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Abstract 7 

Monitoring heterogeneous agroforestry systems requires an integrated framework capable of producing 8 

comparable indicators across space and time, with statistical measures of uncertainty. We propose an 9 

operational and reproducible framework for designing environmental monitoring and estimating changes in 10 

the conservation status of extensive High Nature Value agroforestry systems, as exemplified by the 11 

Mediterranean Dehesa. Probability samples of farms, pixels, quadrats, trees, and fauna detections are 12 

integrated with auxiliary information from Sentinel-2 imagery and airborne light detection and ranging 13 

(LiDAR) through design-based and model-assisted statistical estimators. A permanent-panel design 14 

supports direct estimation of temporal change while accounting for covariance between monitoring 15 

occasions. The framework covers tree demographic structure, grassland productivity and nutritional 16 

quality, shrub cover, carbon stocks and removals, flora composition and diversity, and bird-community 17 

diversity. Linear, binary logistic, and multinomial logistic models are used according to the nature of the 18 

indicators, while probability-sampling foundations are retained for inference. Six numerical examples 19 

illustrate implementation in a 15.52-ha Dehesa study area and link the statistical formulations to 20 

documented datasets and reproducible R workflows. By combining probabilistic field observations with 21 

spatially exhaustive Earth observation data, the framework can improve monitoring efficiency and 22 

precision without replacing design-based measures of uncertainty. The approach provides a coherent basis 23 

for repeated conservation assessment, biodiversity monitoring, and carbon-farming monitoring, reporting, 24 

and verification, and is transferable to other heterogeneous agroforestry landscapes. 25 

Keywords: probability sampling; model-assisted estimation; Earth observation; temporal change; 26 

ecological indicators; carbon farming. 27 

Introduction 28 

Mediterranean silvopastoral systems such as the Dehesa represent multifunctional landscapes resulting 29 

from centuries of interaction between human management and Mediterranean oak woodlands (Díaz et al., 30 

1997; Parsons, 1962). The coexistence of scattered trees, grasslands, and shrub communities creates a 31 

structurally heterogeneous ecosystem that supports high biodiversity and provides multiple ecosystem 32 

services, including livestock production, carbon storage, soil protection, and cultural values (European 33 

Commission, 2013; Rodríguez-Rojo et al., 2022). 34 

As one of the most representative High Nature Value farming systems in Europe, the Dehesa is recognized 35 

under Annex I of the European Union (EU) Habitats Directive (Council of the European Communities, 36 

1992) as a habitat of Community interest whose conservation status requires periodic assessment and 37 

reporting. Despite its ecological and socioeconomic importance, inadequate tree regeneration, tree decline, 38 

land-use change, and climate-related pressures may compromise the system's long-term sustainability (Díaz 39 

et al., 1997; Rodríguez-Rojo et al., 2022). These challenges increase the need for statistically robust 40 

monitoring frameworks supporting conservation assessment, biodiversity monitoring, and emerging carbon 41 

farming initiatives (European Commission, 2026; European Parliament & Council of the European Union, 42 

2024). 43 
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Against this legal background, the methodological problem addressed in this study is how to design 44 

statistically robust monitoring schemes capable of producing comparable indicators with quantified 45 

uncertainty across space and time. The proposed framework is intended to avoid two potential limitations: 46 

ground-based estimates that are not formally extrapolated to the whole habitat and wall-to-wall remote-47 

sensing estimates whose sampling and model uncertainty is not explicitly quantified. The present work 48 

therefore develops an integrated framework for environmental monitoring and assessment tailored to 49 

heterogeneous landscapes such as the Dehesa, with a particular focus on change estimation.  50 

 
The framework combines probabilistic ground surveys with auxiliary information derived from 51 

multispectral satellite imagery and airborne LiDAR data. Combining ground surveys and remote-sensing 52 

data has a long tradition in environmental and agricultural statistics, particularly for improving estimation 53 

efficiency while maintaining statistical rigor (Ambrosio Flores & Iglesias Martínez, 2000). Remote-sensing 54 

data are incorporated through model-assisted estimators designed to improve the cost-efficiency of ground 55 

surveys while preserving design-based inference (Särndal et al., 1992). Our focus is explicitly operational: 56 

we aim to estimate ecological indicators describing habitat structure, vegetation productivity, biodiversity, 57 

and carbon removal, together with measures of uncertainty derived from the sampling design and the 58 

assisting models. Particular emphasis is placed on consistent estimation of habitat dynamics over time 59 

within a unified monitoring framework. 60 

 
While the methodology is illustrated through a Dehesa case study—representative of an extensive 61 

agroecosystem distributed across large areas of Spain and Portugal—the proposed approach is inherently 62 

generic and can be readily extended to other Mediterranean ecosystems and, more broadly, to habitats 63 

subject to periodic reporting under international conservation agreements. The framework is also directly 64 

relevant to emerging systems for monitoring carbon removal and carbon farming, where statistically 65 

coherent approaches to measurement, reporting, and verification (MRV) are increasingly required in 66 

climate-policy contexts. 67 

 
The paper is organized at four complementary levels. The main text presents the operational monitoring 68 

framework and the proposed estimators, while Supplementary Material (Online Resource 1) provides the 69 

complete statistical derivations, including variance–covariance structures and variance estimators for 70 

temporal change. Numerical Examples (Online Resource 2) are provided for selected monitoring 71 

components under realistic Dehesa conditions. Each Numerical Example is linked to the README of its 72 

corresponding repository module, which provides access to the associated datasets and fully reproducible 73 

scripts. 74 

 
The methodological framework covers the sampling designs and estimators used to monitor the tree, 75 

shrubland, and grassland components of Dehesa systems, together with carbon removal and carbon farming 76 

indicators. Biodiversity assessment is subsequently addressed for vegetation and low-mobility fauna, 77 

whereas highly mobile fauna is considered separately, with particular emphasis on line-intersect-sampling. 78 

The Conclusions discuss the broader relevance of the proposed approach for operational habitat 79 

monitoring, conservation assessment, biodiversity monitoring, and carbon-oriented environmental policies. 80 

Surveys for monitoring conservation status 81 

Habitat conservation status is assessed through structural and functional indicators describing key habitat 82 

attributes over time, across spatial domains, and under different management regimes (Council of the 83 

European Communities, 1992; European Commission, 2013). In Dehesa systems, these indicators include 84 

tree density, age structure, and productivity; shrub cover; pasture composition and biomass; carbon removal 85 

and carbon farming variables; and metrics of faunal biodiversity. 86 

 
In this study, each indicator is treated as a survey variable defined on spatial sampling units and observed at 87 

successive monitoring occasions. Habitat-level indicators are expressed as aggregates of these variables, 88 

including totals, means, proportions, and ratios, and are estimated from probabilistic samples of spatial 89 

units under a design-based inferential framework. 90 
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Probabilistic sampling requires the specification of one or more sampling frames. In this study, we consider 91 

the two main types of frames commonly used in environmental applications: area frames and list frames. 92 

Area frames are constructed from maps, aerial imagery, or satellite data, whereas list frames are derived 93 

from administrative or farm censuses. The corresponding sampling units therefore differ according to frame 94 

structure, consisting of polygons or points in area frames and farms in list frames (Ambrosio et al., 2023). 95 

 

The sampling design may involve multiple stages, with different frames and probabilistic selection schemes 96 

applied at each stage. For area-based habitat and vegetation indicators, sampling over time follows a strict 97 

panel design in which the same sampling units are revisited at each monitoring occasion. Highly mobile 98 

fauna constitutes an exception, with independent samples selected by line-intersect sampling (LIS) at 99 

successive occasions. Consequently, the resulting designs are generally complex rather than simple random 100 

samples (Fuller, 2009). 101 

 

For illustrative purposes, we consider a three-stage sampling design combining both list and area frames. A 102 

first-stage sample of Dehesa farms  is selected from a list frame, while a second-stage sample of pixels is 103 

selected within the selected farms using an area frame derived from satellite imagery and stratified 104 

according to tree density using LiDAR-derived information. The third-stage sample depends on the 105 

ecological component being assessed. For the tree layer, the observational units consist of the tree clusters 106 

associated with the selected pixels. For the herbaceous and shrub layers,  and for faunal taxa with limited 107 

mobility, samples of quadrats within the selected pixels are considered. For certain fauna taxa, particularly 108 

birds, whose individuals are highly mobile or cryptic and for which no well-defined sampling frame is 109 

available, LIS  is employed. 110 

 

Sampling schemes are designed, and estimators are selected, so that the resulting estimators are unbiased, 111 

or approximately unbiased, for the habitat aggregates of interest while achieving acceptable precision at 112 

operational survey costs. In addition to strictly design-based estimators relying exclusively on field 113 

observations, we consider model-assisted estimators that combine field data with auxiliary Earth 114 

observation (EO) information (Firth & Bennett, 1998; Särndal et al., 1992). 115 

 
Auxiliary information includes vegetation indices derived from multispectral satellite imagery together 116 

with LiDAR-based variables such as tree height, crown structure, and shrub cover. Continuous survey 117 

variables are linked to auxiliary data through linear models, whereas categorical variables are treated using 118 

logistic formulations (McCulloch & Searle, 2001). In all cases, the model acts solely as an assisting tool, 119 

while statistical inference remains design-based and continues to depend on the probabilistic sampling 120 

design rather than on model validity. The integration of Earth observation data into probabilistic survey 121 

designs has become an active area of research in agricultural and environmental statistics (Ambrosio et al., 122 

2023). Efficiency gains from model-assisted estimators depend primarily on the strength of the relationship 123 

between auxiliary EO variables and field observations (Särndal et al., 1992). 124 

 

Once fitted, the model can be used to predict the survey variable from the auxiliary variables in spatial units 125 

not included in the sample. In principle, these auxiliary variables could be computed wall-to-wall over the 126 

entire habitat, allowing predictions to be obtained for every spatial unit and aggregated to derive the 127 

indicator of interest. However, such an approach is both costly and unnecessary.  128 

 

The adopted sampling design is intended to provide a more cost-efficient alternative while preserving 129 

design-based inference. Auxiliary variables are computed only for the pixels within the farms selected at 130 

the first stage. They are then used to derive farm-level estimates of the indicator of interest. These estimates 131 

are subsequently expanded to the habitat level using the corresponding first-stage inclusion probabilities, 132 

and the sampling variance of the indicator of interest is estimated to obtain the required measures of 133 

uncertainty at the habitat level.    134 
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Estimation of change under a strict panel design 135 

The primary objective of the proposed monitoring framework is to estimate temporal change in habitat 136 

indicators. For area-based habitat and vegetation components, the same farms, pixels, trees, and quadrats 137 

are revisited at each monitoring occasion under a strict panel design. Such designs are generally more 138 

efficient for change estimation than repeated independent samples because they allow covariance between 139 

occasion-specific estimators  to be incorporated (Fuller, 1999). Highly mobile fauna is treated separately 140 

using independent LIS samples at each occasion. 141 

 
Let 𝑡 = 1, … , ܶ denote the monitoring occasions, where 𝑡 = 1corresponds to the beginning of the 142 

monitoring period and 𝑡 = ܶ to the final occasion. For each indicator monitored under the strict panel 143 

design, habitat-level estimates are obtained from the probabilistic multistage sampling design described 144 

above, using either direct design-based estimators or model-assisted estimators, depending on the 145 

availability of auxiliary EO information. Because the same sampling units are repeatedly observed, the 146 

estimators obtained at different occasions are generally correlated. Their joint uncertainty therefore depends 147 

not only on the sampling variance at each occasion but also on the covariance induced by repeated 148 

observation of the same units.  149 

 
Although intermediate estimates may be produced when auxiliary EO information is available, intensive 150 

ground surveys are generally restricted to the initial and final occasions of the monitoring cycle for reasons 151 

of operational feasibility and cost efficiency. The strict panel design nevertheless ensures that repeated 152 

observations of the same sampling units support statistically coherent estimation of temporal change and its 153 

associated uncertainty.  154 

 
The primary  indicator of conservation dynamics considered in this study is the net change over the 155 

monitoring cycle, defined as ܻ߂ =  ்ܻ  −  1ܻ with estimator ܻ̂߂  =  ்ܻ̂  −  ܻ̂1.  A key advantage of the strict 156 

panel design is that the sampling variance of the change estimator explicitly incorporates the covariance 157 

between occasion-specific estimators: Var(ܻ̂߂)  =  V(்ܻ̂ )  +  V(ܻ̂1)  −  2 Cov(ܻ̂1, ்ܻ̂ ). Unlike approaches 158 

based on independent cross-sectional samples, this framework accounts for the covariance structure 159 

induced by repeated observations. When the covariance between occasion-specific estimators is positive, as 160 

is commonly expected under a strict panel design, this generally results in a smaller variance for the 161 

estimated change. The same formulation applies to both direct design-based and model-assisted estimators. 162 

A compact matrix formulation of the panel estimators and their variance–covariance structure is provided 163 

in the Supplementary Material (Online Resource 1). 164 

Tree conservation status 165 

Trees (Quercus spp.) constitute the structural backbone of Dehesa ecosystems and are therefore a central 166 

element in conservation-status assessments. Monitoring tree condition requires indicators that quantify 167 

density, regeneration, demographic structure, and functional performance. These indicators are estimated in 168 

a design-based framework using  probabilistic samples of trees to collect information on regeneration status 169 

and structural tree attributes. For illustrative purposes, we consider the three-stage sampling design 170 

described in Supplementary Material (Online Resource 1), in which the third-stage inclusion probability 171 

equals 1; that is, all trees associated with each selected second-stage pixel are included in the sample.  172 

Earth observation (EO) auxiliary variables—such as tree height and crown area derived from LiDAR 173 

data—are incorporated through model-assisted estimators (Bhebhe et al., 2025; Lefsky et al., 2002). These 174 

estimators can improve the cost-efficiency of ground surveys while preserving design-based inference, 175 

making them suitable for estimating tree indicators at each monitoring occasion. Full statistical derivations 176 

and sampling-variance expressions are provided in the Supplementary Material (Online Resource 1). 177 
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Age structure 178 

Tree regeneration is one of the primary indicators of Dehesa conservation status. A balanced demographic 179 

structure—characterized by sufficient recruitment of young individuals—is critical for long-term ecological 180 

stability (Pulido et al., 2001). The proportion of young trees relative to the total tree population can be 181 

estimated using design-based estimators relying exclusively on field observations. For the numerical 182 

illustration, field verification identifies effective trees among LiDAR candidates at t1, whereas DBH and 183 

young status (DBH < 15 cm) are simulated for the sampled effective trees, as are the t6 tree observations. 184 

Occasion-specific estimators of the total number and proportion of young trees are computed from the 185 

inclusion probabilities of the probabilistic sampling design (Section 3.1 of the Supplementary Material).  186 

These design-based estimators are unbiased under the specified sampling design but may have limited 187 

precision when sample sizes are small. Model-assisted estimators combining ground observations with EO 188 

auxiliary variables are therefore considered as a means of potentially improving precision (Section 3.2 of 189 

the Supplementary Material). Two logistic models use LiDAR-derived predictors—such as crown area and 190 

tree height—to estimate whether a candidate is an effective tree and whether it is an effective young tree. 191 

The ratio of the corresponding model-assisted totals estimates the young-tree proportion, with potential 192 

precision gains depending on the predictive strength of the auxiliary variables (Section 3.2.2 of the 193 

Supplementary Material). This approach capitalizes on extensive spatial coverage by EO data while 194 

preserving design-based inference. 195 

For the numerical illustration, the following operational conservation-status classification is adopted at the 196 

habitat level: (i) favorable when young trees account for at least 50% of the tree population; (ii) 197 

unfavorable–inadequate when they account for at least 10% but less than 50%; and (iii) unfavorable–bad 198 

when they account for less than 10%. These thresholds are illustrative decision rules rather than a generally 199 

prescribed legal classification. 200 

Numerical illustration 201 

The estimation of tree age structure is illustrated using data from a 15.52-ha Dehesa study area. Numerical 202 

Example 1 in Online Resource 2 demonstrates the calculation of design-based and model-assisted 203 

estimators of the total number and proportion of young trees under a strict panel design in which the same 204 

sampling units are repeatedly observed, using Sentinel-2 imagery, LiDAR-derived structural attributes, 205 

field verification of t1 tree candidates, and simulated young status and t6 tree observations. The associated 206 

datasets, scripts, intermediate products, and numerical outputs are available in the corresponding repository 207 

module, whose README documents the complete reproducible workflow. 208 

Grassland conservation status 209 

Herbaceous vegetation is a fundamental structural and functional component of Dehesa ecosystems, 210 

providing the primary forage base for livestock, sustaining soil ecological processes, and contributing to 211 

overall habitat quality. Monitoring its conservation status requires indicators that capture productivity, 212 

nutritional quality, and functional traits. Given the high spatial and temporal variability of Mediterranean 213 

grasslands, probabilistic survey designs combined with auxiliary Earth observation (EO) data provide a 214 

robust and operationally feasible approach. In particular, the use of a strict panel of pixels and quadrats 215 

revisited at each monitoring occasion allows the explicit estimation of temporal covariance terms and can 216 

improve the efficiency of change estimators. 217 

For illustrative purposes, the three-stage sampling described in Section 2 of the Supplementary Material is 218 

adopted. The first and second stages are common to all habitat layers considered in this study. For 219 
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grassland monitoring, a third-stage sample of quadrats is selected within each sampled pixel, and pasture is 220 

harvested and analyzed within those quadrats to obtain the data required for estimating indicators of 221 

productivity, nutritional quality, and functional traits at each monitoring occasion, as well as their change 222 

throughout the monitoring cycle.   223 

Productivity, nutritional quality, and functional traits 224 

Pasture productivity—the amount of dry matter (DM) accumulated per unit area—is a central indicator of 225 

grassland condition and grazing capacity. Nutritional quality is characterized by parameters such as crude 226 

protein (CP), whereas fuel moisture content (FMC) and canopy water content (CWC) describe vegetation 227 

water status and further characterize the functional condition of the herbaceous layer. Functional traits, 228 

including leaf water content (LWC), specific leaf area (SLA), leaf dry matter content (LDMC), chlorophyll 229 

content (Cab), and leaf area index (LAI), provide additional insights into vegetation functioning. 230 

These parameters can be modelled as functions of EO predictors, primarily multispectral vegetation 231 

indices, such as the normalized difference vegetation index (NDVI), normalized difference moisture index 232 

(NDMI), and normalized burn ratio (NBR), or, when available, hyperspectral metrics (Rouse et al., 1974; 233 

Serrano et al., 2023, 2024). Linear models are used to relate ground-measured parameters in quadrats to 234 

vegetation indices at the pixel level. These models capture broad spatial gradients, while explicit sampling-235 

variance estimators ensure that uncertainty can be quantified under the probabilistic multistage panel design 236 

(Wolter, 2007). 237 

Because the same pixels and quadrats are revisited at each monitoring occasion, occasion-specific 238 

estimators of productivity, nutritional quality, and functional traits can be derived within the general model-239 

assisted framework introduced in Section 3.2 of the Supplementary Material. Ground observations are 240 

combined with EO auxiliary variables to improve estimator precision while preserving design-based 241 

inference. The net change over the monitoring period is estimated as the difference between the habitat-242 

level estimators at the initial and final monitoring occasions, following the adopted strict panel formulation. 243 

Details on model specification, estimation, and variance calculation are provided in Section 3.2.1 of the 244 

Supplementary Material. 245 

Numerical illustration 246 

A Sentinel-2-based area frame and simulated ground data are used under the strict panel design. Vegetation 247 

indices (NDVI, NDMI, and NBR) are computed for successive monitoring occasions, represented here by 248 

wet and dry seasonal observations that illustrate the strong seasonality characteristic of Mediterranean 249 

grasslands (Drusch et al., 2012; Serrano et al., 2022, 2023, 2024). A stratified random sample of pixels is 250 

selected, and within each sampled pixel, the same quadrats are revisited to obtain ground measurements of 251 

DM and CP. 252 

Linear model parameters are estimated using weighted estimators that account for the inclusion 253 

probabilities of the multistage sampling design. Occasion-specific model-assisted estimators of habitat-254 

level DM and CP are then computed for each monitoring occasion using ground observations and EO 255 

auxiliary variables within the adopted probabilistic panel framework. 256 

The net change over the monitoring period is estimated as the difference between the estimators at the 257 

initial and final occasions (𝑡 = 1 and 𝑡 = ܶ), following the strict panel formulation adopted in this study. 258 

Corresponding sampling-variance estimators explicitly incorporate the covariance between the occasion-259 

specific estimators arising from the repeated observation of the same pixels and quadrats, yielding design-260 
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based measures of uncertainty for both occasion-specific levels and temporal change. The example 261 

illustrates the potential efficiency gains from incorporating EO auxiliary variables into  model-assisted 262 

estimators, with confidence intervals derived from the corresponding design-based variance estimators. 263 

The complete implementation and results are presented in Numerical Example 2. The associated datasets, 264 

scripts, intermediate products, and numerical outputs are available in the corresponding repository module, 265 

whose README documents the complete reproducible workflow. 266 

Shrubland conservation status 267 

Shrubland constitutes a key structural and functional component of Dehesa ecosystems. Shrub patches 268 

contribute to biodiversity conservation, soil protection, nutrient cycling, and carbon storage, while also 269 

increasing habitat heterogeneity across the landscape (Rodríguez-Rojo et al., 2022). Consequently, 270 

conservation-oriented management generally seeks to maintain a balanced shrub structure through selective 271 

clearing and natural regeneration processes rather than complete removal. Monitoring shrubland 272 

conservation status therefore requires indicators capable of quantifying shrub cover, structural 273 

heterogeneity, and temporal changes associated with management interventions and subsequent 274 

regeneration dynamics. 275 

In the proposed monitoring framework, shrub cover and structural attributes are assessed using a 276 

probabilistic multistage sampling design consistent with the approach applied to trees and grasslands. Earth 277 

observation data, particularly airborne LiDAR, provide structural information that can be combined with 278 

field observations through model-assisted methods, potentially improving precision while preserving 279 

design-based inference (Estornell et al., 2012; Rodríguez Dorribo et al., 2025). Shrub cover and related 280 

structural metrics are estimated at each monitoring occasion using the corresponding inclusion probabilities 281 

and EO-assisted procedures. Temporal changes in shrub cover and structure are then quantified as 282 

differences between estimates obtained for the initial and final monitoring occasions. The corresponding 283 

variance estimators are described in detail in Section 3.2.1 of the Supplementary Material. 284 

Shrub cover 285 

Shrub cover is a widely used indicator of habitat condition because of its close relationship with 286 

microhabitat availability, soil protection, and faunal diversity.  287 

LiDAR-derived canopy height models allow consistent detection of shrub layers and estimation of shrub 288 

height and biomass (Estornell et al., 2012; Rodríguez Dorribo et al., 2025). In Numerical Example 3, 289 

operational height thresholds of 0.3–1.5 m for low shrubs and 0.3–2.5 m for low and medium shrubs 290 

distinguish shrubs from herbaceous vegetation and tree canopies, supporting shrub-cover mapping at pixel, 291 

quadrat, or subpixel scales within monitored farms. 292 

Repeated observation of the same spatial units over time enables direct estimation of temporal changes in 293 

shrub cover and related structural attributes. Ground observations are combined with LiDAR-derived 294 

auxiliary variables through model-assisted procedures that can improve estimation precision while 295 

preserving design-based inference. 296 

The same model-assisted estimation framework used for grassland productivity is adopted for the shrub 297 

layer, based on a linear assisting model. Detailed statistical formulations, including joint variance–298 

covariance expressions and derivations, are provided in Section 3.2.1 of the Supplementary Material. 299 
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Numerical illustration 300 

Numerical Example 3 uses the Sentinel-2-based area frame and a LiDAR-derived canopy height model 301 

(CHM) processed for the same study area considered in the previous sections. The example focuses on 302 

pixels without trees in order to avoid canopy interference and maintain a consistent definition of the shrub 303 

layer throughout the monitoring period. LiDAR data are used to derive shrub occupancy at 1- m spatial 304 

resolution, whereas high-resolution orthophotography from the Spanish National Aerial Orthophotography 305 

Plan provides reference information on green vegetation cover for the sampled spatial units. 306 

A simple linear model relates green cover interpreted from orthophotography at the quadrat level to 307 

LiDAR-derived shrub occupancy, with model parameters estimated using inclusion-probability weights 308 

from the three-stage sampling design. Habitat-level shrub-cover estimates are then obtained through model-309 

assisted procedures, and temporal change is quantified as the difference between the estimates for the initial 310 

and final monitoring occasions. The corresponding sampling-variance estimators provide measures of 311 

uncertainty for both occasion-specific shrub-cover estimates and temporal change. 312 

The example illustrates the integration of LiDAR-derived auxiliary variables within a model-assisted 313 

framework for shrub-cover monitoring under a probabilistic sampling design. The complete 314 

implementation and results are presented in Numerical Example 3. The associated datasets, scripts, 315 

intermediate products, and numerical outputs are available in the corresponding repository module, whose 316 

README documents the complete reproducible workflow. 317 

Carbon removals and carbon farming 318 

Land-use dynamics and vegetation transitions can be represented through spatially explicit longitudinal 319 

models that account for heterogeneity and spatiotemporal dependence (Ambrosio Flores et al., 2008). In 320 

Dehesa systems, such transitions involve changes in the structure and composition of the tree, shrub, and 321 

herbaceous layers and, consequently, in the carbon stocks represented by these vegetation components. In 322 

the proposed framework, carbon-stock change is therefore treated as an indicator of ecosystem condition 323 

and as a variable relevant to environmental policy. The European Union Carbon Removals and Carbon 324 

Farming (CRCF) Regulation (EU) 2024/3012 establishes a voluntary certification framework for 325 

permanent carbon removals, carbon farming, and carbon storage in products (European Parliament & 326 

Council of the European Union, 2024). The delegated methodology adopted by the European Commission 327 

covers agricultural and agroforestry activities on mineral soils and specifies the eligible practices and 328 

quantification requirements (European Commission, 2026). 329 

For Dehesa landowners, voluntary CRCF certification may create opportunities for additional income by 330 

enabling quantified and independently certified net carbon removal or net soil emission reduction benefits 331 

to be represented by certification units. The economic value of these units will nevertheless depend on 332 

demand and on contractual arrangements outside the certification framework, because CRCF certification 333 

itself does not guarantee either a market or a particular level of remuneration (European Parliament & 334 

Council of the European Union, 2024). 335 

Participation in CRCF certification entails monitoring, reporting, verification, and liability requirements 336 

during the activity and monitoring periods established by the applicable methodology. Operators seeking 337 

certification must quantify the net carbon removal or net soil emission reduction benefits relative to the 338 

applicable baseline, demonstrate additionality, and monitor stored carbon and any reversals in accordance 339 

with the certification methodology (European Commission, 2026; European Parliament & Council of the 340 

European Union, 2024). Consequently, the CRCF framework increases the need for statistically robust 341 
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MRV systems capable of estimating carbon-stock changes and their uncertainty and of documenting 342 

storage duration and reversal risks in heterogeneous agroforestry systems such as Dehesa systems. 343 

Aboveground biomass (AGB) is estimated using model-assisted approaches under a probabilistic sampling 344 

design, combining field observations—such as tree DBH, herbaceous dry matter, and shrub cover—with 345 

auxiliary information derived from EO data, including vegetation indices for herbaceous biomass. Biomass 346 

carbon is calculated using the IPCC default carbon fraction of 0.47 and converted to CO₂ equivalent using 347 

the molecular-weight ratio 44/12 (Intergovernmental Panel on Climate Change [IPCC], 2006). 348 

At each monitoring occasion, design-based estimators provide estimates of carbon stocks and their 349 

sampling uncertainty. When the same probability sample is observed repeatedly, estimation of carbon-stock 350 

change should incorporate the covariance between the occasion-specific estimators, because the estimators 351 

are not independent (Fuller, 1999; Särndal et al., 1992). This longitudinal perspective is particularly 352 

relevant to CRCF applications, which require stored carbon and any reversals to be monitored during the 353 

applicable monitoring period (European Commission, 2026; European Parliament & Council of the 354 

European Union, 2024). Repeated observation of the same sampling units under a strict panel design 355 

therefore supports the estimation of carbon trajectories and their uncertainty while preserving design-based 356 

inference. 357 

For persistent biomass pools, carbon-stock change over the monitoring cycle is represented as a sequence 358 

of stock changes between consecutive monitoring occasions. Cumulative carbon-stock change is defined as 359 1ܵ:் = ∑ ௧ܥ) − ௧−1)௧்=2ܥ = ்ܥ − ்:with estimator ܵ̂1 ,1ܥ = ∑ ௧ܥ̂) − ௧−1)௧்=2ܥ̂ = ்ܥ̂ −  Although 360 .1ܥ̂

cumulative carbon-stock change is algebraically determined by the difference between the final and initial 361 

stocks, retaining the occasion-specific increments makes the temporal trajectory explicit and allows 362 

temporary losses, partial reversals, and subsequent recovery to be identified. This representation can 363 

therefore accommodate carbon-stock changes associated with climatic variability, disturbance, and 364 

management interventions such as pruning or shrub clearing. 365 

A key distinction is required between vegetation layers and carbon pools. For either the tree or shrub layer, 366 ܥ௧  represents a living-biomass carbon stock at monitoring occasion 𝑡. Cumulative stock change over the 367 

monitoring cycle is therefore algebraically equivalent to 1ܵ:் = ்ܥ − ்:with estimator ܵ̂1 ,1ܥ = ்ܥ̂  Nevertheless, retaining the sequence of occasion-specific changes allows disturbance, recovery, and 369 .1ܥ̂ 368−

reversal dynamics to be described. In contrast, aboveground herbaceous biomass is a transient pool subject 370 

to grazing, senescence, and decomposition. Its carbon content may be reported at each monitoring occasion 371 

as an indicator of annual biomass-carbon production, but it should not be accumulated across years as 372 

carbon sequestration. For grassland-management activities, net carbon removal should instead be quantified 373 

through changes in eligible carbon pools, particularly soil organic carbon, relative to the applicable baseline 374 

(European Commission, 2026). 375 

More generally, the proposed framework combines probabilistic panel sampling, EO auxiliary information, 376 

model-assisted estimation, temporal covariance, and explicit uncertainty estimation to monitor carbon stock 377 

change in Mediterranean silvopastoral landscapes. These elements provide a methodological basis for 378 

addressing the quantification and monitoring requirements of carbon farming MRV. However, the 379 

framework should not be interpreted as a complete CRCF certification methodology, because operational 380 

certification also requires application-specific baselines, additionality assessment, accounting for associated 381 

greenhouse gas emissions, storage and liability provisions, and independent verification under the 382 

applicable methodology (European Commission, 2026; European Parliament & Council of the European 383 

Union, 2024). 384 

Trees 385 

In Dehesa systems, destructive biomass sampling is unsuitable for routine monitoring; tree biomass must 386 

therefore be estimated from non-destructive dendrometric measurements using previously calibrated 387 



10 

allometric equations. Under the measurement-based approach established by the applicable CRCF 388 

methodology (European Commission, 2026), changes in living-biomass carbon are quantified from 389 

repeated field measurements combined with documented allometric relationships. For Quercus ilex, 390 

diameter alone is a strong predictor of individual-tree aboveground biomass, while the inclusion of tree 391 

height and crown projection radius can improve prediction (Canadell et al., 1988; Ruiz-Peinado et al., 392 

2012). In the proposed framework, height and crown metrics are derived from LiDAR data, whereas 393 

operational monitoring would measure DBH for a probability sample of trees and use it to fit an assisting 394 

model relating DBH to LiDAR-derived variables (Bhebhe et al., 2025). In Numerical Example 4, DBH is 395 

simulated for the sampled effective trees verified in the field at t1. Because the selected tree allometric 396 

equation predicts AGB only, belowground biomass is estimated using an adopted root-to-shoot ratio of 397 

0.40, consistent with the mean value of 0.41 reported for single-stemmed Quercus ilex trees in a 398 

Mediterranean forest (Canadell & Rodà, 1991). Accordingly, estimated total living tree biomass is 399 

estimated as 1.40 x AGB. 400 

Several complementary biomass-modelling approaches are available for Mediterranean hardwood species 401 

in Spain. Species-specific equations based on tree-level dendrometric variables have been developed for 402 

Quercus ilex and Quercus suber (Canadell et al., 1988; Ruiz-Peinado et al., 2012). For young Q. ilex 403 

plantations, Juan-Ovejero et al. (2023) related destructively measured aboveground biomass to remotely 404 

sensed height, crown area, and biovolume. At the stand level, Calama et al. (2024) developed biomass 405 

models for young afforestations with native species, including Q. ilex and Q. suber, based on plantation 406 

age, stand density, and site index. These studies provide complementary support for combining field 407 

measurements collected under probability sampling with remotely sensed auxiliary information in carbon-408 

monitoring applications. 409 

Within the proposed model-assisted procedure, DBH predictions derived from LiDAR variables are used as 410 

inputs to an appropriate species-specific allometric equation for holm oak (e.g., Canadell et al., 1988; Ruiz-411 

Peinado et al., 2012) to generate population-level predictions of aboveground biomass. Sample responses 412 

provide the residual correction required for design-consistent estimation; in Numerical Example 4, these 413 

responses use simulated DBH for field-verified effective trees at t1. Aboveground biomass is subsequently 414 

expanded to total living biomass and converted to carbon using the factors specified above. Changes in 415 

living tree carbon stock are estimated between consecutive monitoring occasions, thereby preserving the 416 

temporal trajectory of growth, pruning, loss, and recovery. 417 

Grassland 418 

The herbaceous layer follows an annual production–consumption cycle in which aboveground biomass is 419 

produced and subsequently removed through grazing, senescence, and decomposition. Dry matter (DM) is 420 

estimated at each monitoring occasion using the model-assisted framework described above, combining 421 

repeated observations of the same pixels and quadrats with auxiliary variables such as NDVI. The carbon 422 

temporarily contained in standing herbaceous biomass is estimated as ̂ܥ௧ு = ஼݂ܯ̂ܦ௧ = ௧ܯ̂ܦ 0.47 , 423 

where ஼݂ = 0.47 is the adopted biomass carbon fraction (Intergovernmental Panel on Climate Change 424 

[IPCC], 2006). This quantity is interpreted as a transient biomass-carbon indicator rather than as a 425 

persistent carbon stock or carbon removal. Differences between occasion-specific estimates  describe 426 

interannual variation in herbaceous biomass carbon, but values from successive years are not accumulated 427 

as carbon sequestration. Under the applicable CRCF methodology for agriculture and agroforestry on 428 

mineral soils, carbon removals attributable to improved grassland management would instead be quantified 429 

primarily through changes in organic carbon soil relative to the baseline, after accounting for the associated 430 

greenhouse gas emissions (European Commission, 2026). 431 

Shrubs 432 

Shrub cover and height can be characterized using LiDAR-derived structural metrics, which may be 433 

incorporated into assisting biomass models calibrated with field measurements (Estornell et al., 2012). 434 

Under the strict panel design, the same spatial units selected by probability sampling are observed at each 435 
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monitoring occasion, allowing changes in shrub living-biomass carbon stocks and the covariance between 436 

occasion-specific estimators to be estimated. Because shrubs constitute a persistent carbon pool, changes 437 

between consecutive monitoring occasions can represent both abrupt losses caused by management 438 

interventions, such as clearing, and subsequent regrowth. In Numerical Example 4, however, the 439 

relationship between shrub cover and biomass is an explicitly calibrated synthetic proxy because empirical 440 

calibration data are unavailable. The resulting shrub-carbon estimates are therefore illustrative and cannot 441 

support carbon crediting. 442 

Integrated interpretation 443 

An integrated carbon assessment of Dehesa systems must distinguish persistent carbon stocks in living 444 

woody biomass from transient annual flows of herbaceous biomass carbon. Accordingly, cumulative 445 

woody-stock change over the monitoring cycle is calculated by adding successive changes in tree and shrub 446 

carbon stocks. The shrub component is expressed on an area-equivalent basis for the entire farm before 447 

integration with tree carbon stock. Herbaceous biomass carbon is reported separately at each monitoring 448 

occasion and is not included in cumulative woody-stock change. This separation reflects the contrasting 449 

temporal behaviour of persistent and transient biomass pools and allows management interventions, 450 

climatic variability, losses, and recovery to be represented explicitly. The six-year illustration and the 451 

corresponding variance-estimation procedures are presented in Numerical Example 4.  452 

Numerical illustration 453 

A reproducible illustration of the carbon-accounting component of the proposed MRV framework is 454 

provided in Numerical Example 4. The example integrates the outputs for the three main vegetation layers 455 

of the Dehesa system—trees, grassland, and shrubs—within a common probabilistic panel framework 456 

combining model-assisted estimation, Earth observation auxiliary variables, and design-based variance 457 

estimation. Repeated observations of the same spatial sample allow the covariance between occasion-458 

specific estimators to be incorporated into uncertainty estimation for changes in persistent woody carbon 459 

stocks. Annual herbaceous biomass-carbon flows are estimated within the same sampling framework but 460 

are reported separately and do not contribute to cumulative woody-stock change. 461 

The numerical example considers a six-year monitoring cycle represented by a predefined sequence of dry 462 

(D) and wet (W) conditions. Tree carbon is treated as a persistent woody stock estimated using species-463 

specific allometric equations applied to DBH predictions derived from LiDAR variables, with design-based 464 

residual correction based on simulated DBH for field-verified effective trees in the t1 probability sample 465 

and simulated tree responses at t6. Grassland biomass carbon is reported as a sequence of annual flows 466 

derived from repeated NDVI-assisted dry-matter estimation under the D–W–D–D–W–D sequence. Shrub 467 

carbon is represented as a persistent stock using estimated shrub cover and a synthetic relationship between 468 

shrub cover and biomass. Because this relationship has not been empirically calibrated for the study area, 469 

the shrub-carbon results are illustrative. 470 

The results illustrate the contrasting temporal behaviour of the ecosystem components. Trees and shrubs are 471 

treated as persistent living-biomass carbon stocks, whereas annual grassland biomass carbon is reported 472 

separately as a transient flow and is not accumulated as carbon removal. The example estimates changes in 473 

the total living woody biomass carbon stock of the monitored Dehesa, including pre-existing trees and 474 

shrub vegetation, and is therefore relevant to ecosystem monitoring. However, these estimates should not 475 

be interpreted as carbon removals eligible for CRCF certification. Under the currently adopted eligibility 476 

rules, growth in the carbon stock of vegetation already present before submission of the activity plan is 477 

excluded from the temporary net carbon removal benefit. Only biomass carbon attributable to planting, 478 

seeding, or measures promoting natural regeneration implemented as part of the certified activity may be 479 

eligible, subject to the applicable baseline, additionality, uncertainty, associated emissions, and monitoring 480 

requirements (European Commission, 2026). 481 
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The associated datasets, scripts, intermediate products, and numerical outputs are available in the 482 

corresponding repository module, whose README documents the complete reproducible workflow. 483 

Surveys for assessing biodiversity 484 

In this section, biodiversity is represented by measurable attributes of species composition and diversity 485 

estimated from repeated probability samples. Rather than examining the ecological mechanisms underlying 486 

biodiversity change, we illustrate how species probabilities and diversity indices, together with their 487 

temporal changes, can be estimated under the proposed sampling framework. Earth observation auxiliary 488 

data may be incorporated through model-assisted procedures to potentially improve estimation precision. 489 

Species richness and relative abundance are key dimensions of biodiversity and habitat conservation 490 

assessment (Hill, 1973; Magurran, 2004; Rodríguez-Rojo et al., 2022). We represent community 491 

composition through the probability distribution of observations across species or predefined ecological 492 

groups. The general framework can be applied to different vegetation layers and faunal groups, whereas the 493 

numerical illustrations focus specifically on the composition of herbaceous functional groups and bird 494 

assemblages. 495 

Measures 496 

Let ܭdenote the number of possible species or predefined ecological groups considered for a given 497 

community, and let ࣆ = ,1ߤ) … , ,௞ߤ … ,  ௞is the 498ߤ ௄) denote the corresponding composition vector, whereߤ

probability that an observation—such as a vegetation contact or faunal detection—is classified in category 499 ݇, and ∑ ௞௄௞=1ߤ = 1. When the categories correspond to species, richness is the number of species with 500 ߤ௞ > 0, while evenness describes how uniformly observations are distributed among the species present 501 

(Magurran, 2004). When categories represent broader ecological groups, as in Numerical Example 5, 502 ࣆ describes group composition rather than species richness. 503 

The Shannon index summarizes community composition through the entropy function  ܪ =504 − ∑ ௞௄௞=1ߤ ln(ߤ௞), with 0 ln(0) defined as zero (De’ath, 2012; Magurran, 2004; Shannon, 1948a, 1948b). 505 

Over ܭ possible categories, ܪ ranges from zero, when all observations belong to a single category, to 506 ln(ܭ), when observations are equally distributed among all categories. When the categories correspond to 507 

species, the index reflects both richness and evenness; when broader ecological groups are used, it 508 

describes the diversity of their compositional distribution. 509 

Shannon entropy is not expressed on an effective-number scale, which can limit its direct ecological 510 

interpretation. Hill numbers complement it by expressing diversity as the effective number of equally 511 

represented species or categories and by allowing sensitivity to rare and dominant community components 512 

to vary with the order ݍ (Hill, 1973). In particular, diversity of order ݍ = 1, is the exponential of Shannon 513 

entropy;  diversity of order ݍ = 0  equals the number of represented species or categories; and diversity of 514 

order ݍ = 2 places greater emphasis on richness and dominant categories, respectively. Hill-number indices 515 

are derived from the same estimated composition vectors used for Shannon diversity, with uncertainty 516 

requiring appropriate propagation through the corresponding nonlinear transformations. 517 

In practice, the composition vector ࣆ is unknown and must be estimated from probability-sample 518 

observations, using sampling weights and, where appropriate, EO-derived auxiliary variables. Biodiversity 519 

can then be evaluated at complementary spatial scales. Shannon alpha diversity, ܪఈ , is the appropriately 520 

weighted mean of local diversity across sampling units; gamma diversity, ܪఊ, is the Shannon entropy of the 521 

habitat-level composition vector; and additive beta diversity is defined as ܪఉ = ఊܪ −  ఈ, representing the 522ܪ

compositional differentiation among sampling units (De’ath, 2012; Lande, 1996; Magurran, 2004). When 523 
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the categories are ecological groups rather than species, these measures describe diversity and 524 

heterogeneity in group composition. 525 

Because these indices are nonlinear functions of the design-based estimators of composition probabilities, 526 

they can be estimated by substitution at each monitoring occasion and used to assess temporal changes in 527 

biodiversity. The Shannon indices ܪఈ,௧, ܪఉ,௧, and ܪఊ,௧, together with the corresponding Hill-number 528 

diversity indices, are computed at the initial and final monitoring occasions (𝑡 = 1 and 𝑡 = ܶ), and their 529 

changes are  evaluated using the longitudinal variance structure appropriate to the corresponding sampling 530 

design. For area-based samples under a strict panel design, repeated observation of the same panel units 531 

permits estimation of the covariance between occasion-specific estimators, which must be incorporate into 532 

the variance estimator for biodiversity change under longitudinal monitoring (Fuller, 1999). 533 

Multinomial logit model 534 

For pixel ݌ in farm ݅, community composition is represented by the probability vector ࣆ௜௣ ,௜௣1ߤ) 535= … , ,௜௣௞ߤ … ,  ௜௣௞is the probability that an observation is classified as species or 536ߤ ௜௣௄)੊, whereߤ

ecological group ݇ , and ∑ ௜௣௞௄௞=1ߤ = 1. A multinomial logit model relates ܭ − 1 category logits to the EO 537 

auxiliary-variable vector ࢞௜௣, with one category serving as the reference. Sampling weights derived from 538 

the probability design are incorporated into model fitting. As with the linear and binomial-logit models 539 

used for the preceding indicators, the multinomial model acts as an assisting relationship: EO variables may 540 

improve estimation precision, but the fitted relationships are not interpreted as evidence of ecological 541 

causality (Firth & Bennett, 1998; Särndal et al., 1992). 542 

Ground observations, sampling weights, and EO auxiliary variables are combined to obtain occasion-543 

specific pixel-level estimates ̂ࣆ௜௣. These estimates are used to derive local and habitat-level Shannon and 544 

Hill-number diversity measures. Temporal change and its uncertainty are evaluated using the strict-panel 545 

variance-covariance structure for area-based samples and the independent-occasion variance structure for 546 

LIS samples based on independently placed transects. Complete model specifications and variance–547 

covariance expressions are provided in Section 3.2.3 of the Supplementary Material. 548 

Biodiversity monitoring for vegetation and low-mobility fauna 549 

The area-based probability-sampling framework applies most directly to biodiversity observations that can 550 

be assigned to fixed spatial sampling units, such as pixels, quadrats, or microhabitats. It can be used for 551 

vegetation and may be extended to low-mobility fauna when the target population, inclusion probabilities, 552 

and detection protocol can be defined in relation to those spatial units. 553 

For biodiversity components satisfying these conditions, observations can be collected within the same 554 

area-based probability-sampling framework used for vegetation monitoring. The same spatial units are 555 

revisited under the strict panel design, although the organisms observed within them need not be the same 556 

at each occasion. Occasion-specific composition and diversity indicators are estimated from the resulting 557 

observations, and the estimated covariance between occasion-specific estimators is incorporated into the 558 

variance estimator of temporal change. 559 

EO-derived spectral indices, structural metrics, and habitat descriptors may be incorporated as predictors in 560 

the multinomial assisting model. Their potential to improve estimation precision depends on their empirical 561 

association with observed composition and should be evaluated for each application. The resulting 562 

occasion-specific composition estimates are used to calculate the Shannon and Hill-number diversity 563 

measures described above.  564 
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Numerical illustration 565 

Numerical Example 5 applies the multinomial framework to herbaceous functional-group composition in 566 

the same 15.52-ha Dehesa study area used in the preceding examples. The strict panel comprises 30 567 

pixels—5 in the tree stratum and 25 in the no-tree stratum—with four permanent quadrats per pixel. At 568 

each monitoring occasion, 50 simulated point-intercept contacts are generated in every quadrat and 569 

classified as grasses, legumes, or others. Wet-season NDVI derived from Sentinel-2 imagery is used as 570 

auxiliary information in the estimation of functional-group composition across the monitored area. 571 

The example illustrates how fixed-area point-intercept observations, probability-sampling weights, and 572 

Sentinel-2 auxiliary information can be combined to estimate functional-group composition and its 573 

temporal change. Shannon and Hill-number measures derived from the three functional-group probabilities 574 

describe diversity in group composition rather than species diversity. Because the illustration includes only 575 

one farm, the first-stage between-farm variance component cannot be estimated; consequently, the reported 576 

uncertainty reflects only the within-farm sampling stages and does not support population-level inference 577 

across farms. The complete implementation and results are presented in Numerical Example 5. The 578 

associated datasets, scripts, intermediate products, and numerical outputs are available in the corresponding 579 

repository module, whose README documents the reproducible workflow. 580 

Biodiversity monitoring for highly mobile fauna 581 

The EU Birds Directive establishes conservation and reporting obligations for wild bird populations. Under 582 

its current Article 12 reporting framework, Member States are required to report every six years on the 583 

implementation and main impacts of the measures adopted under the Directive, including information on 584 

the status and trends of wild bird species (European Commission, 2023; European Parliament & Council of 585 

the European Union, 2009, 2019). This requirement creates a need for repeatable and statistically based 586 

monitoring information. Highly mobile or difficult-to-detect fauna pose particular sampling challenges 587 

because individuals cannot generally be assigned permanently to fixed spatial units and their probability of 588 

detection may vary among observations. Wildlife surveys commonly address these problems through line-589 

transect distance sampling, in which detection probability is modelled as a function of perpendicular 590 

distance and, potentially, additional covariates (Buckland et al., 2001; Thomas et al., 2010).  591 

The present study does not develop distance-sampling detection models. Instead, it considers a deliberately 592 

simplified extension to mobile fauna of the classical line-intersect sampling (LIS) result derived for fixed 593 

spatial objects (de Vries, 1986, pp. 247–248; Gregoire & Valentine, 2003; Kaiser, 1983; Thompson, 2012). 594 

Its purpose is to illustrate how detections with geometrically defined inclusion probabilities can be 595 

incorporated into the general probability-sampling and model-assisted monitoring framework. Temporal 596 

change is estimated as the difference between occasion-specific estimates obtained from independent LIS 597 

samples at the initial and final monitoring occasions. 598 

Line-intersect sampling (LIS) 599 

Line-intersect sampling (LIS) selects spatial objects according to whether they are intersected by randomly 600 

located transect lines, with inclusion probabilities determined by the geometry of the objects and the 601 

sampling lines (de Vries, 1986; Gregoire & Valentine, 2003; Kaiser, 1983; Thompson, 2012). Here, this 602 

result is adapted only to an idealized encounter process in which each bird remains at a fixed location until 603 

the observer reaches its associated circular flushing zone. This construction is intentionally simpler than 604 

line-transect distance sampling and is not proposed as a replacement for detection-function modelling. 605 

 
Unlike vegetation monitoring, where pixels or quadrats provide natural area-based sampling units, highly 606 

mobile fauna often lack a stable spatial partition compatible with repeated surveys. In the simplified 607 

formulation used here, LIS bases inclusion probabilities on encounter geometry rather than on fixed 608 
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observational plots. At each monitoring occasion, bird locations immediately before the survey are treated 609 

as fixed for design-based inference, and transect placement is selected independently of those locations. 610 

LIS detection geometry and inclusion probabilities 611 

Consider farm i, of area Aᵢ, and a straight transect segment of length L whose location and orientation are 612 

selected at random. Immediately before surveying, bird j occupies a fixed location and has an associated 613 

circular flushing zone of radius rᵢⱼ. In the numerical illustration, individual flushing radii are generated from 614 

species-specific distributions and may therefore vary among individuals of the same species. The bird is 615 

included when the observer advancing along the transect intersects its flushing circle, causing it to flush. 616 

The observer records the species and estimates the distance between the observer’s position at flushing and 617 

the bird’s pre-flushing location; under the assumed geometry, this distance equals rᵢⱼ. 618 

Applying the endpoint convention specified by de Vries (1986, pp. 247–248), the set of transect placements 619 

that includes bird ݆ in farm ݅ has area 2ݎ௜௝ܮ. Therefore, conditional on farm ݅ having been included in the 620 

first-stage sample, the second-stage inclusion probability of bird ݆ is ߨ௝∣௜(2) = 2௥೔ೕ௅஺೔ , provided that 2ݎ௜௝ܮ ≤ ௜ܣ . 621 

If ݉ farms are selected at the first stage with inclusion probabilities proportional to their areas, so that 622 ߨ௜(1) = ௠஺೔஺ , where ܣ = ∑ ௜ܣ  ௜ is the total area of the farm population, the overall inclusion probability of 623 

bird ݆ in farm ݅ is ߨ௜௝ = ௝∣௜(2)ߨ௜(1)ߨ = 2௠௥೔ೕ௅஺ . Thus, birds with larger flushing distances have higher inclusion 624 

probabilities. Inverse-probability estimators can consequently be constructed for total abundance and 625 

species-specific totals, with species proportions obtained from the corresponding ratio estimators. This 626 

result requires birds to remain at their initial locations until flushing, transects to be located independently 627 

of bird positions, every valid intersection to result in detection, and individuals not to be counted more than 628 

once. 629 

Integration of LIS with the monitoring framework 630 

Although its sampling geometry differs from the area-based framework, this simplified LIS design can be 631 

incorporated into the same general probability-sampling approach, as described in Section 3.2.3 of the 632 

Supplementary Material. A probabilistic sample of farms is selected at the first stage, while independent 633 

random transect samples are selected within farms at each monitoring occasion. The de Vries endpoint 634 

convention excludes the specified single intersections generated by a segment endpoint, thereby preserving 635 

the inclusion area 2rᵢⱼL rather than adding a circular endpoint term. 636 

Boundary effects must be handled separately from the endpoint convention. In the simplified 637 

implementation, a minus-sampling rule is assumed: birds whose circular flushing zones intersect the farm 638 

boundary are excluded from both the eligible population and the sample, so inference applies to the 639 

corresponding interior population. When LIS observations are combined with  EO covariates—such as 640 

shrub cover, canopy structure, or NDVI within detection zones— model-assisted estimators may improve 641 

precision while retaining design-based inference. Because LIS samples are independent between occasions, 642 

the variance of change is estimated as the sum of the occasion-specific variances. The operational 643 

performance of this simplified extension, including the assumed flushing and detection process, requires 644 

empirical validation, as discussed under Limitations of the study. 645 

Model-assisted estimation of biodiversity 646 

Model-assisted estimation provides a principled way to integrate Earth observation information with fauna 647 

detections obtained through the simplified LIS design, subject to the sampling and detection assumptions 648 

described above (Firth & Bennett, 1998; Särndal et al., 1992; Thompson, 2012). The objective is to 649 

potentially improve the precision of estimates of biodiversity indicators, including composition 650 



16 

probabilities, Shannon diversity measures, and related Hill-number indices, while retaining design-based 651 

inference. 652 

Under the simplified LIS formulation, faunal detections depend on encounter geometry and species-specific 653 

flushing behaviour, resulting in unequal inclusion probabilities and potentially sparse samples for some 654 

species. EO predictors—including NDVI, shrub cover, canopy structure, and LiDAR-derived habitat 655 

metrics—may characterize environmental gradients associated with species occurrence and relative 656 

abundance. When incorporated into the multinomial logit framework introduced in Section 3.2.3 of the 657 

Supplementary Material, these predictors may improve the precision of biodiversity estimates while 658 

maintaining design-based inference; the magnitude of any precision gain remains to be established 659 

empirically. 660 

Model-assisted species probability estimation 661 

Let ݕ௜௝௣௞௧be the species indicator for individual ݆detected in farm ݅ via LIS at monitoring occasion 𝑡, and 662 

let ܠ௜௣௧be the EO predictors summarized for pixel ݌ to which the detection location is assigned. The 663 

multinomial logit model introduced in Section 3.2.3 of the Supplementary Material  provides occasion-664 

specific species-probability estimates ̂ߤ௜௣௞௧, representing model-assisted predictions of relative species 665 

abundance at the pixel scale for each monitoring occasion. 666 

Once ̂ߤ௜௣௞௧is obtained, biodiversity indicators follow directly, including pixel-level Shannon indices ܪ௜௣௧ 667 

together with habitat-level ߛ ,ߙ, and ߚdiversity measures. Related Hill-number diversity indices can be 668 

derived from the same estimated species probabilities, providing complementary measures of effective 669 

diversity and alternative sensitivities to rare and dominant species. These biodiversity indicators can then 670 

be used to estimate temporal changes between the initial and final monitoring occasions, within the 671 

repeated-survey framework adopted in this study. 672 

Numerical illustration 673 

The proposed framework uses strict panels for area-based habitat and vegetation indicators, allowing 674 

temporal covariance to be incorporated into uncertainty estimation for change. For highly mobile fauna, it 675 

instead uses independent LIS samples at successive monitoring occasions. Numerical Example 6 shows 676 

computationally how detections generated under the simplified de Vries geometry and EO-derived habitat 677 

covariates can be combined within a design-based repeated-survey framework. It should be interpreted as a 678 

methodological demonstration rather than as an empirical validation of the assumed flushing process, the 679 

precision gains, or comparative performance against line-transect distance sampling. The corresponding 680 

repository README documents the datasets, scripts, intermediate products, numerical outputs, and 681 

reproducible workflow. 682 

Limitations of the study 683 

The proposed framework draws on established probability-sampling, model-assisted estimation, and 684 

repeated-survey methods (Firth & Bennett, 1998; Fuller, 1999; Särndal et al., 1992). Evidence from 685 

agricultural and environmental applications supports the use of EO auxiliary data to improve the efficiency 686 

of estimators based on ground observations collected from area samples (Ambrosio et al., 2023; Ambrosio 687 

Flores & Iglesias Martínez, 2000). Nevertheless, the numerical examples use data from a single 15.52-ha 688 

Dehesa study area, where field verification established effective-tree status at t1, while sampled-tree DBH 689 

and young status, t6 tree observations, and other illustrative responses were simulated. Consequently, the 690 

reported precision gains and ecological changes should not be generalized without further evaluation at 691 

independent sites using operational field data. 692 
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A further limitation concerns highly mobile fauna. The proposed LIS extension relies on an idealized 693 

flushing-circle representation, fixed bird locations until flushing, certain detection at a valid intersection, 694 

the de Vries endpoint convention, and explicit boundary treatment. These assumptions are more restrictive 695 

than those accommodated by line-transect distance-sampling methods (Buckland et al., 2001; Thomas et 696 

al., 2010). Conditional on the stated sampling geometry, combining LIS with model-assisted estimation 697 

using pixel-level EO covariates remains design consistent. What remains to be assessed empirically is the 698 

adequacy of the assumed encounter process and the extent to which EO assistance improves precision 699 

relative to survey cost. Numerical Example 6 therefore demonstrates computational feasibility but does not 700 

establish robustness to animal movement, imperfect detection, or departures from the assumed flushing 701 

geometry. Future research should evaluate performance through replicated field surveys, comparison with 702 

distance-sampling detection models, and sensitivity analyses across habitats and monitoring occasions. 703 

Conclusions 704 

The framework developed in this study provides a unified probability-sampling approach for monitoring 705 

indicators relevant to habitat conservation status and ecosystem functioning in heterogeneous 706 

agroecosystems such as the Dehesa. By combining probabilistic multistage sampling with model-assisted 707 

estimators based on Earth observation (EO) data, it enables design-based inference for a broad set of 708 

ecological indicators, including vegetation structure, grassland condition, shrub dynamics, biodiversity, and 709 

carbon stocks and removals, thereby supporting carbon-farming monitoring applications. 710 

A central contribution of the proposed approach is the integration of repeated surveys through a strict panel 711 

framework for area-based habitat and vegetation indicators, while monitoring of highly mobile fauna is 712 

illustrated using independent LIS samples at successive occasions. For area-based indicators, this 713 

longitudinal structure can improve the precision of change estimates when occasion-specific estimators are 714 

positively correlated, because their covariance is incorporated into the variance estimator for change. This 715 

structure provides a basis for long-term environmental monitoring and conservation assessment. 716 

The study also demonstrates how biodiversity monitoring can be coherently integrated within the same 717 

probabilistic inferential framework across different ecological components. Area-based sampling using 718 

pixels, quadrats, or microhabitats provides a suitable basis for vegetation and may be extended to low-719 

mobility fauna when the target population, inclusion probabilities, and detection protocol can be defined in 720 

relation to fixed spatial units. The deliberately simplified LIS extension illustrates a probability-sampling 721 

approach for highly mobile fauna under explicitly stated encounter assumptions. 722 

The integration of ground observations with Sentinel-2, LiDAR, and other EO-derived predictors can 723 

support implementation of the proposed framework. These auxiliary variables may characterize spatial 724 

gradients in vegetation structure and habitat composition and, when incorporated through model-assisted 725 

estimators, may improve estimation precision while preserving design-based inference under the 726 

probability-sampling design. This combined EO–survey strategy may be particularly useful in large-scale 727 

monitoring contexts in which exhaustive field observation is not operationally feasible. 728 

The proposed methodology is relevant to developing MRV systems associated with climate and 729 

biodiversity policy frameworks, including carbon-removal and carbon-farming certification, habitat 730 

conservation assessment, and biodiversity reporting under European Union regulations. By providing 731 

design-based estimators of both indicator levels and temporal changes, together with explicit uncertainty 732 

quantification, the framework can contribute to greater transparency, comparability, and reproducibility in 733 

ecosystem monitoring systems. 734 

More broadly, the study contributes to bridging statistical survey theory, Earth observation, and policy-735 

oriented environmental monitoring. The proposed framework may support applications beyond Dehesa 736 
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ecosystems, including other agroecosystems and semi-natural landscapes where integrated monitoring of 737 

biodiversity, ecosystem functioning, and carbon dynamics is required, subject to adaptation and 738 

independent validation. 739 

Finally, the combination of probability sampling, model-assisted estimation using EO covariates, repeated-740 

survey inference, and reproducible computational workflows provides a coherent methodological basis for 741 

environmental monitoring systems in which multiple ecological indicators are assessed and their 742 

uncertainty is explicitly quantified over time. 743 
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