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Assessing the biomass on longline setups based on acoustic data hold significant 
potential for improving the efficiency and accuracy of monitoring and 
management of aquaculture setups. Traditional assessment methods, such as 
manual sampling and visual inspections, are not only labor-intensive and time- 
consuming but are also subject to variability, often leading to under- or 
overestimations. Acoustic data, particularly multibeam water column (MBWC) 
data, provide a non-invasive alternative that can significantly enhance biomass 
estimation. Within this paper, we demonstrate that 2D and 3D visualizations based 
on MBWC data can effectively display aquaculture longline structures. To 
facilitate processing of MBWC data, we have developed scripts that allow to 
filter and cluster the data into individual dropper lines, enabling an estimation of 
the biomass volume on each dropper line individually. Our approach offers a 
scalable and cost-effective solution for aquaculture monitoring, reducing the 
reliance on destructive sampling and improving decision-making capabilities. 
Future improvements, such as enhanced data density, refined filtering techniques 
and automated acquisition workflows, will further increase the accuracy and 
usability of this method. Ultimately, this research provides aquaculture managers 
with an innovative tool for rapid volume assessments, contributing to the 
optimization of sustainable aquaculture practices.
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1 Introduction

Aquaculture-related production of human food has increased immensely over the past 
few decades and accounted in 2020 already for more than 50% of the aquatic biomass 
destined for human consumption (Fao, 2020). For example, the production of marine 
shellfish and finfish went from 10 million tonnes in 1987 to 122.6 million tonnes in 2020 
(Fao, 2022; Naylor et al., 2021). With increasing production comes the need for fast, 
adequate and performant monitoring techniques, allowing to determine the integrity of the 
aquaculture setup and the biomass it has produced. Traditionally, mussel aquaculture 
monitoring has predominantly been conducted manually (Bao et al., 2020), often involving 
divers (Lowry et al., 2014; Ali et al., 2022), which is labour intensive and inherently contains 
a certain risk (Peck et al., 2024). These monitoring techniques are also restricted by 
environmental conditions such as turbidity, currents and waves, leading to limited spatial 
and temporal coverage. Acoustic methods are increasingly being used in aquaculture 
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monitoring, mainly in biomass estimates for fish (Li et al., 2024) or 
to determine the interaction of wild species with cultured species in 
aquaculture setups (English et al., 2024), but also hold a lot of 
potential in mussel aquaculture monitoring. One of the main 
advantages of acoustic methods are their large degree of 
independence to turbidity and current velocities. Within a 
bivalve aquaculture longline setup, Brehmer et al. (2003), 
Brehmer et al. (2006) were the first to use multibeam 
echosounders to visualize longline setups off the coast of 
southern France back in 2000 and 2001. However, efforts to 
refine this method have not been reported since.

Besides seafloor bathymetry and backscatter data, multibeam 
echosounders are also able to yield backscatter data from the water 
column, allowing to visualize the water column beneath the transducer. 
This technique has only been explored for about 35 years, lagging 
seafloor bathymetric and backscatter research. This is partly due to the 
large data volumes, recording multibeam water column data (MBWC 
data) increases the volume of recorded data by a factor 
20–100 depending on the data density, and the required processing 
power, which is much higher compared to seafloor bathymetry and 
backscatter processing steps. Consequently, very few studies have used 
MBWC data in the early days (Trenkel et al., 2008). Since the 2010s, an 
increase in scientific studies focussing on processing of MBWC data 
and their applications is noticed (Colbo et al., 2014). Examples of 
applications are gas flare research, where rising bubbles have been 
detected and quantified using single beam and multibeam 
echosounders (Urban et al., 2017; Higgs et al., 2019), fisheries, 
where the ecological behavior of fish school is studied based on the 
school shapes (Innangi et al., 2016) and suspended particulate matter 

studies, where suspended sediment concentrations are estimated based 
on MBWC backscatter information (Fromant et al., 2021; Praet 
et al., 2023).

Given the lack of sustained efforts to visualize and quantify 
longlines using multibeam echosounders and the increasing 
importance of aquaculture in human food production, we intend 
to use MBWC data acquired from a longline setup to assess the 
biomass of the organisms on the setup, through volume estimates. 
Therefore the goals of this paper are to (1) assess if MBWC data can 
be used to visualize the longline setup in sufficient detail and (2) 
develop a semi-automated workflow, allowing to cluster individual 
dropper lines overgrown with bivalves, from MBWC data and 
estimate their volume.

2 Material and data

Within this study, data from the Coastbusters 2.0 project is used, 
combined with processing scripts developed within the ULTFARMS 
project. The initial Coastbusters project (2017–2020) focused on 
ecosystem-based coastal management and embraced the concept of 
nature-based solutions (Goedefroo et al., 2022). To achieve long- 
term coastal resilience, the project developed pioneering steps 
towards natural biogenic reef development in front of the coast 
of the Belgian municipality De Panne. Coastbusters 2.0 (2020–2023) 
investigated the blue mussel biogenic reef concept in two different 
environments, a sheltered site in between a sandbank (Trapegeer) 
and the shoreline and a more exposed site seaward of the sandbank 
(Figures 1A,B; Boulenger et al., 2024). The setup for both sites was 

FIGURE 1 
(A) Location of the longline systems used in the Coastbusters 2.0 project in the Belgian part of the North Sea. (B) Zoom of the research area with 
indication of the two areas where longlines were installed. The longline used in this study is situated in the sheltered (southern) area. (C) Schematic 
overview of the longline studied within this paper (image: Coastbusters2.0, 2023).
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equal and similar to many mussel aquaculture installations 
consisting of a longline of about 150 m, anchored to the seafloor 
at both ends and kept afloat using buoys, with thirty-six 3 m long 
dropper lines attached to it (Figure 1C). The dropper lines are 
intended for capturing mussel spat and growing the mussels, which 
eventually become too heavy and drop to the seafloor, forming a 
mussel reef (Goedefroo et al., 2022). The growth of the mussels on 
the dropperlines was monitored by seasonal surveys (winter, spring, 
summer and autumn) where a selection of dropperlines were lifted 
out of the water, weighed and inspected visually. Additionally, 
innovative monitoring techniques were tested and assessed as 
part of the project, including the use of MBWC data for 
visualizing the setup.

The ULTFARMS project aims at advancing the technology 
readiness level of low-trophic aquaculture (LTA) within offshore 
wind farms. To do so, LTA activities are deployed in six offshore 
wind farms in Belgium, Germany, The Netherlands and Denmark. 
Within the Belgian pilot, one of the aims is to assess the feasibility of 
using MBWC data for assessing the biomass of bivalves and to 
develop a semi-automated processing workflow to estimate their 
volume. Due to adverse weather conditions during the deployment 
of the ULTFARMS longline within the Belgian offshore wind farm, 
no MBWC data could be obtained of the installed longline. As a 
backup plan, the Coastbusters 2.0 data was used to develop a 
workflow for volume estimations.

A Norbit WBMS (0.9° across by 1.9° along opening angles) with 
detachable inertial navigation system (Seabed SBD IMU-S2) and 
Seabed SGR6-D S2 GNSS positioning system was used to generate 
the MBWC data on 10 October 2021. The multibeam echosounder 
was installed over-the-side on the rigid-hulled inflatable boat 
(RHIB) Zeekat from Flanders Marine Institute (VLIZ; Figure 2). 
The multibeam echosounder operated at 400 kHz and the opening 
angle was set at 120° with equidistant spacing of the 512 beams in 
order to optimally visualize the structures in the water column. The 
data was acquired using the following settings: a pulse amplitude of 
10 (unitless setting), a sweep time of 12 µs and time varied gain 
parameters as follows: a static gain of −17 dB, a spreading parameter 
of 40 and 80 dB/km absorption. No absolute calibration of the 

backscatter intensity values was performed. Given the used 
multibeam echosounder is not of the most recent generation, 
increasing the ping rate automatically decreased the inter-sample 
distance. Therefore, we opted to generate the MBWC data at a pring 
rate of 15 Hz at the medium resolution setting (categorical 
parameter within the Norbit WBMS software), yielding a good 
trade-off between data density in the swath plane and along track 
ping density of the resulting data. This resulted in an average inter- 
sample distance of 10.9 cm (202 samples over a 23 m range), while 
the inter-beam distance varied from 0.41 cm (at 1 m range) to 2.5 cm 
(at 5 m range). Survey speed during MBWC data acquisition was 
kept as low as possible, typically around 4 knots (depending on the 
currents), ensuring the highest along track ping density possible (on 
average 16.5 cm) while maintaining maneuverability. All data were 
gathered in a single pass while sailing parallel to the longline system, 
with an approximate athwartship distance of 1 m between the 
multibeam echosounder and the longline.

Data was acquired with Qinsy (QPS). The raw data were loaded 
into Qimera (QPS) applying appropriate sound velocity profiles. 
Qimera contains ping echogram and beamstack profile viewers for 
MBWC data (either stacked by depth or by range), allowing to get a 
relatively quick overview of the scatterers within the water column 
(Figure 3). Qimera displays the water column data in decibels, 
calculated from the raw intensity values in the 7042-7k 
compressed water column datagrams, using the 20 * log10 

(raw) formula.
During seasonal dropper line inspection surveys in the 

framework of the Coastbusters 2.0 project, some of the dropper 
lines were lifted and their circumference at the base and top were 
measured (Leinung, 2023). The measurements closest to the time of 
multibeam data acquisition are displayed in Table 1.

3 Methods

3.1 3D visualization

3D visualizations of the aquaculture setup can be valuable to 
inspect the integrity of the aquaculture setup. While Qimera (QPS) 
can render a beamstack profile, allowing to view the longline in 2D 
(Figure 3), 3D displays of the longline alone are not possible with 
this software. In order to display the longline system in 3D, all 
unwanted surrounding MBWC data points need to be deleted. 
However, MBWC data points with the same values as the 
longline (Figure 3) complicate the automatic detection of 
aquaculture setups based on simple backscatter value filters. 
Therefore, manual selection within Qimera (QPS) of longline 
scatterers has been performed. Since relevant aquaculture 
scatterers can occur beyond the minimum slant range, where 
they are affected by sidelobe interference (Hughes Clarke, 2006; 
Figures 3, 4), and are necessary for a complete 3D visualization of the 
long- and dropper lines, we opted against filtering out data beyond 
the minimum slant range for the purpose of 3D visualization. The 
manually selected MBWC data was exported by Qimera (QPS) into 
an ascii file containing northing, easting, depth and raw intensity 
values. This ascii file was loaded into Global Mapper (Blue Marble 
Geographics), rendering a 3D display of the longline system with the 
colors indicating the dB values (Figure 5).

FIGURE 2 
RHIB Zeekat (VLIZ) with the portable Norbit echosounder (black), 
Inertial Navigation System (blue) and GPS system (2 white antennas) 
installed over-the-side.
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FIGURE 3 
MBWC data displayed as a ping echogram (top) and as a beamstack profile stacked by range (bottom). The red lines in the ping echogram indicate the 
manually selected points. They are accompanied by specular artefacts (Hughes Clarke, 2006). The thin black vertical line in the lower profile indicates the 
position of the upper ping echogram. The beam number artefact is a thin triangular section on the right hand side of the ping echogram. Both profile are 
made with Qimera (QPS).

TABLE 1 Dropper line inspection survey data (13/09/2021) of the longline displayed in Figures 3, 10. Dropper line numbers can be seen in Figure 10 and 
cluster numbers in Figure 8. For more information on the dropper line inspection survey itself, see Leinung (2023).

Dropper line number Cluster number Top circumf. (cm) Base circumf. (cm)

3 absent 37 54

13 20 (entangled) 68 52

25 11 67 59

26 10 48 60

27 absent 59 42

43 3 31 47

Frontiers in Remote Sensing frontiersin.org04

Vandorpe et al. 10.3389/frsen.2025.1572674

https://www.frontiersin.org/journals/remote-sensing
https://www.frontiersin.org
https://doi.org/10.3389/frsen.2025.1572674


3.2 Acoustic volume estimation of individual 
dropper lines

The workflow described above is solely intended for 
visualization purposes, is time-consuming and does not allow the 
selection of individual dropper lines, nor does it allow volume 
calculations of them. Therefore, purpose-built Python scripts, 
combined called CloudVolume_multibeam (Lashkari and 
Vandorpe, 2025), and a graphical user interface (Figure 6) were 
created. In CloudVolume_multibeam, point cloud data files in ascii 
format (containing northing, easting, depth, intensity, beam number 
and ping number) can be loaded. This ascii file was generated by 

Qimera (QPS), which can export all MBWC data within the 
minimum slant range (so without manual selection of the 
relevant data points as described for the 3D visualization). Data 
beyond the minimum slant range have been discarded as several 
filtering steps within CloudVolume_multibeam rely on backscatter 
intensity values (see next section), which are distorted beyond the 
minimum slant range (Figures 3, 5; Hughes Clarke, 2006; Urban 
et al., 2017). Note that some parts of the installations, notably those 
indicated in white in Figure 5, are therefore excluded from the 
volume calculations. Data from several passes could be loaded at 
once into CloudVolume_multibeam, providing they are combined 
into 1 input file. However, since aquaculture setups are prone to 

FIGURE 4 
3D abstract representation of several pings (n to n+4) of MBWC data. The volume affected by sidelobe interference is indicated in yellow. The green 
volume is not influenced by sidelobe interference and is used for acoustic volume estimations. The red part of the dropper line, visualized by a cylinder, is 
posssibly exluded from the MBWC data, depending on the horizontal distance “d” between the multibeam echosounder and the dropper line and the 
opening angle of the multibeam echosounder.

FIGURE 5 
3D visualization of the manually selected MBWC point cloud data. The northern longline is used for acoustic volume calculations within this paper 
and is displayed in the beamstack profile in Figure 3. The parts of the longline surrounded by a thin white line are affected by sidelobe interference and are 
characterized by higher backscatter intensity values.
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movement due to currents, the location of individual dropper lines 
may shift between passes, inducing errors. Therefore, data from just 
one pass are loaded in our case. The goal of CloudVolume_ 
multibeam is to filter the point cloud data file and semi- 
automatically detect and segment dropper lines, eventually 
allowing to estimate the volume of the biomass on each dropper 
line individually (henceforth called “acoustic volume”). In 
CloudVolume_multibeam, four main steps can be executed: 
filtering, clustering, interpolation and acoustic volume calculation.

3.2.1 Filtering
The goal of filtering is to remove all data points not related to the 

aquaculture setup. To achieve this goal, three filtering steps are 
provided: noise removal, thresholding and outlier removal 
(Figure 6). The user can choose which steps to apply and in 
which order.

Noise removal consists of two parts, the first of which is based on 
the removal of histogram bins with extremely high occurrences, 
indicating hardware artefacts. Due to unknown reasons, for each 
ping a large amount of MBWC data points (on average about 
27,000) are created by the multibeam echosounder with beam 
number “32,767”. The data points with this beam number are 
present at the outer edges of each ping echogram (Figure 3) and 
are artefacts which should be removed. In histograms plotting the 
amount of occurrences of each beam number, they stand out. Users 
can delete this artefact by deleting the largest histogram bin 
(compare Figure 7A versus Figure 7B). In our dataset, this 
reduces the amount of data points from 24.7 million to nearly 
19 million. The second part of noise removal focuses on data close to 
the minimum slant range, determined by the shortest radial distance 

between the sonar and the seafloor (Figures 3, 4). The exact position 
of the first arrival may be slightly wrong due to penetration of the 
acoustic signal into the seafloor. To counter this effect on the 
minimum slant range, a user-defined percentage of the water 
column data, relative to the slant range (Figure 7C), can be 
deleted to make sure no data affected by sidelobes are retained. 
We opted for an arbitrary 10% and removed about 2 million data 
points as a consequence.

The second filtering step is thresholding. Aquaculture 
installations (in this case bivalves) have higher backscatter values 
compared to the background (water and suspended sediments), 
allowing to filter on backscatter values. A lower and upper threshold 
can be defined, allowing to remove background scatterers as well as 
anomalously high scatterers remaining after the noise removal 
step. The values for the thresholds can be obtained by examining 
the data and identifying which values are associated with the 
aquaculture setup. If backscatter-calibrated multibeam 
echosounders would be used, these threshold values would be 
transferable between studies. In this case, the multibeam 
echosounder was not calibrated for backscatter intensities, 
meaning that the applied values are only relevant for this dataset. 
With this step, you can remove most of the unwanted scatterers in 
the water column, eliminating over 99% of the data points in our 
case (using raw backscatter intensity values of 75 and 1750). The 
resulting point cloud can be seen in Figure 7D.

The third and final filtering step is outlier removal. After 
thresholding, unwanted data points can still be present within 
the dataset and may have similar backscatter values as the 
aquaculture installation. Consequently, they cannot be deleted by 
thresholding. To delete those data points, both statistical outlier 

FIGURE 6 
Graphical user interface of CloudVolume_multibeam. Highlighted features are noise removal (1), thresholding (2), oultier removal (3) and voxel 
dimension input (4).
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removal and radius outlier removal can be applied to the dataset. 
Statistical outlier removal deletes data points based on the standard 
deviation of the distance of a data point to its closest neighbors. If 
that standard deviation exceeds a predefined value, this data point is 
removed (Rusu, 2010). Defining the amount of points to be 
considered for calculating the average distance and the 
threshold value for the standard deviation can be specified in 
CloudVolume_multibeam. Radius outlier removal counts the 

amount of neighboring data points within a certain sphere and if 
that number is smaller than a threshold, the data point is 
removed (Szutor and Zichar, 2023). Radius outlier removal 
requires the definition of the radius and the threshold. Both 
outlier removal methods can be applied several consecutive 
times. In our case, another 10,426 data points have been 
removed by applying the radius outlier removal (at least 
200 neighboring points and a threshold radius of 0.5 m) 

FIGURE 7 
Filtering steps applied in CloudVolume_multibeam. (A) original, (B) removing problematic beam, (C) removing data close to the minimum slant 
range, (D) thresholding and (E) outlier removal. For each step, an abstract ping echogram (left) and the entire point cloud dataset of the northern longline 
(right, Figure 5) are displayed. The data points which will be deleted during each filtering step are displayed in grey, while the remaining data points are 
displayed in purple. In each consecutive filtering step, the data points deleted during the previous step are not displayed anymore: e.g., the grey points 
in part (B) are not displayed anymore in part (C). Finally (part (E)), data points related to the dropper lines and some larger clusters remain.
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followed by statistical outlier removal (minimum of 
200 neighboring data points and a standard deviation of the 
average distance of 2).

All three filtering steps can be repeated until as much unwanted 
data points as possible are removed. Eventually, only data points 
associated with the aquaculture installations should remain. 
However, some larger unwanted clusters of data points can still 
be present (Figure 7E), but can be deleted after clustering (see next 
section). The result of the filtering steps applied within this study is 
visualized in Figure 7E.

3.2.2 Clustering
After filtering, a point cloud dataset of the longline and 

dropperlines remains. To assess the biomass on the individual 
dropperlines, their volume needs to be obtained and clustering of 
the data points into separate entities comprising individual dropper 
lines is necessary. Clustering of data points can be accomplished 
with three different algorithms using CloudVolume_multibeam, 
namely K-means clustering, Gaussian Mixed Model clustering 
and Hdbscan clustering.

The first method is K-means clustering, a relatively simple and 
low computationally-complex method, which groups points into a 
predefined number of clusters based on their proximity to centers of 
intensity (Ikotun et al., 2023). Two metrics can be used to derive 
possible centers of intensity: the distance between the individual 
data points or backscatter intensity. CloudVolume_multibeam uses 
the distance between data points to calculate clusters based on 
K-means clustering.

The second method is Gaussian Mixture Model (GMM) 
clustering, which assigns points to a finite number of clusters by 
considering them as a multi-modal distribution, consisting of a 
combination of Gaussian distributions with unknown parameters 
(Takeda and Kimbara, 2022). GMM clustering methods do not 
require a predefined number of clusters, but in our case the amount 
of dropper lines is known (they can be counted from the beamstack 
profile) and can be provided. Be aware that the longline also needs to 
be considered as a cluster. GMM clustering will divide the data 
points among the predefined amount of clusters.

The third and final clustering method is Hierarchical Density- 
Based Spatial Clustering of Applications with Noise (Hdbscan). 
Hdbscan clustering defines a number of density-based clusters, 
characterized by high densities of data points, surrounded by 
low-density areas (generally considered as noise) and organizes 
these clusters hierarchically (Campello et al., 2020). Hdbscan 
requires the definition of what should be considered as a dense 
area and what the minimum numbers of points per clusters should 
be. The number of clusters cannot be defined.

All clustering methods can be repeated and/or combined until as 
many dropper lines as possible are classified as individual clusters. 
Individual clusters can be saved as individual point cloud files and 
loaded into other applications. Our dataset was divided into clusters 
using Hdbscan with the following settings: (1) at least 100 data points 
are needed to be considered a dense area and (2) 100 data points is the 
minimum cluster size. When applying this clustering method, 
22 clusters are obtained (Figure 8A). Several clusters are clearly 
not dropper lines and can be discarded using the software, leaving 
just 14 clusters as a result (Figure 8B) of which we aim to calculate 
their volume. In Figure 8B, you can see that several dropper lines 

continue to be part of a single cluster. This is mainly because they are 
located very close to each other and do not have a clear separation in 
the data. For these dropper lines, manual separation is possible. One 
of these groups is the red cluster displayed in Figure 8B. A principal 
component analysis of the x, y and z values is performed and 
visualized in Figure 8C. In this 2D display, polygons can be 
drawn around the individual (sub-) clusters to separate them 
(result in Figure 8D). Performing this manual separation method 
for all grouped dropper lines will result in the separation of all 
dropper lines (in our case again clusters), after which volume 
calculations can be performed on them separately (Figure 8E).

3.2.3 Acoustic volume calculation
Several methods exist to derive the volume of point cloud data, 

divided into 3 categories (Ling et al., 2024). (1) Slice-based methods 
slice the data points into individual layers, count the amount of 
points in each layer and integrate the volume of each layer to 
estimate the total volume (Zhou et al., 2021). (2) Voxel-based 
methods divide the three-dimensional space into regular 3D 
voxel grids and the occupied voxels are counted and multiplied 
by the voxel volume to obtain the volume of the object (Bienert et al., 
2014; Moreno et al., 2020). (3) 3D convex hull methods, constructed 
using the α-shape method (Edelsbrunner et al., 1983), calculate the 
volume of an object by summing the positive and negative volumes 
of triangular prisms projected onto a plane.

We decided to estimate the volume of each dropper line 
using the voxel-based method. The voxel size (length of the 
cube’s edge in meters) can be specified in CloudVolume_ 
multibeam (Figure 6). The lower the distance between 
consecutive pings and the lower the inter-sample distance, 
the smaller the voxel size that can be chosen. This approach 
requires a point cloud that is dense enough to yield accurate 
volume estimates. Unfortunately our point cloud is not dense 
enough due to the relatively large distances between consecutive 
pings, 16.5 cm on average, and the relatively large inter-sample 
distance, 10.9 cm on average. Therefore, we densified our point 
cloud using an interpolation method.

3.2.4 Interpolation
Only 3 to 5 pings (depending on the width of the dropper line) 

ensonify each dropper line. Although sufficient for 2D (Figure 3) 
and 3D (Figure 5) visualization, this is insufficient to accurately 
estimate volumes, the error margin would be too large. Therefore, 
CloudVolume_multibeam offers the possibility of interpolation.

For each cluster, the interpolation algorithm generates additional 
points between the point sets of consecutive pings. Each ping is 
represented as an ordered list of 3D points, preserved exactly as they 
appear in the input data. The interpolation pairs points from two 
consecutive pings by their index positions in their respective list, and 
linearly interpolates their 3D coordinates to create a number of 
intermediate points. When the two pings contain a different number 
of points, only pairs up to the length of the shortest list are used. This 
produces a sequence of interpolated points between the original 
pings and results in a densified point cloud for each cluster. This in 
turn decreases the error using the voxel volume estimation method. 
Figure 9 visualizes the interpolation method outlined above. Linear 
interpolation is only possible if the input data contains ping number, 
as this is used by the script to create the ordered lists of 3D points. 
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The amount of interpolations can be specified in CloudVolume_ 
multibeam. In our case, 15 interpolations have been executed.

4 Results and discussion

4.1 Acoustic visualization of 
aquaculture setups

Two longlines and their individual dropperlines can be 
discerned on the 3D visualization (Figure 5). Note the different 
colors of the point data near the bottom of the southern longline 
(green and blueish colors), which result from higher backscatter 

values due to their occurrence beyond the minimum slant range. 
This is a minor fraction of the relevant data points and is mainly 
because these MBWC data points are close to or on the seafloor, 
where the minimum slant range is close to the seafloor (Figures 3, 4). 
Additionally, depending on the distance between the multibeam 
echosounder and the dropper line and the opening angle of the 
multibeam, parts of the longline and a fraction of the upper part of 
the dropper line may not be within the echogram range (Figure 4). 
The result is the absence of the central part of the longline in the 3D 
visualization as can be seen on both longlines in Figure 5.

Nevertheless, the 2D and 3D visualizations are powerful tools for 
aquaculture managers to assess the status of their longlines since 
effective and frequent inspections are crucial for understanding the 

FIGURE 8 
Clustering of the point cloud data resulting from the filtering steps. (A) 22 clusters are obtained after performing HDBscan (settings in text). (B) 
Selection of a grouped cluster for manual separation. (C) The 6 sub-clusters are separated manually by drawing polygons around them. (D) Separated sub- 
clusters after manual clustering. (E) Final view of all separated clusters. Their acoustic volumes can be consulted in Table 2. Note that the clusters attributed 
to the longline were removed.
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structural health of aquaculture setups and being able to assess their 
production capacity. Usually, the ropes of the longline system are 
lifted to measure their extent and conduct sampling at the same time 
(Arantzamendi et al., 2024; Goedefroo et al., 2022). However, this 
technique is rather time consuming and costly, given the large vessel 
and sufficient crew that needs to be foreseen. Moreover, calm sea 
conditions and low currents are required to perform these activities 
and hoisting and handling of the lines leads to mussels getting 
damaged or falling off the lines, altering the biomass on the lines. 
Alternatively, under-water video footage can be difficult to obtain 
given the relatively high turbidity within the Belgian part of the 
North Sea (Baeye et al., 2011; Fettweis et al., 2019). Acoustic 
monitoring of the longline system, using MBWC data, is a 
promising technique which dismisses several of the shortcomings 
of the previously mentioned methods. Acquisition of MBWC data 
does not require larger vessels and adequate crew (even small RHIB’s 
can be used; Figure 2), is far less affected by high turbidity and the 
longline does not need to be physically manipulated, preventing 
damage to the system or loss of mussels during inspection. This 
study proves that MBWC data can visualize the longline in sufficient 
detail (Figure 5).

Other types of acoustic data can also be used to visualize 
aquaculture longlines. A study by Peck et al. (2024), conducted 
within the framework of the Coastbusters 2.0 project, showed that 
also sidescan sonar imagery, acquired using an autonomous 
underwater vehicle (AUV), holds potential to assess the status of 

the same longline system as the one within this study. The use of 
MBWC data however has two main advantages compared to 
sidescan sonar imagery. First, point cloud data can be generated 
from MBWC data, allowing to visualize the setup in 3D, 
compared to the 2D images of the sidescan sonar. Second, 
volume estimates are possible with MBWC data since all data 
is georeferenced and in 3D. Conversely, the sidescan sonar 
imagery of Peck et al. (2024) has two main advantages 
compared to the MBWC data in this study. First, the sidescan 
sonar imagery has a higher range resolution (due to its operating 
frequencies of 455 and 900 kHz) and second, the sidescan sonar 
data allow the entire longline to be visualized at once due to the 
45° opening angles (3 dB angle), the installation angle of both SSS 
transducers at 57° and because the AUV dove below the longline 
(Peck et al., 2024). In our case, the upper parts of the longline 
were not entirely ensonified due to their position outside the 
acoustic swath plane (Figures 3, 5). Using multibeam 
echosounders with higher frequencies (e.g., 700 kHz) could 
help resolve the lower range resolution of the MBWC data 
compared to sidescan sonar data, while tilting the multibeam 
sonar towards the longline, either mechanically or electronically, 
could help visualizing the entire longline at once, eliminating the 
disadvantages of multibeam data compared to sidescan sonar 
data in the future.

4.2 Assessment of longline setup

Within the Coastbusters 2.0 project, seasonal dropper line 
inspection surveys have been undertaken to weigh and measure 
(circumference of top and bottom) selected dropper lines as well as 
to check their integrity (Leinung, 2023; Figure 10). Due to the time- 
consuming and costly nature of the surveys, not all dropper lines 
could be lifted and visually assessed each time, resulting in an 
incomplete view of the setup, often extrapolated using 
assumptions (Figure 10). For aquaculture farmers, who are using 
similar methods, this may result in under- or overestimations of the 
biomass. MBWC data resolves this issue, as a complete visualization 
can be achieved within minutes. BeamworX NavAQ software for 
MBES data acquisition includes a beamstack profile visualization of 
water column data (2D display, comparable to Figure 3), allowing to 
assess the status of the longline immediately by the surveyor. For 
detailed 3D inspection and acoustic volume estimations, processing 
of the data needs to take place, which has to be conducted in the 
office. This can be done using CloudVolume_multibeam.

Comparison of the MBWC data to the dropper line inspection 
survey data closest in time before and after multibeam data 
acquisition (respectively 13/09/2021 and 14/12/2021) reveals 
some interesting findings:

1. Some of the dropper lines (3, 6 and 9) which were observed to 
be lost in December 2021 were already lost at the time of 
multibeam acquisition (October 2021; Figure 10).

2. The SW side of the longline (dropper lines 37, 38 and 39) was 
not checked during the December dropper line inspection 
survey and was assumed intact. However, the MBWC data 
clearly indicate just 2 out of 3 assumed dropper lines are 
present. Based on the distance between them, dropper line 38 is 

FIGURE 9 
Interpolation method used within CloudVolume_multibeam. In 
this figure, four intermediate points (green dots) are created between 
pairs of points within ping N (black dots) and ping N+1 (red dots). The 
same interpolation is executed between all pairs of points 
between consecutive pings of each cluster.
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labelled as missing (Figure 10). In addition, dropper 17 was not 
lifted in September or December and was assumed intact by the 
scientists conducting the dropper line inspection surveys. 
However, dropper 17 is not visible within the MBWC data, 
indicating it was most likely already lost before the multibeam 
survey of October.

These examples indicate one of the main advantages of 
MBWC data compared to the traditional methods: a complete 
overview of the longline is obtained within minutes and no 
assumptions are necessary. Without the MBWC data, the fact 
that the dropper lines mentioned above are missing could only 
be observed in December 2021 or could even continue to be 
assumed intact if they are not lifted or counted properly in the 
following dropper line inspection surveys. Also entanglements 
of dropper lines are immediately visible (e.g., dropper lines 
13 and 14; Figure 10). In essence, MBWC data provides a 
much more accurate overview of the status of the longline 
setup, compared to manual inspection surveys.

4.3 Acoustic volume estimates

After interpolating 15 times between consecutive pings and 
using voxels with edges of 5 cm, the obtained acoustic volumes 
are between 0.21 m3 and 1.21 m3 (Table 2). These are realistic values 
given the circumferences specified in Table 1 and the length of the 
dropper lines at the time of installation, which was 3 m. Since, exact 
volume measurements of the biomass on the dropper lines are not 
available, the determination of an error margin for the applied 
method is not possible though.

A number of options could be explored to improve the volume 
estimations. These include:

4.3.1 Reduce sidelobe interference
All data beyond the minimum slant range have been deleted for 

volume estimations since thresholding is based on backscatter values 
and all backscatter values beyond the minimum slant range are 
affected by sidelobe interference (Hughes Clarke, 2006; Urban et al., 
2017; Liu et al., 2019; Schimel et al., 2020). Several studies and scripts 

FIGURE 10 
Comparison of the dropper line inspection survey data before (13/09/2021) and after (14/12/2021) acquisition of the MBWC data (10/10/2021). 
Dropper lines not inspected, but assumed intact are displayed as dashed lines. Lost dropper lines have their numbers displayed in red. On 14/12/2021, 
dropper line 38 and 17 (circled in red) were assumed intact, but MBWC data indicate they were actually already lost. The colors of the dropper lines indicate 
their fabric, while their bases either consist of concrete, rock, metal or cemIIc (Narimane et al., 2020).
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already exist to reduce the effect of sidelobe interference (Nau et al., 
2025; Schimel et al., 2020; Liu et al., 2019), but none of them 
completely suppress or filter the sidelobe signal. This means that 
although the sidelobe effect will be reduced, the backscatter values 
above and beyond the minimum slant range will still be slightly 
different and thresholding based on backscatter values will still be 
affected. Range-dependent threshold levels or object-detection 
algorithms could be explored to improve the detection of the 
dropper lines within the MBWC-generated point cloud data.

4.3.2 Improve the data density
Theoretically, improving the acoustic volume estimates can be 

achieved by improving the data density in all 3 dimensions; along- 
track (distance between consecutive swath planes), across-track 
(inter-beam distance) and range (inter-sample distance). This 
would enable to reduce the amount of interpolations, or even 
completely render them superfluous, allowing to use smaller 
voxel sizes, eventually yielding more accurate acoustic volume 
estimates. The along-track data density can be improved by using 
multibeam echosounders which allow to record MBWC data at 

higher ping rates, without compromising the inter-sample and inter- 
beam distance. Since the dropper lines are usually in the range 
between 1 and 5 m (Figure 3), theoretical ping rates of 150 Hz could 
be used. However, most modern multibeam echosounders have a 
maximum ping rate of 50 Hz or 60 Hz (e.g., Kongsberg, 2025; 
Norbit, 2025; R2sonic, 2025; Teledyne Reson, 2025), setting a 
practical threshold. The across-track data density can be 
improved by generating more beams and reducing the swath 
opening angle as much as possible. The inter-sample distance 
can be improved by using multibeam echosounders with a higher 
sampling frequency. Finally, using multibeam echosounders with 
smaller beamwidths will improve target separability in the angular 
dimension (across-track). This will enable to define the edges of the 
dropper lines in the MBWC data better and will improve the 
acoustic volume estimates as well.

4.3.3 Adopting alternative volume 
estimation methods

The approach used in this study is comparable to Nau et al. 
(2025), where the volume of kelp was calculated based on 
multiplying the average height of kelp above the seafloor with 
the surface of the grid resolution. However, alternative methods 
to calculate volumes based on point cloud data could be explored to 
improve the volume estimations. Possible methods include the 
mentioned slice-based or 3D convex hull-based methods (Ling 
et al., 2024). This inherently involves comparing the acoustic 
volumes obtained using MBWC data to independent volume 
data of the biomass on the dropper lines, allowing to derive the 
error margin of the method. Since actual volumes of the biomass on 
the dropper lines are not available, error margins cannot be 
determined and volume methods not compared. Future projects 
should focus on obtaining these independent, actual volumes of the 
biomass on the dropper lines.

5 Conclusion

This paper demonstrates that aquaculture longline systems can 
be monitored using MBWC data and that acoustic volume 
assessments of the biomass on individual dropper lines can be 
obtained. Using the CloudVolume_multibeam software, one can 
filter the data, cluster the dropper lines, interpolate data points if 
needed and perform acoustic volume estimations using voxels.

Since mussel aquaculture accounts for about 94% of the world’s 
mussel production (Avdelas et al., 2021), MBWC data holds a huge 
potential for process optimization and profit increases. MBWC data 
provides aquaculture managers with a novel tool, based on an 
already-existing and widely-distributed multibeam technology. 
Indeed, multibeam echosounders are installed on many research 
and industrial vessels and can be mounted on small workboats, 
operated by a 2-person crew. The data can be acquired in a matter of 
minutes (depending on the vessel speed and the length of the 
longline system) and immediate assessments can be made 
onboard with recent acquisition software. By using the novel 
CloudVolume_multibeam software, acoustic volume estimation 
can be performed, providing aquaculture managers with a tool to 
assess the biomass of the setup. Future improvements and cost- 
reducing steps include the usage of unmanned surface or 

TABLE 2 Acoustic volumes, using voxels with edges of 5 cm, of the identified 
dropper lines. Cluster numbers refer to the numbering in Figure 8, while 
dropper line numbers refer to the labels in Figure 10.

Dropper line 
number

Cluster 
number

Acoustic 
volume (m3)

45 1 1,21

44 2 1,06

43 3 0,92

33 4 0,99

32 5 0,87

31 6 0,91

30 7 0,90

29 8 0,79

28 9 0,68

26 10 0,92

25 11 0,73

41&42 12 0,64

40 13 0,75

21 14 0,57

20 15 0,54

19 16 0,49

18 17 0,41

16 18 0,60

15 19 0,52

13&14 20 0,30

39 21 0,21

37 22 0,28
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autonomous underwater vehicles for the acquisition of the MBWC 
data, improved filtering and clustering steps within CloudVolume_ 
multibeam and more precise acoustic volume estimations.
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