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Abstract.  
Extensive livestock systems are fundamental to the ecological, economic, and cultural 
sustainability of Mediterranean agroecosystems such as the Spanish dehesa. These silvopastoral 
landscapes support biodiversity, prevent land abandonment, and sustain rural livelihoods, but 
their productivity is highly dependent on pasture availability. Efficient management therefore 
requires accurate and timely information on pasture biomass availability, which is strongly 
influenced by climatic variability, soil properties, and seasonal dynamics. However, traditional 
field-based biomass measurements are labor-intensive, costly, and spatially limited, making them 
impractical for continuous monitoring across large and heterogeneous grazing areas. 
This study develops a scalable and cost-effective predictive framework for estimating pasture 
biomass using exclusively remotely sensed and environmental data. A dataset of 700 
georeferenced ground-truth biomass samples collected across three representative dehesa 
regions (Salamanca, Cáceres and Badajoz) between 2022 and 2023, was integrated with 
vegetation indices derived from Sentinel-2 imagery, historical climate variables, and soil 
characteristics. The samples span multiple phenological stages of the ecosystem, ensuring robust 
representation of temporal variability. The selected predictors were designed to capture the 
primary biophysical drivers of pasture growth, including water availability, temperature 
accumulation, solar radiation, and edaphic conditions. 
Four machine learning algorithms: Multiple Linear Regression, k-Nearest Neighbors, Random 
Forest, and XGBoost, were trained and evaluated to assess their predictive performance and 
robustness. Ensemble-based methods outperformed simpler approaches, with Random Forest 
(R2 = 0.79, RMSE = 255.49) and XGBoost (R2 = 0.88, RMSE = 238.8) achieving the highest 
accuracy and generalization capacity. Variable importance analyses revealed that accumulated 
solar radiation, growing degree days, vegetation indices, and soil properties were the most 
influential predictors, highlighting the combined role of phenological development and site 
conditions in determining pasture productivity. 
The results demonstrate that integrating multi-source environmental data with machine learning 
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techniques enables accurate and operationally scalable estimation of pasture biomass in 
extensive grazing systems. This approach provides a practical precision livestock farming tool 
that supports informed decision-making on stocking rates, grazing rotation, and feed 
supplementation. Moreover, it facilitates adaptive management under increasing climatic 
variability and supports the long-term sustainability of Mediterranean pastoral systems by 
enhancing resource efficiency, reducing monitoring costs, and enabling proactive responses to 
environmental change. 
Keywords.   
Pasture biomass, predictive model, vegetation indices, Sentinel-2, machine learning, precision 
livestock farming, sustainability. 

Introduction 
Natural pastures cover approximately 19% of Spain's total area, equivalent to 9.45 million ha, 
serving as the productive foundation of extensive livestock systems and delivering significant 
ecological, landscape, and socioeconomic value across rural territories (INE 2023; San Miguel et 
al. 2001). In silvopastoral landscapes such as the dehesa, characterised by scattered evergreen 
oaks over an annual herbaceous understorey, pasture productivity is determined by complex 
interactions among climatic variability, soil properties, botanical composition, and seasonal 
phenological dynamics. 
Herbaceous communities in Mediterranean climates exhibit a distinctive bimodal growth pattern: 
a dominant spring flush driven by warming temperatures and soil moisture recharge, and a 
secondary, lower-amplitude autumn peak; production virtually ceases during the summer drought 
(San Miguel 2001; Olea et al. 1990). Within this general pattern, considerable inter-annual and 
spatial variability arises from differences in autumn rainfall, which exerts greater influence on total 
annual production than spring rainfall and from the buffering effect of soil water-holding capacity 
(Olea et al. 1990; Colabelli et al. 1998). This dynamic behaviour complicates livestock planning: 
overgrazing degrades ecosystem structure and productive capacity, while undergrazing promotes 
fire risk, reduces plant-species diversity, and diminishes landscape value. Reliable, spatially 
explicit, and temporally continuous information on biomass availability is therefore essential for 
adaptive grazing management. 
Traditional field-based estimation methods, such as destructive cutting plots, rising-plate meters, 
visual scoring provide accurate measurements but are labour-intensive, costly, and impractical 
for continuous monitoring across the large, heterogeneous areas characteristic of dehesa 
management units (Jaurena et al. 2018; Díaz Gaona et al. 2013). Remote sensing offers a 
scalable alternative: vegetation indices (VIs) derived from multispectral satellite imagery show 
strong empirical relationships with pasture biophysical parameters, with NDVI alone explaining 
up to 83% of variance in biomass estimation studies (Ogungbuyi et al. 2023; Furnitto et al. 2025). 
Sentinel-2 with its 10 m spatial resolution, 13 spectral bands, and 5-day revisit time is particularly 
suited to pasture monitoring at the farm and landscape scale (European Space Agency n.d.). 
Machine learning (ML) algorithms are well-suited to exploit the nonlinear relationships among 
multi-source predictors and deliver robust, generalisable biomass models. A growing body of 
literature (2015–2024) has demonstrated the feasibility of satellite-based pasture biomass 
estimation in diverse regions, including Australia, the United Kingdom, Belgium, Argentina, 
Colombia, Uruguay, and Spain; using algorithms such as Random Forest (RF), Support Vector 
Machines (SVM), and gradient boosting, with reported R² of 0.62–0.92 and average RMSE 
around 405.8 kg DM ha⁻¹ (Furnitto et al. 2025; Shahi et al. 2025; De Rosa et al. 2021). However, 
studies specifically targeting the Spanish dehesa that integrate multi-source climate and soil 
covariates alongside satellite spectral data remain scarce, limiting the operational applicability of 
existing frameworks to this biome. 
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Materials and methods 

Study area 
The study was conducted in three dehesa areas of northwestern Spain representing a gradient 
of climatic and edaphic conditions (Figure 1): Villar del Rey (Badajoz), Majadas (Cáceres), and 
Matilla de los Caños del Río (Salamanca). Mean annual temperatures are 17.8, 16.3, and 13.3 
°C, and mean annual precipitation is 436, 572, and 497 mm, respectively (Weatherbit 2025). The 
terrain is predominantly flat, with average altitudes of 241, 256, and 818 m above sea level. 

The vegetation comprises two contrasting strata. The tree stratum (~20% cover) is dominated by 
holm oak (Quercus ilex L. subsp. ballota), with scattered cork oak (Quercus suber L.) and gall oak 
(Quercus faginea Lam.). The herbaceous stratum covers virtually the entire area and is composed 
predominantly of annual species including Tolpis barbata, Chamaemelum mixtum, Plantago 
lagopus, Echium plantagineum, and Cynodon dactylon. This stratum exhibits a strongly marked 
phenological cycle with peak green biomass in spring and a secondary flush in autumn driven by 
the annual rainfall regime and the shallow root systems characteristic of annual Mediterranean 
grasses (Martín et al. 2020). 

 
Figure 1 Location of the sampling points (marked in yellow) of the dataset used. 
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Ground-truth biomass data 
Reference biophysical data were obtained through destructive sampling in 19 plots of 25×25 m 
distributed across the three study areas. Within each plot, vegetation was collected from 3–4 
quadrants of 25×25 cm, located by non-probabilistic selection in zones visually identified as 
representative of the whole plot. All rooted vegetation (green and dry) was cut at ground level, 
weighed fresh in the field using a precision scale, stored in portable refrigerators, and transported 
to the laboratory. Samples were oven-dried at 60 °C for 48 h and re-weighed to determine dry 
matter content (Martín et al. 2020). Data collection covered multiple phenological phases between 
2022 and 2023, yielding 1020 initial observations, reduced to 722 after satellite image filtering 
and to 675 after outlier removal. 

Satellite data 
Spectral reflectance data were acquired from Sentinel-2 (S2) MultiSpectral Instrument (MSI) 
imagery, comprising 13 spectral bands from 443 to 2190 nm with spatial resolution of 10–60 m 
and a 5-day revisit frequency (European Space Agency n.d.). Acquisitions were filtered for cloud 
contamination over sampling locations; ground-truth records without a valid S2 image within ±5 
days of the sampling date were excluded. The 13 vegetation indices listed in Table 1 were 
computed from the filtered imagery using the rgee package (Aybar 2023) in R via Google Earth 
Engine. 

Table 1 Vegetation indices derived from Sentinel-2 imagery and used as candidate predictors. 
 

VI Definition Formula Reference 

NDVI 
Normalized 
Difference 

Vegetation Index 
(NIR−R)/(NIR+R) Insúa et al. 2024 

EVI Enhanced 
Vegetation Index 2.5×(NIR−R)/(NIR+6R−7.5B+1) Hansen et al. 

2016 

SAVI Soil-Adjusted 
Vegetation Index 1.5(NIR−R)/(NIR+R+0.5) Da Silva et al. 

2020 

OSAVI Optimized Soil-
Adjusted VI (NIR−R)/(NIR+R+0.16) Rondeaux et al. 

1996 

MSAVI Modified Soil-
Adjusted VI (2NIR+1−√[(2NIR+1)²−8(NIR−R)])/2 Hansen et al. 

2016 

NDRE 
Red Edge 

Normalized 
Difference Index 

(NIR−RE)/(NIR+RE) Insúa et al. 2024 

GNDVI Green Normalized 
Difference VI (NIR−G)/(NIR+G) Insúa et al. 2024 

RVI Ratio Vegetation 
Index R/NIR Richardson & 

Wiegand 1977 

SIPI 
Structure-

Intensive Pigment 
Index 

(NIR−B)/(NIR+R) Penuelas et al. 
1995 

TVI Transformed 
Vegetation Index (NDVI+0.5)^0.5 Tucker 1979 

NDPI 
Normalized 
Difference 

Phenology Index 
(NIR−(0.74R+0.26SWIR))/(NIR+(0.74R+0.26SWIR)) Wang et al. 2017 

SATVI 
Soil-Adjusted 

Total Vegetation 
Index 

(SWIR1−R)/(SWIR1+R+0.1)−SWIR2/2 Marsett et al. 
2006 

 
* R = Red; G = Green; B = Blue; RE = Red Edge; NIR = Near Infrared; SWIR = Short-Wave Infrared. 

Climate data 
Historical meteorological variables were retrieved through the WeatherbitAPI, which provides 
climate records compiled from GLDAS and ERA5 reanalyses, complemented by satellite-derived 
precipitation data (Weatherbit 2025). Variables included minimum, mean, and maximum air 
temperature; soil temperature and moisture at multiple depths; reference evapotranspiration 
(ET₀); accumulated precipitation; specific air humidity; atmospheric pressure; wind speed at 10 
m; and solar radiation. Accumulated versions of temperature, precipitation, ET₀, and degree days 
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over 2- and 4-week windows were computed to capture lagged effects on plant growth. 

Soil data 
Soil properties were obtained from SoilGrids (Poggio et al. 2021), a global digital soil mapping 
product that predicts soil properties at 250 m spatial resolution using ML models trained on 
~240,000 soil profiles and more than 400 environmental covariates. Variables extracted included 
soil organic carbon content, total nitrogen, pH (water), cation exchange capacity, bulk density, 
coarse fragment fraction, and texture fractions (sand, silt, clay) at six standard depths from 0 to 
200 cm. All variables, units, and Google Earth Engine API codes are listed in Annex 1 of the full 
thesis report. 

Modelling methodology 
All analyses were performed in R (version 4.5.0). The modelling workflow comprised four stages 
(Figure 2): (1) dataset construction; (2) data cleaning and variable selection; (3) model 
development; and (4) performance evaluation. 

 
Figure 2. Diagram of the predictive model development workflow. 
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Dataset construction 
A harmonised dataset was assembled by aligning coordinate reference systems (CRS) between 
ground-truth sample points and Sentinel-2 imagery. Spectral values for all 13 S2 bands were 
extracted at each sample location, and the 13 VIs in Table 1 were calculated. Soil data were 
added using sample coordinates as reference points (package rgee, SoilGrids API). Climate 
variables were added manually from WeatherbitAPI exports in Excel, resulting in a dataset of 63 
candidate predictor variables. 

Data pre-processing 
Outliers in the target variable (green dry-matter biomass, GP) were removed using the 
interquartile range (IQR) method, flagging values below Q1 − 1.5×IQR or above Q3 + 1.5×IQR, 
which eliminated 47 records. Variable relevance was assessed by three complementary 
approaches. First, a Pearson correlation matrix was computed between all predictors and GP, 
retaining variables with statistically significant correlations. Second, PCA (package FactoMineR) 
was used to explore data structure and identify redundant information among collinear predictors. 
Third, the Variance Inflation Factor (VIF) was calculated for all candidate predictors to detect and 
eliminate multicollinear variables, following the methodology of Tierney (2003). 

The final predictor set of 23 variables was selected by manually removing variables with low 
significance or high redundancy. It comprised: spectral bands B8, B8A, B9, and B12; seven VIs 
(MSAVI, NDRE, GNDVI, SATVI, SIPI, NDPI, RVI); six climate accumulators (solar radiation RAD, 
mean temperature Temp_med_acum_4S, precipitation Precip_acum_2S, relative humidity 
RH_acum_4S, growing degree days GDD_acum_4S, and evapotranspiration ET_acum_4S); 
three soil properties at 15 cm depth (bulk density BDOD, pH, and sand fraction Sand); and two 
temporal variables (Day_Cycle and Month). 

Model development 
The dataset was randomly split 80:20 (training:test), stratified to preserve the distribution of the 
target variable. Four algorithms were trained and hyperparameter-tuned (Table 2): (i) MLR with 
Lasso regularisation, which penalises the regression coefficients to reduce overfitting and 
automatically selects relevant predictors; (ii) KNN (k = 5), which classifies or predicts a new 
observation based on the majority or average of its k nearest neighbours in feature space; (iii) RF 
(mtry = 8, ntree = 478), an ensemble of independently grown decision trees that aggregates 
predictions by averaging, reducing variance while maintaining low bias; and (iv) XGBoost 
(max_depth = 3, η = 0.05, nrounds = 300), a gradient-boosted tree ensemble that sequentially 
corrects prediction errors, incorporating regularisation terms (gamma, colsample_bytree, 
min_child_weight, subsample) to prevent overfitting. 

Table 2 Hyperparameters and selection criteria used to validate the best prediction models. 
Model Algorithm Key Parameters Criteria R Package 
LMR Linear Multiple 

Regression 
lambda.min, intercept Residual error lm 

KNN k-Nearest Neighbors k = 5 RMSE class 
RF Random Forest mtry = 8, ntree = 478 OOB R² randomForest 

XGB eXtreme Gradient 
Boosting 

max_depth=3, 
η=0.05, 

nrounds=300, 
gamma=0, 

colsample=0.6, 
min_child=5, 

subsample=0.6 

Test RMSE (CV) xgboost 

Performance evaluation 
Predictive performance was assessed on the test subset using the coefficient of determination 
(R²) and the root mean square error (RMSE), calculated as: 
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Variable importance was extracted from each model using algorithm-specific metrics: Lasso 
coefficient magnitude; KNN sensitivity analysis; RF permutation importance (mean decrease in 
accuracy); and XGBoost gain-based importance. This allowed identification of the most influential 
predictor types across models. 

Results and Discussion 

Dataset characteristics and seasonal patterns 
After Sentinel-2 filtering and outlier removal, the final dataset comprised 675 georeferenced 
observations distributed across the three study areas. Green biomass ranged from 0 to 4816 kg 
DM ha⁻¹, with a mean value of 444.3 kg DM ha⁻¹. The distribution was positively skewed, reflecting 
the prevalence of low-to-moderate values and sporadic high-production events. The number of 
observations per month ranged from 32 to 118, reflecting the uneven distribution of sampling 
effort and cloud-free satellite acquisitions across the two years. 

Seasonal patterns were consistent with the literature for annual Mediterranean pastures (San 
Miguel 2001; Olea et al. 1990): highest biomass was recorded in spring (particularly April–May), 
a secondary peak was observed in autumn, and near-zero values occurred in summer drought 
period (Figure 3). Cáceres showed the highest spring medians, likely reflecting the combined 
effect of antecedent autumn rainfall and rising temperatures, yet also exhibited the greatest inter-
annual variability, which can challenge model generalisation. Fewer cloud-free acquisitions were 
available in 2022 due to higher rainfall, resulting in a temporal imbalance that may limit the model's 
ability to capture inter-annual dynamics fully. 

 
Figure 3. Distribution of green grass biomass by study area and month. Ba = Badajoz, Cc = Cáceres and Sa = Salamanca. 

The PCA analysis showed that two principal components explained 56.6% of total variance, 
reaching 85% with six components. The first component was dominated by VIs and accumulated 
climate variables, and the second by spectral bands and soil data. Although some separation 
among study areas was observed, the overlap among sites suggested that a common predictive 
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framework could be developed across the three dehesa systems. 

Variable selection 
The Pearson correlation matrix identified significant relationships between GP and: (i) spectral 
bands B6, B7, B8, B8A, B9, B11, and B12 (r = 0.25–0.39, highest for B8 and B9); (ii) all 13 VIs (r 
= 0.37–0.39), with the exception of SATVI, which showed lower correlation due to its sensitivity 
to bare-soil exposure rather than green biomass per se; (iii) accumulated climate variables, two-
week precipitation, Day_Cycle, four-week mean temperature, growing degree days, radiation, 
and relative humidity (r = 0.13–0.32); and (iv) soil bulk density, pH, and sand content at 15 cm 
depth. The month variable was the only temporal predictor significantly correlated with GP. 

VIF analysis was used to detect severe multicollinearity among VIs (particularly NDPI, TVI, 
MSAVI, NDVI, OSAVI, SAVI, and NDRE), and among cumulative climate variables (all 
accumulation windows derived from the same base series). Variables with VIF > 5 were 
progressively removed while preserving one representative from each correlated group. 

Model performance and variable importance 
The predictive performance of the four evaluated models is summarized in Table 3, whereas 
Figure 4 visually depicts the agreement between observed and predicted pasture biomass values 
for the best-performing models. 

Table 3 Performance metrics (R² and RMSE) for each prediction model. 
 

 Calibration (n= 540) Validation (n=135) 
Model R² RMSE (kg DM ha⁻¹) R² RMSE (kg DM ha⁻¹) 

LMR (Lasso)   0.49 422.59 

KNN 0.87 213.15 0.85 267.74 

RF 0.94 132.80 0.79 255.49 

XGBoost 0.95 136.67 0.88 238.81 

 
Figure 4. Scatter plots (test subset) of the model's predictions with better performance versus observations after linear 

correction that are displayed with performance metrics (R2 and RMSE). 

The MLR Lasso model showed the weakest predictive performance (R² = 0.49, RMSE = 422.59 
kg DM ha⁻¹), with a systematic tendency to underestimate high biomass values. The poor 
performance confirms that linear relationships are insufficient to capture the complex, nonlinear 
interactions between multi-source predictors and pasture productivity in heterogeneous dehesa 
environments. 

The KNN model achieved a high coefficient of determination (R² = 0.85), outperforming UAV-
based approaches that use only VIs (R² = 0.62; Álvarez-Mendoza et al. 2022). However, its RMSE 
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(267.74 kg DM ha⁻¹) was the highest among nonlinear models, which indicates that may be 
sensitive to the distribution of the training data for extreme values. 

RF achieved R² = 0.79 and the lowest RMSE (255.49 kg DM ha⁻¹), placing it within the 0.73–0.92 
range reported for comparable studies (Furnitto et al. 2025). The slight underestimation at low 
biomass values is likely attributable to the high variability of ground-truth data at the lower end of 
the distribution. 

XGBoost delivered the best overall performance (R² = 0.88, RMSE = 238.81 kg DM ha⁻¹), 
exceeding the highest R² previously reported for dehesa-type systems (0.78; Furnitto et al. 2025) 
and substantially outperforming UAV-only VI models (Álvarez-Mendoza et al. 2022). The 
predicted values were closely aligned with observations across the full biomass range, with the 
regression line nearly coinciding with the ideal 1:1 reference. 

Based on the importance analysis shown in Figure 5. Across all nonlinear models, cumulative 
climate variables: solar radiation, growing degree days, and precipitation, emerged consistently 
as the most influential predictors. This is consistent with the physiology of Mediterranean annual 
grasses, in which thermal accumulation drives leaf appearance rate, radiation determines 
photosynthetic potential, and water availability constrains leaf area expansion and tillering 
(Colabelli et al. 1998). Edaphic variables (bulk density, sand fraction, pH) provided secondary but 
meaningful discriminative power, reflecting the well-documented relationship between soil water-
holding capacity and annual pasture production in dehesa systems (Olea et al. 1990). 

 
Figure 5. Relative importance of predictor variables in Random Forest, and XGBoost models developed for pasture green 

biomass prediction. Higher importance values indicate a greater contribution of the predictor to model performance. 

Conclusion 
This study demonstrated the feasibility of developing accurate predictive models of natural 
pasture biomass in Spanish dehesa systems using exclusively remotely sensed, climatic, and 
edaphic variables, without reliance on real-time in-situ measurements. 

Among the four machine learning algorithms evaluated, XGBoost and Random Forest achieved 
the highest predictive performance, followed by KNN. In contrast, the multiple linear regression 
model performed substantially worse, highlighting the predominantly nonlinear relationships 
governing pasture productivity. Across the nonlinear models, temporal and cumulative climatic 
variables, namely solar radiation, growing degree days, cycle day, and precipitation accumulators, 
emerged as the most influential predictors, underscoring the central role of water–energy balance 
and phenological development in Mediterranean annual grasslands. Soil properties, particularly 
bulk density, texture, and pH, provided complementary explanatory power at the site level, while 
spectral vegetation indices contributed additional information related to vegetation greenness and 
condition. 
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The proposed framework provides a foundation for a scalable precision livestock farming tool 
capable of supporting management decisions such as stocking rate adjustment, grazing rotation 
planning, supplementary feeding strategies, and adaptive responses to climatic variability, while 
minimizing the need for continuous field sampling. Future research should focus on expanding 
the dataset across a broader range of years, locations, and environmental conditions, 
incorporating management-related variables, and validating model performance in additional 
agro-climatic regions of Spain to enhance operational applicability. Furthermore, the integration 
of advanced temporal machine learning architectures and higher-temporal-resolution satellite 
observations may further improve prediction accuracy, robustness, and transferability under 
increasingly variable climatic conditions. 
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