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632 20. Avian biodiversity patterns in Mediterranean habitats

KEY CONCEPTS

e GEDI LiDAR data was applied to understand bird distributions in
Mediterranean habitats.

* Upper canopy heterogeneity and density strongly predicts bird diversity
and abundance.

¢ Structurally simpler grasslands still hold high conservation value with
specialists.

* Scalable GEDI-derived data supports biodiversity monitoring and policy
frameworks.

1 Introduction

Avian biodiversity represents a notable indicator of ecosystem integ-
rity, reflecting the interplay among community composition, trophic
networks, and the spatial distribution of habitat structures (Sekercio-
glu, 2006). This central tenet has drawn significant attention in scientific
research, particularly in elucidating how horizontal heterogeneity (i.e.,
the spatial variation or patchiness in habitat structure and composition)
directly influences avian diversity across landscapes (Hovick et al.,
2015). Over recent decades, ecologists have employed geographic infor-
mation systems (GIS) to model relationships between landscape fea-
tures and biodiversity patterns (Cushman and McGarigal, 2003; Valerio
et al., 2016). However, traditional GIS-based land cover products often
introduce substantial uncertainty. Specifically, categorical representa-
tions have been criticized as sources of propagation errors due to habitat
misrepresentation and misclassification (Coops and Wulder, 2019;
Sexton et al., 2015), often resulting in poor diversity proxies (Mag et al.,
2011; Salgueiro et al., 2018). Importantly, these limitations should also
consider the fact that organisms frequently perceive landscape struc-
ture more as patterns of gradients rather than categorically (Fischer and
Lindenmayer, 2006).

During the last decade, with the advent of open-access and high-quality
continuous satellite data, multidisciplinary research fields have flourished
at the interface between remote sensing and ecological research (Pettorelli
et al., 2014; Wulder and Coops, 2014). Advancements have also encour-
aged novel applications of multiscale gradient-based approaches with
quantitative aggregation metrics, enhancing the characterization of hori-
zontal environmental heterogeneity (Rocchini et al., 2018, 2017; Valerio et
al., 2024). Translating spatiotemporal information on horizontal vegeta-
tion structure, phenology, and disturbance regimes at functional scales

IV. Satellites for environmental and land cover applications
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has substantially deepened the understanding of avian ecology and diver-
sity distribution patterns (Crispim-Mendes et al., 2024; Farwell et al., 2020;
St-Louis et al., 2006). In parallel, ecologists have also explored the crucial
role of vertical heterogeneity (i.e., the variation in vertical stratification of
habitat elements, from ground level to canopy), given its historical rele-
vance in shaping avian communities (Erdelen, 1984; MacArthur and Mac-
Arthur, 1961). Satellite synthetic aperture radar (SAR) backscatter data has
recently shown potential to infer the vertical structure of forests, which
avian species depend on (Kobayashi et al., 2023). On the other side, some
intrinsic technological limits are represented by speckle noise and complex
signal scattering, which may obscure the fine-scale details of vegetation
(Choi and Jeong, 2019).

Bridging this gap, light detection and ranging (LiDAR) data offers an
alternative and more precise means of capturing vertical vegetation
structure, with the potential to enhance the overall effectiveness of bio-
diversity research. Among publicly available spaceborne LiDAR mis-
sions, NASA’s Global Ecosystem Dynamics Investigation (GEDI) aboard
the International Space Station collects full-waveform data along its
ground tracks. Through its Level 2A data product, GEDI delivers a suite
of relative height (RH) energy metrics that are useful to quantify vegeta-
tion vertical structure and terrain height (Dubayah et al., 2020). Based
on the registered GEDI waveforms, additional biophysical metrics are
derived and provided in the Level 2B (L2B) data product. This includes
canopy-cover profiles, the plant area index (PAI), which represents the
total area of all canopy structural elements (e.g., branches, trunk, and
leaves), and the FHD, which quantifies the complexity of canopy struc-
ture (Tang and Armston, 2019). By integrating Level 2A and Level 2B
structural metrics via empirical models calibrated against field observa-
tions, GEDI further produces a Level 4A footprint data product, the
aboveground biomass density (AGBD) (Dubayah et al., 2020). Together,
these constitute key metrics for describing structurally rich forests and
provide valuable insights for wildlife investigation, since greater struc-
tural variability supports higher species richness (Davies and Asner,
2014; Schneider et al., 2020).

A growing body of literature is increasingly supporting the integration
of GEDI-derived information, mostly due to its substantial contributions
to forest ecology studies, particularly in improving predictions of vertical
habitat characteristics relevant to fauna and biodiversity patterns (Barry
et al., 2024; Elliott et al., 2024; Hakkenberg et al., 2023; Killion et al., 2023;
Smith et al., 2022; Schneider et al., 2020; Vogeler et al., 2016). More specifi-
cally, previous work in California showed that simulated GEDI LiDAR
canopy structure predictors significantly explained bird ecological prefer-
ences, especially those related to coniferous forests (Burns et al., 2020).

IV. Satellites for environmental and land cover applications
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In Portugal, the use of GEDI information offered new insights on the
relationship between wildlife occupancy and canopy stature, improving
predictions for forest-specialist species (Martins et al., 2024). Regarding
biodiversity inference, it is becoming a common practice to fuse space-
borne LiDAR with wall-to-wall optical imagery to generate continuous
maps of forest structure, facilitating the identification of environmental
characteristics promoting biodiversity. Reflecting this trend, researchers
used GEDI data within random forests models of bird species in Denmark
and revealed that structural metrics greatly contributed to explain species
richness (Davison et al., 2023).

Despite these rapid advances of remote sensing in ecology and conser-
vation, investigation of both vertical and horizontal habitat metrics in
biodiversity studies is uncommon (Davies and Asner, 2014). Second, most
LiDAR-based research has been devoted to dense forests, whereas more
open systems, such as the Mediterranean woodlands (savanna-like
systems with frequent disturbances) remain understudied (Dorado-Roda
et al., 2021; Davies and Asner, 2014). This is particularly relevant because
structurally complex Mediterranean landscapes are recognized biodiver-
sity hotspots where habitat heterogeneity likely drives community pat-
terns (Catarino et al., 2016; Pinto-Correia et al., 2018). Mediterranean
biodiversity has long been shaped by centuries of extensive agro-silvo-
pastoral practices, which generated structurally heterogeneous landscapes
underpinning the so-called high nature value (HNV) farming systems, in
turn recognized for sustaining semi-natural habitats and diverse taxa
(Paracchini et al., 2008). Across Europe, and especially in Portugal, exten-
sive livestock grazing in semi-natural vegetation exemplifies the role of
HNV farming, with silvo-pastoral montados (Catarino et al., 2016; Pinto-
Correia et al., 2018) and open dry grasslands serving as core reservoirs,
and often as strongholds, of Mediterranean avifauna (Silva et al., 2024;
Moreira et al.,, 2007; Santana et al., 2017). These systems supply both
nesting and foraging resources for granivorous and insectivorous birds,
whose provision is determined by the structural complexity of the vegeta-
tion (Faria et al., 2024; Pereira et al., 2014; Santana et al., 2017). Together,
traditional montados and grasslands shaped by rotational grazing support
high species richness (Silva et al., 2024; Catarino et al., 2016; Santana et
al.,, 2017). This coupling of habitat heterogeneity and avian diversity
underscores the relevance of examining how specific structural character-
istics of vegetation influence bird distribution patterns (Crispim-Mendes
et al., 2024; Hovick et al., 2015; Pereira et al., 2014).

In the present study, we investigated the benefits of GEDI LiDAR
data, integrating footprints (~25 m) with Sentinel-1 and ALOS2/
PALSAR2 SAR data, as well as Sentinel-2 multispectral imagery to
describe habitat structure across multiple spatial scales in Portuguese
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2 Material and methods 635

Mediterranean habitats. We modelled relationships between wall-to-
wall GEDI-derived metrics, with particular emphasis on heterogeneity
metrics, and avian community attributes from field surveys, such as
species richness and abundance from woodlands to grasslands. In addi-
tion, we separately analysed the abundance of the tawny owl (Strix
aluco) in semi-open woodlands as a case-specific proof-of-concept. By
integrating vertical and horizontal structural characteristics, we tested
how birds respond to habitat complexity across scales in three study
areas, aiming to improve predictions of bird distributions and inform
conservation in semiarid ecosystemes.

2 Material and methods

2.1 Study area

The three selected study sites (Fig. 20.1) encompass the Mediterra-
nean forests, woodlands and scrub biome in southern Portugal, includ-
ing both grasslands and the montado, a human-shaped, savannah-like
oak woodland system dominated by sparse cork (Quercus suber) and
holm oaks (Quercus rotundifolia). Specifically, the study sites lie within
three protected areas under the Natura 2000 Network, namely Estudrio
do Tejo, Castro Verde, and Monfurado, all classified as Special Protection
Areas and encompassing HNV farming systems. In the Estuario do Tejo
(Fig. 20.1A), maritime influences promote taller, denser, and more con-
tinuous oak woodlands (sometimes mixed with Pinus spp.), with mul-
tilayered canopies. Moving inland to Monfurado (Fig. 20.1B), oaks are
more patchily distributed across cereal fields and pastures, yielding a
semi-open savannah-like system (i.e., montado) where grasses and sea-
sonal forbs dominate the understory. Finally, on the plains of Castro
Verde (Fig. 20.1C), the very open landscapes consist of widely spaced,
low-growing oaks surrounded by near-continuous grasslands. All three
areas share an undulating relief under a semi-arid Mediterranean climate
(annual rainfall ~ 400-700 mm, mostly in winter), but differ markedly
in oak density, vertical layering, and ground cover, thus providing a
comprehensive test bed for assessing how GEDI-derived structural com-
plexity influences avian diversity across habitat types.

2.2 Bird data

Birds were surveyed between 2020 and 2024 in the three study areas
(Table 20.1), during the breeding season using standard protocols, con-
sisting of point counts with limited duration and distance where birds

IV. Satellites for environmental and land cover applications



636 20. Avian biodiversity patterns in Mediterranean habitats

-

42°N -

(_A__,/‘"L_] ‘ <2 el

41°N

I8N ———

37°N I e - ]
9.0°W 8.5°W 8.0°W 7.5°W 7.0°W 6.5°W

FIG. 20.1 Distribution of survey sites in Portugal. The selected study areas in Southern
Portugal, included within protection areas (in green; Natura 2000 spatial dataset, Euro-
pean Environment Agency—EEA), notably (A) Estudrio do Tejo woodlands, (B) Mon-
furado montados, and (C) Castro Verde grasslands. Within each area, sampling plots vary
in size to reflect the bird-census distance limits employed (see Section 2.2, ‘Bird data’ for
details).

of each species were counted to estimate relative abundance (Bibby,
2000). In Estuério do Tejo (Fig. 20.1A), 65-point counts were carried out
twice in February and June 2020 and then averaged; they were con-
ducted during the morning and had a duration of 10 min, with a dis-
tance limit of 100 m (Pereira et al., 2014). In Castro Verde (Fig. 20.1C),
333-point counts were sampled during spring in 2024 at sunrise and
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2 Material and methods 639

sunset, and had a duration of 5 min and a distance limit of 125 m
(Moreira et al.,, 2007). In Monfurado (Fig. 20.1B), tawny owl surveys
were conducted during spring in 2019, in the first four hours after
sunset, using male call playback to elicit responses (van der Horst et al.,
2019). Sampling points (n = 67) had a duration of 13 min (3 min of tawny
owl playback followed by 10 min to listen to responses) and were spaced
at least 1500 m to avoid double-counting the same territorial owl (Silva
et al., 2012; van der Horst et al., 2019).

2.3 Methodological framework

A diagrammatic methodological framework was outlined to illustrate
sequential operational steps (Fig. 20.2). The detailed descriptions of each
step were provided in the subsequent sections.

2.4 Wall-to-wall mapping of GEDI LiDAR metrics

2.4.1 GEDI data download and preprocessing

GEDI lidar footprints were downloaded, clipped, and spatiotempo-
rally assembled (2019-2021) across the study regions to extract target
metrics using the GEDI-pipeline framework (Corado and Godinho
2024). These metrics included the (AGBD) from the GEDI L4A product,
which quantifies carbon stocks at each laser footprint (Duncanson et
al., 2022). In addition, RH metrics RH75 (upper canopy) and RH95
(near canopy top) were extracted from the L2A waveform profiles;
these represent the vegetation height at which 75% and 95% of the
cumulative waveform energy returns to the sensor, respectively, and
serve as proxies for canopy height and structure (Dubayah et al., 2020).
From the GEDI L2B product, the PAI, which quantifies the total plant
area per unit of ground area, and the FHD, which represents the
Shannon entropy index of the vertical foliage profile, were selected
(Dubayah et al., 2020; Tang et al., 2012). To ensure data quality, all
GEDI footprints were filtered using the following criteria: (1) quality_
flag = 1, (2) degrade_flag = 0; and (3) solar_elevation < 0, as
recommended by previous literature (Beck et al., 2021). Footprints
were further excluded if the absolute difference between the elevation
of the lowest mode centre (relative to the reference ellipsoid) and the
interpolated elevation from the TanDEM-X global DTM used in the
GEDI mission exceeded 15 m. In addition, the dataset was restricted
to the leaf-on season (May-October), when vegetation is fully devel-
oped (Li et al., 2023). After quality filtering, a total of height-quality
GEDI footprints were used for wall-to-wall mapping of the RH75,
RH95, PAI, AGBD, and FHD metrics.

IV. Satellites for environmental and land cover applications
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FIG. 20.2 Workflow for GEDI-based modelling of bird diversity and abundance. The
methodological framework, in which arrows directed the progression through the four main
panels (A, B, C, and D). The upper-left panel (A) illustrates the acquisition and quality-
control filtering of GEDI LiDAR footprints, alongside Sentinel-1, ALOS-2, and Sentinel-2
imagery, providing input data for wall-to-wall extrapolation of LiDAR-derived structural
metrics via random forests regression. The right panel (B) depicts how spatial heterogeneity
predictors were derived to capture landscape complexity across multiple spatial scales, and
the evaluation of a range of aggregation formulae. The lower-left panel (C) depicts the
preparation of bird survey data (all species richness and abundance and tawny owl abun-
dance) in the three study areas (Estuario do Tejo woodlands, Castro Verde grasslands, and
Monfurado montados). Finally, the lower scheme (D) illustrates how LiDAR-derived predic-
tors were summarized at each survey location, subjected to a robust feature-selection pro-
cedure to identify the most informative variables, and incorporated into random forests
models to predict bird species richness and abundance.

2.4.2 Wall-to-wall mapping of GEDI metrics by fusing SAR and
multispectral data

The five GEDI-derived vegetation structural metrics were used as
dependent predictors and modelled using a comprehensive set of inde-
pendent predictors derived from SAR (Sentinel-1, ALOS2/PALSAR-2) and
multispectral (Sentinel-2) data. These models were used to generate con-
tinuous 25 x 25 m raster maps representing each structural metric across
the study regions. Multispectral and SAR data were preprocessed to char-
acterize vegetation structure. Sentinel-2 Level-2A surface reflectance
imagery (COPERNICUS/S2_SR_HARMONIZED) was acquired via
Google Earth Engine (GEE) for the leaf-on period (May—October) from

IV. Satellites for environmental and land cover applications
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2019 to 2021. Only bands with 10-m and 20-m spatial resolution were used.
Cloud-free composites were created using Cloud Score + filtering
(Pasquarella et al., 2023), followed by six-monthly temporal aggregation
using statistical measures: mean, median, maximum, minimum, 95th per-
centile, and standard deviation. In addition to spectral bands, 11 vegetation
indices were calculated (NDVI, NDWI, NDRE1, NDRE2, NDRE3, MNDWI,
BSI, NDII, EVI, PSRI, and SWIR32), resulting in 131 predictors from Sen-
tinel-2. Sentinel-1 C-band SAR data (10 m resolution) were processed in
GEE using an adapted version of the (Mullissa et al., 2021) framework to
generate Analysis-Ready Data. Processing steps included border noise
correction, speckle noise filtering, and radiometric terrain normalization.
Six-monthly temporal composites of y° backscatter (VV and VH polariza-
tions) were computed, along with four texture features (contrast, variance,
homogeneity, and mean) derived from the gray-level co-occurrence matrix
(GLCM; Haralick et al., 1973) resulting in 20 predictors. To complement
C-band radar, annual L-band mosaics from ALOS2/PALSAR-2 (25 m reso-
lution, 2019-2021) were downloaded from JAXA. HH and HV polariza-
tions were used to compute annual composites and texture metrics,
yielding 20 additional predictors. In total, 171 predictors were used to train
random forests models (Breiman, 2001), predicting the five GEDI vegeta-
tion metrics: RH75, RH95, FHD, AGBD, and PAI The high-quality GEDI
footprints were split into training (80%) and test (20%) datasets, and
model’s performance was evaluated with R*, RMSE and rRMSE.

2.5 Plot-level summarization and spatial heterogeneity of
canopy structure

The GEDI-derived metrics (Section 2.4.2) were summarized within
each bird sampling plot by computing descriptive statistics (minimum,
maximum, mean, median, standard deviation, 95th percentile, and inter-
quartile range) to capture the central tendencies and extremes of canopy
structure. To investigate horizontal canopy height variability, two metrics
were used, namely the Shannon entropy (Shannon, 1948) and Rao’s quad-
ratic entropy (Botta-Dukat, 2005), both computed over the RH75 and
RH95 layers by applying nested ‘moving windows’ (Valerio et al., 2024)
with varying scaling sizes (3 x 3 and 9 x 9 pixels; or 75 and 225 m). The
Shannon entropy reflects the evenness of height-class distribution and has
been successfully used to map habitat complexity (Li and Wu, 2004), while
Rao’s Q quantifies the magnitude of pairwise height differences, offering
a direct, ecological dissimilarity measure (Rocchini et al., 2018). This mul-
tiscale indexing was implemented to capture from fine-grained to
broader-scale horizontal and vertical attributes, enabling the direct assess-
ment of how these structural dimensions drive patterns of bird species
richness and abundance in semi-arid landscapes.

IV. Satellites for environmental and land cover applications
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2.6 Statistical relationship between avian richness and
abundance with GEDI-derived metrics

The Boruta algorithm (Kursa et al., 2010) was initially employed to
identify relevant GEDI-derived predictors, leveraging its robust, all-
relevant feature-selection framework to screen the large candidate set
efficiently. Boruta creates shuffled shadow copies of each candidate pre-
dictor and iteratively tests whether each original predictor has a signifi-
cantly higher importance. As such, only predictors confirmed as important
across iterations were retained, and relative importance scores were uti-
lized as guidelines to discard highly correlated predictors (|| > 0.9).

With selected predictors, regression forests (random forests) were fit
given their ability to capture complex, nonlinear interactions (Breiman,
2001), thereby modelling avian richness and abundance in Estuario do
Tejo jointly with Castro Verde, and an abundance of tawny owls in Mon-
furado. Box-Cox transformations were implemented to stabilize variance
(Vesely, 2006), together with hyperparameter tuning (number of trees:
500-2000; mtry: 2—4; node size: 1-10) to maximize performance through
ten-fold cross-validations (80% training and 20% testing) (Lucas, 2020).
Performance evaluation for observed versus predicted richness and, sepa-
rately, abundance was quantified by computing RMSE, Pearson’s correla-
tion, slope,and R?across cross-validation folds. Within each cross-validation
fold, permutation-based predictor importance was computed to evaluate
predictor consistency. For the top predictors, individual conditional
expectation curves were generated by systematically varying each predic-
tor across its observed range (Lucas, 2020) and summarizing values by
taking the median predicted response.

Remote sensing data ingestion and preprocessing were conducted in
the GEE computing platform (Gorelick et al., 2017), while statistical analy-
ses were performed in R environment (R version 4.5.0, 2025), using the
packages ‘Boruta’ (v.8.0.0) (Kursa et al., 2010) and ‘ranger’ (v.0.17.0)
(Wright and Ziegler, 2017).

3 Experimental results

3.1 Model performance for GEDI-derived vegetation
structure maps

The random forests models showed varying levels of performance in
predicting the five GEDI-derived structural vegetation metrics using the
independent test set (Fig. 20.3). The highest predictive accuracy was
achieved for RH95 (canopy height at the 95th percentile), with an R of
0.71 and an RMSE of 1.57 m (rfRMSE = 37.73%), indicating strong

IV. Satellites for environmental and land cover applications
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between GEDI reference values and random forests—derived predictions using the test
dataset. Prediction accuracy is summarized by R?, RMSE, and rRMSE. Point density is rep-
resented by a colour gradient, with the corresponding scale shown to the right of each panel.

correspondence between random forests predicted and GEDI observed
values. Similarly, RH75 was predicted with a good degree of accuracy
(R? = 0.64, RMSE = 1.11 m, rRMSE = 62.51%), confirming the model’s
ability to capture canopy height information. AGBD predictions yielded
an R’ of 0.67 and an RMSE of 11.26 ton/ha (rRMSE = 54.79%), suggesting
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robust model performance for estimating biomass at the 25 m spatial
resolution. Meanwhile, the FHD metric showed moderate predictive
ability with an R* of 0.57 and an RMSE of 0.30 (rRMSE = 18.03%), reflect-
ing the complexity of modelling vertical structural heterogeneity. The
lowest performance was observed for PAI, with an R” of 0.54 and a high
rRMSE of 108.12%, indicating some limitations in modelling this metric,
likely due to its sensitivity to both vertical and horizontal canopy ele-
ments. Overall, the models demonstrated satisfactory to strong predictive
capacity across metrics, particularly for canopy height and biomass, sup-
porting the use of multisensor remote sensing data to estimate key forest
structural attributes in semiarid ecosystems.

3.2 GEDI-derived predictors screening

In the Boruta analysis for avian richness and abundance, including
the tawny owl, a total of 107 LiDAR-derived predictors were assessed.
For avian richness, 48 (44.9%) of the predictors were rejected as lacking
predictive power, 3 (2.8%) fell into the tentative category indicating
borderline importance, and the remaining 56 (52.3%) were confirmed,
resulting as robustly associated with avian richness (Fig. 20.4). After
filtering out highly correlated (|7| > 0.9) and lesser important predic-
tors, the selected predictors were RH75_RAO_9_Mdn, AGBD_Max,
PAI_Mn, FHD_Std.

For avian abundance, 57 (54.3%) predictors were confirmed as having
robust importance, 3 predictors (2.8%) fell into the tentative category
(borderline importance), and 47 predictors (43.9%) were rejected, showing
no reliable predictive contribution (Fig. 20.5). Similar to avian richness,
retained predictors for avian abundance resulted as RH75_RAO_9_Mdn,
PAI_Mn, AGBD_Mdn, FHD_Std.

Regarding tawny owl abundance, analyses showed that 96 predic-
tors (89.7%) were rejected for lacking reliable predictive power, 3 (2.8%)
fell into the tentative category, and only the remaining 8 (7.5%) predic-
tors were significantly important (Fig. 20.6). Following the screening
procedure, retained predictors resulted as RH95, FHD_Iqr, PAI Iqr,
RH75_SHN_9_5td.

3.3 Relationships between wall-to-wall GEDI-derived metrics
with bird species richness and abundance

Predicted values of avian richness and abundance in Estuario do Tejo
and Castro Verde closely followed the observed across their entire ranges,
indicating strong model performance. Specifically, scatterplots of pre-
dicted versus observed richness counts showed regression slopes near
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LiDAR-derived predictors for avian richness as assessed by the Boruta feature-selection
algorithm. Confirmed predictors are shown in green, tentative in blue, and rejected predictors

in red boxplots.

unity and high coefficients of determination, with high levels of correlation
(r), explained variances (R?), slope, and small RMSE (Fig. 20.7A). For avian
richness, the Rao’s Q of RH75 at the 9 x 9-pixel scale (RH75_RAO_9_
Mdn), together with maximum aboveground biomass (AGBD_Max), con-
tributed to >70% model’s overall ability to reduce prediction error
(Fig. 20.7B). The partial-dependence curves (Fig. 20.7C) show that the
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vertical heterogeneity RH75_RAO_9_Mdn produces a steep, near-
exponential increase in avian richness along heterogeneity of upper
canopy vertical values until reaching a plateau at medium-high values
(~1.0), indicating that further increases in vegetation structural complex-
ity yield minimal additional gains in species richness at the landscape
scale. The aboveground biomass predictor (AGBD_Max) exhibited peaks
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at intermediate-to-high biomass, indicating that richness responded posi-
tively to maximum biomass levels (Fig. 20.7C).

Regarding avian abundance, metrics relating observed versus pre-
dicted values also indicated robust results (r, R?, and slope) with minimal
errors (RMSE) (Fig. 20.8A). Similarly to richness, the most influential pre-
dictors for predicting avian abundance were related to the Rao’s Q of
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FIG. 20.7 Modelled avian richness: performance, predictor importance, and response
curves. Panel plots of modelled avian richness. Left-hand panel (A) shows the scatterplot
between observed and predicted values, with avian richness subdivided into ‘Forest’ (wood-
lands; Estudario do Tejo) and ‘Open’ habitats (grasslands; Castro Verde). Upper right-hand
panel (B) depicts the relative importance of retained multiscale GEDI-derived predictors,
with vertical dashed line representing the median importance value and identifying the
most important predictors. Lower right-hand panel (C) represents the response curves of
the most important predictors.

RH75 at the 9 x 9-pixel scale (RH75_RAO_9_Mdn) and mean PAI (PAL_
Mn), which together accounted for approximately 70% of relative contri-
bution (Fig.20.8B). The curvefor verticalheterogeneity RH75_RAO_9_Mdn
rose sharply at low-to-moderate values before reaching a plateau at high
values, indicating a saturation effect of vegetation structure over bird
abundance (Fig. 20.8C). Similarly, the canopy density metric PAI_Mn
showed a steep initial increase in predicted avian abundance up to an
intermediate level, after which the response levelled off (Fig. 20.8C).

The tawny owl abundance model showed low to modest predictive
ability between observed and predicted values (Fig. 20.9A). Permuta-
tion-based importance scores (Fig. 20.9B) revealed a different hierarchy of
ecological drivers than the overall bird community, with near canopy top
RH (RH95) and the interquartile range of FHD (FHD_Iqr) as the most
important predictors. The tawny-owl abundance responded positively to
increasing canopy height (RH95), while an inverted bell-shaped curve
characterized the response to FHD (FHD_Iqr) (Fig. 20.9C).
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FIG. 20.8 Modelled avian abundance: performance, predictor importance, and response
curves. Panel plots of modelled avian abundance. Left-hand panel (A) shows the scatterplot
between observed and predicted values, with avian abundance subdivided into ‘Forest’
(woodlands; Estudrio do Tejo) and ‘Open” habitats (grasslands; Castro Verde). Upper right-
hand panel (B) depicts the relative importance of retained multiscale GEDI-derived predic-
tors, with vertical dashed line representing the median importance value and identifying
most important predictors. Lower right-hand panel (C) represents the response curves of
most important predictors.

4 Discussion

This study highlights an innovative, scalable approach for extrapolat-
ing GEDI-derived structural metrics across Mediterranean landscapes
and for predicting patterns of avian richness and abundance through
integration with field-based surveys collected in situ. Our results point to
vertical canopy heterogeneity at broader scales as the foremost driver of
species diversity, while greater mean canopy density predominantly
underpins total bird abundance and habitat use, across a spectrum of
habitats from woodlands to grasslands.

4.1 GEDI-derived predictors and avian distribution

Structural heterogeneity within forest canopies is a key driver of bio-
diversity, as it shapes the availability and diversity of microhabitats and
resources (MacArthur and MacArthur, 1961; Tews et al., 2004). Previous
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FIG. 20.9 Modelled tawny owl abundance: performance, predictor importance, and
response curves. Panel plots of modelled tawny owl abundance. Left-hand panel (A) shows
the scatterplot between the observed and predicted values, relative to the Monfurado study
area. Upper right-hand panel (B) depicts the relative importance of retained multiscale
GEDI-derived predictors, with vertical dashed line representing the median importance
value and identifying most important predictors. Lower right-hand panel (C) represents the
response curves of most important predictors.

work using LiDAR-derived metrics has primarily emphasized vertical
canopy structures, such as height, FHD, and different layering, and
shown strong, consistent correlations with faunal richness (Davies and
Asner, 2014). Other GEDI-based studies have highlighted that combining
vertical and horizontal canopy traits improves predictions of bird species
(Elliott et al., 2024; Xu et al., 2024; Vogeler et al., 2016). However, these
studies have largely relied on standard GEDI-derived metrics and did
not target how spatial variation is distributed in several predetermined
strata. The present findings demonstrate a superior performance of the
Rao’s Q of RH75 (upper canopy) at the 9 x 9-pixel scale (RH75_RAO_9_
Mdn) metric in predicting avian richness, exceeding the predictive capac-
ity of conventional RH95-based (near canopy top) metrics and structural
diversity indices, such as Shannon entropy. This aligns with theoretical
critiques raised recently (Rocchini et al., 2017), who emphasized that
Shannon entropy, while widely used, is limited in remote sensing appli-
cations due to its reliance solely on the relative abundance of values,
making it particularly prone to saturation in structurally complex
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environments. In contrast, Rao’s quadratic entropy incorporates pairwise
dissimilarities between pixel values, thus capturing not only composi-
tional diversity but also structural divergence. Building on this, the Rao’s
Q was operationalized in spatially explicit remote sensing frameworks
(Rocchini et al., 2018), enabling the quantification of spatial heterogeneity
over continuous surfaces. Therefore a novel aspect of this study relies on
the simultaneous capture of several vertical stratifications and horizontal
variability, ensuring multiple sensitive criteria to improve the characteri-
zation of regional landscape patterns (Fischer and Lindenmayer, 2006).
Specifically, the stronger association between bird richness and RH75_
RAO_9_Mdn likely reflects the vertical stratification of midcanopy to
uppercanopy complexity for the bird community. In woodlands, such as
in the Estudrio do Tejo, where structurally complex canopies indicate
great maturity jointly with high biomass (i.e., AGBD_Max), numerous
small to medium-sized passerines, including tits (e.g., Parus major), war-
blers (e.g., Phylloscopus bonelli), and treecreepers (e.g., Certhia brachydac-
tyla) are known to forage primarily in the subcanopy and crown layers
(Catarino et al., 2016; Leal et al., 2011). These foliage- and bark-gleaning
birds depend on structurally complex layers for prey capture and cover,
and previous research similarly underscored such relevance for support-
ing diverse breeding assemblages, reporting higher avian richness in rich
midstory and dense stands compared to more open ones (Pereira et al.,
2014). Diversely, in Castro Verde open-habitat plots, in spite of tapping
into a large regional species pool, consistently host fewer bird species
than structurally denser areas (like Estudrio do Tejo). This shortfall likely
reflects their relatively simpler vertical profile and reduced foliage layer-
ing, which offers fewer distinct foraging and nesting niches (Faria et al.,
2024; Reino et al., 2009; Santana et al., 2017). Nonetheless, these open
plots support a unique suite of grassland specialists, often flagship
species like the little bustard (Tetrax tetrax), great bustard (Otis tarda),
European roller (Coracias garrulus), and lesser kestrel (Falco naumanni), all
dependent on increasingly scarce, fragmented grasslands (Moreira et al.,
2007). The little bustard exemplifies this reliance as it favours extensive,
short-sward cereal and fallow fields and reaches peak densities in grass-
lands, a narrow habitat specialization that underpins its global near-
threatened status, as agricultural intensification and the loss of extensive
grazing systems continue to drive its decline (Silva et al., 2024; Crispim-
Mendes et al., 2024).

As with richness, total avian abundance was primarily driven by
GEDI-derived RH75_RAO_9_Mdn, followed by mean canopy density
(PAI). This result is supported by a review that investigated multiple
forest case studies and demonstrated that LIDAR metrics, such as canopy
vertical and horizontal structure, consistently explain local bird abun-
dance across temperate and boreal systems (Davies and Asner, 2014).
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As previously explained, the metric reflects the structural heterogeneity
most commonly experienced by mid- to upper-storey species, possibly
minimizing sensitivity to outliers (e.g., isolated emergent crowns). Sec-
ondarily, high PAl reflects greater foliage mass, which may support richer
arthropod prey, more vegetation cover, and more stable microclimates
(Davies and Asner, 2014; Culbert et al., 2013). Therefore structurally
richer canopy layers not only attract more species, but when coupled
with greater foliage bulk, also elevate overall bird numbers by ensuring
ample food and nesting substrates. Although our study did not directly
measure microhabitats, increased vertical complexity corresponds with
a proliferation of fine-scale features (canopy gaps, shaded understory
patches, and potential nest sites), representing ‘keystone structures’
enhancing local bird biodiversity and abundance in European forests
(Tews et al., 2004; Basile et al., 2020). In Iberian montado woodlands, pre-
vious research showed that developed structural mid-storey supported
significantly higher densities of both shrub-dwelling and leaf-gleaning
species (Pereira et al., 2014). Similarly, another study found that montado
and olive groves with dense canopies, as well as riparian galleries, hosted
more individuals than adjacent open areas, with seasonal shifts into
cooler, more humid gallery sites underscoring how canopy structure and
microclimate shape site use (Gomes et al., 2017). These findings mirror
LiDAR-based studies, which show that structurally rich and spatially
variable canopies facilitate foraging, movement, and resource aggrega-
tion, thereby supporting a higher abundance and diversity of birds (Car-
rasco et al., 2019; Huang et al., 2014). By contrast, open habitats sustain
lower abundances, though they harbour specialists with high conserva-
tion value.

Tawny owl density peaked in stands with a high proportion of tall
trees (i.e., oaks between 7.5 and 10 m; RH95), which agrees with another
study that reported higher owl density in closer woodlands (Silva et
al., 2012). In Mediterranean and temperate environments, tawny owls
often prefer complex and heterogeneous woodland habitats (Lopez-
Peinado et al., 2020; Sanchez-Zapata and Calvo, 1999; Wildraut and
Basile, 2022). The inverse bell-shaped response of tawny owl abun-
dance towards FHD (FHD_Iqr), considered along with the preference
for oaks with tall mature trees, suggests that in the study area higher
tawny owl abundance seems to be found in two main oak woodland
types: a) mature oaks with trees of the similar age and size and without
understorey (mostly with cow grazing) and b) very complex oaks with
trees with different age and height, and sometimes with shrubs in the
understorey (with little or no grazing). The more moderate fit for tawny
owl abundance compared to the other bird abundance models, which
may be attributable to small sample size and low environmental vari-
ation, highlights the need for more extensive, fine-scale nocturnal
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surveys to fully resolve habitat relationships for this woodland-gener-
alist predator.

4.2 Conservation implications and opportunities

By focusing exclusively on biodiversity inference from GEDI-derived
structural metrics, this study underscores the potential of remote
sensing to inform conservation policy frameworks (Pettorelli et al.,
2014). This is particularly relevant given the limited success of existing
European measures, such as those under the EU Common Agricultural
Policy, in halting biodiversity decline, including in grassland and
montado systems (Azeda et al.,, 2021). The present findings offer a
potential pathway to produce reliable indicators of biodiversity change.
In this direction, the present composite models, integrating GEDI-
derived RH75 heterogeneity, PAI, and AGBD, may serve as biodiver-
sity indicators by predicting bird richness and abundance in relation
to structural vegetation attributes that are responsive to land manage-
ment. Since the present outputs are spatially explicit, interpretable
through visual analysis of vegetation structure, scalable across land-
scapes, and automatable using openly available data, they meet key
operational criteria for implementation in agri-environmental schemes
(e.g., result-based schemes) (Pinto-Correia et al., 2022). These kinds of
frameworks, testable in different farm units, may inform strategic con-
servation planning by aligning public investments with measurable
ecological value across multifunctional landscapes, thereby underpin-
ning EU rural development and biodiversity targets.

Traditional field surveys are routinely hampered by uneven spatial
coverage, human resource constraints, and funding disparities, imped-
ing comprehensive biodiversity assessment. In contrast, Earth Observa-
tion data, here exemplified by GEDI-derived metrics integrated with
Sentinel-1 and Sentinel-2 data, provides near wall-to-wall, repeatable,
high-resolution mapping across scales from local and continental to
global extents (Pettorelli et al., 2014). This cost-effective approach enables
consistent large-scale tracking of key habitat attributes, directly support-
ing reporting under broad policy frameworks, such as the EU Biodiver-
sity Strategy for 2030 (Camia et al., 2023). While establishing spatially
robust baselines, our findings also pave the way for indicators that
evolve over time, thereby ensuring they remain spatially and temporally
scalable, sensitive to ecologically meaningful change, standardized for
repeatable measurement, and directly aligned with restoration and pro-
tection targets, as stipulated by the EU Biodiversity Strategy for 2030
(Pereira et al., 2013). However, it is important to underline that local
species-richness surveys are often spatially heterogeneous and
sampling-biased, which can limit their direct use for biodiversity
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assessments. Establishing a stratified, robust, and representative network
of monitoring sites at regional and national scales, complemented by
models that account for measurement errors, can help overcome these
limitations and improve inference of broad-scale biodiversity trends
(Valdez et al., 2023).

5 Conclusions

This study presents a scalable remote-sensing framework for predict-
ing bird diversity and abundance across Mediterranean habitats with
different structural complexity. By integrating GEDI LiDAR with optical
and radar imagery and relating those data with field surveys of bird
assemblages and the tawny owl, we reveal how canopy horizontal and
vertical attributes govern habitat quality across bird guilds. Vertical
canopy heterogeneity aggregated at broader scales (225 m), particularly
upper canopy, emerged as a strong driver of species richness and abun-
dance, the latter also best explained by canopy density, likely reflecting
its influence on prey availability and nesting resources.

These findings suggest that vertical stratification primarily supports
avian richness by enhancing microhabitat diversity, while denser, rich
canopies underpin improvements in population size. In this context, the
structure and spatial arrangement of tree crowns, captured via the GEDI
sensor, play a key ecological role, particularly in semiopen systems such
as montado, where canopy patchiness drives significant variation in
habitat quality. Preserving structurally rich wood pastures, together
with open grassland mosaics hosting flagship species of high conserva-
tion value, is therefore essential to maintain the full complement of
Mediterranean bird diversity, as each habitat type contributes distinct
ecological value.

Our multisite comparisons highlight the importance of geographic
validation and independent ornithological datasets in ensuring model
robustness. Beyond advancing our understanding of biodiversity—
structure relationships, this approach offers a transferable template for
monitoring habitat quality in heterogeneous landscapes with few multic-
riteria metrics, addressing critical gaps in biodiversity monitoring and
directly informing conservation of high-nature-value landscapes, which
can be useful for policy frameworks. Future work coupling GEDI-derived
metrics with microhabitat field surveys will help clarify structural drivers
and refine their role as indicators for conservation practices aimed at
maximizing both species richness and total abundance in the Mediterra-
nean woodlands and grassland mosaics.

IV. Satellites for environmental and land cover applications



References 65 5

Acknowledgements

This research was funded by National Funds through FCT —Fundagdo para a Ciéncia e a
Tecnologia under project UIDP /50027 /2020. The work, including the scholarships awarded
to FV, was cofinanced by project NORTE-01-0246-FEDER-000063 via the Norte Portugal
Regional Operational Programme (NORTE2020) within the PORTUGAL 2020 Partnership
Agreement and supported by the European Regional Development Fund (ERDF) in line with
the European Union’s cohesion policy. Additional funding was provided by the European
Union’s Horizon 2020 Research and Innovation Programme under Grant Agreement
No. 857251. This study was also partially funded by National Funds through Foundation for
Science and Technology (FCT) under Project No. UIDB/05183/2020 (MED). This work was
finally supported by the MED programme under grant UIDB/05183/2020 (DOI: 10.54499/
UIDB/05183/2020) and by the CHANGE initiative under grant LA/P/0121/2020 (DOI:
10.54499/LA /P/0121/2020). The funders had no role in study design, data collection and
analysis, decision to publish, or preparation of the manuscript.

References

Azeda, C., Guiomar, N., Godinho, S., Medeiros, J.P., Pinto-Correia, T., 2021. The ambiguous
role of agri-environment-climate measures in the safeguarding of High Nature Value
Farming Systems: the case of the Montado in Portugal. Agric. Ecosyst. Environ. 319.
0167-8809. Available from: www.elsevier.com/inca/publications/store/5/0/3/2/9/8.
doi:10.1016/j.agee.2021.107562.

Barry, B.R., Holbrook, J.D., Vogeler, ].C., Elliott, L.H., Weldy, M.]., Lesmeister, D.B., Epps, C.,
Wilson, T., Vierling, K.T., 2024. Using spaceborne LiDAR to reveal drivers of animal
demography. Ecol. Appl. 34 (8). 1939-5582. Available from: http://onlinelibrary.wiley.
com/journal /10.1002/(ISSN)1939-5582. d0i:10.1002/eap.3048.

Basile, M., Asbeck, T., Jonker, M., Knuff, A.K., Bauhus, J., Braunisch, V., Mikusinski, G.,
Storch, 1., 2020. What do tree-related microhabitats tell us about the abundance of forest-
dwelling bats, birds, and insects? J. Environ. Manage. 264, 110401. 0301-4797. d0i:10.1016 /j.
jenvman.2020.110401.

Beck, J., Wirt, B., Armston, J., Hofton, M., Luthcke, and Tang, H., 2021. Global Ecosystem
Dynamics Investigation (GEDI) Level 02 User Guide. NASA EOSDIS Land Processes
DAAC.

Bibby, C.J., 2000. Bird Census Techniques. Elsevier.

Botta-Dukat, Z., 2005. Rao’s quadratic entropy as a measure of functional diversity based
on multiple traits. J. Veg. Sci. 16 (5), 533-540. 1100-9233. doi:10.1111/j.1654-1103.2005.
tb02393.x.

Breiman, L., 2001. Random forests. Mach. Learn. 45 (1), 5-32. 0885-6125. do0i:10.1023/
a:1010933404324.

Burns, P, Clark, M., Salas, L., Hancock, S., Leland, D., Jantz, P, Dubayah, R., Goetz, S.J., 2020.
Incorporating canopy structure from simulated GEDI lidar into bird species distribution
models. Environ. Res. Lett. 15 (9), 095002. 1748-9326. doi:10.1088 /1748-9326/ ab80ee.

Camia, A., Gliottone, 1., Dowell, M., Gilmore, R., Coll, M., Skidmore, A., Chirici, G., Caimi,
C., Brink, A., Robuchon, M., Ferrario, 1., 2023. Earth Observation in Support of EU Poli-
cies for Biodiversity — A Deep-dive Assessment of the Knowledge Centre on Earth
Observation. Publications Office of the European Union, Luxembourg. 978-92-68-02459-
1. Available from: https://publications.jrc.ec.europa.eu/repository/handle/JRC132908.
doi:10.2760/185588.

IV. Satellites for environmental and land cover applications



656 20. Avian biodiversity patterns in Mediterranean habitats

Carrasco, L., Giam, X., Papes, M., Sheldon, K., 2019. Metrics of lidar-derived 3D vegetation
structure reveal contrasting effects of horizontal and vertical forest heterogeneity on bird
species richness. Remote Sens. 11 (7), 743. 2072-4292. d0i:10.3390/rs11070743.

Catarino, L., Godinho, C., Pereira, P., Luis, A., Rabaga, J.E., 2016. Can birds play a role as
High Nature Value indicators of montado system? Agrofor. Syst. 90 (1), 45-56. 0167-4366.
doi:10.1007 /s10457-014-9761-y.

Choi, H., Jeong, J., 2019. Speckle noise reduction technique for sar images using statistical char-
acteristics of speckle noise and discrete wavelet transform. Remote Sens. 11 (10). 2072-4292.
Available from: https://res.mdpi.com/remotesensing/remotesensing-11-01184/article_
deploy/remotesensing-11-01184.pdf?filename=&attachment=1. d0i:10.3390/rs11101184.

Coops, N.C., Wulder, M.A., 2019. Breaking the Habit(at). Trends Ecol. Evol. 34 (7), 585-587.
0169-5347. Available from: www.elsevier.com/inca/publications/store/3/0/3/3/9.
doi:10.1016/j.tree.2019.04.013.

Corado, L., and Godinho, S., GEDI-pipeline. Version 0.1.0, accessed on 10-03-2025. (2024),
Available from: https://github.com/leonelluiscorado/GEDI-Pipeline.

Crispim-Mendes, T., Valerio, F., Marques, A.T., Pita, R., Godinho, S., Silva, ]J.P., 2024. High-
resolution species distribution modelling reveals spatio-temporal variability of habitat
suitability in a declining grassland bird. Landsc. Ecol. 39 (3). 1572-9761. Available from:
https:/ /www.springer.com/journal /10980. doi:10.1007 /s10980-024-01848-6.

Culbert, P.D., Radeloff, V.C., Flather, C.H., Kellndorfer, ]. M., Rittenhouse, C.D., and Pidgeon,
A.M.,, 2013. The Influence of vertical and horizontal habitat structure on nationwide pat-
terns of avian biodiversity. Auk 130 (4), 656-665. 0004-8038. Available from: https://
academic.oup.com/auk. doi:10.1525/auk.2013.13007.

Cushman, S.A., McGarigal, K., 2003. Landscape-level patterns of avian diversity in the
Oregon Coast Range. Ecol. Monogr. 73 (2), 259-281. 0012-9615. Available from: http://
esajournals.onlinelibrary.wiley.com/hub /journal /10.1002/%28ISSN%291557-7015/
issues/. doi:10.1890/0012-9615(2003)073[0259:LPOADI]2.0.CO;2.

Davies, A.B., Asner, G.P,, 2014. Advances in animal ecology from 3D-LiDAR ecosystem mapping.
Trends Ecol. Evol. 29 (12), 681-691. 0169-5347. Available from: https://www.sciencedirect.
com/journal/trends-in-ecology-and-evolution. doi:10.1016/j.tree.2014.10.005.

Davison, C.W., Assmann, J.J., Normand, S., Rahbek, C., Morueta-Holme, N., 2023. Vegetation
structure from LiDAR explains the local richness of birds across Denmark. J. Anim. Ecol.
92 (7), 1332-1344. 1365-2656. Available from: http://onlinelibrary.wiley.com/journal/
10.1111/(ISSN)1365-2656. d0i:10.1111 /1365-2656.13945.

Dorado-Roda, I., Pascual, A., Godinho, S., Silva, C., Botequim, B., Rodriguez-Gonzalvez, P.,
Gonzalez-Ferreiro, E., Guerra-Hernandez, J., 2021. Assessing the accuracy of GEDI data
for canopy height and aboveground biomass estimates in Mediterranean forests. Remote
Sens. 13 (12), 2279. 2072-4292. d0i:10.3390/rs13122279.

Dubayah, R., Blair, J.B., Goetz, S., Fatoyinbo, L., Hansen, M., Healey, S., Hofton, M., Hurtt,
G., Kellner, J., Luthcke, S., Armston, J., Tang, H., Duncanson, L., Hancock, S., Jantz, P.,
Marselis, S., Patterson, PL., Qi, W., Silva, C., 2020. The Global Ecosystem Dynamics
Investigation: high-resolution laser ranging of the Earth’s forests and topography. Sci.
Remote Sens. 1. 2666-0172. Available from: https://www.journals.elsevier.com/science-
of-remote-sensing. do0i:10.1016/j.srs.2020.100002.

Duncanson, L., Kellner, J.R., Armston, J., Dubayah, R., Minor, D.M., Hancock, S., Healey,
S.P, Patterson, P.L., Saarela, S., Marselis, S., Silva, C.E., Bruening, J., Goetz, S.J., Tang, H.,
Hofton, M., Blair, B., Luthcke, S., Fatoyinbo, L., Abernethy, K., Alonso, A., Andersen, H.E.,
Aplin, P, Baker, T.R., Barbier, N., Bastin, ].F.,, Biber, P., Boeckx, P., Bogaert, J., Boschetti,
L., Boucher, P.B., Boyd, D.S., Burslem, D.ER.P, Calvo-Rodriguez, S., Chave, ]., Chazdon,
R.L., Clark, D.B., Clark, D.A., Cohen, W.B., Coomes, D.A., Corona, P., Cushman, K.C.,
Cutler, M.E]., Dalling, ].W., Dalponte, M., Dash, J., de-Miguel, S., Deng, S., Ellis, PW.,
Erasmus, B., Fekety, PA., Fernandez-Landa, A., Ferraz, A., Fischer, R., Fisher, A.G,,

IV. Satellites for environmental and land cover applications



References 65 7

Garcia-Abril, A., Gobakken, T., Hacker, ] M., Heurich, M., Hill, R.A., Hopkinson, C.,
Huang, H., Hubbell, S.P.,, Hudak, A.T., Huth, A., Imbach, B., Jeffery, K.J., Katoh, M.,
Kearsley, E., Kenfack, D., Kljun, N., Knapp, N., Krdl, K., Krii¢ek, M., Labriere, N., Lewis,
S.L., Longo, M., Lucas, RM., Main, R., Manzanera, J.A., Martinez, R.V., Mathieu, R,
Memiaghe, H., Meyer, V., Mendoza, A.M., Monerris, A., Montesano, P., Morsdorf, E,
Neesset, E., Naidoo, L., Nilus, R., O'Brien, M., Orwig, D.A., Papathanassiou, K., Parker,
G., Philipson, C., Phillips, O.L., Pisek, ]J., Poulsen, J.R., Pretzsch, H., Ridiger, C., Saatchi,
S., Sanchez-Azofeifa, A., Sanchez-Lopez, N., Scholes, R., Silva, C.A., Simard, M., Skid-
more, A., Sterenczak, K., Tanase, M., Torresan, C., Valbuena, R., Verbeeck, H., Vrska, T.,
Wessels, K., White, J.C., White, L.J.T., Zahabu, E., Zgraggen, C., 2022. Aboveground
biomass density models for NASA’s Global Ecosystem Dynamics Investigation (GEDI)
lidar mission. Remote Sens. Environ. 270. 0034-4257. Available from: www.elsevier.com/
inca/publications/store/5/0/5/7/3/3. doi:10.1016/j.rse.2021.112845.

Elliott, L.H., Vogeler, J.C., Holbrook, ]J.D., Barry, B.R., Vierling, K.T., 2024. Assessing GEDI
data fusions to map woodpecker distributions and biodiversity hotspots. Environ. Res.
Lett. 19 (9). 1748-9326. Available from: http://iopscience.iop.org/journal /1748-9326.
d0i:10.1088/1748-9326 / ad64eb.

Erdelen, M., 1984. Bird communities and vegetation structure: I. Correlations and compari-
sons of simple and diversity indices. Oecologia 61 (2), 277-284. 0029-8549. d0i:10.1007/
bf00396773.

Faria, J., Reino, L., Beja, P., Gongalves, D., Sanchez-Oliver, J.S., Moreira, E.,, Catry, I,
Rotenberry, ].T., Morgado, R., Brotons, L., Dullinger, S., Schindler, S., Santana, J., 2024.
Grassland vegetation height affects bird responses to forest edges in Mediterranean
open farmland. Glob. Ecol. Conserv. 50, e02818. 2351-9894. d0i:10.1016/j.gecco.2024.
e02818.

Farwell, L.S,, Elsen, P.R., Razenkova, E., Pidgeon, A.M., Radeloff, V.C., 2020. Habitat hetero-
geneity captured by 30-m resolution satellite image texture predicts bird richness across
the United States. Ecol. Appl. 30 (8). 1939-5582. Available from: http://onlinelibrary.
wiley.com/journal /10.1002 /(ISSN)1939-5582. d0i:10.1002/eap.2157.

Fischer, J., Lindenmayer, D.B., 2006. Beyond fragmentation: the continuum model for fauna
research and conservation in human-modified landscapes. Oikos 112 (2), 473-480. 0030-
1299. d0i:10.1111/j.0030-1299.2006.14148 x.

Gomes, M., Rabaga, J.E., Godinho, C., Ramos, ]J.A., 2017. Seasonal variation in bird species
richness and abundance in riparian galleries in Southern Portugal. Acta Ornithol. 52 (1),
69-79. 0001-6454. Available from: http:/ /www.bioone.org/toc/aorn/44/2. doi:10.3161/
00016454A02017.52.1.007.

Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., Moore, R., 2017. Google
Earth Engine: planetary-scale geospatial analysis for everyone. Remote Sens. Environ.
202, 18-27. 0034-4257. doi:10.1016/j.rse.2017.06.031.

Hakkenberg, C.R., Atkins, J.W., Brodie, J.F.,, Burns, P., Cushman, S., Jantz, P.,, Kaszta, Z,,
Quinn, C.A., Rose, M.D., Goetz, S.J., 2023. Inferring alpha, beta, and gamma plant diver-
sity across biomes with GEDI spaceborne lidar. Environ. Res. Ecol. 2 (3), 035005. 2752-
664X. doi:10.1088 /2752-664x / acffcd.

Haralick, R. M., Shanmugam, K., & Dinstein, I. H. (1973). Textural features for image clas-
sification. IEEE Trans. Syst. Man Cybern., (6), 610-621.

Hovick, TJ., Elmore, R.D., Fuhlendorf, S.D., Engle, D.M., Hamilton, R.G., 2015. Spatial hetero-
geneity increases diversity and stability in grassland bird communities. Ecol. Appl. 25 (3),
662-672. 1939-5582. Available from: http://www.esajournals.org/doi/pdf/10.1890/
14-1067.1. d0i:10.1890/14-1067.1.

Huang, Q., Swatantran, A., Dubayah, R., Goetz, S.J., Machado, R.B., 2014. The influence of
vegetation height heterogeneity on forest and woodland bird species richness across the
United States. PLoS ONE 9 (8), e103236. 1932-6203. d0i:10.1371/journal.pone.0103236.

IV. Satellites for environmental and land cover applications



658 20. Avian biodiversity patterns in Mediterranean habitats

Killion, A.K., Honda, A., Trout, E., Carter, N.H., 2023. Integrating spaceborne estimates of
structural diversity of habitat into wildlife occupancy models. Environ. Res. Lett. 18 (6).
1748-9326. Available from: http:/ /iopscience.iop.org/journal /1748-9326. d0i:10.1088 / 1748-
9326/acce4dd.

Kobayashi, S., Fujita, M.S., Omura, Y., Haryadi, D.S., Muhammad, A., Irham, M., Shiodera,
S., 2023. Evaluating threatened bird occurrence in the tropics by using L-band SAR
remote sensing data. Remote Sens. 15 (4). 2072-4292. Available from: http:/ /www.mdpi.
com/journal/remotesensing. doi:10.3390/rs15040947.

Kursa, M.B., Jankowski, A., Rudnicki, WR., 2010. Boruta - A system for feature selection.
Fundam. Inf. 101 (4), 271-285. d0i:10.3233 /FI-2010-288.

Leal, A.L, Correia, R.A., Granadeiro, J.P., Palmeirim, J.M., 2011. Impact of cork extraction on
birds: relevance for conservation of Mediterranean biodiversity. Biol. Conserv. 144 (5),
1655-1662. 0006-3207. Available from: www.elsevier.com/inca/publications/store/4/
0/5/8/5/3. doi:10.1016/j.biocon.2011.02.021.

Li, H., Wu, J., 2004. Use and misuse of landscape indices. Landsc. Ecol. 19 (4), 389-399. 0921-
2973. d0i:10.1023/B:LAND.0000030441.15628.d6.

Li, X., Wessels, K., Armston, J., Hancock, S., Mathieu, R., Main, R., Naidoo, L., Erasmus, B.,
Scholes, R., 2023. First validation of GEDI canopy heights in African savannas. Remote
Sens. Environ. 285, 113402. 0034-4257. doi:10.1016/j.rse.2022.113402.

Loépez-Peinado, A., Lis, A., Perona, AM., Lopez-Lopez, P., 2020. Habitat preferences of the
Tawny Owl (Strix aluco) in a special conservancy area of Eastern Spain. J. Raptor Res.
54 (4),402-413.0892-1016. Available from: http:/ /www.bioone.org /loi/rapt. doi:10.3356 /
0892-1016-54.4.402.

Lucas, T.C.D., 2020. A translucent box: interpretable machine learning in ecology. Ecol.
Monogr. 90 (4). 0012-9615. doi:10.1002/ecm.1422.

MacArthur, R.H., MacArthur, J.W., 1961. On bird species diversity. Ecology 42 (3), 594-598.
0012-9658. d0i:10.2307/1932254.

Mag, Z., Szép, T., Nagy, K., Standovdr, T., 2011. Modelling forest bird community richness
using CORINE land cover data: a study at the landscape scale in Hungary. Commun.
Ecol. 12 (2), 241-248. 1585-8553. d0i:10.1556 /comec.12.2011.2.13.

Martins, F.C., Godinho, S., Guiomar, N., Medinas, D., Rebelo, H., Segurado, P., Marques, ].T.,
2024. Vegetation canopy height shapes bats” occupancy: a remote sensing approach.
GIScience Remote Sens. 61 (1). 1548-1603. doi:10.1080/15481603.2024.2374150.

Moreira, F., Morgado, R., Alcazar, R., Cardoso, A., Carrapato, C., Delgado, A., et al., 2007.
Spatial distribution patterns, habitat correlates and population estimates of steppe birds
in Castro Verde. Airo 17, 5-30.

Mullissa A, Vollrath A, Odongo-Braun C, Slagter B, Balling J, Gou Y, Gorelick N, and Reiche
J. (2021). Sentinel-1 SAR backscatter analysis ready data preparation in google earth
engine. Remote Sens., 13 (10), 1954. d0i:10.3390/rs13101954.

Paracchini, M.L., Petersen, ].E., Hoogeveen, Y., Bamps, C., Burfield, 1., and VAN, S.C., 2008.
High Nature Value Farmland in Europe-An Estimate of the Distribution Patterns on the
Basis of Land Cover and Biodiversity Data. Office for Official Publications of the
European Communities, Luxembourg.

Pasquarella, V.J., Brown, C.F,, Czerwinski, W., Rucklidge, W.J., 2023. Comprehensive quality
assessment of optical satellite imagery using weakly supervised video learning. In: IEEE
Computer Society Conference on Computer Vision and Pattern Recognition Workshops.
IEEE Computer Society. doi:10.1109/CVPRW59228.2023.00206. 21607516, pp. 2125-2135.
http:/ /ieeexplore.ieee.org/xpl/conferences.jsp.

Pereira, H.M., Ferrier, S., Walters, M., Geller, G.N., Jongman, R.H.G., Scholes, R.J., Bruford,
M.W.,, Brummitt, N., Butchart, S.H.M., Cardoso, A.C., Coops, N.C., Dulloo, E., Faith, D.P,
Freyhof, ]J., Gregory, R.D., Heip, C., Hoft, R., Hurtt, G., Jetz, W., Karp, D.S., McGeoch,
M.A., Obura, D., Onoda, Y., Pettorelli, N., Reyers, B., Sayre, R., Scharlemann, ].P.W.,

IV. Satellites for environmental and land cover applications



References 65 9

Stuart, S.N., Turak, E., Walpole, M., Wegmann, M., 2013. Essential biodiversity variables.
Science 339 (6117), 277-278. 0036-8075. d0i:10.1126 /science.1229931.

Pereira, P., Godinho, C., Roque, L., Marques, A., Branco, M., Rabaga, J.E., 2014. Time to rethink
the management intensity in a Mediterranean oak woodland: the response of insectivo-
rous birds and leaf-chewing defoliators as key groups in the forest ecosystem. Ann. For.
Sci. 71 (1), 25-32. 1297-966X. d0i:10.1007 /s13595-012-0227-y.

Pettorelli, N., Laurance, W.F.,, O’Brien, T.G., Wegmann, M., Nagendra, H., Turner, W., 2014.
Satellite remote sensing for applied ecologists: opportunities and challenges. J. Appl.
Ecol. 51 (4), 839-848. 1365-2664. Available from: http:/ /www.blackwellpublishing.com/
journals/JPE. doi:10.1111/1365-2664.12261.

Pinto-Correia, T., Ferraz-de-Oliveira, M.I.,, Guimaraes, M.H., Sales-Baptista, E., Cruz, C,,
Godinho, C., and Santos, R., 2022 Result-based payments as a tool to preserve the High
Nature Value of complex silvo-pastoral systems: progress toward farm-based indicators.
Ecol. Soc. 27 (1), 39. doi:10.5751/ES-12973-270139.

Pinto-Correia, T., Guiomar, N., Ferraz-de-Oliveira, M.I.,, Sales-Baptista, E., Rabaga, J.,
Godinho, C., Ribeiro, N., S Sousa, P., Santos, P., Santos-Silva, C., Simoes, M.P., Belo,
A.D.F, Catarino, L., Costa, P, Fonseca, E., Godinho, S., Azeda, C., Almeida, M., Gomes,
L., Lopes de Castro, J., Louro, R., Silvestre, M., Vaz, M., 2018. Progress in identifying high
nature value Montados: impacts of grazing on hardwood Rangeland biodiversity. Range-
land Ecol. Manage. 71 (5), 612-625. 1550-7424. doi:10.1016 /j.rama.2018.01.004.

R Core Team, 2025. R: A Language and Environment for Statistical Computing. R Foundation
for Statistical Computing, Vienna, Austria. https://www.R-project.org/.

Reino, L., Beja, P., Osborne, P.E., Morgado, R., Fabido, A., Rotenberry, J.T., 2009. Distance to
edges, edge contrast and landscape fragmentation: interactions affecting farmland birds
around forest plantations. Biol. Conserv. 142 (4), 824-838. 0006-3207. doi:10.1016/j.
biocon.2008.12.011.

Rocchini, D., Luque, S., Pettorelli, N., Bastin, L., Doktor, D., Faedi, N., Feilhauer, H., Féret, J.,
Foody, G.M., Gavish, Y., Godinho, S., Kunin, W.E., Lausch, A., Leitao, PJ., Marcantonio, M.,
Neteler, M., Ricotta, C., Schmidtlein, S., Vihervaara, P, Wegmann, M., Nagendra, H., Parrini,
F, 2018. Measuring p-diversity by remote sensing: a challenge for biodiversity monitoring.
Methods Ecol. Evol. 9 (8), 1787-1798. 2041-210X. doi:10.1111/2041-210x.12941.

Rocchini, D., Marcantonio, M., Ricotta, C., 2017. Measuring Rao’s Q diversity index from
remote sensing: an open source solution. Ecol. Indic. 72, 234-238. 1470-160X. d0i:10.1016 /j.
ecolind.2016.07.039.

Salgueiro, PA., Mira, A., Rabaga, J.E,, Silva, C., Eufrazio, S., Medinas, D., Manghi, G., Silva,
B., Santos, S.M., 2018. Thinking outside the patch: a multi-species comparison of conceptual
models from real-world landscapes. Landsc. Ecol. 33 (3), 353-370. 1572-9761. Available
from: http:/ /www.springerlink.com/content/103025/. d0i:10.1007 /s10980-017-0603-y.

Sanchez-Zapata, ].A., Calvo, ].E,, 1999. Rocks and trees: habitat response of Tawny Owls Strix
aluco in semiarid landscapes. Ornis Fennica 76 (2), 79-87.

Santana, J., Reino, L., Stoate, C., Moreira, F,, Ribeiro, P.E, Santos, J.L., Rotenberry, ].T., and Beja,
P.,, 2017. Combined effects of landscape composition and heterogeneity on farmland avian
diversity. Ecol. Evol. 7 (4), 1212-1223. 2045-7758. Available from: http:/ /onlinelibrary.wiley.
com/journal/10.1002/(ISSN)2045-7758. d0i:10.1002/ece3.2693.

Schneider, ED., Ferraz, A., Hancock, S., Duncanson, L.I., Dubayah, R.O., Pavlick, R.P,
Schimel, D.S., 2020. Towards mapping the diversity of canopy structure from space with
GEDI. Environ. Res. Lett. 15 (11). 1748-9326. Available from: https:/ /iopscience.iop.org/
article/10.1088/1748-9326/ab%e99. doi:10.1088 /1748-9326 / ab9e99.

Sekercioglu, C., 2006. Increasing awareness of avian ecological function. Trends Ecol. Evol.
21 (8), 464-471. 0169-5347. d0i:10.1016/j.tree.2006.05.007.

Sexton, J.O., Noojipady, P, Anand, A., Song, X.P., McMahon, S., Huang, C., Feng, M.,
Channan, S., and Townshend, J.R., 2015. A model for the propagation of uncertainty from

IV. Satellites for environmental and land cover applications



660 20. Avian biodiversity patterns in Mediterranean habitats

continuous estimates of tree cover to categorical forest cover and change. Remote Sens.
Environ. 156, 418-425. 0034-4257. Available from: www.elsevier.com/inca/publications/
store/5/0/5/7/3/3. doi:10.1016/j.rse.2014.08.038.

Shannon, C.E., 1948. A mathematical theory of communication. Bell. Syst. Tech. ]J. 27 (3),
379-423. 0005-8580. d0i:10.1002/j.1538-7305.1948.tb01338.x.

Silva, C.C., Lourengo, R., Godinho, S., Gomes, E., Sabino-Marques, H., Medinas, D., Neves,
V., Silva, C., Rabaga, J.E., Mira, A., 2012. Major roads have a negative impact on the Tawny
Owl Strix aluco and the Little Owl Athene noctua populations. Acta Ornithol. 47 (1),
47-54. 0001-6454. doi:10.3161/000164512X653917.

Silva, J.P., Gameiro, J., Valerio, E, Marques, A.T., 2024. Portugal’s farmland bird crisis
requires action. Science 383 (6679), 157. d0i:10.1126/science.adn1390.

Smith, A.B., Vogeler, ].C., Bjornlie, N.L., Squires, J.R., Swayze, N.C., Holbrook, J.D., 2022.
Spaceborne LiDAR and animal-environment relationships: an assessment for forest car-
nivores and their prey in the Greater Yellowstone Ecosystem. For. Ecol. Manage. 520.
0378-1127. Available from: www.elsevier.com/inca/publications/store/5/0/3/3/1/0.
doi:10.1016/j.foreco.2022.120343.

St-Louis, V., Pidgeon, A.M., Radeloff, V.C., Hawbaker, T.J., Clayton, M.K., 2006. High-reso-
lution image texture as a predictor of bird species richness. Remote Sens. Environ. 105
(4), 299-312. 0034-4257. d0i:10.1016/j.rse.2006.07.003.

Tang, H., and Armston, J., 2019. Algorithm theoretical basis document (ATBD) for GEDI L2B
footprint canopy cover and vertical profile metrics. Goddard Space Flight Center Green-
belt. Available from: https://lpdaac.usgs.gov/documents/588/GEDI_FCCVPM_
ATBD_v1.0.pdf.

Tang, H., Dubayah, R., Swatantran, A., Hofton, M., Sheldon, S., Clark, D.B., Blair, B., 2012.
Retrieval of vertical LAI profiles over tropical rain forests using waveform lidar at la selva,
costa rica. Remote Sens. Environ. 124, 242-250. 0034-4257. d0i:10.1016/j.rse.2012.05.005.

Tews, J., Brose, U., Grimm, V., Tielborger, K., Wichmann, M.C., Schwager, M., Jeltsch, E, 2004.
Animal species diversity driven by habitat heterogeneity/diversity: the importance of
keystonestructures.]. Biogeogr.31(1),79-92.0305-0270. d0i:10.1046 /j.0305-0270.2003.00994.x.

Valdez, ].W.,, Callaghan, C.T., Junker, J., Purvis, A., Hill, S.L.L., Pereira, H.M., 2023. The unde-
tectability of global biodiversity trends using local species richness. Ecography 2023, 3.
1600-0587. Available from: http://onlinelibrary.wiley.com/journal/10.1111/(ISSN)1600-
0587. doi:10.1111/ecog.06604.

Valerio, F., Basile, M., Balestrieri, R., Posillico, M., Di Donato, S., Altea, T., Matteucci, G.,
2016. The reliability of a composite biodiversity indicator in predicting bird species rich-
ness at different spatial scales. Ecol. Indic. 71, 627-635. 1470-160X. doi:10.1016/j.
ecolind.2016.07.043.

Valerio, F., Godinho, S., Marques, A.T., Crispim-Mendes, T., Pita, R., Silva, J.P., 2024. GEE_
xtract: high-quality remote sensing data preparation and extraction for multiple spatio-
temporal ecological scaling. Ecol. Inf. 80. 1574-9541. Available from: https://www.
sciencedirect.com/science/journal/15749541. d0i:10.1016/j.ecoinf.2024.102502.

van der Horst, S., Goytre, E, Marques, A., Santos, S., Mira, A., Lourengo, R., 2019. Road
effects on species abundance and population trend: a case study on tawny owl. Eur. J.
Wildlife Res. 65 (6). 1612-4642. doi:10.1007 /s10344-019-1325-z.

Vesely, D., 2006. Development of Protocols to Inventory or Monitor Wildlife, Fish, or Rare
Plants, vol. 72. United States Department of Agriculture, Forest Service.

Vogeler, ].C., Yang, Z., Cohen, W.B., 2016. Mapping suitable Lewis’s woodpecker nesting habitat
in a post-fire landscape. Northwest Sci. 90 (4), 421-432. 0029-344X. Available from: http://
www.vetmed.wsu.edu/org_nws/Journal%20reprints.htm. doi:10.3955/046.090.0404.

Wildraut J, and Basile M. (2022). Landscape configuration influences species occupancy over
multiple spatial scales: a case study on tawny owl. J. Raptor Res., 56 (1). d0i:10.3356/
JRR-20-133.

IV. Satellites for environmental and land cover applications



References 661

Wright, M.N.,, Ziegler, A., 2017. Ranger: a fast implementation of random forests for high dimen-
sional data in C++ and R. J. Stat. Software 77 (1). 1548-7660. Available from: https://www.
jstatsoft.org/index.php/jss/article/view /v077i01/v77i01.pdf. doi:10.18637 /jss.v077.i01.

Wulder, M.A., Coops, N.C., 2014. Satellites: make Earth observations open access. Nature
513 (7516), 30-31. 1476-4687. d0i:10.1038 /513030a.

Xu, J., Farwell, L., Radeloff, V.C., Luther, D., Songer, M., Cooper, W.J., and Huang, Q., 2024.
Remote sensing of environment. Avian diversity across guilds in North America versus
vegetation structure as measured by the Global Ecosystem Dynamics Investigation
(GEDI). Remote Sens. Environ. 315, 114446.

IV. Satellites for environmental and land cover applications



