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1. Introduction

Remote sensing has significantly advanced spatial analyses of terrestrial vegetation for
various fields of science. The plant pigments, chlorophyll a and b, strongly absorb the energy
in the blue (centered at 450 nm) and the red (centered at 670 nm) regions of the
electromagnetic spectrum to utilize the light energy for photosynthesis. In addition, the
internal spongy mesophyll structures of the healthy leaves highly reflect the energy in the
near-infrared (NIR) (700- 1300) regions (Jensen, 2000; Lillesand et al., 2008). The distinctive
spectral characteristics of the green plants, low reflectance in the visible light and high
reflectance in NIR have have been used for mapping, monitoring and resource management
of plants; and also have been used to develop spectral indices such as Simple Vegetation
Index (SVI = NIR reflectance - red reflectance) and Normalized Difference Vegetation Index
(NDVI = (NIR reflectance - red reflectance)/(NIR reflectance + red reflectance)) (Giri et al.,
2007).

The simplicity and flexibility of vegetation indices allow comparison of data obtained under
varying light conditions (Walters et al., 2008). NDVI was first suggested by Ruose et al.
(1973) and is one of the earliest and most popular vegetation index used to date. It is usually
applied in an attempt to decrease the atmospheric and surface Bidirectional Reflectance
Distribution Function (BRDF) effects by normalizing the difference between the red and NIR
reflectance by total radiation. Index values have been associated with various plant
characteristics, including vegetation type (Geerken et al., 2005), vegetation cover (du Plessis,
1999), vegetation water content (Jackson et al., 2004), biomass and productivity (Fang et al.,
2001), chlorophyll level (Wu et al., 2008), PAR absorbed by crop canopy (Goward &
Huemmrich, 1992), and flooded biomass (Beget et al., 2007) at a broad span of scales from
individual leaf areas to global vegetation dynamics.
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298 Remote Sensing — Applications

2. Remote sensing of submerged aquatic vegetation (SAV)
2.1 Submerged aquatic vegetation (SAV)

Submerged aquatic vegetation (SAV) is a group of vascular plants that grow underwater
which can grow to the surface of, but not emerge from shallow waters. SAV includes
seagrass species that are a vital component of ecological processes, dynamics, and
productivity of coastal ecosystems. Healthy beds of SAV provide nursery and foraging
habitats for juvenile and adult fish and shellfish, protect them from predators, provide food
for waterfowl and mammals, absorb wave energy and nutrients, produce oxygen and
improve water clarity, and help settle suspended sediment in water by stabilizing bottom
sediments (Jin, 2001; Findlay et al., 2006). Assessment of SAV distribution, composition, and
abundance has been of a particular interest to coastal environmental managers, scientists,
developers, and recreational users as the information serves as an excellent indicator of
aquatic environmental quality.

2.2 Remote sensing of underwater habitats

Remote sensing is a valuable tool for monitoring benthic habitats such as SAV, benthic
algae, and coral-reef ecosystems, and several researchers have tested airborne and space-
borne sensor systems for such studies (e.g., Mishra et al., 2005). Spatial resolutions of these
systems range from 30 m for the Landsat Thematic Mapper (TM) to 2.44 m for QuickBird
multispectral data and 1 m or less for airborne hyperspectral data. Those evaluating the
utility of TM have mapped subtidal coastal habitats (Khan et al., 1992), delineated sand
bottoms (Michalek et al., 1993), classified coral reef zones (Mishra et al., 2005, 2006),
evaluated the benthos (Matsunaga & Kayanne, 1997), and performed time series analyses
(Dobson & Dustan, 2000). Similarly, researchers have used IKONOS (4 m) and QuickBird
(2.44 m) imagery with radiative transfer models to map benthic habitats (Mishra et al., 2005,
2006) and apply a similar model to Airborne Imaging Spectroradiometer for Applications
(AISA) hyperspectral data to identify benthic habitats (Mishra et al., 2007).

Mapping of SAV using satellite data has focused on supervised and unsupervised
classifications based on signal variations in the multispectral bands, especially those in the
short visible wavelengths with high water penetration (Ackleson & Klemas, 1987;
Lyzenga, 1981; Marshall & Lee, 1994; Maeder et al., 2002; Ferguson & Korfmacher, 1997;
Pasqualini et al., 2005). The NIR region is seldom used due to its high attenuation in
water. When SAV beds are dense, the water is clear, and depth and sediment relatively
constant, fine-scale spectral variation is often overlooked during classification. In other
cases, the radiative transfer model is used to correct the solar angle, atmospheric
perturbation, substrate type, and depth, but requires extensive in situ measurements
(Zimmerman & Mobley, 1997).

Most of the currently available radiative transfer models or physics-based models have been
applied to map benthic features in relatively clear aquatic environments (i.e. relatively deep,
pristine coral reefs or seagrass meadows) and do not adequately correct for the strong NIR
absorption by water (Mumby et al., 1998; Holden & LeDrew, 2001; Holden & LeDrew, 2002;
Ciraolo, 2006; Brando et al., 2009). However, NIR reflectance serves as the primary cue for
discriminating vegetation type and as the critical component for the widely used vegetation
indices.
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2.3 Dilemmas in remote sensing of shallow aquatic system and SAV

Remote sensing of benthic habitats is complicated because of several factors including (1)
atmospheric interferences, (2) variability in water depth, (3) water column attenuation, and (4)
variability in bottom albedo or bottom reflectance. In the case of aquatic remote sensing, the
total signal received at satellite altitude is dominated by radiance contributed by atmospheric
scattering, and only 8-10% of the signal corresponds to the water reflectance and reflectance
from benthic features (Kirk, 1994, Mishra et al., 2005). Therefore, it is advisable to correct for
atmospheric effects to retrieve any quantitative information for surface waters or benthic
habitats from satellite images. Therefore, the lack of a rigorous absolute atmospheric correction
procedure can introduce significant errors to a satellite derived benthic habitat map. There is
also a tendency among benthic mapping researchers to use a relative atmospheric correction
procedure such as a deep-water pixel correction, especially when local aerosol data and
validation data are lacking. This often causes mediocre classification results.

Knowledge of the optical properties of the water column can help eliminate changes in
reflectance attributable to variable depth and water column attenuation effects, which often
lead to misclassification of the benthos (Mishra et al., 2005). Mishra et al (2005) proved that to
derive accurate bottom albedo or bottom reflectance using a radiative transfer model, water
depth and water column optical properties (absorption and backscattering) should be known
for the study area. Knowledge of optical bottom albedo for shallow waters is necessary to
model the underwater and above-water light field, to enhance underwater object detection or
imaging, and ultimately to determine the distribution of benthic habitats (Gordon & Brown,
1974). Mishra et al (2005, 2006, 2007) also point out that the signals measured by a sensor from
above the water surface of a shallow marine environment are highly affected by
phytoplankton abundance (chlorophyll absorption), water column interactions (absorption by
water and scattering by suspended sediments), and radiance reflected from the bottom. For
the bottom contribution to be retrieved by a sensor the water column contributions have to be
removed and the optical properties have to be known or at least be derivable. However, it is
very challenging to measure these optical properties accurately because of logistical issues and
instrumentation errors, which also leads to an inaccurate benthic mapping project.

Variability in bottom types and hence albedo gives rise to a mixed spectral response that
often reduces the classification accuracy. Specific problems such as complex benthic
combinations (e.g., sandy areas with variable amounts of algal cover; variation in color,
texture, size), and error in depth estimation can also have a considerable impact on the
classification results. Mishra et al (2005) proposed several solutions to increase the number
of elements separable by a classification scheme and the classification accuracies including
an extensive field campaign acquiring substantial samples to enable statistical evaluation for
each class and deriving detailed ecological and biological information for each in situ data
point. Close-range hyperspectral studies that may aid in discriminating between different
types of benthic features can be used to develop baseline spectra to help minimize spectral
confusion in satellite imagery.

Shallow littoral areas (generally the areas between the shoreline to a water depth 2 m) are
one of the most productive habitats, yet the most sensitive landscape to human-induced
environmental alteration and global climate changes. Modeling of optical water properties
for the littoral zone is more complicated due to rapidly changing water depth and/or
substrate and higher amounts of Colored Dissolved Organic Matter (CDOM) and/or
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suspended particles (phytoplankton, seston, and inorganic particles) compared to the
deeper portions of oceans. In addition, bottom backscattering in the shallow areas is more
significant, which makes the NIR signals more important, especially in areas that contain
substantial amount of seagrasses, benthic algae, or phytoplankton (Kutser et al., 2009) and
that the conventional Beer-Lambert’s exponential light attenuation with depth is not
applicable (Holden & LeDrew, 2002).

Upwelling signals from water bodies contain several components including reflectance from
water surface, water column (suspended matter), and bottom backscattering (SAV and
substrate) (Spitzer & Dirks, 1987). The aforementioned conventional vegetation indices also
are not effectively used for plants that grow underwater or that are temporarily flooded
(Beget & Di Bella, 2007; Cho et al. 2008) because the water overlying the vegetation canopies
reduces the vegetation effects of ‘red absorption’ and the ‘NIR reflectance’ (Han &
Rundquist, 2003; Cho, 2007; Cho et al., 2008; Fig. 1). Differentiation of the SAV spectral
signature from bare substrate or algae is further limited in shallow coastal waters that are
more turbid than open ocean waters (Bukata, 1995) due to higher levels of phytoplankton,
suspended sediment, and dissolved color. According to our on-going study using
hyperspectral data obtained over both experimental tanks and field seagrass habitat, the
SAV signal rapidly decreases as water depth increases, and almost completely disappears
within a depth of 0.5 meter in even mildly turbid waters (turbidities > 12 NTU).
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Fig. 1. Depth-induced reflectance variation of submerged aquatic vegetation (SAV) in clear
water between 10 cm and 50 cm above the SAV canopy. The line for the highest reflectance
is at 10 cm and the reflectance continuously decreases with water depth increases.

2.4 SAV mapping using hyperspectral data

Two decades ago, only spectral remote sensing experts had access to hyperspectral images
or the software tools necessary to take advantage of such images. Over the past decade,
hyperspectral image analysis has matured into one of the most powerful and fastest
growing technologies in the field of remote sensing (Phinn et al., 2008). While multispectral
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remote sensing systems detect radiation in a small number of broad regions of the
electromagnetic spectrum, hyperspectral sensors acquire numerous very narrow,
contiguous spectral bands throughout the visible, near-infrared, mid-infrared, and thermal
infrared portions of the electromagnetic spectrum for every pixel in the image, yielding
much more detailed spectral data (Govender et al., 2009).

Collection and processing of hyperspectral imagery can be quite costly, depending on the
size of the area to be studied. In order for the imagery to be usable for sub-aquatic analysis,
the following guidelines are suggested by Finkbeiner et al. (2001):

e The best time of year for collecting hyperspectral imagery may occur in early summer,
during the season of maximum biomass, and when there is less epiphytic coverage.

e The imagery should be collected when turbidity is low; this is often during times of low
or no winds. High turbidity may also be caused by heavy rains, winds on previous
days, and localized dredging. Often, boat traffic may cause a localized but far-spreading
plume of turbidity, as sediments are re-suspended.

e Winds can also cause problems other than turbidity, such as wrack lines, debris lines,
whitecaps, and areas with unacceptable amounts of glint. As a general rule, winds less
than 8 kph are acceptable, winds between 8-15 kph may be acceptable depending on the
locality, and winds higher than 15 kph are generally unacceptable.

e Tidal stage can play an important role in the success of imagery collection. Consult local
and/or NOAA tide gauges to plan for acquisition within 2 hours of the lowest tide for
the collection area, unless the estuary drains an area of highly turbid or tannic water, in
which case, a rising tide may be desirable.

e  Collection times should be planned to adjust for sun angle, to avoid both sun glint and
shadows. As a general rule, sun angles between 30° and 45° are recommended; different
sensors may allow or require more or less angle.

e Clouds and haze create areas of shadows and distortion as well as white or gray streaks
in the imagery, and should be avoided as much as possible.

e Field work should occur simultaneously with the sensor flight. Since it is virtually
impossible to collect all the field data needed for signature development and accuracy
assessment in the same time frame as the flights occur, every effort should be taken to
gather field measurements as close to the actual flight as possible, and under similar
conditions.

e Field data should include measurements of reflectivity, turbidity, empirical or
anecdotal data on epiphytic coverage, bottom type and reflectance, classification of the
field point, and precise location. Locate these field measurements within a large enough
patch that there will be no ambiguity, and consider the spatial sphere of uncertainty.
For instance, if the imagery will have a radiometric accuracy of approximately 2 m, the
location should be consistent out to a four meter radius.

The unique spectral signatures of vegetation are often used as training data for
hyperspectral imagery classification. Chlorophyll and other pigments are found in SAV as
in other photosynthesizing vegetation, however, the ratio of these to each other will differ
by species, as well as with changes in conditions and stressors (Govender et al., 2009).

While these minor differences can be detected above the surface in spite of epiphytic coverage
(Fyfe, 2003), detection of these differences below the surface may be hampered or dampened
by the effects of the water column. Depth, water clarity or turbidity, organic and inorganic
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materials within the water column, the surface of the water itself, and physical properties such
as the absorption of energy in the NIR and beyond can all affect the ability to discriminate the
relatively small differences in ratios of accessory pigments and chlorophyll (Kutser 2004).

3. Case study in SAV mapping using hyperspectral data
3.1 Hyperspectral algorithm to correct overlying water effects

A new water-depth correction algorithm was developed to improve detection of underwater
vegetation spectra signals. The algorithm was developed conceptually, calibrated, and
validated using experimental and field data. The conceptual model was based on the idea
that the upwelling signals measured from a water surface is the sum of the energy reflected
from the water surface, the water column, and also from the water bottom surface. The
energy reflected from the water surface and the water column (the volumetric reflectance)
was combined as a single term because the surface reflectance is a constant and does not
change with water depth changes (Lu & Cho, 2011).

The effects of the overlying water column on upwelling hyperspectral signals were modeled
by empirically separating the energy absorbed and scattered by the water using data
collected through a series of controlled experiments using hypothetical bottom surfaces that
either 100% absorbs or 100% reflects (Cho & Lu, 2010). Later, the white surface (the 100%
reflecting surface) was replaced with a gray surface with a known reflectance to reduce
problems associated with enhanced multi-path scattering (Lu & Cho, 2011). The
experimental setting allowed the calculation of water absorption and scattering values for
up to a water depth of 60 cm, and the light remaining at water depths that were beyond the
experimentally measured points were estimated by establishing the mathematical
relationships between water depth and the vertical attenuation coefficient (K;) derived from
the experimental data (Washington et al., 2011). The depth- and wavelength-dependent water
absorption and volumetric scattering factors (0-100 cm; 400 - 900 nm) were calculated and
applied to independently-measured underwater vegetation signals and airborne hyperspectral
data taken over shallow seagrass beds, to remove the effects of the overlying water.

3.2 Successful water correction in the infrared region

The empirically driven correction algorithm significantly restored the vegetation signals,
especially in the NIR region, when applied to independently measured reflectance of
underwater plants taken over indoor and outdoor tanks (Cho & Lu, 2010; Washington et al.
2011). The algorithm was also successful in restoring the NIR signals originating from
seagrass-dominated sea floors when applied to airborne hyperspectral data of Mississippi
and Texas coastal waters (Cho et al., 2009; Lu & Cho, 2011; Fig. 2). As stated earlier, NIR
reflectance serves as the primary cue for discriminating benthic vegetation from other
substrates. Due to the restored NIR reflectance, the correction algorithm increased the NDVI
values for the seagrass pixels (Lu & Cho 2011).

3.3 Seagrass classification using water corrected image
3.3.1 Ground truth data collection

Several hundred ground data points were collected over seagrass beds in Redfish Bay,
Texas, in the summer of 2008 (June - July). Seagrass species makeup, water depth,
vegetation percent coverage, and bottom substrate type were recorded at each site. Site

www.intechopen.com



Remote Sensing of Submerged Aquatic Vegetation 303

741 nm (NIR)

Fig. 2. The original (left) and water-corrected (right) airborne AISA Eagle hyperspectral
image at 741 nm obtained over seagrass beds in Redfish Bay, TX in 2008.

location was recorded to accuracies within 1 m using a Real Time Kinetic (RTK) GPS. When
necessary, the preselected random sites were shifted to avoid dry or unreachable locations.

The field collected data were entered into a spatial database along with descriptive
attributes to help determine which class each sampling site would be assigned to. Data
points were then randomly divided into training or accuracy assessment points.

3.3.2 Image processing and vector classification

Image data were obtained in 63 bands of the AISA Eagle Hyperspectral sensor over the
seagrass beds in October 2008 and corrected for atmospheric effects. Since selection of the
proper bands for analysis helps reduce noise introduction and processing burden (Borges et
al. 2007), several selection techniques were used within this project, including Principal
Component Analysis and regression analysis. Ultimately, seven bands recommended by
Fyfe (2003) were used. To reduce noise, these were again reduced to 5 bands, as
recommended by Cho et al. (2009).

Image segmentation is performed prior to image classification. Segmentation groups like
pixels into homogenous areas. Initially, an unsupervised classification using ISODATA
(Iterative Self Organized Data Analysis Technique A) (De Alwis et al., 2007) was performed.
After the initial image classification, each segmented vector in the output was assigned to a
seagrass/substrate class (i.e. Thalassia testudinum, Halodule wrightii, Ruppia maritima, Mixed
Beds, Bare, or Unclassified). Those which contain only one type of point ('Halodule') were
considered to be finally classified. Those classified as mixed or unknown were removed
from the classified vector set, a mask created of their spatial footprint, and the entire
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classification procedure re-run on the image for that footprint area only. When it became
impossible to further classify the image by this method, a supervised classification was
performed, using a selection of training points as training data, which produced
monospecific vectors. The same mixed-method classification procedure was performed to
the image data after the water correction algorithm was applied.

3.3.3 Improved accuracy assessment

The water correction algorithm improved the classification accuracy results in an image
subset from an overall accuracy of 28% to approximately 36%. Identification of the species
Halodule wrightii improved from 33% user's accuracy to almost 78%, and Thalassia testudimun
from 0% users accuarcy to almost 17%. Although these numbers appear to be somewhat
low, several factors must be considered: this analysis only used a subset of the imagery,
which allowed the area analysed to have less variation, but there was also less training and
accuracy assessment data to work with.

Using the full set of imagery and the combination of supervised and unsupervised
classification, results have improved considerably; we have achieved overall accuracies of
over 60%. In addition, we have calculated seagrass presence/absence using the complete
corrected imagery, achieving overall accuracies of over 95%. With the future addition of in
situ turbidity and bathymetric data, these accuracies should continue to improve.

4. Current efforts in developing water correction module and graphical user
interface

We have continued improving the algorithm by including turbidity (measured in NTU,
Nephelometric Turbidity Unit) as an additional function. In addition, the water correction
algorithm is currently being implemented as a module that can be called from the ENVI
(ENvironment for Visualizing Images, ITT Visual Information Solutions)’s programming
environment using a Graphical User Interface (GUI) (Gaye et al. 2011). Under the current
module and the GUI, users are able to select water depth (0 - 2.0 m) and turbidity (0-20
NTU) using slide bars, for which (a) given hyperspectral band(s) can be corrected. The
corrected reflectance can be generated and compared to the original one at either a given
pixel, within a small subset; and the original and corrected images can be displayed.

5. Conclusion

Remote sensing has significantly advanced spatial analyses on terrestrial vegetation for
various fields of science. However, mapping of benthic vegetation or submerged aquatic
vegetation (SAV), using remotely sensed data is complicated due to several factors
including atmospheric interferences, variability in water depth and bottom albedo, and
water column attenuation by scattering and absorption. Hence, correction for the
atmospheric and the overlying water column effects is necessary to retrieve any quantitative
information for SAV from satellite and airborne images, especially when using
hyperspectral data. Significant misclassification of the SAV often occurs due to the lack of
information on in situ water depths and water column optical properties. Most of the
currently available radiative transfer models only work well when applied to mapping of
benthic features in relatively clear aquatic environments, but they do not correct for strong

www.intechopen.com



Remote Sensing of Submerged Aquatic Vegetation 305

water absorption of the near infrared energy. The fluctuating water depths, high amounts of
suspended particles and colored dissolved organic matter in shallow littoral zones make it
even more challenging to map benthic vegetation using remotely sensed data. A new water-
depth correction algorithm was developed conceptually, and calibrated and validated using
experimental and field data. The effects of the overlying water column on upwelling
hyperspectral signals were modeled by empirically separating the energy absorbed and
scattered by the water using data collected through a series of controlled experiments. The
empirically driven algorithm significantly restored the vegetation signals, especially in the
NIR region. Due to the restored NIR reflectance, which serves as the primary cue for
discriminating SAV from other substrates, use of the water corrected airborne data
increased the NDVI values for the SAV pixels and also improved the seagrass classification
accuracy. Our continuing efforts to incorporate turbidity and CDOM into the algorithm, in
developing a graphical user interface, and in implementing the algorithm into a module that
can be called from commercially available image processing software promise a user-
friendly application and wide use of the algorithm in the near future.

6. Acknowledgment

The work was supported by grants from the National Geospatial-Intelligence Agency (Grant
No. HM1582-07-1-2005 and HM1582-08-1-0049) and National Oceanic and Atmospheric
Administration-Environmental Cooperative Sciences Center (Grant No.NA17AE1626).

7. References

Ackleson, S. G., & Klemas, V. (1987). Remote Sensing of Submerged Aquatic Vegetation in
Lower Chesapeake Bay: A Comparison of Landsat MSS to TM imagery. Remote
Sensing of Environment, Vol.22, No.2, pp. 235-248, ISSN 0034-4257

Beget, M. & Di Bella, C. (2007). Flooding: The Effects of Water Depth on Spectral Response of
Grass Canopies. Journal of Hydrology, Vol.335, No.3-4, pp. 285-294. ISSN 0022-1694

Borges, J.; Margal, A. & Dias, J. (2007). Evaluation of feature extraction and reduction
methods for hyperspectral images. In: New Developments and Challenges in Remote
Sensing, Bochenek, Z., pp. 265-284, Millpress, ISBN 978-90-5966-053-3, Rotterdam

Brando, V.E.; Anstee, ].M.; Wettle, M.; Dekker, A.G.; Phinn, S.R. & Roelfsema, C. (2009). A
Physics Based Retrieval and Quality Assessment of Bathymetry from Suboptimal
Hyperspectral Data. Remote Sensing of Environment, Vol.113, No.4, pp. 755-770, ISSN
0034-4257

Bukata, R.; Jerome, J.; Kondratyev, K. & Pozndyakov, D. (1995). Optical Properties and Remote
Sensing of Inland Coastal Waters. New York: CRC Press.ISBN 978-0849347542 Cho,
H.J. & Lu, D. (2010). A Water-depth Correction Algorithm for Submerged Vegetation
Spectra. Remote Sensing Letters, Vol.1, No.1, pp. 29-35, ISSN 2150-7058

Cho, H.J., & Lu, D. (2010). A Water-depth Correction Algorithm for Submerged Vegetation
Spectra. Remote Sensing Letters, Vol.1, No.1, pp. 29-35

Cho, H.J.; Lu, D. & Washington, M. (2009). Water Correction Algorithm Application for
Underwater Vegetation Signal Improvement. Proceedings of the 2009 MS Water
Resource Conference, pp. 154-157

Cho, H.J.; Kirui, P. & Natarajan, H. (2008). Test of Multi-spectral Vegetation Index for
Floating and Canopy-forming Submerged Plants, International Journal of
Envirnmental research and Public Health, Vol.5, No.5, pp. 447-483, ISSN 1661-7827

www.intechopen.com



306 Remote Sensing — Applications

Cho, H. (2007). Depth-variant Spectral Characteristics of Submerged Aquatic Vegetation
(SAV) detected by Landsat 7 ETM+. International Journal of Remote Sensing, Vo.28,
No.7, pp. 1455-1467, ISSN 1366-5901

Ciraolo, G.; Cox, E.; La Loggia, G. & Maltese, A. (2006). The Classification of Submerged
Vegetation Using Hyperspectral MIVIS Data. Annals of Geophysics, Vol. 49, No.1,
pp. 287-294, ISSN 2037-416X

De Alwis, D.; Easton, Z., Dahlke, H., Philpot, W., & Steenhuis, T. (2007). Unsupervised
Classification of Saturated Areas using a Time Series of Remotely Sensed Images.
Hydrology and Earth System Sciences Vol 11, No. 511, pp. 1609-1620, ISSN 1027-5606

Dobson, E. & Dustan, P. (2000). The Use of Satellite Imagery for Detection of Shifts in Coral
Reef Communities. Proceedings, American Society for Photogrammetry and Remote
Sensing, Washington, DC, USA, May 22-26, 2002, (CD-ROM)

du Plessis, W.P. (1999). Linear Regression Relationships between NDVI, Vegetation and
Rainfall in Etosha National Park, Namibia. Journal of Arid Environments, Vol.42,
No.4, pp. 235-260, ISSN 0140-1963

Fang J.Y.; Piao S.L.; Tang Z.Y.; & Peng J.W. (2001). Interannual Variability in Net Primary
Production and Precipitation. Science, Vol.29, No0.5526, pp. 293:1723, ISSN 0036-8075

Ferguson, R.L.; & Korfmacher, K (1997). Remote Sensing and GIS Analysis of Seagrass
Meadows in North Carolina, USA. Aquatic Botany, Vol.58, No. 3-4, pp. 241-258,
ISSN 0304-3770

Findlay, S.E.G.; Nieder, W.C.; Blair, E.A. & Fischer, D.T. (2006). Multi-scale Controls on
Water Quality Effects of Submerged Aquatic Vegetation in the Tidal Freshwater
Hudson River. Ecosystems, Vol.9, No.1, pp. 84-96, ISSN 1432-9840

Finkbeiner, M.; Stevenson, B., & Seaman, R. (March 2001). Guidance for Benthic Habitat
Mapping: An Aerial Photographic Approach. U.S. NOAA Coastal Services Center.
http:/ /www.csc.noaa.gov/benthic/ mapping/pdf/bhmguide.pdf

Fyfe, S. (2003). Spatial and Temporal Variation in Spectral Reflectance: Are Seagrass Species
Spectrally Distinct? Limnology and Oceanography Vol. 48, No. 1, pp. 464-479, ISSN
1939-5590

Gaye, G.; Kim, H,; Cho, HJ. (2011). Utilizing the Significant Spectral Bands for Image
Outputs for SAV from the Water Effect Correction Module. Proceeding of the 2011
WORLDCOMP (CD-ROM)

Geerken, R.; Zaitchik, B.; & Evans, ].P. (2005). Classifying Rangeland Vegetation Type and
Fractional Cover of Semi-arid and Arid Vegetation Covers from NDVI Time-series.
International Journal of Remote Sensing, Vol.26 No.24, pp. 5535-5554, ISSN 1366-5901

Giri, C.; Pengra, B.; Zhu, Z.; Singh, A. & Tieszen, L. (2007). Monitoring Mangrove Forest
Dynamics of the Sundarbans in Bangladesh and India Using Multitemporal
Satellite Data from 1973-2000. Estuarine, Coastal and Shelf Science, Vol. 73, No.1-2, pp.
91-100. ISSN 0272-7714

Gordon, H.R. & Brown, O.B. (1974). Influence of Bottom Albedo on the Diffuse Reflectance
of a Flat Homogeneous Ocean. Applied Optics, Vol.13, No.9, pp. 2153-2159, ISSN
1559-128X

Govender, M.; Chetty, K. & Bulcock, H. (2009). A Review of Hyperspectral Remote Sensing
and Its Application in Vegetation and Water Resource Studies. Water SA Vol. 33,
pp. 145-152, ISSN 1816-7950

Goward, S.N.; & Huemmrich, K.F. (1992). Vegetation Canopy PAR Absorptance and the
Normalized Difference Vegetation Index: An Asssessment Using the SAIL
model. Remote Sensing of Environment, Vol.39, No.2, pp. 119-140, ISSN 0034-4257

www.intechopen.com



Remote Sensing of Submerged Aquatic Vegetation 307

Han, L. & Rundquist, D.C. (2003). The Spectral Responses of Ceratophyllum demersum at
Varying Depths in an Experimental Tank. International Journal of Remote Sensing,
Vol. 24, pp. 859-864, ISSN 1366-5901

Holden, H. & LeDrew, E. (2001). Effects of the Water Column on Hyperspectral Reflectance
of Submerged Coral Reef Features. Bulletin of Marine Science, Vol.69, No.2, pp. 685-
699, ISSN 0007-4977

Holden, H. & LeDrew, E. (2002). Measuring and Modeling Water Column Effects on
Hyperspectral Reflectance in a Coral Reef Environment. Remote Sensing of
Environment, Vol. 81, No. 2-3, pp. 300-308, ISSN 0034-4257

Jackson, T.]J.; Chen, D.; Cosh, M,; Li, F.; Anderson, M.; Walthall, C.; Doriaswamy, P. & Hunt,
E.R. (2004). Vegetation Water Content Mapping Using Landsat Data Derived
Normalized Difference Water Index for Corn and Soybeans. Remote Sensing Of
Environment, Vol.92, No..3 pp. 475—482, ISSN 0034-4257

Jensen, J.R. (2000). Introductory Digital Image Processing: A Remote Sensing Perspective. Prentice
Hall, Inc. Upper Saddle River, NJ 07458, ISBN-13: 978-0131453610, Upper Saddle
River, NJ

Jin, X. (2001). Technologies of Lake Eutrophication Control management. Beijing: Chemistry
Industry Press.

Khan, M. A.; Fadlallah, Y.H. & AL-Hinai, K.G. (1992). Thematic Mapping of Subtidal Coastal
Habitats in the Western Arabian Gulf Using Landsat TM Data - Abu Ali Bay, Saudi
Arabia. International Journal of Remote Sensing. Vol.13, No.4, pp. 605 - 614, ISSN
1366-5901

Kirk, J.T.O. (1994). Light and Photosynthesis in Aquatic Ecosystems. Cambridge University
Press, ISBN 978-0-521-15175-7, Cambridge, UK

Kutser, T. (2004). Quantitative Detection of Chlorophyll in Cyanobacterial Blooms by
Satellite Remote Sensing. Limnology and Oceanography Vol.49, No. 6, pp. 2179-2189,
ISSN 1939-5590

Kutser, T.; Vahtmae, E. & Praks, ]. (2009). A Sun Glint Correction Method for Hyperspectral
Imagery Containing Areas with Non-negligible Water Leaving NIR Signal. Remote
Sensing of Environment, Vol.113, No.110, pp. 2267-2274, ISSN 0034-4257

Lillesand, T.M., Kiefer, R.W., and Chipman, JW. (2008). Remote Sensing and Image
Interpretation. John Wiley and Sons, Inc., 111 River Street, Hoboken: NJ , ISBN-13
978-0470052457

Lu, D. & Cho, H.J. (2011). An Improved Water-depth Correction Algorithm for Seagrass
Mapping Using Hyperspectral Data. Remote Sensing Letters, Vol.2, No.2, pp. 91-97,
ISSN 2150-7058

Lyzenga, D. (1981). Remote Sensing of Bottom Reflectance and Water Attenuation
Parameters in Shallow Water Using Aircraft and Landsat data. International Journal
of Remote Sensing, Vol.2, No.1, pp. 71-82, ISSN 1366-5901

Maeder, J.; Narumalani, S.; Rundquist, D.C.; Perk, R.L.; Schalles, J.; Hutchins, K. & Keck. J.
(2002). Classifying and Mapping General Coral-reef Structure Using Ikonos Data.
Photogrammetric Engineering & Remote Sensing, Vol.68, No.12, pp. 1297-1305, ISSN
0099-1112

Marshall, T., & Lee, P. 1994. An Inexpensive and Lightweight Sampler for the Rapid
Collection of Aquatic Macrophytes. Journal of Aquatic Plant Management, Vol.32, pp.
77-79, ISSN 0146-6623

Matsunaga, T. & Kayanne, H. (1997). Observation of Coral Reefs on Ishigaki Island, Japan,
Using Landsat TM Images and Aerial Photographs, Proceedings of the Fourth

www.intechopen.com



308 Remote Sensing — Applications

International Conference on Remote Sensing for Marine and Coastal Environments, Vol. 1,
pp. 657-666, ISSN 1066-3711, Orlando, Florida, USA, March 17-19, 1997

Michalek, J.; Wagner, T.; Luczkovich, J. & Stoffle, R. (1993). Multispectral Change Vector
Analysis for Monitoring Coastal Marine Environments. Photogrammetric Engineering
and Remote Sensing, Vol. 59, No.3, pp. 381-384, ISNN 0099-1112

Mishra, D., Narumalani, S.; Rundquist, D. & Lawson, M. (2005). High Resolution Ocean
Color Remote Sensing of Benthic Habitats: A Case Study at the Roatan Island,
Honduras. IEEE Transactions in Geosciences and Remote Sensing, Vol. 43, No.7, pp.
1592-1604, ISSN 0196-2892

Mishra, D., Narumalani, S.; Rundquist, D. & Lawson, M. (2006). Benthic Habitat Mapping in
Tropical Marine Environments Using QuickBird Imagery. Photogrammetric
Engineering and Remote Sensing, Vol.72, No.9, pp. 1037-1048, ISSN 0099-1112

Mishra, D., Narumalani, S.; Rundquist, D.; Lawson, M. & Perk, R. (2007). Enhancing the
Detection and Classification of Coral Reef and Associated Benthic Habitats: A
Hyperspectral Remote Sensing Approach. Journal of Geophysical Research, Vol.112,
C08014, doi:10.1029/2006JC003892

Mumby, P.; Clark, C.; Green, E. & Edwards, A. (1998). Benefits of Water Column Correction
and Contextual Editing for Mapping Coral Reefs. International Journal of Remote
Sensing, Vol.19, No.1, pp. 203-210, ISSN 1366-6901

Pasqualini, V.; Pergent-Martini, C.; Pergent, G.; Agreil, M.; Skoufas, G.; Sourbes, L. & Tsirika,
A. (2005). Use of SPOT 5 for Mapping Seagrasses: An Application to Posidonia
oceanica. Remote Sensing of Environment, Vol.94, No.1, pp. 39-45, ISSN 0034-4257

Phinn, S.; Roelfsema, C.; Dekker, A.; Brando, V. & Anstee, ]. (2008). Mapping Seagrass Species,
Cover and Biomass in Shallow Waters: An Assessment of Satellite Multi-spectral and
Airborne Hyper-spectral Imaging Systems in Moreton Bay (Australia). Remote Sensing
of Environment 2008, Vol.112, No.8, pp. 3413-3425, ISSN ISSN 0034-4257

Rouse, J.; Haas, R.; Schell, J. & Deering, D. (1973). Monitoring Vegetation Systems in the
Great Plains with ERTS. 3. ERTS Symposium, NASA SP-351 1, 309-317

Spitzer, D. & Dirks, R. (1987). Solar Radiance Distribution in Deep Nataural Waters Including
Fluorescence Effects. Applied Optics, Vol. 26, Issue 12, pp. 2427-2430, ISSN 1559-128X

Walters, B.; Ronnback, P., Kovacs, J., Crona, B., Hussain, S., Badola, R., Primavera, J.H.,
Barbier, E. & Dahdouh-Guebas, F. (2008). Ethnobiology, Socio-economics and
Adaptive Management of Mangroves: A Review. Aquatic Botany, Vol. 89, No.2, pp.
220-236, ISSN 0304-3770

Washington, M.; Kirui, P.; Cho, H. & Wafo-Soh, C. (2011). Data-driven Correction for Light
Attenuation in Shallow Waters. Remote Sensing Letters, Vol.3, No.4, pp. 335-342,
ISSN 2150-7058

Wu, C; Niu, Z,; Tang, Q. & Huang, W. (2008). Estimating Chlorophyll Content from
Hyperspectral Vegetation Indices: Modeling and Validation. Agricultural and Forest
Meteorology, Vol. 48, No. 8-9, pp. 1230-1241, ISSN 0168-1923

Zimmerman, R. & Mobley, C. (1997). Radiative Transfer within Seagrass Canopies: Impact
on Carbon Budgets and Light Requirements. Proceedings of SPIE Ocean optics XIII,
2963: 331-336

www.intechopen.com



REMOTE SENSING

APPLICATIONS

Remote Sensing - Applications
Edited by Dr. Boris Escalante

ISBN 978-953-51-0651-7

Hard cover, 516 pages

Publisher InTech

Published online 13, June, 2012
Published in print edition June, 2012

Nowadays it is hard to find areas of human activity and development that have not profited from or contributed
to remote sensing. Natural, physical and social activities find in remote sensing a common ground for
interaction and development. This book intends to show the reader how remote sensing impacts other areas
of science, technology, and human activity, by displaying a selected number of high quality contributions
dealing with different remote sensing applications.

How to reference

In order to correctly reference this scholarly work, feel free to copy and paste the following:

Hyun Jung Cho, Deepak Mishra and John Wood (2012). Remote Sensing of Submerged Aquatic Vegetation,
Remote Sensing - Applications, Dr. Boris Escalante (Ed.), ISBN: 978-953-51-0651-7, InTech, Available from:
http://www.intechopen.com/books/remote-sensing-applications/remote-sensing-of-submerged-aquatic-

vegetation

INTECH

open science | open minds

InTech Europe

University Campus STeP Ri
Slavka Krautzeka 83/A
51000 Rijeka, Croatia
Phone: +385 (51) 770 447
Fax: +385 (51) 686 166
www.intechopen.com

InTech China

Unit 405, Office Block, Hotel Equatorial Shanghai

No.65, Yan An Road (West), Shanghai, 200040, China

RE _EEHIELFERKR65S _EiBEPRRERIRIE M AR4052TT
Phone: +86-21-62489820

Fax: +86-21-62489821



© 2012 The Author(s). Licensee IntechOpen. This is an open access article
distributed under the terms of the Creative Commons Atiribution 3.0
License, which permits unrestricted use, distribution, and reproduction in
any medium, provided the original work is properly cited.




