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ABSTRACT:

In recent years, there has been an increasing interest to use high-resolution multibeam dataset and Species Distribution Modelling
(SDM) for seagrass habitat suitability model. This requires a specific variable derived from multibeam data and in-situ seagrass
occurrence samples. The purpose of this study was (1) to derive variables from multibeam bathymetry data to be used in seagrass
habitat suitability model, (2) to produce seagrass habitat suitability model using Maximum Entropy (MaxEnt), and (3) to quantify the
contribution of each variable for predicting seagrass habitat suitability map. The study area was located at Merambong Shoal,
covering an area of 0.04 kmz, situated along Johor Strait. First, twelve (12) variables were derived from bathymetry data collected
from multibeam echosounder using Benthic Terrain Modeller (BTM) tool. Secondly, all variables and seagrass occurrence samples
were integrated in MaxEnt to produce seagrass habitat suitability map. The results showed that the Area Under Curve (AUC) values
based on training and test data were 0.88 and 0.65, respectively. The northwest region of survey area indicated higher habitat
suitability of seagrass, while the southeast region of survey area indicated lower suitability. Bathymetry mean found to be the most
contributed variables among others. The spatial distribution of seagrass from modelling technique agreed with the previous studies
and they are found to be distributed at depths ranging from 2.2 to 3.4 meters whilst less suitable with increasing of water depth. This
study concludes that seagrass habitat suitability map with high-resolution pixel size (0.5 meter) can be produced at Merambong
Shoal using acoustic data from multibeam echosounder coupled with MaxEnt and underwater video observations.

1. INTRODUCTION species given presence occurrence data and derivatives assumed
to influence its distribution (Wilson et al., 2011; Peterson et al.,
2011; Solhjouy Fard et al., 2013). Maximum Entropy (MaxEnt)

(Phillips et al., 2004b) is one of the methods that is widely used

1.1 Seagrass

Seagrass species are the most valuable ecosystem in the world
(Costanza et al., 1997). Seagrass provides a variety of
ecosystem functions and services to the marine ecosystem such
as food sources and habitats for others benthos (Pu and Bell,
2017). Seagrass has been recognised as an important species for
health and nutrients of estuarine system, reducing currents and
erosion phenomena, and providing habitats for fish and shellfish
species (Zimmerman, 2003).

Nevertheless, this species experiencing reduction worldwide in
recent year (Duarte, 2002) due to human activity which causes
physical damage and water quality deterioration. Marine
biodiversity around the globe has being degraded and collapse
as a result of anthropogenic activities (Jackson et al., 2001;
Halpern et al., 2008). Preservation and conservation of seagrass
habitats are important to sustain coastal ecosystem health. Thus,
it is accountable and become a priority to any agencies, coastal
management and bodies to monitor seagrass habitats (Pu et al.,
2010). Therefore, seagrass distribution mapping is important
task to address these issues.

Various Species Distribution Model (SDM) methods have been
used to produce habitat suitability models at fine-scale by using
Multibeam Echosounder (MBES) data (Monk et al., 2010;
Zapata-Ramirez et al., 2014; Guinotte and Davies, 2014; Ross
et al., 2015) SDMs are used to predict the geographic range of a

to predict the species distribution. MaxEnt has proven as a
powerful modelling algorithm to predict the species distribution
(Rebelo and Jones, 2010; Elith et al., 2011; Sarda-Palomera et
al., 2012; Garcia et al., 2013; Marcer et al., 2013; Qin et al.,
2017; Hashim et al., 2017).

To produce habitat suitability model for seagrass, SDM needs
variables such as bathymetry from MBES. Most of these
variables are derived to capture the seafloor morphology and
proxy to habitat distributions (Diesing et al., 2014; Che Hasan
et al., 2014; Subarno et al., 2016; Boswarva et al., 2018;
lerodiaconou et al., 2018). One of the tools is Benthic Terrain
Modeller (BTM) to classify benthic environment especially
seafloor geomorphology features (Walbridge et al., 2018).
Specifically, BTM allow users to derive various bathymetry
derivatives from MBES bathymetry and each of the derivative
represent unique features, most likely related to the population
of particular species.

The objectives of this study are; (1) to derive bathymetric
derivatives from MBES bathymetry data, (2) to produce
seagrass habitat suitability map using Maximum Entropy
(MaxEnt) combined with MBES data, and (3) to determine the
most important variables for predicting seagrass habitats
distribution.
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2. METHODS
2.1 Study Area

The study area encompassed 0.04 kilometres square, off
Merambong shoal, located at the south western coast of Straits
of Johor in the Pontian district, Johor, Malaysia (Figure 1).
Seagrass habitats in this area have diverse species assemblage
completely adapted to an assortment of submerged life such as
vertebrates (fishes), invertebrates (shrimps and starfish) and
seaweeds (Sabri et al., 2013b). Seagrass also acts as the primary
food source for species as vulnerable dugongs or sea cows
(Dugong dugon), seahorses (Hippocampus spp.) and
endangered green turtles (Chelonia mydas) (Bujang et al., 2006;
Hearne et al., 2019).

Johor Baharu

Pulai River

Study Area

Pulau Kukup Pulau Merambong

Figure 1. Location of study area.

2.2 Bathymetry Data

The bathymetry data collection was conducted from 4 April
2016 until 17 April 2016 using a side-mounted WASSP WMB-
3250 Multibeam Echosounder (MBES) system which is
designed to operate at shallow water environment. The MBES
was integrated with a Fugro ‘‘Starfix G2+’ Differential GPS
system for positioning system and navigation purposes. The
patch test calibration was conducted for heave, pitch, roll and
yaw corrections. Real-time navigation, data-logging, quality
control and display were provided by the QINSy software. The
Minos Sound Velocity Profiler was used to measure the actual
speed of sound propagated in the water column and correction
for the actual depth.

The raw MBES bathymetry data was processed in Qimera, and
HIPS and SIPS to obtain gridded bathymetry. The cleaning and
filtering process were applied to the raw MBES bathymetry data
to eliminate systematic and random errors such as roll, pitch,
and heading errors, positioning errors, height errors, and
latency. The spikes and noises from the raw MBES bathymetry
data were removed in order to have high quality of gridded
bathymetry. The outcome of the acoustic data processing was
gridded bathymetry and then was exported as a raster format for
subsequent process. The spatial resolution of gridded
bathymetry was 0.5 meters.

2.3 Seagrass Occurrence Data

The seagrass occurrence data have been recorded across MBES
surveyed area around Merambong Shoal using GoPro Hero 4.
The GoPro Hero 4 was mounted on a customised cage as a
ballast to provide video evidence (Figures 2 & 3). The recorded

video data was classified according to seagrass occurrences
based on dropping locations. The samples were georeferenced
using coordinate recorded by Fugro ‘‘Starfix G2+* Differential
GPS system. The final seagrass occurrence data includes five
(5) presence and four (4) absence points (Table 1). In this study,
MaxEnt requires presence-only data to produce seagrass habitat
suitability model and therefore absence data was not used.

Figure 2. Visual in-situ sampling using GoPro Hero 4 mounted
on a customize cage.

Figure 3. Sample image recorded by GoPro Hero 4.

1D Seagrass Depth
Occurrence | (meter)
X1 Presence 3.25

X3 Absence 4.55
X4 Absence 5.26
X5 Presence 3.33
GS2 Presence 2.40
GS5 | Presence 3.33
GS8 | Presence 2.76
GS10 | Absence 3.88
GS13 | Absence 5.26
Table 1. The in-situ samples used in this study.

2.4 Sediment Data

Sediment types play a significant role in determining the
suitability of seagrass habitat. Sediment sampling has been
conducted across MBES surveyed area around Merambong
Shoal using Van Veen Grab sampler. The samples were
georeferenced using coordinate recorded by Fugro ‘‘Starfix
G2+ Differential GPS system. All sediment samples were
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analysed using Particle Size Analysis to determine sediment
types. The final sediment samples data were recorded with
sediment composite percentage for each sample point (Table 2).

ID | Clay | Silt Sgn Gravel
xt | 17 | 30| 46 7
X3 14 78 8
xa | 12 [18] 10 0
X5 8 78 | 14
Gs2 | 9 |20 | 6 5
GS5 9 85 6
Gss | 6 [20] 58 | 16
GS10 12 85 3
Gs13 1 80 9

Table 2. The sediment samples used in this study and their
composite percentage (%). The bold values highlighted the
percentage % of sand are the highest amongst other samples.

2.5 Derived Variables

Seabed geomorphology features are important for marine
biodiversity. In this study, fourteen (14) variables (Table 3)
were derived from gridded bathymetry using Benthic Terrain
Modeller (BTM) tool (Walbridge et al., 2018); bathymetry
variance, bathymetry standard deviation, bathymetry mean,
curvature, profile curvature, plan curvature, aspect, sine of
aspect, cosine of aspect, slope, Vector Ruggedness Measure
(VRM), Benthic Position Index (BPI) zone (broad and fine
scale BOI), based on previous studies (Micallef et al., 2012;
Hasan et al., 2014; Diesing et al., 2014; Subarno et al., 2016;
lerodiaconou et al.,, 2018). Each variable is potentially
important to define the distribution of seagrass. All variables
were in raster format to achieve a set of co-located variables and
produced high-resolution of seagrass habitat suitability model.

No | Variables Description

1 Bathymetry Bathymetry provides information
of water depth.

Bathymetry mean is a
transformation from bathymetry
using mean calculation.
Bathymetry standard deviation is
a transformation from
bathymetry using standard
deviation calculation.
Bathymetry variance is a
transformation from bathymetry
using variance calculation.
Classifies the bathymetry into

2 Bathymetry
Mean

3 Bathymetry
Standard
Deviation

4 Bathymetry
Variance

5 Broad scale BPI

several classes of surficial
characteristics  (broad scale).
(Inner radius = 100, Outer
Radius = 1000, Scale factor =
500)

6 Fine scale BPI Classifies the bathymetry into
several classes of surficial
characteristics  (fine  scale).

(Inner radius = 75, Outer Radius
= 750, Scale factor = 375)

Curvature is a second-order
derivative from bathymetric data
that displayed the shape of
curvature of the slope that using
basic terrain parameters
described by Evans (1980).
Profile curvature is the curvature
of the surface in the direction of
slope.

Plan curvature is the curvature of
the surface perpendicular to the
slope direction.

Aspect is defined as a raster
surface with maximum rate of
change in the slope from each
cell along with direction.

11 | Sine of Aspect Sine of aspect is a
transformation of aspect to
measure of “northness”
downslope direction

Vector Ruggedness Measure
(VRM) is defined as terrain
ruggedness with a surface to
planar area ratio.

Calculate the rate of maximum
change in depth from each cell
of a bathymetry in degree units.
Table 3. The variables used in this study

7 Curvature

8 Profile Curvature

9 Plan Curvature

10 | Aspect

12 | Vector
Ruggedness
Measure (VRM)

13 | Slope

2.6 Seagrass Habitat Suitability Model

Maximum Entropy (MaxEnt) model was used to produce
seagrass habitat suitability model. MaxEnt is a machine learning
method that compares the geographical conditions encountered
at known presence species location, most commonly derived
from GIS layers (Phillips et al., 2004a; Phillips et al., 2004b;
Phillips et al., 2006; Elith et al., 2011; Downie et al., 2013).
The seagrass habitat suitability model was built using MaxEnt
Version 3.4.1 available (Phillips et al., 2017). First, the seagrass
occurrence data and variables were simultaneously applied to
this model. Twelve (12) variables were treated as continuous
variables; bathymetry, bathymetry variance, bathymetry
standard deviation, bathymetry mean, curvature, profile
curvature, plan curvature, aspect, sine of aspect, cosine of
aspect, slope, and Vector Ruggedness Measure (VRM) The two
(2) of bathymetric variables were treated as categorial variables;
broad scale BPI, and fine scale BPI.

The regularised multiplier, maximum number of background
points, maximum iterations, and coverage threshold were set as
default settings since these settings has been proven to achieve
good modelling performance (Phillips and Dudik, 2008). To
obtain a stable model, this study has used ten (10) replicate
bootstrap procedures for the final models. Each of the replicates
used a randomly selected seagrass presence-only data. The
seagrass presence-only data were separated into training data
and test data (75% and 25% of the data, respectively) (Briscoe
et al., 2014; Wang et al., 2017). A set of seagrass occurrence
data that contained five (5) drop locations within the surveyed
area was used. The MaxEnt model was validated using test
dataset consisting of one (1) presence data for test set. The
output format is logistic, as this format can be portrayed in
logistic habitat suitability index ranging from the lowest “0” to
the highest “1”.
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2.7 Evaluation of Model Performance

For evaluating model performance, the test data set was used to
evaluate the seagrass habitat suitability model. This study
applied the threshold independent measure, which is Area
Under the Curve (AUC) (Swets, 1988), to test the
discriminative potential, i.e. the potential of the model to
distinguish between suitable seagrass habitat areas and less
suitable seagrass habitat area. The AUC is calculated based on
the specificity and sensitivity of the predictive model. The
specificity and sensitivity indicated the success rate for
classifying suitable or less suitable seagrass habitat,
respectively. The AUC value of 1 indicates perfect model
performance to discriminated the seagrass habitat suitability
while a value of 0.5 indicates that the model is poor
discrimination than random model (Fielding and Bell, 1997;
Pearce and Ferrier, 2000; Downie et al., 2013). According to
Hosmer Jr et al. (2013), AUC values over 0.9 indicate excellent,
0.8 to 0.9 indicate very good, 0.7 to 0.8 as satisfactory and
below 0.7 represent poor discriminative ability.

MaxEnt also produced Jackknife test used to derive variable
importance, expressed as AUC for seagrass habitat suitability
model that used all the derived variables. Furthermore,
response curves from variables for the seagrass habitat
suitability model was used to examine the characteristic of
seafloor geomorphology and seagrass occurrence, measured by
their probabilities to predict suitability of seagrass habitat.

3. RESULTS

Figure 4 shows the high-resolution bathymetry map
representing water depth at study area, overlaid with the
distribution of points of seagrass occurrence Seagrass at this
area are distributed at depth ranging from 2.2 to 3.4 meters.
Comparison between seagrass occurrences and sediment types
are shown in Table 2. Sediment types based on presence-
absence seagrass occurrences were dominated by sand, followed
by silt, clay, and gravel.

3444?0 344590 3“6?0 3447?0

145900
145900

145800

145800

145700
T
145700

145600
T
145600

Depth (meter)
o Low:22

145500
145500

W High 5.9
Seagrass Occurrence

X Absence

®  Presence

344400 344500 344600 344700

145400

Figure 4 . Bathymetry map and seagrass occurrences.

The MaxEnt model was successful in predicting the habitat
distribution of seagrass and obtained satisfactory result, with
seagrass habitat suitability values ranging from 0.714 to 0.002
(Figure 5). The high value indicated suitable area for seagrass
with low value indicated less suitable.

3“4100 3445?0 3“6?0 3447?0

145800
145700 145800 145900

1457.00

1455?0
145600

Seagrass Habitat Suitability
s High: 0714

1455?0
145500

B Low: 0,002
Seagrass Occurrence
X Absence

®  Presence
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Figure 5. Seagrass habitat suitability model produced by
MaxEnt model.

The MaxEnt model was successful in predicting the seagrass for
both dataset, training and test dataset. The MaxEnt model
generated two (2) ROC curves, displaying AUC values, for
seagrass based on training data and test dataset (Figure 6). The
AUC values based on the training and test data set were 0.88
and 0.65, respectively which is higher than 0.50 of a random
model. Overall, the performances of the models were good for
predicting seagrass habitat distribution in training, except for
the test dataset.

Average Sensitivity vs. 1 - Specificity for Seagrass
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Figure 6. Seagrass habitat suitability model produced by
MaxEnt model.

Bathymetry mean was considered as a variable with the highest
percent contributions (18.7%) to the seagrass habitat suitability
model (Table 4). This was followed by cosine of aspect, Vector
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Ruggedness Measure (VRM), curvature, and sine of aspect.
When each of the variable was used alone, the result shows that
all variables received AUC values more than 0.5 except sine of
aspect and cosine of aspect when used in isolation in Jackknife
test (Figure 7).

Variable Percent of
Bathymetry Mean 18.7
Cosine of Aspect 16.3
Vector Ruggedness Measure 15.7
(VRM)

Curvature 15.0

Sine of Aspect 13.7

Table 4. The variables with high percent contributions (>10%).
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Figure 7. The Jackknife test for variable importance, expressed
as AUC for seagrass habitat suitability model using each
variable.

Figures 8 to 12 show the response of logistic probability of
seagrass occurrence of each variables that have large percent of
contribution (>10%) in predicting seagrass habitat for this
model. The red lines on these figures indicated mean response
and blue shaded show the standard deviation. It can be seen
from these responses that the seagrass model derived in this area
were distributed at 3.0 meter water depths, cosine of aspect at
0.6, almost zero ruggedness and curvature, and 0.8 sine of
aspect.
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Figure 8. Response curves of mean bathymetry for the seagrass
habitat suitability model.
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Figure 9. Response curves of cosine of aspect for the seagrass
habitat suitability model.
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Figure 10. Response curves of Vector Ruggedness Measure
(VRM) for the seagrass habitat suitability model.
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Figure 11. Response curves of curvature for the seagrass habitat
suitability model.
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Figure 12. Response curves of sine of aspect for the seagrass
habitat suitability model.

4. DISCUSSION

This study is among the first attempt to predict the suitable
habitat of the seagrass in Malaysia using acoustic data from
MBES. The results from this study demonstrated that the
distribution of seagrass can be successfully modelled using
MaxEnt model, with seagrass presence-only data and variables
derived from MBES. The training model was slightly better
than test model, in term of AUC (0.88 and 0.65). One of the
factors is mainly because the seagrass occurrence data (i.e.
presence-only) was too small for training and test dataset. In
this preliminary study, only nine (9) samples were acquired with
five (5) presence data and four (4) absence data. As MaxEnt can
only use presence data to run the model, therefore the model
might suffer from insufficient presence-only data. MaxEnt has
been shown to perform well when sample sizes remain small
(Elith* et al., 2006), but larger sample sizes may lead the
tendency of predictive power become high (Pearson et al.,
2007; Wan et al., 2019). It is suggested that other modelling
techniques be tested where both presence and absence data can
be incorporated, simultaneously.

Seagrass habitat in this study are distributed at depth ranging
from 2.2 to 3.4 meters. This is supported by the previous studies
with similar depths, ranging from 2 to 2.7 meters (Bujang et
al., 2006; Kassim et al., 2009) and 2 to 3 meters (Kassim et al.,
2009; Hashim et al., 2014). In addition, the model also shows
that seagrass is less suitable with depth ranging from 3.5 to 5.9
meters. This could be due to the rate of light penetration
through water column. Seagrass requires plenty of sun light to
grow. Changes to this factor could contribute to the declination
of seagrass population (Waycott et al., 2005). Sabri et al.
(2013a) have shown in their study that light or water depth
could be the factors that limit the distribution of seagrass.
Although seagrass may be widely distributed in the study area,
the results also indicated a few areas where seagrass habitats are
less suitable. These areas are characterised as deep areas which
light penetration is low and turbidity is high, intruded the
photosynthesis reaction (Zakaria and Bujang, 2011).

Seafloor geology, particular topography is known to influence
the population of seagrass (Brown et al., 2004; Micallef et al.,
2012). The complex physical environment is also important as it
influences the diversity of habitats for marine lives
(lerodiaconou et al., 2007; Degraer et al., 2008; Lucieer et al.,
2013). In this study, bathymetry mean found to be more

important than the rests because computing mean from
bathymetry map has filtered and smoothed the original
bathymetry map. The other variables which are derived from the
bathymetry were less important because the area is quite flat
and does not include large seafloor topographic variations. It
can be explained from the sediment analysis that the area is a
sandy environment, which make it suitable for seagrass habitats.
As this study only concern with bathymetric data from MBES,
future study should also include backscatter data (i.e. hardness
and softness) of the seafloor to improve modelling results.

5. CONCLUSION

This study used acoustic data from MBES and MaxEnt
modelling approach to predict suitable seagrass habitat in
Merambong Shoal. The suitable habitat for seagrass was
associated with the bathymetry depths ranging from 2.2 to 3.4
meters. Consequently, this study concluded that predictive
modelling is a valuable tool to predict the distribution of
seagrass. The modelling technique used in this study is also
useful to quantity the contribution of each variable to the model.
As this is a preliminary study to construct seagrass habitat
suitability map in this area, a further investigation is needed in
the future to include larger area and increase number of
sampling points. Accurate seagrass suitability map is crucial to
study, conserve and monitor seagrass habitats in our coastal
waters from anthropogenic activities and climate change.
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