Determination of the distribution of shallow-water seagrass
and drift algae communities with acoustic seafloor discrimination
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Abstract: The spatial distribution of seagrass and algae communities can be difficult to determine in large, shal-
low lagoon systems where high turbidity prevents the use of optical methods like aerial photography or satellite
imagery. Further complications can arise when algae are not permanently attached to the substratum and drift
with tides and currents. A study using acoustic seafloor discrimination was conducted in the Indian River Lagoon
(Florida, USA) to determine the extent of drift algae and seagrass. Acoustic surveys using the QTC View V
system based on 50 and 200 kHz transducers were conducted near Sebastian Inlet. Results indicate that areas of
seagrass can be identified, and are mixed with a high abundance of drift algae. Nearest-neighbor extrapolation
was used to fill in spaces between survey lines and thus obtain spatially cohesive maps. These maps were then
ground-truthed using data from towed video and compared using confusion matrices. The maps showed a high
level of agreement (60%) with the actual distribution of algae, however some confusion existed between bare
sand and algae as well as seagrass.

Keywords: Acoustic ground discrimination, remote sensing, seagrass, drift algae, Indian River Lagoon,

Florida.

Seagrass and algae are key shallow water
biota in the temperate latitudes as well as in the
tropics and their management requires accurate
maps. In clear waters, passive optical sensors
(multi- or hyperspectral, Green et al. 2000)
are frequently used for mapping, however, in
turbid waters this is not possible. But such tur-
bid systems, in particular in the southern USA
and many Caribbean locales, frequently harbor
dense algae and seagrass beds.

The Indian River Lagoon in eastern
Florida (USA) is such a system. It is a large,
mostly enclosed shallow water body (Fig. 1)
with variable salinity and usually high turbid-
ity. Nonetheless, marine phanerogams (seven
different species of seagrass, Morris et al.
2000) and algae occur in dense beds. Of these,
macroalgae are the most important and their
biomass can average between three and a hun-
dred times that of sea grass (Morris and Hall

2001). Also, their habitat value is comparable
to that of seagrass and densities of animals
on macroalgae and seagrass are similar and
share about 75% of the species (Virnstein and
Carbonara 1985, Virnstein and Howard 1987).

Acoustic single-beam systems have been
used for the discrimination of different bot-
tom types (Chivers ef al. 1990, Preston et al.
1999, 2002, Lawrence and Bates 2001) and
several commercially available systems exist
(among others RoxAnn, Biosonics, Echoplus,
QTCView; Hamilton et al. 1999, Bates and
Whitehead 2001, Lawrence and Bates 2001,
Hamilton 2001). It is known that such sys-
tems can detect differences in sediment types
(Hamilton et al. 1999, Preston et al. 1999,
2002) and can differentiate artefacts from sedi-
ments (Lawrence and Bates 2001). In the
present study we examined the suitability of
the QTCView acoustic ground discrimination
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Fig. 1. Study areas in the Indian River Lagoon, Florida, USA.

system on a 50 and a 200 kHz signal fre-
quency to detect boundaries of areas covered
by seagrass and drift algae in shallow waters of
mostly less than 2 m depth.

MATERIAL AND METHODS

The QTC View Series V system is a
sonar-based hydrographic survey unit and
accompanying software suite that can provide
acoustic habitat classifications based on the
interpreted shape of direct-incidence echoes
reflected from the seafloor (Collins et al. 1996,
Collins and Lacroix 1997). The classification
system has been shown to perform well in
shallow water settings (Hamilton et al. 1999,
Preston et al. 2000, 2002), and provides sea-
floor discrimination based on the diversity of
responses (subsurface reverberation, specular
and diffuse backscatter) of different seafloor
types. Bottom types will influence the shape
of a returning echo, for example, a smooth
bottom, or flat growth form will return a first
echo with a smooth shape while a rough, com-
plicated bottom, or branching growth form
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will return a more convoluted echo shape with
a correspondingly higher degree of backscat-
ter (Collins et al. 1996, Preston et al. 2000).
Depth artefacts are avoided by automatic gain
control and proprietary algorithms expanding
on the work of Chivers et al. (1990), Prager
et al. (1995) and Collins ef al. (1996). Echoes
returning from the seafloor are digitized, and
using the QTC Impact software decomposed by
a suite of algorithms into 166 variables (Fourier
analysis producing 64 variables, wavelet analy-
sis producing 64 variables, kurtosis, surface
area, and others; Legendre 2002, Legendre et
al. 2002). Series of four consecutive echoes
are “stacked” in order to provide an “aver-
age” wave-form (called a full-feature-vector, or
FFV) with lower susceptibility to random noise
and signal variation. In the next step, the first
three principal components of a PCA are used
to ordinate the signals in three-dimensional
space where a Baysian clustering routine then
assigns similarity groupings. The number of
clusters is decided on by the operator (QTC
2000, Legendre et al. 2002). The process
has been critically reviewed and discussed
by Hamilton et al. (1999), Hamilton (2001),
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Legendre (2002) and Legendre ef al. (2002) as
well as Preston et al. (2002).

The QTCView Series 5 system was used
in conjunction with a Suzuki ES 2025 depth
sounder operating at 50 and 200 kHz at a ping
rate of 10 Hz and a fixed, omnidirectional
transducer with an opening angle of 42° (50
kHz) and 12° (200 kHz). Transmit power was
regulated through an autogain control feature
in the software QTC View, which avoided
signal saturation.

The typical process of benthic habitat
classification using QTC View involves a boat-
based survey that acquires acoustic data that
are then converted from analog to digital.
During data collection, each acoustic trace is
time-stamped and later merged with navigation
data. After the survey, data are checked for cor-
rect time-stamps, depths and signal strengths.
All signals that do not pass an appropriate level
of quality control are discarded.

Prior to attempting any calibration or
examining the patterns near Sebastian Inlet,
it was necessary to see whether any patterns
based on the acoustic signal classification
could be discerned at all. The data obtained
were subjected to classification procedures in
the software QTC Impact (Anonymous 2000)
and split to a level of four classes which were
known to be present in the study area: bare
substratum, seagrass, dense algae, sparse algae.
After the field survey, data were classified and
the areas in between the survey lines were filled
by using spatial statistics methods. The most
plausible spatial prediction was obtained by
nearest-neighbor interpolation after resampling
the irregular survey grid to a regular grid.

To provide evidence that the classifica-
tions of field underway-survey data reflected
reality and that echo-groupings were not mis-
interpreted, calibration was undertaken using
the same bottom categories. At first, calibra-
tion was attempted directly in the study area
where the survey vessel was positioned over
discreet known habitat patches (seagrass, dense
algae, sparse algae, bare substratum) where
datasets containing about 1500 echo traces
were obtained. Then, the boat was anchored

over an area of bare substratum, drift algae
were collected and placed in various densities
underneath the transducer on the anchored,
stable vessel. Two densities of drift algae were
used (250 g m2, 2000 g m2). On each of the
experimental plots, individual datasets of about
1500 echo traces were recorded. To assure that
this process really detected the algae and was
reliable, algae were collected and returned to
the laboratory. At the university marina in Fort
Lauderdale, which opens into the Intracoastal
Waterway and therefore has comparable salin-
ity and temperature to the Indian River lagoon
(which is situated further to the north along
the intracoastal waterway), the transducer was
suspended from the edge of a pier over 2 m of
muddy seafloor. A wire-basket of a size suffi-
cient to cover the entire footprint (calculated as
r=depth.tan6/2, where 0 is the transducer open-
ing angle) was suspended over a 1.8 m deep
seafloor directly underneath the transducer at
variable distance between transducer and bas-
ket. Files of about 1500 traces were obtained
with the empty basket, basket with 250 g
m~ and basket with 2000 g m> algae. This
procedure was repeated in 1.3 m and 0.7 m
depth. Additionally, separate files with differ-
ent settings of blanking depth and signal length
(parameters to be set in QTC View software)
were obtained to evaluate whether these factors
had any influence on groupings. During each
individual trial, signal properties were held
constant and only files obtained with identical
signal properties were compared.

To evaluate the accuracy of the acous-
tic ground discrimination, ground-truthing
transects consisting of geo-referenced images
obtained by video drop-camera were collected.
The habitat types observed in the videos were
then compared to those from the gridding
and extrapolation analysis. Accuracy of the
maps was then assessed using a confusion
matrix approach (Mumby and Green 2000). An
Atlantis AUW-5600 color underwater camera
was used to capture video images along the sur-
vey lines. The video signal was time stamped
and merged with positioning information from
a handheld GPS unit. Video survey data were
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collected on March 18" 2003 along two survey
lines in the Indian River Lagoon southwest of
the Sebastian Inlet entrance channel.

RESULTS
Classification of field data

Two preliminary test surveys were con-
ducted along the same planned survey lines on
50 kHz and 200 kHz signal frequency. Each
dataset was split into four clusters, correspond-
ing to the four known substratum classes (sea
grass, dense algae, sparse algae, bare substra-
tum) that occurred in the survey area (Figs. 2,
3). The classified, georeferenced signal loca-
tions were then resampled to a regular grid
and classes were extrapolated to fill the blank
spaces between the survey lines using a near-
est-neighbor algorithm.

The 200 kHz survey provided finer resolu-
tion (Fig. 2). While both surveys fairly accu-
rately showed the shallow seagrass, the 200
kHz survey provided more detail with respect
to the distribution of algae in the deeper (>1.5
m) water. This can probably be attributed to the

50 kHz survey

200 kHz survey

Fig. 2. Outcome of extrapolation of classes between test-
survey lines on (a) 50 kHz (b) 200 kHz in the Sebastian
River study area. The smaller footprint of the 200 kHz
transducer provides a finer-grain survey and therefore less
confusions between sparse algae and bare substratum.
Black=dense algae, grey=sparse algae, striped=seagrass. The
groundtruthing concentrated on the shallow areas around the
seagrasses, therefore accuracies in Table 1 are comparable
between the two surveys. More grountruthing points in the
algae area (lower part of the surveys) would have increased
the accuracy of the 200 kHz survey favorably.

SEBASTIAN INCET=NOVE}

AL \

Fig. 3. Survey results near Sebastian Inlet on 50 kHz.
Black=dense algae, medium grey=sparse algae, light
grey=bare seafloor, striped=seagrass. Groundtruthing loca-
tions for the calculation of confusion matrices in Table 1
are indicated as black circles.

smaller footprint of the 200 kHz signal. The
bigger 50 kHz footprint would have picked
up more algae signal in areas of very sparse
algae, where the much smaller 200 kHz foot-
prints would have missed the individual algae
clumps and recorded bare substratum. This
may explain the rather large disparity between
the areas mapped as containing sparse algae in
the two surveys (Fig. 2).

Over a larger survey area and with a coars-
er survey grid (wider line-spacing), the 50 kHz
results (Fig. 3) resembled more the 200 kHz
results, inasmuch as the area that was identified
on the fine-grid survey as having much sparse
algae cover did not show this on the extrapo-
lated large-scale map. This demonstrates the
influence exerted on the results by the spacing
of survey lines. In this larger-scale survey, the
seagrass area in the northeastern corner (upper
left in Figs. 2 and 3) did not show, as it was
subsummed into a polygon of sparse algae.
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This was an artifact of the extrapolation, where
the more frequent algae signals “drowned out”
the sparser seagrass signals.

Field calibration

For the production of a calibration data-
set that only included chosen, well controlled,
bottom classes, the vessel was anchored at
the bow and stern to avoid any movement.
Data were only accepted if all georeferenced
datapoints fell into a narrowly confined space
(essentially almost a single point). In the case
of a drifting boat, the navigation points show a
line and calibration data were discarded since
it could not be assured that calibration files
only contained data from a single bottom type.
One dataset targeted mainly seagrass and was
taken depths of 0.3, 0.9, 1.2 and 1.3 m. It dif-
ferentiated dense and sparse seagrass from bare
substratum and algae (Fig. 4). Bare substratum
and algae signals occurred within the same data
sequence (Fig. 4 B), since a slight surge rolled
the seagrass in and out of the transducer foot-
print. In a second trial, algae were successively
added into the transducer’s footprint to contain
the following categories: no algae, sparse algae
(250 g m?), dense algae (2000 g m-2). The clas-
sification returned three classes corresponding
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to bare substratum, sparse algae and dense
algae (Fig. 5). The dataset contained data from
1.2 m and 1.5 m depth.

During cluster analysis, it was possible
to split data into three classes that discrimi-
nated between the levels of the algae. A single
distinct class only appeared when algae were
added over the sand. Therefore, we are confi-
dent that this class represents the acoustic trace
of the drift algae. The wave-forms illustrated
in Fig. 5 from seafloor in 1.5 m depth with and
without algae show differences in the peaks.
Waveforms from the bare substratum having
one clean peak, while apparently destructive
interference caused the waveforms returned
from the algae to have several peaks and a
more complicated trailing-edge. Results were
comparable for the 0.8 m, 1.2 m and 1.8 m
datasets as well as for a pooled dataset.

Laboratory calibration

The analysis used a simulated seafloor
(wire basket suspended in the water) with vari-
able density of algae (2000 g m2, 250 g m™, no
algae at all) anchored at 0.8 m, 1.3 mand 1.8 m
underneath the transducer. In all cases a three-
class split was obtained of which at least one
class could be assigned to dense algac. When

B

signal sequence

Fig. 4. Results of field calibration experiment to confirm that four seafloor classes that were expected to be seen indeed had
separable acoustic signatures. (A) PCA of acoustic signals after assignment of clusters, which are color coded and separate
well seagrass of different densities, algae and bare substratum. (B) Sequence of signals, color coded for cluster membership,
on a bathymetry plot. Algae, sparse seagrass and dense seagrass are well separated. The algae and bare substratum signals
occur in mixed sequence, since a slight surge rolled algae in and out of the transducer footprint. The signal is scattered at a
lower depth when algae are present, which helps to confirm the interpretation of the cluster analysis.
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Fig. 5. Field calibration to confirm that algae indeed have a clear acoustic signature. (A) PCA and subsequent cluster assign-
ment (B) Sequence of signal. Algae were sequentially (first sparse, then dense) introduced into the footprint after a sequence
of bare substratum signals was collected. Thus, the latter part of three sequences show increasing amounts of algae signals

(grey=sparse algae and black=dense algae).

the datasets with only the sparse algae and the
empty basket and then only the dense algae
and the empty basket were merged, results
were not clear for the sparse algae which did
not always separate clearly from the empty-
basket signals. When dense algae were added
and data were split into two clusters, a clear
split of the groupings was achieved indicating
that an algae signal could be detected (Fig.
6). The analysis with the basket anchored at
0.8 m gave the clearest results and the signal
was indeed capable of recognizing differences
between dense algae, sparse algae and the
seafloor. Three clusters (dense algae, sparse
algae, bare basket) were observed. It was also
clearly evident that the empty basket alone did
not cause enough scatter to form its own signal
cluster or to confuse the algal signal, since a
sudden increase in measured depth once the
algae were removed showed that the empty
basket was not detected acoustically at all. This
suggests sufficient scattering capability of even
individual clumps of algae at shallow depth and
discounts the possibility that the basket could
have caused a scatter that could have been mis-
interpreted as algae-scatter.

Groundtruthing results

Review of the video surveys revealed
the presence of the same four bottom types
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predicted by the acoustic field survey (bare
substratum; sparse algae; dense algae; sea-
grass). The groundtruthing only encompassed
three of the four bottom type categories since
no areas of dense algae was encountered within
the survey track. Therefore results for this area
are based on merging the dense and sparse
algae classes of the groundtruthing survey into
one ‘algae’ class. Two confusion matrices were
produced which compared the spatial prediction
models derived from the 50 kHz survey and
that from the 200 kHz survey. Overall, the pre-
dicted classification based on the acoustic data
performed reasonably well on both frequencies,
with an overall accuracy of about 60% (Table
1). The surveys and resulting spatial prediction
models (maps) were very good at predicting
areas of algae (96 and 97%), however some
confusion did exist between areas of sand and
seagrass. This result suggests that both signal
frequencies have a comparable ability of differ-
entiating between the three bottom classes.

DISCUSSION

The results from above analyses suggest
that acoustic seafloor discrimination is not
only able to tell different sediment types from
each other (Hamilton et al. 1999, Morrison
et al. 2001) but that it is also capable of

Rev. Biol. Trop. (Int. J. Trop. Biol. ISSN-0034-7744) Vol. 53 (Suppl. 1): 165-174, May 2005 (www.tropiweb.com)



W

Depth under

transducer

-

-

-0.2
A o :
empty | .
-0.6 . basket o e
o 0.8 LS, .
N dense algae :
12 B
14 sparse algae .
-1.6 -
2 -18-16-14-12 -1 -08 -06 -04
PC 1
0.5
g — TRIAL 1
25
50 s 7o meals  eccis am i3 i ,
2.0
Dense algae Sparse algae Empty basket

Fig. 6. Laboratory calibration to confirm field results: three-cluster split in a calibration dataset that contains the empty
basket, dense algae and sparse algae in between. (A) PCA of acoustic signals after assignment of clusters, which are color
coded. (B) Sequence of signals, color coded for cluster membership, on a bathymetry plot. Dense algae, sparse algae and
empty substratum (the basket does not show up at all) are well separated. Algae clearly produce an acoustic signal, since
both dense and sparse algae reflect the signal at the height of the basket (0.7 m). When algae were removed, the signal was
not scattered on the empty basket, but only on the underlying seafloor at 1.6 m depth.

TABLE 1

Class-by-class error matrix for the extrapolated maps developed for the Sebastian Inlet study area

A.

sand
seagrass

Sebastian Inlet 50 kHz

Video Surveys

Video Surveys

algae

Total # of points:
Accuracy (%)

sand
seagrass
algae

Total # of points:
Producer Accuracy (%)

sand seagrass algae
14 66 1
12 28
4 16 115 Overall:
30 110 118 258
46.67 25.45 97.46 60.85
Sebastian Inlet 200 kHz
sand seagrass algae User accuracy%
0 17 13 0
5 41 64 37.3%
4 0 114 96.6%:
9 58 191 258
0 71% 59.7% 60.1%

Accuracy is indicated for individual classes as well as overall performance of the model.
(A) 50 kHz survey (B) 200 kHz survey.
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detecting algae and seagrass. From both cali-
bration experiments and field survey data it
was apparent that seagrass and drift algae
indeed produce unique echo classes both on 50
and 200 kHz frequency. However, both under
laboratory conditions and in the field, it proved
difficult to obtain files containing only echoes
that could be clearly ascribed to either algae or
seagrass. In all files that contained echoes from
algae or seagrass, a large proportion of echoes
(about half) clustered together with echoes
obtained from bare substratum. This suggests
that the bottom signal occurred as frequently
as the algae and seagrass signals themselves.
Seagrass had a more pronounced signal than
algae and overall had less confusion with bare
substratum. The reason for this confusion may
either be a relatively weak scattering ability of
the algae and seagrass or could be found in the
signal processing properties. QTC View takes
the entire signal envelope of the first echo (it
ignores multipath echoes) into account (Collins
et al. 1996, Collins and Lacroix 1997) and this
was found by Preston et al. (2000) to provide
good discrimination ability of sediment geo-
technical variables. According to Chivers et al.
(1990), the first peak(s) of the echo is strongly
influenced by subsurface reverberation, while
the echo’s tail primarily encodes scatter. Since

BARE SAND

11

DENSE ALGAE

I3AS

Fig. 7. Comparison of waveform returns from bare sand
and dense algae (echoes of 50 kHz signal).

the algae form only a loose mass above the
substratum, it can be expected that enough
acoustic energy can traverse the algae layer to
interact with the substratum. Also, the strength
of the algae’s interference with the sound
waves may depend on their orientation, which
constantly changes while clumps of algae are
rolled by even the slightest surge in the shal-
low water. Depending on orientation, the algae
may therefore appear more or less dense to the
signal, resulting in differential modification of
the first peak or they may act primarily to scat-
ter and modify the tail of the signal (Fig. 7).
Therefore, the substratum on which the algae
are placed will play an important role in the
overall shape of the signal, even if this should
carry algae or seagrass information.

In practice this means that the production
of a calibrated “signal library”, which can later
be used for supervised classification of survey
data (Anonymous 2000) is difficult. Unless the
signal library contains algae/no algae, seagrass/
no seagrass pairs for exactly the same sediment
classes as found in the survey area, it is likely
that confusion is introduced. Since the exact
distribution of sediment classes in the survey
areas was unknown, we were not able to build
a full suite of calibration files useful for super-
vised classification of surveys over unknown
bottom classes.

It was interesting to note that the signal
frequency did not have a clear influence on dis-
crimination accuracy, although the shorter 200
kHz signal should scatter on smaller particles
(Preston et al. 2000) and might therefore have
been expected to scatter more easily on aquatic
flora. Overall, the survey results obtained with
the 200 kHz frequency were, however, found to
be preferable because the footprint (insonified
seafloor area) of the 200 kHz transducer was
less than one quarter the size of that of the 50
kHz transducer. This allowed to decrease the
size of the sampled seafloor in each series of
four stacked echoes that form the final sam-
pling unit, which leads to increased “sharp-
ness” of detected spatial patterns (Fig. 2).

In conclusion, we find that acoustic sea-
floor discrimination is a viable way of mapping
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the patterns of distribution in benthic flora in
a shallow, turbid lagoonal setting of mostly
less than 2 m water depth. The 60% accuracy
of a low-order discrimination (sand-seagrass-
algae) was found acceptable. It is believed that
further research could increase the accuracy of
discrimination into more classes. Where optical
remote sensing cannot be used for the descrip-
tion of large-scale patterns of aquatic flora,
acoustic ground discrimination appears to be
the next best option in terms of cost-efficiency
and accuracy.
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RESUMEN

La distribucion espacial de comunidades de pastos
marinos y algas puede ser dificil de determinar en sistema
lagunares grandes y someros donde la alta turbidez no
permite el uso de métodos dpticos, como fotografias aéreas
e imagenes satelitales. Complicaciones adicionales pueden
surgir cuando las algas no estan adheridas permanente-
mente al sustrato y derivan con las mareas y corrientes. Se
realiz6 un estudio utilizando discriminacion acustica del
fondo marino en el Indian River Lagoon (Florida, EUA)
para determinar la cantidad de algas y pastos que derivan.
Se realizaron sondeos actisticos en el Sebastian Inlet con el
sistema QTC View V y transductores de 50 y 200 kHz. Las
areas de pastos marinos pudieron ser identificadas, y estan
mezcladas con una gran cantidad de algas a la deriva. Se
rellend los espacios sin datos con extrapolaciones basadas
en la técnica del “vecino mas cercano”, produciendo un
mapa espacialmente coherente. Comprobaciones de campo
con video y “matrices de confusion” indican que los mapas
tienen un alto nivel de concordancia (60%) con la distribu-
cion real de las algas; sin embargo, hubo cierta confusion
entre arena y algas, y entre arena y pastos marinos.

Palabras clave: Discriminacion acustica del fondo, senso-
res remotos, pastos marinos, algas a la deriva, Laguna Rio
Indio, Florida.
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