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Abstract: Seagrass meadows play important roles as habitats for many marine organisms, traps for
sediment, and buffers against wave actions. The objective of this paper is to map seagrass meadows
in the Redfish Bay, Texas from WorldView-2 imagery. Seagrass meadows grow in shallow and clear
water areas in the Redfish Bay. The WorldView-2 satellite can acquire multispectral imagery from
the bay bottom with 2 m spatial resolution 8 multispectral bands and 0.46 m panchromatic imagery.
The top of atmosphere radiance was transformed to the bottom reflectance through the atmospheric
correction and the water column correction. The object based image analysis was used to identify
seagrass meadows distributions in the Redfish Bay. This investigation demonstrated that seagrass
can be identified with 94% accuracy, although seagrass species cannot be satisfactorily recognized.
The results implied that the WorldView-2 satellite imagery is a suitable data source for seagrass
distribution mapping.
Keywords: coastal water; water depth correction; seagrass; object-based image analysis; WorldView-2

1. Introduction
Submerged aquatic vegetation habitats such as seagrass communities are among the most
productive coastal habitats and are vital to estuarine ecosystems. Seagrasses form extensive meadows
in shallow coastal environments, where they provide a number of critical ecosystem services, including
sediment stabilization and shoreline protection, maintaining water quality, and providing food and
habitat for fish and other fauna [1–3]. The contribution of seagrass meadows-based ecosystems to
the global ocean is disproportionate to their small areas [4]. However, distribution and growth of
seagrass communities are adversely affected by direct human activities, such as eutrophication and
physical damage from boating and fishing, as well as by indirect human impacts stemming from
climate change, such as sea level rise [2]. Inventory and monitoring are critical components in seagrass
ecosystem management, restoration and protection, and provide key insights into the overall health of
estuarine ecosystems.
Traditional methods of quantifying seagrass distribution and growth involve individually
counting, collecting and measuring seagrass as well as tagging seagrass blades for growth rate
estimate. Although these direct observations can provide very accurate data, they are very time
consuming and difficult to update large-scale quantitative maps [5]. Remote sensing presents feasible
way for monitoring shallow coastal ecosystems with clear water due to good light penetration.
Moreover, remote sensing has shown to be more cost-effective than field survey in some situations
and should be used as an integral approach along with field survey for monitoring seagrass
communities. Both satellite and airborne images have been used to investigate the seagrass meadows
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distributed across the shallow waters. Some instances are medium spatial resolution data [6–8],
aerial hyperspectral scanners [9–11], high spatial resolution imagery [12–16], and photos acquired
by a lightweight drone [17]. Various techniques and input features were used in seagrass mapping.
Obviously, the investigators selected suitable classifiers and input features for their seagrass mapping.
Some investigators used pixel-based classifiers, for examples, the maximum likelihood classifier
on the original spectral bands and the spectral indices [14], support vector machines on three
sunglint-corrected spectral bands and a depth invariant index [8], classification trees on spectral index
after simple atmospheric correction [18]. Some researchers mapped seagrass species by pixels using a
physics based model inversion [19], or spectrum matching and look-up tables [10]. Other investigators
used the object based image analysis (OBIA) with unsupervised classifier [17] or regression tree
classifier [13]. Some researchers mapped seagrass by new computing platforms such as the cloud
computing of Google Earth Engine [8].
Hossain et al. [20] comprehensively evaluated various methods employed to produce seagrass
habitat maps using optical remote sensing during the past four decades. Based on 192 papers,
Hossain et al. summarized that no single technology or approach is suitable for and capable of
measuring all seagrass parameters (presence/absence, cover, species, and biomass) and assessing their
change. Further research is required for to better understand theoretical and methodological aspects of
seagrass remote sensing.
The seagrass meadows in the Texas Coastal Bend usually grow in relatively narrow shallow (less
than 1.5 m deep) and clear water areas along the bay shores [21]. This situation requires high spatial
resolution imagery, such as aerial photography and high spatial resolution multispectral satellite
imagery. WorldView-2 satellite could be a suitable data source, as it can acquire imagery from the bay
bottom in clear water with 2 m spatial resolution. The OBIA is an effective approach of extracting
features from the high spatial resolution imagery [22,23]. The objective of this paper is to mapping
seagrass meadows in the Redfish Bay from WorldView-2 high spatial resolution imagery with the
OBIA method. To obtain accurate reflectance of the seabed for facilitating the classification, we also
present an approach of water column correction in this paper.
2. Experiment Site and Satellite Data
The study area (Figure 1) is the Redfish Bay (27.9078◦ N and 97.11277◦ W), where has an average
depth of 0.75 m and a maximum depth of about 2 m, a major component of the Mission-Aransas
National Estuarine Research Reserve [24], at Texas coast. The Redfish Bay has a semiarid and
subtropical climate [25]. On average, the coolest month is January with average low 11 ◦ C and
high 17 ◦ C; the warmest month is August with average low 27 ◦ C and high 32 ◦ C. Mean annual
precipitation is around 915 mm and the most rainfall on average occurs in September. Halodule wrightii
and Thalassia testudinum are co-dominant seagrass species [26] in this shallow estuarine ecosystem.
Seagrasses commonly flourish as meadows in soft sediments at and below the intertidal zone in
shallow water less than 1.5 m deep [27]. The Redfish Bay is characterized by high nutrient levels
and is influenced by fairly turbid waters [28]. Elevated nutrient and chlorophyll a levels usually
lead to abundant phytoplankton in the water column, which indicates low water transparency. High
total suspended sediments, particularly sediments re-suspended by winds and waves, contribute
to turbidity of the water in this shallow bay as well. The Redfish Bay is also reported to have low
levels of dissolved oxygen and high epiphytic growth [28]. The low water transparency reduces the
amount of light reaching seagrass leaves. When silt or phytoplankton settle on seagrass leaves, the
amount of light reaching the leaves will be further reduced. Reduced water quality not only reduces
the distribution of seagrass from deeper water [29,30], but also increases the need for water column
correction of remotely-sensed spectral signals.
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3.1. Satellite Data Processing for Bottom Reflectance
Creating accurate seagrass maps is a challenging procedure in coastal waters with variable
atmospheric condition and water clarity and depths. The aquatic plants information in shallow
waters can be retrieved from optical remote sensing images by following the fundamental physical
principle. Here, light becomes attenuated by interaction with the water column when downwelling
light passes through water. The downwelling light reflected from the bottom to generate upwelling
light. The upwelling light is absorbed in the passage through the water column before the light leaves
water surface.
The total upwelling radiance (Lt ) recorded by the remote sensor consists of four
components [31,32]: bottom radiance (Lb ), subsurface volumetric radiance (Lv ), specular radiance (Ls ),
and atmospheric path radiance (L p ) as shown in Equation (1):
Lt = Lb + Lv + Ls + L p

(1)

Atmospheric path radiance (L p ) is a function of atmospheric scattering, including both Rayleigh
(molecular) scattering and Mie (aerosol) scattering. Subsurface volumetric radiance (Lv ) results
from volume scattering from the water and its organic/inorganic constituents (e.g., sediment and
chlorophyll). Specular radiance (Ls ) is the reflection from the water surface, including possible sun
glint effects. The bottom radiance (Lb ) is the energy reflected from the seabed, which integrates
the information about water depth and bottom characteristics (habitat and substrate). To obtain
seabed information, we need to disaggregate bottom radiance (Lb ) from total radiance (Lt ). This paper
proposed a bio-optical approach to remove Lv from Lt as detailed in Section 3.1.4.
3.1.1. Land and Cloud Masking
When extracting aquatic information, it is necessary to eliminate all upland and terrestrial
features [33]; thus all upland features, as well as boats, piers, and clouds were masked out of all
the images. The “land-mask” restricts the spectral range of radiance values to aquatic features and
allows for detailed feature discrimination. In this paper, radiance values of the near infrared (NIR)
band were used to prepare the binary mask that was subsequently applied to all the channels.
3.1.2. Sun Glint Correction
An extensive review on the sun glint correction was given by Kay et al. [34]. Several algorithms
were proposed for shallow water areas of high spatial resolution multispectral satellite image [35–37].
The most straightforward way to deal with the sun glint problem is to avoid it by an appropriate choice
of place and time for image acquisition [34]. Numerical simulation of radiative transfer conducted
by Mobley [38] suggest that a viewing angle of 40◦ from nadir and 135◦ from the sun is optimal for
avoiding glint. Fortunately, the WorldView-2 image used in this study was acquired with a good
chance to avoid the sun glint by viewing angle of 32◦ from nadir and 103◦ from the sun. Visible
inspection also shows that this image had no significant sun glint effects. Specifically, there are no
significant bright and dark portions on the image, therefore no sun glint correction was needed here.
3.1.3. Atmospheric Correction
The atmospheric correction was used to correct atmospheric effects on the total upwelling radiance
Lt . For the high visibility condition, we ignored any Rayleigh-aerosol multiple scattering. Using
the algorithm developed by Stumpf [39,40], the atmospheric diffuse transmission coefficient and
the Rayleigh path radiance were computed and applied to the WorldView-2 image. The Rayleigh
scattering coefficient is wavelength-dependent. The coefficients were calculated using the equations
developed by Evans and Gordon [41]. Ozone absorption coefficient was calculated using data collected
by Elterman [42]. The coefficients for the WorldView-2 are displayed on Table 1. Here, τR (λ) is
the Rayleigh optical thickness. τOz (λ) is the Ozone optical thickness. ESun is the WorldView-2
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band-averaged solar spectral irradiance (µWcm−2 nm−1 ) [43]. T2 (λ) is the atmospheric diffuse
transmission coefficient. L PR (λ) is the Rayleigh path radiance (µWcm−2 nm−1 ). Corr is the correct
coefficient integrating earth-sun distance, in-band solar irradiance, solar zenith angle and π. The
aerosol scattering for the scene was derived by subtracting the Rayleigh path radiance from top of
atmosphere (TOA) radiance in clear deep water pixels of the NIR band. The NIR channel is used for
this correction because there is practically no water volume scattering or bottom-reflected signal in this
channel. The correction can be applied over the entire scene without changing the depth dependence
of the corrected signal [44].
Table 1. Coefficients for atmospheric correction of the WorldView-2 scene (τR (λ) is the Rayleigh optical
thickness. τOz (λ) is the Ozone optical thickness. ESun is the WorldView-2 band-averaged solar spectral
irradiance (µWcm−2 nm−1 ). T2 (λ) is the atmospheric diffuse transmission coefficient. L PR (λ) is the
Rayleigh path radiance (µWcm−2 nm−1 ). Corr is the correct coefficient integrating earth-sun distance,
in-band solar irradiance, solar zenith angle and π).
λ (nm)

τR (λ)

τOz (λ)

ESun

corr

T2 (λ)

LPR (λ)

427.3 Coastal
477.9 Blue
546.2 Green
607.8 Yellow
658.8 Red
723.7 Red Edge
831.3 NIR 1
908.0 NIR 2

0.2845
0.1795
0.1039
0.0673
0.0485
0.0332
0.0189
0.0133

0.0028
0.0085
0.0295
0.0042
0.0018
0.0058
0.0020
0.0000

175.8223
197.4242
185.641
173.8479
155.9456
134.207
106.973
86.12866

0.020755
0.018484
0.019657
0.02099
0.0234
0.02719
0.034113
0.042369

0.662284
0.756456
0.793434
0.898054
0.928669
0.938348
0.967996
0.981286

6.277835
4.376088
2.243893
1.462551
0.951924
0.554454
0.254318
0.144913

3.1.4. Water Column Correction
The atmosphere corrected image still contains information about water depth, water column
constituents and the reflectance properties of substrate cover types [12,15,37,40,44–50]. Some studies
did not conduct water column correction in their seagrass mapping for various data sources such
as RGB photos by lightweight drone Duffy et al. [17], airborne color infrared imagery [13], airborne
hyperspectral data [11], and high spatial resolution satellite imagery [14]. Actually Duffy et al. [17],
Green and Lopez [13] did not conduct atmospheric correction neither. To reduce water column effects,
this paper conducted water column correction based on radiative transferring in water.
In coastal waters, three major optical constituents cause wavelength dependent attenuation of
light: chromophoric dissolved organic material (CDOM), phytoplankton photosynthetic pigment
chlorophyll-a (Chl-a), and total suspended matter (TSM), which can be separated in organic and
inorganic fractions. Generally, CDOM and Chl-a reduce the reflectance signal by absorbing light in the
blue and red (Chl-a only) spectral ranges, while TSM increases the reflectance signal in the red region
and shifts the green peak to longer wavelengths [31,51–53]. The apparent optical properties of water
such as absorption (a) and backscattering coefficient (bb ) are the main physical agents governing the
magnitude and spectral composition of the backscattered flux from the ocean surface [53–55].
The remote sensing reflectance of waters usually is defined by two forms: measurements above
water surface or measurements just below water surface. Generally, Rrs is defined as a ratio of the
upwelling radiance Lw (0+ ) to downwelling irradiance Ed (0+ ) just above water surface. rrs is defined
as a ratio of the upwelling radiance Lw (0− ) to downwelling irradiance Ed (0− ) just below water
surface. The Rrs at every pixel of an image is produced by correcting the atmospheric effects on the
top-of-atmosphere radiance image. The unit of both Rrs and rrs is sr−1 . Due to the refractive effects
of the water surface, Rrs is not equal to rrs . Their relationship can be described by Equation (2) with
accuracy within a few percent as explained by Mobley [38] and Lee et al. [56].
rrs =

Rrs
0.52 + 1.7Rrs

(2)
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dp

ρ −( D0 +1.04√1+5.4u)kH
e
π
 2
b
b
= −0.00042 + 0.112 b − 0.0455 b
a
a

rrs = rrs (1 − e−( D0 +1.03
dp

rrs

√

1+2.4u)kH

)+

a(λ) = M (λ)[ a(490) − aw (490)] + aw (λ)
a(490) =
a(440) = 10

(6)

Rrs (490)
rs (490)
))+0.790(log10 ( R
))
−0.619−1.969(log10 ( R
(555)
R (555)

bb (λ) = bbp (λ) + bbw (λ)


440 η
bbp (λ) = bbp (440)
λ


η = 2.2 1 − 1.2e(−0.9rrs (440)/rrs (555))
bbp (440) =

aw (440)
Rrs (440)
0.09

(4)
(5)

a(440) + aw (440)
+ aw (490)
M (440)
rs

(3)

rs

2

(7)
(8)
(9)
(10)
(11)

For optically shallow waters, rrs can be approximated as a sum of contributions from the water
dp
column and from bottom by Equation (3) [56,57]. rrs is the reflectance rrs for optically-deep waters
(Equation (4)). a is the total absorption coefficient in m−1 . bb is the backscattering coefficient in
m−1 . D0 = 1/ cos(θw ) with θw the subsurface solar zenith angle. k = a + bb . u = bb /( a + bb ).
H is the depth of water in m. ρ is the bottom albedo, here we assume that seagrasses and soil are
diffuse. The total absorption coefficient a(λ) can be estimated by Eqution (5) [58,59]. M is statistically
derived coefficients [58]. a(490) is the total absorption coefficient at 490 nm. aw (490) is the pure-water
absorption coefficient at 490 nm. The laboratory measured values of pure-water absorption coefficient
by Pope and Fry [60] are widely accepted and used by ocean-optics community. We can thus rewrite
Equation (5) to compute the total absorption coefficient at 490 nm by Equation (6). M(440) = 1.5087,
derived with the equations established by Austin and Petzold [58]. According to Lee et al. [61], the
total absorption coefficient at 440 nm over optically-deep water, can be empirically determined by
Equation (7). Rrs (490) and Rrs (555) are remote sensing reflectance Rrs at 490 and 555 nm over the
optically-deep water.
The backscattering coefficient bb (λ) may be expressed with Equation (8) [62,63]. bbp (λ) is the
backscattering by particles in m−1 . bbw (λ) is the backscattering by water molecules in m−1 . The
laboratory measured values of bbw by Smith and Baker [63] are used here. bbp (λ) at wavelength λ can
be estimated by bbp (440) with Equation (9) [63–65]. The power parameter η can be estimated from
Equation (10) [66]. rrs (440) and rrs (555) can be calculated by using Equation (2) with Rrs at 490 and
555 nm. For optically-deep water, the backscattering coefficients by particles bbp (440) can be expressed
as Equation (11) [67]. aw is pure-water absorption coefficient of water.
It is noteworthy that the models to derive absorption and backscattering coefficients discussed
above use wavelengths such as 440, 490 and 555 nm, applied to WorldView-2 coastal, blue and green
bands, respectively. The deep water pixels are defined as those having very little upwelling signal in
the visible bands of the dataset and are not affected by bottom albedo. We identified five polygons
as the optically-deep water on the WorldView-2 image. The five sites and their mean of Rrs at six
bands, namely Coastal, Blue, Green, Yellow, Red, and Red Edge, are displayed in Figure 3. The Secchi
disk visibility was 2.1 m at Region of Interest 3, which was on the Gulf Intracoastal Waterway. The
waterway has a controlling depth of 3.7 m, designed primarily for barge transportation. The spectrum
are corresponding to the typical coastal water with chlorophyll and CDOM [52].
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This study used OBIA to map seagrass. OBIA uses both spectral and spatial features, namely
geographic objects. Technically, OBIA can use any of supervised or unsupervised classification
color, shape, size, texture and pattern, to group pixels into segments namely image objects based on the
methods to label the segments to geographic objects.
criteria of homogeneity. The segments have additional spectral information compared to single pixels
(e.g.,
per band, median values, minimum and maximum values, variance etc.), and are
3.2.1.mean
Band values
Selection
spatially contiguous, disjoint, and homogeneous. Although the OBIA has some disadvantages, such
as the empirical selecting segmentation parameters and necessary knowledge of the characteristics
of different ground objects, the OBIA technique is reportedly effective and superior compared to
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the traditional pixel-based methods on high spatial resolution imagery. OBIA consists of two steps:
(1) the image is delineated into segments and (2) The segments are classified to geographic objects.
Technically, OBIA can use any of supervised or unsupervised classification methods to label the
segments to geographic objects.
3.2.1. Band Selection
WorldView-2 imagery has eight bands in visible and near infrared spectrum. Except for the
two NIR bands, the other six bands (Coastal, Blue, Green, Yellow, Red, and Red Edge) could be
used to mapping seagrass. Suitable bands were selected by empirically and visually comparison
of unsupervised classification results produced with the Iterative Self-Organizing Data Analysis
Techniques (ISODATA) algorithm on various combinations of bands. The experiments show that Red
Edge does not contribute significantly the clustering when it was added on Blue, Green and Red. It is
understandable because water column attenuation at Red Edge is much stronger than other bands
at short wavelength. The water column correction may bring more noise at Red Edge due to heavier
correction. The experiments also show that Coastal and Blue together do not bring more information
than either Coastal or Blue into the classification. With this regards, the four bands, Blue, Green, Yellow
and Red, were selected for the seagrass mapping.
3.2.2. Method and Parameters Selection of Segmentation
We tried three software for segmentation: ENVI Feature Extraction, eCognition, and MatLab.
Finally, we selected ENVI Feature Extraction in this study due to its ease of use. Its edge-based method
with Full Lambda Schedule was used to produce the segments. This approach needs to set three
parameters: Scale Level, Merge Level and Texture Kernel Size. Scale Level can be set from 0 to 100.
Increasing its value results in fewer segments. Merge Level also can be set from 0 to 100. Increasing
its value results in merging more segments. No merging occurs for the value of 0. Texture Kernel
Size needs a value of odd number between 3 and 19. To date, no specific, fixed, or optimal values
for them have yet been found that can be applicable to all situations. To find the optimal values for
the three parameters, we first used coarse steps to obtain initial ranges, and then used fine steps to
find the best values within the ranges. Segmented objects were visually inspected on its spectral
homogeneity within image objects and heterogeneity among image objects. In general, the segmented
objects would be more spectral homogeneous within image objects and heterogeneous among image
objects. The reasonable results were from the middle scale and merge levels with small kernel sizes.
The additional searches shown that a scale level of 50, a merge level of 50, and texture kernel size of
3 pixels, respectively, could be the best values for seagrass meadows in the Redfish Bay. Actually, the
three parameters are not very sensitive to the specific values. For example, the scale level, merge level
and the kernel size of 49, 51 and 5, respectively did not produce a big visual difference with the values
of 50, 50 and 3.
ENVI Feature Extraction produced 266,565 polygons, namely segments, from nearly 8 million
pixels in the study area. These segments have an average of 29 pixels from the minimal of 4 pixels to
the maximal of 32,700 pixels.
3.2.3. Classification on Segmented Image Objects
We used the ISODATA algorithm to produce clusters of the above 266,565 segments. In total,
there are 5 seagrass species in the Redfish Bay area [21]: Halodule wrightii, Thalassia testudinum,
Syringodium filiforme, Ruppia maritima and Halophila englemannii. Two species, Halodule wrightii and
Thalassia testudinum, co-dominate the seagrass assemblage. Here continuous meadow is an area with
between 75–100% seagrass coverage of the substrate. Furthermore, no single seagrass specie has
coverage more than 60% portion in the mixed meadow. Patchy meadow is area with between 10–75%
bottom coverage by seagrass. Based on visual interpretation, we first combined the spectral classes
produced by the ISODATA clustering into intermediate classes to obtain a smaller number of classes.

categories are continuous and patchy seagrass and bare substrate.
3.2.4. Results and Accuracy Assessment
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Figure 4. The 5-class map (left) and 3-class map (right) of seagrass in the Redfish Bay, Texas.
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Table 3. Accuracy Matrix of the 5-class classification.
Class

Thalassia

Halodule

Mixed

Patchy

Bare

User’s Accuracy

Thalassia
Halodule
Mixed
Patchy
Bare
Producer’s Accuracy

26
4
6
0
1
70%

1
4
2
0
0
57%

6
6
4
0
0
2 5%

0
2
0
3
0
60%

1
1
0
0
15
88%

76%
24%
33%
100%
94%
63% (49.5%)

Table 4. Accuracy Matrix of the 3-class classification.
Class

Continuous

Patchy

Bare

User’s Accuracy

Continuous
Patchy
Bare
Producer’s Accuracy

59
0
1
98%

2
3
0
60%

2
0
15
88%

94%
100%
94%
94% (84.6%)

4. Discussion
Table 4 shows that seagrass can be effectively separated from bare bottom with high accuracy
by the WorldView-2 imagery while the patchy was mislabeled the continuous seagrass by 2 out of
5 samples. Table 3 shows that species composition of seagrass cannot be efficiently identified by the
approach. These results indicate that the high resolution satellite imagery is practical for mapping
seagrass habitats (total accuracy 94% and kappa coefficient 84.6%) but not sufficient for identifying
species composition (total accuracy 63% and kappa coefficient 49.5%).
Regarding remote sensing of benthic habitats, water column has strong effects on the remotely
sensed reflectance of substrate cover types. However, not every investigator conducted water column
correction. The water effects is two orders of magnitude stronger than the air. To reduce water column
effects as much as possible, we carried out water column correction based on the bio-optical approach.
The water column correction heavily depends on depth and spectral statistics of deep water sites,
which show characteristics of the typical coastal water with chlorophyll and CDOM. In this study,
the spectral statistics were similar but not exactly same in the five regions of interest (ROI) (Figure 1).
ROI 2 and 4 were nearly identical due to both on the Gulf Intracoastal Waterway. ROI 1 had a little
different spectral statistics from the others. Although ROI 1 is located outside of Redfish Bay, it still is
included in this study because it close to several tidal inlets to the study area. Water would exchange
regularly between the Bay and outside. In addition, the reflectance difference among the five ROIs is
less than 1%. They are very similar in essential. Although using average of the five regions possibly
leads to some places over-estimated and some places under-estimated, these distortions may not be
too great. To show sensitivity of water-leaving reflectance to two key factors of the water column
correction namely the reflectance of deep-water sites and depth, we conducted some simulations and
the results are shown in Table 5. More specifically, at 0.25 m depth, 1 cm change of depth leads to
6.4 times or more changes of water-leaving reflectance than 1% reflectance change of deep-water sites.
At 0.5 m depth, 1 cm change of depth leads to 3.6 times or more changes of water-leaving reflectance
than 1% reflectance change of deep-water sites. The results show that the depth has primary effects.
To some degree, the more accurate water depth, the better water column correction.
The benthic map typically provides depth from bottom. However, the seagrass meadows has
canopy under water surface. We actually have two depths for the seagrass meadows. One is from
the canopy, and another is the depth from the bottom. Figure 5 shows the depth distribution of the
seagrass samples. There are two depths on each spot. The average depth from the bottom was 75 cm,
and the average depth from the canopy was 39 cm. The water column correction in this study was on
the depth from canopy. When seagrass meadow becomes sparser, coverage portion of substrate soil
will go majority. The errors of the water column correction would be noteworthy. It would be helpful

J. Mar. Sci. Eng. 2019, 7, 98

11 of 16

that a water depth index directly derived from remote sensing imagery is used as an input feature of
classification algorithms when the accurate depth measure is not available. Actually, Traganos et al. [8]
used the depth invariant indices derived from Lyzenga’s theory [48,71] to compensate the influence of
variable depth on seabed habitats. Due to space, we do not discuss water column correction in details
including deep water and the depth index directly derived from remote sensing imagery here.
Table 5. Spectral sensitivity at depth, reflectance change of deep water and depth change.
Variables
Depth (m)

Spectral Responses

Change

Blue

Green

Yellow

1% reflectance of deep water sites
1 cm depth
(depth:
reflectance)
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x FOR
PEER REVIEW

0.00053
0.0034
6.41

0.00045
0.0031
6.99

0.00020
0.0014
6.89

0.00015
0.0010
6.49
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Figure 5. Depth distribution of samples (Red from bottom, blue from canopy).

Figure 5. Depth distribution of samples (Red from bottom, blue from canopy).

Seagrasses support an extensive community of macro-algae and epiphytes [72]. The seagrass
blades provide structure for the attachment and growth of epiphytic algae. The density of epiphytes
increases toward the leaf tip and on the outermost [73]. The spectral response from seagrass blades
can has substantial variation, depending on numerous factors including epiphyte coverage and the
stage of senescence or morbidity [74,75]. The spotless, epiphyte-free seagrass blade is green. The
epiphytes colonization changes color of seagrass blades from green at a low coverage to brown at high
coverage. These facts reveal that the same seagrass species may have different spectral characteristics.
Both upper photos on Figure 6 were taken in the study area on 30 August 2012. The upper left photo
shows a lot of epiphyte on seagrass blades. The upper right photo on Figure 6 is a bunch of Thalassia
blades and Halodule blades with epiphyte. Some blades are green and some are senescence. The
bottom picture on Figure 6 shows the reflectance of clean Thalassia blade, Thalassia blade with epiphyte,
Halodule blade with epiphyte, draft algae, and Thalassia canopy under 0.5 m water surface. Moreover,
the submerged seagrass canopy is observed instead of individual epiphyte-covered blades by remote
sensing instruments aboard aerial and space platforms. Another issue is the drift macro-algae that is
ephemeral, drifting over the top and settling on the seagrass beds and in depressions such as scars [76].
Macro-algae accumulation in seagrass meadows changes the spectral signature of seagrass meadows.
Differences in the spectra of the components within seagrass meadows possibly are not sufficient to
explain the spectral variation of seagrass meadows, which consist of seagrass blades, drift algae, and

Number of samples Ti

8

depth from bottom

6
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Figure 6. Reflectance of clean Thalassia blade, Thalassia blade with epiphyte, Halodule blade with
Figure 6. Reflectance of clean Thalassia blade, Thalassia blade with epiphyte, Halodule blade with
epiphyte, draft algae, Thalassia canopy under 0.5 m water surface.
epiphyte, draft algae, Thalassia canopy under 0.5 m water surface.

5. Conclusions
The classification experiments on the high spatial resolution satellite imagery demonstrate that it
is practical to separate seagrass meadows from the bare bottom although the composition of seagrass
species cannot be identified well. The OBIA is an effective approach to extracting features from
imagery. The proposed water column correction based on the bio-optical approach is feasible when
optically-deep water regions can be found on the image. The water depth indices directly derived
from remote sensing imagery are necessary for seagrass mapping.
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