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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 also 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. 

 

1. Introduction 

The continuous increase of global population 

and, consequently, the increase in meat and 

other animal-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). 

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). 

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 
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general population and have become 

increasingly important to consumers and 

therefore make an impact in the meat and 

agriculture industry. 

SBPPRL have significant benefits such as 

increasing productivity and C and N retention by 

vegetation and soil (De Deyn et al. 2009). 

SBPPRL have a high percentage of legumes 

which have nitrogen-fixing nodules in their roots 

and can fix atmospheric nitrogen (N). that is 

then used by grasses to grow increasing 

atmospheric C capture through photosynthesis 

(Teixeira 2014). 

This thesis aims to estimate the amount of 

carbon sequestered by SBPPRL existent in 

three study farms located in different regions 

across the country 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 based on field measurements 

and remote sensing data collection; 

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 considerably large areas 

located in agro-forestry regions. 

2. Materials and methods 

In this thesis, four models were used overall, 

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. In this case, CASA, 

NLRM and MLRM have the same input 

variables which are: normalized difference 

vegetation index (NDVI - unitless) unnamed 

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. 

2.1. Study farms and field measurements 

The three farms under study were located in 

Alentejo (Herdade da Mitra and Tapada dos 

Números) and in Covilhã (Quinta da França). 

Several cages of 1m x 1m were placed in each 

farm in random locations whose only requisite 

was to be in an open spot away from the tree 

influence. Each farm has a total of 24 cages, 12 

per parcel when applicable. Their main purpose 

was to prevent the cattle from grazing. Two 

samples per cage were collected one inside and 

another outside the cage. To calibrate the 

regression models, only the outside 

measurements were considered because NDVI 

was used as an explanatory variable, and the 

spectral data collected by the UAV refers to the 

actual vegetation present. Soil samples were 

also collected near the cage site, at a depth of 

20 cm and sent to the laboratory for further 

analysis. The analysis results measured the soil 

organic matter content (SOM) and the 

percentage of legumes, grasses and forbs in 

each plot (among other parameters irrelevant 

for this study). These data was used to estimate 

the amount of carbon capture by each farm. 
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2.2. Spectral data acquisition 

In order to calibrate the Carnegie-Ames-

Stanford approach (CASA), at first the NDVI 

from satellite images from Sentinel 2 Level-2A 

images were downloaded with a cloud cover 

percentage of 10% or under. The bands 

extracted to calculate the NDVI are bands 4 

(Red) and 8 (NIR) and both have a 10m spatial 

resolution. The NDVI from unnamed aerial 

vehicle (UAV) photos was also used in the 

CASA model and also in both regression 

models. The spatial resolution of the UAV 

cameras were 2 cm. The bands of both sources 

had slightly different wavelengths which are 

describe in Table 1. 

Table 1 – Wavelengths of the Red and NIR bands for both 
satellite and UAV NDVI images. 

 
Red band 

wavelength 
(nm) 

NIR band 
wavelength 

(nm) 

Sentinel 2  664.6 832.8 

UAV 660.0 850.0 

2.3. UAV images processing 

The UAV flights were performed with two 

cameras, one RGB and other in NIR, in order to 

originate the two correspondent orthomosaics. 

To build these orthophotomaps, the digital 

images from the UAV were submitted to a series 

of procedures to generate an orthomosaic 

through a software named AgiSoft. 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 each 4 materials, a 

calibration regression line was obtained and 

applied to both RGB and NIR orthophomaps. 

2.4.  Overview of the CASA model 

The CASA model is broadly 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), (1) 

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. 

According to Potter et al. (1993) APAR is 

defined as 

𝐴𝑃𝐴𝑅(𝑥, 𝑡) = 𝐹𝑃𝐴𝑅(𝑥, 𝑡) 𝑆𝑂𝐿(𝑥, 𝑡) 0.5, (2) 

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}, 

(3) 

where SR is the simple ratio and is calculated 

through 

 𝑆𝑅(𝑥, 𝑡) =
1 + 𝑁𝐷𝑉𝐼(𝑥, 𝑡)

1 − 𝑁𝐷𝑉𝐼(𝑥, 𝑡)
, (4) 

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 
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Srmax estimates the value at which downwelling 

solar radiation is intercepted by the vegetation 

and well as corrects for effects of canopy 

architecture and residual point-cloud 

contamination and its value depends on the 

vegetation class. The value assumed in this 

studied was 5.13 (for perennial grasslands). 

FPAR has an imposed upper limit of 0.95 to 

reflect a finite upper limit to the leaf area. 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 (5): 

𝜀(𝑥, 𝑡) = 𝑇𝜀1
(𝑥, 𝑡) 𝑇𝜀2

(𝑥, 𝑡) 𝑊𝜀(𝑥, 𝑡) 𝜀∗, (5) 

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) is given by equation (6) 

(Potter et al. 1993) and 𝑇𝜀2
(𝑥, 𝑡) is calculated 

from equation (7) (Field et al. 1995) 

𝑇𝜀1
(𝑥) = 0.8 + 0.02 𝑇𝑜𝑝𝑡(𝑥) − 

−0.0005 (𝑇𝑜𝑝𝑡(𝑥))
2

, 
(6) 

𝑇𝜀2
(𝑥) =

1.1814

(1 + 𝑒0.2 (𝑇𝑜𝑝𝑡(𝑥)−10−𝑇(𝑥,𝑡)))

(1 + 𝑒0.3 (−𝑇𝑜𝑝𝑡(𝑥)−10+𝑇(𝑥,𝑡)))

 , 
(7) 

where 𝑇𝑜𝑝𝑡(𝑥) represents the optimum 

temperature for vegetation growth and is 

defined as the average air temperature in the 

month where NDVI reaches is 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. 

2.5. Overview of the regression models 

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 additionally 

used as alternative models to estimate the 

standing biomass (SB) of each farm. 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 

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 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 aboveground biomass (AGB) and it is 

based on a simple non-linear relationship 

between AGB (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 
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CASA model. The general model is represented 

by 

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), 

(8) 

where �̂�𝑝 are the estimated coefficients and �̂�0 

is the constant term in the model. In this work a 

MLRM was additionally used as an alternative 

model to estimate the AGB 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 

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), 

(9) 

where �̂�𝑝 are the estimated coefficients and �̂�0 

is the constant term in the model. 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 each 

corresponding dates. 

2.6. Carbon sequestration model 

BalSim is an integrated model for pasture 

systems which integrates two interconnected 

mass balance models for carbon (C) and 

nitrogen (N) (Teixeira et al. 2018).The focus of 

this paper is to study the C balance therefore 

only that fraction of the model was considered 

and whose balance is shown in Figure 2. From 

the three main C pools, the focus of this study 

was the soil. . 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 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. 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 𝑑𝑒𝑐. + 𝐶𝑑𝑢𝑛𝑔 𝑓𝑖𝑒𝑙𝑑 𝑑𝑒𝑐. 

−𝐶𝑠𝑜𝑖𝑙 𝑒𝑟𝑜𝑠𝑖𝑜𝑛−𝐶𝑚𝑖𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 

(10) 

(
∆𝐶

∆𝑡
)

𝑠𝑜𝑖𝑙 𝑜𝑟𝑔
= 𝑆𝑂𝑀 × 0.58 × 𝜌 × 𝑠𝑑𝑒𝑝𝑡ℎ (11) 

𝐶𝑟𝑜𝑜𝑡 𝑑𝑒𝑐𝑜𝑚𝑝 = 𝑟𝑅:𝑆 × 𝑃 × 𝐶𝑏𝑒𝑙𝑜𝑤𝑔𝑟𝑜𝑢𝑛𝑑  (12) 

𝐶𝑙𝑖𝑡𝑡𝑒𝑟 𝑑𝑒𝑐𝑜𝑚𝑝 = 𝐿 × 𝑃 × 𝐶𝑎𝑏𝑜𝑣𝑒𝑔𝑟𝑜𝑢𝑛𝑑 (13) 

Figure 1 – Schematic C balance with fluxes and pools 
(adapted from Teixeira et al. (2018)). 
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3. Results and discussion 

This section presents the original results that 

were produced using the methods described 

and are contributions of the thesis. 

3.1. CASA model results with NDVI from 

Sentinel-2 and NDVI from UAV 

The results fo the CASA model with the NDVI 

from Sentinel 2 and NDVI from UAV are in 

Figure 2 and Figure 3, respectively. 

 

As observed from Figure 2, 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. The satellite 

sensing dates differ from each other and it has 

a significant influence in months were 

vegetation growth is more accelerated (mainly 

March, April and May). The results for every 

farm 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. 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. 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. 

As observed from Figure 4, the results were not 

satisfactory since the correlation worsened 

when compared to the previous NDVI_UAV_out 

results. The CASA calibration with the 

NDVI_UAV_in had even less points than the 

𝐶𝑑𝑢𝑛𝑔 𝑓𝑖𝑒𝑙𝑑 𝑑𝑒𝑐𝑜𝑚𝑝 = 𝐿𝐷 × 𝑆𝑅 (14) 

𝐶𝑠𝑜𝑖𝑙 𝑒𝑟𝑜𝑠𝑖𝑜𝑛 = 𝐸𝑠𝑜𝑖𝑙 𝑒𝑟𝑜𝑠𝑖 × 𝑆𝑂𝑀 × 0.58 (15) 

𝐶𝑚𝑖𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 = 𝑆𝑂𝐶𝑡−1 × 𝑢. (16) 

Figure 2 – In situ biomass (kg/ha) vs. Model predicted biomass 
(kg/ha) for the three study farms with NDVI from Sentinel 2 as 
the model input. 

Figure 3 – In situ biomass (kg/ha) vs. Model predicted biomass 
(kg/ha) for the three study farms with the UAV NDVI from 
outside the cages as the model input. 
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NDVI from outside the cages (40 and 48, 

respectively) which can worsen the adjustment. 

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 poorer quality. 

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 doesn’t 

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. 

3.2. Regression model results 

This section presents the results of both 

regression models alongside each other for a 

better comparison. The equations resultant 

from both linear and non-linear model are, 

respectively, :(17) and (18).  

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), 

(17) 

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), 

(18) 

Figure 5 – Linear model results (In situ SB vs predicted SB) in 
kg/ha. 

Figure 4 – In situ SB (kg/ha) vs. Model predicted NPP 
(kg/ha) for the three study farms with NDVI_UAV_in as the 
NDVI model input. 
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An example of the application of both models to 

the entire farm (Herdade da Mitra) pixel-by-pixel 

approach is in Figures 7 and 8. 

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, in which the non-linear model had 

a better one (R2_linear = 0.769 and R2_non-

linear = 0.847). Since 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. 

The linear model is more “sensitive” (or more 

evident) than the non-linear model to the 

blooming effect. The main reason for this last 

statement might be due to the equations of the 

non-linear model: the NDVI is elevated to power 

of approximately 4.91 (which will significantly 

lower the NDVI value) however there is the 

influence of the remaining coefficients and 

variables. These three figures were referred to 

as examples but this is a tendency that extends 

remaining parcels and missions from all farms. 

Both regression models had very satisfactory 

results 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.  

3.3. Carbon sequestration model results 

This chapter features the BalSim results 

considering the annual productivity of both 

regressions models on average for the entire 

Figure 6 – Non-linear model results (In situ SB vs. predicted SB) 
in kg/ha. 

Figure 8 – Non-linear model biomass 
prediction for Herdade da Mitra in May 
2018. 

Figure 7 – Linear model biomass 
prediction for Herdade da Mitra in May 
2018. 
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parcels. The results of the application of the 

BalSim model are summarized in  

Table 2 – Amount of carbon sequestered annually (average 
per parcel) in tCO2/(ha.yr). 

 MLRM NLRMl 

 
𝑆𝑂𝐶𝑡 

tCO2e/(ha.yr) 

𝑆𝑂𝐶𝑡 

tCO2e/(ha.yr) 

Q.França 0.49 -0.016 

T. 
Números 

5.02 4.84 

H. Mitra 
(A 

parcel) 
12.78 13.27 

H. Mitra 
(B 

parcel) 
12.51 12.99 

 

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 and they coincide with the 

productivity results obtained from the 

regression models in the sense that higher 

productivities correspond to higher soil C 

sequestration. 

4. Conclusions 

The accuracy of image processing in remote 

sensing is of extreme importance because its 

results (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. 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. 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. The BalSim model results 

showed that there are large variations in 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). Remote sensing 

data has many promising applications for 

environmental monitoring. 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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