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This study compared models that used remote sensing to assess salinity in 

Whitewater Bay.  The quantitative techniques in this research allow for a less costly and 

quicker assessment of salinity values.  Field observations and Landsat 5 TM imagery 

from 2003-2006 were separated into wet and dry seasons and temporally matched.  

Interpolation models of Inverse Distance Weighting and Kriging were compared to 

empirical regression models (Ordinary Least Squares and Geographically Weighted 

Regression - GWR) via their Root Mean Square Error.  The results showed that salinity 

analysis is more accurate in the dry season compared with the wet season.  Univariate and 

multivariate analysis of the Landsat bands revealed the best band combination for salinity 

analysis in this local area.  GWR is the most conducive model for estimating salinity 

because field observations are not required for future predictions once the local formula 

is established with available satellite imagery.   
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INTRODUCTION 

 

The Kissimmee – Okeechobee – Everglades (KOE) ecosystem extends from the 

Kissimmee River Basin south past Lake Okeechobee extending until Florida Bay.  The 

KOE watershed has been categorized into different environments based on its 

physiography.  The true Everglades is a “river of grass” that slightly slopes south from 

Lake Okeechobee releasing its freshwater into Florida Bay and the Gulf of Mexico.  This 

sawgrass marsh is lower in altitude than surrounding environments with water draining 

slowly through it.  The slope of the land gradually decreases from approximately 14 feet 

above sea level at Lake Okeechobee to nearly sea level when the Everglades meets 

Whitewater Bay (Rand and Bachman, 2008; McPherson et al., 1996).  

The Everglades is a vast freshwater wetland that historically encompassed more 

than 10 000 km
2
.   It is primarily fed by the Kissimmee River Basin, located south of 

Orlando, Lake Okeechobee, the second largest freshwater lake in the United States, and 

the precipitation that falls on the region (Rand and Gardinali, 2004).  The Everglades is a 

heterogeneous mosaic of freshwater lakes, tree islands, shrubs, sawgrass, sloughs, and 

estuaries (Harwell, 1998).  Its slight changes in depth result in long incubation periods for 

the water in the Everglades (Sklar et al., 2001); water may take up to a year to complete 

the journey.  The interannual variability in precipitation was historically an important 
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driver in the long term dynamics and sustainability of the biodiversity of the region 

(Harwell, 1998). 

Historically, the Everglades “river of grass” was 120 miles long, 50 miles wide, 

and less than a foot deep (Alles, 2007).  Agriculture and urban development has reduced 

the Everglades by 50% (Redfield, 2000; Chimney et al., 2001; Sklar et al., 2001).  After 

World War II, two events drastically changed Florida.  First was the rapid increase in 

population.  Second was an increased amount of rainfall which caused flooding in many 

urban and agricultural lands (Kiker et al., 2001).  The hurricanes of the late 1940s that 

left most of South Florida underwater for months had contrasted with the drought of the 

1930s (Harwell, 1998).   

The variability in precipitation including droughts and floods, was vital to the 

historical Everglades, but not desired by the citizens of urbanized South Florida.  In 

conjunction with the state of Florida, the US Army Corps of Engineers implemented the 

Central and Southern Florida Project for Flood Control (C & SF Project).  The primary 

objective of this plan was flood protection and providing water supply to the urban areas 

of South Florida (Harwell, 1998; Redfield, 2000; Skylar et al., 2001).  From 1950 until 

into the 1970s the project redirected, controlled, and regulated the massive water system 

resulting in “720 miles of levees, 1000 miles of canals, 200 gates and water control 

structures and 16 massive pumping stations”  (Kiker et al., 2001, p 405).  In actuality the 

policy succeeded in altering the entire water flow from Kissimmee (south of Orlando) 

hundreds of miles south to Florida Bay.  The Kissimmee River, once a meandering 

shallow river 166 km (~100 miles) long, was canalized into a 90 km (56 miles) long 

channel (Koebel, 1995).  The natural overflow of water from Lake Okeechobee to the 
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south during the wet season was permanently altered with the Herbert Hoover Dike 

(Clarke and Dalrymple, 2003).  The natural ecosystem, habitat for hundreds of species, 

and the historic water quality and filtration system for Florida Bay was not taken into 

consideration.  As a result of the C & SF Project vegetation was lost, invertebrates and 

fish numbers decreased, and migrating birds lost their habitats.  Even worse, the water 

quality was severely decreased with the increase of agriculture and farming waste and the 

loss of natural vegetation to clean the water (Rand and Gardinali, 2004; Rand and 

Bachman, 2008).   

  Restoration efforts began in 1976 with the Kissimmee River Restoration Act 

(Koebel, 1995).  The Everglades Forever Act of 1994 mandated an increase in freshwater 

flow through the Everglades (Harwell, 1998; Sklar et al., 2001).  These plans were 

further expanded into parts of the current Comprehensive Everglades Restoration Plan 

(CERP) plan to include the entire KOE watershed.  CERP is a $7.8 billion, 30 year 

federal and state restoration project compromising the water demands and flood control 

of the urban population with the needed restoration for a healthy Florida Everglades 

(Clarke and Dalrymple, 2003; Kranzer, 2003).  The CERP is the framework to restore, 

protect, and preserve the ecosystem of central and South Florida (Perry, 2004).   The plan 

is centered on the water resources from the Kissimmee – Okeechobee – Everglades 

(KOE) watershed.   Restoration efforts are ongoing and continuous.  Parts of the 

Kissimmee River are being dechannelized; levees and other water control structures are 

slowly being removed.  CERP is attempting to restore the historic water flow of the KOE 

watershed (Kranzer, 2003). 
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CERP consists of 68 critical environmental projects designed to restore the 

Florida Everglades while still maintaining the urban population of South Florida.  

Generally, CERP intends to improve the health of the 2.4+ million acres of the South 

Florida ecosystem and Lake Okeechobee, virtually eliminate damaging freshwater 

releases to the estuaries east and west of Lake Okeechobee, improve the water quality 

and quantity to Florida (including Whitewater) and Biscayne Bays, and enhance water 

supply and maintain flood protection for South Florida (Clarke and Dalrymple, 2003).   

In Whitewater Bay, salinity historically fluctuated with the inflow of freshwater 

from the mainland of Florida and the tidal salinity fluctuations from the Gulf of Mexico.  

This freshwater discharge has become regulated and managed in the past half century by 

a complex canal system.  Water management agencies use this system for flood control.  

They can rapidly release large quantities of freshwater during the land’s wet season and 

refrain from water discharge during the dry season (Satula et al., 2001).  In addition, 

massive releases of freshwater from Lake Okeechobee and the canal system is routed in 

large amounts (on average – 1.7 billion gallons per day) in anticipation of storm events to 

minimize flooding (Clarke and Dalrymple, 2003; Kranzer, 2003).  This also means that 

during the dry season, when salinity naturally increases in Florida Bay, a sudden decrease 

in salinity can be experienced with a release of freshwater from the canal system 

(Montague and Leyi, 1993).  More frequent tides in mangrove wetlands (like Whitewater 

Bay) can occur from August through October as a result of seasonally higher sea levels in 

the wet season of south Florida (Chen and Twilley, 1999).  

The rapid changes of salinity can cause reductions in the spread and total numbers 

of plant and animal species in the water and on land.  Most species can only survive 
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within a specific window of salinity.  The Florida Everglades ecosystem maintains a 

fragile balance between fresh to salt water.  Anthropological influences upset and disrupt 

this balance (Clarke and Dalrymple, 2003).  When the natural flow of water is altered too 

greatly, a cascade of reactions will cause the ecosystem to simplify over time.  This will 

result in a degraded wetland habitat and will disturb the distribution and abundance of the 

species in the bay ecosystem (Copeland, 1966; Parsons et al., 1999; Richter et al., 2003; 

Restrepo et al., 2006).    

Whitewater Bay is an important estuary that is the home for a rich biodiversity of 

wildlife and vegetation.  It is also an important recreational and tourist site for the South 

Florida economy.  Salinity is considered the most important hydrobiological parameter to 

maintain an estuary.  Increased salinity, due to upstream changes, can result in higher 

salinity levels to the detriment of the biological communities of the estuary (Copeland, 

1966) and the economic value of the ecosystem.  Precipitation in Whitewater Bay can 

also affect salinity.  Increased rainfall (freshwater) decreases salinity levels.  Annual 

rainfall has varied from this region from 867 mm to 2200 mm with an average 

approximate rainfall of 1400 mm.  However up to 75% of the precipitation falls during 

the wet season, approximately June through September (Chen and Twilley, 1999; 

Childers et al., 2006; Rand and Bachman, 2008).  This makes South Florida prone to 

flooding but also adds to the variability of salinity in the entire region.  During times of 

less rainfall, water management offices are less eager to allow the flow of freshwater to 

balance the Everglades ecosystem.  They would prefer to retain the freshwater for human 

and agricultural requirements.  During period of floods, additional freshwater is released 

to accommodate the increased rainfall.  Both droughts and floods are natural variances in 
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the Everglades ecosystem (Fourqurean and Robblee, 1999).  However, the unnatural 

releasing or holding of freshwater only further degrades and complicates a fragile 

ecosystem. 

Historically, water would flow from Lake Okeechobee through the Everglades 

and Shark River Slough before empting in estuaries such as Whitewater Bay.  A majority 

of the water in the Everglades system formally travelled through an area called Northeast 

Shark Slough.  This area is located east of where current water is anthropologically 

directed through the Everglades National Park (ENP).  Water flows into Northeast Shark 

Slough have been virtually eliminated. By default, Western Shark River Slough receives 

most of the water flow.  Water levels here are unnaturally too high for too long while 

other parts of the ENP including Northeast Shark Slough are too low and short in 

duration (Clarke and Dalrymple, 2003).  This water mismatch results in not enough water 

in the right place, time, quantity, or quality to satisfy the needs of the natural Everglades 

and the urbanized areas of South Florida (Kranzer, 2003).  Restoration of historic water 

flow into Northeast Shark River Slough is a major component of CERP (Gunderson, 

2001; Clarke and Dalrymple, 2003).  

Whitewater Bay can be affected by many natural and unnatural events that alter 

biodiversity and water quality of the ecosystem.  Changes in freshwater flow from the 

Everglades and altered entry points have decreased the volume of freshwater input into 

the system, increasing salinity values.  While the Everglades is a relatively low nutrient 

environment, anthropologic influences have significantly increased nutrient 

concentrations from agriculture and urbanization (Gunderson, 2001).  Seagrass, the 

natural dominating vegetation of the Everglades, thrives in low nutrient areas.  Increased 
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nutrients encourage the growth of certain types of algae.  Hurricanes act as a natural 

flushing agent for bays destroying seagrass beds and moving sediments.   Seagrass 

vegetation is also kept in check by grazing herbaceous keystone species such as manatees 

and sea turtles.  Increased salinity can also change the structure and abundance of 

seagrass and other submerged aquatic vegetation (Gunderson, 2001; Fourqurean et al., 

2003).  Construction of transportation activities such as roads and railroads has filled in 

passageways through which water would normally flow.  Sea level has also risen 

drastically this century.  Changes in water depth inevitably alter an ecosystem 

(Gunderson, 2001).  These factors directly and indirectly affect the distribution, flow, and 

concentration of salinity in Whitewater Bay.   

There are many properties of water that are regularly tested.  These properties 

include temperature, dissolved oxygen, nutrients, turbidity (light), sediments, and 

salinity.  Salinity is the measure of how much salt is in a substance.  All organisms need a 

specific range of salinity to survive.  However, salinity outside of the species range can 

result in a hypertonic death.  Hypersalinty has been suggested to be a major limiting 

factor in seagrass and mangrove forest structure and growth (Chen and Twilley, 1999; 

Fourqurean et al., 2003).   

Much research has investigated the present and historical water quality and 

salinity levels in Florida Bay.  Scientists are examining the effects of anthropogenic 

influences such as the construction of canals on the water quality of Florida Bay.  

Speculation suggests that increased salinity is a leading factor in the decrease of water 

quality and biodiversity of its living resources (Swart et al., 1996).  Consequently, 
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assessing salinity is a top priority for projects such as CERP, which are attempting to 

restore the natural flow of water in the KOE watershed.   

Water salinity has historically been collected by field research.  However, this can 

be costly and time consuming.  Using remote sensing to assess salinity levels could be an 

answer to many problems.  Due its density, deep water levels of salinity are difficult to 

ascertain at this time.  Shallower water found in estuaries, lagoons, and bays are potential 

areas for further investigations. Using remote sensing to conserve and manage shallow 

wetlands resources is extremely advantageous especially in large geographic areas.  

Remote sensing allows for seasonal and annual assessment (Ozesmi and Bauer, 2002).   

Remote sensing is an option that uses data assessed either by airplane or satellite.  

Landsat TM imagery is free and easily available to the public.  It has also been shown to 

be a good indicator of environmental quality over large geographic areas (Bauer, et al., 

2004).  Determining salinity levels by Landsat TM remote sensing will allow more 

money to go into the cost of restoring the water flow rather than evaluating the results of 

restoration efforts.  This research seeks to determine salinity levels in Whitewater Bay, 

Florida using Landsat 5 TM.  In this research, the following questions seek to be 

answered: 

1. Is using remote sensing effective to assess salinity? 

2. What bands are most effective in assessing salinity? 

3. What differences in salinity can be observed in the wet (summer, fall) and dry 

(winter, spring) seasons?
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LITERATURE REVIEW 

 

Traditional methods of collecting water quality data consist of devices used in the 

field.  These instruments either record data stationally at fixed positions in the study area 

or are used on a boat.  Only a portion of these areas have been ground based mapped 

because of time, human resources, and financial constraints (Sawaya et al., 2003; Bauer 

et al., 2004).  Scientists have been investigating the use of remote sensing to quantify 

water quality.  This data is often available at a reduced cost and includes sites that are 

inaccessible in the field.   

Gathering field data in inaccessible or large areas is difficult, cost-prohibitive, and 

unnecessary with the accessibility of remotely sensed data.  Aerial and satellite images 

are two alternatives to conventional terrestrial surveys.  Both aerial and satellite images 

have been used in wetland and water quality monitoring (Clarke et al., 1991; Kasischke 

et al., 1997; Ozesmi et al., 2002).   Kasischke and Bourgeau-Chavez (1997) evaluated the 

use of both remote sensors in South Florida wetlands.  High resolution images are needed 

to accurately define the ecological and hydrological characteristics of a small spatial 

scale.  
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Directly Assessing Salinity via Remote Sensing 

 Previous research described in the literature elucidates that remote sensing has the 

efficacy to assess water salinity. Scientific research has been conducted since the 1950s 

using radiometric measurements to passively assess salinity. Matter emits 

electromagnetic radiation as a result of the temperature activated random motion of 

atoms.  From a complex formula calculating the radiation emitted, a relationship can be 

established between salinity, temperature, and the brightness temperature of seawater 

(Lagerloef et al., 1995; Topliss et al., 2002; Klemas, 2011).  Radiometric measurements 

can be calculated either from airborne measurements or from space-based satellites.  The 

lower microwave frequency (L-band 1.4 GHz) is the optimal spectral channel to directly 

sense salinity and changes in salinity.  The L band is highly sensitive to emissivity which 

contains a term proportional to the conductivity.  Conductivity is directed by temperature 

and salinity.  With known temperature, salinity can thus be directly measured 

(Droppleman et al., 1970; Lagerloef et al., 1995; Zhang et al., 2012).   

  Scientific studies have used NOAA’s Airborne Scanning Low-Frequency 

Microwave Radiometers (SLFMRs) to map the salinities of bays, estuaries, rivers, and 

coastal waters for decades (Droppleman et al., 1970; Blume et al., 1978; Le Vine et al., 

1990; D’Sa et al., 2000; Burrage et al., 2002; Klemas, 2011).  The SLFMR is an imaging 

sensor that can provide regional coverage of sea surface salinity (SSS).   Its range for SSS 

can be determined by doubling the airplane’s altitude (Miller, 1995).  SLFMR has 

mapped the coastal plumes from Chesapeake and Mobile Bays allowing salinity maps to 

be generated quickly over waters that range from oligohaline to hypersaline (Burrage et 

al., 2002).  Salinity patterns in Florida Bay were estimated using the SLFMR in a pilot 
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attempt to measure the ecologically sensitive ecosystem (D’Sa et al., 2000).  However, 

due to its high cost in data collection, the use of SLFMR for long-term salinity 

monitoring purposes is unpractical (Zhang et al., 2012).  

 SSS is an oceanic variable that can also be assessed from satellite based 

radiometers.  In the 1970’s the earth-orbiting satellite, Skylab, used radiometric 

measurements to quantitatively measure sea surface conditions. Data collected 

intermittently from a 1.4 GHz microwave radiometer was compared to standard SSS 

charts where a correlation was detected between the sensor data and SSS (Lerner and 

Hollinger, 1977; Lagerloef et al., 1995).  Advancements in technology satellite sensing 

salinity have been continuously made since Skylab leading to the launching of a new 

satellite mission to measure SSS, Aquarius, on June 10, 2011.  Aquarius is a NASA 

radiometer designed to provide global salinity maps on a monthly basis.  However, with a 

spatial resolution between 76 and 156 km, Aquarius is designed to monitor SSS in the 

open ocean.  Its coarse spatial resolution makes its application in the Florida Bay coastal 

region (Klemas, 2011; Zhang et al., 2012). 

 

Indirectly Assessing Salinity via Remote Sensing 

 The use of microwave radiometers for salinity monitoring purposes in support of 

CERP has many concerns.  There is a high cost associated with the frequent 

measurements needed for continuous evaluations with the changes in the South Florida 

ecosystem.  The new satellite, Aquarius, launched in 2011 has a spatial resolution too 

coarse to use in local coastal communities.  Therefore scientists have explored the use of 

multispectral sensors of satellite imagery to assess salinity.  However they cannot assess 
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salinity directly.  Instead, scientists have developed a method of indirectly measuring 

salinity using CDOM.   

 Colored dissolved organic matter (CDOM) is an optically measurable and 

important component of salt and fresh water.  It is produced naturally in water by the 

decay of organic material.  However, anthropologic processes such as agriculture, 

wetland drainage, and effluent discharge can affect CDOM levels.  In general, CDOM 

levels are larger in fresh water and estuaries than the open ocean (Maie et al., 2006).  

Estuaries occur at the extreme end of freshwater sources, like the Shark River Slough.  

Thus the concentration of CDOM at the terminal end of an estuary can be much greater 

than at the mouth. A gradient of CDOM can be measured and observed (Bowers and 

Brett, 2008).  A variation of CDOM can also be observed in the wet and dry seasons of 

Florida (Chen, 2006).  CDOM and salinity vary in proportion to the input of freshwater 

into the estuary.   

 Scientific research most commonly uses Sea-viewing Wide Field-of-view Sensor 

(SeaWiFS), Moderate Resolution Imaging Spectrometer (MODIS), and Landsat imagery 

to indirectly assess salinity via satellite multispectral sensors.  CDOM, which is actually 

measured, serves as an intermediary function between the remote sensing reflectance 

bands and sea surface salinity.  The inverse relationship of salinity and CDOM has been 

exploited by many scientists to assess salinity in coastal regions and estuaries (Bowers 

and Brett, 2008).   

Satellite imagery is often restricted by their spectral, spatial, and temporal 

resolutions (Ritchie et al., 2003).  SeaWiFS has a temporal resolution of 1 day; MODIS 

every 1 – 2 days; Landsat 5 TM every 16 days.  SeaWiFS carried eight bands ranging in 
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bandwidth from 402 nm – 885 nm which provided data from a variety of oceanographic 

qualities such as ocean primary production, ocean influences on climate processes, and 

many biogeochemical cycles (Jensen, 2007).  With an 1130 m resolution, SeaWiFS data 

is not applicable in shallow water local areas (Liu et al., 2003).  For 13 years, SeaWiFS 

transmitted data to Earth until December 2010 when the satellite it was on stopped 

communicating with ground stations.  Two months later it was declared unrecoverable. 

Both MODIS and Landsat TM imagery can be downloaded for free from the 

USGS.  MODIS Bands 8 – 16 are most optimal in open ocean conditions to globally 

estimate ocean color, phytoplankton, and biochemistry.  However, while MODIS has a 

spatial resolution range of 250-1000 m depending on the band, Landsat has a spatial 

resolution of 30 m (for bands 1 – 5 and 7) and 120 m for band 6 (Sawaya et al., 2003; 

Jensen, 2007).  The more detail required of the study site, the higher spatial resolution is 

needed (Stumpf et al., 2003).  The objective of the study will determine the choice of 

satellite imagery.  MODIS has been used to assess salinity using many models in 

Chesapeake Bay (Urquhart et al., 2012). However, due to its affordability, mission 

continuity, and absolute calibration many scientists prefer to use Landsat to monitor 

salinity (Zhang et al., 2012).   

 Landsat satellites were first launched in 1972 with Landsat 1.  For 40 years, the 

Landsat satellites have provided scientists with continuous data that has contributed to 

human knowledge of the water cycle, climate, ecosystems, and the changing Earth and 

more.  Landsat 5 TM contains seven bands.  Bands 1 – 3 contain the visible spectrum; 

band 4 – 5 the near infrared; band 6 the thermal band; band 7 a mid-infrared (Jensen, 

2007).  



14 
 

Landsat calibrates data on its own with on-board radiometric calibration devices 

(Zhang et al., 2012).  Its spatial, spectral, and temporal resolution makes it appealing for 

salinity analysis. Landsat imagery has been used to assess salinities of bays, estuaries, 

rivers, and coastal waters for decades.  In 1982, Landsat MSS bands 1 – 4 satellite 

imagery was used with photographs to map SSS in the San Francisco Bay Delta to 

confirm correlations between Landsat color bands and SSS in an estuary (Khorram, 

1982).  Empirical models to estimate salinity have been calculated from Landsat data 

(Lavery et al., 1993; Vuille and Baumgartner, 1993, Baban, 1997; Dewidar and Khedr, 

2001).  The basis for this study was a project using Landsat TM data to assess salinity in 

Northeastern Florida Bay.  The potential of using Landsat imagery in small areas was 

examined and established with algorithms for quantitative and qualitative analysis (Zhang 

et al., 2012).   
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METHODOLOGY 

 

Study Site 

The climate of the South Florida region, including the Everglades, is distinctly 

separated into a wet and dry season.  The wet season is loosely defined as the time period 

of June through September; the dry season is roughly October through May.  The wet 

versus dry designation is based on the amount of precipitation.  Rain that falls at the 

beginning of the KOE watershed in central Florida can take an extended period of time to 

reach Florida Bay at the end of the Everglades.  As a result, water levels are the highest in 

October, at the end of the wet season and lowest in May at the end of the dry season 

(Beckage et al., 2003). 

Florida Bay is a broad, shallow, estuarine lagoon located off the southern tip of 

the Florida peninsula.  It is bounded by the Everglades to the North, the Florida Keys to 

the east and south, and opens to the Gulf of Mexico to the west.  Florida Bay is part of the 

larger recreational and commercial fishery of the Gulf of Mexico with parts adjacent to 

the protected Florida Keys National Marine Sanctuary (Nuttle et al., 2000) and is fed 

freshwater by a system of rivers, streams, canals, and the grassy wetlands.  Florida Bay is 

often likened to a lagoonal structure because of its relatively shallow depth and varying 

salinity of its seawater due to ranges of freshwater input (Burd and Jackson, 2002).  It is 

these ranges that can cause ecological changes inside of Florida Bay, visually observed 
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by algal blooms and the death of Thallassia testudium (turtle grass), the normal dominant 

covering of the muddy benthic environment  (Boyer et al., 1997; Fourqurean and 

Robblee, 1999; Rudnick et al., 1999).   

Whitewater Bay is located on the extreme southern tip of the Florida Peninsula 

(Figure 1). Whitewater Bay, approximately 13 miles by 6 miles, is open to the Gulf of 

Mexico via several narrow, shallow passes (Scholl, 2004).  Florida Bay and Whitewater 

Bay are separated by fragmented land pieces that seasonally connect to the southern tip of 

Florida.   Freshwater empties into Whitewater Bay from rivers originating in the Shark 

River Slough in the Florida Everglades (Boyer, 2006) while red, black, and white 

mangroves line these rivers and streams of the slough (Boyer et al., 1997).  Separate 

slough systems flow into Whitewater and Florida Bay, yet similarities of the bays exist.  

Their climatic conditions are nearly identical since they are located so near each other 

and their tidal exchange with their respective sloughs and saltwater are alike (Boyer et 

al., 1997).  Since it is directly affected by the canal system and the megalopolis of 

Miami-Dade, a majority of the research has been done on water quality in Florida Bay 

over Whitewater Bay.  Yet Shark River Slough has also been affected by impacts of 

humans on the KOE watershed.  By establishing remote sensing techniques in 

Whitewater Bay, a more complete analysis on the changes of salinity can be constructed.  
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Figure 1 Map of South Florida and Florida Bay.  Inset image is of the study site, Whitewater Bay, FL. 
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Salinity Data 

Salinity surveys were completed from 2004-2006 in Whitewater Bay by the 

United States Geological Survey (USGS).  Four boats were mobilized over a one day 

span to collect water variable data including salinity and temperature every five seconds 

via a boat mounted flow-through cell to a continuous water quality meter.  Geographic 

coordinates (latitude and longitude) were accrued with a Garmon 76C handheld unit.  

Data files available included date of collection, temperature in degrees Celsius, specific 

conductance in microsiemens per centimeter, salinity in parts per thousand, and latitude 

and longitude in decimal degrees.  Salinity and temperature meters were checked in 

known conductivity standards before and after data collection surveys (Zhang et al., 

2012). This data is available for free from the USGS SOFIA’s data exchange database.  

Salinity data for the area has been divided into three “water years.”  Water year 2004 

contains salinity data from expeditions in December 2003 and June 2004; water year 

2005 covers October 2004 and April 2006; water year 2006 encompasses November 

2005 and June 2006 (Table 1).  The data collected in these surveys were used in this 

study to develop salinity assessment models in Whitewater Bay, Florida. 

Landsat 5 TM Imagery 

The raw salinity data was cross referenced to existing Landsat 5 TM images.  The 

date of Landsat imagery and ground truthed data do not need to match exactly because 

salinity does not fluctuate as rapidly as temperature.  Data that corresponds with 

contaminated or cloud covered images were removed from analysis.  Landsat 5 TM data, 

collecting images over Whitewater Bay every 16 days, is available for free from the 
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USGS’s Earth Explorer database (http://earthexplorer.usgs.gov/).  Images of my study 

area are categorized under WRS-1 Path 15 Row 43.  Table 1 matches the salinity data 

used in this study to the closest Landsat 5 TM images. 

 

Water 

Year  

Date of Salinity 

Acquisition 

Landsat 5 TM Date 

2004 

December 11, 2003++ December 6, 2003++ 

June 2, 2004* May 30, 2004* 

2005 

October 14, 2004++ October 21, 2004++ 

April 6, 2006* April 2, 2006* 

2006 

November 10, 2005++ November 9, 2005++ 

June 28, 2006* June 21, 2006* 

Table 1 Water Years of Salinity Data and Corresponding Landsat TM Imagery used in this study 

* Represents Wet Season Data; ++ Represents Dry Season 

  

In Arc Map, the salinity data was open and displayed as XY data.  Landsat 5 TM 

data images were defined as UTM Zone 17N (Bauer et al, 2004).  The salinity data 

projections were also defined in the same projection.  The salinity data was then exported 

into a shapefile which projects over the corresponding Landsat 5 TM image with 

matching XY Coordinates.  By clipping the study site from other data and images 

collected, a polygon shapefile of Whitewater Bay was created.  Outside salinity data was 

then excluded from further analysis. The surviving data is the data of the study site which 

will be the only data used in future computations.     
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Preprocessing 

Atmospheric correction of satellite images is required to remove or greatly reduce 

the influence of the atmosphere (Wang and DeLiberty, 2005).  There are variations in 

atmospheric conditions due to differences in dates of Landsat TM acquisition.  As a result 

surface reflectance values cannot be accurately compared without first correcting for 

those differences (Goslee, 2011).  There are two basic methods of atmospherically 

correcting images.  Relative normalization methods match one image to another based on 

the spectral characteristics of the reference image.  This results in the images appearing 

like they have been taken using the same sensor and the same atmospheric conditions 

(Goslee, 2011).  Relative correction techniques were developed to be used when absolute 

atmospheric corrections could not.  Most often this occurs with historical or land-cover 

change detection satellites whose atmospheric properties required for absolute 

atmospheric correction is not available (Jensen, 2005). 

 Absolute atmospheric correction methods rely on adjusting each image 

individually based on each image’s mechanical and technical characteristics (Goslee, 

2011).   The complicated algorithms required for this correction can be completed by 

modern computer software if specific atmospheric condition information is available.  

This information may either be provided by the user or contained within the dataset of 

certain atmospheric absorption bands.  Most often the following information is required:  

latitude and longitude of the remotely sensed image scene, date and exact time of 

acquisition, image collection altitude and mean elevation of the scene (above sea level), 

an atmospheric model (for Whitewater Bay this is tropical), radiometrically calibrated 

image radiance data, the mean and full-width at half-maximum information about each 
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specific band, and the local atmospheric visibility at the time of image collection.  This 

information is put into the atmospheric model selected (for Whitewater Bay, this is the 

tropical model) where the absorption and scattering characteristics of the atmosphere are 

evaluated (Jensen, 2005).   

Atmospheric and satellite data are available for the Landsat TM imagery used in 

this study.  Therefore, absolute atmospheric correction was performed on each image.  

There are many atmospheric correction algorithms available.  Atmospheric Correction 

using ENVI’s Quick Atmospheric Correction (QUAC) was applied to each training and 

validation Landsat TM image.  QUAC is a visible near infrared through short wave 

infrared correction method for multispectral (including Landsat) imagery.  It defines 

atmospheric correction parameters from information gathered in the pixel spectra in the 

scene.  QUAC requires a minimum of three bands and valid wavelengths.  It is based on 

the empirical finding of the average reflectance of at least ten diverse materials in the 

scene.  With those materials and sufficient dark material to allow a baseline spectrum, 

QUAC results in fast and accurate atmospheric corrections (Bernstein et al., 2005; 

FLAASH Module User’s Guide, 2009).   

After data was collected via Landsat and ground truthing, they were divided into 

wet (summer and fall) and dry seasons (winter and spring) for analysis.  Since these two 

seasons vary in water amount, separation into categories is paramount for meaningful 

analysis.  The digital numbers for each sample location on the Landsat TM images were 

extracted and geographically matched to the surveyed data to develop relationships with 

measured salinity (Sawaya et al., 2003).  It is from this information that further research 

can be gathered to identify the best model to generate an accurate salinity map of 
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Whitewater Bay.  Field gathered salinity point locations positioned on pixels of clouds on 

their corresponding Landsat image for both the training and validation data must be 

deleted.   The threshold of 50 was determined in the extracted Band 4 data.  The matched 

datasets were then resampled into a resolution of 100 meters by using a moving window 

(3 x 3) which outputs the average reflection of the window into the central kernel of the 

window.  This is done to remove potential noise and reduce errors (Mayo et al., 1995; 

Zhang et al., 2012).   

The Landsat 5 TM sensor has seven spectral bands.  Bands 1-3 are known 

collectively as the Visible Spectrum.  Band 1 (blue: 450 – 520 nm) is especially 

important in water quality analysis because of its increased penetration of water bodies 

(FGDC, 1992; Ozesmi and Bauer, 2002; Jensen, 2007).  Band 2 (green: 520 – 600 nm) 

reacts to the green reflectance of healthy vegetation.  Band 3 (red: 630 – 690 nm) is the 

absorption band of healthy green vegetation and is useful in boundary delineations.  Band 

4 (near infrared: 760 – 900 nm) emphasizes land water contrasts.  Band 5 (mid infrared: 

1550 – 1750 nm) is used to examine water amounts in plants and used to differentiate 

among clouds, snow, and ice.  Band 6 (thermal infrared: 10400 – 12500 nm) measures 

infrared radiant energy (temperature) emitted from surfaces.  Thermal band 6 also has a 

higher spatial resolution (120 m) than bands 1 – 5 and 7 (30 m).  Band 7 (mid-infrared: 

2080 – 2350 nm) is useful in rock zonation identification and soil moisture conditions 

(Jensen, 2007).  Different combinations of bands are often used to provide information 

about different ecosystems.  Bands 1 – 4 provide useful information about water quality 

because light passes through the water in this spectral range (Song et al., 2011).  Bands 5 

and 7 are useful in wetland areas because of their sensitivity to soil and plant moisture 
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contents (Jensen, 2007). However, band combination patterns are site-specific and vary 

from individual region to region (Zhang, et al., 2012).  

 

Models 

Empirical models are based on observed data rather than theoretical (semi-

empirical).  Since ground truthed data were available and used in this research, empirical 

analysis was employed.    Correlation matrixes of the data (using SPSS analysis) show 

which bands correlate most with salinity.  Regression analysis on the bands also revealed 

the optimum bands for the empirical models.  The empirical models created in this 

research resulted in algorithms that generate estimated salinity maps of Whitewater Bay.  

Comparisons of these maps to contour salinity maps from the field data show the 

accuracy of remotely sensed predictions.  Regression modeling techniques are widely 

used for predicting a variable’s spatial distribution (Palialexis et al., 2011). Four models 

were run and analyzed to compare predicted salinity data to actual field data. 

The interpolation methods of Inverse Distance Weighting (IDW) and Kriging 

were performed first.  These methods do not need the Landsat TM imagery and 

corresponding digital numbers extracted to predict values.  Interpolation estimates a 

predicted variable from ground observations (Lark, 2000).  The final two models used the 

Landsat TM imagery and extracted digital numbers to envision salinity:  Ordinary Least 

Squares (OLS) and Geographically Weighted Regression (GWR).   

Interpolation predicts values from sample points.  IDW is an interpolation 

technique that uses the known measured values to predict values in unknown locations.  

It is based on the premise that the further away the unknown data location is from the 
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known data location, the less alike the results will be and vice versa.  IDW is directly 

based on the surrounding measured values to determine the resulting prediction 

(Palialexis et al., 2011).   IDW was performed twice in this study on the wet and dry 

season data individually.  With a large dataset, the number of neighbors to include in the 

weighting included at least 20 and up to 100.   

Kriging is very similar to IDW but requires an exploration of the training data 

before interpolation.  In this example, a first order trend was observed and removed to 

provide a more accurate assessment of interpolation.  Kriging, unlike IDW, uses the 

statistical relationship between the measured points (Secor et al., 2006; Nas and Berktay, 

2010).  Distance and direction between sample points reflect a spatial correlation that can 

be used to explain variation in the surface (Palialexis et al., 2011).  Neither interpolation 

method (IDW and Kriging) can predict salinity estimates for the future or in the past 

without ground observations.  In this study, Kriging was executed on the wet and dry 

seasons individually.  The parameters used in IDW were also used in Kriging in terms of 

neighbor influence and datasets.  However, the results of data exploration influenced 

variogram and model type.   

The Interpolation models of Inverse Distance Weighting (IDW) and Kriging 

(Krig) do not allow for the prediction of salinity values.  Instead, they interpolate data 

from field collected data.  Validation sample points were randomly selected using a 

random point generator.  A majority of the total samples were used for training purposes; 

approximately 30% of the total points were selected for each season individually for 

validation purposes.  Of the 1127 total resampled points in the dry season, 400 were 

designated as validation or “check-in” points.  In the wet season, 200 of the 549 total 
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points were set aside.  These points were used to calculate RMSE values to compare the 

two interpolation models.  Figures 2 and 3 show the locations of the training and 

validation points for the interpolation models.   

 

Figure 2 Salinity Field Collected Data in the dry season 
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Figure 3 Salinity Field Collected Data in the wet season 

 

OLS is the basic linear regression and the beginning point for regression 

modeling.  It is often used as an exploratory analysis because it assumes that the errors 

from fitted models are statistically independent (Lark, 2000).  In this study, the dependent 
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variable was salinity and the explanatory variables were the bands chosen in statistical 

analysis.  The salinity variance in the diagnostic output table shows a very low R
2
 values 

for both the wet and dry seasons.  This shows the non-linearity of sea surface salinity in 

the study site. 

Both OLS and GWR use the imagery data (digital numbers) to extract prediction 

models.  However, many relationships between geostastical data are non-linear.  Thus, 

linear regression models such as OLS have their limitations (Xie et al, 2012).  Due to the 

complex relationship between land and water in terms of sea surface salinity levels, GWR 

was run after the explanatory features of OLS were explored and established.  GWR 

allows for a multi-value regression model to be run and analyzed.   

GWR has more appeal than other regression models.  Once a formula has been 

established with known data and satellite imagery, it can be applied to other imagery.  

This makes it possible to examine salinity historically with the availability of the satellite 

imagery.  Thus it is also possible to predict salinity values without the cost and time of 

field observations (Xie et al., 2012).   

For this study, the GWR model can be described as the following:   

Yi = B0 + B1iX1 + B2iX2 + B3iX3 + B4iX4 + B5iX5 + B7iX7 

where Y is the surface salinity at location i; B0 is the intercept coefficient; Bn are the 

band coefficients that vary in terms of i (location); and Xn are the spectral information 

extracted from the imagery bands.  

Water years 2004 and 2005 were used as training data for the empirical regression 

models (OLS and GWR).  An average of the formulas (from each year) that established 

the relationship between the salinity and Landsat TM bands was used to estimate salinity 
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values in water year 2006.  The predicted salinity values were compared to field collected 

data for model analysis using Root Mean Square Error (RMSE). 

Band determination was dictated by correlation and collinearity analysis via SPSS 

analysis.  Once the training data was implemented to determine the GWR formula (for 

the wet and dry seasons individually), the resulting formula was applied to the validation 

data.  To keep parameters consistent, the same bands were used in the analysis of all 

models. 

A mask was constructed for the wet and dry season to reduce clutter and improve 

accuracy in the final results of analysis.  The mask was created using the near infrared 

band (band 4) of the validation Landsat image using unsupervised classification via Iso 

Clustering. This was done to remove cloud and land features stated in preprocessing.  The 

near infrared band (Band 4) has a strong absorption of water in this spectral region 

(Zhang et al., 2012).  The image was verified by visually determining the image with the 

least amount of cloud and cloud clutter.  The mask allows only the water features to be 

assigned a value; the land and cloud features are given a “no data” classification.  This is 

done to ensure the area associated with the masked pixels would be ignored in analysis as 

well as aesthetic purposes.  The raster mask was applied to each of the models before 

final analysis and salinity estimation calculations. 

Root Mean Square Error (RMSE) values are often used to assess accuracy and 

performance of models (Melesse et al., 2008) and were easily calculated in each of the 

models run in this study. The RMSE is ideally as small as possible (Nas and Berktay, 

2010).  RMSE was then calculated to compare the results of the four models.  This was 

accomplished by first establishing the actual salinity and estimated (predicted) salinity in 
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each of the models.  The error (or residual) was generated using the formula: Error = 

Observed – Predicted.  When calculating the error in the GWR model, in the wet and dry 

season individually, “blunder points” were observed.  Spatial analysis observed that these 

points were located off the grid of the GWR model, hence producing error values of -

9999.  These points were removed from analysis in all four models even though the 

blunder was only observed in the GWR analysis.  This was done for consistency 

purposes.  The error squared was calculated in the following formula: Error Squared = 

[Error]^2.  The square root of the mean of the error square was then evaluated.  It was 

this RMSE value that was compared among the models.
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RESULTS AND DISCUSSION 

Using IBM SPSS Version 19 software, field gathered (training) salinity data and 

Landsat 5 TM bands (1, 2, 3, 4, 5, and 7) were explored for statistical significance.  

Scatterplots visualized the relationship between salinity and each of the bands 

individually in Figures 4 (dry season – November 2005) and 5 (wet season – June 2006).  

The plots show a linear relationship between salinity and each band.  Scatterplots were 

also developed between salinity and different band combinations (Figures 6 and 7).  

Although not as linear as the relationship between salinity and individual bands, the band 

combination plots are also generally linear.  The scatterplots do not signal any major 

problems with normality.  Scatterplots are a preliminary tool of inspection and therefore 

further analysis of the relationship of salinity and bands is required.
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Figure 4 Scatterplots of dry season (Nov 2005) by individual bands 
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Figure 5 Scatterplots of wet season (June 2006) by individual bands 
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Figure 6 Scatterplots of dry season (Nov 2005) by band combinations 
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Figure 7 Scatterplots of wet season (June 2006) by band combinations 

 



35 
 

Correlation matrices of the wet and dry seasons identify the bands as not being 

highly correlated.  The larger the number in the correlation matrix, the stronger the 

correlation.  In the dry season salinity is most correlated to bands 4 and 5 (Table 2); in the 

wet season salinity is most correlated to band 4 (Table 3).  The correlation matrix of the 

dry season also reveals some correlation between bands 1 and 2; bands 1 and 5; and 

bands 1 and 7.  The wet season does not show the same strength of relationships but the 

highest correlation amongst the bands is between bands 1 and 2 and bands 1 and 5.  

  

 

Table 2 Data Correlation Matrix for the dry season 

 

 

Table 3 Data Correlation Matrix for the wet season 

 

 

Dry Season Salinity Band 1 Band 2 Band 3 Band 4 Band 5

Salinity

Band 1 0.038

Band 2 -0.121 0.517

Band 3 -0.138 0.294 0.291

Band 4 0.149 0.439 0.124 0.309

Band 5 0.275 0.632 0.222 0.104 0.465

Band 7 0.084 0.673 0.462 0.234 0.229 0.458

Wet Season Salinity Band 1 Band 2 Band 3 Band 4 Band 5

Salinity

Band 1 -0.087

Band 2 -0.400 0.270

Band 3 -0.175 0.168 0.141

Band 4 0.103 0.153 0.111 0.302

Band 5 -0.043 0.296 0.231 0.192 0.244

Band 7 -0.548 0.014 -0.165 0.045 0.168 0.038
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Univariate and multivariate regression analysis was performed to determine 

optimum bands for the empirical models (Table 4).    In both tests, salinity was the 

dependent variable while the Landsat TM band or combinations of bands were the 

independent variables.   Univariate analysis shows that all bands are not strong statistical 

significance predictors of salinity, yet bands 2 and 7 for the wet season and bands 4 and 5 

for the dry season explain the highest variance among the individual bands.  However, 

the highest any band can explain is 30% of the variation in salinity.  Therefore, multiple 

bands are necessary for salinity estimation.  Using all six bands can explain the highest 

variance in salinity; removing bands decreases the R
2
 values and hence the variance. 

 

  Wet Dry 

Band 1 0.008 0.001 

Band 2 0.160 0.015 

Band 3 0.031 0.019 

Band 4 0.011 0.022 

Band 5 0.002 0.076 

Band 7 0.300 0.007 

Bands 1, 2, 3, 4, 5, 7 0.434 0.147 

Bands 1, 2, 3, 4, 7 0.433 0.088 

Bands 1, 2, 3, 4 0.211 0.071 

Bands 1, 3, 4 0.063 0.059 

Table 4 Univariate and Multivariate Regression Analysis (R square values of Landsat TM bands) 

  



37 
 

Further multivariate analyses were examined to determine Landsat TM band 

selection for the most optimum empirical model.  Variance Inflation Factor (VIF) is an 

indicator of multicollinearity.  VIF delivers a quantitative measure of how much variance 

(for a given regression coefficient) is increased compared to if all predictors (in this 

study, Landsat TM bands) were uncorrelated (Tables 5 and 6).  A VIF value of 1 

represents the ideal situation of no correlation with other predictors.  The VIF scores in 

the tables below represent almost such an ideal situation.  High VIF values are indicators 

for multicollinearity problems and can also lead to the removal of specific bands in 

analysis because of collinearity.  However, the VIF scores are all very low.  The tolerance 

is the reciprocal of VIF.  Therefore, while low VIF scores are ideal, high tolerance values 

are desired (closest to 1).       

 

 

Table 5 Multivariate Regression Analysis Collinearity Statistics (Wet Season) 

 

Table 6 Multivariate Regression Analysis Collinearity Statistics (Dry Season) 

Tolerance VIF Tolerance VIF Tolerance VIF Tolerance VIF

Band 1 0.857 1.166 0.901 1.110 0.902 1.109 0.960 1.041

Band 2 0.863 1.159 0.882 1.134 0.915 1.092 - -

Band 3 0.881 1.135 0.887 1.127 0.887 1.127 0.894 1.119

Band 4 0.846 1.182 0.869 1.068 0.896 1.116 0.898 1.113

Band 5 0.845 1.184 - - - - - -

Band 7 0.935 1.069 0.936 1.068 - - - -

Bands 1, 3, 4

Collinearity Statistics
Wet 

Season

Bands 1, 2, 3, 4, 5, 7 Bands 1, 2, 3, 4, 7 Bands 1, 2, 3, 4

Collinearity Statistics Collinearity Statistics Collinearity Statistics

Tolerance VIF Tolerance VIF Tolerance VIF Tolerance VIF

Band 1 0.338 2.961 0.411 2.435 0.588 1.699 0.780 1.283

Band 2 0.664 1.506 0.673 1.487 0.690 1.450 - -

Band 3 0.814 1.229 0.835 1.197 0.837 1.195 0.873 1.145

Band 4 0.679 1.473 0.743 1.347 0.748 1.337 0.772 1.296

Band 5 0.528 1.895 - - - - - -

Band 7 0.518 1.930 0.526 1.902 - - - -

Bands 1, 3, 4

Collinearity Statistics
Dry 

Season

Bands 1, 2, 3, 4, 5, 7 Bands 1, 2, 3, 4, 7 Bands 1, 2, 3, 4

Collinearity Statistics Collinearity Statistics Collinearity Statistics
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Figure 8 shows the comparison of the interpolation models based on the field 

collected data.  For comparison, observed (field collected) salinity values are shown.  The 

raster has been masked to estimate only salinity levels in the water. Both IDW and 

Kriging show a general trend of lower salinity values in the eastern portion of Whitewater 

Bay with increasing salinity values as one travels west.  This concurs with the freshwater 

release of Shark River Slough from the Florida mainland and the saltwater influence from 

the Gulf of Mexico and outer Florida Bay.    
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Figure 8 Comparison of Interpolation Models for salinity analysis in Whitewater Bay. 
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 The Ordinary Least Squares method is a basic linear regression model which 

builds a formula to establish salinity patterns.   Data from Landsat images can then be 

placed into this formula (depending on season) to estimate salinity (Table 7).  However, 

in this study, the R
2
 values are low.  An explained variance of 7.8 – 43.8 % for the dry 

season and 12.4 – 19.6 % for the wet season was obtained.  This indicates a low 

probability of accurately assessing salinity using this regression model.   

 

 

Table 7 OLS R2 values and formulas for the wet and dry season where Y is the dependent variable (salinity); B0 is the 

intercept coefficient; Bn are the coefficients (by bands); Xn are the explanatory variables (Landsat band extracted 

numbers) 

 

 The R
2
 values have excluded OLS models as a desired salinity estimating model.  

However, the R
2
 values for the Geographically Weighted Regression (GWR) models 

show that they are a preferred model for Whitewater Bay in terms of estimating salinity 

(Table 8).  An explained variance of 85.3 – 99.6 % for the dry season and 98.6 – 99.4% 

for the wet season was obtained.  GWR uses a formula which Bn (the coefficients by 

bands) takes into consideration the geographical location of the point.  Therefore the 

formulas used in GWR regression have Bn values which can be different at every 

location.   

R
2

Base Y = B0 + B1X1 + B2X2 + B3X3 + B4X4 + B5X5 + B7X7

Dec-2003 Y = 0.771 + 2.896X1 + 4.926X2 + -3.994X3 + -0.234X4 + -0.240X5 + -0.105X7 0.438

Oct-2004 Y = 14.994 + 0.0124X1 + -0.095X2 + -0.123X3 + -0.040X4 + 0.133X5 + 0.014X7 0.078

Jun-2004 Y = 27.145 + 0.006X1 + -0.031X2 + -0.363X3 + 0.132X4 + 0.179X5 + 0.047X7 0.196

Apr-2006 Y = 21.900 + 0.041X1 + -0.037X2 + 0.049X3 + -0.036X4 + 0.276X5 + -0.010X7 0.124

OLS Formulas

Wet

Dry

OLS
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Table 8 GWR R2 values for the wet and dry season 

 

The derived empirical models were validated using the field collected data in 

Water Year 2006 (November 2005 for the dry season and June 2006 for the wet season).  

The root mean square error (RMSE) was used to evaluate the accuracy of estimations.  

Salinity data from sample locations in December 2003 and October 2004 was used to 

build an average formula for the dry season.  Data was extracted from Landsat TM 

imagery (collected 9 November 2005) to estimate salinity values and then compared with 

field surveyed data collected on 10 November 2005.  The wet season used salinity data 

taken in June 2004 and April 2004 to build an average GWR formula.  Data collected 

from Landsat TM imagery on 21 June 2006 was compared to field salinity measurements 

on 28 June 2012.  The RMSE values shown in Table 9 indicate that the interpolation 

methods are more precise at estimating salinity.  However, the interpolation methods 

used field data collected on the validation dates to estimate salinity.  The GWR model 

used a formula derived from previous years’ salinity relationships and Landsat TM 

imagery.  Figure 9 shows the salinity maps of the empirical regression (GWR) models.  

For comparison, observed (field collected) salinity values are shown.  This map depicts a 

salinity gradient of freshwater influence from Shark River Slough (lower salinity in blue) 

and saltwater influx (higher salinity in red). 

Dec-2003 0.853

Oct-2004 0.996

Jun-2004 0.986

Apr-2006 0.994

GWR R
2
 Values

Dry

Wet
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Table 9 RMSE values 

 

 

Figure 9 Comparison of Regression Models for salinity analysis in Whitewater Bay 

.

IDW Krig GWR

Dry Season Nov 2005 0.458 0.385 12.336

Wet Season June 2006 0.407 0.348 12.550

RMSE (ppt)
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CONCLUSIONS 

 

This study estimated salinity using four different models.  IDW and Kriging are 

both excellent at interpolating salinity.  However, neither model can predict salinity 

without field data.  For this reason, these models are not ideal for continuous salinity 

estimation in Whitewater Bay.    

Empirical regression models allow for prediction of salinity once a formula has 

been established.  Using OLS to predict salinity is not optimum due to its low percentage 

of explained variance (7.8 – 43.8 % for the dry season and 12.4 – 19.6 % for the wet 

season).  However, GWR has a high percentage of explained variance (85.3 – 99.6 % for 

the dry season and 98.6 – 99.4% for the wet season).  Therefore, GWR models are the 

optimal choice for salinity estimation in Whitewater Bay based on Landsat TM imagery.  

The GWR salinity maps are not flawless.  Previous research in the literature indicated 

Landsat TM band selection would be essential for building the models.  Highly correlated 

bands would be removed and using only the most effective variables (bands) would be 

required for salinity prediction.  This was not the case in this study.  Statistical analysis 

and data exploration revealed low band correlation.  Hence all bands were used in this 

analysis.  However, using all six Landsat TM bands (Bands 1, 2, 3, 4, 5, and 7) is 

potentially the explanation for the imperfections in the salinity map.  The model is still a 

great model as evident from the R
2
 analysis and up to 99.6% of explained variance.  
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Current restoration work through CERP assesses salinity levels as a monitoring 

tool as historic freshwater flow is reinstated throughout South Florida and into 

Whitewater and Florida Bays.  This study explored the use of remote sensing to assess 

salinity in Whitewater Bay.  The quantitative techniques modeled in this research allow 

for a less costly and quick assessment of salinity values and hence freshwater input into 

the ecosystem.  The effectiveness of restoration projects can thus be evaluated.  

Using one or two years of training salinity data to estimate and predict a different 

year has a range of issues.  Weather including atmospheric conditions varies from day to 

day.   Atmospheric corrections using QUAC were performed on the Landsat TM images, 

but still could not perfectly balance the images.  Cloud cover was another issue wrestled 

in this study.  The cloud cover in the shorter wet season occurs more often and more 

persistently than in the longer dry season.   Estimated salinity possibly differs from 

observed salinity due to influence of the cloud cover and thus the differences of digital 

number.  Although visible clouds were accounted for and corresponding points removed 

from training data, their presence in the validation Landsat image skewed the results.  

This is especially evident in the wet season.   

Increased rainfall in the wet season also increases the amount of clouds that 

impact the salinity estimation analysis.  During the summer (the wet season) there is also 

an enlargement of evapotranspiration (ET).  One might theorize that during periods of 

profuse precipitation, runoff levels of freshwater would increase; thus decreasing the 

levels of salinity.  However, Mulholland et al, (1997) suggests that evapotranspiration 

might be greater than the rainfall during the wet season resulting in conditions where 

freshwater levels would decrease.  Precipitation varies from year to year in south Florida 
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especially because hurricane season coincides directly with the wet season in Florida.  

Large amounts of rainfall can be brought to a region by a large thunderstorm or hurricane 

snatching rain from another region.   

The dry season in Florida seems to have lower salinity values overall than the wet 

season (examining the salinity maps).  In addition, the dry season of Florida, 

characterized by less rainfall, proved to have a more accurate estimation of predicted 

salinity levels than the wet season (examining GWR RMSE values).  This increases the 

need for further analysis of salinity assessment and values in Whitewater Bay.   

Understanding the variability of salinity in Whitewater Bay is important not only 

to the restoration efforts but to the various ecosystems that are affected as a result.  

Further studies would benefit from the exploration of evapotranspiration and precipitation 

levels for the days and months prior to the dates data was acquired.  Water traveling 

through the KOE watershed may take up to a year to traverse the entire system.  Heavy 

rainfall or extreme drought months prior to data procurement can affect salinity levels 

when released into the ocean.  Investigating the salinity patterns throughout the entire 

south Florida region, including Whitewater Bay, will allow scientists a better 

understanding of a changing environment. 
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