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ABSTRACT 

HyperSpectral Imagery (HSI) of the coastal zone often focuses on the estimation of bathymetry.  However, the 
estimation of bathymetry requires knowledge, or the simultaneous solution, of water column Inherent Optical Properties 
(IOPs) and bottom reflectance.  The numerical solution to the simultaneous set of equations for bathymetry, IOPs, and 
bottom reflectance places high demands on the spectral quality, calibration, atmospheric correction, and Signal-to-Noise 
(SNR) of the HSI data stream.   

In October of 2002, a joint FERI/NRL/NAVO/USACE HSI/LIDAR experiment was conducted off of Looe Key, FL.  
This experiment yielded high quality HSI data at a 2 m resolution and bathymetric LIDAR data at a 4 m resolution.  The 
joint data set allowed for the advancement and validation of a previously generated Look-Up-Table (LUT) approach to 
the simultaneous retrieval of bathymetry, IOPs, and bottom type.  Bathymetric differences between the two techniques 
were normally distributed around a 0 mean, with the exception of two peaks.  One peak related to a mechanical problem 
in the LIDAR detector mirrors that causes errors on the edges of the LIDAR flight lines.  The other significant difference 
occurred in a single geographic area (Hawk Channel) suggesting an incomplete IOP or bottom reflectance description in 
the LUT data base.  In addition, benthic habitat data from NOAA’s National Ocean Service (NOS) and the Florida 
Wildlife Research Institute (FWRI) provided validation data for the estimation of bottom type.  Preliminary analyses of 
the bottom type estimation suggest that the best retrievals are for seagrass bottoms.  One source of the potential 
difficulties may be that the LUT database was generated from a more pristine location (Lee Stocking Island, Bahamas).  
It is expected that fusing the HSI/LIDAR data streams should reduce the errors in bottom typing and IOP estimation.   

KEYWORDS: data fusion, remote sensing, hyperspectral, LIDAR, Look-Up-Table, bathymetry, reflectance, benthic 
habitat, bottom type, IOP

1.  INTRODUCTION 

The use of spectral imagery for classification of benthic properties into information products such as bathymetry and 
bottom type has a long history in the open literature .  The desire to use spectral imagery instead of a more traditional 
means of estimating this type of information via the use of in-water systems, e.g. bathymetric sounders, multi-beam 
sonar, and side-scan sonar, stem from the differences in deployment characteristics of the remote sensing and in-water 
platforms.  These differences may be seen in Figure 1, where it is evident that the swath width of the in-water systems 
decreases substantially as the height of the sensor above the bottom decreases.  This means that the effective data or 
information acquisition rate  
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decreases significantly.  In shallow waters less then 5 - 10 m, these systems may be costly, as the drafts of the survey 
ships are too deep to operate safely requiring the use and coordination of a fleet of small craft.  This method may just be 
too cost prohibitive to collect the data, as the time on station may exceed budgetary constraints.  In addition to budgetary 

constraints, the U.S. Navy has operational requirements that may not 
allow for surface vessels to be exposed in the near shore environment.  
These “access denied” areas require a mechanism to remotely assess 
the bathymetry and bottom type, with the benefit of the in water 
systems.   

These budgetary and access constraints have focused a tremendous 
amount of interest on the capabilities of retrieving marine 
environmental information from passive spectral remote sensing.  Early 
efforts focused on single or multi-wavelength approaches  that use a 
form of the two-flow equation  to estimate the bathymetry based upon 
assumptions about the water clarity and bottom reflectance 
characteristics.  The regression analysis of the predicted bathymetry 
versus true  
bathymetry of these early efforts demonstrated admirable results.  Yet, 
frequently there were off-sets in the estimates that were ascribed to 
environmental errors, including errors in the estimation of water clarity 

or bottom types.  This problem was (is) more specifically related to the need to know the Inherent Optical Properties 
(IOPs) of the water column, which includes the bottom reflectance, before one could use the two-flow equation in remote 
areas with little field data or validation.   

The shallow water inversion problem in its most general form is the radiative transfer equation.  The radiative transfer 
equation describes the gain and loss of photons along a 
given path through the interaction equations that govern 
absorbance, scatterance, and transmittance .  The 
application of the radiative transfer equation to the shallow 
water inversion problem requires one to simultaneously 
solve for bathymetry, bottom reflectance, and vertically-
structured IOPs when attempting to retrieve an optical 
reflectance signal (Figure 2).  This, of course, was known 
by earlier investigators, but the number of degrees of 
freedom (i.e. the number of spectral bands) in the 
reflectance data was limited in these previous studies, and 
advancement required working with the available data. 

HyperSpectral Imaging (HSI) offers the potential to 
increase the number of degrees of freedom by which to 
invert the radiative transfer equation in shallow waters .  
This allows for multiple approaches to resolve the 
simultaneous variations in bathymetry, bottom reflectance, 
and vertically-structured IOPs.  Two of the more common 
approaches discussed include lookup table approaches that 
match presolved solutions of the radiative transfer equation 
to the HSI and neural network approaches that let the scene 
or some limited number of presolved solutions train the 
retrieval algorithm.  Both of these approaches use 
computationally intensive processing, which employ the 
greater degrees of freedom offered by the HSI data, to 
retrieve a more robust estimate of bathymetry. 

Figure 1:  The impacts of shallow bathymetry on 
swath width for in situ and surface sampling 
versus airborne remote sensing. 

Figure 2. Simulated hyperspectral (solid lines) and 
multispectral (SeaWiFS wavebands; circles) spectra for two 
distinctive water types.  The SeaWiFS spectra were derived by 
applying the SeaWiFS spectral response function to the 
hyperspectral data.  Water 1 (blue line) is 6.5 m deep and has 
low chlorophyll-a and CDOM concentrations with a bottom 
type of a mixture of soft coral and Sargassum, while Water 2 
(green line) is 13 m deep, “pure water” with a flat green coral 
sponge bottom type. 
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There are other optical remote sensing means to accomplish 
bathymetric soundings.  Specifically active airborne remote 
sensing in the form of LIght Detection And Ranging (LIDAR) has 
some of the same advantages as the passive HSI , e.g. constant 
swath over changing bathymetry, as well as some others, such as 
24/7 operations and International Hydrographic Office (IHO) 
Level 1 qualification for bathymetry sounding.  The LIDAR 
bathymetry soundings are less sensitive to IOP variations, and the 
quality of the data (as recognized by the USACE and IHO) 
provides bathymetry estimates sufficient for nautical charting.  
And after nearly 10 years of development, the Naval 
Oceanographic Office (NAVO) took delivery of the Compact 
Hydrographic Airborne Rapid Total Survey (CHARTS), which 
included the latest version of the Scanning Hydrographic 
Operational Airborne LIDAR Survey (SHOALS).  This system 
provides operational optical sounding from an airborne remote 

sensing vehicle. 

There are some differences between the active and 
passive optical deployment schemes that yield very 
different cost/benefit analyses.  The LIDAR systems 
deploy at lower altitudes than the HSI systems.  In 
the following example, the deployment altitude for 
the LIDAR system was 1000 feet, compared to 
10,000 feet for the HSI system.  The two systems 
have similar fields of view, so the HSI system has 
approximately 10X the data coverage as the LIDAR 
coverage.  (In this deployment, the LIDAR system 
was based on an older version of the SHOALS and 
also ¼ of the ground coverage, 4 m resolution 
compared to 2 m for the HSI).  LIDAR bathymetric 
sounding from space is also a technological hurdle, 
whereas high resolution HSI is a possibility.  
However, LIDAR technologies are less dependent on 
atmospheric condition and solar illumination, and are 
more likely to acquire information at any given point 
in time.  In addition, the bathymetric sounding is also 
qualified for nautical charting, whereas the HSI has 
yet to achieve the same level of success.  

The availability of two optical techniques to retrieve 
a similar environmental attribute offers the potential 
for data fusion applications that, at a minimum, can 
identify geographic areas of high error potential.  The comparison of the two sounding estimates may also offer system 
performance evaluations that help define and refine total data quality.  Lastly, the true fusion of the active and passive 
data stream may yield higher quality estimates of the vertically-structured IOPs, as well as bottom type retrievals.  This 
would provide validation and calibration resources to both data streams, which in turn would provide the highest quality 
environmental digital mapping products to civilian and military users. 

This work describes an active/passive data fusion experiment in the Florida Keys during the Fall of 2002.  It couples the 
information products produced from a passive HSI data stream with the bathymetry products created by an active 
LIDAR data stream.  In addition, we describe the first true fusion results that characterize system performance, as well as 
show a path for future development. 

Figure 3.  The hyperspectral data set flown over Looe 
Key, Fl in October 2002 overlain on the NOAA 
NOS/FMRI benthic habitat data set determined from 
aerial photography taken in 1992. 

Figure 4. Typical upwelling radiance (Lu) just above the water surface 
for blue sky and solar zenith angle of 45° calculated for clear coastal 
waters of various water depths over coral sand and clean seagrass in 
Case 1 oceanic waters with 0.1 mg/l chlorophyll a.  The selection of 
Case 1 waters is conservative in coastal regions, since there is little 
attenuation from other absorbing (e.g. CDOM) and scattering 
(sediments) components.  Additional attenuation from these 
components would decrease the total upwelling photons from the 
bottom. 
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2.  METHODS AND RESULTS 

Over the last several years, FERI in cooperation with the 
Naval Research Laboratory (NRL) Code 7200, has been 
developing, deploying, and calibrating a hyperspectral sensor, 
the Portable Hyperspectral Imager for Low-Light 
Spectroscopy 2 (PHILLS2).  This sensor is specifically 
designed for the coastal marine environment, and the 
cooperation between FERI and NRL has produced some novel 
calibration techniques that have been critical to the 
development of this data stream for coastal imaging 
spectroscopy.  The enhanced quality of the spectral imagery 
produced by the accurate calibration and characterization of 
this sensor has made it possible to explore new techniques to 
retrieve the necessary simultaneous solution for bathymetry, 
bottom reflectance, and water column IOPs.  NAVO and the 
USACE have been operating the SHOAL 400 bathymetric 
LIDAR system for the past 10 years and in 2003 received the 
latest version of the SHOALS in  
the form of the CHARTS package.  During the October 2002, 
a joint experiment with NRL- 
Stennis, NRL-DC, USACE, and the NAVO in the Florida 
Keys (Figure 3) provided a series of joint collections that 
formed the basis of this active/passive fusion work.  

There are some critical engineering issues that have to be 
addressed in passive HSI imaging in the marine environment.  
The dominant issue in the marine environment is that the 
upwelling photon densities can be more than an order of 
magnitude less than those in the terrestrial environment 
(Figure 4).  Operations in this low-light environment require a 
hyperspectral sensor designed and engineered to address four 
specific issues.   
These include: (1) low-light sensitivity, (2) high signal-to-
noise, (3) high dynamic range, and (4) absolute radiometric 
calibration.  The need for low-light sensitivity is evident even 
in the shallowest sea grass samples where at 2 m the upwelling 
photon densities are < 1.71x1016 (photons m-2 sr-1 s-1) at 425 
nm and 600 nm.  The high signal-to-noise requirements stem 
from the fact that when these small water-leaving radiances 
are propagated through the atmosphere, they may be as low as 
1 percent of the total received signal at the sensor, even in 
shallow waters, because of the atmospheric increase in path 
radiance between the target and the sensor.  A qualitative 
understanding of the need for high signal-to-noise 
requirements may be illustrated as follows.  Assume a 10% 
contribution of the total sensor measured radiance from the 
target, a 90% contribution from the atmospheric component, 
and a total sensor radiance of 100 arbitrary units and a signal-
to-noise ratio of 100:1.  A perfect removal of the atmospheric 
component yields a target upwelling radiance signal-to-noise 
of only 10:1, which will impact the error budgets of any 
oceanographic characterization or target identification 
algorithm.  Retrieval of these low-light signals in the coastal 

Figure 5. FERI/NRL/NAVO/USACE Joint 
Hyperspectral/LIDAR Experiment October, 2002.  RGB 
image of the HSI data (top, a); Atmospherically-corrected 
spectra over ground control site using genetic algorithm and 
TAFKAA atmospheric tables (middle, b). Bathymetry 
estimate from the LUT approach, which simultaneously 
solves for bottom depth (bottom, c), bottom classification 
(not shown) and in-water IOPs (not shown). 
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zone will require sufficiently high signal-to-noise levels (> 100:1) in all wavelengths for any quantitative analysis of the 
upwelling spectral signal.  

During the field experiment, NRL-Stennis and NRL-DC collected in situ Rrs( ), as well as spectral absorption and  
scattering with a slow drop optical package.  The Rrs( ) data were used to constrain a tabularized atmospheric correction 
model (TAFKAA) to correct the HSI data sets.  TAFKAA, which was developed by the Naval Research Laboratory 
(NRL), employs a look up table based correction scheme based on a modification of the Ahmad & Fraser  vector 

radiative transfer code that was developed by the Naval Research Laboratory (NRL).  The TAFKAA code and tables 
were generated using subroutines from a previously developed atmospheric correction code designed for hyperspectral 
data (ATREM), and further modified by NRL .  The TAFKAA tables are pre-calculated for a variety of scattering 
aerosols and atmospheres.  Guided by the solar and sensor geometries and environmental conditions, it returns a solution 
that it applies to the PHILLS2 data set.  The sensor and solar geometries are directly derived from the data’s time stamp 
and positional information.  The environmental conditions, on the other hand, need to be selected by the user.  The 
parameters that TAFKAA utilizes are: ozone concentration, aerosol optical thickness, water vapor, wind speed, aerosol 
model, and relative humidity (Figure 5b). 

With the atmosphere properly removed, the HSI image can now be used for advanced algorithm development.  We have 
been developing a radiatively robust method that employs a Look-Up-Table (LUT) of simulated solutions of Rrs( ) for 
homogenous, optically clear water columns in tropical environments.  This approach is based on simulating values of 
Rrs( ) based on pre-selected water column inherent optical properties (IOPs), bottom depth, and bottom reflectance .  
This approach is focused on comparing the calibrated and atmospherically-corrected Rrs( ) to the LUT’s records for 
every pixel in the image.  For each successful match of a LUT record to the spectra, the water type, bottom type, and 
depth associated with the LUT record was then associated with the PHILLS spectra’s location (Figure 5c).  It is 
important to note that the library of bottom reflectance spectra used in this exercise was obtained from Bahamian waters 
and not from the image collection location.  In addition, the IOPs were simulated, not measured, demonstrating the 
ability of this technique to identify and characterize Rrs spectra outside of the calibration/validation region. 

Figure 6. FERI/NRL/NAVO/USACE Joint Hyperspectral/LIDAR Experiment October, 2002.  RGB image of the HSI data with 
SHOALS coverage colored in red (left); The distribution of relative errors between LUT retrieved bathymetry and SHOALS LIDAR 
bathymetry (right).  This represents comparisons of > 1.9 x 106 co-located sounding.  A Gaussian curve is added to demonstrate the 
effectiveness of the LUT approach.  The distribution or errors is far more centered around zero than would be expected for a 
normally-distributed population. 
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Figure 7.  Bottom classification into four types (sand, seagrass, coral,and hardbottom) of the HSI data set (on Left) 
collected in 2002 and the NOAA NOS/ FMRI data set (on Right) collected in 1992.  Missing data from either data set 
were omitted from the evaluation (white spaces). 

NOAA    
Bottom Type Sand Coral Seagrass Hardbottom LUT 

Total
LUT % 
Error

Producer’s 
Accuracy 

Sand 23991 8689 16814 97 49591 51.62% 48.38% 
Coral 150 49 4311 501 5011 99.02% 0.98% 
Seagrass 3488 8288 184576 20154 216506 14.75% 85.25% LUT

Hardbottom 11874 8067 55682 12184 87807 86.12% 13.88% 
     Total

Instances 
NOAA Total 39503 25093 261383 32936  358915  
NOAA Error 39.27% 99.80% 29.38% 63.01%    
User’s Accuracy 60.73% 0.20% 70.62% 36.99%    
Total
Classification
Accuracy 

61.52%       

Table 1.  Error matrix of the LUT bottom classifications compared to that of the bottom classification of the NOAA NOS/ FMRI data 
set (data compared at 16 m resolution). 

The first use of SHOALS data (Figure 6) allowed us to develop error statistics for the bathymetric retrievals, as well as 
delineate areas where the LUT algorithm performed poorly, seen as the spike in the distribution of relative errors at the 
+50% level.  This poor performance resulted from an incomplete knowledge of the bottom characteristics.  In addition, 
further study of the error statistics led to the discovery that the ball bearings on the SHOALS scanning mirror were 
significantly degraded, causing a cross-track error in the SHOALS data of approximately 50 cm.  Thus, this LUT 
approach at separating bottom depth and reflectance from in-water IOPs, particularly if the library of bottom reflectance 
spectra were obtained locally, may be even better than the data suggests.   

The LUT solution also provided estimates of bottom type and IOPs.  These bottom type estimates were categorized into 
4 categories (Sand, Seagrass, Coral, and Hardbottom) and were matched to the FDGC metadata files from the 1992 
NOAA/FWRI photo-survey of the Florida Key .  Initial results suggested that there appeared to be good overall retrievals 
for the LUT Seagrass (Producer Accuracy >85%), but less success with the at the Coral, Hardbottom, and Sand estimates 
(Figure 7 and Table 1).  In particular, there were significant areas of the reef face that were identified as Sand or 
Hardbottom, and not as Coral.  

The second use of the SHOALS data allowed us to fix the bathymetry at the LIDAR soundings, and select for the best 
match in the LUT Rrs database holding the water depth at each pixel equal to its SHOALS value.  This generated an 
error matrix that was far less successful than when we compared the results of the unconstrained LUT retrievals (Figure 
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8 and Table 2).  In fact, we expanded the LUT database to include addition Coral bottom types, but this had no effect on 
the overall error statistics.  The overall worse performance for the bottom type, when the bottom depth was fixed seemed 
to be an incongruent result, particularly since the LUT bathymetric retrievals appeared to be so robust (Figure 6).  

We identified two major problems with this first approach to data fusion between the active/passive systems.  The first 
was in the discretization of the LUT database.  The first LUT database was built with a minimum depth spacing of 0.5 m.  
At shallow depths, e.g. 0.5 m, this represents a possible 100% relative error between the LIDAR and HSI/LUT 
bathymetric retrievals if there were not a perfect match between them.  This certainly accounts for some of the spread in 
the relative errors in Figure 6.  However, Figure 6 certainly shows that the bathymetry retrievals were not bad; in fact, 
they were better than one might expect from a perfectly random distribution of errors.  The problem occurs when one 
fixes the LUT bathymetry to SHOALS estimate.  This forced the differences in bathymetry to zero, and any bottom type 
and IOP errors that were commingled with the bathymetry were exacerbated. 

Figure 8.  A subsection of the original data set was further examined.  Bottom classifications were determined for five 
categories (sand, seagrass, coral, hardbottm, and unknown).  The subsections shown are for the LUT data set (Left) 
NOAA NOS/FMRI data set (Middle) and for the LUT/SHOALS fusion (Right). 

NOAA
Bottom Type Sand Coral Seagrass Hardbottom LUT 

Total
LUT % 
Error

Producer’s 
Accuracy 

Sand 101844 44312 148130 641 294927 65.47% 34.53% 
Coral 10522 2737 263749 29096 306104 99.11% 0.89% 
Seagrass 18823 11454 303117 41390 374784 19.12% 80.88% LUT

Hardbottom 60313 12012 377276 32947 482548 93.17% 6.83% 
     Total

NOAA Total 191502 70515 1092272 104074  1458363  
NOAA Error 46.82% 96.12

%
72.25% 68.34%    

User’s 
Accuracy 

53.18% 3.88% 27.75% 31.66%    

Total
Classification
Accuracy 

30.22%       

Table 2.  Error matrix of the LUT/SHOALS LIDAR fusion bottom classification compared to that of the bottom classification of the
NOAA NOS/ FMRI data set (data compared at 4 m resolution).  

This led us to focus on the bottom type and IOP entries.  These entries were obtained from the ONR Coastal Benthic 
Optical Properties (CoBOP) study at Lee Stocking Island, Bahamas (LSI).  These bottom type and IOPs were relatively 
pristine compared to those of the anthropogenically-impacted Florida Key.  In particular, the IOPs used in the LUT 
database represented waters that were significantly clearer than those around Looe Key (Figure 9a).  Because the water 
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clarity was reduced in the Keys relative to the LUT database, and the bathymetry was fixed, the selection algorithm for 
best match to the measured Rrs( ) was forced to chose a LUT Rrs( ) which was derived from a much darker bottom 
type.  This LUT Rrs selection derived from a dark simulated bottom coupled clear simulated waters should have been an 
Rrs derived from darker waters, but brighter bottom type (Figure 9b). 

3.  DISCUSSION AND CONCLUSIONS 

The fact that the bathymetry matched fairly well, even if the IOPs and bottom type were not perfect, resulted from the 
LUT selection algorithm being optimized for bathymetric retrievals.  This result is very heartening because it suggests 
that the approach to HSI bathymetry need not have a perfect IOP and bottom type database in order to retrieve 
significantly robust bathymetric results.  While this is a good result for applications in access denied areas, it does not 
provide the required accuracy in bottom typing and water quality for civilian resource management.   

Fortunately, this was just the first test of this approach, and the LUT database contained only 12,000 entries, owing to 
the limited vertical resolution and IOP entries.  The increased vertical resolution will help reduce bathymetric errors.  
This will be combined with a much greater distribution of IOPs and will generate a much larger, more representative 
database for this environment (currently estimated at > 2 million entries).  Once the generation of this new database is 
complete, this analysis will be reconstructed.  It is anticipated that this larger database will yield a much more robust 
HSI/LUT solution for bathymetry, bottom type, and IOPs, as well as even better fusion of the LIDAR/HSI data products.  
Clearly, these results show the value of coupled data streams in the retrieval of environmental attributes.  The fusion of 
active LIDAR and passive HSI shows promise in the development of new techniques to produce information products 
for both military and civilian applications. 

Figure 9a: LUT absorption spectra derived from 
measurements at LSI (solid lines) compared to measured 
AC-9 profiles from Looe Key, FL during the overflights 
(blue and red points).  Note the actual absorptions were 
far higher than those in the LUT tables. 

Figure 9b: LUT bottom reflectance spectra derived from 
measurements at LSI.  Since there were no dark water 
entries in the LUT tables, a dark Rrs spectra was achieved 
by mixing a dark bottom with clear waters.  This was an 
error in the LUT tables that resulted in an error when the 
inversion results were compared to the NOAA/FMRI 
bottom type maps. 
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