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SPATIALLY ADAPTIVE BACKGROUND DELIMITATION STRATEGIES 
FOR SPECIES DISTRIBUTION MODELS WITH UNEVENLY SURVEYED 
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Abstract. The quality of species distribution models (SDM) and ecological niche models (ENM) depends 
critically on how the background or pseudo‐absence region is defined. Traditional background delimitation 
strategies include convex, concave or alpha hulls, buffers, biogeographic regions, and/or administrative units. 
However, in the frequent cases when species occurrence data are unevenly sampled – due to spatial variations 
in accessibility, survey effort or other biases –, traditional backgrounds may either include large unsurveyed 
areas, or exclude ecologically relevant (though insufficiently surveyed) portions of the species’ distribution 
range. Such mis‐specification can reduce model predictive accuracy, increase extrapolation error, and worsen 
biodiversity knowledge gaps. This paper presents a function in the fuzzySim R package that implements a 
spatially adaptive approach to delineating SDM backgrounds, in a way that reflects the spatial distribution of 
the available occurrence records, which is largely shaped by survey effort. The method uses data‐driven, differ-
ently-sized buffers to delimit regions that reflect local differences in occurrence data availability, with the aim of 
being neither overly conservative nor overly permissive. The approach is illustrated using a real-world species 
occurrence dataset with spatially varying degrees of survey bias. Spatially adaptive buffers yield more realistic, 
ecologically interpretable and justifiable background regions for modelling, which better address known bio-
diversity data constraints. They avoid placing pseudo-absence or unoccupied background points in unsurveyed 
regions, retaining isolated occurrence points without inflating the modelling area. This approach can thus help 
reduce the SDM uncertainty that arises from unevenly sampled biodiversity data, contributing toward the iden-
tification, visualization, and mitigation of the effects of knowledge gaps.

Key words: ecological niche modeling, background selection, pseudo-absence selection, model calibration 
extent, sampling bias

Introduction
Species Distribution Models (SDMs) and Ecological 

Niche Models (ENMs) are widely used tools for inferring 
where species are likely to occur based on environmental 
correlates of occurrence data (Elith & Leathwick, 2009; 
Franklin, 2010; Peterson et al., 2011; Sillero et al., 2021; 
Kass et al., 2025). A critical, yet often under-appreciated, 
component of SDMs is the definition of the background 
region from which background or pseudo-absence points 
are drawn. This background should represent the set of en-
vironmental conditions available to the species, to provide 
the contrast against which occurrence locations are evalu-
ated. The delineation of this region substantially influences 
model predictive performance, particularly under extrapo-
lation scenarios. Poorly chosen background extents may 

lead to spatial and environmental bias, over- or under-pre-
diction, and misleading inferences about species’ ecolog-
ical requirements and potential distribution (Anderson & 
Raza, 2010; Barve et al., 2011; Acevedo et al., 2012).

Real-world occurrence datasets, particularly at the 
scale of species’ geographical distributions, typically in-
tegrate a variety of data sources, including scientific lit-
erature, biological collections, grey literature, and citizen 
science records. Such datasets are inevitably produced 
with spatially uneven sampling effort, yielding clusters of 
well-surveyed areas as well as large under-surveyed re-
gions where only scattered records exist (Boakes et al., 
2010; Meyer et al., 2015). Such unevenness arises from 
varying accessibility, observer bias, historical data col-
lection practices, logistic constraints, and differential 
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funding or interest. In these circumstances, conventional 
background delimitation strategies – such as convex or 
concave hulls, fixed buffers around occurrence points, 
administrative or biogeographic borders – often fail to 
capture a uniformly meaningful region, where survey was 
reasonably well distributed. These approaches often lead 
to the inclusion of vast areas with deficient survey effort, 
where pseudo-absence or unoccupied background points 
are unreliable; or to the exclusion of ecologically relevant 
areas, because species occurrence records there are overly 
sparse to be representative of the species’ environmental 
choices (Barbosa et al. 2013). Those approaches treat all 
occurrence records equally, although some records rep-
resent well-surveyed areas, while others are isolated and 
reflect opportunistic rather than well-distributed sampling 
(Phillips et al., 2009; Lobo et al., 2010).

These limitations exacerbate biodiversity knowledge 
gaps (Hortal et al., 2015). Mis-specified background areas 
can increase extrapolation into poorly sampled environ-
ments, distort estimates of environmental suitability, and 
reduce the confidence and effectiveness of model-based 
conservation decisions. Theory provides criteria for opti-
mal background delimitation, such as including all areas 
accessible to the species (Soberón & Peterson, 2005; Ow-
ens et al., 2013), and capturing environmental variation 
and sampling effort homogeneously. However, real-world 
datasets can rarely satisfy those ideals.

A range of practical background delimitation strate-
gies have been proposed in the SDM/ENM literature. A 
relatively common approach in the past was the convex 
or a concave hull around occurrences (Figure 1 A-B), 
which could be expanded by a buffer to allow for potential 
dispersal (e.g., Brown et al., 2017). Several other studies 
defined the background based on administrative or politi-
cal boundaries, such as countries or provinces, especially 
when these reflect reliable survey extents or management 
units (Broennimann et al., 2007; Barbosa et al., 2003, 
2009; Mateo et al., 2010; Lara-Galván et al., 2020, 2023). 
More natural options include the species’ expert-drawn 
distribution range map (Figure 1C), or the set of ecore-
gions where the species occurs (Figure 1D; Sillero et al, 
2021). Geographically-based options include the spatial 
trend of the occurrences (Acevedo et al., 2012; Figure 1E), 
or buffers with a fixed user-defined radius around each oc-
currence (Figure 1F), to capture areas that are likely within 
the species’ dispersal reach (VanDerWal et al., 2009; Four-
cade et al., 2014; Gallardo et al., 2024).

Some works have advocated for delimiting the back-
ground according to the accessible area concept of So-
berón & Peterson (2005), which emphasizes incorporating 

dispersal limitations and biogeographic barriers (Barve et 
al., 2011). More data-demanding approaches incorporate 
sampling effort or bias layers to weigh background points 
(Phillips et al., 2009; Kramer-Schadt et al., 2013; Four-
cade et al., 2014; Stolar & Nielsen, 2015; Rocchini et al., 
2023), or employ environmental similarity metrics to re-
strict background regions to conditions relevant for model 
transferability (e.g. Owens et al., 2013). This diversity of 
strategies highlights both the importance and the difficul-
ty of defining biologically and statistically meaningful 
background regions for SDMs and ENMs. Moreover, a 
key challenge often remains insufficiently addressed: that 
a reliable background region should include not only ar-
eas that are within the species’ movement ability, but also 
where the species was likely surveyed, so that pseudoab-
sences or unoccupied background points more adequately 
reflect areas not selected by the species.

This paper addresses this challenge by proposing, and 
implementing in a free and open-source software tool, a 
set of spatially adaptive background delimitation algo-
rithms. The approach acknowledges that occurrence data 
often form clusters of varying extent and density, many of 
which likely reflect regions of higher survey effort rather 
than natural species distribution structure. It then accounts 
for how isolated or well-connected the occurrence points 
are. Key features include: (a) defining clusters of occurrenc-
es located near one another, of which the most numerous 
and extensive likely reflect well-surveyed areas for the tar-
get species; (b) computing buffers with a radius tailored ac-
cordingly for each cluster, rather than using a uniform-width 
buffer; (c) down-weighting or reducing buffer extent for 
more isolated points, which are more likely to reflect poorly 
surveyed areas; and (d) avoiding the loss of valuable infor-
mation that would result from altogether excluding areas 
with only scarce and/or remote, isolated observations.

Spatially adaptive background delimitation can be a 
practical way to minimize the impacts of uneven survey 
bias on model quality, besides helping to identify and ad-
dress biodiversity knowledge shortfalls. This can be a use-
ful tool for biodiversity informatics, facilitating more reli-
able predictions from species occurrence datasets that are 
inevitably uneven and incomplete. Rather than attempting 
to demonstrate gains in model accuracy – a task that is high-
ly dataset-dependent and hampered by the very sampling 
biases that motivate this method, which affect both model 
building and evaluation –, this paper illustrates the advan-
tages of adaptive background delimitation through visual 
empirical examples, based on a real-world species occur-
rence dataset.
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Software Tool Description
The implemented algorithms for delineating spatially 

adaptive background regions include three different 
approaches:

1) Inverse distance. This involves computing, for each 
species occurrence point, the sum of its pairwise distances 
to every other point, as a measure of how isolated the point 
is. These distances are then normalized to vary between 0 
and 1, and inverted to instead represent proximity. Finally, 
a buffer is drawn around each point, whose radius is this 
sum of normalized proximities to the other points. Occur-
rence points with fewer and/or farther other points in their 
vicinity thus get smaller buffers around them, thus avoid-
ing background areas in more scarcely surveyed regions. 
An exponential distance decay function is optionally used, 
to make farther points generate progressively smaller buf-
fers.

2) Cluster mean distance. This starts by defining clus-
ters of occurrence points within a given (user-specified, 
or default 100-km) distance of one another. This is done 
by drawing a circular buffer of half this radius around 
each point, and then merging the intersecting buffers into 
groups. Then, around each cluster, another buffer is drawn 
whose radius is the mean pairwise distance between the 
points in that cluster. This is a measure of the spatial spread 
of the cluster, and therefore the spatial reach of both the 
species and the surveyed region that the cluster reflects. 
For single-point clusters, the mean distance of zero is con-
verted to a very small number, so that the pixel including 
the point is kept, but the region around it is not included in 
the background.

3) Cluster width. This consists in grouping occurrence 
points into clusters as in the previous approach, but then 
using, as the cluster buffer radius, the width of the smallest 
rectangle that can contain the points in each cluster. This 
is a more conservative measure of the spatial spread of the 
cluster, and it can be more suitable for elongated clusters. 
As above, for single-point clusters, the width of zero is 
converted to a very small number, so that the point is kept, 
but the region around it is not included in the background.

For all these methods, intersecting buffers are aggre-
gated in the end. Additionally, a multiplier can be used to 
increase or decrease the output buffer radius around the 
points or clusters, if the user deems it more suitable (af-
ter expert-guided visual inspection) under the available 
knowledge of their target species’ ecology, biogeographic 
history, and survey patterns. For the cluster-based meth-
ods, there is an additional option to weigh the radius of 
the buffer around each cluster proportionally to the num-
ber of points that it contains. If used, clusters with fewer 

points (possibly indicating more scarcely surveyed areas) 
get proportionally smaller buffers than the mean distances 
or the widths of those clusters.

The proposed procedures are implemented and doc-
umented in the getRegion function of the fuzzy-
Sim R package (Barbosa, 2015; Barbosa, 2026), version 
4.50 or above, written in the R programming language (R 
Core Team, 2025). The source code is available at https://
github.com/AMBarbosa/fuzzySim, and bug reports can 
be sent under the “Issues” tab. Spatial operations within 
getRegion are computed with the terra R package 
(Hijmans, 2025), using functions such as distance, 
width, buffer and aggregate, which use modern 
geodesic algorithms that account for the curvature of the 
Earth. The output polygons are produced as R objects of 
class SpatVector, which can be handled directly with 
package terra, or converted for other spatial packages 
(e.g.  with function st_as_sf of package sf). They 
can also be exported to any spatial vector file format, 
such as GeoPackage, GeoJSON, or ESRI Shapefile. The 
R script to reproduce the analysis and figures in this paper 
is provided as Supplementary Material, and it can easily 
be adapted (by changing just one line of code) to produce 
adaptive buffers for any species of the user’s choice.

Example Application
All background delimitation procedures are illustrat-

ed here with an empirical species occurrence dataset of the 
Eurasian otter Lutra lutra (GBIF.org, 2025) (Figures 1 and 
2). This dataset reflects the wide spatial variations in sur-
vey intensity that are common in real-world biodiversity 
data, particularly at the scale of most species’ geographical 
distributions, while still being small enough (using only 
records from the year 2025) for the entire example analy-
sis to be easily reproduced in any computer.

Traditional background delimitation strategies either 
include large under-surveyed areas (Figure 1), or (if re-
stricted to well-surveyed areas, or areas containing more 
points) can leave out a considerable number of occurrenc-
es. In contrast, the adaptive background delimitation strat-
egies proposed here produce areas that are larger where 
survey was more widespread (as documented by the num-
ber and extent of occurrence records there), and smaller 
around more isolated records (Figure 2), which general-
ly indicate more opportunistic and incomplete surveys. 
With these algorithms, all presence records are included, 
but “unoccupied” background is avoided in regions where 
survey is not demonstrated. These strategies can simply be 
run as follows:

https://github.com/AMBarbosa/fuzzySim
https://github.com/AMBarbosa/fuzzySim
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Figure 1. Regions derived from several conventional background delimitation strategies (yellow-shaded areas) applied to an empirical 
dataset of species occurrences (black dots). All tend to include relatively large areas where survey effort was visibly uneven.

Figure 2. Spatially adaptive background regions (yellow-shaded areas) estimated with three different algorithms for an empirical 
dataset of species occurrences (dots). Numbers and colours in the two right-hand plots show clusters of occurrences within a given 
distance of one another (in this case 100 km). See text for details.

reg_invdist <- 
fuzzySim::getRegion(occurrence_points,  
      type = "inv_dist") 
 
reg_clustmeandist <- 
fuzzySim::getRegion(occurrence_points,  
     type = "clust_mean_dist") 
 

reg_clustwidth <- 
fuzzySim::getRegion(occurrence_points,  
     type = "clust_width")

As explained under Software tool description above, 
additional arguments can be added to further control the 
size of the buffers, such as dist_mult, width_mult 
and weight. Users should run ?getRegion to see the 
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help file of the function, where all these parameters are 
described in detail; and try out the examples with values 
other than the default, to see their effect on the output and 
judge whether they could produce more appropriate back-
ground regions for their dataset (see Discussion). Further 
arguments can be added e.g. with plotting parameters such 
as titles, colours and opacity levels. See the full script in 
Supplementary Material for examples.

To accurately depict the distances between occur-
rences, the maps shown here (Figures 1 and 2) are in Azi-
muthal Equidistant projection centered on the aggregated 
occurrence points. However, the buffers were computed 
on the original occurrence points in unprojected longitude 
and latitude coordinates (in degrees), using a geodesic al-
gorithm (implemented in package terra) that accounts 
for the spherical nature of these coordinates, and hence the 
curvature of the Earth. This produces more accurate re-
sults, particularly over long distances, which are common 
at the scale of species distributions. If input coordinates 
are in a projected system, the function defaults instead to 
a straight-line (rather than arc) distance measure, but it 
emits a note about the consequent inaccuracy.

The procedures leading to background delimitation 
determine which data are provided to the models and pre-
ceding analyses, therefore affecting variable selection and 
model computation: likely unsurveyed areas should not 
be included in either. However, prediction or projection 
of model outputs does not need to be limited to these ar-
eas. The models can predict species’ potential distributions 
across any region, within and beyond the modelled back-
ground, provided that extrapolation is properly assessed 
(see Supplementary Material for a worked example).

Discussion
As is apparent when comparing Figures 1 and 2, the 

spatially adaptive buffers implemented in the getRe-
gion function can produce model training regions that, 
upon expert visual inspection, provide more sensible, de-
fensible and justifiable background areas than other meth-
ods previously available – especially regarding the mod-
els’ key assumption that the background is (at least to some 
degree) surveyed for the target species. These regions are 
better aligned with both biogeographic knowledge and 
biodiversity data availability, avoiding the pitfalls of over-
ly inclusive, overly restrictive, or overly data-demanding 
approaches for background delimitation. By explicitly 
accounting for the spatial structure and uneven distribu-
tion of species occurrence data, these approaches provide 
a pragmatic compromise between ecological realism and 
data availability, minimizing overestimates of the area that 
is both accessible to, and surveyed for, the target species.

Within the defined modelling region, pseudo-absence 
or background points can be further selected based on a 
range of different strategies (e.g., Barbet-Massin et al., 
2012; Kramer-Schadt et al., 2013; Stolar & Nielsen, 2015; 
Botella et al., 2021; Da Re et al., 2023; Balej et al., 2025). 
The fuzzySim package also facilitates the use of several 
such strategies, e.g. through the selectAbsences and 
the biasLayer functions, as is documented in their help 
file examples. But first, it is essential to delimit minimally 
adequately surveyed regions within which this selection 
can be made, which is now implemented in the getRe-
gion function.

Among the proposed strategies, inverse distance (Fig-
ure 2A) is usually computationally faster, although it may 
clog the R memory if there are too many points for which 
to compute the pairwise distances. It has the advantage of 
requiring fewer user-defined parameters than the strategies 
involving clusters. It may work best when the frequency 
of recorded occurrences decreases progressively towards 
the edge(s) of the core surveyed area. Cluster-based strat-
egies (Figure 2 B-C) work generally well regardless of the 
survey pattern, but they usually take longer to compute, 
and they require user-defined parameters such as the dis-
tance within which points should be included in the same 
cluster. The default clustering distance in the currently 
implemented function is 100 km, but this can be changed 
depending on the mobility and survey patterns of the target 
species. Compared to cluster mean distance, the “cluster 
width” strategy can be more appropriate when occurrence 
clusters extend across relatively narrow, elongated areas, 
where the mean pairwise distance may generate overly 
large buffer sizes that may not reflect evenly surveyed ar-
eas. When in doubt, users should try out different values of 
the function parameters, visually judge the results (taking 
into account the biogeography and survey patterns of the 
target species and region), and ideally perform a sensitivi-
ty analysis using an appropriate, unbiased set of validation 
data whenever possible.

As the spatial extent of a species’ accessibility and 
survey effort is rarely accurately known, background de-
limitation cannot be objectively optimized from occur-
rence data alone. Therefore, rather than prescribing a sin-
gle optimal background extent, the framework proposed 
here offers a set of different spatially adaptive strategies, 
reflecting the fact that unevenly surveyed data rarely con-
tain sufficient information to objectively infer the “true” 
background which is both accessible and surveyed for any 
given species. The choice among these strategies should 
be guided by visual inspection of the resulting background 
regions, overlaid on the available occurrences, and in-
terpreted in light of existing knowledge on the ecology, 
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biogeography and survey of the target species. Such ex-
pert-guided assessment is a standard diagnostic step in 
SDM and ENM workflows, and it provides a transparent 
basis for selecting a background region when formal opti-
mization is not possible.

Users can employ additional criteria to further edit 
the obtained regions, by removing or adding parts (e.g., 
using terra package functions like erase or +, respec-
tively), whenever more detailed knowledge is available 
on local patterns of species occurrence, movement, and/
or survey effort. But whether or not this is the case, the 
proposed strategies allow an objective delimitation of 
sensible background regions purely from the available oc-
currence points, which can reflect survey effort variations 
across the species’ occurrence area. These strategies thus 
address biodiversity knowledge shortfalls, tackling local 
and regional data gaps of spatially varying intensity, with 
no occurrence data loss and with improved confidence that 
the selected background generally reflects areas surveyed 
for the species.

Future Developments
Potential future improvements to the method in-

clude increases in computational efficiency, particularly 
for datasets with many thousands of occurrence records; 
and consideration of geographic and anthropogenic bar-
riers, such as mountain chains or large water bodies (for 
terrestrial species), land areas (for aquatic species), dense-
ly humanized areas, or large infrastructures like dams or 
motorways. This may avoid the inclusion of physically 
separated (albeit relatively near) occurrences in the same 
proximity buffer.
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Data Availability
All data used in the examples are referenced and pub-

licly available. A brief illustrated guide on how to install 
the required packages and reproduce the examples, along 
with all data used, is provided as Supplementary Material. 
Detailed examples of the function use are also described in 
the package help files.

Software Availability
The fuzzySim package, which contains the get-

Region function, is implemented in the R programming 
language (R Core Team, 2025) and is freely available 
under a GNU General Public License. The stable release 
can be downloaded from the Comprehensive R Archive 
Network (https://cran.r-project.org/package=fuzzySim). 
Development versions, issue tracking, and source code are 
maintained on R-Forge (https://fuzzysim.r-forge.r-project.
org/) and GitHub (https://github.com/AMBarbosa/fuzzy-
Sim). The function is fully documented within the pack-
age, and usage examples are provided in the help files. The 
package is platform-independent and has been tested on 
Linux, Windows, and MacOS operating systems.
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