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ABSTRACT
Aquatic vegetation (AV) mapping is an important component of ecosystem-based management
of coastal marine environments. A large portion of Newfoundland’s coastal areas is covered by
different AV types, which should be correctly mapped using recent advanced technologies. In
this regard, remote sensing (RS) datasets, such as those acquired by a light detection and ranging
(LiDAR) system, are great resources to accurately discriminate different AV. Therefore, in this
study, bathymetric LiDAR data were used within an RS method to classify AV over Pistolet Bay
and Bonne Bay on the west coast of Newfoundland. An unsupervised object-based classification
algorithm was developed for this because reliable in-situ data (i.e., field survey GPS points),
required for a supervised classification, were not available. Several post-processing steps were
finally performed to reduce the errors and increase accuracy. It was visually observed that the
accuracies of the produced AV maps were reasonable considering the limitations of the provided
in-situ and LiDAR data. Moreover, the produced map of Pistolet Bay was compared with
48 reference samples of the eelgrass, rockweed, and non-vegetation classes, generated using
Google Earth imagery. The results showed that 69% of the samples (33 samples) were correctly
classified, indicating the high potential of the developed RS method for AV classification. Finally,
several suggestions, including validating the results using in-situ data and utilizing better LiDAR
data, were provided to improve the results in future studies.
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INTRODUCTION
Coastal marine environments are rich in
biodiversity and form habitats that are populated
by various types of flora and fauna. These
environments are vulnerable to the effects of
climate change and human-induced threats, such
as the introduction of aquatic invasive species,
fishing and aquaculture, as well as shipping and
marine recreational activities [Klemas, 2016;
Koch, 2001; Wedding et al., 2008]. Therefore,
it is important to monitor these valuable
natural resources. In particular, macroalgae and
seagrasses are important components of coastal
habitats as they enhance productivity, add
habitat complexity, and function as nursery and
rearing habitat for marine organisms [Teagle et
al., 2017; DFO, 2009; 2013]. Changes to their
community composition may also be reflective
of influences of anthropogenic activities on the
marine environment [Wells et al., 2007]. In this
regard, one of the important steps is aquatic
vegetation (AV) mapping using advanced
techniques.
AV mapping can be generally conducted
using field surveys and remote sensing (RS)
methods. Although field survey is the most
accurate approach for AV mapping, it has
several limitations. For instance, field surveys
can be time-consuming, costly, dangerous, and
even sometimes impossible in inaccessible
coastal environments. Additionally, they
typically cover small areas and are discrete
data points, requiring the user to interpolate
the data gaps between locations. However,
RS offers timely, cost-effective, and safe tools
for AV mapping and monitoring purposes in
almost any place in the world [Bostater, Jr. et
al., 2004; Rowan and Kalacska, 2020].
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Three types of RS datasets can be mainly used
for AV mapping: optical, sound navigation
and ranging (sonar), and dight detection and
ranging (LiDAR). Each of these systems has
its own advantages and disadvantages [Klemas,
2016]. For example, although optical satellite
data are very cost-efficient and have few
post-processing requirements, the accuracy
highly depends on water quality and can only
be used on non-cloudy days and over shallow
water bodies [Ghirardi et al., 2019; Klemas,
2016]. Moreover, although sonar systems (e.g.,
multibeam echo sounder) have the potential
to be used for accurate definition of seafloor
habitat mapping, these systems usually lose
efficiency as the water depth increases and
the corresponding data require complex postprocessing and interpretation steps. Sonar
systems which are usually mounted on ships
may not be able to easily access nearshore
areas [Bio et al., 2020; Greene et al., 2018].
Finally, LiDAR systems provide relatively
cost-effective datasets with a high spatial
density. Various bathymetric LiDAR systems
can reach wide ranges of depths (up to 70 m).
However, the post-processing of LiDAR data
can also be relatively time-consuming and
the accuracy depends on the water condition
[Collin et al., 2011; Wedding et al., 2008].
In western Newfoundland, many coastal
environments can be challenging to map due
to inaccessibility or lack of both high-quality
sound and very high-resolution optical satellite
data. However, bathymetric LiDAR data can be
effectively used to characterize coastal habitats
and can overcome some of these challenges.
Therefore, through this study, we developed
a machine learning algorithm to classify
different AV in Bonne Bay and Pistolet Bay on
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the west coast of Newfoundland. To this end,
we processed the bathymetric LiDAR data,
and created several products to be used in the
classification. The details of the methodology,
analysis, and results along with several
suggestions to improve the analysis in the
future are provided in the following sections.
STUDY AREA AND DATA
Study Area
The study areas are Pistolet Bay and Bonne
Bay, located on the island of Newfoundland
(Figure 1). Pistolet Bay is located on the
northern tip of the Great Northern Peninsula,
with the approximate central geographical
coordinates of 51° 33′ N, 55° 48′ W. Pistolet
Bay can be categorized as fairly shallow
throughout, with several rivers and estuaries
along its coastline. It has a rugged coastline
that ranges from exposed bedrock to multiple
sandy beaches.
With the central geographical coordinates of 49°
33′ N, 57° 55′ W, Bonne Bay is located on the
western side of Newfoundland and is adjacent
to Gros Morne National Park. It is a naturally
deep bay surrounded by steep mountains. The
steep and rocky terrain extends into the water
in many places and, thus, there are often steep
drop-offs in the water adjacent to the shoreline.
AV Classes
There are different types of AV over the study
areas. However, based on the discussions with
several scientists, Kelp, Eelgrass, Irish Moss,
and Rockweed are commonly found over these
two study areas. Therefore, these four AV were
initially used in this study. The characteristics
of these four AV types are described below.
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Figure 1: The locations of the study areas (Pistolet Bay and
Bonne Bay).

It should be noted that these characteristics
vary at different locations and in the reports
by different research studies. Therefore, the
characteristics which are potentially useful
for the purpose of this study are summarized.
These characteristics were obtained from
discussions with several biologists who were
familiar with the study areas as well as the
following references: [DFO, 2009, 2013; Slater
Museum of Natural History, n.d.; OCEANA,
n.d.; Canadian Encyclopedia, n.d.; University
of Maine, n.d.; Vandermeulen, 2005].

•

•

Kelp (e.g., Laminaria sp.): (1) it usually
grows at depths between 5-30 m; (2) its
height is usually more than 1 m; (3) it can
grow on rock, scallops, horse mussels,
gravel, and mud bottoms; (4) it usually
grows in subtidal zones in Newfoundland.
Eelgrass (e.g., Zostera marina): (1) it
usually grows at depths of 1-5 m, but can
be sometimes observed at deeper areas as
well; (2) its height is usually between 0.2-
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•

•

1.5 m; (3) it usually grows on sand, mud,
and pebble bottoms; (4) it usually grows in
subtidal zones.
Irish Moss (e.g., Chondrus crispus): (1)
it usually grows at depths of 1-2 m; (2)
its height is usually less than 0.2 m; (3)
it usually grows on rocks near coastlines;
(4) it usually grows in intertidal to shallow
subtidal zones and it can move around.
Rockweed (e.g., Ascophyllum nodosum):
(1) it usually grows at depths of 0-3 m;
(2) its height is usually between 0.2-0.5
m. However, rockweeds with the height of
less than 0.2 m or between 0.5-1 m have
been also observed in some regions and
conditions; (3) it usually grows on rock
and boulder bottoms near coastlines; (4)
it usually grows in intertidal to shallow
subtidal zones.

Considering the presence of other AV and nonvegetated areas over the study areas, as well as
the challenges of correctly identifying the four
main AV discussed above, the final AV classes
which were used in this study were Eelgrass,
Eelgrass/Kelp, Eelgrass/Other Vegetation,
Eelgrass/Rockweed, Non-Vegetation, NonVegetation/Irish Moss, and Rockweed. It
should be noted that having two different types
of AV in a single class means that the area can
be either of the two classes. For example, if
an area is classified as Eelgrass/Kelp, it means
that the area could be Eelgrass or Kelp.
Reference Data
Although some public reference data were
available from the study areas, there were
several problems associated with those data.
The first issue was that only a small part of
each study area was covered by the available
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field data. However, the larger issue was in
the data themselves, which comprised large
polygons representing AV types. Several
polygons overlapped each other to a large
extent, making them ineffective for identifying
one type of AV from another. Field data to be
used in a classification should represent one
species and would ideally be discrete point
data instead of polygonal areas. As a result,
it was not possible to use these datasets for
their intended purpose of training a supervised
classification in this study.
Based on the above explanation, an
unsupervised classification algorithm was
developed for AV mapping, for which there
is no need for reference/ground truth data.
However, to perform accuracy assessment,
we investigated the Pistolet Bay area using
the visual interpretation of the multi-temporal
high-resolution Google Earth images, and
several areas of Eelgrass, Rockweed, and
Non-Vegetation (e.g., mud, bedrock, and sand)
were identified. Figure 2 demonstrates the
distribution of these reference samples over
Pistolet Bay. In total, seven, 23, and 18 samples
of Eelgrass, Rockweed, and Non-Vegetation
were generated, respectively. These reference
samples were used in the statistical accuracy
assessment of the produced maps.
LiDAR Data
LiDAR data were collected over both Pistolet
Bay and Bonne Bay. The start and the end date
of bathymetric data collections were August
15, 2017, and November 1, 2017, respectively.
The positional and sounding accuracies of
the data have been reported to be 0.1 m and
0.25 m, respectively, and the spatial resolution
of the data was 5 m. Figure 3 illustrates the
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Figure 2: The locations of the visually selected reference samples.

LiDAR data coverage over these two study
areas. As is clear from the image, the coverage
of water bodies over Pistolet Bay was higher
than that of Bonne Bay, due to the shallower
depths in Pistolet Bay.
METHODOLOGY
The flowchart of the method to produce the
object-based AV maps for both study areas
using the LiDAR data is illustrated in Figure 4.
The detail of each step is also provided below.
1. The LiDAR point cloud data were provided
in the LASer (LAS) format, which is an
industry-standard binary format for storing
airborne LiDAR data with a low size. In the
first step, a LAS dataset was created from the
LiDAR data for each of the study areas, and
the correct datum (NAD 1983) and projection
(UTM 21N) were assigned to the data. Then,
the LAS point files were processed to generate
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several LiDAR raster products which contained
useful information (e.g., AV height and digital
elevation model (DEM) for AV mapping).
These LiDAR products are illustrated in Figure
5 for the selected area indicated in Figure 3A
and are briefly described below. Each of these
products contains specific information, where
combining them within a machine learning
algorithm would improve the accuracy. It is,
finally, worth noting that there were some
flight line artifacts in the LiDAR data (see
Figure 5E as an example) which caused a
limitation in AV classification model. Since
the data were provided as post-processed
but unclassified LAS files lacking trajectory
information, we were not able to redo any
post-processing of the LiDAR points to remove
these flight line artifacts.
o DEM: DEM shows the elevation of
land surface or ocean floor for each 		
resolution cell. Since each resolution cell
in LiDAR data contains several returns,

Copyright Journal of Ocean Technology 2021

Figure 3: The coverage of LiDAR data
(digital elevation model (DEM)) over
(A) Pistolet Bay and (B) Bonne Bay. The
area indicated by “A” was selected to
illustrate the zoomed imagery of different
LiDAR products in Figure 5.

(A) Pistolet Bay

(B) Bonne Bay
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Figure 4: The flowchart of the classification model for aquatic vegetation (AV) mapping.
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Figure 5: A part of the Pistolet Bay study area (Region A in Figure 3) along with the LiDAR parameters which were used in this study for
aquatic vegetation (AV) classification.
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DEM can be calculated from the average
(Figure 5B), minimum (Figure 5C), and
maximum (Figure 5D) returns. In this
study, all three DEMs were created from
the LiDAR data. The minimum DEM
products can be used to estimate ocean
depth, especially over non-vegetated areas.
The difference between the DEM derived
from the maximum and minimum returns
was also generated (Figure 5E). This
product is an indicator of the AV heights.
o Slope and Aspect: Slope and Aspect
are created from the DEM. Slope shows
the rate of the change of elevation and
Aspect demonstrates the direction of slope.
In this study, slope (Figure 5F) and aspect
(Figure 5G) were generated from the DEM
of the average return.
o Curvature: The curvature function
displays the shape or curvature of the slope
and shows its concavity or convexity. The
curvature parameter was also derived from
the DEM of the average return (Figure 5H).
o Bathymetric Position Index (BPI):
This index is a second derivative of the
DEM and is a measure of the elevation
change of a set of cells in DEM relative to
its surroundings (Figure 5I).
o Intensity: Intensity of LiDAR data was
also used to improve the accuracy of
classification (Figure 5J). Intensity indicates
the strength of the return pulse. Since
different AV types result in various strengths
due to several factors, such as density and
canopy structure, Intensity can be effectively
used for AV discrimination. In fact, 		
Intensity was the most useful layer
for AV mapping within the developed 		
machine learning algorithm in this study.
2. The land areas were masked and only
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LiDAR products over water bodies remained
for the classification.
3. All the LiDAR products were overlayed
and a single mosaic image over water bodies
with nine layers was produced. These layers
were the minimum, maximum, average,
and difference between maximum and
minimum returns of LiDAR data, as well as
slope, aspect, curvature, BPI, and intensity.
This mosaic image was the input for the
classification model.
4. It has been widely reported that a
supervised classification algorithm provides
more accurate and more reliable results
compared to unsupervised methods [Mahdavi
et al., 2018]. This is true, but only when
the field data used to train the supervised
classification are highly accurate and are
collected within a relatively short time before
or after the collection of the LiDAR or other
RS data used in the model. Consequently,
considering the lack of in-situ data for
conducting a supervised classification,
an unsupervised classification method
was implemented in this study. To this
end, the mosaicked image was fed into an
unsupervised classification algorithm, called
the Iterative Self-Organizing Data Analysis
Technique (ISODATA). ISODATA calculates
the average of the classes evenly distributed in
the data space, and classifies the pixels based
on their distance to the class centres. Based
on the pixels assigned to a class centre, new
means are calculated. This process continues
until a convergence is reached [Geoffrey and
Hall, 1965].
5. Although an unsupervised classification
algorithm divides the imagery into spectrally
similar categories, it does not provide the
label of classes and requires the modeller
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to identify the ground or seabed feature in
each class. Therefore, in this study, based on
the characteristics of AV, as well as visual
interpretation of Google Earth images, labels
of different categories were assigned.
6. It has been extensively argued that objectbased methods are superior to pixel-based
algorithms for classification. One of the
reasons is that the outputs of object-based
classification methods are closer to real-world
objects. Moreover, the classification does
not have a noisy structure because single
or a few pixels with very high or very low
values were merged within larger segments.
Therefore, in this study, an object-based
classification method was implemented.
In an object-based method, the first step is
segmenting the study area. To this end, the
multi-resolution segmentation algorithm,
available in the eCognition software (https://
geospatial.trimble.com/products-andsolutions/ecognition), was applied to segment
the study areas into homogenous objects.
This algorithm is a bottom-up region merging
technique that groups neighbouring pixels
based on the homogeneity criteria [Baatz and
Schape, 2000].
7. After producing both classification and
segmentation, they were automatically fused
using the majority voting method. Figure 6
illustrates the procedure of the fusion through
majority voting.
8. To improve the accuracy of the produced
object-based map, several post-processing
steps were performed. For example, the
produced maps were compared to the multitemporal high resolution Google Earth imagery
and the label of the classes were revised where
there was a misclassification.
9. Finally, the accuracy of the map was
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assessed both visually and statistically using
Google Earth imagery and the reference data,
respectively.
RESULTS
Figure 7A,B illustrates the initial unsupervised
pixel-based classifications of Pistolet Bay
and Bonne Bay using 20 and 15 categories.
A zoomed area from Pistolet Bay is
also demonstrated in Figure 7C to show
more details in these maps. The maps are
significantly noisy and contain no information
about different AV classes over the study areas.
Furthermore, the flight line artifacts are clear
in these maps (see Figure 7C). These, in fact,
show the importance of the subsequent process
(i.e., labelling the classes, generating the
object-based maps, and post-processing of the
maps) to produce more accurate AV maps.
Figure 8 shows the final classified AV maps of
both study areas obtained from the proposed
classification model. A zoomed area of
the map from Pistolet Bay, along with the
corresponding very high-resolution Google
Earth image, are also provided in Figure 9.
The accuracies of these classified maps were
visually assessed by comparing them with
the high-resolution Google Earth images,
and it was observed that the identified areas
had a good match with the detectable AV
types in the study areas. Moreover, it was
observed that the produced final maps had
more accuracy and are less noisy compared
to the initial unsupervised pixel-based maps
(compare Figure 7, Figure 8, and Figure 9).
The areas of different AV classes were also
calculated from the final classified maps and
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Figure 6: The procedure
for fusing the pixel-based
classification and segmentation
through the majority voting
method to obtain an object-based
aquatic vegetation (AV) map.
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Figure 7: Unsupervised pixelbased maps of (A) Pistolet
Bay and (B) Bonne Bay. (C) A
zoomed map from Region “A” in
Figure 7A to illustrate the visual
accuracy of the maps.

Copyright Journal of Ocean Technology 2021

The Journal of Ocean Technology, Vol. 16, No. 3, 2021 87

Figure 8: Aquatic vegetation (AV) maps of (A) Pistolet Bay and (B) Bonne Bay.
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(A)

(B)

Figure 9: (A) A
zoomed image
from the aquatic
vegetation (AV)
map of Pistolet
Bay (Region A in
Figure 8) along
with the (B) very
high-resolution
Google Earth
imagery acquired
in March 2020 to
demonstrate the
visual accuracy of
the maps.
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the results are reported in Table 1. In Pistolet
Bay, most areas are dominated by Eelgrass/
Other Vegetation (58.19 km2), Eelgrass (37.30
km2), and Non-Vegetation (30.27 km2). In
Bonne Bay, Eelgrass/Other Vegetation (5.41
km2) and Eelgrass/Kelp (3.65 km2) had the
highest coverages.

to produce accurate AV maps. While the
overall accuracy of the classification was
reasonable, there were several limitations
which prevented a better accuracy. In this
section, these limitations along with several
suggestions were provided to produce more
accurate results in future studies.

Table 1: Area of each aquatic vegetation (AV) class obtained from the produced maps for Pistolet Bay and Bonne Bay.

The accuracies of the maps were also
statistically assessed using the generated
reference samples and the results are provided
in Table 2. To this end, the labels of the classes
in the AV maps were compared with those of
the reference samples. It was observed that
five, 12, and 16 samples out of the seven, 23,
and 18 samples of the Eelgrass, Rockweed,
and Non-Vegetation were correctly identified,
respectively. Therefore, the accuracy of the
detection for the Eelgrass, Rockweed, and
Non-Vegetation classes were, respectively,
71%, 52%, and 89%. Although the accuracy
of the Rockweed class was relatively low,
which was mainly due to misclassification
with the Non-Vegetation class, these levels
of accuracies were high considering the
limitations of this study.
LIMITATIONS AND SUGGESTIONS
In this study, an RS method was implemented
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One of the main limitations was related to
the lack of in-situ data. As discussed,
supervised classification algorithms require
in-situ data (ideally point data) and provide
higher classification accuracies compared to
unsupervised methods. Additionally, a
portion of available in-situ data are typically
reserved to use as validation in postclassification accuracy assessments. Therefore,
future studies should first aim to collect
ample reliable in-situ samples representing
the AV types of interest. The samples
should represent locations of homogeneous
AV classes (i.e., only eelgrass). High
quality imagery from drone surveys would
complement future AV characterizations and
have advantages for work in more inaccessible
environments. The availability of in-situ data
will also facilitate a comprehensive accuracy
assessment on the maps and will properly
reveal the confusion between different classes
and limitations of the maps.

Copyright Journal of Ocean Technology 2021

Table 2: The reference samples and their identified labels in the classified aquatic vegetation (AV) map of Pistolet Bay.
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As discussed, there were some flight line
artifacts in the raw LiDAR data (Figure 5).
These artifacts are a result of the trajectory
post-processing of the raw LiDAR points
after the aerial data collection is complete.
Although it was tried to improve this error with
the classification model, these artifacts caused
considerable misclassifications in the produced
maps. Acquiring higher quality data in future
studies will help to reduce these uncertainties.
Another issue with the LiDAR data was the
relatively lower vertical accuracy (i.e., 25
cm). It is well-known that there are many AV
types, such as Irish Moss, with heights less
than 25 cm. This was, in fact, the main reason
that Irish Moss was not detected as a separate
class in this study. Therefore, to identify short
vegetation such as Irish Moss in future studies,
other remote sensing products should be
explored which could provide higher vertical
accuracy. Finally, it is suggested to acquire
LiDAR data between August and September,
which is the peak growth of AV.
Although the four main AV classes were
considered in this study, it is obvious that
there are additional types of AV throughout
these areas. Neglecting these classes in
the classification model was also another
limitation of this study. Therefore, in future
studies, an investigation should first be
performed to identify the dominant AV types
in the areas and collect enough in-situ data
from those classes. Additionally, the single
non-vegetation class would benefit from
splitting into different non-vegetation classes
to improve the reliability of the final maps.
As discussed, there are inconsistencies in the
definition of the characteristics of a single
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AV type and there is no comprehensive study
about the ecological characteristics of various
AV types in these areas. In this study, the
labelling of the categories in the unsupervised
classification were performed using visual
interpretation, which has a limitation, and the
AV characteristics, which were not consistent
in the literature. Therefore, using these
methods to identify the type of AV caused
several misclassifications. If in-situ point data
are available and a supervised classification
is utilized in future studies, the corresponding
uncertainties will be resolved.
Finally, another approach to improve the
classification results is utilizing other types
of RS data, including very high-resolution
optical (e.g., multispectral satellite) and sonar
data. Moreover, very high-resolution drone
imagery can be also effectively used over
relatively small areas. Each of the LiDAR,
multispectral satellite, sonar, and drone
datasets have their own advantages for AV
classification and combining them will result
in a higher classification accuracy. However,
it should be noted that using all of these
datasets will increase the cost and, thus, an
optimum option should be selected based on
the budget and level of accuracy.
CONCLUSION
Coastal marine environments are indicators
of biodiversity and are habitats for several
types of flora and fauna. These environments
are negatively impacted by various natural
and anthropogenic threats and, therefore, it
is important to be monitored using advanced
techniques. In this study, several AV were
classified using a machine learning algorithm
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and bathymetric LiDAR data. It was
observed that the results were reasonable
considering several limitations that existed
to obtain a high classification accuracy. It
was also suggested to use reliable in-situ and
LiDAR data, as well as very high-resolution
satellite or drone imagery to obtain more
accurate results in future studies.
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