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Abstract: Urban green and blue space (UGBS) is becoming increasingly important for supporting
biodiversity, with the spatial configuration of these landscapes essential to supporting a range of taxa.
The role of UGBS for supporting biodiversity is well established, but there remains a lack of consensus
on the importance of the overall landscape configuration and the scale at which these configurations
are analyzed. Moreover, statistical models are often compounded by coarse representations of UGBS
that ignore ‘invisible’ spaces (i.e., gardens and brownfield sites). Using Sentinel-2 satellite data and
a maximum likelihood classification, a comprehensive landcover map of Cork City, Ireland was
produced with reliable accuracy. FRAGSTATS was then used to capture landscape metrics regarding
the spatial configuration of the study area, at a city scale and at three spatial extents for each field site.
Field surveys at 72 locations captured data on bird species richness and abundance, before generalized
linear models (GLMs) were parameterized between biodiversity metrics and the landscape metrics at
50, 100, and 200 m scales. The UGBS classification revealed that two-thirds of the city is composed of
green and blue space. The field surveys recorded 62 species in the city, while GLMs revealed that
green space was a significant driver in increasing species richness and abundance, while blue space
produced inversions in coefficient estimates, suggesting a more nuanced relationship. The edge effect
phenomenon was suggested to play a key role in increasing bird diversity, with a diversified and
varied urban landscape important. The impact of scale also affected how blue space was viewed as a
connective network within the city, particularly in relation to biodiversity metrics. Overall, this study
has demonstrated that UGBS is intrinsically linked to bird diversity. Moreover, 38% of the species
recorded are listed as species of conservation concern in Ireland, highlighting how urban spaces can
provide habitats for vulnerable species and should inform discussion on the role of geography within
the implementation of conservation and planning initiatives for urban environs.
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1. Introduction

Urban areas are increasingly becoming recognized as novel ecosystems that have no
natural analogue [1]. Urban green and blue space (UGBS) supports a variety of species,
many of which are of conservation concern, with recent research highlighting the potential
for UGBS to support biodiversity in light of the increased habitat loss and fragmentation
observed in natural environments [2–8]. The recent Intergovernmental Science Policy
Platform on Biodiversity and Ecosystem Services (IPBES) report [9] identified that over
1 million species are now threatened with extinction, many within decades. This deteriora-
tion is directly linked to human activity, with urban areas ranked as one of the primary
drivers of this loss, and the driver with the largest global impact [9]. Of note within this
report is the implementation of nature-based solutions, including increasing ecological
connectivity within urban areas [9].
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Due to the patchy nature of UGBS, the availability of corridors can be seen as an
essential connective link for many species. For example, Lepczyk et al. [6] note that
networks of urban green spaces provide passage through the urban matrix, and when such
habitats are found in high frequency and proximity to one another, they have the potential
to lessen the risk of sink habitats and ecological traps in urban areas. Landscape metrics
are the predominant method of quantifying the composition of a landscape, allowing
for the description of spatial patterns and ecological processes over time and space [10].
Several landscape metrics have been developed and applied within the discipline [11–16],
effectively capturing the influence of landscape configuration, including connectivity, on
wider ecological processes that supports effective and targeted management strategies.

In urban environments, studies using landscape metrics have identified a low connec-
tivity of green and blue spaces, partially due to the dominance of the built environment
in cities [17]. Such dominance of the built environment has a detrimental effect on bio-
diversity due to a lack of habitat [18,19]. Initiatives to increase UGBS (particularly green
space) have increased bird diversity in global cities [20] with recent research identifying
that the amount of forest within an urban ecosystem has the largest independent effect
on forest bird diversity [21]. An increase in area of suitable habitat (i.e., forest) within a
largely inhospitable matrix (i.e., built) is in line with key biogeographic patterns such as
species-area relationship [22], but investigations have been less conclusive with regard to
the impact that landscape configurations have on bird diversity [23–25].

A recent study by Soifer et al. [25] found that the landscape configuration in the
southern USA greatly influenced bird diversity, in part due to the need to consider mul-
tiple scales of analysis. The selection of the spatial scale when studying biodiversity and
landscape metrics is particularly pertinent [26], as factors and processes that are found to
be important at one scale are not always found to be at other scales, which renders interpre-
tation and prediction difficult [27]. Several studies have adopted a multiscale approach for
studying the ecological processes responsible for spatial patterns of biodiversity [15,28–31].
For example, Croci et al. [32] explored the role of landscape metrics in quantifying the
configuration of urban woodlands in Rennes, France on biodiversity. They explored the
habitat surrounding all woodlands along the rural–urban gradient at two spatial scales
(100 and 600 m), with birds more sensitive to variations at wider spatial scales.

Another challenge in understanding the role of UGBS in supporting biodiversity is
identifying exactly where these land covers are. Many formal sources of land cover are
reported at coarse resolutions. For example, CORINE land cover data in Europe have a
(relatively) fine resolution through its vector conceptualization, but has a coarse thematic
resolution, considering the built environment as all habitats within the urban area and
subsequently overlooking unique habitats such as gardens, hedgerows, and ponds. These
habitats have been found to be vitally important for urban biodiversity [33], and when
considered together can form corridors and networks through the often-inhospitable matrix.
To overcome this within urban ecosystems, remote sensing is the predominant method
used for the identification and classification of UGBS [34–41] and has been identified as a
powerful method for uncovering these ‘invisible’ green spaces in the urban framework.
Sentinel-2 is the primary sensor utilized in Europe in recent years due to its wide swatch,
frequent revisit time, fine spatial resolution (10 m) and zero cost [42–44]. Such products
have been found to identify previously unmapped green space when compared to formal
government sources [34].

Subsequently, with a lack of consensus on the importance of the overall landscape
configuration on bird biodiversity and the potentially confounding impact of scale on such
results, research is still needed to understand the impact of UGBS configuration and spatial
scale on biodiversity. Moreover, with the compounding use of coarse representations of
UGBS that ignore ‘invisible’ spaces, there persists a need to quantify species–landscape
relationships in urban areas using high-resolution products. Subsequently, the aim of
this research is to explore the influence of landscape configuration on bird biodiversity
patterns. This study will explore three main research questions: (1) What is the extent of
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UGBS in Cork City, Ireland? (2) What are the important landscape configurations that
influence bird biodiversity patterns? Additionally, (3) how does spatial scale impact these
species–landscape relationships?

2. Materials and Methods
2.1. Study Area

Cork City is situated in the southwest of Ireland, with a population of 125,657 within
an area of 187 km2 [45], making it the second largest city behind Dublin in the Republic of
Ireland. The climate of Cork City is that of a temperate climate, with cool summers and
relatively mild winters [46]. The green spaces of the city, such as parks and gardens and
blue spaces, such as the ponds, lakes, rivers, and harbor, provide havens for many species
more usually found in rural areas [47]. Policies such as the Cork City Development Plan
2015–2021, the Cork City Heritage Plan 2015–2020, and the Draft Cork City Heritage and
Biodiversity Plan 2021–2026 contain suggestions for the protection of natural heritage such
as identifying measures to protect and enhance the biodiversity of Cork City. Recently it
was noted in the Cork City Development Plan that there is a lack of habitat surveys for
non-designated sites and insufficient data on habitats and species to allow for ongoing
monitoring [48]. Cork city supports a wide diversity of avian species and is particularly
important for many summer migrants, several of which are of key conservation concern,
including willow warblers (Phylloscopus trochilus), barn swallows (Hirundo rustica), swifts
(Apus apus), and spotted flycatchers (Muscicapa striata). The specific study area of this re-
search consists of Cork City Council’s boundary (Figure 1; Supplementary Information S1).
It should be noted that in-between UGBS classification and field surveys (2018–2019), the
city boundary was extended into a much larger rural area (Supplementary Information S1),
but the focus of our study remained the original pre-2019 boundary.

Figure 1. The location of the 72 sites within the 9 zones that were surveyed for this research with the
Cork City boundary.

2.2. UGBS Classification

Seven cloud-free Sentinel-2 images of Cork City were downloaded from the USGS
EarthExplorer [49] geoportal for the months of February, April, May, June, July, September
and October 2018. Ideally, images from across all seasons would have been acquired; how-
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ever, cloud-free data for Cork City were unavailable for the winter months of November,
December and January. The blue (B2), green (B3), red (B4) and near-infrared (B8) bands for
each date were subset to the study area of Cork City in ENVI5.5 and stacked to create a
single file.

A built-water-vegetation classification scheme was applied, with a further subdivision
of the vegetation class into woody and non-woody. A mudflat class was also assigned
to the classification scheme to capture the presence of mudflats on the eastern side of
Cork City due the importance of mudflats as a habitat for bird diversity. An automatic
supervised maximum likelihood classifier was implemented in ENVI5.5 to perform per-
pixel classification of the study area [35,43,44]. This method assumes that the values for
each class in each of the bands are normally distributed and calculates the probability that
a given pixel belongs to a specific class defined by training areas. Unless a probability
threshold is assigned, all pixels are assigned to the class that has the highest probability, or
the maximum likelihood, to be that specific class. If the highest probability is smaller than
the threshold specified, the pixel remains unclassified. Ten training areas were defined for
each class and equally distributed across the study area in order to determine the spectral
signature of the pixels within each training area. This number of training areas was chosen
due to the small size of the study area and to keep a consistent number for each class
regardless of their varying sizes. The information was then used to define the values,
including the mean and variance of each of the classes. Only pure pixels were chosen for
each class to avoid any cross contamination during classification, so sizes of training areas
varied depending on the class type (e.g., training areas for the water class tended to be
long and narrow in tandem with the river system). To evaluate the performance of the land
cover classification product, an accuracy assessment was undertaken using the national
mapping agency (Ordnance Survey Ireland) publicly available land cover maps derived
from vector maps and high-resolution aerial photography [50] as a reference for Cork City.
A total of 150 ground reference points were selected, forty sites for the classes non-woody
and built, thirty sites for the classes water and woody, and ten for mudflats. A stratified
random approach was adopted [51] for selecting the sampling points, with the number
of points per class proportional to the size of the class, and the points chosen at random
within the class.

2.3. Field Surveys

The point count method was seen as the most suitable method to collect information
on species richness and abundance following various international studies [52–55], but
see caveats noted in the discussion. The field surveys were undertaken from the 4th until
the 23rd of June 2019. By starting in June, all summer migrants would almost certainly
be in residence. The surveys were completed with a fixed radius of 50 m between 5–8 am
with 10 min spent at each site to avoid double counting following Bibby et al. [56]. The
date, time, species names and counts were taken down in a field notebook and were
identified through sight and sound (predominantly singing males). Species that could not
be identified through poorly lit light were discounted, but there were only two incidences
of this occurring during the 72 survey sites. Chicks and fledglings were also discounted as
some nests where nestlings were heard could not be accurately counted without observing
the actual nest itself which is prohibited.

The spatial characteristics for this research project dictated a stratified sampling of the
data. The grid sampling approach where boundaries of a land cover class were recognized
and implemented into the sampling sites. Five classes were sampled, comprising of woody
(green), water (blue), mudflat (brown), non-woody (green) and built (grey) habitats. These
classes were sampled throughout Cork City, and subregions were integrated into this study
to stratify the sampling of data. The city was divided up into different zones (subregions)
based on constituencies [48] to allow for a complete spatial coverage of the study area and
reduce spatial autocorrelation (Figure 1, Supplementary Information S1). The larger zones
were further subdivided again using major road lines or natural features such as rivers
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and streams as boundaries. The zone borders were modified so each habitat class could
be sampled in each of the zones using a stratified random technique, with the exception
of the mudflats class as this habitat only occurred in the zones found in the eastern and
south-eastern part of the city. The grid system was employed within these zones for the
four different habitat classes, where each class was surveyed twice in each zone. The total
number of sites surveyed was 72 and were chosen randomly with 8 sites in each zone
(Figure 1, Supplementary Information S1).

The water class within the Sentinel-2-derived land cover map was found to be inac-
curate in regions where the stream width was significantly less than the 10 m pixel size,
or where the tree canopy across the river or vegetation within the river was such that the
water surface could not be seen (as discussed further in Section 4). Due to the desire to
retain the presence of the tree canopy, it was decided not to post-process the land cover
map by integration of a vector GIS river network dataset. However, this product [57] was
used for the field site selection. This acknowledged the presence of the water class in each
zone and allowed for the blue spaces of the city to be extensively surveyed. Each site’s
co-ordinates, class type and site name were noted. Two sites within Z5 (S33 and S37) were
classified as mudflats due to the habitat class presence in that zone. Given the lack of
mudflats across the rest of the city, we had thought these sites would replace the water
class in this zone. However, due to their geographic location on the outskirts of the city, the
fundamentally different ecological processes operating on mudflats compared to other blue
habitats in the city, and the high abundance counts of black tailed godwit (Limosa limosa)
that skewed results beyond normality, we decided to remove them from any subsequent
statistical analysis. One further site was also removed from statistical analysis, Cork Lough
(S9), due to the very high abundance count of over a hundred, created by a flock of feral
greylag geese (Anser anser) fed daily at the site which also attracted large numbers of feral
pigeon (Columba livia. f. domestica).

2.4. Quantifying Species–Landscape Relationships

To quantify the landscape composition and configuration, the spatial pattern analysis
program FRAGSTATS v.4.2.1 [58] was used. Two Class metrics and seven Landscape
metrics were chosen to fit this criterion (as defined by McGarigal et al. [58]) and presented
in Table 1 with full equations provided in Supplementary Information S2. The class metrics
were chosen as they provide information on the landscape configuration of each site. The
landscape metrics were chosen as they represent various ecological functions. All of these
metrics may be important for bird diversity and allow for the description and quantification
of spatial patterns and ecological processes of the study area [10,32]. To assess significant
differences in landscape metrics at different scales to provide context for why our regression
models might result in different scalar inferences, t-tests were implemented.

We used a stepwise multiple regression approach to examine the species–landscape
relationships through landscape metrics at multiple scales. Using R version 3.6.1 [59], the
normality of the richness and abundance data was checked using the “car” package [60].
A generalized linear model (GLM) was implemented using a stepwise procedure using
both forward and backward processing with second-order interactions. The specified
criterion used for this study was the Akaike Information Criteria (AIC) which provides
a method for assessing model fit through a comparison of other models. These models
were created by using the stepAIC function in R using the “MASS” package [61]. Spatial
autocorrelation was tested for using Moran’s I, and homogeneity of variance was also
tested using Bartlett’s and Levene’s tests. Models were created for 50, 100 and 200 m with
the dependent variables of richness and abundance. One model was parameterized using
only the class metrics (PLAND) for each habitat, and a separate model using both the class
and landscape metrics, with the exception of total area (TA), as area was already accounted
for with the PLAND metrics in this model.
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Table 1. Landscape metrics code, description, ecological justification, and value, adapted from McGarigal et al. [58]. Full equations available in Supplementary Information S2.

Metric Description Ecological Justification Value

Total Area (CA) The sum of the areas (m2) of all patches for
the corresponding patch type.

An increase in area is related to an increase
in diversity Greater than 0—no limit

Percentage of landscape (PLAND) The percentage of the landscape comprised of
the corresponding patch type.

Measures landscape composition which can
be an important characteristic in identifying
fragmentation or habitat loss.

Between 0 and 100—Approaches 0 when
corresponding patch type becomes
increasingly rare and 100 when entire
landscape consists of a single patch type

Total Area (TA) The sum of the areas (m2) of the landscape.
An increase in area is related to an increase
in diversity Greater than 0—no limit

Connectance Index (CONNECT) The number of functional joins between all
patches of the corresponding patch type.

A measure of connectivity that defines the
number of functional joins between patches of
the corresponding patch type, where each pair
of patches is either connected or not.

Between 0 and 100—0 represents a single
patch, 100 when every patch is connected

Contagion (CONTAG)

Minus the sum of the proportional abundance
of each patch type, which is then multiplied
by the proportion of adjacencies between cells
of that patch type.

A measure of dispersion and interspersion of
patch types, which provides information on
habitat variability and is inversely related to
edge densities in a landscape

Between 0 and 100—0 when corresponding
patch type is maximally disaggregated,
100 when corresponding patch type is
maximally aggregated

Proportion of Like Adjacencies (PLADJ)

The number of like adjacencies involving the
focal class, which is then divided by the total
cell adjacencies involving the focal class.
Reported as a percentage.

A measure of connectivity that quantifies the
amount of adjacent patches that are similar
within the landscape

Between 0 and 100—0 when corresponding
patch type is maximally disaggregated, 100
when the landscape consists of a single patch

Patch Cohesion Index (COHESION)

This is one minus the sum of patch perimeter,
divided by the sum of patch perimeter times
the square root of patch area for patches of the
corresponding patch type, which is then
divided by 1 minus 1 over the square root of
the total number of cells in the landscape.
Reported as a percentage.

A measure of connectivity that quantifies the
physical connectedness of the corresponding
patch type

Between 0 and 100, with increasing values
representing more aggregated/cohesion
through the landscape

Shannon’s Diversity Index (SHDI) Proportional abundance of each patch type
multiplied by that proportion.

diversity metrics, and both measure the high
or low landcover diversity present in
the landscape

Between 0 and 1—0 when the landscape
contains only 1 patch, 1 when the distribution
of area among patch types is perfectly even

Simpson’s Diversity Index (SIDI)
One minus the sum, across all patch types, of
the proportional abundance of each patch
type, squared.

diversity metrics, and both measure the high
or low landcover diversity present in
the landscape

Between 0 and 1—0 when the landscape
contains only 1 patch, SIDI approaches 1 as
the number of different patch types increases
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3. Results
3.1. UGBS Classification

The results of the supervised classification (Figure 2, Supplementary Information S3)
revealed two-thirds of Cork City’s landscape is made up of green and blue space, suggesting
that Cork is a relatively green city. Green space accounted for 51.4% of the landscape
composition (both woody and non-woody), while blue space made up 14.96% of the
classified image. The built class had the highest percentage of all individual classes,
comprising 32.71%. The overall accuracy for this classification was 86.00%, with a kappa
coefficient of 0.859, indicating a relatively accurate landcover classification of Cork City
(Table 2). The built, mudflat and woody classes were the most accurately classified classes
with a 100% producer accuracy (Table 3), while the water class was the least accurately
classified habitat, with only one-third of it classed accurately according to the producer
accuracy (Table 3). However, the water class was the most reliably represented class along
with mudflats according to the user accuracy results, with both classes garnering 100%
reliability. The woody class had the lowest user accuracy score of 81.08%.

Figure 2. Classified map of urban green, blue, grey, and brown space in Cork City, with red ellipses highlighting some of the
regions where single pixels of wood cover were classified in pixels where surface water of the river could not be detected.

Table 2. The ground reference table, displaying the total landscape composition of Cork City.

Class Total in Cork City (%)

Unclassified 0.93

Built 32.71

Mudflat 9.35

Non-Woody 28.97

Water 5.61

Woody 22.43
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Table 3. The error matrix, producer and user accuracy results for each class from the accuracy assessment of the classified
image. GCP refers to Ground Control Points.

Built Mudflat Non-Woody Water Woody User Accuracy (%)

Unclassified 0 0 1 0 0

Built 40 0 0 8 0 83.33

Mudflat 0 10 0 0 0 100.00

Non-woody 0 0 39 5 0 88.64

Water 0 0 0 10 0 100.00

Woody 0 0 0 7 30 81.08

Producer Accuracy (%) 100.00 100.00 97.50 33.33 100.00

Total GCP 40 10 40 30 30

The gardens are clearly displayed throughout the city and there is clear representation
of the wooded areas found in the city. The urban core of the city center is also well
represented, along with the industrial areas in the north, south and the Cork Harbour
area. One limitation of this classification is the fact that the river networks are not clear, as
discussed in Section 2.3, in part due to their narrow width, especially the southern channel
in the city and the upper reaches of the river, and the high amount of riparian habitat
surrounding them, including single pixel widths of woody regions which we felt it was
important to retain at the expense of water pixels (highlighted in red in Figure 2).

3.2. Field Surveys

A total of 62 species were recorded across the study sites (Supplementary Information
S4). The wren (Troglodytes troglodytes) was the most frequently reported bird species
across all land covers, with an 81% frequency rate. This was followed by the wood
pigeon (Columba palumbus) and the blackbird (Turdus merula), at 76% and 69%, respectively
(Supplementary Information S4). Six species had a frequency rate higher than 50%, with
most species having a frequency of 2–10% (18 species) or <1% (17 species). The built class
had the lowest average richness and abundance counts, while the woody habitat class had
the highest (Figure 3). The water, woody, and non-woody classes reported similar average
richness and abundance values (Figure 3), emphasising the need to consider the impact of
the landscape configuration on biodiversity metrics.

Ten of Ireland’s summer migrants were recorded during the surveys, with the most
frequently recorded species composed of the warbler family, being blackcap (Sylvia atr-
icapilla) and chiffchaff (Phylloscopus collybita) (Figure 4, Supplementary Information S4).
Blackcaps were the most frequent summer migrant, owing to its expansion in population
in recent years which is noted in the recently published countryside bird survey report
1998–2016 [62]. Unsurprisingly, the swift was more frequent than the swallows and martins
due to the urban setting where swifts readily breed [63]. The sand martin (Riparia riparia)
was the more abundant species compared to the house martin (Delichon urbicum) and
barn swallow. This was due to the presence of the River Lee, where sand martins are
known to breed in the holes of the walls along the river as it flows through the city. It
was a surprise to record a whitethroat (Sylvia communis) in the survey, as this species of
warbler prefers upland habitat or scrubland with gorse [63]. However, a small stand of
non-woody scrubland was present at Upper Fairhill (S55) in the north of city, where a male
was heard singing, suggesting the importance of the UGBS classification in identifying
invisible brownfield sites.
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Figure 3. Average bird species richness and abundance recorded from each habitat class.

Figure 4. The frequency of summer migrants recorded during the field surveys.

3.3. Landscape Configuration—FRAGSTATS Analysis

Cork City has a relatively high diversity of land covers for an urban area (Table 4).
When analyzed at a city scale, the aggregated patch types comprised of the built class,
while the green and blue spaces generally represented the more dispersed patch types
across the city. We found a high cohesion between patch types but little connectivity among
land covers, although this could be attributed to the scale of joins used as the coarser grain
may be unable to identify the functional joins between patch types. Such findings at a city
scale led us to assess the landscape metrics at each site across the different scales (Figure 5).



Geographies 2021, 1 226

Table 4. Landscape metrics reported for Cork City at a city-level scale.

Metric Value Interpretation

TA 3974.34 The overall size of the city.
CONTAG 46.48 A mix of aggregated and dispersed patch types.

PLADJ 67.75 Proposes there is more aggregation of patches in the city than dispersion.
CONNECT 0 A lack of connectivity between patch types within the city.
COHESION 98.90 High cohesion between patch types in the city.

SHDI 0.97 A high diversity of land covers within the city.
SIDI 0.57 A more neutral diversity in the land covers within the city.

Figure 5. Change in mean landscape metrics derived from FRAGSTATS at each scale (50 m, 100 m and 200 m) with 95%
confidence intervals for (a) total area (TA), (b) proportion of like adjacencies (PLADJ), (c) contagion (CONTAG), (d) cohesion
(COHESION), (e) connectivity (CONNECT), (f) Simpson’s diversity index (SIDI), and (g) Shannon’s diversity index (SHDI).

At the site level, a coarsening of the spatial extent (e.g., from 50 m to 200 m) generally
resulted in an increase in the values of the landscape metrics, with only the CONNECT
and CONTAG values decreasing (Figure 5). As the scale coarsens, CONTAG is expected
to increase until the landscape is represented as one single patch; however, the results
demonstrate that the CONTAG value is less than 50 at 200 m, indicating that there are
different patch or habitat types interspersed across all sites, with no significant difference
when the CONTAG values are compared across scales (Supplementary Information S5).
This suggests that the landscape remained relatively unchanged in terms of landscape
aggregation. However, the CONNECT metric decreased as the scale coarsened (Figure 5),
inferring that there was less connectivity in the landscape at coarser scales. The t-test results
revealed that the substantial differences in connectivity can be linked with the COHESION
and PLADJ metrics, where an increase in cohesive single patch landscape composition
breaks up functional joins and destroys connections. The full landscape metrics results for
every site at each scale is included in Supplementary Information S5.
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3.4. Species–Landscape Relationships

The QQ plots of species richness and species abundance reported Gaussian distribu-
tions (Supplementary Information S6). Spatial autocorrelation was tested using Moran’s
I where no significant relationships were found in the residuals (Supplementary Infor-
mation S6). Homogeneity of variance was also tested using Bartlett’s and Levene’s tests,
with the results also showing no significant relationships (Supplementary Information S6).
We also tested for multicollinearity among our landscape variables through a correlation
matrix, which led us to remove SIDI and Cohesion (Supplementary Information S6).

The built class was the only variable represented in models parameterized solely on
class metrics at 50 m, suggestive of a negative effect on richness and abundance (Table 5).
More variables were returned in the statistical models at 100 m and 200 m, with non-
woody and woody classes forming a positive relationship with biodiversity at 100 m for
both richness and abundance. Water formed a negative relationship with the biodiversity
metrics at 100 m, but was found to have a positive relationship at 200 m. Interactions in the
class models did not play a significant role in their explanatory power, with the interaction
between water and built forming a negative relationship for biodiversity metrics at 200 m,
while the water and woody interaction formed a positive relationship with both metrics at
100 m (Table 5).

For models parameterized with the landscape metrics (Table 6), negative relationships
were found with the built class and SHDI at 50 m. Water had a negative relationship
on abundance, while a positive and negative relationship was returned with richness at
100 m and 200 m, respectively. Connectivity metrics exhibited both positive and negative
relationships with both richness and abundance across scales. A total of 11 interactions
were included in the coefficient tables of the final models, an increase compared to the
class only models. The interaction between the woody and water classes was once again
included as a significant positive relationship in the 100 m abundance model. The water
and built interaction appeared as a negative relationship in the 50 m abundance model
and water and CONNECT also displayed positive relationships with both metrics across
the scales.
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Table 5. Coefficient and standard errors for richness and abundance when parameterized using the class metrics. * p < 0.01, ** p < 0.001. No corrections for multiple tests were included.
Model reported is a result of forwards and backwards AIC selection.

50 m 100 m 200 m

Richness Abundance Richness Abundance Richness Abundance

Variable Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error

Intercept 14.17 ** 0.60 27.94 ** 1.57 6.33 ** 0.797 13.74 ** 2.02 15.76 ** 0.92 −14.61 21.22

Woody 0.08 * 0.03 0.12 0.08 0.52 * 0.20

Water −0.19 0.09 −0.58 0.25 0.08 0.08 2.41 * 0.19

Non-Woody 0.09 ** 0.02 0.16 ** 0.04 0.52 0.23

Built −0.08 ** 0.01 −0.15 ** 0.03 −0.10 ** 0.18

Woody:Water 0.02 * 0.006 0.05 ** 0.02

Water:Non-Woody −0.04 * 0.02

Water:Built −0.01 0.00 −0.03 * 0.01

Non-Woody:Built −0.00 0.00
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Table 6. Coefficient and standard errors for richness and abundance when parameterized using the landscape metrics. * p < 0.01, ** p < 0.001. No corrections for multiple tests were
included. Model reported is a result of forwards and backwards AIC selection.

50 m 100 m 200 m

Richness Abundance Richness Abundance Richness Abundance

Variable Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error Estimate Std. Error

Intercept 15.51 6.72 41.36 ** 9.95 4.20 ** 1.21 53.85 23.32 132.34 * 46.21 340.50 * 112.60

Water −0.04 0.88 0.01 0.23 −0.38 0.29 −0.36 * 0.12 −0.31 0.29

Woody −1.42 0.60 0.22 0.12 0.11 0.09 0.33 ** 0.09

Non-Woody 0.06 * 0.02 0.16 ** 0.04 0.27 ** 0.06

Built −0.08 ** 0.01 −0.12 ** 0.05 −0.10 ** 0.02

CONTAG −2.11 ** 0.57 −4.04 * 1.41

CONNECT −0.02 0.05 0.03 0.03 11.40 * 4.27 0.00 0.32

PLADJ −0.03 0.08 −0.19 0.13 −0.42 0.25 −1.43 0.61 −4.29 * 1.48

SHDI −10.88 6.85 5.02 2.32 −11.78 7.51 −83.63 * 31.29 −164.00 76.18

Woody:PLADJ 0.02 0.01

Water:Built −0.02 * 0.01

Water:CONNECT 0.02 0.01 0.04 ** 0.01 0.06 * 0.02 0.15 * 0.05

Water:PLADJ 0.02 0.02

PLADJ:SHDI 0.20 0.09 1.11 * 0.41 2.08 1.00

Water:SHDI −0.42 0.22

Woody:SHDI −0.21 0.16

Water:Woody 0.05 * 0.02

CONTAG:PLADJ 0.02 ** 0.01 0.05 * 0.02

CONNECT:PLADJ −0.17 0.06

CONNECT:CONTAG 0.05 0.02
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4. Discussion

The main aim of this study was to explore the role of UGBS on biodiversity patterns
for bird species in Cork City, Ireland. A new representation of UGBS using Sentinel-2 and a
supervised land cover classification was created (Figure 2, Supplementary Information S3),
recording high accuracy for most land cover classes, with the exception of water bodies
(Tables 2 and 3). It was identified that the configuration of UGBS plays an important role in
determining biodiversity patterns, and moreover these relationships do vary across scale
(Tables 5 and 6).

The results of the UGBS land cover classification (Figure 2, Supplementary Informa-
tion S3) highlight the ability of Sentinel-2 to capture the ‘invisible’ green space of Cork
City. The invisible green space in this study is primarily urban gardens, but we also noted
several brownfield sites in the north of the city. Our results support previous research that
similarly identified the capability for satellite imagery to capture these invisible spaces [34].
This means UGBS classifications can be generated to provide a reliably accurate visual-
ization of the city’s green spaces to support initiatives and policy strategies, such as the
previously mentioned Cork City Heritage Plan 2015–2020 and the Draft Cork City Heritage
and Biodiversity Plan (2021–2026). The UGBS classification can also aid in identifying
corridors in the city, which previous research [2,64] has identified as important to support
endangered species in urban regions.

Despite the high accuracy when modelling the green spaces, our results suggest that
there is a limitation to using Sentinel-2 imagery for capturing water, which contradicts
previous research in urban areas [44]. We posit the reason for such a finding is the scale
and configuration of the city. When compared to global cities that have generated classified
land cover maps using Sentinel-2, Cork City and the River Lee are relatively small [65,66].
Our classification has been impacted where the river width is less than 10 m, or where
overhanging tree canopy, floating and riparian vegetation or shadows prevent the full
river width from being viewed within a single pixel. The mixed-pixel challenge in the
classification process occurs when the spectral signature averaged over a pixel is more
representative of the land cover classes with the higher reflectance values [42], in this
case woody and built, compared to the water class which has very low reflectance values
at all wavelengths. The spatial resolution also compounds issues in the poor producer
accuracy of the water class (Table 3). When multiple surfaces congregate in a tightly-knit
urban environment, the 10 m × 10 m pixel sizes of Sentinel-2 data lead to further mixed-
pixel contamination, particularly along river edges. However, the combination of a high
producer and user accuracy for the other classes provides reassurance that those classes are
correctly classified. The other classes, being more generic in their nature, typically extend
over multiple pixels in a non-linear form, and thus while there may be some edge effects
of mixed pixel misclassification, the internal pixels for each region can be confidently
interpreted. Moreover, by using the landscape configuration metrics implemented in
FRAGSTATS and including interactions in the regression analysis, it is possible to see what
is immediately surrounding the rivers. Blue space was expected to have a mixed impact
on bird diversity, and this is displayed in the positive blue-green and negative blue-built
interactions found in the regression models (Table 6).

We identified mixed relationships with water and biodiversity, with water forming
a negative relationship with richness at 100 m and a positive relationship at 200 m when
parameterized using class metrics (Table 5). These results are likely dependent on the blue
space type and the habitats that surround it. The edge effect is one such phenomenon
that we posit can explain these inverted relationships across scale, as there is a tendency
for an increase in species richness and abundance arising from a mixing between two
communities [67]. Richness generally increased when blue spaces were flanked by woody
riparian corridors, compared to low levels of richness where the river flowed through the
city center itself and was surrounded by the built environment (Table 7). Future avenues
of research could explore the role of mixed pixels and their inference in the edge effect
phenomena, developing a spatially explicit accuracy assessment that accounts for location
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within the landscape configuration. As such, it is important that individual variables
are not considered in isolation in any statistical models, but rather the overall landscape
configuration is accounted for. However, our regression models suggest that the presence
of water surrounded by built environments should not be entirely discounted.

Table 7. A table of the different sites on rivers within the city, along with their adjacent habitat,
showcasing the increase in richness when woodland is adjacent to the river.

Site Name Adjacent Habitat Richness

River Lee (Lee Fields Car Park) Woody 15

River Lee (West end of Lee Fields) Woody 13

River Lee (Kingsley Bridge) Woody 12

River Bride (Shaw’s Bridge) Woody 11

River Lee (Castlewhite Apartments) Woody/Built 11

River Lee (Weir) Non-Woody/Built 11

River Lee (Port of Cork) Non-Woody 11

River Lee (Union Quay) Built 9

River Lee (Captain Frederick Monument) Non-Woody 7

River Lee (Popes Quay) Built 7

River Lee (Sullivan’s Quay) Built 6

River Lee (Michael Collins Quay) Built 4

River Bride (Blackpool Shopping Centre) Built 4

River Lee (Horgan’s Quay) Built 3

The interaction between water and CONNECT is a possible indication of how blue
space can positively affect bird diversity from a connective standpoint, testing the potential
for river systems as connective functions for bird diversities in urban areas [68,69]. In
other studies, species richness was found to decline as rivers entered the urban core [68],
corroborating our results when land cover was considered as a main effect in the statistical
models (Tables 5 and 6). However, the positive interaction between water and CONNECT
corroborates other studies [12,70], where the incorporation of a connectivity metric was
found to increase biodiversity. In our study area, the River Lee flows through the city
center, where the built environment almost represents an “urban wall” where there is little
to no green space, restricting movement of bird diversity (Figure 2). Due to the Lee splitting
in two on the north and south side of the city center, it offers two connective networks
for birds to freely move between either side of the city and greener pastures, and as such
highlights the important of considering the ecology of the city as a whole (supporting [25]),
as the unique geography can result in novel ecological patterns that may only be captured
at multiple spatial scales [26].

The relationships with green and built spaces were less surprising (Tables 5 and 6).
Green space was shown to have a positive relationship with bird diversity, and by contrast,
the built class exhibited negative relationships with bird diversity. These relationships
were expected as green space was projected to have a positive impact on bird diversity,
particularly woody habitat, while built environment was projected to have a negative
impact, as has been found in other studies [2,35,71,72]. For example, our research corrobo-
rates the findings of Keten et al. [71] who developed a riparian quality index to quantify
the impact on such habitats on avian biodiversity, identifying that as the proportion of
urban cover decreases in riparian habitat and is replaced with more natural green coverage,
biodiversity increases. However, our results suggest that the built class should not be
totally discounted as it can aid bird diversity in the form of providing suitable nesting
habitats and alternative food sources [73–75]. This is particularly pertinent for Cork City,
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where a large amount of the green space returned in the UGBS classification was private
gardens. The combination of built and ‘invisible’ green space within the wider landscape
of Cork is clear in supporting an increased biodiversity. Moreover, the observation of a
whitethroat at a brownfield site associated with scrubland habitat further demonstrates the
role of invisible green spaces to biodiversity.

One of the main results emanating from these field surveys is that 38% of the species
recorded in Cork City are species of conservation concern in Ireland [76]. Of note were
swifts, grey wagtails (Motacliia cinerea), meadow pipits (Anthus pratensis) and black-tailed
godwits (wintering) on the Red list, while there were 20 species on the Amber list, including
barn swallows, sand martins, willow warblers, European starlings (Sturnus vulgaris), and
herring gulls (Larus argentatus) (wintering). This information demonstrates how important
urban areas such as Cork City can be for species monitoring and management. For
example, urban landscapes have become important for many threatened gull species that
use buildings for nesting sites [74]; however, building renovations have resulted in a loss of
breeding habitat for many other endangered species such as swifts [63]. Urban nest-boxes
have been reported as a compensatory measure [77], yet in Cork City the high prevalence
of swifts (Figure 4) may be due to the many vacant and derelict buildings [78], although
further research at a city scale is needed to quantify how many swifts are supported within
the city and specifically where they are nesting. As such, it is important to consider species-
specific responses to landscape configurations in urban areas, as important relationships
may be overlooked when species are aggregated into an overall biodiversity metric.

It is important to note here that we present our results with some caveats, including
the removal of three field surveys in water locations and the potential for more validation
points to provide confidence intervals to land cover classifications. Moreover, the issue
of detectability in bird surveys is well recognized [55,79–82], with various considerations
required when implementing surveys. Incomplete detectability can be considered less of a
concern if a rigorous sampling design is implemented, which reduces the variation in de-
tection probabilities to less than any variation in the population size [83]. We implemented
several of the protocols outlined by Hedblom and Soderström [83], such as a consistent cal-
endar period, surveying during peak vocal activity, avoiding adverse weather conditions,
only counting birds within our radius, discounting birds that flew high above the site, and
waiting a short period upon arrival to the site to begin surveying. The exception to this was
that we could not conduct repeat surveys due to time and resource constraints affiliated
with this study, although this is not out of line with other studies that have found the
efficacy of one count studies to be sufficient [84,85]. However, it should be noted that there
will always be uncertainty surrounding detectability even when the number of surveys
increases [86].

We decided not to deconstruct our biodiversity metrics into species groups based
on detectability or traits as has been suggested for birds and other taxa [79,87]. Instead,
to explore any variation and uncertainty associated with slight differences in surveys,
we undertook further analysis and grouped the results by zone, taking the average of
point counts and landscape variables within a zone, following [7]. For example, the
richness values of 16 at site 2 and 10 at site 6 (both woody) were averaged to become
13. We completed this for all classes within each zone, averaging both the response
variables and the landscape metrics. We then re-ran our statistical models (Supplementary
Information S7). Across both class and landscape metrics, we observed slight differences
in the variables returned by the stepAIC process as would be expected when using an
information criterion. However, we only reported seven instances where the coefficient
inverted, out of all possible combinations of variables (including two-way interactions),
which is 36 for the landscape metric model and 10 for the class metric model. Of these
seven inversions, only two were significant. The main difference between the original
model (Table 6) and the aggregated model (Supplementary Information S7) is that for
abundance, water now returns a positive relationship at all scales as opposed to a negative
one when considered as a main effect. The aggregation of sites as opposed to repeat
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counts may be one such artefact for returning different relationships, as we are combining
results from different water environments as opposed to repeating counts at the exact same
location. However, such findings do not contradict the main conclusions drawn from our
results, as our original interpretation that land cover classes should not be considered in
isolation from the surrounding landscape configuration remain due to positive water and
connectivity interactions. As the results of this aggregation largely concur with our original
models, and due to the fact that such an aggregation reduces our n substantially (n = 35),
as well as the uncertainty from treating different locations as repeat surveys, we prefer
to report the results of our original model, with the caveat that such abundance metrics
should be treated with caution due to lack of repeat surveys.

Another perspective that warrants future research is to classify different tree cover
types such as coniferous and deciduous trees, or applying a land use classification to differ-
ent green spaces such as parks, cemeteries, and gardens. The coniferous and deciduous
types of wooded areas would make a difference when it comes to bird diversity [79]. This
is because certain species or habitat specialists prefer coniferous woodland, such as coal
tits (Periparus ater), crossbills (Loxia curvirosta) and goldcrests (Regulus regulus) compared
to deciduous woodland which would have a larger assortment of species [88]. A classifi-
cation of the various green space types in Cork City coupled with survey results for each
green space type would also provide key information on bird diversity that could help the
necessary stakeholders develop and distribute information on biodiversity and heritage
for the Draft Cork City Heritage and Biodiversity Plan 2021–2026. It was not possible
to discriminate between coniferous and deciduous woodland, however, as the spatial
resolution was not adequate or fine enough to allow for such identifications. The lack of
cloud free imagery for the winter months also played a part in this as it may have been
possible to notice the lack of leaves on deciduous, compared to coniferous trees. Satellite
imagery with finer resolution could possibly be more effective in classifying the vegetation
types such as deciduous and coniferous vegetation and produce a more accurate result for
water [41,89,90].

5. Conclusions

With over 1 million species at risk of extinction globally [9], there is a pressing need to
identify the optimal spatial configuration of landscapes to support biodiversity. Here, a
combination of remote sensing, field surveys, and landscape metrics was used to explore
the role of landscape configuration, specifically urban green and blue space, on bird
biodiversity patterns in Cork City. Remote sensing was identified as an effective tool to
identify areas of ‘invisible’ green space, such as gardens, with green space (both woody and
non-woody) accounting for almost two-thirds of the landscape (Figure 2). FRAGSTATS
was then used to capture landscape metrics regarding the spatial configuration of the
study area, at a city scale and at three spatial extents for each field site. It was found
that as the scale increased, connectivity often decreased as landscapes became dominated
by built cover (Figure 5). Field surveys recorded 62 species in the city (Figures 3 and 4),
with 38% listed as species of conservation concern in Ireland, highlighting how urban
spaces can provide habitats for vulnerable species, particularly when there is a plethora of
connected and interspersed green and blue spaces. GLMs revealed that green space was a
significant driver in increasing species richness and abundance, while blue space produced
inversions in coefficient estimates (Tables 5 and 6). Green space was found to be one of the
main drivers in increasing species richness and abundance, particularly the woody class.
A mixed relationship was encountered between blue space and bird diversity, with the
edge effect phenomenon posited as playing a key role in determining such relationships.
Where blue space had a significantly positive impact on bird diversity, woodland was
an adjacent habitat, whereas significantly negative impacts when the built class was the
adjacent habitat (Tables 5 and 6). Generally, the built class was found to be detrimental to
bird diversity, but we provide exceptions to this rule, particularly due to the availability of
nest substrates and provision of smaller ‘invisible’ green spaces, such as urban gardens and
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brownfield sites, in supporting species of conservation concern. The positive interaction
between water and the CONNECT metric indicates the potential of blue corridors as a
connective function in the city. However, this is dependent on the relative scales of the blue
corridors themselves, as the wider a river is the less likely a bird will travel over it. The
River Lee in Cork City splits either side of the city center creating two smaller channels
which act as connective corridors for bird diversity, particularly the north channel which is
flanked by vegetative riparian corridors which positively influences bird diversity (Table 6).
The role of interspersed blue and green space, and the need to consider these as separate
entities is clear for future urban planning.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/geographies1030013/s1. Supplementary Information S1: Zonal delineation and sampling
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mentary Information S4: Field Survey Data. Supplementary Information S5: T-test results for scale
comparison of landscape metrics. Supplementary Information S6: Ancillary statistics. Supplementary
Information S7: Results of GLM fit with zonal aggregated data.
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