1 = xlsread('QFranca_original.xlsx');        % Data for QFranca 
data2 = xlsread('TapNum_original.xlsx');         % Data for TapNum 
data3 = xlsread('Mitra_original.xlsx');          % Data for Mitra 

  
% Col: 1-NDVI; 2-SOL(MJ.m-2.month-1); 3-AVER_TEMP(ºC); 4-ET(m);5-

PET_accum(m) 
% Row: Parcel A - 1:12; Parcel B - 13:24; Single parcel - 1:12                           

  
lines = size(data1,1); 
x = 5.13;                   % SR_max (-) --> Literature (Potter et al. - 

1993) 

 
for i = 1:lines 
    NDVI(i,1) = data1(i,1);             % (-) 
    NDVI(i,2) = data2(i,1);             % (-) 
    NDVI(i,3) = data3(i,1);             % (-) 
    SOL(i,1) = data1(i,2);              % MJ/month 
    SOL(i,2) = data2(i,2);              % MJ/month 
    SOL(i,3) = data3(i,2);              % MJ/month 
    T(i,1) = data1(i,3);                % ºC 
    T(i,2) = data2(i,3);                % ºC 
    T(i,3) = data3(i,3);                % ºC 
    ET(i,1) = data1(i,4);               % m/month 
    ET(i,2) = data2(i,4);               % m/month 
    ET(i,3) = data3(i,4);               % m/month 
    PET(i,1) = data1(i,5);              % m/month 
    PET(i,2) = data2(i,5);              % m/month 
    PET(i,3) = data3(i,5);              % m/month 
end 

  
[NPP_casa, NPP_casa_months] = CASA_function_old(x,lines,NDVI,SOL,T,ET,PET);     

% gC/m2 = 10*2 kgbiomass/ha 
col_header = {'Quinta da França','Tapada dos Números','Herdade da Mitra'};      

% Row cell array (for column labels) 
file_name = 'NPP_CASA_kg/ha_5.13.xlsx';                                         

% NPP for all months (CASA model) 
xlswrite(file_name, NPP_casa, 'Sheet1','A2');                                   

% Write data 
xlswrite(file_name, col_header, 'Sheet1','A1');                                 

% Write column header 
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CASA function script (Matlab) 

 

function [NPP_all, NPP_months] = CASA_function(x,row,NDVI,SOL,T,ET,PET) 

  
dbstop if error 

  
%%% Functions based on the original CASA model (Potter et al. - 1993) 

  
NDVI_max_pixel = zeros(row,3); 
NDVI_max_aux = 0; 
SR_min = 1.08;                  % SR_min (-) --> Literature (Potter et al. 

- 1993) 
Emax = 0.390;                   % Emax = 0.390 (gC/MJ.PAR) --> Literature 

(Pei et al. - 2018) 
Topt_aux = zeros(row,3); 

  
%%% Routine to calculate the NDVI_max of each pixel 
for j = 1:3 
    for i = 1:row 
        % Command to find the NDVI_max of each pixel 
        if NDVI(i,j) > NDVI_max_aux 
            NDVI_max_aux = NDVI(i,j); 
        end 
        % Command to save the NDVI_max of each pixel (mantaining the same 

matrix size - 288x3) 
        if rem(i,12) == 0 
            NDVI_max_pixel(i-11:i,j) = NDVI_max_aux; 
            NDVI_max_aux = 0; 
        end 
    end 
end 
%%% Routine to calculate the T_opt of each farm 
for j = 1:3 
    for i = 1:row 
        if NDVI(i,j) == NDVI_max_pixel(i,j) 
            Topt_aux(i,j) = T(i,j); 
        end 

         
        Topt1(i,1) = Topt_aux(i,1); 
        Topt2(i,1) = Topt_aux(i,2); 
        Topt3(i,1) = Topt_aux(i,3); 

         
        Topt1_a = Topt1(any(Topt1,2),:);    % To remove all the 0s 
        Topt2_a = Topt2(any(Topt2,2),:);    % To remove all the 0s 
        Topt3_a = Topt3(any(Topt3,2),:);    % To remove all the 0s 
    end 
end 

  
Topt_b(:,1) = Topt1_a;    % To join the three columns vectors into one 
Topt_b(:,2) = Topt2_a;    % To join the three columns vectors into one 
Topt_b(:,3) = Topt3_a;    % To join the three columns vectors into one 

  
% Routine to transform Topt(24,3) to Topt(288,3) 
for j = 1:3 
    p = 0; 
    for i = 1:row 
        if rem(i,12) == 0 
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            p = p + 1; 
            Topt(i-11:i,j) = Topt_b(p,j); 
        end 
    end 
end 

  
for j = 1:3 
    for i = 1:row 
        SR(i,j) = (1 + NDVI(i,j)) / (1 - NDVI(i,j)); 

         
        FPAR_aux(i,j) = (SR(i,j) / (x - SR_min)) - ( SR_min / (x - 

SR_min)); 

         
        FPAR(i,j) = min(FPAR_aux(i,j), 0.95); 

         
        IPAR(i,j) = SOL(i,j) * FPAR(i,j) * 0.5; 
    end 
end 

  
for j = 1:3 
    for i = 1:row 

         
        ET_PET_ratio(i,j) = ET(i,j) / PET(i,j);     % because 0 < We < 1. 

When We = 0 (very arid ecosystem); We = 1 very wet ecosystem. 
        if ET_PET_ratio(i,j) > 1 
           ET_PET_ratio(i,j) = 1;  
        end 

         
        We(i,j) = 0.5 + (0.5 * ET_PET_ratio(i,j)); 

         
        Te1(i,j) = 0.8 + 0.02 * Topt(i,j) - 0.0005 * (Topt(i,j)^(2)); 

         
        Te2(i,j) = 1.1814 / (1 + exp(0.2 * (Topt(i,j) - 10 - T(i,j)))) / (1 

+ exp(0.3 * (- Topt(i,j) - 10 + T(i,j)))); 

         
        LUE(i,j) = Te1(i,j) * Te2(i,j) * We(i,j) * Emax; 

         
        NPP_all(i,j) = IPAR(i,j) * LUE(i,j) * 10 * 2;   % 1 gC/m2 = 10 

kgC/ha --> conversion to kgC/ha for comparison to field data 
    end 
end 
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Table A.2 – Inputs of both MLRM and NLRM. NDVI, SOL, AT., ET and PET are the predictor variables and the 
observed standing biomass is the dependent variable. 

Plot Month 
NDVI – UAV 

(unitless) 
SOL 

(MJ/(m2·month)) 
Av. Temp. 

(ºC) 
ET 
(m) 

PET 
(m) 

QFR_A01 Jan-18 0.22 150 5.3 1.9E-02 4.4E-02 

QFR_A01 Feb-18 0.24 210 5.4 2.0E-02 5.5E-02 

QFR_A01 Apr-18 0.31 363 14.9 6.0E-02 1.6E-01 

QFR_A01 May-18 0.23 502 19.8 6.1E-02 1.8E-01 

QFR_A02 Jan-18 0.21 150 5.3 1.9E-02 4.4E-02 

QFR_A02 Feb-18 0.24 210 5.4 2.0E-02 5.5E-02 

QFR_A02 Apr-18 0.31 363 14.9 6.0E-02 1.6E-01 

QFR_A02 May-18 0.27 502 19.8 6.1E-02 1.8E-01 

QFR_A03 Jan-18 0.19 150 5.3 1.9E-02 4.4E-02 

QFR_A03 Feb-18 0.19 210 5.4 2.0E-02 5.5E-02 

QFR_A03 Apr-18 0.25 363 14.9 6.0E-02 1.6E-01 

QFR_A03 May-18 0.19 502 19.8 6.1E-02 1.8E-01 

QFR_A04 Jan-18 0.19 150 5.3 1.9E-02 4.4E-02 

QFR_A04 Feb-18 0.19 210 5.4 2.0E-02 5.5E-02 

QFR_A04 Apr-18 0.25 363 14.9 6.0E-02 1.6E-01 

QFR_A04 May-18 0.19 502 19.8 6.1E-02 1.8E-01 

QFR_A05 Apr-18 0.31 363 14.9 6.0E-02 1.6E-01 

QFR_A06 Apr-18 0.31 363 14.9 6.0E-02 1.6E-01 

QFR_A07 Apr-18 0.29 363 14.9 6.0E-02 1.6E-01 

QFR_A08 Apr-18 0.28 363 14.9 6.0E-02 1.6E-01 

QFR_A09 Apr-18 0.30 363 14.9 6.0E-02 1.6E-01 

QFR_A10 Apr-18 0.30 363 14.9 6.0E-02 1.6E-01 

QFR_A11 Apr-18 0.27 363 14.9 6.0E-02 1.6E-01 

QFR_A12 Apr-18 0.26 363 14.9 6.0E-02 1.7E-01 

QFR_B01 Jan-18 0.20 150 5.3 2.0E-02 4.6E-02 

QFR_B01 Feb-18 0.21 210 5.4 2.0E-02 5.6E-02 

QFR_B01 Apr-18 0.30 363 14.9 7.2E-02 1.7E-01 

QFR_B01 May-18 0.24 502 19.8 9.2E-02 1.9E-01 

QFR_B02 Jan-18 0.16 150 5.3 2.0E-02 4.6E-02 

QFR_B02 Feb-18 0.15 210 5.4 2.0E-02 5.6E-02 

QFR_B02 Apr-18 0.25 363 14.9 7.2E-02 1.7E-01 

QFR_B02 May-18 0.23 502 19.8 9.2E-02 1.9E-01 

QFR_B03 Jan-18 0.19 150 5.3 2.0E-02 4.6E-02 

QFR_B03 Feb-18 0.19 210 5.4 2.0E-02 5.6E-02 

QFR_B03 Apr-18 0.32 363 14.9 7.2E-02 1.7E-01 

QFR_B03 May-18 0.36 502 19.8 9.2E-02 1.9E-01 

QFR_B04 Apr-18 0.27 363 14.9 5.3E-02 1.6E-01 

QFR_B06 Apr-18 0.29 363 14.9 5.3E-02 1.6E-01 

QFR_B07 Jan-18 0.13 150 5.3 2.0E-02 4.7E-02 

QFR_B07 Feb-18 0.16 210 5.4 2.0E-02 5.8E-02 

QFR_B07 Apr-18 0.31 363 14.9 5.3E-02 1.6E-01 

QFR_B07 May-18 0.28 502 19.8 6.0E-02 1.9E-01 
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   Table A.2 (cont.)    

Plot Month 
NDVI – UAV 

(unitless) 
SOL 

(MJ/(m2·month)) 
Av. Temp. 

(ºC) 
ET 
(m) 

PET 
(m) 

QFR_B09 Apr-18 0.29 363 14.9 5.3E-02 1.6E-01 

QFR_B011 Apr-18 0.26 363 14.9 7.2E-02 1.7E-01 

QFR_B013 Apr-18 0.27 363 14.9 7.2E-02 1.7E-01 

QFR_B014 Apr-18 0.31 363 14.9 7.2E-02 1.7E-01 

QFR_B015 Apr-18 0.27 363 14.9 7.2E-02 1.7E-01 

QFR_B016 Apr-18 0.28 363 14.9 5.2E-02 1.3E-01 

TAP_01 Jan-18 0.13 246 7.7 2.6E-02 5.0E-02 

TAP_01 Feb-18 0.22 340 7.8 2.3E-02 6.9E-02 

TAP_01 Apr-18 0.28 545 14.9 8.3E-02 1.6E-01 

TAP_01 May-18 0.42 704 20.1 9.0E-02 2.1E-01 

TAP_03 Apr-18 0.25 545 14.9 8.5E-02 1.6E-01 

TAP_04 Apr-18 0.26 545 14.9 8.5E-02 1.6E-01 

TAP_05 Apr-18 0.23 545 14.9 8.3E-02 1.6E-01 

TAP_06 Jan-18 0.07 246 7.7 2.6E-02 5.0E-02 

TAP_06 Feb-18 0.15 340 7.8 2.3E-02 6.9E-02 

TAP_06 Apr-18 0.25 545 14.9 8.3E-02 1.6E-01 

TAP_06 May-18 0.28 704 20.1 9.0E-02 2.1E-01 

TAP_07 Jan-18 0.12 246 7.7 2.6E-02 5.0E-02 

TAP_07 Feb-18 0.19 340 7.8 2.3E-02 6.9E-02 

TAP_07 Apr-18 0.25 545 14.9 8.3E-02 1.6E-01 

TAP_07 May-18 0.32 704 20.1 9.0E-02 2.1E-01 

TAP_08 Apr-18 0.29 545 14.9 8.5E-02 1.6E-01 

TAP_09 Apr-18 0.32 545 14.9 8.3E-02 1.6E-01 

TAP_10 Apr-18 0.28 545 14.9 8.5E-02 1.6E-01 

TAP_11 Apr-18 0.25 545 14.9 8.3E-02 1.6E-01 

TAP_12 Apr-18 0.27 545 14.9 8.5E-02 1.6E-01 

TAP_13 Apr-18 0.26 545 14.9 8.3E-02 1.6E-01 

TAP_14 Apr-18 0.26 545 14.9 8.3E-02 1.6E-01 

TAP_15 Jan-18 0.07 246 7.7 2.8E-02 5.4E-02 

TAP_15 Feb-18 0.20 340 7.8 2.5E-02 6.9E-02 

TAP_15 Apr-18 0.25 545 14.9 8.5E-02 1.6E-01 

TAP_15 May-18 0.38 704 20.1 8.3E-02 2.0E-01 

TAP_16 Apr-18 0.27 545 14.9 8.5E-02 1.6E-01 

TAP_18 Jan-18 0.06 246 7.7 2.6E-02 5.0E-02 

TAP_18 Feb-18 0.16 340 7.8 2.3E-02 6.9E-02 

TAP_18 Apr-18 0.25 545 14.9 8.3E-02 1.6E-01 

TAP_18 May-18 0.26 704 20.1 9.0E-02 2.1E-01 

TAP_19 Jan-18 0.12 246 7.7 2.8E-02 5.4E-02 

TAP_19 Feb-18 0.24 340 7.8 2.5E-02 6.9E-02 

TAP_19 Apr-18 0.30 545 14.9 8.5E-02 1.6E-01 

TAP_19 May-18 0.41 704 20.1 8.3E-02 2.0E-01 

TAP_20 Apr-18 0.27 545 14.9 8.5E-02 1.6E-01 

TAP_21 Jan-18 0.02 246 7.7 2.8E-02 5.4E-02 

TAP_21 Feb-18 0.17 340 7.8 2.5E-02 6.9E-02 
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   Table A.2 (cont.)    

Plot Month 
NDVI – UAV 

(unitless) 
SOL 

(MJ/(m2·month)) 
Av. Temp. 

(ºC) 
ET 
(m) 

PET 
(m) 

TAP_21 Apr-18 0.26 545 14.9 8.5E-02 1.6E-01 

TAP_21 May-18 0.34 704 20.1 8.3E-02 2.0E-01 

TAP_22 Apr-18 0.29 545 14.9 8.5E-02 1.6E-01 

TAP_23 Apr-18 0.25 545 14.9 8.5E-02 1.6E-01 

TAP_24 Apr-18 0.26 545 14.9 8.3E-02 1.6E-01 

TAP_25 Jan-18 0.07 246 7.7 2.8E-02 5.4E-02 

TAP_25 Feb-18 0.16 340 7.8 2.5E-02 6.9E-02 

TAP_25 Apr-18 0.26 545 14.9 8.5E-02 1.6E-01 

TAP_25 May-18 0.36 704 20.1 8.3E-02 2.0E-01 

TAP_26 Apr-18 0.22 545 14.9 8.5E-02 1.6E-01 

MIT_A02 May-18 0.39 392 19.2 1.2E-01 2.1E-01 

MIT_A03 May-18 0.40 392 19.2 1.2E-01 2.1E-01 

MIT_A06 May-18 0.43 392 19.8 1.3E-01 2.1E-01 

MIT_A09 May-18 0.38 392 19.8 1.0E-01 2.1E-01 

MIT_B01 May-18 0.43 392 19.2 1.2E-01 2.1E-01 

MIT_B04 May-18 0.43 392 19.2 1.2E-01 2.1E-01 

MIT_B08 May-18 0.42 392 19.2 1.1E-01 2.2E-01 

MIT_B11 May-18 0.43 392 19.8 8.1E-02 2.0E-01 
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Table A.3 – Results from the CASA model (without SRmax calibration). 

Months 
Quinta da França Tapada dos Números Herdade da Mitra 

Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) 

Sep-17 

QFR_A01 

25 

TAP_01 

112 

MIT_A01 

22 

Oct-17 36 105 55 

Nov-17 128 199 225 

Dec-17 222 232 508 

Jan-18 348 291 585 

Feb-18 463 358 765 

Mar-18 614 593 911 

Apr-18 690 1207 848 

May-18 446 1705 671 

Jun-18 32 415 27 

Jul-18 9 175 17 

Aug-18 6 72 5 

Sep-17 

QFR_A02 

23 

TAP_03 

130 

MIT_A02 

56 

Oct-17 36 115 90 

Nov-17 117 124 180 

Dec-17 237 135 363 

Jan-18 348 258 467 

Feb-18 463 323 618 

Mar-18 614 594 788 

Apr-18 690 1213 902 

May-18 491 1695 1005 

Jun-18 43 358 102 

Jul-18 10 158 45 

Aug-18 6 85 13 

Sep-17 

QFR_A03 

11 

TAP_04 

10 

MIT_A03 

18 

Oct-17 20 22 36 

Nov-17 90 160 142 

Dec-17 153 334 437 

Jan-18 334 635 586 

Feb-18 372 789 765 

Mar-18 529 1026 911 

Apr-18 465 1139 840 

May-18 109 657 698 

Jun-18 13 25 49 

Jul-18 4 7 15 

Aug-18 2 3 4 
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Table A.3 (cont.) 

Months 
Quinta da França Tapada dos Números Herdade da Mitra 

Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) 

Sep-17 

QFR_A04 

24 

TAP_05 
 

124 

MIT_A04 
 

20 

Oct-17 35 112 52 

Nov-17 86 100 223 

Dec-17 136 100 506 

Jan-18 344 204 586 

Feb-18 463 243 765 

Mar-18 614 468 911 

Apr-18 690 1010 840 

May-18 365 1530 698 

Jun-18 34 299 41 

Jul-18 9 146 14 

Aug-18 5 77 4 

Sep-17 

QFR_A05 
 

25 

TAP_06 
 

17 

MIT_A05 
 

21 

Oct-17 37 32 46 

Nov-17 116 104 169 

Dec-17 199 167 349 

Jan-18 348 373 563 

Feb-18 463 491 721 

Mar-18 614 997 842 

Apr-18 690 1172 936 

May-18 444 662 714 

Jun-18 33 40 58 

Jul-18 9 13 18 

Aug-18 6 6 4 

Sep-17 

QFR_A06 
 

22 

TAP_07 
 

9 

MIT_A06 
 

140 

Oct-17 32 18 117 

Nov-17 108 185 141 

Dec-17 186 371 175 

Jan-18 348 639 300 

Feb-18 463 772 398 

Mar-18 614 1025 533 

Apr-18 690 1133 882 

May-18 432 661 1069 

Jun-18 30 27 375 

Jul-18 8 6 181 

Aug-18 5 3 59 

 

  



n 

Table A.3 (cont.) 

Months 
Quinta da França Tapada dos Números Herdade da Mitra 

Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) 

Sep-17 

QFR_A07 
 

25 

TAP_08 
 

130 

MIT_A07 
 

70 

Oct-17 35 99 89 

Nov-17 97 171 151 

Dec-17 153 159 306 

Jan-18 348 290 454 

Feb-18 463 366 591 

Mar-18 614 594 735 

Apr-18 690 1213 1005 

May-18 339 1695 1009 

Jun-18 31 383 193 

Jul-18 9 168 78 

Aug-18 6 79 21 

Sep-17 

QFR_A08 
 

98 

TAP_09 
 

117 

MIT_A08 
 

28 

Oct-17 69 102 58 

Nov-17 77 129 203 

Dec-17 97 161 466 

Jan-18 226 291 588 

Feb-18 287 358 782 

Mar-18 468 593 915 

Apr-18 845 1207 931 

May-18 659 1705 677 

Jun-18 125 350 41 

Jul-18 52 154 19 

Aug-18 34 78 7 

Sep-17 

QFR_A09 
 

25 

TAP_10 
 

104 

MIT_A09 
 

22 

Oct-17 36 91 50 

Nov-17 105 78 249 

Dec-17 187 99 496 

Jan-18 348 249 571 

Feb-18 463 342 758 

Mar-18 614 594 880 

Apr-18 690 1213 918 

May-18 389 1695 641 

Jun-18 43 383 33 

Jul-18 10 174 17 

Aug-18 5 93 5 

 

  



o 

Table A.3 (cont.) 

Months 
Quinta da França Tapada dos Números Herdade da Mitra 

Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) 

Sep-17 

QFR_A10 
 

24 

TAP_11 
 

24 

MIT_A10 
 

64 

Oct-17 37 51 87 

Nov-17 108 143 163 

Dec-17 194 259 359 

Jan-18 348 485 472 

Feb-18 463 615 627 

Mar-18 614 1013 796 

Apr-18 690 1236 902 

May-18 462 622 987 

Jun-18 35 48 144 

Jul-18 10 14 61 

Aug-18 6 6 21 

Sep-17 

QFR_A11 
 

121 

TAP_12 
 

114 

MIT_A11 
 

54 

Oct-17 72 96 103 

Nov-17 51 160 184 

Dec-17 61 206 369 

Jan-18 127 290 467 

Feb-18 171 366 618 

Mar-18 298 594 788 

Apr-18 734 1213 902 

May-18 1148 1695 1005 

Jun-18 335 340 117 

Jul-18 106 173 47 

Aug-18 89 88 15 

Sep-17 

QFR_A12 
 

25 

TAP_13 
 

74 

MIT_A12 
 

59 

Oct-17 33 77 72 

Nov-17 101 119 150 

Dec-17 146 166 269 

Jan-18 307 383 467 

Feb-18 350 549 618 

Mar-18 595 877 788 

Apr-18 522 1410 902 

May-18 285 1251 1005 

Jun-18 29 129 194 

Jul-18 9 46 76 

Aug-18 5 28 25 

 

  



p 

Table A.3 (cont.) 

Months 
Quinta da França Tapada dos Números Herdade da Mitra 

Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) 

Sep-17 

QFR_B01 
 

27 

TAP_14 
 

9 

MIT_B01 
 

50 

Oct-17 39 16 98 

Nov-17 117 212 170 

Dec-17 152 527 352 

Jan-18 347 639 467 

Feb-18 432 772 618 

Mar-18 616 1025 788 

Apr-18 725 1133 902 

May-18 492 661 1005 

Jun-18 49 26 59 

Jul-18 10 7 33 

Aug-18 7 3 13 

Sep-17 

QFR_B02 
 

94 

TAP_15 
 

155 

MIT_B02 
 

52 

Oct-17 71 148 87 

Nov-17 79 141 157 

Dec-17 76 150 296 

Jan-18 163 290 467 

Feb-18 173 366 618 

Mar-18 408 594 788 

Apr-18 817 1213 902 

May-18 520 1695 1005 

Jun-18 168 307 61 

Jul-18 66 150 42 

Aug-18 42 79 13 

Sep-17 

QFR_B03 
 

106 

TAP_16 
 

25 

MIT_B03 
 

63 

Oct-17 62 45 89 

Nov-17 52 123 135 

Dec-17 52 179 234 

Jan-18 121 440 467 

Feb-18 170 487 618 

Mar-18 299 1025 788 

Apr-18 772 1308 902 

May-18 1262 954 1005 

Jun-18 572 45 91 

Jul-18 102 17 41 

Aug-18 82 8 14 
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Table A.3 (cont.) 

Months 
Quinta da França Tapada dos Números Herdade da Mitra 

Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) 

Sep-17 

QFR_B04 
 

128 

TAP_18 
 

19 

MIT_B04 
 

107 

Oct-17 55 37 165 

Nov-17 42 103 172 

Dec-17 26 180 262 

Jan-18 49 416 324 

Feb-18 81 495 436 

Mar-18 298 1024 594 

Apr-18 708 1288 811 

May-18 1122 561 1046 

Jun-18 812 42 101 

Jul-18 181 10 94 

Aug-18 94 5 41 

Sep-17 

QFR_B06 
 

126 

TAP_19 
 

119 

MIT_B05 
 

50 

Oct-17 65 98 120 

Nov-17 51 147 230 

Dec-17 38 211 389 

Jan-18 76 290 467 

Feb-18 121 366 618 

Mar-18 298 594 788 

Apr-18 708 1213 902 

May-18 1122 1695 1005 

Jun-18 342 305 68 

Jul-18 171 154 52 

Aug-18 109 69 17 

Sep-17 

QFR_B07 
 

104 

TAP_20 
 

22 

MIT_B06 
 

55 

Oct-17 73 36 90 

Nov-17 75 126 132 

Dec-17 73 223 267 

Jan-18 148 533 467 

Feb-18 228 680 618 

Mar-18 468 1025 788 

Apr-18 815 1308 902 

May-18 1049 941 1005 

Jun-18 198 42 70 

Jul-18 77 14 44 

Aug-18 53 7 13 
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Table A.3 (cont.) 

Months 
Quinta da França Tapada dos Números Herdade da Mitra 

Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) 

Sep-17 

QFR_B09 
 

92 

TAP_21 
 

20 

MIT_B07 
 

60 

Oct-17 68 36 95 

Nov-17 70 144 135 

Dec-17 91 260 238 

Jan-18 164 552 467 

Feb-18 194 750 578 

Mar-18 468 1025 788 

Apr-18 815 1308 902 

May-18 1049 924 1005 

Jun-18 187 50 104 

Jul-18 71 12 50 

Aug-18 46 6 15 

Sep-17 

QFR_B11 
 

18 

TAP_22 
 

134 

MIT_B08 
 

55 

Oct-17 28 103 137 

Nov-17 65 166 147 

Dec-17 113 172 297 

Jan-18 191 290 460 

Feb-18 205 366 620 

Mar-18 556 594 767 

Apr-18 544 1213 874 

May-18 391 1695 981 

Jun-18 57 353 160 

Jul-18 8 190 49 

Aug-18 5 79 19 

Sep-17 

QFR_B13 
 

80 

TAP_23 
 

226 

MIT_B09 
 

62 

Oct-17 61 172 98 

Nov-17 65 234 128 

Dec-17 71 207 231 

Jan-18 157 290 460 

Feb-18 207 366 605 

Mar-18 470 594 767 

Apr-18 888 1213 874 

May-18 1181 1695 716 

Jun-18 226 438 120 

Jul-18 54 225 48 

Aug-18 34 105 17 

 

  



s 

Table A.3 (cont.) 

Months 
Quinta da França Tapada dos Números Herdade da Mitra 

Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) Plots NPP (kgC.ha-1) 

Sep-17 

QFR_B14 
 

116 

TAP_24 
 

28 

MIT_B10 
 

22 

Oct-17 71 57 63 

Nov-17 57 129 179 

Dec-17 61 269 409 

Jan-18 127 461 577 

Feb-18 170 524 767 

Mar-18 299 1024 887 

Apr-18 772 1238 814 

May-18 1262 713 682 

Jun-18 492 43 47 

Jul-18 140 16 14 

Aug-18 97 5 6 

Sep-17 

QFR_B15 
 

89 

TAP_25 
 

118 

MIT_B11 
 

59 

Oct-17 68 110 100 

Nov-17 85 126 127 

Dec-17 95 133 290 

Jan-18 185 290 450 

Feb-18 213 366 540 

Mar-18 454 594 701 

Apr-18 888 1213 913 

May-18 899 1695 884 

Jun-18 184 301 59 

Jul-18 60 139 47 

Aug-18 41 75 21 

Sep-17 

QFR_B16 
 

85 

TAP_26 
 

127 

MIT_B12 
 

61 

Oct-17 83 104 79 

Nov-17 118 113 108 

Dec-17 184 83 223 

Jan-18 223 167 450 

Feb-18 298 220 540 

Mar-18 455 545 701 

Apr-18 876 1213 913 

May-18 964 1695 884 

Jun-18 233 358 60 

Jul-18 58 161 65 

Aug-18 43 76 21 

 


