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Abstract
Aim: The increasing availability of remote sensing (RS) products from airborne laser 
scanning (ALS) surveys, synthetic aperture radar acquisitions and multispectral sat-
ellite imagery provides unprecedented opportunities for describing the physical 
structure and seasonal changes of vegetation. However, the added value of these RS 
products for predicting species distributions and animal habitats beyond land cover 
maps remains little explored. Here, we aim to assess how metrics derived from dif-
ferent types of high- resolution (10 m) RS products predict the habitat suitability of 
wetland birds.
Location: North- eastern part of the Netherlands.
Methods: We built species distribution models (SDMs) with occurrence observa-
tions from territory mapping of two selected wetland bird species (great reed warbler 
and Savi's warbler) and metrics from a Dutch land cover map, country- wide ALS and 
Sentinel- 1 and Sentinel- 2 RS products. We then compared model performance, rela-
tive variable importance and response curves of the SDMs to assess the contribution 
and ecological relevance of each RS product and metric.
Results: Our results showed that ALS and Sentinel metrics improve SDMs with only 
land cover metrics by 11% and 10% of the Area Under Curve (AUC) for the great reed 
warbler and the Savi's warbler respectively. Assessments of feature importance re-
vealed that all types of RS products contributed substantially to predicting the habitat 
suitability of these wetland birds, but that the most important variables vary among 
species.
Main conclusions: Our study demonstrates that metrics from different high- resolution 
RS products capture complementary ecological information on animal habitats, in-
cluding aspects such as the proportional cover of habitat types, vegetation density 
and the horizontal variability of vegetation height. Land cover maps with detailed spa-
tial and thematic information can already achieve high model accuracies, but adding 
metrics derived from ALS point clouds and Sentinel imagery further improve model 
accuracy and enhance the understanding of animal– habitat relationships.

[Correction added on 26 February 2022, after first online publication: Author name “Daniel Kissling” has been changed to “W. Daniel Kissling”.]  
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1  |  INTRODUC TION

The explanation and prediction of species distributions and biodi-
versity patterns of animals is a fundamental pursuit in biogeogra-
phy, ecology and conservation biology. Species distribution models 
(SDMs) are commonly used to quantify the relationship between 
species occurrences and environmental conditions (Elith et al., 2006; 
Guisan & Zimmermann, 2000). In recent years, SDMs increasingly 
include remote sensing (RS) data to describe the environmental con-
ditions of animal species at broad spatial extents (He et al., 2015). 
However, SDMs often focus solely on environmental predictor 
variables related to climate, topography, soil and land cover (Mod 
et al., 2016). Thus, information about the 3D configuration and phys-
ical structure of vegetation is rarely included (Kissling et al., 2017; 
Randin et al., 2020). In contrast, field observations show that the 
fine- scale structure of vegetation plays an important role in deter-
mining the distribution and diversity of animal species (Dunlavy, 
1935; MacArthur & MacArthur, 1961; Tews et al., 2004). Moreover, 
structural variability and heterogeneity of vegetation has a pos-
itive effect on biodiversity by providing more niche space (Koma, 
Grootes, et al., 2021; Müller et al., 2014), by influencing resource use 
and habitat selection (Cody, 1985) and by creating diverse microcli-
mates (Zellweger et al., 2019). Hence, the development of predictor 
variables from RS products that capture aspects of vegetation struc-
ture and habitat heterogeneity is required.

Categorical land cover maps are often used in SDMs to describe 
the coarse habitat use of animals (Pearson et al., 2004; Thuiller et al., 
2004). The main reason is the wide availability and easy interpret-
ability of land cover maps such as the CORINE Land Cover (https://
land.coper nicus.eu/pan- europ ean/corin e- land- cover). However, 
such products usually only distinguish relatively coarse land cover 
classes, which often do not fully align with the habitat types of ani-
mals (Kissling et al., 2017; St- Louis et al., 2014). National land cover 
maps can reveal finer details, but the predefined land cover classes 
still do not necessarily reflect the habitat requirements of species 
in relation to fine- scale vegetation structure. For instance, small 
and scattered habitats (e.g. linear vegetation elements such hedges) 
and the structural variation within land cover classes (e.g. density 
and height of reedbeds) are under- represented (Koma et al., 2021; 
Lucas et al., 2019) and hence do not properly describe the breeding 
and foraging requirements of animal species (Davies & Asner, 2014; 
Zellweger et al., 2016). Some studies suggest overcoming these lim-
itations by using vegetation indices derived from satellite RS, which 
can describe spatial and temporal variation of vegetation growth 
and other aspects of habitat heterogeneity (Oeser et al., 2020; St- 
Louis et al., 2014). However, most studies so far have relied on RS 
products such as LANDSAT and MODIS spectral imagery, for which 
the spatial resolution is 30 m or coarser. The increasing availability 

of country- wide laser scanning data and the recent launch of the 
European Space Agency (ESA) Copernicus missions (Sentinel- 1 and 
Sentinel- 2) provide new opportunities for quantifying the fine- scale 
habitat variation at high (e.g. 10 m) spatial resolution (Schulte to 
Bühne & Pettorelli, 2018).

Light Detection and Ranging (LiDAR) technology provides the 
most direct and accurate way of obtaining detailed information 
about vegetation structure (Davies & Asner, 2014; Valbuena et al., 
2020; Vierling et al., 2008). Airborne laser scanning (ALS) is an active 
RS technique using LiDAR where the scanner emits a laser pulse that 
is then reflected back from the vegetation (e.g. leaves, branches and 
stems) or from the terrain surface. As a result, the measurements 
provide a 3D point cloud with centimetre accuracy, representing 
vegetation structure or terrain. To derive ecologically relevant infor-
mation, the obtained 3D point cloud needs to be further processed, 
for example into metrics which statistically aggregate the 3D point 
cloud information within raster cells (Bakx et al., 2019; Davies & 
Asner, 2014). These LiDAR metrics can then be used to model the 
fine- scale habitat suitability of animals such as birds, mammals and 
invertebrates (Davies et al., 2018; de Vries et al., 2021; Zellweger 
et al., 2013). Even though several studies have successfully used 
LiDAR metrics for characterizing habitat structure, the ALS data 
usually come with two major limitations. First, country- wide ALS 
campaigns are typically not repeated in different seasons, which lim-
its the ability to monitor seasonal changes in vegetation structure 
caused by plant growth dynamics. Second, ALS datasets are often 
collected for terrain mapping in the leaf- off season and hence do 
not necessarily capture all aspects of vegetation structure during 
the time when animals are surveyed, for example in the breeding 
season (Koma, Grootes, et al., 2021; Koma, Seijmonsbergen, et al., 
2021). It is thus important to explore the combination of LiDAR with 
other high spatial and temporal resolution satellite RS products to 
test which predictor variables can best describe habitat structure 
and seasonal dynamics of vegetation.

The Copernicus Sentinel programme provides an unprecedented 
opportunity to monitor the spatial and temporal changes of vege-
tation (Pettorelli et al., 2014; Schulte to Bühne & Pettorelli, 2018). 
For instance, the Synthetic Aperture Radar (SAR) sensor on board of 
Sentinel- 1 can be used to derive ecologically meaningful information 
about vegetation structure (Bae et al., 2019). SAR data can be used to 
analyse the 3D structure of objects because the signals are sensitive 
to the orientation, volume and roughness of the surface (e.g. plants). 
SAR data have been used to map above- ground biomass (Sinha 
et al., 2015) and to provide information on vegetation structure in 
forested areas (Bae et al., 2019). Additionally, the Sentinel- 2 satel-
lite has a multispectral imaging sensor, which provides opportuni-
ties to derive common vegetation indices such as the Normalized 
Difference Vegetation Index (NDVI). The NDVI provides information 

K E Y W O R D S
Acrocephalus, habitat heterogeneity, LiDAR, Locustella, reedbed structure, SAR, Sentinel, 
temporal vegetation dynamics
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on the dynamics of primary production from the top of the vegeta-
tion canopy. This has been successfully used to predict animal spe-
cies distributions (Pettorelli et al., 2005, 2011). Recent studies have 
also shown that textural metrics derived from multispectral imagery 
can provide information on habitat heterogeneity for predicting bird 
species richness (Farwell et al., 2021). Although the use of different 
types of satellite RS products in SDMs is increasing, a comprehen-
sive assessment of how multiple types of high- resolution RS data 
(e.g. covering LiDAR, Sentinel- 1 and Sentinel- 2) can predict animal 
habitats is still lacking.

Here, we aim to assess the potential of different high- resolution 
RS products to predict the fine- scale habitat suitability of wetland 
birds. We compare metrics related to the proportion, 3D structure, 
heterogeneity and seasonal variability of wetland vegetation using 
national land cover maps, country- wide ALS data, and SAR and mul-
tispectral imagery obtained from Sentinel- 1 and Sentinel- 2 satellites, 
respectively. We focus on wetlands because they are vital and struc-
turally complex habitat types that offer breeding habitat for many 
species of conservation concern like marshland birds whose niches 
differ in vegetation composition and structure (Leisler & Schulze- 
Hagen, 2011). We used breeding bird information from a compre-
hensive national monitoring scheme together with metrics derived 
from different high- resolution (10 m) RS products and predicted spe-
cies distributions of two wetland bird species, the great reed warbler 
(Acrocephalus arundinaceus) and the Savi's Warbler (Locustella lus-
cionides). Both species have specialized habitat requirements within 
wetlands and breed almost exclusively within reedbeds (Cramp, 
1992). In particular, we (1) compare model accuracies using different 
types of high- resolution RS products, (2) evaluate the relative im-
portance of metrics derived from different RS products and (3) use 
response curves to assess the ecological relevance of the derived 
metrics for explaining the habitat suitability of the focal species. We 
expect that LiDAR and Sentinel- based metrics achieve higher overall 
accuracies in SDMs compared to SDMs using only categorical land 
cover maps. We further hypothesize that LiDAR metrics will con-
tribute most to the models because they represent the fine- scale 
habitat structure more directly than metrics calculated from satellite 
RS. Furthermore, we expect that different RS products will provide 
complementary ecological information to explain the habitat suit-
ability of both bird species. Overall, our comparative study offers 
new insights into how different high- resolution RS data can be used 
to model species distributions and thereby advances the characteri-
zation of fine- scale habitat structure and seasonal variability of veg-
etation in quantitative biodiversity modelling.

2  |  METHODS

2.1  |  Study area

The study area within the Netherlands comprised five Dutch prov-
inces (Groningen, Drenthe, Overijssel, Gelderland and Flevoland) for 
which both ALS and Sentinel data were available for the same year 

(Figure 1). All derived metrics were georeferenced into the Dutch 
coordinate system (RD_New) and resampled according to the extent 
and resolution of the LiDAR metrics. Within the included provinces, 
we modelled the habitat suitability of the selected birds only within 
wetlands because the focal bird species only breed in wetlands. For 
this, we applied a wetland mask using the Dutch land cover map 
(Landelijk Grondgebruik Nederland, LGN2018), including only the 
six wetland- related LGN classes: reed, swamp, salt marsh, shrubs 
with low vegetation height, shrubs with high vegetation height and 
forests in wetlands.

2.2  |  Breeding bird occurrence data

We selected two bird species that breed in wetlands: the great reed 
warbler (Acrocephalus arundinaceus) and the Savi's warbler (Locustella 
luscinioides). Both species almost exclusively breed within reedbeds, 
but have distinct habitat preferences in terms of vegetation struc-
ture and types of reedbeds. For instance, the great reed warbler 
breeds in areas close to open water (e.g. 5 m away from the water 
edge) (Báldi & Kisbenedek, 1999), whereas the Savi's warbler prefers 
large contiguous reedbeds mixed with other herbaceous perennial 
plants and with a few trees and bushes interspersed (Báldi, 2006). 
Within reedbeds, the vegetation structure and composition typically 
differs with distance to the water. Close to the water edge, reed veg-
etation (water reed) grows taller and thicker than in reedbeds that 
are located in the drier parts of a wetland (i.e. land reed) (Graveland, 
1998; Koma, Seijmonsbergen, et al., 2021).

The breeding bird observations were collected by the Dutch 
Centre for Field Ornithology (Sovon, https://www.sovon.nl/en). We 
used bird observations obtained from the Breeding Bird Monitoring 
Program (BMP) between 2016 and 2019. This survey provides lo-
cations of territorial bird activity within survey plots across the 
Netherlands using a standardized field sampling protocol with a 
similar observation effort across species (Vergeer et al., 2016). Each 
year between March and July all survey plots (ranging from 10 to 
500 hectares) are visited 5– 10 times in the early morning by an 
experienced observer. During the field visits, the spatial locations 
of all birds with territorial and nest indicative behaviour (e.g. song, 
alarm, nest) are mapped. This sampling scheme thus provides high- 
resolution presence data (i.e. exact spatial locations of observed in-
dividuals during the breeding season). We generated ‘background’ 
points by randomly placing points within the survey plots and within 
the wetland- related land cover types. Furthermore, we randomly 
generated ‘absences’ within the survey plots and within the wetland- 
related land cover types, but at least 200 m away from the presence 
points. The 200 m radius was selected based on the habitat use, ter-
ritory size and activity range of the selected bird species during the 
breeding season. We also applied spatial thinning on the presence 
data, which was set to 20 m to avoid sampling the same 10 m grid 
cell twice within the study area. In total, we had 146 presence and 
730 absence or background points for the great reed warbler and 
1483 presence points and 1231 absence or background points for 
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the Savi's warbler. To avoid an imbalanced training and testing data-
set for the great reed warbler, we equalized the number of generated 
absence points with the number of presence points in each random 
fold of the modelling procedure (see below). Hence, we used dif-
ferent sets of absences in each modelling run (Barbet- Massin et al., 
2012).

2.3  |  Remote sensing data

We used different RS products to predict the habitat suitability of 
the selected wetland birds. This included a land cover map from the 
Netherlands, country- wide ALS data, SAR data (Sentinel- 1) and op-
tical imagery (Sentinel- 2) from the Copernicus Sentinel missions of 
the European Space Agency (ESA). The sensors included active and 
passive RS techniques and thus contributed different information 
on the structure and dynamics of wetland vegetation. For instance, 
country- wide ALS provides 3D point clouds, which directly reflect 
the structure of vegetation, SAR sensors measure the scattering 
characteristic of the surface and thus capture changes in biomass 
and water content, and optical imagery captures spectral informa-
tion from the top of the vegetation canopy. Both SAR and optical 
imagery from Sentinel further comes with a high temporal frequency 
(repeated measurements every 6 days). From each of these RS prod-
ucts, we extracted various metrics to capture different habitat as-
pects, including coverage of different land cover classes, vertical and 

horizontal vegetation structure, habitat heterogeneity, and seasonal 
and spatial variation in vegetation growth (Figure 2).

2.3.1  |  Dutch land cover map

We used the Dutch land cover map from 2018 (LGN2018 or LGN8), 
which distinguishes 48 land cover types (e.g. agricultural crops, for-
ests, water, wetland types and urban classes) at high (5 m) resolution. 
LGN8 is a combined land cover classification product based on high- 
resolution satellite SPOT imagery, aerial photographs and the Dutch 
cadastre data (TOP10NL, https://zakel ijk.kadas ter.nl/- /top10nl). Six 
LGN8 classes differentiate the wetland habitats of the selected bird 
species: reed, swamp, salt marsh, shrubs with low vegetation height, 
shrubs with high vegetation height and forests in wetlands. We used 
these six LGN8 classes to quantify the proportion of each land cover 
class using a moving window approach with a 100 m radius (see met-
ric class ‘Proportion of land cover’ in Table 1).

2.3.2  |  Airborne laser scanning data

The country- wide LiDAR point clouds were derived from the third 
Dutch national ALS flight campaign (AHN3, Actueel Hoogtebestand 
Nederland). The AHN3 dataset is openly accessible and captures 
multiple returns, with an average point density of 8 pt/m2 (https://

F I G U R E  1  Study area, survey plots and species distribution information of birds within wetland land cover types. (a) Simultaneous 
coverage of airborne laser scanning (ALS) and Sentinel data in the north- eastern part of the Netherlands (grey = years indicating data 
acquisition), with survey plots of bird observations in blue. (b) Example area showing observed presences of birds (red dots, with 200 m 
buffer), generated background points (black cross) and generated absences (black dots, at least 200 m away from presences) of the Savi's 
warbler (SW) in survey plots within wetlands. The wetland mask (indicated with bronze colour) is generated using the six wetland- related 
classes from the Dutch land cover map (LGN8 = Landelijk Grondgebruik Nederland)
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ahn.arcgi sonli ne.nl/ahnvi ewer/). The data were acquired during the 
leaf- off season between 2016 and 2019. The raw point cloud has 
been pre- processed by ‘Rijkswaterstraat’ (the executive agency 
of the Dutch Ministry of Infrastructure and Water Management) 
and comes with a classification of ground, building, water and 
non- ground points. The point clouds were processed using the 
python software ‘laserchicken’ (Meijer et al., 2020) and the High 
Performance Computing (HPC) workflow ‘laserfarm’ (https://laser 
farm.readt hedocs.io/en/lates t/). This enabled the efficient, scalable 
and distributed processing of multi- terabyte LiDAR point clouds 
from the AHN3 surveys using a cluster of virtual machines from the 
Dutch national ICT facility (https://www.surf.nl/en/ict- facil ities).

The workflow consisted of several modular pipelines. After 
downloading the AHN3 data to a local data storage, the raw data 
were re- tiled and then normalized by calculating the normalized 

z- value for each individual point as the height relative to the low-
est point within a 1 m × 1 m cell. A number of LiDAR metrics were 
then calculated. We included a total of 11 LiDAR metrics to de-
scribe the fine- scale vegetation structure and habitat heteroge-
neity within wetlands (see metric class ‘LiDAR metrics’ in Table 1). 
These LiDAR metrics are commonly used in predictive habitat dis-
tribution models of birds (Bakx et al., 2019) and have also been 
shown to be important for separating the fine- scale habitat niches 
of our study species (Koma, Grootes, et al., 2021). Four of the 
LiDAR metrics represent measures of vegetation cover and den-
sity (e.g. pulse penetration ratio and density of vegetation points 
in certain strata) (see metric class ‘Vegetation cover and density’ in 
Table 1), and five additional metrics capture the vertical variability 
of vegetation (e.g. 95th percentile of vegetation height) (see metric 
class ‘Vertical vegetation structure’ in Table 1). All of these metrics 

F I G U R E  2  Overview of remote sensing sensors, products and derived metrics. (a) Multiple sensors (e.g. satellite images and aerial 
photographs in combination with cadastre data) are used to produce the Dutch land cover map from which several metrics capturing the 
proportion of wetland land cover types were derived. (b) Country- wide ALS (Airborne Laser Scanning) surveys provide 3D point clouds from 
which vegetation cover and density, vertical structure and horizontal heterogeneity were derived. (c) Satellite remote sensing data from 
Sentinel- 1 time series of the backscatter coefficient from the synthetic aperture radar (SAR), which can be converted into metrics capturing 
annual average, seasonal change and horizontal variability of vegetation biomass and water content. (d) Sentinel- 2 provides optical imagery 
from the Multispectral Instrument (MSI) sensor, which allows to calculate time series of the Normalized Difference Vegetation Index (NDVI) 
from which metrics of annual average, seasonal change and horizontal variability of vegetation greenness can be derived. See Table 1 for 
detailed information on metrics
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were calculated at 10 m spatial resolution. An additional three 
LiDAR metrics capture habitat heterogeneity (habitat propor-
tion and horizontal variability) using a 100 m radius around focal 
grid cells (see metric class ‘Horizontal vegetation heterogeneity’ 
in Table 1). For this, we applied a moving window approach and 
used the 95th percentile of vegetation height as an input metric 
(Table 1). Horizontal variability was quantified using the standard 
deviation of the 95th percentile of height, either for all vegetation 
or low vegetation (<5 m). We further extracted the proportion of 
predominantly reed vegetation using the 95th percentile of height 
metric with a threshold of >1 m and <3 m. This differentiates reed 
(Phragmites australis) and other perennial wetland plants with >1 m 
height (e.g. Typha angustifolia) from high vegetation such as bushes 
and trees (>3 m).

2.3.3  |  Sentinel data

The Sentinel- 1 satellite data from the ESA Copernicus mission have 
been obtained with a C- band Synthetic Aperture Radar (SAR) sensor 
in multiple acquisition modes at different ground sampling distances 
(Torres et al., 2012). For our study, we used the Interferometric 
Wide (IW) swath mode at 10 m resolution. This offers polarization 
options such as vertical transmission with vertical receiving (VV) and 
vertical transmission with horizontal receiving (VH). Within Google 
Earth Engine (Gorelick et al., 2017), the available Sentinel- 1 products 
consist of several pre- processing routines. These include removal of 
border noise, thermal noise, radiometric calibration, orthorectifica-
tion of the images and the corrections of radiometric distortions 
(https://devel opers.google.com/earth - engin e/guide s/senti nel1). 
Overall, the retrieved images contained information of the backscat-
ter coefficients measured in decibel (dB). We selected both VV and 
VH images for the relevant years (2016– 2019) within our study area 
and calculated a total of 10 metrics (see metric class ‘Sentinel met-
rics’ in Table 1). These metrics used either the VV or the VH radar 
signals and captured average or seasonal changes or the horizontal 
variability (within a 100 m moving window) of the backscatter coef-
ficients (Table 1).

For optical imagery, we used the ESA Copernicus Sentinel- 2 sat-
ellite, which is equipped with a Multispectral Instrument (MSI) sen-
sor (Drusch et al., 2012). This provides multispectral datasets across 
thirteen bands in visible, near- infrared and the short wave infrared 
part of the electromagnetic spectrum. We used the top of atmo-
spheric reflectance (Level- 1C product), which can be retrieved from 
Google Earth Engine (https://devel opers.google.com/earth - engin e/
datas ets/catal og/COPER NICUS_S2). To obtain cloud- free images, 
we only selected the images where the cloud cover was less than 2% 
based on the provided quality assurance bands for our study area. 
We then calculated for every image the NDVI at 10 m resolution. 
The NDVI is the ratio between the red and near- infrared values and 
quantifies vegetation greenness and vegetation density of plant 
canopies. To capture the seasonal and horizontal variability of veg-
etation greenness, we calculated a total of five Sentinel- 2 metrics 

using the average, maximum and standard deviation of NDVI values 
(Table 1).

2.4  |  Statistical analysis

We applied SDMs to assess and compare the predictive accuracy 
and feature importance of metrics from different RS products. We 
implemented this approach across different groups of metrics, that 
is using only the metrics from the Dutch land cover map, only the 
LiDAR metrics from the country- wide ALS data and only the com-
bination of Sentinel- 1 and Sentinel- 2 metrics. Additionally, we also 
combined LiDAR and Sentinel metrics or all metrics together into 
one SDM to assess and compare the importance of fusing differ-
ent RS products for predicting habitat suitability of the selected bird 
species. All statistical analyses were conducted with the R software 
v. 4.0.5 (https://www.r- proje ct.org/). Furthermore, all developed 
R scripts are made available via GitHub (https://github.com/komaz 
sofi/LiDAR_Senti nel_birds dm_wetlands).

2.4.1  |  Collinearity analysis

We performed a collinearity analysis with the derived metrics for 
each RS product separately (i.e. land cover, LiDAR and Sentinel) and 
then also across all remaining metrics. For assessing the collinear-
ity between metrics, we carried out a stepwise Variance Inflation 
Factor (VIF) analysis using the R package ‘usdm’ v.1.1.- 18 (Naimi 
et al., 2014). The VIF threshold was set to three to avoid collinearity 
between the derived metrics. Metrics with VIF >3 were excluded 
from further analysis, and all remaining 22 metrics had VIF <3 across 
all RS products (indicated with an asterisk in Table 1, see Table S1 for 
the VIF values of remaining metrics).

2.4.2  |  Species distribution modelling

We built SDMs using three different algorithms: Generalized Linear 
Models (GLM; Guisan et al., 2002), Maximum Entropy (Maxent; Phillips 
et al., 2006) and Random Forest (RF; Breiman, 2001). We implemented 
the SDMs using the R package ‘sdm’ v.1.0- 89 (Naimi & Araújo, 2016), 
which depends on the R package ‘stats’ for GLMs, the Java software 
for Maxent (‘maxent.jar’) and the R package ‘randomForest’ for RF. For 
the GLM and RF methods, we used the presence and absence data as 
described above, whereas in the case of Maxent we used the presence 
and background data. We further combined the ‘sdm’ package with the 
R package ‘blockcv’ v.2.1.1 (Valavi et al., 2019) for performing a spa-
tial repetitive cross- validation procedure. This type of cross- validation 
allowed us to use geographically separated folds to calculate the 
model accuracies and hence avoid the underestimation of the predic-
tion error by generating a spatially separated cross- validation (Valavi 
et al., 2019). We defined several 8 x 8 km blocks across our study 
area and set five- fold for the spatial cross- validation. This blocksize 
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TA B L E  1  Overview of metrics calculated from different remote sensing products

Metric class Name of the metric Metric abbreviation Description

Land cover metrics

Proportion of land cover Proportion of swamp* landcover_propswamp Proportion of land cover class ‘swamp’ (5 m 
resolution) within 100 m radius

Proportion of salt marsh* landcover_
propsaltmarsh

Proportion of land cover class ‘salt marsh’ 
(5 m resolution) within 100 m radius

Proportion of reed* landcover_propreed Proportion of land cover class ‘reed’ (5 m 
resolution) within 100 m radius

Proportion of low shrub* landcover_
proplowshrub

Proportion of land cover class ‘low shrub 
within wetlands’ (5 m resolution) within 
100 m radius

Proportion of high shrub* landcover_
prophighshrub

Proportion of land cover class ‘high shrub 
within wetlands’ (5 m resolution) within 
100 m radius

Proportion of forest* landcover_propforest Proportion of land cover class ‘forest 
within wetlands’ (5 m resolution) within 
100 m radius

LiDAR metrics

Vegetation cover and density Pulse penetration ratio* lidar_C_ppr Ratio of number of ground points to total 
number of points within 10 m grid cell

Density of vegetation 
points below 1 m

lidar_VD_0_1 Ratio of number of points <1 m relative 
to number of total vegetation points 
within 10 m grid cell

Density of vegetation 
points between 1 and 
2 m*

lidar_VD_1_2 Ratio of number of points between 1– 2 m 
relative to total number of vegetation 
points within 10 m grid cell

Density of vegetation 
points between 2 and 
3 m*

lidar_VD_2_3 Ratio of number of points between 2– 3 m 
relative to total number of vegetation 
points within 10 m grid cell

Vertical vegetation structure 95th percentile of height lidar_VV_p95 95th percentile of normalized z within 10 m 
grid cell

25th percentile of height* lidar_VV_p25 25th percentile of normalized z within 10 m 
grid cell

Foliage height diversity lidar_VV_FHD Shannon entropy of normalized z within 
10 m grid cell derived from height 
layers with 0.5 m thickness

Kurtosis of height* lidar_VV_kurt Kurtosis of normalized z within 10 m grid 
cell

Standard deviation of 
height*

lidar_VV_std Standard deviation of normalized z within 
10 m grid cell

Horizontal vegetation heterogeneity Horizontal variability 
of total vegetation 
height*

lidar_HH_sd Standard deviation (within 100 m radius) 
of 95th percentile of normalized z 
(lidar_VV_p95 values of 10 m resolution 
grid cells)

Horizontal variability of 
low vegetation*

lidar_HH_sd_low Standard deviation (within 100 m radius) of 
95th percentile of normalized z below 
5 m (lidar_VV_p95 values of 10 m 
resolution grid cells)

Proportion of 
predominantly reed 
vegetation*

lidar_HH_reedveg_
prop

Proportion of 10 m grid cells with 
normalized z > 1 m AND z < 3 m within 
100 m radius, based on 95th percentile 
of normalized z (lidar_VV_p95)

(Continues)
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was suggested by automatically fitting non- directional isotropic vari-
ogram models, which determine the effective range of autocorrelation 
using 5000 randomly selected points from each continuous predictor 

variables (Valavi et al., 2019). Additionally, for each spatial fold we ran-
domly split the training and testing datasets 20 times. This resulted in 
100 runs for each type of SDM method. Overall, model accuracy and 

Metric class Name of the metric Metric abbreviation Description

Sentinel metrics

Sentinel- 1

Average and seasonal change of 
backscatter coefficient

Annual median of VH 
polarization

radar_VHmed The median of VH images within 10 m grid 
cells within a year

Annual mean of VH 
polarization

radar_VHmean The mean of VH images within 10 m grid 
cells within a year

Annual standard 
deviation of VH 
polarization*

radar_VHstd The standard deviation of VH images 
within 10 m grid cells within a year

Annual maximum of VH 
polarization

radar_VHmax The maximum of VH images within 10 m 
grid cells within a year

Annual median of VV 
polarization

radar_VVmed The median of VV images within 10 m grid 
cells within a year

Annual mean of VV 
polarization

radar_VVmean The mean of VV images within 10 m grid 
cells within a year

Annual standard 
deviation of VV 
polarization*

radar_VVstd The standard deviation of VV images 
within 10 m grid cells within a year

Annual maximum of VV 
polarization*

radar_VVmax The maximum of VV images within 10 m 
grid cells within a year

Horizontal variability of backscatter 
coefficient

Horizontal variability of 
the annual median of 
VH polarization*

radar_VHsd_hor_100m

Standard deviation of 
the annual median 
VH (10 m grid cells) 
within 100 m radius 
around the focal grid 
cell

Horizontal variability of 
the annual median of 
VV polarization

radar_VVsd_hor_100m Standard deviation of the annual median 
VV (10 m grid cells) within 100 m radius 
around the focal grid cell

Sentinel- 2

Average and seasonal change of NDVI Annual median of NDVI* optical_NDVImed The median of NDVI within 10 m grid cells 
within a year

Annual mean of NDVI optical NDVImean The mean of NDVI within 10 m grid cells 
within a year

Annual standard 
deviation of NDVI*

optical_NDVIstd The standard deviation of NDVI within 
10 m grid cells within a year

Annual maximum of 
NDVI

optical_NDVImax The maximum of NDVI within 10 m grid 
cells within a year

Horizontal variability of NDVI Horizontal variability of 
the annual median 
NDVI*

optical_NDVIsd_
hor_100m

Standard deviation of the yearly median 
of NDVI (10 m grid cells)within 100 m 
radius around the focal grid cell

Note: Land cover metrics were derived from the Dutch land cover map (LGN8), LiDAR metrics from a country- wide airborne laser scanning survey 
and Sentinel metrics from the SAR instrument of the Sentinel- 1 mission and the multispectral imagery of the Sentinel- 2 mission, respectively. The 
spatial resolution of all metrics is 10 m, but the metrics related to horizontal vegetation heterogeneity were calculated based on a 100 m moving 
window approach around focal 10 m grid cells. The asterisks (*) indicate which metrics were included after a collinearity analysis.
Abbreviations: ALS, Airborne Laser Scanning; LiDAR, Light Detection And Ranging; NDVI, Normalized Difference Vegetation Index; SAR, Synthetic 
Aperture Radar; VH, vertical transmitting with horizontal receiving dual polarization of the SAR signal; VV, vertical transmitting with vertical 
receiving dual polarization of the SAR signal.

TA B L E  1  (Continued)
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model performance were reported based on the combination of the 
three SDM algorithms by averaging the modelling results across the 
algorithms using the R package ‘sdm’ v.1.0- 89. Additionally, we report 
the results separately for each algorithm (GLM, Maxent and RF) in the 
Appendices B and C. The parametrization of the SDM algorithms can 
be found in Appendix E.

To assess and compare the modelling results across different 
RS products, we calculated model accuracy using the Area Under 
Curve (AUC), the True Skill Statistic (TSS), Deviance (D) and Cohen's 
Kappa Statistics (Kappa). We reported all four accuracy measures to 
avoid biases when using only AUC (Lobo et al., 2008; Peterson et al., 
2008). We extracted the mean and the standard deviation across the 
300 runs for each accuracy measure separately. Accuracy values of 
AUC between 0.70 and 0.80 were interpreted as fair, between 0.80 
and 0.90 as good and between 0.90 and 1.00 as excellent (Swets, 
1988). For the evaluation of TSS values, we used the approach rec-
ommended by Landis and Koch (1977): between 0 and 0.40 were 
interpreted as poor, between 0.40 and 0.75 as good and between 
0.75 and 1.00 as excellent. Accuracy values of Kappa between 0.21 
and 0.40 were interpreted as fair, between 0.41 and 0.60 as mod-
erate, between 0.61 and 0.80 as good and between 0.81 and 1.00 
as excellent (Altman, 1990). We further used the relative variable 
importance and the response curves to interpret and compare the 
contribution of different metrics and their relevance for explaining 
the habitat preferences of the selected wetland bird species. The 
relative variable importance, which was measured by AUC improve-
ments of model performance (Naimi & Araújo, 2016), was extracted 
for all metric group combinations. For every modelling technique, re-
sponse curves for each metric were extracted to show the species- 
specific responses. These response curves represent the probability 
of occurrence of the species along the gradient of the selected met-
ric while keeping all other predictor variables in the model at their 
mean (Elith et al., 2005). To address our research objectives, we com-
pared (1) the different SDM accuracy measures (AUC, TSS, D and 
Kappa) across different RS products (only land cover, only LiDAR, 
only Sentinel, the combination of LiDAR and Sentinel, and the com-
bination of LiDAR, Sentinel and land cover); (2) the relative feature 
importance of metrics within and across the different RS products; 
and (3) the response curves of the most important metrics to inter-
pret the results ecologically based on the full SDM (consisting of 
land cover, LiDAR and Sentinel metrics). In the main text, we report 
the results from combining the three algorithms. All modelling re-
sults (accuracy measures, relative variable importance and response 
curves) were calculated using the R package ‘sdm’ v.1.0– 89.

3  |  RESULTS

3.1  |  Comparison of modelling accuracies

The SDMs of the great reed warbler (Figure 3a) achieved a fair 
to good overall accuracy across the different RS data products 
(AUC = 0.73– 0.84, TSS = 0.49– 0.65, Kappa = 0.49– 0.66). The 

lowest accuracy was achieved by using land cover metrics only 
(AUC = 0.73, TSS = 0.49, Kappa = 0.49), whereas the highest ac-
curacy was achieved by using only Sentinel metrics (AUC = 0.84, 
TSS = 0.65, Kappa = 0.66). Compared to the SDM with land cover 
only, the SDM based on LiDAR metrics improved the overall accu-
racy by 3%, whereas the SDM with Sentinel metrics improved the 
overall accuracy by 11% according to the AUC (see Table S3 for 
details). The SDM with all metrics achieved slightly lower overall 
accuracies than the SDM using only Sentinel metrics (AUC = 0.80, 
TSS = 0.59, Kappa = 0.59). Deviance values were acceptable for all 
SDMs (D < 7.17).

The SDMs of the Savi's Warbler (Figure 3b) showed moder-
ate to excellent overall modelling performance for all RS products 
(AUC = 0.80– 0.90, TSS = 0.50– 0.71, Kappa = 0.50– 0.71). Among the 
different RS products, the SDM with only land cover metrics achieved 
good overall accuracy (AUC = 0.80, TSS = 0.50, Kappa = 0.51), 
whereas the SDM with only LiDAR metrics achieved excellent mod-
elling performance (AUC = 0.90, TSS = 0.69, Kappa = 0.69). Hence, 
SDMs based on LiDAR metrics improved the overall accuracy by 
10% (measured in AUC) compared to SDMs using only land cover. 
The combination of all three RS products showed the highest overall 
accuracy (AUC = 0.90, TSS = 0.71, Kappa = 0.71) and improved the 
overall accuracy by 10% compared to the SDM with only land cover 
metrics (see for more details Table S3). Deviance values were ac-
ceptable for all SDMs (D < 1.12).

3.2  |  Evaluation of feature importance

The analysis of feature importance showed that metrics from all 
three types of RS products substantially contributed to the SDMs. 
However, the most important metrics varied between the focal 
species (Figure 4). The most important variable for the great reed 
warbler was the horizontal variability of the NDVI (optical_NDVIsd_
hor_100m) extracted from the Sentinel- 2 data (Figure 4a), followed 
by a vegetation cover- related LiDAR metric (lidar_C_ppr) and a land 
cover- related metric describing the proportion of swamp (land-
cover_propswamp). For the Savi's warbler (Figure 4b), the most im-
portant metric was the proportion of predominantly reed vegetation 
(lidar_HH_reedveg_prop) extracted from LiDAR, and, similarly to the 
great reed warbler, the proportion of swamp vegetation (landcover_
propswamp) extracted from the land cover map. This was followed 
by a vegetation cover- related LiDAR metric (lidar_C_ppr). Metrics 
extracted from Sentinel- 1 and Sentinel- 2 data were generally less 
important (Figure 4b).

3.3  |  Assessing the ecological relevance with 
response curves

The response curves of the five most important metrics (Figure 4c– l) 
revealed how the breeding occurrences of the two species varied 
along gradients of vegetation structure. For instance, the response 
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curves of the great reed warbler (Figure 4c– g) indicated that the 
probability of occurrence increased when habitat heterogene-
ity measured as the horizontal variability of the NDVI (optical_
NDVIsd_hor_100m) was high (>0.1 difference in NDVI, Figure 4c). 
The probability of occurrence further decreased when vegetation 
cover derived from LiDAR (lidar_C_ppr) was less dense (>0.65 ratio 
between ground and vegetation points, Figure 4d) and when the 
proportion of swamp derived from land cover increased (Figure 4e). 
Analysis of Sentinel- 1 data also indicated that habitat suitability of 
the great reed warbler increased when the annual maximum value of 
VV (radar_VVmax) was >−8 dB (Figure 4f), indicating a high biomass 
accumulation and wetness during the growing season. Moreover, 
habitat suitability of the great reed warbler also increased when the 
proportion of predominantly reed vegetation derived from LiDAR 
(lidar_HH_reedveg_prop) was >0.50 (Figure 4g).

For the Savi's warbler, the response curves (Figure 4h– l) showed 
that the probability of occurrence increased when the proportion of 
predominantly reed vegetation derived from LiDAR (lidar_HH_reed-
veg_prop) was greater than 25% (Figure 4h). When the proportion of 
swamp derived from the land cover map (landcover_propswamp) was 
greater than 65%, the probability of occurrence of this species strongly 
declined (Figure 4i). Furthermore, the Savi's warbler was likely to be 

absent when vegetation cover derived from LiDAR (lidar_C_ppr) was 
sparse (> 0.75 ratio between ground and vegetation points, Figure 4j). 
The species further mainly occurred when the horizontal variability of 
vegetation from LiDAR (lidar_HH_sd) was low (Figure 4f). The proba-
bility of occurrence also decreased when the 25th percentile of height 
from LiDAR (lidar_VV_25p) was >3 m (Figure 4l).

4  |  DISCUSSION

We assessed the potential of using different high- resolution RS 
products (including a Dutch land cover map, country- wide ALS data, 
Sentinel- 1 SAR and Sentinel- 2 optical imagery) for predicting the 
fine- scale habitat suitability of two wetland birds (great reed warbler 
and Savi's warbler). Our results show that LiDAR and Sentinel met-
rics can improve the accuracy of SDMs compared to models using 
only land cover metrics, even if the land cover map has a 5 m spa-
tial resolution and a high thematic detail. Moreover, our assessment 
of feature importance and the interpretation of response curves 
revealed that LiDAR and Sentinel metrics contribute substantially 
to a better understanding of animal– habitat relationships within 
wetlands.

F I G U R E  3  Performance of species distribution models (SDMs) in relation to metrics derived from different remote sensing products. 
Results are shown separately for (a) great reed warbler and (b) Savi's warbler. Model performance is assessed using the area under the curve 
(AUC), the true skill statistic (TSS), deviance and Cohen's Kappa (panels from left to right). Model accuracy was calculated across 300 model 
runs using three algorithms (Generalized Linear Model, Maxent and Random Forest). Colours indicate the different remote sensing products 
that were used in the SDMs. ‘LiD+Sent’ indicates the combination of LiDAR and Sentinel metrics, and ‘All’ indicates the combination of 
LiDAR, Sentinel and land cover metrics
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    |  695KOMA et Al.

After adding predictor variables from LiDAR and Sentinel- 1 
and 2 products, the accuracy of SDMs improved by 11% and 10% 
in AUC for the great reed warbler and the Savi's warbler, respec-
tively. This shows that predictive habitat mapping can be improved 
when variables other than land cover are added. Previous research 
from forest ecosystems supports this by showing that the addition 
of LiDAR and satellite RS metrics improve SDMs, either by adding 

statistically significant predictors or with increases in AUC values 
(Burns et al., 2020; Farrell et al., 2013; Ficetola et al., 2014; Müller 
et al., 2014; St- Louis et al., 2014; Tattoni et al., 2012). Nevertheless, 
our results also suggest that using only land cover maps with a 
high spatial resolution (e.g. 5 m) and a high thematic detail (e.g. 
six wetland- related land cover classes) can already achieve a fair 
to good overall predictive accuracy for breeding occupancy of 

F I G U R E  4  Importance of remote sensing metrics for predicting habitat suitability of two warbler species. (a and b) Feature importance 
of land cover (pink), LiDAR (orange) and Sentinel (brown) metrics for modelling the distribution of the great reed warbler and Savi's warbler, 
respectively. (c– l) Response curves of the five most important metrics for each species. Both the feature importance and response curves 
were calculated across 300 model runs using three algorithms (Generalized Linear Model, Maxent and Random Forest). Metric abbreviations 
are explained in Table 1. Photo credits: great reed warbler photo by Michele Lamberti (CC- BY), source: Flickr; Savi's warbler photograph by 
Ron Knight (CC- BY), source: Wikipedia
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wetland birds. This finding is also confirmed by another study in 
the Netherlands which showed that a land cover map with 25 m 
resolution already provides an adequate representation of the 
habitat of a forest bird (crested tit) (Ficetola et al., 2014). Beyond 
land cover, our study further suggests that using Sentinel- 1 and 
Sentinel- 2 metrics can achieve similar improvements in model ac-
curacy as additional LiDAR metrics. To our knowledge, this has not 
been demonstrated previously.

Our analysis of feature importance revealed that LiDAR 
metrics— contrary to our initial expectation— are not necessarily the 
most important variables in predicting habitat suitability of wetland 
birds. Previous studies suggested that LiDAR metrics are influential 
predictor variables in describing the habitat suitability of bird spe-
cies, especially in forests because they provide direct information 
about the vertical and horizontal variation in vegetation structure 
(Bakx et al., 2019; Davies & Asner, 2014; Valbuena et al., 2020). In 
contrast, our study suggests that each type of RS product can sub-
stantially contribute to predicting habitat suitability, not only LiDAR. 
Moreover, our analysis shows that the most important variables 
differ among species. For instance, the most important predictor 
variable for the great reed warbler was a Sentinel metric (optical_
NDVIsd_hor_100m), whereas for the Savi's warbler it was a LiDAR 
metric (lidar_HH_reedveg_prop). Various other studies confirm that 
the feature importance varies depending on the focal species be-
cause each species might prefer (or be adapted) to different habitat 
structures (Cord et al., 2014; Tattoni et al., 2012). In cases where 
species are highly dependent on specific fine- scale habitat elements, 
such as isolated trees, LiDAR metrics might turn out as the best pre-
dictor variables in SDMs (Tattoni et al., 2012).

Ecological field studies suggest that the great reed warbler pre-
fers wetland habitats, which are structurally diverse, specifically 
with reed vegetation that is tall and close to open water (Dyrcz, 1981; 
Graveland, 1998). The response curves from our SDMs confirm that 
this species prefers a high habitat heterogeneity, represented by 
the horizontal variability of the annual median NDVI metric from 
Sentinel- 2 (optical_NDVIsd_hor_100m). This metric measures the 
standard deviation of the annual median NDVI within a 100 m ra-
dius and has high values in structurally diverse and tall reedbeds, 
that is those that include some trees or shrubs besides reed and 
other herbaceous plants. Additionally, a LiDAR- based vegetation 
cover metric (lidar_C_ppr) was the second most important predictor 
variable for the great reed warbler, capturing dense reed vegetation 
(low lidar_C_ppr values) close to water (Koma, Seijmonsbergen, et al., 
2021). Moreover, a high proportion of swamp within a 100 m radius 
as derived from land cover (landcover_propswamp) allowed to cap-
ture locations where the species tends to be absent because it does 
not prefer to breed within swamps (Cramp, 1992; Graveland, 1998). 
The high values of the maximum VV backscatter coefficient from 
Sentinel- 1 (radar_VVmax) also revealed suitable habitats for the 
great reed warbler, maybe because the SAR signal reflects biomass 
variability of structurally diverse reedbeds (Slagter et al., 2020), or 
a high water content of water reed. Overall, the results confirm that 

both optical and SAR RS products from Sentinel can provide import-
ant information for quantifying habitat structure and vegetation het-
erogeneity of breeding birds in wetlands.

In contrast to the great reed warbler, the Savi's warbler prefers 
large, homogeneous reedbeds, which can be mixed with other helo-
phyte vegetation, but only with a few bushes and trees (Báldi, 2006; 
Neto, 2006). This habitat preference is confirmed by the species' 
response to the proportion of reed vegetation (lidar_HH_reedveg_
prop) and the 25th percentile of height (lidar_VV_25p), both derived 
from LiDAR. The results show that this species prefers areas that 
have (within a 100 m radius) a large proportion of vegetation with 
1– 3 m height. In addition, horizontal variability of vegetation height 
in a 100 m radius (lidar_HH_sd) has to be low, reflecting homoge-
nous reedbeds or other similar types of wetland vegetation (Koma, 
Grootes, et al., 2021). Moreover, a high proportion of swamp de-
rived from the land cover map (landcover_propswamp) indicated a 
low probability of occurrence of that species because it tends to 
avoid swamp vegetation for breeding (Cramp, 1992). The vegetation 
cover metric derived from LiDAR (lidar_C_ppr) indicates the density 
of reed, where the Savi's warbler prefers more open reed vegetation 
such as land reed (Koma, Seijmonsbergen, et al., 2021). Overall, the 
results of the Savi's warbler encourage the synergetic use of differ-
ent RS products for modelling the habitat suitability of wetland birds.

5  |  CONCLUSION

Our study shows that different metrics derived from high- resolution 
RS products (land cover maps, country- wide ALS, Sentinel- 1 and 
Sentinel- 2) can capture unique and complementary ecological in-
formation for modelling habitat suitability of wetland birds. While 
SDMs based on land cover maps with high thematic detail (e.g. many 
land cover classes) and high spatial resolution (e.g. 5 m) can already 
produce accurate predictions of habitat suitability, we demonstrate 
that the synergy of land cover maps with other metrics derived from 
LiDAR and Sentinel products can improve SDMs and thus enhance 
the ecological interpretation of animal– habitat relationships. We 
therefore expect that the increasing availability of high- resolution 
RS products will greatly improve predictive habitat and species dis-
tribution modelling across a range of taxa and ecosystems. We fur-
ther suggest that future studies should combine metrics from land 
cover maps, LiDAR, Sentinel- 1 and Sentinel- 2 to yield a comprehen-
sive understanding of animal– habitat relationships.
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