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A B S T R A C T

Increased human demand on the marine environment and associated biodiversity threatens sustainable delivery 
of ecosystem goods and services, particularly for shallow shelf-sea habitats. As a result, more attention is being 
paid to quantifying the geographical range and distribution of seabed habitats and keystone species vulnerable to 
human pressures. In this study, we develop a workflow based on unsupervised K-Means classification units and 
Generalized Linear Models built from multi-frequency backscatter analyses (95, 300 kHz), bathymetry and ba-
thymetry derivatives (slope) to predict different levels of sandeel densities in Hempton’s Turbot Bank Special 
Area of Conservation (SAC). For Hyperoplus lanceolatus densities, the performance of single frequency verses 
multi-frequency models is compared. Relatively high agreement between K-Means clustering outputs (from 95 
kHz and multi-frequency models) and ground-truthed sandeel densities is noted. Moreover, Root Mean Squared 
Error (RMSE) values in this instance demonstrate that single-frequency models are favoured over the multi- 
frequency model in terms of predictive ability. This is mostly linked to the species strong affinity for sedimen-
tary environments whose variability is better captured by the lower frequency system. Generally, these results 
provide important information about species-habitat relationships and pinpoint bedform features where sandeels 
are likely to be found and whose variability is potentially linked to the bathymetry domain. The workflow 
developed in this study also provides a proof of concept to support the design of a robust species-specific 
monitoring plan in marine protected areas. Most importantly, we highlight how decisions made during sam-
pling, data handling, analysis could impact the final outputs and interpretation of Species Distribution Models 
and benthic habitat mapping.

1. Introduction

Human pressures, primarily coastal and tourism development, 
aggregate extraction, commercial fishing, and pollution are constantly 
threatening continental shelf ecosystems around the world (Sala et al., 
2021; Jefferson et al., 2021; Halpern et al., 2019, McCauley et al., 2015). 
These adverse effects are being exacerbated by the rapid growth of the 
coastal population, which now accounts for approximately 5% of the 
world’s population, placing a high demand on marine resources 
(Jefferson et al., 2021; Halpern et al., 2019). Marine shelf-sea environ-
ments represent ~10% of the world’s seabed yet are among the most 
productive systems, delivering a diverse array of ecosystem goods and 
services (Spalding et al., 2007). This has prompted the need for a 
quantitative evaluation of the magnitude of the consequences and the 

identification of regions at risk of additional degradation, notably the 
very dynamic seabed habitats (Mitchell et al., 2019). Acoustic mapping 
is critical for providing broad-scale information on the geographical 
range and distribution of benthic habitats and features of interest 
(Brown et al., 2019; Costa, 2019). However, for decades, acoustic sur-
veys utilising multibeam echosounders (MBES) have placed a premium 
on gathering and processing high-quality bathymetry data, placing less 
emphasis on the significance of backscatter analyses. These MBES ba-
thymetry datasets have been beneficial for a variety of marine applica-
tions, including military applications (Blondel, 2000), underwater 
archaeology (Majcher et al., 2020), geology (Runya et al., 2021), 
informing marine policy (Howell et al., 2010), and ecological assess-
ments (Costa, 2019).

The validity of backscatter data is constrained by a paucity of 
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temporally congruent biological ground truth data and a lack of an 
appropriate scale in which remote sensing and ground truth data are 
comparable (Brown et al., 2019; Costa, 2019; Lecours et al., 2015). 
Additionally, backscatter acquisition is often unsupervised, uncali-
brated, and data are mostly obtained for opportunistic analyses in sub-
sequent studies (Runya et al., 2021; Misiuk et al., 2020). Over the last 
decade, scientific interest in mapping geological and biological features 
on the seabed at a finer scale has intensified (Brown et al., 2019; Costa, 
2019). With less than 30% of the seafloor well mapped (Seabed2030, 
2024), the availability of multi-frequency MBES backscatter data and 
high-resolution bathymetry data allows for a comprehensive seafloor 
discrimination and mapping (Costa, 2019; Fakiris et al., 2018). 
Furthermore, the emerging techniques for segmenting MBES acoustic 
data has fundamentally changed how seabed habitats are characterised 
and mapped (Summers et al., 2023; Lecours et al., 2016; Calvert et al., 
2015; McGonigle et al., 2009). Benthic habitat maps derived from MBES 
data are crucial for spatial planning and management of marine pro-
tected areas (Costa, 2019). Again, wider global initiatives such as the 
Seabed2030, an initiative between the Nippon Foundation and GEBCO 
(The General Bathymetric Chart of the Oceans) aim to generate 100% 
seabed coverage of the world’s oceans. Similarly, the United Nations 
Decade of the Ocean has a vision that supports the collection of scientific 
information to aid the monitoring and management of the marine 
biodiversity (GEBCO, 2022; Wölfl et al., 2019). International, regional, 
and national policies, including the Convention on Biological Diversity 
(CBD), the European Marine Strategy Framework Directive (MSFD), and 
the EU Habitats and Council Directive 92/43/EEC, address the need for 
effective marine conservation and fisheries management Diesing et al. 
(2020); Hogg et al. (2018).

Mapping seabed habitats enables policymakers, managers, scientists, 
and direct resource users get a better understanding of the types and 
distribution of habitats and biological communities on the seafloor 
(Costa, 2019; Calvert et al., 2015). Besides, access to reliable seabed 
habitat maps helps to develop successful management plans and stra-
tegies for the marine environment (Costa, 2019). Acoustic surveyors 
may now distinguish seabed habitats and geomorphological features 
with varied acoustic signatures using multi-frequency backscatter data 
analysis (Runya et al., 2021; Fakiris et al., 2018; Montereale-Gavazzi 
et al., 2018). The use of multi-frequency backscatter is gaining wider 
scientific attention particularly for exploring the varied frequency re-
sponses of different sediment types (Menandro et al., 2022; Gaida et al., 
2018). To derive ecologically meaningful information, Lecours et al. 
(2015) recommends that these mapping efforts consider the spatial scale 
between the acoustic remotely sensed data and available ground truth 
data, as this is likely to influence our inference of the spatial extent and 
distribution of benthic habitats and biological communities on the sea-
floor. Acoustic data are often utilised in conjunction with biological 
ground truth data as abiotic surrogates to aid the generation of spatially 
detailed benthic habitat maps (Costa, 2019; Calvert et al., 2015; Lucieer 
et al., 2013). These techniques are classified broadly as unsupervised 
and supervised classification (Misiuk and Brown, 2024; Brown et al., 
2017; Calvert et al., 2015; McGonigle et al., 2009). Recent literature has 
emphasized and addressed specific strategies for quantitative integra-
tion of remotely sensed environmental variables with ground truth data 
(Langton et al., 2021; Costa, 2019; Brown et al., 2017; Calvert et al., 
2015). However, most of this research is based on opportunistic ana-
lyses, often using data sets that are not only non-contemporaneous in 
time but were also acquired for other objectives (Brown et al., 2017; 
Clarke, 2015). Again, this complicates the task of comparing 
survey-specific data and diminishes their ecological validity, a difficulty 
recognised by the scientific community (Lamarche and Lurton, 2018; 
Lurton and Lamarche, 2015).

The Great sandeel (Hyperoplus lanceolatus) hereafter synonymised 
with “sandeel” is a species found largely inshore inhabiting depths of up 
to roughly 60 m, primarily between 6 and 30 m (Ruiz, 2008). It only 
occurs between 80◦N and 37◦N, 25◦W and 36◦E (OBIS, 2022) and is 

widely distributed in the Northeast Atlantic Ocean (UK and Ireland 
included). The species is highly linked with sandy substrates, with their 
abundance influenced by sediment type and particle size (Baker et al., 
2022; Greene et al., 2020; Tien et al., 2017). They frequently spawn in 
the spring and summer with mature individuals reaching 40 cm in 
length (Tien et al., 2017). H. lanceolatus is an important forage species 
that contribute significantly to the diet of predatory seabirds, piscivo-
rous commercial fish and marine mammals (Nadolna-Ałtyn et al., 2017), 
playing a significant role in distributing energy up the food chain 
(Wanless et al., 1998; Santos et al., 2004). Despite their small size, their 
ecological role has spurred scientific interest focussing on predicting 
their occurrence and spatial distribution (Langton et al., 2021; Hill et al., 
2020; Matta and Baker, 2020; Baker et al., 2019), for conservation and 
impact assessment purposes. However, data on this keystone species is 
limited in our study area - the Hempton’s Turbot Bank (HTB) Special 
Area of Conservation (SAC) and the wider North Atlantic Ocean with 
most records coming from grab samples, dredge and beam trawls (OBIS, 
2022; Baker et al., 2019; Han et al., 2012). Similarly, the HTB SAC 
controls energy fluxes, fish larval dispersion, and contributes to total 
marine biodiversity (NPWS, 2024).

Our research develops a workflow that can assess the ecological 
validity of multi-frequency backscatter data analysis to examine the 
linkages between species occurrence and geomorphological character-
istics that can help management and conservation efforts. The study 
particularly focusses on vulnerable but usually less studied habitat and 
species such as shallow sand banks and sandeels of the North Atlantic 
Ocean. Specifically, the study aims to use the developed workflow to 
demonstrate how we can; (i) define the optimal class size for unsuper-
vised classification that better represents environmental heterogeneity, 
(ii) identify geomorphological features linked to high levels of sandeel 
densities, and (iii) assess the variability in sandeel densities as described 
by multi-frequency backscatter, bathymetry, and slope angle. Even 
though dual-frequency MBES backscatter data (95, 300-kHz) are uti-
lised, this study was originally conceived as a multi-frequency back-
scatter investigation; therefore, the term “multi-frequency” will be used.

2. Materials and methods

2.1. Regional setting

MBES and sandeel data were gathered on Hempton’s Turbot Bank 
(HTB hereafter) off the north coast of Ireland (Fig. 1), an Annex I Habitat 
under the EU Habitats Directive (Code 1110: sandbanks which are 
slightly covered by seawater all the time; Site Number 002999). Despite 
the current designation’s assumption of homogeneity, the Special Area 
of Conservation (SAC) reflects a region of geomorphological and bio-
logical diversity (Evans, 2018; Picton and Costello, 1998). Resident 
burrowing species in the SAC include lesser and greater sandeels, 
polychaetes, platyhelminths, nematodes, nematodes among others.

The Bank’s seabed substrates include coarse gravel, cobble pave-
ments, coarse and fine sediments, and sand mixed with organic com-
pounds (Evans, 2018). Specifically, the area of HTB (Fig. 1) investigated 
here is a sandbank comprising medium sand, coarse sand, very coarse 
sand and sandy gravel (Runya et al., 2021). It has a complex topography 
made up of asymmetric sand waves, ripples and areas of flat seabed 
(Evans et al., 2015). The Bank forms part of a larger mobile sand feature 
that is part of the shelf in the South Malin Sea (Fig. 1). HTB is approx-
imately 8.6 km long, 2.3 km wide (6.91 km2), and <80 m deep (Runya 
et al., 2021). Between Malin Head and Islay (Fig. 1) are strong hydro-
dynamic forces associated with the Islay front (a tidal mixing front) that 
contribute to the shelf-wide ecosystem’s biological productivity 
(Simpson et al., 1979).
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2.2. Data acquisition and processing

2.2.1. Environmental variables
MBES data were acquired during three research cruises: CE19007 in 

2019 on RV Celtic Explorer, CV13030 in 2013 on RV Celtic Voyager and 
CE0402 in 2004 on RV Celtic Explorer. Kongsberg Simrad EM302 (30 
kHz), dual-head Kongsberg Simrad EM3002 (300 kHz) and Kongsberg 
Simrad EM1002 (95 kHz) systems were used during the surveys. A 
Kongsberg SDP-10 (DP1) positioning system was used together with a 
motion reference unit (Kongsberg Simrad Seapath 200) to account for 
pitch, roll and heave. MBES data were acquired with Kongsberg’s Sea-
floor Information System (SIS); and Sound Velocity Profiles (SVP) were 
measured using Conductivity, Temperature, Depth (CTD) casting to 
account for the variation in sound velocity and quality control of mul-
tibeam data (Montereale Gavazzi et al., 2016).

Backscatter data were processed using QPS Fledermaus Machine 
Geocoder Toolbox (FMGT v.7.8.9). The FMGT backscatter processing 
was implemented by applying an AVG (Angular Varying Gain) correc-
tion using an adaptive AVG band (300 window size) with mosaic pa-
rameters set at 50%-line blending, no nadir if possible 25% and a dB 
mean filter (Lurton and Lamarche, 2015). Meanwhile, the bathymetry 
data was processed using CARIS HIPS & SIPS v.9.1. The backscatter 
mosaics and bathymetric grid were exported as ASCII formatted grids at 
0.5 m and 2 m spatial resolution (WGS1984, UTM zone 29N) respec-
tively. These 32-bit floating point raster datasets were imported in 
ArcGIS v.10.6.5 and R (v.4.1.0) for further analysis. However, the spatial 
overlap among the three backscatter mosaics was limited, leading to the 
exclusion of the 30 kHz mosaic in subsequent analysis. Note that, the 
backscatter mosaics were resampled to 2 m spatial resolution to ensure 
consistence with the bathymetry grid.

2.2.2. Bathymetry derivatives and feature selection
Bathymetry data were used to generate terrain derivatives that are 

commonly used as abiotic proxies in benthic habitat mapping (Lecours 
et al., 2016; Calvert et al., 2015) using the Spatial Analyst and Benthic 
Terrain Modeler toolbox in ArcGIS v.10.6.5 (Walbridge et al., 2018). 
Apart from backscatter data, other initial variables considered were 
eastness, northness, curvature, Vector Ruggedness Measure (VRM), 
standardised fine- and broad-scale Bathymetric Position Index (BPI), 
and slope which were extracted from bathymetry data. The broad-scale 
BPI was calculated using an inner radius of 10 cells and an outer radius 
of 100 cells. Meanwhile, the fine-scale BPI was calculated using an inner 
radius of 1 cell and an outer radius of 20 cells (Plets et al., 2012). The 
inner radius of 1 cell was selected because it relates to the native 2 m × 2 
m spatial resolution of the data and also to allow for delineation of 
fine-scale topographic variation of the seafloor, which is important for 
understanding and identifying subtle features linked to sandeel distri-
bution. Slope was calculated using the planar method and represents the 
steepness or gradient of the seafloor area in degrees (Menandro et al., 
2022). Meanwhile, VRM which is a measure of seafloor roughness was 
calculated with a neighbourhood size of 3 x 3 pixels and represents the 
ratio of surface area to planar area (Pearman et al., 2020). This approach 
supports a more detailed geomorphological characterisation of the 
seafloor as evidenced in literature (Lecours et al., 2016; Calvert et al., 
2015; Plets et al., 2012).

Final features that were used as inputs in our classification and 
modelling were selected primarily based on a Variance Inflation Factor 
threshold (VIF >0.5; Zuur et al., 2010) to ensure they were not highly 
correlated and eliminate multi-collinearity. This was further supported 
by use of pairwise scatter plots and Pearson Correlation Coefficients (r >
0.7) to remove one variable in a pair of highly-correlated variables, as 
recommended in literature (Tong et al., 2023; Principe et al., 2021; Price 
et al., 2019; Lauria et al., 2017; Zuur et al., 2010). Variables with a VIF 

Fig. 1. Map of the study area and bathymetry of Hempton’s Turbot Bank Special Area of Conservation (SAC). Inset map bathymetry source: GEBCO, 2019.
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>0.5, and one in a pair of correlated variables with r > 0.7 were 
excluded from the analysis. These thresholds were chosen to balance the 
need to avoid or minimize multi-collinearity and the inclusion of 
ecologically relevant variables. The variables that were qualified using 
these criteria were backscatter (95, 300-kHz), bathymetry and slope. 
Variables such as curvature, VRM, eastness, northness, BPI (fine scale 
and broad scale) were eliminated due to their high VIF and p values 
indicating significant multi-collinearity.

2.2.3. K-means clustering
The choice of K-Means clustering algorithm was informed by its 

speed and simplicity of implementation in identifying underlying pat-
terns in large image data, including those acquired from MBES surveys. 
This algorithm is widely used in marine mapping particularly during 
image segmentation and pattern recognition (Alevizos et al., 2018; 
Raykov et al., 2016, Ismail et al., 2015; Ahmed and Demšar, 2013), 
making it fit for our study objective of carrying out an unsupervised 
classification on the abiotic variables to discriminate substrate charac-
teristics and geomorphological variability of the seafloor, and then 
examine how well these align with the predicted sandeel densities. The 
segmentation based on K-Means clustering allow for characterisation of 
the environmental heterogeneity in the benthic environment. Such 
segmentation outputs can be used to provide initial insights into 
sandeel-environment linkages. A visual and statistical examination be-
tween clustering outputs and sandeel densities will help to provide 
initial insights of how sandeels interact with their-environment By 
minimising the within-cluster distance and maximising the 
between-cluster distance, this algorithm seeks to uncover underlying 
patterns in the data. In R software (v.4.1.0) cluster package (v.1.5.2), a 
K-Means clustering algorithm was used for seafloor segmentation on 
four variable combinations including backscatter (95, 300-kHz), ba-
thymetry, and slope, to compare single frequency versus 
multi-frequency backscatter analysis.

The clustering process in this paper involved a two-hierarchical step 
approach (Menandro et al., 2022; Swanborn et al., 2022; Hogg et al., 
2016). The first step of the segmentation process involved image clus-
tering involving the entire dataset, and the second involved segmenta-
tion within an existing designation of the sandbank feature which 
appears visually homogeneous, to further uncover underlying geomor-
phological variability (Misiuk and Brown, 2024; Menandro et al., 2022; 
Trzcinska et al., 2021; Hogg et al., 2016). Generally, the K- Means 
clustering approach in this study follows four main steps: (i) data 
gathering and preparation, (ii) K-Means algorithm implementation, (iii) 
determination of optimal number of clusters also known as k and, lastly 
(iv) cluster validation to examine the level of agreement between clus-
tering outputs at different frequencies. The first step of data gathering 
involved the use of backscatter, bathymetry, and slope variables used as 
K-Means clustering inputs. These variables were scaled between 1 and 
0 to ensure that all features received equal weight (Lecours et al., 2016; 
Calvert et al., 2015). The second step of K-Means algorithm imple-
mentation begins with a random selection of initial cluster centres. In an 
n-dimensional space, it assigns data points to the cluster centres that are 
closest to them using Euclidean distance in order to minimize the 
within-cluster variance (Ismail et al., 2015; Hamerly and Elkan, 2002). 
The process is subjected to an iteration and repeated until no more data 
points fit into a new cluster.

Thirdly, a decision on the optimal number of clusters (k) must be 
made for a K-Means clustering exercise to be achieved. Several methods 
for determining the value of k in K-Means clustering have been proposed 
(Ismail et al., 2015; Calinski and Harabasz, 1974). Using the cluster 
package (v.1.5.2) in R, the Silhouette Index (SI) was determined in the 
clustering while altering the value of k from 2 to 20. The SI is a measure 
of how similar a data point is to its own cluster compared to other 
clusters. The maximum value of SI is commonly regarded as the optimal 
value of k. After determining the optimal value of k, a final clustering 
map was generated to show the cluster membership at each location 

(Raykov et al., 2016; Ismail et al., 2015).
According to the SI values, k = 2 provided the optimal fit. However, 

pixel-based classifiers, on the other hand, run the risk of clustering group 
of cells of heterogeneous features into one class that appear similar in 
terms of their grey level (Lucieer et al., 2013). While the SI calculation 
suggested k = 2 as the optimal value, we settled on k = 4 based on 
statistical evaluation and prior knowledge of the area’s geomorphology 
and sedimentary characteristics. Specifically, the observed plateau in 
the SI values between k = 2 and k = 4 together with previously docu-
mented presence of at least four distinct sediment types (Runya et al., 
2021), justified the use of k = 4 in our final clustering process. The 
segmentation based on the k = 4 allowed us to identify fine-scale vari-
ability in geomorphology and sediment characteristics which are 
potentially ecologically relevant to sandeels. Finally, cluster validation 
comparing the level of agreement between clustering outputs for 
different frequencies was determined using Adjusted Rand Index (ARI. 
The closer the ARI values are to one, the better the agreement (Saeid 
et al., 2016). Similarly, these clustering outputs allowed us to evaluate 
the relative contribution of different seafloor types and geomorpholog-
ical gradients to the distribution and predicted sandeel densities.

2.2.4. Ground truth data
During the Agri-Food Bioscience Institute’s (AFBI) research cruise 

CO3420 in October 2020 (Autumn), a 2 m wide scientific beam trawl 
with a dual tickler chain and an 8 mm blinder in the cod end was 
deployed. The beam trawl was selected because of its ability to permit 
quantitative and repeatable sampling, as well as its ease of penetration 
into a wide variety of substrate types (Reiss et al., 2006). The abundance 
of sandeels was recorded in 14 stations (over a 10-min trawl with 
varying tow speed and tow length). Other taxa were noted but did not 
form the primary focus of this study and will not be included in the 
analysis. These sampling stations were selected based on an evaluation 
of high-medium-low MBES backscatter segmentation to identify distinct 
substrate and geomorphological characteristics associated with san-
deels, based on previous sampling using Day grab and pipe dredge 
(Langton et al.,2021). The high-medium-low backscatter ranges are 
indicative of hard/coarser-mixed sediments with varying degrees of 
sand and gravel – soft sediments respectively. This approach allowed for 
a representative coverage of different substrate types to be captured. We 
also sampled areas where predicted absences had not been validated by 
ground truthing. However, the sampling did not consider transect se-
lection and transect crossing through different substrate classes.

2.3. Sandeel modelling

MBES data and derivative (final variable selected were: backscatter, 
bathymetry, and slope) were used to fit a Generalized Linear Model 
(GLM) to spatially predict the density of sandeels. The density of san-
deels (response) was calculated based on the number of individuals 
captured per unit area of the tow footprint as numbers per square metre. 
This footprint area covered by a tow was calculated as a product of the 
tow length (distance covered from start to end by each tow) and the area 
of the beam trawl used (2 m by 2 m). However, this approach assumes 
that the tow was conducted in a straight line, and thus fails to account 
for the effect of drag. The decision to use density instead of presence data 
as a response variable was made to compensate for the lack of precise 
spatial information of where the sandeels were captured within a tow. 
Again use of abundance data might be prone to overdispersion. Three 
GLM models were built in the sdm package (v.1.2.1) in R software: 95 
kHz, 300 kHz, and multi-frequency models following a similar approach 
to Runya et al. (2021). The GLM models took the form of a Gaussian 
distribution with an identity link function. To ensure validity of our 
models, the data was subjected to assumption testing for: (i) linearity 
using scatter plots of predictors against the residuals, (ii) homoscedas-
ticity using plots of the residuals against fitted values and examining the 
patterns that would show the lack of it, (iii) normality of residuals using 
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Q-Q plots where no deviations from normality were noted, and lastly (iv) 
the independence of residuals which was checked by evaluating the 
autocorrelation plots of the residuals. The GLM was used to generate 
models depicting geomorphological features and areas linked with high 
sandeel densities, and the analysis workflow shown in Fig. 2.

First, the correlation between individual predictor variables against 
sandeel densities was determined using the Pearson Correlation Coeffi-
cient, which indicates the direction and strength of association between 
the response and the explanatory variables (Runya et al., 2021). The 
predictive capacity of the GLM models was then assessed using the Root 
Mean Square Error (RMSE) and R2 values at the statistical significance 
level of p < 0.05. The Leave One Out Cross-Validation (LOOCV) method 
with a random seed number of 250 was used, which is recommended for 
small sample sizes. This method allows for the use of all samples in both 
training and testing (Runya et al., 2021). We also determined the most 
important variable driving the modelling outputs based on the p-values. 
Finally, a visual demonstration and comparison of three tow stations 
with distinct geomorphological patterns is made and presented in the 
results section (stations 4, 12 and 13). These were separated into 100 m 
segments based on their tow footprint area. Backscatter, bathymetry, 
slope, K-Means classes and predicted sandeel density are presented and 
compared for each of these tow per segment.

3. Results

3.1. Multibeam echosounder data

In general, the bathymetry of the study area ranges between 19.2 and 
51.3 m. Compared to the region bounded by the SAC, the south-eastern 
part of the study area is the deeper (Fig. 3). The slope values represent a 
variable seafloor gradient, with values ranging from between 0 and 45◦

(Mean: 2.1 ± 2.9◦). The bathymetry at each sampling station ranges 
from 32.3 m at the shallowest station (11) to 45.8 m at the deepest 
station (13) (Fig. 3; Table 1). Again, the mean slope values at each 
sampling station are low (between 0.5 and 6.9◦).

The mean backscatter of the data (95 and 300 kHz) ranges between 

0.23 dB and − 70 dB. The backscatter intensity for 95 kHz is relatively 
higher (Mean: 25.2 ± 6.8 dB) than the 300 kHz data (Mean: 26.7 ± 3.3 
dB). The acoustic response of the 14 samples stations varies slightly 
(Fig. 3; Table 1). The stations with the highest mean backscatter in-
tensity are 13 (95 kHz) and 14 (300 kHz), with respective values of 
− 20.7 dB and − 24 dB.

3.2. K-Means clustering

The k = 4 produced four distinct clusters for the 95 kHz, multi- 
frequency models, whereas for the 300 kHz model, three clear clusters 
are delineated (Fig. 4). The 95 kHz result of four distinct clusters dem-
onstrates its ability to discriminate more variability in substrate types 
and geomorphology, possibly due to its deeper penetration. Neverthe-
less, the 300 kHz only provided three meaningful clear clusters with the 
fourth one (cluster 3) not providing additional interpretative value. We 
found a higher level of agreement (ARI = 0.92) between 95 kHz and the 
multi-frequency model, followed by 300 kHz and multi-frequency (ARI 
= 0.74), and the lowest for 300 kHz and the 95 kHz K-Means model (ARI 
= 0.72). Large sand waves, particularly on the SE section of the feature, 
are clearly identified in all three models, indicating a wide range of 
geomorphological differences between large and small features. The 
four clusters identified are generally in agreement with areas previously 
identified with different substrate types comprising of; sand (medium to 
coarse sand), gravelly sand (medium to coarse sand with shell frag-
ments), sandy gravel (medium pebbles, medium sand and shell mate-
rials) and gravel (Runya et al., 2021). Large mobile sand waves 
consisting of coarse sand can also be found (Evans, 2018).

3.3. Sandeel data

Individual counts of sandeels from beam trawl samples reveals 72 
H. lanceolatus individuals in 14 different locations (Fig. 3; Table 1). 
Other taxa recorded in the samples include; tunicates, rhodophytes, 
poriferas, ophiuroids, gastropods, bivalves and polychaetes. However, 
these additional taxa are not the primary focus of this research and their 

Fig. 2. Flow chart highlighting the variables and analytical workflow used in this study.
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Fig. 3. Beam trawl footprint (20 m wide) plotted on (A) the 95 kHz backscatter mosaic and (B) bathymetry for the 14 ground truth stations (Table 1). The thickness 
of the beam trawls is a relative demonstration of the abundance values for each trawl station (the thicker the line the higher the abundance for that trawl station).

Table 1 
Ground truth observations showing the number of sandeels and associated taxonomic data in 14 sampling stations.

Stations Tow Length (m) Abundance (#) Density (No. per metre sq. x 10− 3) Sandeels Lengths (cm) Average 
Backscatter (95 kHz)

Average 
Slope angle (deg.)

Average 
Bathymetry (m)

1 603.4 3 1.243 24.33 ± 9.5 − 30.82 1.7048 − 41.48
2 977.0 1 0.256 16 ± 0 − 37.57 1.0333 − 35.53
3 504.9 2 0.99 19 ± 5.7 − 36.50 1.4448 − 36.21
4 507.1 13 6.409 26.08 ± 3.1 − 32.30 2.6999 − 41.26
5 632.9 26 10.27 23.81 ± 5.9 − 26.65 6.8663 − 34.60
6 1230.5 0 0 0 − 22.20 4.4841 − 45.68
7 607.9 3 1.234 19.33 ± 2.5 − 21.15 1.2446 − 42.39
8 658.0 1 0.38 20 ± 0 − 29.94 0.5026 − 36.58
9 495.9 11 5.545 19.18 ± 2.1 − 37.40 1.2369 − 32.66
10 514.0 0 0 0 − 36.66 1.3216 − 40.07
11 403.2 0 0 0 − 24.11 1.9343 − 32.34
12 533.7 2 0.937 27 ± 0 − 25.89 2.5159 − 41.69
13 465.5 9 4.834 25.56 ± 6.2 − 20.74 0.5464 − 45.84
14 455.3 1 0.549 15 ± 0 − 20.83 1.7149 − 45.50

Average 5.14 ± 7.4 2.332 ± 3.2 21.3 ± 4.4
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mention is aimed at providing an ecological context of the area. These 
samples are dominated by medium and coarse sediments with a rela-
tively low backscatter intensity (Fig. 3). Station 5 has the greatest 
number of sandeels (n = 38), followed by stations 9 (n = 11) and 13 (n =
9). Stations 6, 10, and 11 recorded n = 0 sandeels at water depths of 45 
m, 39 m, and 41 m, respectively. Meanwhile, the sandeels in these 
samples are mature individuals ranging in length from 15 to 27 cm 
(Table 1). A wide variability is also noted in the sandeel densities across 
all the 14 stations (Table 1).

With respect to the clustering outputs, cluster 4 has the highest 
density of sandeels (2.6 × 10− 3 m− 2) for 95 kHz, cluster 3 for the 300 
kHz (1.0 × 10− 3 per m− 2), and cluster 1 for the multi-frequency output 
(0.5 × 10− 3 m− 2). Meanwhile, in all three clustering outputs, lower 
sandeel densities are recorded in cluster 2 (<0.5 × 10− 3 per m− 2), with a 

greater range in the sandeel densities in the 300 kHz output. The in-
clusion of the segmentation outputs provided an additional layer of in-
formation that highlights the influence of geomorphological and 
sediment characteristics on sandeel densities.

3.4. Modelling of sandeel density

The correlation between the response (sandeel density) and the 
predictor variables (Backscatter, bathymetry, slope) was found to be 
weak but positive. Specifically, sandeel density display a weak correla-
tion with slope (R = 0.37, p > 0.05), a very weak correlation with 
backscatter at 300 and 95 kHz, (R = 0.14 and 0.19 respectively; p >
0.05), and a negligible correlation with bathymetry (R = 0.05, p > 0.05). 
Similarly, the test for assumptions as needed for using Gaussian GLM 

Fig. 4. K-means clustering maps for k = 4, comparing the 95 kHz and 300 kHz models. Inset shows the comparison for class 3 between 95 kHz and 300 kHz models.
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showed that the relationship between the predictor variables and san-
deel densities was not only linear but also maintained homoscedasticity 
with residuals being normally distributed and independent. No signifi-
cant spatial autocorrelation was noted.

Regardless of these weak correlations, we produced three spatial 
distribution models of sandeel density using two single-frequency (95, 
300 kHz) and one multi-frequency model (Fig. 5). These models depict 
areas where relatively higher densities of sandeels are likely to occur, 
especially in the central section and along sand waves with low back-
scatter responses and coarse sandy sediments. A visual interpretation of 
these models at the scale of the individual beam trawls indicates a 
certain level of agreement especially between sandeel densities and, 
both slope and bathymetry as demonstrated with stations 4, 12 and 13 
(Figs. 6–8). These trawl stations indicated a finer-scale variability, with 
sand waves having relatively higher slope values. In general, station 13 

has the highest mean backscatter intensity (− 20.7 dB) and a slightly 
higher mean water depth (45.8 m) of the three stations (Figs. 6–8). 
Station 4 has the lowest mean backscatter intensity (− 32.3 dB) and the 
shallowest (41.3 m). Station 12 and 13 are dominated by cluster 4 and 
have less of a presence of cluster 2 and 3 respectively (95 kHz) with no 
representation for cluster 1. Meanwhile, seafloor types at station 4 were 
proportionally distributed for clusters 1, 2 and 3 and an observed fine- 
scale variability in the slope gradient which is consistent with bathym-
etry and a more homogenous backscatter profiles (Figs. 6–8).

With regards to the model performance from the GLM analysis, the 
RMSE values for the 300 kHz (0.007) and 95 kHz (0.0072) models were 
slightly better than the multi-frequency model (RMSE = 0.0074). 
However, all models had a marginally low predictive capacity, with 
adjusted R2 values ranging from 0.32 (300 kHz and multi-frequency 
models) to 0.26 (95 kHz model). The models predicted mean sandeel 

Fig. 5. Predicted sandeel densities for single-frequency (95, 300-kHz) and multi-frequency models. The beam trawl footprint is overlayed on top. To demonstrate the 
visual distinction of these three models, trawl 4, 12 and 13 as an illustration are further shown in Figs. 6–8).
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densities of 0.0055 ± 0.0.07 per m2 (95 kHz model) and 0.0054 ± 0.008 
per m2 (multi-frequency and 300 kHz models). Overall, the single- 
frequency and multi-frequency models provided relatively similar pre-
dictions of sandeel densities with minimal variation.

4. Discussion

This research demonstrates a workflow for examining the utility of K- 
Means classification and GLM based on multi-frequency backscatter, 
bathymetry, and slope data to discriminate different levels of sandeel 
densities. In general, the data demonstrates that K-Means clustering may 
be used to distinguish geomorphological features and sediment char-
acteristics associated with sandeel densities. Furthermore, the study 
provides key lessons and recommendations for optimising the use of 
these data and modelling techniques to predict the spatial distribution of 
sandeels. The emphasis for future research is placed on having a robust 
approach, comprising the initial decisions made during sampling design, 

data handling and processing to the final modelling and analysis of data. 
Such a robust approach is needed to make better-informed decisions for 
the monitoring and management of H. lanceolatus species.

4.1. K-Means clustering

The K-Means clustering outputs distinguish between seabed char-
acteristics and bedform features that can support the presence of sandeel 
H. lanceolatus. This clustering approach has been extensively employed 
in the discrimination of seabed habitats (Alevizos et al., 2018; Ismail 
et al., 2015; Ahmed and Demšar, 2013). We examine single frequency 
and multi-frequency backscatter with respect to sandeel densities using 
the outputs of k = 4 clustering. A distinct separation of clusters is 
accomplished in all three models where three clear segments are evident 
especially for the 300 kHz output. The clustering outputs clearly 
distinguish between three areas covered by sandy gravel (medium 
pebbles, medium sand and shell materials), sand (medium to coarse 

Fig. 6. Fine scale variability of the seafloor for trawl station 4 showing variation in backscatter intensity(A), bathymetry (B), slope angle (C), K-Means clustering (D) 
and predicted sandeel density (E).
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sand) and gravelly sand (medium to coarse sand with shell fragments) 
(Appendix 1) which is consistent with earlier classification of substrates 
(Runya et al., 2021). The difference in the number of clear segments 
delineated by 95 kHz (four) and 300 kHz (three, with cluster 3 not 
providing much meaningful information and obscured in the main 
segmentation output) underscores the need to consider the unique 
characteristics of different frequencies during acoustic surveys cam-
paigns. The 95 kHz data, with its deeper penetration ability delineated 
more clear substrate and geomorphological variations than that of the 
300 kHz data (higher frequency) which discriminated fewer meaningful 
clusters due to its shallower penetration.

While the sand bank feature is considered largely homogeneous 
(NPWS, 2024), the fine scale variability indicates that geological char-
acteristics such as substrate types are likely to influence clustering 
outputs (Evans, 2018). Additionally, a detailed visual examination of the 
beam trawl footprints (Figs. 6–8) indicates that bathymetry and slope 
have the most variability with a higher discriminatory power than 

backscatter. Areas with relatively low slope seem to be homogeneous in 
our segmentation findings as shown in other studies (Lecours et al., 
2016; Calvert et al., 2015). Clustering results discriminated bedform 
features that are likely to support the presence of higher sandeel den-
sities especially crests of sand waves. Crests have characteristic coarser 
sediments and due to the strong tidal activity around these features, 
aggregation of food materials makes them suitable for higher sandeel 
densities to occur (Greene et al., 2020). Potentially, the activity of tidal 
streams in this site controls the formation of these bedform features 
which provide suitable coarser substrates (Fig. 8) and moving currents 
that define the niche for this species. The ARI values indicate that the 
clustering outputs of the 95 kHz and multi-frequency outputs are in 
significantly better agreement (ARI = 0.92) meaning the variability in 
the multi-frequency model is mainly explained by the 95 kHz model. 
Visual detection of geomorphological features and substrates that could 
be linked to sandeels’ occurrence and habitat preference using these 
differences is possible.

Fig. 7. Fine scale variability of the seafloor for trawl station 12 showing variation in backscatter intensity (A), bathymetry (B), slope angle (C), K-Means clustering 
(D) and predicted sandeel density (E).
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4.2. Modelling of sandeel density

Meanwhile, between mean backscatter and sandeel densities, a weak 
correlation is observed based on Pearson correlation coefficients. 
However, despite these weak correlations, the findings from assump-
tions testing suggest that the predictor variables employed in the models 
are potentially suitable for explaining the variability in sandeel den-
sities. Again, the findings of GLM models indicate that there is no sig-
nificant difference in discriminating sandeel densities between single 
frequency and multifrequency models. However, based on RMSE values, 
a marginal gain in predictive capability is shown when single-frequency 
models (95, 300 kHz) are used. The high RMSE values compared to the 
predicted average sandeel densities generally depicts low predictive 
capacity of our models. This indicates the presence of an inherent 
variability in sandeel distribution coupled with the potential influence 
of other confounding environmental factors. Therefore, future research 
should attempt to integrate a wide-range of environmental factors and 
explore the potential utility of other modelling techniques to enhance 
the predictive capacity. A visual examination of these full-extent models 
reveals this minimal variation (Fig. 5). However, at the scale of the beam 
trawl footprint (Figs. 6–8), a somewhat higher sandeel density associ-
ated with areas comprising of coarser sediments is shown which dem-
onstrates a geological control in sandeel distribution as observed in 
previous studies (Greene et al., 2020; Tien et al., 2017). The poor 
explanatory power of the models is extremely probable related to an 

imperfect beam trawl detection where precise spatial information of 
sandeel individuals cannot be ascertained, thus the generalizability of 
the final model results is limited (Zuur et al., 2010).

Again, it could also mean that sandeels are not utilising the sedi-
ments’ environment during this time of the year, hence the rather weak 
association with the variables used (Baker et al., 2022). Besides, the lack 
of consideration for transect selection and transect crossing through 
different types of substrates and/or catchability of the beam trawl could 
have resulted in sub-optimal sampling. Sediment type and composition 
are inextricably related to the benthic communities that live on and in 
the seafloor (Pearman et al., 2020; Kostylev et al., 2001). Sandeels have 
an affinity for sandy substrates, particularly coarse sand with a low silt 
content (Baker et al., 2022; Greene et al., 2020; Tien et al., 2017; 
Holland et al., 2005). To some extent, the ease of penetration into the 
sediments and the capacity to allow exchanges in water, oxygen, and 
nutrients have been identified as the primary reason why sandeels prefer 
areas with coarser sediments to those with a high silt content or gravelly 
sediments (Endo et al., 2019; Holland et al., 2005; Wright et al., 2000).

A combination of water depth, residual flow rate, substrates and 
availability of food materials are strongly considered to impact local 
variation in sandeel densities (Jensen et al., 2011). The mechanical 
disturbance of sediments from the strong hydrodynamic conditions that 
characterises Hempton’s Turbot Bank (Evans, 2018), is likely to result in 
sandeels following the preferred substrate around the cycle of sediment 
transport, more so within the crests-troughs footprint. This may help to 

Fig. 8. Fine scale variability of the seafloor for trawl station 13 showing variation in backscatter intensity (A), bathymetry (B), slope angle (C), K-Means clustering 
(D) and predicted sandeel density (E).
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explain the patterns in sandeel densities predicted by the models which 
derives a relatively greater variability within the bathymetry domain 
(Figs. 6–8). Besides, past research has highlighted the effect of climate 
change and heavy exploitation of the sandeel fishery in characterising 
the regional variability and population structure of sandeels. Hempton’s 
Turbot Bank (HTB) SAC is a protected area under the EU Habitats 
Directive because it has sandbanks, a refuge to a critically important 
sandeel species (NPWS, 2024). Sandeels contribute significantly to the 
diets of marine mammals, marine carnivores, and sea birds, and there-
fore the interactions between H. lanceolatus (prey) and its predators is 
also likely to influence its population dynamics (Langton et al., 2021; 
Hill et al., 2020; Wilson and Hammond, 2019; Tien et al., 2017; 
Anderwald et al., 2012).

Similarly, existing resource use conflicts between commercial fishing 
and seabird colonies that rely on sandeels provide an intriguing view-
point and a challenge for sandeel fishery management (Furness, 2003; 
Wright, 1996). HTB SAC is not only a habitat for sandeels but also hosts 
several species of marine birds and marine mammals whose protection 
within this site is afforded on the mere basis of its geology (NPWS, 
2024). Legally, more emphasis is given to charismatic megafauna while 
ignoring the ecological role of these small keystone species such as 
sandeels (Sibarani et al., 2019). However, developing methods for 
accurately monitoring the geographical range of sandeel species (that 
would have otherwise been considered less significant) and their habi-
tats in SACs is an important aspect provided for by various regional 
policy frameworks targeting to enhance the conservation and manage-
ment of marine biodiversity.

Modelling sandeel distribution in the Malin-Hebrides sea is impor-
tant in developing effective conservation and management strategies for 
MPAs. Such an exercise is relevant for biodiversity conservation (iden-
tifying key habitats and biodiversity hotspots), identifying areas that 
have special importance to life history stages (e.g. feeding grounds), 
provides insights into ecosystem functioning (e.g. trophic dynamics), 
supports fisheries management (e.g. inform strategies for sustainable 
fishing practices), and being a keystone species, insights about their 
distribution over time can provide information about the impacts of 
human pressures and climate change. Lastly, the spatial dynamics of 
sandeels can form an important input to marine spatial planning pro-
cesses thus promoting sustainable use of marine resources.

4.3. Limitations

Models can be used to predict the distribution of species such as 
sandeels beyond the geographic range of sampled locations, however 
this study acknowledges a number of limitations. Firstly, accurate pre-
diction of species distribution is limited by the paucity of relevant 
ground truth data (Langton et al., 2021; Qiao et al., 2019). This limi-
tation is linked to the use of legacy data in later studies with less 
consideration of its quality or intended application (Runya et al., 2021). 
As is the case with this research, we utilised a variety of acoustic datasets 
(to derive predictors) that are not consistent in time and were acquired 
for objectives other than ecological investigations. Secondly, the beam 
trawl’s catchability is restricted in our study by the penetration depth, 
which varied based on the type of sediments (Reiss et al., 2006). The 
penetration depth of a commercial beam trawl can range between 8 cm 
in muddy sediments to 3 cm in sandy sediments (Reiss et al., 2006). 
Factors including beam trawl design, mesh size, and the presence of an 8 
mm blinder further limits catchability (Holland et al., 2005; Freeman 
et al., 2004), thus leading to low capture rates and subsequent biased 
estimates of the actual spatial patterns and structure of sandeels in our 
study area. The study highlights the trade-off between gear catchability 
and the need to minimize environmental impacts during deployment. 
Also, employing an appropriate sampling strategy and gathering rele-
vant data is emphasized. Thus the results are interpretable within the 
context of these constraints and the workflow can be used as a proof of a 
concept to provide better insights into spatial ecology of sandeels and 

inform the management of marine protected areas.

4.4. Future research

While our paper has successfully developed a workflow for model-
ling sandeels, there remains a significant opportunity for improvement 
in the methodology. The improvement includes the acquisition of spe-
cific datasets tailored around the individual species’ life history strate-
gies to fully account for its spatial dynamics. Integration with other 
surrogates such as hydrodynamic and oceanographic data can generate 
better information on the spatial range and behaviour of this species (e. 
g. Misiuk and Brown, 2024). To address the limitations highlighted in 
this study including detectability bias, a refined sampling design is 
needed, including careful transect selection and crossing through 
different substrate types. The segmentation of multibeam echosounder 
backscatter and bathymetry data can support transect selection and 
crossing to account for geomorphological variability (e.g. Summers 
et al., 2023), that can influence the spatial distribution of sandeels. 
Similarly, grab sampling can be used to provide spatially-explicit in-
formation of sandeels’ occurrence, beyond the limitations of beam 
trawls. Overall, these recommendations provide an opportunity for the 
development of a robust, species-specific monitoring programme, that 
further enhances sandeel fishery research and management.

5. Conclusion

The research demonstrates a workflow for examining the utility of K- 
Means classification and Generalized Linear Modelling based on multi- 
frequency backscatter, bathymetry, and slope data to discriminate 
different levels of sandeel densities. The outputs of single and multi- 
frequency clustering are quite similar and have a relatively high 
agreement with predicted sandeel densities. Although the models 
demonstrated a generally weak predictive power, single frequency 
models are favoured for discriminating different levels of sandeels 
density over the multi-frequency model due to the complexity and high 
cost involved in multifrequency data acquisition, processing and anal-
ysis. This study also establishes the linkage between higher sandeel 
densities and bedform features comprising of coarser sediments. The 
workflow herein provides a proof of concept for developing a robust 
sampling strategy and monitoring program for sandeels needed to 
enhance fisheries and MPA management. However, we emphasize that 
interpretations and conclusions drawn from these results should take 
into account the uncertainty of the models. Most importantly, we 
highlight how decisions made during sampling, data handling, analysis 
could impact the final outputs and interpretation of Species Distribution 
Models and habitat mapping.
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