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Abstract
1.	 Habitat fragmentation has become one of the largest areas of research in conserva-

tion biology. Empirical studies into habitat fragmentation impacts typically measure 
ecological responses to metrics describing fragmentation processes, for example 
‘distance to the nearest forest edge’, ‘forest fragment area’ and ‘landscape habitat 
amount’. However, these studies often fail to sample across representative ranges of 
fragmentation metrics characterising the study region. They therefore lack the data to 
account for correlation among multiple fragmentation metrics and for spatial autocor-
relation among sample sites, which reduces the strength of derived predictive models.

2.	 Here, we draw on approaches used in the mining and soil science industry to de-
velop standardised and repeatable protocols for designing optimised sampling 
schemes of biodiversity in fragmented landscapes that meet three criteria: the 
distance between sample sites is maximised to reduce spatial autocorrelation, the 
full range of values of the metrics of interest are sampled and the confounding 
effects of correlated metrics are minimised.

3.	 We show that our computational methods can optimise the placement of sample 
sites in fragmented landscapes to minimise, and in some cases to entirely avoid, 
over- or under-sampling of fragmentation metrics. Our method is flexible enough 
to cater for any continuous (e.g. maps of percentage tree cover) or categorical (e.g. 
habitat and land use types) fragmentation metric, and to simultaneously handle 
combinations of multiple fragmentation metrics and habitat types. We implement 
our methods as open-source code which includes options to mask invalid or inac-
cessible regions, update designs to adapt to unforeseen constraints in the field 
and suggest optimal numbers of sample sites for given design criteria.

4.	 Using a case study landscape, we demonstrate how the approach improves on 
manually generated sampling designs. We also show that the methods are flexible 
enough to be applied to landscape studies beyond the field of habitat fragmenta-
tion. We introduce our package as a novel research tool that is able to streamline 
the experimental design process for biodiversity sampling and monitoring at land-
scape scales, leading to improved data quality and representativeness.
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1  | INTRODUC TION

Empirical research in landscape ecology focusses on establishing 
relationships between ecological attributes (e.g. species abundance, 
community composition) and spatial patterns of the study landscape 
(e.g. habitat amount, road density) to understand ecological pro-
cesses (Albert et al., 2010; Ewers et al., 2010). A diversity of mod-
els has been developed to formalise these relationships using them, 
for example, to predict the potential distribution of rare species, to 
identify species' habitat suitability and quantify species abundance 
responses to habitat fragmentation. A critical assumption in many 
if not all of these models is that the full range of metrics used to 
describe spatial landscape patterns has been sampled systemat-
ically or randomly (Albert et  al.,  2010; Pasher et  al.,  2013). Yet, it 
is well-documented that logistic constraints (e.g. time, money and 
site accessibility), and a lack of unified and standardised method-
ology, can lead to ‘convenience sampling’ designs (Rosenstock 
et al., 2002; Schreuder et al., 1999) that may violate key statistical 
assumptions (Albert et al., 2010; Eigenbrod et al., 2011; McGarigal 
& Cushman, 2002; Pasher et al., 2013). This can lead to a high de-
gree of model uncertainty, affecting the strength, significance and 
in some cases the direction of modelled relationships (Eigenbrod 
et  al.,  2011; Pasher et  al.,  2013), ultimately resulting in misplaced 
guidance for conservation and policy practice.

Spatially biased sampling is particularly prevalent in landscape 
ecology research focussed on the ecological consequences of habi-
tat loss and fragmentation, where metrics describing both landscape 
features are typically highly correlated (Didham et al., 2012; Ruffell 
et al., 2016). Both habitat loss and fragmentation are frequently un-
derstood to be the greatest threats to biodiversity in terrestrial eco-
systems (Intergovernmental Science-Policy Platform on Biodiversity 
and Ecosystem Services, 2019), and their effective management 
requires that we reduce uncertainty in models explaining their re-
lationships with biodiversity metrics (Fletcher et  al.,  2018). Yet, 
despite the profusion of literature and data on the subject, a lack 
of unified standards in methods and metrics used to quantify biodi-
versity, fragmentation or modelling their relationships has hindered 
progress (Ewers & Didham, 2006; Fahrig,  2003, 2017; Mortelliti 
et al., 2010). Fragmented habitats present a complex landscape mo-
saic encompassing patches of different shape, size and configuration. 
Data tend to be collected from point locations within wider, more 
ambiguously defined landscapes, with pre-conceived assumptions 
on what constitutes a ‘habitat’ or a ‘landscape’ for target species 
(Brudvig et al., 2017; Fardila et al., 2017). Even experimental studies 
quantify fragmentation using different metrics (e.g. patch size, patch 
shape, distance to edge and habitat amount; Arroyo-Rodríguez & 
Dias, 2010; Chalfoun et al., 2002; Fahrig, 2003; Pfeifer et al., 2014). 
As fragmentation metrics are often correlated (e.g. sites located far 
from habitat edges can only be found in large fragments), particular 
values and combinations of metrics are often under-sampled, or at 
times even omitted (Eigenbrod et al., 2011; Pfeifer et al., 2014).

We suggest research on habitat fragmentation will benefit from 
the development of robust and standardised sampling protocols 

that minimise correlations among landscape metrics when trying to 
establish relationships with biodiversity. Here, we introduce a tool 
that can be used for this purpose. We discuss key assumptions which 
should be met by sampling designs for fragmentation studies, and 
we outline an automated approach that optimises site placement 
given these assumptions. Our approach is well-positioned to make a 
positive contribution to studies designed to address the contentious 
issues of patch versus landscape and fragmentation versus habitat 
amount effects (Didham et al., 2012; Fahrig, 2003, 2017; Fletcher 
et al., 2018), that is studies that rely on landscape metrics reflect-
ing both the characteristics of individual patches and of the wider 
landscapes in which they are embedded. We note, however, that our 
general framework can equally be applied to other conceptual mod-
els in use in landscape ecology, such as ‘continuum’ or hybrid models 
(Brudvig et al., 2017; Manning et al., 2004), as well as other types of 
studies beyond the fields of fragmentation and landscape ecology 
such as examining links between geodiversity and biodiversity (Read 
et al., 2020).

We believe sampling designs need to meet three key criteria 
to enable robust predictive modelling: account for spatial autocor-
relation, capture the full range of predictor variables and minimise 
correlation between predictor variables. First, spatial autocorrela-
tion (Legendre, 1993) violates the assumption of independent data 
points, which forms a central assumption in most statistical pro-
cedures. Locations which are closer in space tend to be more sim-
ilar than locations which are further apart (Bridges et al., 2007; F. 
Dormann et al., 2007; O’Sullivan & Unwin, 2010). Yet, few empiri-
cal fragmentation studies account for spatial autocorrelation in ei-
ther analysis or experimental design (McGarigal & Cushman, 2002; 
Mortelliti et al., 2010). To minimise the likelihood of collecting non-
independent data, sample sites should be spaced at the maximum 
possible separation in the study region, which has the co-benefit of 
increasing the likelihood for sampling the full metric space of vari-
ables characterising the heterogeneity of the landscape. Second, 
sample sites should cover the full range of values in the metrics of 
interest (Albert et al., 2010; Eigenbrod et al., 2011). For example, in 
a study investigating the relationship between species abundance 
and area of habitat fragment, sample sites should ideally be spread 
evenly between small, medium and large fragments (in a simplified 
non-continuous case). Sampling bias, failure to sample in all ranges 
of the metric or sampling disproportionately in one part of the 
range could lead to misclassification of the modelled relationship 
(Eigenbrod et al., 2011). For instance, a linear increase in abundance 
may be observed if sampling only medium and large fragments, while 
additional sites in smaller fragments could reveal a sigmoidal or even 
exponential relationship. Third, collinearity among fragmentation 
metrics is widespread (Riitters et al., 1995), but often treated as a 
nuisance in landscape ecology (Ruffell et  al.,  2016). If correlations 
arise due to causal relationships between predictor variables, then 
accounting for those correlations is crucial to accurately quantify 
the impact of fragmentation and landscape metrics on measured re-
sponse variables (Didham et al., 2012; Ruffell et al., 2016). Hence, 
sites should be selected to minimise (Pasher et al., 2013), or at least 
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control for (Box & Hunter, 1957), correlations among multiple frag-
mentation metrics.

In practice, designing sampling schemes for habitat fragmenta-
tion studies which fulfil these requirements can be challenging. We 
implemented a cursory review of fragmentation studies published 
between 2014 and 2017 (limiting ourselves to studies that collected 
primary field data and identified through the key words ‘habitat 
fragmentation’ and ‘sampling’). Of the 25 most cited papers, none 
described automated methods for optimising sample site placement 
along ranges and combinations of metric values in the landscape. 
Automated approaches to site selection have been used to design 
national biodiversity surveys (Gillespie et al., 2017), but these have 
been developed in a specific context and do not represent a general 
solution to sampling design challenges. Our tool provides a solution, 
offering a standardised, repeatable method that can allocate site 
placement in sampling designs that account for the three key criteria 
outlined above.

The mining and soil science industries have experience in the op-
timisation of sampling designs using mapped data for many years. 
Their sampling surveys often cover vast areas, and so designing 
schemes which maximise the amount of information at the minimum 
expense of time and resources has been critical for business (Clifford 
et  al., 2014). Focus is often placed on using remotely sensed data 
(e.g. curvature, terrain ruggedness) as environmental covariates for 
predicting soil properties. This pre-existing data can then be used to 
generate informed sampling designs. Minasny et al.  (2007), for ex-
ample, proposed quadtree decomposition to focus sampling effort to-
wards areas of covariate maps with more variation in values, as well 
as Latin hypercube sampling (Minasny & McBratney,  2006) which 
could be conditioned to take sample site accessibility into account. 
Similar methods which optimise the geographic spread of data by 
minimising the maximum Kriging variance have also been developed 
(Van Groenigen, 2000; Van Groenigen et al., 1999), these approaches 
maximise the distance between sample sites while optimising the 
amount of landscape variation encompassed in the design.

In the mining and soil science industries, a relationship between 
covariate maps and sampled soil properties is assumed, and often 
modelled from previous experiments, to inform the design of the 
sampling strategy. In most fragmentation studies, however, estab-
lishing this link (between observed landscape patterns and collected 
biodiversity data) is the targeted end point of the study rather than 
the beginning. Despite this apparent difference in objectives, we 
suggest that similar concepts can be applied to the design of frag-
mentation studies, using landscape metric maps derived through re-
mote sensing (Ewers et al., 2010; Pfeifer et al., 2016, 2019; Riitters 
et al., 1995) to inform and optimise the placement of sampling sites 
in the field. We propose a solution that applies to continuous and 
categorical landscape metrics and optimises sample placement 
across multiple metrics and habitat types simultaneously. Our ap-
proach also accounts for practical sampling constraints imposed by 
the study region, such as excluding habitat types that are not of in-
terest for a particular experiment (e.g. a study designed to sample 
in natural habitats but not in urban areas), and excluding areas that 

are inaccessible (such as remote areas in rugged terrain, or private 
land parcels).

Our approach uses two design-generating algorithms: (a) a 
spatially uniform design algorithm (SUDA), which aims to evenly 
distribute sites in geographic space, thereby minimising spatial au-
tocorrelation in data and achieving a proportional subsample of the 
metric space, and (b) a metric uniform design algorithm (MUDA), 
which aims to evenly distribute sites throughout the metric space, 
ensuring that the range of values present in the habitat fragmen-
tation metrics are equally represented in the sampling design. We 
outline the methods behind the spatial and metric uniform designs 
and present their implementation in the form of open-source Python 
code.

We illustrate our approach using a fragmented landscape in New 
Zealand as a case study, and we show that both algorithms can be 
used to output optimised biodiversity sampling designs in terms 
of covering geographic space and the fragmentation metric space. 
We illustrate their flexibility in being able to account for sampling 
obstacles, as well as extensions to the methods which allow new 
information gained in the field to be used to adapt partially imple-
mented designs. This is to cater for the case when some sites have 
been sampled, but a subsequent location is found to be inaccessible, 
or to complement previous studies. Finally, as an example of applica-
tions beyond habitat fragmentation, we use a digital elevation map 
to generate a MUDA design which samples an altitudinal gradient. 
This illustrates how the approach can easily be used to sample across 
other forms of environmental variation.

2  | MATERIAL S AND METHODS

2.1 | Study region

We used the Hope River forest fragmentation landscape in New 
Zealand to validate the outputs of the sampling design algorithms. 
In this landscape, Ewers et al. (2007) investigated the effect of dis-
tance to forest edge and forest fragment area on beetle community 
composition using a transect design, where transects extended from 
the centre of the forest fragment, across the edge and an equiva-
lent distance into the surrounding grassland habitat. We obtained 
a 30-m resolution invalid area mask (masking out areas above the 
tree line) and a binary habitat map (forest and grassland) of the study 
region using data compiled within the BIOFRAG database (Pfeifer 
et al., 2014). Both landscape maps represent an area of approximately 
1,300 km2 and were derived from satellite imagery collected in the 
year the original study was conducted. The binary habitat map was 
used to compute two continuous fragmentation metrics: the log2 
transformed distance to the nearest edge (m) and log10 transformed 
fragment area (ha), which match those used in the original design 
(Ewers et al., 2007; Figure 1). While our case study here is built upon 
two patch-level fragmentation metrics, the same approach applies 
equally to landscape-level metrics such as the percentage of habitat 
cover in a given radius.
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2.2 | Algorithms for generating sampling designs

Our approaches use maps derived from remotely sensed data. These 
maps fall into three categories:

1.	 Invalid mask: A binary map (with 0 = invalid and 1 = valid) 
indicating areas of the study region which should not be sam-
pled. Examples include water bodies, roads, inaccessible areas 
and non-focal habitats such as grasslands and urban areas 
(Figure  1a).

2.	 Habitat map: A categorical map classifying the study region into 
land-cover types (Figure 1b). Examples include forest, grasslands, 
urban areas and plantations.

3.	 Metric map(s): A map(s) which quantifies fragmentation charac-
teristics. Examples include distance from nearest habitat edges 

or the size of habitat patches (Figure 1c,d). Metrics can be either 
categorical or continuous in nature.

The first algorithm, the SUDA, is solely based on spreading sites 
as far apart as possible in any valid area of the study region (specified 
as area outside the ‘invalid mask’) to minimise the effect of spatial 
autocorrelation. The second algorithm, the MUDA, extends upon 
the first algorithm, focusing on placing an equal number of samples 
sites along gradients of the metric maps.

2.2.1 | The spatially uniform design algorithm

The SUDA iteratively spaces sites at the maximum possible geographic 
separation using the Euclidean distance transform, an operation which 

F I G U R E  1   Example spatial inputs 
for the algorithms, using the case study 
of the Hope River study region (Ewers 
et al., 2007). (a) An invalid area mask (with 
0 = valid and 1 = invalid), in this example, 
invalid denotes a non-focal habitat 
(grassland). (b) A categorical habitat map, 
showing forest and grassland. (c) Log2 
distance to the nearest habitat edge (m, 
measured positively in both habitats 
and up to 1,024 m extent). (d) Log10 
transformed fragment area (ha)
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takes a binary image (with 0 = non-feature and 1 = feature) as an input 
and outputs an image where every pixel is labelled with the distance to 
the nearest feature pixel. Euclidean distance from a non-feature pixel of 
spatial coordinates (x, y) to the nearest feature pixel (xf, yf) is:

This results in a complete distance map, Dmap.
The SUDA distributes samples in a naïve manner with respect 

to fragmentation metrics, which are not included as inputs for the 
algorithm. The only inputs required for the SUDA are an invalid mask 
(Im) and an integer number of sample sites (n). The algorithm consists 
of four main operations (Figure 2a):

1.	 Use a pseudo-random number generator to select a site in 
the valid region of Im.

2.	 Compute the Euclidean distance transform from the selected 
site(s), and apply the mask to exclude invalid regions.

3.	 Select the next site as the pixel with the maximum value in the 
masked Euclidean distance transform (i.e. the furthest away from 

already placed sites). If there is more than one pixel with the same 
maximum value, then one is selected at random.

4.	 Check number of placed sites is lower than n and repeat steps (2) 
and (3).

The procedure ends when all n sites have been placed.

2.2.2 | Assessing variation in the SUDA outputs

In the SUDA, the initial sample site is selected at random in the valid 
region of Im, hence each run of the algorithm will produce a different 
design. A further source of variation is introduced in step (3) when 
selecting a random maximum value pixel if multiple equivalent maxi-
mums exist. To compare the final designs emerging from multiple 
runs of the SUDA, and to assess how evenly sites are spread in geo-
graphic space, we implemented a scoring criterion based on minimis-
ing the maximum distance. This requires computing the Euclidean 
distance transform of the final design, applying the invalid mask and 
extracting the maximum distance value from the valid region as the 

(1)D =

√(
x−xf

)2
+
(
y−yf

)2
.

F I G U R E  2   The (a) spatially uniform 
design algorithm (SUDA) procedure 
and (b) metric uniform design algorithm 
(MUDA) procedure on a 200 × 200 test 
grid, with invalid areas represented in 
grey. (a, i) Select a site at random in the 
valid region, compute the Euclidean 
distance transform from the chosen 
site and apply the mask. (ii) Select the 
pixel with the highest distance value as 
the next site. Recompute the Euclidean 
distance transform and apply the mask. 
(iii) Continue this procedure until all 
sample sites have been placed, resulting 
in the final design. (b, i) Distance to the 
nearest edge as a continuous metric, up to 
a maximum of 1,000 m. (ii) The ID image, 
with the continuous distance to edge 
categorised into five unique ID values 
representing 200-m intervals. (iii) Isolate 
the first ID in listID (e.g. ID = 4) and select 
the first site at random. (iv) Compute the 
distance from the chosen site. (v) Isolate 
the next ID in listID (e.g. ID = 3) and mask 
all values not corresponding to this region 
in the Euclidean distance transform image. 
Select the maximum distance value as 
the next site. (vi) Update the Euclidean 
distance transform and continue iterating 
through listID until all sites have been 
placed
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score. Designs which score a smaller maximum distance will have a 
more uniform spread, whereas those with the same number of sites 
but an element of clustering will have higher scores. This method is 
based on principles proposed by Van Groenigen et al.  (1999), who 
used minimisation of the maximum Kriging variance as a congruent 
measure.

Using the Hope River landscape, we ran 10,000 simulations of 
the SUDA to examine the extent of variation in the final sampling 
designs and compared them to 10,000 simulations in which the same 
number of sites (n = 45) were randomly distributed. We found that 
the algorithm returned consistently optimised results, with small 
variation between final scores relative to those of a random sam-
pling design (Figure  3). The distributions were significantly differ-
ent, with no overlap between the maximum SUDA score (2.49 km) 
and the minimum random design score (2.79  km). In addition, the 
range of scores in the SUDA designs was small (0.59 km) compared 
to that of the random designs (7.55 km). For this reason, the variation 
emerging among repeated applications of the SUDA was considered 
to be at a reasonable level.

2.2.3 | The metric uniform design algorithm

The primary aim of the MUDA is to place an equal number of sample 
sites across gradients of the chosen fragmentation metrics, thereby 
uniformly subsampling the metric space. Within this constraint, 
sites are also maximally separated into geographic space using an 
adapted version of the SUDA described above. Similar to the SUDA, 
the methods take an invalid mask (Im) and an integer number of sam-
ple sites (n) as inputs. Additionally, the user enters k metric maps of 
interest (M1, … Mk) and a corresponding integer number of bins (B1, 
… Bk). These bins are used to specify the number of fixed width in-
tervals the range of each metric should be broken into. For example, 
specifying 10 bins for fragment area ranging between 0 and 10 km2 
would result in sampling intervals of 0–1, 1–2, … 9–10 km2. We first 
describe the methods for a ‘one metric case (k = 1)’ (Figure 2b). In the 
following section, we detail how this extends to multiple metrics and 
bins. We describe the algorithm in three main steps.

Step 1: Identify metric bin combinations and create ID image
The invalid mask Im is applied to the metric map (Mj). The total range 
of the remaining values in the metric is then divided equally into Bj 
bins, with the width of each bin (wj) being calculated as:

Continuous metrics are converted to discrete values by replacing all 
values which fall within a certain bin a unique value corresponding to 
that bin. For example, if Mj was distance to the nearest edge with a 
maximum distance of 1 km and if Bj was set to 5, values between 0 
and 200 m would be labelled as 1, 200–400 m as 2, 400–600 m as 3, 
600–800 m as 4 and 800–1,000 m as 5. For categorical metrics, such 

as habitat maps, Bj should be equal to the number of unique categories 
present in the metric. In some cases, bins may be ‘empty’; for exam-
ple, if Mj represented fragment area in a landscape which contained 
only small and large fragments, then bins relating to medium-sized 
fragments would not be present in the landscape. These empty bins 
are removed from consideration, and the remaining non-empty bins 
are assigned a unique identification number (ID). This generates the 
final ID image (IDim) which contains an integer number of unique IDs 
(denoted as NID).

Step 2: Assign sample sites to IDs
The aim is to place an equal number of sample sites in each ID. The 
optimum number of sample sites in each ID, Sopt, is calculated as:

Since the number of sample sites must be discrete, this can only be 
achieved in practice if Sopt is an integer. Users may experiment with 
adjusting the number of bins for each metric, which will alter NID and 
bring the optimal sample sites within their desired range. In the case 
of non-integer Sopt values, the lower and upper bounds for n are cal-
culated as:

One of these two values can be selected to replace the existing value 
of n, resulting in an integer Sopt. If the user wishes to continue with the 
original value of n, then nlower sites will be placed in each ID and the 
remainder (n – nlower) will be randomly distributed between the IDs.

Step 3: Place sample sites in geographic space within each ID
As we now know the number of sample sites required in each ID, 
we need to select specific site locations in the study landscape. To 
do this, we first generate a list where each ID is repeated Sopt times. 
For example, if n = 10 and NID = 5 (and so Sopt = 2 using Equation 3), 
then the ID list would be 1, 1, 2, 2, 3, 3, 4, 4, 5, 5 (as in Figure 2b). The 
order of this list is randomly permuted, resulting in the final ID list 
(hereafter referred to as listID).

The algorithm continues in a similar way to the SUDA; however, 
in this case, we iterate through listID and constrain sites to fall in spe-
cific regions of IDim. These regions can be isolated by applying the 
following function to each pixel, p, in IDim,

This creates an ID mask (IDmask). We iterate through the values in listID 
and implement the following procedure (illustrated in Figure 2b):

(2)wj =
max

(
Mj

)
− min

(
Mj

)
Bj

.

(3)Sopt =
n

NID

.

(4)nlower = n × floor
(
Sopt

)
,

(5)nupper = n × ceiling
(
Sopt

)
.

p = IDim (x, y) ,

(6)f (p) =

⎧
⎪⎨⎪⎩

valid, p= ID

invalid, p≠ ID
, for the ID selected in listID.
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1.	 Select the first ID in listID and create IDmask. Use a pseudo-
random number generator to select a pixel in the valid region.

2.	 Compute the Euclidean distance transform image from the se-
lected site(s). Isolate the next ID in listID and create IDmask. Apply 
IDmask to the Euclidean distance transform image to mask invalid 
regions.

3.	 Select the next site as the pixel with the maximum value in the 
masked Euclidean distance transform. If there are multiple pixels 
with the same maximum value, then one is selected at random.

4.	 Repeat steps (2) and (3) until all IDs in listID have been selected.

2.2.4 | Extending the MUDA to work with k 
multiple metrics

Since all metrics (M1…, Mk) represent the same landscape, each 
pixel has k different values; one for each of the k fragmentation 
metrics. Every pixel in the landscape can therefore be plotted in 
k-dimensional metric space. By breaking the ranges of each met-
ric into their specified number of bins (B1…, Bk), as in Equation 2, 
we can assign ID values based on the combinations of bins in the 
metric space (Figure 4: an example with two metrics, M1 and M2). 
The total number of bins present in the metric space can be cal-
culated as:

In real landscapes, it is unlikely that all the bin combinations in the met-
ric space exist in the landscape image (e.g. empty bins in Figure 4a). 
These bins are removed from consideration, and non-empty bins are 
allocated a unique ID. All pixels are then assigned the value of their cor-
responding bin, thus generating the ID image (IDim) described in Stage 

1 of the MUDA procedure. From this point, the algorithm proceeds as 
detailed above in Stages 2 and 3.

2.2.5 | Assessing variation in the MUDA outputs

Since the number of sites placed in each ID is predetermined, the 
MUDA will always return designs which uniformly sample the met-
ric space, with the maximum difference between the number of 

Nbins =

k∏
i=1

Bi . (7)

F I G U R E  3   Comparing the distributions of maximum distance 
scores for 10,000 spatially uniform design algorithm (SUDA), metric 
uniform design algorithm (MUDA) and random designs, using the 
Hope River study region and 45 sample sites. In this example, the 
MUDA designs were generated using log2 distance to edge with 
seven bins and log10 fragment area with 10 bins

F I G U R E  4   (a) Example of the distribution of pixels in metric 
space for two randomly generated metrics M1 and M2. These 
metrics are 10 × 10 images (100 pixels) containing values between 
0 and 1, with distributions broken into five bins each (B1 = B2 = 5). 
Crosses represent the location of all pixels in the two-dimensional 
metric space. To uniformly sample this space, an equal number 
of samples must be drawn from every non-empty bin (ID) in the 
metric space (in this case NID = 19), for example those circled in 
red. (b) The distribution of selected sample sites as a 3D histogram, 
showing that the number of sample sites selected from each ID 
forms a uniform distribution
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sites in any two IDs being 1. Only the spatial arrangement of sites 
will differ between final layouts. In this case, variation is derived 
from the order in which the IDs appear in listID, which has been 
randomised, as well as the placement of the initial site and subse-
quent maximum Euclidean distance transform selections. As with 
the SUDA (Section  2.3.2), we computed 10,000 sampling designs 
using the MUDA and the Hope River landscape, in this case setting 
M1 to be log2 distance to edge with B1  =  7 and M2 as log10 frag-
ment area with and B2 = 10. The maximum distance scoring criteria 
showed an intermediate spatial spread of sites for MUDA designs 
(M = 3.02 km, SD = 0.23 km) compared to randomly generated de-
signs (M = 5.10 km, SD = 1.27 km), suggesting a very highly signifi-
cant difference between the distributions.

2.3 | Adapting SUDA and MUDA designs

Options to adapt partially completed sampling designs were devel-
oped for both the SUDA and MUDA. In this scenario, a researcher 
would like to update the entire study design but does not want to 
sacrifice the effort already expended to collect data. The methods 
take an updated invalid area mask (which includes the new inacces-
sible area), as well as the geographic coordinates corresponding to 
the original design, as inputs. The coordinates for the design are 
tagged as either ‘sampled’, ‘unsampled’ or ‘inaccessible’ (outlined 
in the online documentation). This approach allows researchers to 
‘force’ the sampling design to factor in sites which have been sam-
pled in the past, or for which the researcher already has data avail-
able. Rather than computing an initial Euclidean distance transform 
from a randomly selected site, the adapted SUDA and MUDA meth-
ods compute the Euclidean distance transform from all sites which 
have been marked as ‘sampled’. Remaining sites will then be placed 
using the same iterative procedures but taking the new constraints 
into account.

3  | VALIDATION OF THE OPTIMISED 
SAMPLING DESIGN APPROACHES IN A 
C A SE STUDY

3.1 | Case study design generation

We compared our algorithmically generated designs to a sampling 
design previously implemented in a fragmentation study (Ewers 
et  al.,  2007). The sampling design deployed in the study was de-
signed with the express goal of sampling metric space equally, a goal 
directly analogous to the targeted output of the MUDA algorithm. 
The original field study sampled a total of 233 sites distributed 
across 15 forest fragments of different area, and with sites located 
along linear transects placed at up to 11 distances (0, 2, 4, 8, 16, 
32, 64, 128, 256, 512 and 1,024 m) from the edge to the interior of 
the forest. Edge distance was log2 transformed and fragment area 
was log10 transformed in design and analysis. Transects were also 

extended into the adjacent grassland at the same range of distances; 
however, the area of the grassland fragments was not considered.

To compare the original design to those output by the SUDA and 
MUDA, two simplifications were made: (a) due to the resolution of 
the maps (with one pixel representing 30 m2 on the ground), plots 
separated by small edge distances (0 to 16 m) were merged to a sin-
gle site; and (b) only sample sites within forest fragments were con-
sidered, since the area of grassland fragments was not incorporated 
into the original design. This resulted in a reduced set of 45 sites, 
covering seven edge distances and 15 fragment sizes.

We generated a MUDA design using log2 edge distance and log10 
fragment area maps to match the choices made in the original study. 
The MUDA can be run equally on transformed or untransformed met-
rics, and this user choice should reflect their planned final analysis. For 
edge distance, we used seven bins, to match the original design. Using 
15 bins for log10 fragment area would result in an optimum MUDA 
design of 55 sample sites, so we reduced the bin number to 10 to 
generate a design with 45 sample sites to ensure the sample size was 
the same as in the simplified original study. The invalid area mask was 
updated to include all grassland areas as well as the outer 5 km of the 
study region, which was not sampled in the original study. We ran 
both the SUDA and MUDA 20 times each and selected the best scor-
ing designs as the final outputs. For comparison, we also computed a 
random design which consisted of 45 sample sites placed in any valid 
pixel with equal probability. In this case, sample site placement is ran-
dom in both geographic space and in metric space.

3.2 | Measures for comparing study designs

To compare how successfully the case study designs meet the three 
key sample design criteria, we use four measures. For spatial auto-
correlation, we use the minimum of the maximum distance crite-
rion, as outlined in Section 2.3.2. Designs with the lowest maximum 
distance are more uniform in geographic space, which lowers the 
chance of autocorrelation (we note that the eventual realised level 
of autocorrelation can still be checked at a later stage in the study). 
To assess the coverage of metric space we report the percentage of 
metric bins sampled, with higher percentages indicating more suc-
cessful coverage. In addition, we assess how uniformly sample sites 
are spread between metric bins by taking the standard deviation 
of the number of sample sites in each metric bin. A lower standard 
deviation equates to more uniform coverage. Finally, to assess cor-
relations between metrics, we use Pearson's product-moment cor-
relation (r), with lower r values indicating reduced correlation.

4  | RESULTS AND DISCUSSION

4.1 | Sampling geographic space

We present four different sampling design layouts on the Hope 
River landscape, along with their respective maximum distance 
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scores (Figure 5). The SUDA produced the best scoring design under 
the minimum of maximum distance criterion, with a maximum of 
2.07 km (Figure 5a(i)) compared to 3.45 km achieved in the randomly 
generated example (Figure  5c(i)). The MUDA (Figure  5b(i)) scored 
higher than the SUDA, as expected, with a maximum distance of 
3.22 km. The original design naturally scores worst under this meas-
ure (8.69 km), due to the large separation between transects.

When possible, the MUDA is designed to seek out pixels which 
fall in the same ID, but that are at the maximum distance from all 
other points geographically. When there is just one suitable region 
in the landscape, then clusters of sites can occur (Figure  5b(i)). In 
our case study, several fragment area bins were comprised of just 
a single fragment in the landscape, meaning all samples needed to 
capture the distance to edge combinations must be drawn from a 
small subset of the full study landscape. Such a limitation represents 
an unavoidable constraint in using natural landscapes for studies 
of habitat fragmentation effects, in much the same way that non-
existent combinations of fragmentation metrics also represent a 
limitation on what can be analysed (Betts et  al.,  2019). Different 

iterations of the MUDA will produce different configurations, how-
ever, so running multiple designs and manually selecting the best 
can mitigate this to some extent. We also imposed a threshold in 
the algorithm to ensure there was at least a 25 m minimum separa-
tion between sample sites in this case study. For different sampling 
methods and focal species, this threshold could easily be adjusted to 
tailor to the specific requirements of a given study.

The minimum of maximum distance scores for the SUDA and 
MUDA designs were selected after 20 repeat runs of the SUDA and 
MUDA. This was used as a method for obtaining the best sampling 
design from a set of candidate outputs. Increasing the number of 
repeats will increase the chance of obtaining better scoring designs; 
however, this will also lead to a rise in computation times. These 
times will also depend on the size and resolution of the landscape 
image, on the number of sample sites and on computer processing 
speed. Testing the time to generate a single design for a specific 
study can be used to gauge how many repeats are feasible if this 
method is used. To ensure that the global minimum is met, these 
designs could also be used as initial conditions in an automated 

F I G U R E  5   Comparing the (a) spatially uniform design algorithm (SUDA) and (b) metric uniform design algorithm (MUDA) design outputs 
to a (c) random design and (d) a simplified version of the original transect design, using the Hope River landscape. All designs were generated 
using log2 distance to edge (with seven bins), log10 fragment area (with 10 bins) and 45 sample sites. Panels show (i) the distribution of 
sample sites geographically, with the maximum distance score; (ii) the distribution of sample sites in the metric space, with the Pearson's 
product-moment correlation coefficient (r), the percentage of metric space bins sampled and the standard deviation of the distribution (std)
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optimisation procedure. For example, van Groenigen and Stein 
(1998) used spatial simulated annealing to optimise the spread of 
points by minimising the maximum Kriging variance. This method, 
however, was not adapted to suit sampling in specific ranges of the 
metric space, and so would not represent a simple extension to the 
MUDA implementation. Given the speed of the SUDA, generating 
multiple designs and selecting the one with the minimum score is a 
viable alternative if assurance of a local minimum is sought.

4.2 | Sampling the metric space

Using the MUDA, we were able to generate a design which uni-
formly subsampled the metric space, covering a wider range of met-
ric values more evenly in comparison to the original sampling design. 
Comparing the standard deviations of the distributions presented 
in Figure 5, we achieve a perfect uniform distribution (std = 0) for 
the MUDA design (Figure 5b(ii)) compared to the original (std = 0.94, 
Figure  5d(ii)). These are both improvements on the random 
(std = 2.04, Figure 5c(ii)) and SUDA (std = 1.71, Figure 5a(ii)) design 
outputs. To compare metric coverage, we assessed the number of 
bins sampled by each design. Since high distance to edge values can-
not occur in small fragments, these combinations do not exist in the 
landscape and are necessarily absent from the distributions. Despite 
this, the MUDA was able to identify sampling locations in all 45 bin 
combinations which did exist (100%), compared to just 30 (67%) that 
were sampled in the original transect design. Sampling distributions 
using the random (18 bin combinations, 40%) and the SUDA (16, 
36%) approaches were even worse, representing very poor cover-
age of fragmentation metric combinations. Sampling in all metric 
combinations, and in particular sampling the full range of all metrics 
(as present in the landscape), was shown to be an important factor in 
obtaining robust inferences by Eigenbrod et al. (2011). Sampling only 
a proportion of the potential range was shown to have the greatest 
effect on the strength of inferences, in some cases altering the sign 
of relationships between predictor variables and species responses. 
The MUDA proved to be a viable method for ensuring that these 
maximum ranges are encompassed in study designs. It was also able 
to produce more efficient designs, with the same number of sites 
being able to span the metric space more evenly compared to the 
original.

Distributing the sites in this manner has the additional benefit 
of minimising the correlation between metric values at the sample 
locations (Pasher et al., 2013). Pearson's product-moment correla-
tions between distance to edge and fragment area showed that the 
MUDA had a lower correlation between metrics (r = 0.48, p < 0.001) 
compared to the original design (r  =  0.57, p  <  0.001). The SUDA 
(r = 0.63, p < 0.001) and random (r = 0.59, p < 0.001) designs had 
the highest correlation scores, which is unsurprising given these 
sampling designs were generated in a naïve manner with no consid-
eration of the metrics. There is a strong level of correlation among 
many fragmentation metrics (Riitters et al., 1995), exemplified in our 
case study by the fact that high distance to edge and small fragment 

area combinations cannot exist. While no sampling design can com-
pensate for this feature of real-world landscapes, the MUDA proved 
an effective method of minimising the confounding effect that such 
correlations would have on subsequent analyses of field data.

4.3 | Adapted designs

We test the adapted design method, we added an area of private 
land (in this example covering 12% of the study region) to the invalid 
area mask after designating eight out of 45 sample sites as being 
already sampled. The adapted SUDA was able to keep the eight pre-
viously sampled sites fixed and reallocate the remaining 37 sample 
sites to find a new optimal layout. We achieved a maximum dis-
tance score of 1.95 km, which was roughly the same as in the origi-
nal SUDA design in Figure 5a(i). Similarly, the adapted MUDA (max 
dist = 3.05 km) was able to relocate the inaccessible sample sites, in 
this case to locations with equivalent ID values which fell elsewhere 
in the landscape. In both cases, coverage of the metric space and the 
correlation between metrics were the same as the original versions 
of the SUDA and MUDA designs (Figure 5a(ii),b(ii)).

In some cases, it may be that the new invalid region masks out 
an entire ID, meaning that no other locations are available. If this oc-
curs, the sample site corresponding to that ID will be removed from 
the design, resulting in either an empty bin in the metric space or an 
imperfect uniform distribution if the ID has been previously sam-
pled. Since such IDs are likely to represent only a very small propor-
tion of the total landscape area, omitting to sample in these outlying 
regions is unlikely to have a great effect.

4.4 | Further examples

So far, we have presented examples using two fragmentation met-
rics (distance to edge and fragment area) and sampling in just one 
habitat (forest), but the MUDA is flexible to cater to different de-
sign requirements. Figure 6 shows examples of designs covering dif-
ferent combinations of metrics and habitat types, which can all be 
generated using the same MUDA procedure. Single metric designs 
were produced for both one (Figure 6a) or two (Figure 6c) habitat 
types, with Figure  6b,d showing how this can also be achieved in 
the multiple metric case. The MUDA can generate designs for more 
than two metrics and habitats. However, such designs may require 
large numbers of sample sites to match the increasing numbers of ID 
combinations. This can be compensated for by reducing the number 
of bins per metric, or accepting suboptimal uniform distributions if 
resources limit the maximum number of sites for the study.

Finally, in Figure 6d, we show an example of how the MUDA can 
be used with metrics not specific to fragmentation. In this case, we 
use altitude (m a.s.l.), which was derived from a digital elevation map 
(DEM) of the selected study region, along with fragment area as used 
previously. The number of bins for each metric was set to 10, result-
ing in an 83-site design. As is evident from the histogram (Figure 6d), 
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altitude is not strongly correlated with fragment area, so the sam-
ple sites are spread more evenly in the metric space compared to 
Figure 6b, for example. For the invalid mask, we used the same DEM 
to exclude all areas above 1,500 m, as an example of how different 
inaccessible regions can be masked from designs.

5  | CONCLUSIONS

The algorithms developed in this study provide a means of address-
ing key pitfalls in fragmentation sampling designs, such as account-
ing for spatial autocorrelation (Mortelliti et al., 2010), sampling the 
full range of the metrics (Eigenbrod et al., 2011) and reducing the 
collinearity among multiple metrics (Ruffell et  al.,  2016). We have 
shown that using maps derived from remotely sensed data can pro-
vide a robust method for assessing the global configuration of met-
rics in the landscape, with the MUDA providing more complete and 
more even coverage of the metric space compared to traditional, 
non-automated methods of developing sampling designs. Our case 
studies showed that the methods are flexible in being able to opti-
mise site placement given: (a) any combination of continuous and/

or categorical metric maps; (b) multiple metrics and habitat types 
in combination; and (c) bounds or limitations imposed by the study 
region and site accessibility. We propose that these methods provide 
a practical means of streamlining the sampling design process not 
only for fragmentation experiments, but in other landscape ecology 
studies. This can help to ensure that key statistical assumptions are 
met and allow the most robust conclusions to be drawn from col-
lected data.
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