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ABSTRACT   

Hyperspectral signatures and imagery collected during the spring and summer of 2017 and 2016 are presented. Ground 
sampling distances (GSD) and pixel sizes were sampled from just over a meter to less than 4.0 mm. A pushbroom 
hyperspectral imager was used to calculate bidirectional reflectance factor (BRF) signatures. Hyperspectral signatures of 
different water types and bottom habitats such as submerged seagrasses, drift algae and algal bloom waters were scanned 
using a high spectral and digital resolution solid state spectrograph. WorldView-3 satellite imagery with minimal water 
wave sun glint effects was used to demonstrate the ability to detect bottom features using a derivative reflectance 
spectroscopy approach with the 1.3 m GSD multispectral satellite channels centered at the solar induced fluorescence 
band. The hyperspectral remote sensing data collected from the Banana River and Indian River Lagoon watersheds 
represents previously unknown signatures to be used in satellite and airborne remote sensing of water in turbid waters 
along the US Atlantic Ocean coastal region and the Florida littoral zone. 
 
Keywords: Indian River Lagoon, Banana River, water, remote sensing, oblique imaging, hyperspectral remote sensing, 
multispectral imagery, shallow subsurface sensing, water quality, satellite imagery, fixed platform sensing, derivative 
reflectance spectroscopy, seagrasses, submerged vegetation 

1. INTRODUCTION  
Hyperspectral imagery offers unique benefits regarding detection of land and water features because of the information 
contained within reflectance signatures.  Bidirectional reflectance factor (BRF) signatures directly show relative 
absorption and backscattering features of targets [1]. Since hyperspectral imagers and spectrographs can measure 
hundreds of narrow bandwidth spectral bands or channels simultaneously, detailed absorption and backscatter signals 
related to unique substances or constituents are contained in the BRF’s and assist in species discrimination, material 
composition and feature detection. Thus, earth and environmental surveillance problems can be investigated in greater 
spectral detail for a variety of earth surface monitoring applications.   

Another value of an airborne or platform mounted hyperspectral imaging system includes the ability to provide high 
spatial resolution BRF’s. This allows for remote sensing with fewer problems introduced due to mixed pixel effects. In 
this paper imagery is presented with spatial scales (ground sampling distances) of 4 mm to just over a meter.  The 
reflectance spectrum in the region from 0.4 to 2.5 μm can be used to identify a large range of surface cover materials that 
cannot be identified with broadband, low-spectral-resolution imaging systems such as the Landsat MSS, TM, and SPOT 
satellites.  Traditionally, hyperspectral imagers are affixed to aircraft that collect data continuously as the aircraft flies 
over a target area.  These hyperspectral pushbroom cameras are flown over tracks of land and water and allow. Near real 
time hyperspectral image collection can be achieved by using fixed platforms such as piers, bridges, and buildings in 
urbanized areas, shorelines, small vessels and buoys. There can be disadvantages to airborne or satellite remote sensing 
data acquisition.  Inaccuracies may include elevation and position fluctuations along a flight line or orbital path. Changes 
in terrain or elevation changes of the earth’s surface, structures such as buildings and highways all present issues that 
must be considered and corrected to improve resulting BRF signatures [2]. 
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Sensor elevation changes, yaw, pitch and roll variability of moving platforms can cause image spatial distortions and 
GSD changes within a scene.  Techniques such as Kalman filtering [5, 21] are available that can be used to correct for 
these deficiencies. Changes in the topography can be corrected but requires a fair amount of computational complexity 
and requires additional sensor fusion using inertial motion units (IMUs) and high resolution and data rate GPS signals to 
help provide ground pointing corrections for accurate pixel location at the ground or water surface. The time and 
financial costs incurred to conduct these image correction operations can be significant when budgets are limited.  The 
recent WorldView-3 satellite program and the launch on an Atlas-5 rocket and a $650 million expenditure [3] High costs 
to obtain imagery from the WorldView-3 satellite limits the use of this excellent multispectral system. The cost for a 
high digital and spatial resolution eight-band multispectral scene can approach $5,800 per scene with no guarantee of 
clear sky conditions. Costs to ensure less than 5% cloud coverage within an area of interest increases costs to more than 
$8,700 per scene [4]. Thus, the use of this desirable imagery in routine environmental monitoring is not widespread by 
local organizations. Over water, one needs (1) the full 11 bit data since the full dynamic range is not used when imaging 
water bodies and (2) careful selection of imagery for low wind and glint “flicks” due to wind driven gravity waves. 

The cost to collect hyperspectral imagery utilizing aircraft can be significantly less than a satelliteWV-3scene, but time, 
fuel requirements, aircraft cost, and waiting for calm wind and clear skies are still considerations increase hyperspectral 
image acquisition costs.  Clouds, haze (aerosols), rain, and fog over an area of interest are all factors that must be 
considered when planning an airborne remote sensing project since these factors may make the data unusable. A ground 
based HSI collection approach may offer a potentially less expensive paradigm and may provide an advantage by 
reducing extended atmospheric path radiance effects. Fixed platforms in coastal urban environments can help to provide 
extremely small spatial resolution sensing for exploring geophysical variables and targets. In this paper imagery with 4 
mm to just over 1 m GSD is presented as well as demonstrating the value of such imaging for improving our scientific 
understanding on use of high spatial and spectral resolution satellite imagery such as the WorldView-3 multispectral 
system. 

2. METHODS & TECHNIQUES 
WV-3 imagery was acquired during May, 2017 (see Figure 1). A HSI sensor was also mounted to a rotation stage above 
the water, but near the shore indicated in Figure 2.  The HSI system collects spatial pixels in the vertical and the 
pushbroom rotation motion allows scan lines to be collected as the sensor sweeps or rotates.  The resulting high oblique 
HSI imagery produces pixel sizes or ground sampling distances (GSD) on the order of several mm to over 1 m. The 
spatial resolution depends upon the platform altitude and distance of the sensor to the shoreline [5]. Fixed platforms do 
not require corrections for yaw, pitch, and roll unlike satellite, aircraft or vessel mounted systems. 

Figure. 1. WorldView-3 satellite images of the study region. The left image shows the Indian River Lagoon and Banana River 
estuarine systems near the Atlantic Ocean. A panchromatic WV-3 image (center) shows the study area. Wind driven waves and 
resulting sun glint effects are quite visible in the 0.3 m panchromatic sensor data. Sun glint effects are not seen in the study area 
(right) in this May 2017 scene. 
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Figure 2. A SE590 high radiometric and digital resolution (16 bit) solid state spectrograph with 252 spectral channels (468-1115 nm) 
is used to measure nadir viewing BRF signatures. The hyperspectral imaging pushbroom system (center and right) is run via custom 
software and mounted to a rotation stage and tripod for imaging shallow water environments. The sensor collects pixels in a vertical 
direction and sweeps horizontally across an imaged scene using the computer controlled rotation stage to collect a pushbroom 
hyperspectral image cube and high oblique hyperspectral imagery of the marine environment. 

 

 

 

 

Figure 3. WorldView 3 (left) satellite multispectral image of the tidal Eau Gallie River (a tributary of the Indian River 
Lagoon estuary) with 1.3 m GSD during May 2017. The image left) shows dredging occurring in the river. The acquired 
image shows the impact of sun glint on the high spatial resolution multispectral satellite imagery. The left image is the 
location at Pineda causeway (see Figure 1, right inset) where shallow water bottom reflectance (BRF) measurements 
were made with the hyperspectral instruments shown in Figure 2. Instruments are taken to the field using a kayak and 
mounted to a tripod with waterproof PVC mounting legs. 

Oblique images are common in aerial photography and are obtained for a scene photographed at oblique angles to the 
earth’s surface. These images have a wide field of view (compared to images taken at nadir viewing angles) and 
therefore can cover a large expanse or areas as can be seen in the above images and the study area.  The oblique angle, 
i.e. the angle formed by the optical axis of the camera with respect to the z-axis of the world coordinate system, of the 
oblique images in Figure 4 varies between 73 to 103 degrees.  This falls in the category of high oblique imaging.  In 
photogrammetry, a nadir or vertical image has a small tilt angle, typically on the order of five degrees, whereas a low 
oblique image is considered to be one that has between 5 and 30 degrees solar zenith angle or tilt, and high oblique 
imagery has greater than 30 degrees of tilt [2].  

Depending on the sensor zenith angle, the scale within the image scene varies considerably [6].  Imaging with larger 
sensor zenith angles causes considerable geometric distortions.  Other issues, such as terrain, slope, elevation, and 
curvature of the Earth, are important, but are secondary to the issue of increasing view angle from nadir.  The projected 
ground pixel size (GSD) increases as the sensor viewing angle in the Z-direction increases, and results in a high oblique 
image cube as the pushbroom sensor is rotated. The collected image cube thus has a projected pixel resolution that 
decreases as distance increases from the sensor compared to a nadir viewing image [7].  As the viewing angle increases 
away from the nadir, the pixel size or (GSD) becomes much larger, increasing to greater than 10 cm2 per pixel at the 90° 
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elevation angle (horizontal). Optronics calibration spheres and known spectral line lamps are used for sensor calibration 
and characterizations. Figure 4 shows how BRF spectral reflectance signatures increase as a function of changing 
viewing angle that one needs to correct when using high oblique hyperspectral imagery.  Once this has been corrected, 
new applications arise in high oblique imagery since most of the Earth surface radiance reaching the sensor aperture is 
related to direct reflectance from the target.  

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Example BRF spectral reflectance signatures of water in the Indian River Lagoon shows the increase in reflectance as a 
function of changing viewing angle that needs to be accounted for in high oblique HS image analysis when used to estimate the 
concentrations of constituents or bottom feature discrimination in the water.  Spectra collected 8 July, 2016 at Palm Bay, Florida from 
a hyperspectral pushbroom imager. 

 
A calibrated Lambertian (perfectly diffuse) reflectance panel can be used to estimate the incident irradiance (Ei) by 
measuring the reflected radiance (Lp) from the diffuse reflectance panel [8] [9].  This technique is known as the 
Bidirectional Reflectance Factor (BRF) method as first described by Slater (1980) [8].  A bidirectional reflectance factor 
(BRF) was also defined by Sandmeier, 1999 [10] as the radiance reflected from a surface in a specific direction divided 
by the radiance reflected from a lossless, Lambertian reference panel measured under identical illumination geometry. 
Mathematically, this can be written as shown in Equation 1, and is nondimensional [11]: 

BRF (θi,φi, θr,φr; λk) =  
Lr(θi,φi;  θr,φr;  λk)

Lp(θi,φi;  θr,φr;  λk) ∗ Lp−C(λ)    ,                                                                           (1) 

where: 
Lp = Radiance from the reflectance panel [W m-2 sr-1 nm], 
Lr = Pixel Reflected or Upwelling Radiance [W m-2 sr-1 nm], 
Lp-C = Interpolated calibration coefficients of the Lambertian reflectance panel, 
θ i = Solar Zenith Angle with respect to Nadir [radians], 
φ i = Solar Azimuth Angle clockwise from the North [radians], 
θr = Sensor Zenith Angle with respect to Nadir [radians], 
φr = Sensor Azimuth Angle clockwise from the North [radians], 
λk = Central Wavelength of Spectral Band [nm]. 

 

Anisotropy in remote sensing is defined as a property of an object to reflect radiance dependent upon the solar zenith and 
azimuth of the sun with regards to the sensor zenith angle.  If one normalizes all BRFs to the signatures obtained at 
nadir, one obtains a reflectance-anisotropy factor (ANIF) that changes at each wavelength, and accounts for the 
deviation of reflectance from that measured at nadir [12].  ANIFs can be used to analyze the spectral variability in BRF 
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and BRDF data [10] of water or land surface features.  When examining BRF spectra at different sensor and solar zenith 
angles it becomes clear that BRFs by themselves do not reveal much in terms of reflectance anisotropy.  Sandmeier, 
1999 [10] suggested one needs to emphasize the direction-related reflectance anisotropy with respect to a reference 
direction, and this can be achieved by dividing each non-nadir measurement (signature) by the nadir BRF measurement 
(Feingersh, et al., 2009).  Mathematically, the BRF based ANIF spectrum is written as: 

ANIF (θi,φi, θr,φr; λk) =  
BRF(θi,φi;  θr,φr;  λk)

BRFn(θi,φi;  θn,φr;  λk) ,                                                                                             (2) 

where: 
BRF = Bidirectional Reflectance Factor of pixel [unitless], 
BRFn = Bidirectional Reflectance Factor of pixel at nadir [unitless]. 

 

Once the ANIF values have been obtained for a scene, the reciprocal of this value yields a BRF Correction Value 
(BRFCOR) which can be applied to correct for off-nadir BRF values [12].  Mathematically, the BRFCOR can be expressed 
as: 

BRFCOR (θi,φi, θr,φr; λk) =  
1

ANIF(θi,φi;  θr,φr;  λk)   ,                                                                                       (3) 

where: 
BRFCOR = BRF Correction Factor [unitless], 
ANIF = Anisotropy Factor [unitless]. 

 

Using the BRFCOR value, an off-nadir pixel BRF signature can be corrected or normalized to the representative 
approximate nadir viewing spectral reflectance signature using the following equation: 

HSICOR (θi,φi, θr,φr; λk) =  HSI(θi,φi, θr,φr; λk) ∗ BRFCOR   ,                                                                          (4) 

where: 
HSICOR = the corrected hyperspectral BRF image. 

 

Applying these equations to each pixel of the high oblique hyperspectral image cube will normalize the spectral 
reflectance signatures to that of the nadir signature within a hyperspectral image.  Techniques can then be applied to 
rectify and georeference the high oblique hyperspectral image cube. The resulting corrected image can then be used for 
water constituent detection or feature discrimination across the shallow water body or land surface. This is the method 
needed to correct hyperspectral imagery collected from a fixed platform (see the paper by Bostater and Oney in this 
volume). 

As previously indicated, the hyperspectral imaging system (see Figure 2) was placed on tripod and utilized additional 
PCV mounted legs that were inserted into the water bottom at the imaging sites, within viewing distance of a shoreline at 
Pineda causeway (see Figure 1) during the summer of 2017. The pushbroom imaging system swept the shoreline or 
region of interest using a Zaber T-RS motorized rotation stage operated near a kayak and a custom modified onboard 
back pack with three strapped down large 12 volt lithium batteries and a DC-AC inverter needed to operate all 
equipment. The pushbroom sensor produces a high oblique hyperspectral image cube of the shallow water environment 
[20, 21].  A JVC High Definition video recorder was used to collect HD video of the shallow water scene during 
rotation.  The hyperspectral pushbroom imaging system custom developed by the first author and  is capable of 
recording 64 to 1024 spectral channels which can be software selected prior to scanning by using custom designed 
software [5]. The system uses a 1,376 x 1024 monochrome PCO video camera with a Peltier cooled 2/3-inch-high 
quantum efficiency (QE) CCD with 12-bit digital resolution.  The integrated hyperspectral imaging system utilizes a 
calibrated 36° field of view (FOV) Schneider C-mount lens and a SPECIM transmission grating.  The FOV of the lens is 
used to estimate the sensor elevation angle from nadir. The acquired images are high oblique hyperspectral cubes.  
Leveling of the system for applying corrections is assisted by resting a 18 mm circular bubble level on the HSI lens prior 
to sweeping (this ensures a 90° elevation angle (θ) from nadir). The pushbroom imaging sensor is operated using a 
Fujitsu ST 6012 pen-tablet computer with custom software connected via a fiber optic cable and external PCI bus [13, 
10, 20, 21]. Sensor integration time, frame rate, number of spectral and spatial channels is selected to optimize the use of 
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the full dynamic range of the sensor for different scene illumination conditions. The software custom designed by the 
first author [20,21,22] is based upon the C language and uses OpenGL for windows and graphical menus and is operated 
via a touch screen pen tablet computer. 

Once the image cube is rectified and georeferenced, an estimation of a second derivative can be applied to each pixel in 
the HISCOR image collected of a shallow water area to estimate the relative concentrations of constituents or to 
discriminate sub-bottom features within a water body.  Bostater (1991) described a method termed optimal “passive” 
correlation spectroscopy (OPACS) for selecting the optimal bands from hyperspectral signatures for use in estimating 
chlorophyll, DOM, and suspended solids (seston) [14].  From application of a dilating and translating derivative wavelet 
filter [23], to spectra, optimal bands can be selected. A method to estimate a second derivative of the spectrum using the 
wavelet equation [23] generalized by Bostater, et al. (1996, 1999, 2006)  is based upon a modified approach after Grew 
[15, 16] and can be written as: 

I (λ) =  
Bi(λ)2

Bi−n(λ)Bi+m(λ) ,                                                                                                                                          (5) 

where: 
Bi(λ) = the center band (I) at wavelength λ, 
m = the forward channel offset from the center band, 
n = the backwards channel offset from the center band. 

 I(λ) I = the inflection wavelet value at center band λ i that is optimized. 

The same technique can be applied to hyperspectral imagery and signatures to discriminate bottom features as shown in 
the results section (see Figure 9). The underlying goal of computing an approximation of this second order nonlinear 
derivative operator is to optimize the nonlinear derivative using a dilating and translating wavelet spectral filter values to 
independent ordinal or discrete measures (constituent concentrations, bottom types, or other targets). The technique can 
also be used to select bands using other algorithms such as dilating and translating Weber wavelet contrast filter that use 
multiple wavelengths or channels [15].   

These new signals, signatures or hyperspectral cubes directly discriminate a target feature from the background 
absorption (concave up) and backscattering (concave down) features within a BRFCOR reflectance image cube or scene. 
These algorithms represent “wavelet based reflectance spectroscopy” that has previously been shown to be useful 
noncontact optical remote sensing algorithm for optimal band selections for mineral detections in rocks and plant leaf 
composition detection [24]. 

 

3. RESULTS & DISCUSSION 
 
3.1 Hyperspectral Imagery Banana River 

 

Figure 4 shows a hyperspectral image collected during May, 2016 at the Pineda causeway study area shown in Figure 1. 
The pushbroom imager was mounted above the water and rotated using a rotation stage. The rotation speed was 
previously calibrated to produce square pixels at the nadir senor zenith. 

Multiple scans of each bottom type were also recorded and averaged for analysis, including two scanning locations at the 
site where Widgeon grass was present.  At the first location the Widgeon grass was emergent or laying at or  near the 
water surface. At the second scanning location the grass was completely submerged below the water surface in order to 
see the influence of the overlying water column on the BRF reflectance values collected by the sensor.  These bottom 
feature reflectance signatures were then overlaid on a graph with the BRF signatures of bottom types to examine their 
spectral signatures as shown in Figures 4 and Figure 5. 
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Figure 4. Imaged bottom features of a shallow section of the Banana river estuarine system on 17 June 2017. BRF data from the 
hyperspectral image cube shows the spectral signatures of drift algae, sand, and Halophila Johnsonii (Johnson’s seagrass). 
 
The BRF bottom signatures of sand and aquatic vegetation suggests high concentrations of chlorophyll pigments 
indicated at the absorption feature near  670-680 nm followed immediately by a solar induced emission region near 
700nm.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5. Bottom reflectance nadir BRF spectral signatures of different bottom features at the Banana River site, May 30 2017. 
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The sand bottom reflectance values are higher than that of the vegetative features and also have a strong absorption 
feature suggesting the presence of algal pigments at or within the sand at the sand-water interface.  The darker, lower 
reflectance values of the Johnson’s seagrass (dotted line in Figure 6) also contain chlorophyll absorption however there 
is a noticeable shift in the peak of the solar induced fluorescence (at ~710nm) following the chlorophyll pigment 
absorption when compared to the other bottom types.   
 
The nadir BRF signature from the different drift algae species showed almost identical spectral signatures, with the first 
algae having a slightly higher reflectance value.  Photographs of the two drift algae species are shown in Figure 7. One 
drift algae was slightly darker in color than the first, explaining the slight discrepancy in bottom reflectance collected by 
the hyperspectral sensor.   
 
The two sets of measurements of the Widgeon grass focused on (1) submerged grass leaves and (2) emergent or at the 
water surface vegetation.  The two spectral signatures are indistinguishable across the visible light spectrum. However, 
note the change when approaching and crossing into infrared wavelength region near 700 nm.  Between 700 and 800 nm 
the submerged Widgeon grass signature indicates a rapid absorption of infrared radiation by the water column at the 
shallow depth due to rapid absorption of energy within the water skin depth in the near infrared spectral region. 
 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 
 

Figure 6. Images of the prominent bottom features collected at the Banana River site included Johnsonii seagrass, Widgeon grass, two 
drift algae species and sand. Note the high degree of water clarity. Algae was present below the water surface at ~ 2-3 cm. 
Photographs were obtained 30 May 2017. The water depth was less than ~15 cm from the water surface. 
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Figure 7. (Left) Image showing multiple bottom features present at a shallow water data location at the site within the Banana River, 
Florida. Instrumentation (right) used for retrieving bottom reflectance measurements included a Fujitsu pen tablet, SE590 
spectrograph, power supply, Lambertian gray panel, and submersible water proof case for the SE590. Instruments were transported by 
a Spectrum kayak. The kayak also damped small capillary waves at the water surface. Data collected 30 May 2017. 

 

3.2.  Wavelet Hyperspectral Spectroscopy  

 

Figure 8 and 9 show the results of selecting 3 bands (B1,B2,B3) near a known chlorophyll absorption.  

 

 

 

 

 

 

 

 

Figure 8. (left) Averaged drift algae and Halophila Johnsonii spectral reflectance signatures (BRF) from SE690 scans at the Pineda 
causeway site. The absorption feature is near the red channel The solar induced fluorescence channel indicates relatively higher 
backscatter. The low absorption indicated at the 730-750-nm portion of the spectrum suggests the ability to utilize a derivative 
wavelet analysis procedure. These spectral regions indicate the channels of the WV-3 sensor can be used to discriminate near surface 
submerged vegetation types from sandy bottom types at the site. 
 

Using the BRF corrected signatures and equation 5, a panchromatic grey scale image was produced by calculated the 
inflection ration [24] using the 4 mm GSD pixels shown in Figure 4. The resulting monochrome image is shown in 
Figure 9 and shows the results of applying the 3-band wavelet filter centered at band B2. An extraction of pixels along 
the image indicated by the white line was performed in Figure 9 indicates pixels where equation 5 was applied. The 
result is shown in Figure 9 (right) and indicates the ability to use the filter and the 3 channels to discriminate sand, drift 
algae and Johnsonii seagrass as described by Bostater [24]. 
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Figure 9. (left) The white line shows the area where pixel spectra were used to apply Equation 5 with the bands shown ub Figure 8 
(right). Pixels along this white line and the corresponding wavelet algorithm results are shown in (right). The magnitude of the 
wavelet derivative calculation can suggests it can be used to discriminate three different bottom features (sand, drift algae and 
Johnsonii seagrass). 

 

3.3 WorldView-3 Satellite Imagery to Detect Bottom Type 
 

Using the information from the in-situ BRF signatures and field site investigations it was possible to analyze the 
WorldView-3(WV-3) imagery with the knowledge of the relative absorption, backscatter and solar induced fluorescence 
spectral features previously discussed.  

Figure 10 shows the results of applying red, red-edge and near-infra red band as a false color near IR image that clearly 
discriminated the known locations of Ruppia Marittima (Widgeon Grass) and Johnsonii seagrass locations. Previous 
research using similar imagery (see Figure 3) indicated that if a strong sun glint signal due to water surface gravity 
waves was present in a WV-3 panchromatic satellite image, the multispectral detection capability failed.  

This was also found to be true when Pleiades imagery was used in a middle Indian River Lagoon and Palm Bay scene 
used in 2016. Also standard panchromatic and multispectral image fusion imagery did assist in the subsurface bottom 
feature detection because the sun glint signal from the 0.3 m GSD panchromatic image is introduced or “fused” into the 
1.3 m GSD multispectral imagery. The resulting sub meter multispectral bands will then not allow discrimination 
between sun glint and submerged vegetation or shallow subsurface bottom features.  

If the full dynamic range of the 11 bit WV-3 multispectral sensor could be used over a shallow water region (resulting in 
land feature saturation) in calm wind conditions, then subsurface features would likely be even better based upon the 
results of previous hyperspectral airborne flights. In lieu of this, calm sea state conditions are necessary to see shallow 
subsurface features. 

 

3.4 Indian River Lagoon and Banana River Hyperspectral BRF Signatures of the Surface Water 
 
In-situ or just above the water surface signatures were collected at several locations shown in Figure 11 and Figure 12. 
Measurements were made from a canal shoreline and dock in Indian Harbour Beach and at the nearby Eau Gallie 
causeway in the lagoon. The stations at a canal in Figure 12 indicates a high concentration of chlorophyll pigments and 
phytoplankton biomass on July 7 using the Spectron Engineering SE590 high spectral resolution and digital resolution 
(16 bit) solid state spectrograph with light entering directly upon the monochromator slit. During May, the concentration 
of seston and chlorophyll was lower and the signature indicated the presence of a mud or muck bottom. This was 
verified using a sludge judge or push pole constructed from a clear PVC pipe that was inserted into the water. The muck 
or soft mud depth was greater than >0.25 m. Figure 13 shows the influence of changing bottom depth from the shore to 
mid channel along the south side of Eau Gallie Causeway that crosses the Indian River Lagoon and south of the 
causeway. 

Proc. of SPIE Vol. 10422  104220E-10

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 4/26/2018 Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



 
 

 
 

Figure 10. A WorldView-3 false color NIR-RedEdge-Red RGB (channels 7,6,5) image display. Results indicate the ability to 
discriminate shallow water submerged vegetation at the Pineda causeway study site. Algorithm detection is highly dependent upon 
selection of imagery with minimal or no water surface gravity wave sun glint effects. This can be achieved by examination of the 
corresponding panchromatic channel image. Results suggest the infrared, red-edge and red channels will allow one to identify shallow 
seagrasses from sand or mud bottom features the 11 bit 1.3 m GSD satellite imagery. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 11.  Nadir viewing BRF above water surface signature measured at Eau Gallie Canal Station 1. Data collected July 7, 2017 and 
May 23, 2017. Mud (muck) bottom type and water concentration of seston was 38 mg L-3 on May 23, 2017 and 50 mg/L on July 7, 
2017. The July 7 spectral signature shows the presence of a strong algal bloom. Muck bottom was located ~1.5 m below the bottom. 
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Figure 12. Nadir viewing above water surface bidirectional reflectance factor (BRF) measured at Eau Gallie Causeway stations 1 
through 6. Water depth ranged from a shallow sand bottom near the shoreline (< 25 cm at location 1) at station 1 to deeper waters with 
a brown sand bottom at station 6 where the bottom depth was ~3 m . Seston concentrations did not varied along the transect as water 
depth increased. 
 

4. SUMMARY AND CONCLUSIONS 
 
The research reported above demonstrates a methodology to discriminate bottom features in the Indian River Lagoon 
(IRL) watershed using satellite imagery from WorldView-3 (using the red, red edge and near IR channels) and 
hyperspectral signatures using in-situ BRF signatures. The techniques have been previously applied in the IRL and the 
Banana River to estimate water constituent concentrations from ground-based high oblique hyperspectral imagery and 
airborne signatures (see Bostater and Oney in this volume).  Using a hyperspectral pushbroom sensing system that is 
calibrated and rotating the imager at an exact scanning speed associated with the sensor integration time allows one to 
correct the oblique HSICOR imagery.  

Correcting the BRF as a function of sensor zenith angle at each pixel is accomplished by calculating the anisotropy 
factors at each channel and normalizing those values to BRF derived at each pixel within the hyperspectral cube.  Using 
calibrated diffuse grey panels or in-situ field targets to calculate BRF’s within a HSI scene allows one to transpose a 
high oblique image into a scene for bottom feature discrimination as shown above.  
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