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Human activities in the past century have caused a

variety of environmental problems in the Greater

Everglades of South Florida. In 2000, Congress

authorized the Comprehensive Everglades Resto-

ration Plan (CERP), a $10.5-billion mission to re-

store the South Florida ecosystem. Many environ-

mental projects in CERP need effective salinity

monitoring in Florida Bay to provide a measure of

the progress and effects of restoration on the eco-

system of the Everglades. Salinity modeling is also

important given contemporary impacts and fu-

ture projections of sea level rise. This study exam-

ined the potential for the Landsat Thematic Map-

per (TM) sensor to serve as a regular salinity

monitoring tool for Florida Bay. Spatially and

temporally matched field data and TM imagery

collected during Water Years 2004–2006 were

employed to establish algorithms that quanti-

tatively and qualitatively assess salinity in the

northeastern area of the bay. The U.S. Geological

Survey (USGS) defines Water Year as the 12-

month period from October 1 of one year to Sep-

tember 30 of the following year, and designates it

by the calendar year in which it ends. The empiri-

cal algorithms for quantitative assessment of sa-

linity generated a reasonable level of accuracy and

a neural network based technique for qualitative

assessment presented a promising result. We con-

clude that Landsat TM can be used as a monitoring

tool to assess salinity with desirable spatial and

temporal resolution and accuracy. Extendibility of

algorithms for the entire Florida Bay will be tested

in the future.

Las actividades humanas en el siglo pasado han

causado una gran variedad de problemas am-

bientales en los Everglades del sur de la Florida.

En el 2002, el Congreso autorizó el Plan Com-

prensivo de Restauración de los Everglades (CERP,

por sus siglas en inglés), una misión de $10.5

millones de dólares para restaurar el ecosistema

del sur de Florida. Muchos proyectos ambientales

en los CERP requieren un seguimiento eficaz de la

salinidad en la Bahía de Florida para propor-

cionar una medición del progreso y efectos de la

restauración en el ecosistema de los Everglades.
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Modelos de salinidad son también importantes

teniendo en consideración los impactos actuales y

proyecciones futuras sobre el incremento del nivel

del mar. Este estudio examinó el potencial del sen-

sor Landsat Thematic Mapper (TM) para servir

como un una herramienta de monitoreo regular

de salinidad para la Bahía de Florida. Una com-

binación de datos de campo espaciales y tem-

porales, e imágenes TM recolectadas durante

‘‘Water Years’’ 2004–2006 fueron empleados para

establecer algoritmos que evaluaran cuantitativa

y cualitativamente la salinidad en la zona noreste

de la bahía. El Servicio Geológico de los EE.UU.

(USGS) define ‘‘Water Year’’ como el periodo de

12 meses desde el 1 de octubre de un año hasta el

30 de septiembre del siguiente año, y se designa

por el calendario anual en el que termina. Los

algoritmos empíricos para la evaluación cuan-

titativa de salinidad generaron un nivel razon-

able de precisión, y una técnica neutral de redes

bases para la evaluación cualitativa presentó re-

sultados prometedores. Concluimos que la TM

Landsar puede ser utilizada como herramienta de

monitoreo para evaluar salinidad con resolución

y precisión espacial y temporal deseable. La exten-

sión de los algoritmos para toda la Bahía de Flor-

ida será probada en el futuro.
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introduction

The Greater Everglades of South Flor-
ida (Figure 1), a vast subtropical wetland,
has been designated as an International
Biosphere Reserve, a World Heritage Site,
and a Wetland of International Impor-
tance as a result of its unique combination
of hydrology and water-based ecology that

supports many threatened and endan-
gered species (Davis and Ogden 1994).
Historically, water in the Greater Ever-
glades flowed freely from Kissimmee River
(central Florida) to Lake Okeechobee and
southward over low-lying lands to the es-
tuaries of Biscayne Bay, Ten Thousand Is-
lands, and Florida Bay. This finely bal-
anced ecosystem existed for thousands of
years, but due to anthropogenic distur-
bances in the past century, it has been
severely altered. This has resulted in a
variety of environmental issues in South
Florida, such as degradation of water
quality, declines of wildlife abundance,
widespread invasion of exotic plant spe-
cies, and the death of seagrass in Florida
Bay (McPherson and Halley 1996). In fact,
there has been an overall loss of about half
of the original wetland area (Davis et al.
1994). To protect this valuable resource,
Congress authorized a project in 2000 to
restore South Florida’s natural ecosystem,
while maintaining urban and agricultural
water supply and flood control. The resto-
ration project, known as the Comprehen-
sive Everglades Restoration Plan (CERP),
is a $10.5 billion mission that is expected
to take 30 or more years to complete. It
contains a variety of pilot environmental
engineering projects, many of which re-
quire salinity monitoring in Florida Bay,
because the restoration of Everglades may
cause dramatic modification of the bay en-
vironment (CROGEE 2002). Florida Bay is
a key feature of the Everglades with a
unique environment supporting at least 22
commercially and/or recreationally im-
portant aquatic species. Observing changes
of salinity in the bay can provide a measure
of the progress and effects of restoration on
environmental health and water quality. In
addition, mean sea level has risen by about
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Figure 1. Map of Greater Everglades, Florida Bay, and Study Area Showing Salinity Sampling

Locations in Dry Season and Wet Season during Water Years 2004–2006.

6 inches (15.2 cm) since many of the canal
structures were created and the models
that project sea level rise all indicate in-
creases in salinity.

Salinity is a fundamental characteristic
of the physical conditions of the Ever-
glades. Salinity affects water quality, plant
associations, and the spatial distribution
of vegetative communities. Effective salin-
ity monitoring is critical for the achieve-
ment of CERP, especially with sea level
change. Current observation of salinity in
Florida Bay includes regular collection of
station-based point data managed by the
Everglades National Park and the South

Florida Water Management District, and
boat-based surveyed data managed by the
United State Geological Survey (USGS).
To assist in the salinity monitoring, the
USGS developed a boat-mounted measur-
ing system conducting bimonthly salinity
surveys in Florida Bay. Surveys typically
take 3–5 days to collect data along several
predesigned transects. Little or no salinity
data can be collected for regions where re-
search boats cannot access. Field surveys
are time-consuming, labor-intensive, and
expensive. The surveyed datasets, al-
though supplemented with station col-
lected salinity, is still inadequate for ef-
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fective salinity monitoring because of spa-
tial and temporal heterogeneity of the bay.
Thus, salinity simulation and forecast
models were constructed in order to gen-
erate a dataset with a finer temporal and
spatial resolution covering larger portions
of Florida Bay. These models can be
grouped into two types: statistical models
and mechanistic models (Marshall and
Nuttle 2008). Statistical models devel-
oped thus far for Florida Bay depend on
accurately describing observed salinity
variations and correlative relationships
with other parameters (Marshall et al.
2009). Mechanistic models can be further
grouped into mass-balance models (Nuttle
et al. 2000) and hydrological models (Ham-
rick and Moustafa 2003), which rely on ac-
curately accounting for the physical pro-
cesses that drive changes in salinity. The
accuracy of these models is limited by the
data available to describe patterns of salin-
ity and their driving processes and their ap-
plications are still in preliminary stages
(Marshall and Nuttle 2008).

The literature has demonstrated that
remote sensing has the capability to assess
water salinity. The lower microwave fre-
quency (i.e. 1.4 GHz) is the ideal spectral
channel to directly sense water salinity be-
cause of its high sensitivity to surface emis-
sivity, which is closed related to salinity
(Lagerloef et al. 1995). Several research
experiments with the NOAA’s scanning low-
frequency microwave radiometer (SLFMR)
demonstrated the proof-of-concept and op-
erational capability of airborne salinity data
acquisition. A reasonable salinity pattern
was obtained in Florida Bay with the use of
the SLFMR in a pilot effort (D’Sa et al.
2002a). The adoption of airborne SLFMR
for salinity monitoring in support of CERP,
however, is unpractical due to the high cost

in data collection. In 2011, a space-borne
microwave instrument, Aquarius, was
launched as the first satellite platform
whose primary goal was to measure sea
surface salinity. This instrument was de-
signed to provide global salinity maps on a
monthly basis with a spatial resolution of
150 km. The coarse spatial resolution
limits its application in coastal regions.
Studies have demonstrated that water sa-
linity can be also indirectly assessed from
concentrations of detritus and colored dis-
solved organic material (CDOM) in water.
In coastal regions, a large concentration of
CDOM is terrestrial in origin and thus asso-
ciated with fresh water (Opsahl and Ben-
ner 1997). An inverse relationship is ex-
pected between salinity and CDOM. The
CDOM is commonly estimated by two sat-
ellite remote sensors: Sea-viewing Wide
Field-of-view Sensors (SeaWiFS) and
Moderate Resolution Imaging Spectrora-
diometer (MODIS). SeaWiFS and MODIS
have a suitable temporal resolution of 1
day in data acquisition, which makes them
attractive for salinity monitoring. How-
ever, at a spatial resolution of 1.13 km for
regional-scale applications, SeaWiFS data
are of little use in shallow and small water
bodies (Liu et al. 2003). As far as MODIS is
concerned, Bands 8 to 16 were specifically
designed to estimate ocean color, phyto-
plankton, and biogeochemistry at a spatial
resolution of 1 km. Again, this coarse spa-
tial resolution reduces its usefulness for ap-
plications at the regional-scale. Research-
ers also made efforts to estimate water
quality using the Advanced Very High Res-
olution Radiometer (AVHRR). Among the
five AVHRR channels, Channel 1 (0.58
mm–0.68 mm) is directly applicable to
monitoring water quality. A small number
of cases involving shallow waters suggest
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that AVHRR imagery is appropriate for
monitoring water quality parameters at
the mesoscale due to its coarse spatial reso-
lution of 1.09 km (Liu et al. 2003). To the
best of our knowledge, no documents re-
ported the application of AVHRR to esti-
mate water salinity. It is difficult, if not im-
possible, to delineate salinity patterns in
Florida Bay with these coarse spatial reso-
lution sensors because of the high degree
of spatial heterogeneity of the bay. Florida
Bay is divided into numerous discrete basins
by a series of interconnected carbonate
mudbanks, which function as barriers to
water circulation, thus leading to marked
spatial differences in water salinity (Hall et
al. 2007).

A number of studies have illustrated
that Landsat Thematic Mapper (TM) and
Enhanced Thematic Mapper Plus (ETM+)
have spectral and spatial characteristics
that are suitable to monitor shallow water
quality (e.g., Khorram 1981, 1982, and
1985; Carpenter and Carpenter 1983; La-
throp and Lillesand 1986; Khorram et al.
1991; Braga et al. 1993; Forster et al.
1993; Lavery et al. 1993; Vuille and Baum-
gartner 1993; Kabbara et al. 2008; Song et
al. 2011). The TM system has 7 spectral
bands covering visible (Band 1: 0.45–0.52
mm; Band 2: 0.52–0.60 mm; and Band 3:
0.63–0.69 mm), near-infrared (Band 4:
0.76–0.90 mm), mid-infrared (Band
5:1.55–1.75 mm and Band 7: 2.08–2.35
mm), and thermal wavelengths (10.4–
12.5 mm) with a pixel resolution of 30 me-
ters (except the thermal band) and a re-
petitive coverage of 16 days. Compared to
other remote sensing missions, such as
MODIS and SeaWiFS, the major benefits
of Landsat TM for water quality monitoring
include its mission continuity, affordable
data products, and absolute calibration.

Landsat is a remote sensing spacecraft with
a 40-year long history, dating to the launch
of Landsat 1 in 1972. The new mission,
Landsat Data Continuity Mission (LDCM),
is on schedule for a launch date of Decem-
ber 2012. Landsat data products are avail-
able from the USGS at no cost to the public.
Landsat calibrates data by its own onboard
radiometric calibration devices and the
collected data serve as an on-orbit stan-
dard for cross-calibration of other Earth re-
mote sensing missions, such as EOS-AM1
and EO-1. These features, combined with
its finer spectral, spatial, and temporal res-
olutions, make Landsat TM data attractive
for salinity monitoring. Several empirical
models have been created to estimate sa-
linity from Landsat data (e.g., Khorram
1982, 1985; Lavery et al. 1993; Vuille and
Baumgartner 1993), but literature on ap-
plications of TM data to salinity and water
quality estimation in Florida Bay is thin. In
this paper, we examine the potential of
Landsat sensor as a tool for assessing salin-
ity in the bay using northeast Florida Bay as
the study site.

study area and data

Study Area
The study area is located in northeast

Florida Bay, a marine lagoon at the south-
ern end of Florida (Figure 1). The average
depth of the bay is less than 1.5 meters
(Hall et al. 2007). It is bounded on the east
and south by the Florida Keys and on the
west by the Gulf of Mexico. Its northern
boundary corresponds to the primary in-
terface between the bay and the upstream
ecosystems of the Everglades. Fresh water
from the southern Everglades enters the
bay and mixes with the saltwater from the
Gulf of Mexico, resulting in a salinity gra-
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dient pattern in the bay. The variation of
salinity is highly dependent on local rain-
fall and evaporation. Cells of hypersaline
water are common during the dry season.

In the past century, upstream water
management activities have drastically al-
tered the quantity, quality, timing, and dis-
tribution of fresh water flowing into the
bay, which have dramatically modified its
original healthy ecosystem for supporting
a diversity of wildlife. Many environmen-
tal projects in CERP will affect the salinity
level in the bay. The northeastern bay area
is the discharge location of the wide C-111
canal and Taylor Slough carrying a large
volume of fresh water into the bay, which
makes its water mass different from its
surroundings. Studies cited in the litera-
ture conclude that models for water qual-
ity parameter estimations are always site-
specific (Liu et al. 2003), indicating that
particular algorithms need to be devel-
oped for this geographic area.

Data
Data used in this study include the field

surveyed salinity data and Landsat TM im-
agery collected in northeast Florida Bay
between Water Years 2004–2006. The
U.S. Geological Survey (USGS) defines
Water Year as the 12-month period from
October 1 of one year to September 30 of
the following year, and designates it by the
calendar year in which it ends. Field data
were collected by USGS with a project ti-
tled ‘‘Coastal Gradients Salinity Surveys’’.
In this project, salinity and temperature
were measured along the southern coast-
line of Everglades National Park from
Barnes Sound to Everglades City using
four separate boats. Salinity was collected
every five seconds via a boat-mounted
flow-through cell to a continuous water

quality meter. All salinity and temperature
meters were checked in known conduc-
tivity standards prior to and following all
surveys. Position is determined using a
GPS unit which interfaces with the water
quality meter. The surveyed data are posted
on the website of South Florida Information
Access (SOFIA http://sofia.usgs.gov/). Cur-
rently, the collected salinity data are avail-
able for Water Years 2004 to 2006 during
which a total of 12 boat-based surveys were
conducted. In this study, we employed the
surveyed data in northeast Florida Bay to
develop the salinity assessment algorithms
for this selected area.

Landsat-5 (WRS-2 Path 15, Row 42/43)
collects TM images over the study area
every 16 days. The footprint of the TM
scene covering the study region is shown
in Figure 1. Geometrically corrected and
geographically projected TM data are
available at no cost on the USGS’s Earth-
Explorer website (http://edcsns17.cr.usgs
.gov/EarthExplorer/). Unfortunately, sa-
linity surveys during Water Years 2004–
2006 were not conducted concurrently at
the time of Landsat satellite overpass. The
surveyed data can only be matched to the
closest 7-day temporary window during
which TM images are available. If the TM
data were contaminated by cloud, then
the matched datasets were dropped. This
resulted in 6 matched datasets that could
be used for this study. Table 1 lists the sa-
linity survey date, TM acquisition date,
and the number of observed surface salin-
ity for each matched dataset. The non-syn-
chronization between the field survey data
and TM data is not a problem for salinity
modeling at the seasonal scale because of
the uniqueness of Florida Bay. Rather than
the large, open system it appears to be on
maps, Florida Bay is made up of many
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Table 1. Matched field surveyed salinity data and TM images used in this study.

Water Year

Field Data
(surveyed date,
mm/dd/yyyy)

Matched TM Images
(acquisition date,

mm/dd/yyyy)
Number of

Salinity Samples

2004 12/11/2003* 12/06/2003* 8358*
06/02/2004** 05/30/2004** 3391**

2005 10/14/2004** 10/21/2004** 3353**
03/10/2005* 03/14/2005* 3779*

2006 11/10/2005* 11/09/2005* 2129*
06/28/2006** 06/21/2006** 2410**

*: denotes data collected in dry season; **: denotes data collected in wet season

shallow basins that are separated by an
intricate network of mudbanks. These
mudbanks extend throughout the bay and
function as barriers that severely restrict
water circulation. The mudbanks along
the western margin are especially broad,
several miles wide, and can effectively pre-
vent free mixing of bay water with the Gulf
of Mexico, even though these two water
bodies share an open water boundary tens
of miles long (Florida Bay Watch 2004).
As a consequence, water is held in Florida
Bay for a long period of time. Some of the
inner basins, such as the northeastern
area, take as long as a year for water to be
completely flushed by tides or wind. This
effectively dampens tidal effects on water
salinity estimation (D’Sa et al. 2002a).

There are other factors that also reduce
tidal effects on water salinity estimates. Sa-
linity in northeast Florida Bay is mainly-
controlled by rainfall, evaporation, and
runoff from C-111 canal and Taylor Slough.
These factors are highly dependent on sea-
sonal variations in the Everglades. A sea-
sonal mapping of salinity is thus possible
even though the data was not concurrently
collected. The Everglades has two seasons:
dry and wet season. The dry season is from
about November through April and the wet

season from May until October. The
matched datasets were divided into two
groups representing the dry season (12/
11/2003, 03/10/2005, and 11/20/2005)
and the wet season (06/02/2004, 10/14/
2004, and 06/28/2006) in an attempt to
establish TM monitoring models delineat-
ing seasonal variations in salinity. The sur-
veyed salinity sample locations in latitude/
longitude coordinates were transformed
into the Universal Transverse Mercator,
Zone 17N to be consistent with the coordi-
nate system of the TM images. Figure 1
shows these sample locations in white dots
projected on two TM near-infrared images
collected on two given dates in Water Year
2006. An atmospheric correction of the TM
data was conducted, using the Fast Line-of-
sight Atmospheric Analysis of Spectral Hy-
percubes (FLAASH) module in the ENVI
software package. The TM reflectance
values for each sample locations were then
extracted to generate spatially matched
data with the surveyed salinity records. To
remove the potential noise in the TM data
and errors in the sample point locations,
the matched dataset were spatially re-
sampled into a resolution of 90 meters by
using a moving window (3x3 pixels) which
output the average reflection of the 3x3
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Table 2. Data correlation matrix for the dry/wet seasons.

TM Band

1 2 3 4 5 7

Salinity 0.548/0.448 0.355/0.304 0.178/0.183 0.498/0.427 0.524/0.432 0.484/0.419
Band 1 0.957/0.970 0.880/0.919 0.716/0.568 0.596/0.544 0.553/0.543
Band 2 0.937/0.953 0.602/0.474 0.460/0.449 0.426/0.454
Band 3 0.673/0.556 0.493/0.510 0.457/0.509
Band 4 0.868/0.867 0.787/0.817
Band 5 0.910/0.939

window in the central kernel of the win-
dow. This resulted in a total of 2059 and
3177 samples for dry season and wet sea-
son respectively, which will be used for
model establishment. The thermal band
was not used in this study. Datasets for
Water Years 2004 and 2005 were used to
build the models, and the dataset for Wa-
ter Year 2006 was employed to validate
the models.

results and discussion

To effectively assess salinity from Land-
sat TM data, exploration of the original
data is important. Scatter plots revealed
the nonlinear character of the relationship
between salinity and each TM band, which
suggests that a nonlinear transformation
of the datasets is necessary. The simple
logit transformation for the TM records
was found to best typify the data in this
case. The correlation matrix of the data
(shown in Table 2) illustrate that three vis-
ible bands were highly correlated (Bands
1, 2, and 3). Similarly, two mid-infrared
bands (Bands 5 and 7) were also highly
correlated. The near-infrared band (Band
4) was more correlated to the mid-infra-
red bands than the visible bands. Among
the three visible bands, Band 1 generated

the highest correlation to the salinity.
Band 4 also presented a higher correlation
with salinity. As far as the two mid-infra-
red bands are concerned, Band 5 pre-
sented a relative higher correlation to the
salinity. Results of the correlation matrix
for the dry season and wet season were
consistent, although differences were ob-
served for the derived coefficients be-
tween two seasons.

Univariate regression and multivariate
regression analyses were performed with
the observed salinity as the dependent
variable and one TM band or a combina-
tion of TM bands as independent variables
in order to determine the optimal bands for
establishing the empirical models. The re-
sults are presented in Table 3. Univariate
regression results illustrated that all the
bands were significantly predictive of sa-
linity for both dry season and wet season.
Bands 1 and 5 explained the highest vari-
ance among them. However, adoption of a
single band is inadequate for salinity es-
timation because no single band explained
more than 30 percent of the variation in
salinity. Using all bands as independent
variables in a multivariate regression model
greatly increased its accuracy. We obtained
an explained variance of 83.01 percent for
the dry season and 70.5 percent for the wet
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Table 3. Results of univariate and multivariate regression analyses for dry/wet season.

TM Band

Variable 1 2 3 4 5 7

Salinity R2 0.30/0.23 0.12/0.09 0.04/0.02 0.23/0.22 0.30/0.23 0.24/0.20
1, 2, 3, 4, 5, and 7

Salinity R2 0.8301/0.7050
1, 2, 3, 4, and 5

Salinity R2 0.8301/0.7048
1, 3, and 4

Salinity R2 0.8239/0.7013

season. The estimated coefficient for Band
7, however, was statistically insignificant
because of the multicollinearity among
these independent variables. After drop-
ping this band, all estimated coefficients
were statistically significant with a p-value
less than 0.05. The R2 was not changed for
the dry season and was decreased only
0.02 percent for the wet season (Table 3).

To further refine the model, a stepwise
regression analysis was conducted. The re-
sult suggested that Bands 1, 3, and 4 are
the most effective variables in salinity pre-
diction. To validate this selection, a partial
F-test was carried out. The partial F-test
examines whether the difference is statis-
tically significant between a full model
(i.e. including Bands 1, 2, 3, 4, and 5) and
a reduced model (i.e. including Bands 1,
3, and 4). The results were consistent with
the stepwise regression outcomes. This se-
lection is different from those adopted by
other authors. For example, Lavery et al.
(1993) used a single Band 4 over Peel Inlet
and Band 7 over Harvey Estuary for the
salinity estimation over the Peel-Harvey
Estuarine System in Western Australia;
Khorram (1985) used the combination of
Bands 5 and 6 over San Francisco Bay; and
Vuille and Baumgartner (1993) selected

TM Bands 1, 4, and 7 for the North Chil-
ean Altiplano. This confirms the conclu-
sion in the literature that empirical models
are site-specific and the appropriate TM
band varies from region to region. An es-
tablished algorithm for one site that gener-
ates good results may fail in another site.
The preferred empirical algorithms for
quantitative assessment of salinity in north-
east Florida Bay are:

Dry season (N=2059):
salinity = –173.3 + 78.5 ln(Band 1) –
52.1 ln(Band 3) + 11.7 ln(Band 4) (1)
Wet season (N=3177):
salinity = –156.4 + 76.5 ln(Band 1) –
54.2 ln(Band 3) + 13.0 ln(Band 4) (2)

where, N is the total number of samples
adopted in model establishment. The esti-
mated intercepts, coefficients, and ‘‘F’’
values for the empirical models were sta-
tistically significant with a p-value less
than 0.05. The significant ‘‘F’’ values of the
models indicate that variations in TM
spectral response account for a significant
portion of the variations in salinity. Com-
bination of Bands 1, 3, and 4 in the regres-
sion models explained 82.39 percent and
70.13 percent of variation in salinity for
dry season and wet season respectively.
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Studies have illustrated that the CDOM
has a strong absorption in the ultraviolet
and blue portion (i.e. Band 1 in TM data)
of the visible spectrum (e.g., D’Sa et al.
1999). The blue channel has been fre-
quently used as the tracer of CDOM con-
centration in coastal water bodies (D’Sa et
al. 2002b; Ahn et al. 2008). An inclusion
of Band 1 in the model and a positive rela-
tionship between this variable and salinity
is expected. Band 3 (red) and Band 4
(near-infrared) are found to be good in-
dicators of bathymetric information for
unclear water (Jensen 2006). Water depth
is an index of light intensity that is closely
related to densities, species composition,
and spatial distribution of seagrass. Sea-
grass communities cover 95 percent of the
bottom of Florida Bay and are tightly con-
nected with the spatial pattern of salinity
(Hall et al. 2007). It is worthwhile to men-
tion that Band 3 is very useful in charac-
terizing vegetation. It is therefore a good
indicator of seagrass characteristics and re-
sponsible to salinity in this unique seagrass-
controlled coastal area. The non-synchron-
ization of data collection date between the
in situ salinity survey and recording of TM
data accounts for partial of unexplained
variance. The R2 was observed to be higher
for the dry season (0.8239) than for the wet
season (0.7013). This may attribute to the
fact that the physical, chemical, biological,
and hydrological properties of water in the
wet season are more complex than those in
the dry season. Heavier rainfall and a larger
volume of runoff from Taylor Slough and
C-111 canal are the major factors in the
complexity of the water body during the wet
season, which makes the salinity assess-
ment more difficult.

The derived empirical models were val-
idated using the field surveyed salinity

data collected in Water Year 2006. The
root mean squared error (RMSE) can be
used to evaluate the accuracy of estima-
tions. Salinity values were estimated for
the sample locations using TM data ex-
tracted from two TM scenes collected on
11/09/2005 (dry season) and 06/21/
2006 (wet season). The estimations were
compared with the field surveyed data ob-
tained on 11/10/2005 (dry season) and
06/28/2006 (wet season) respectively. A
RMSE of 5.8 parts per thousand (PPT) was
generated for the dry season, and a lower
RMSE of 4.8 PPT was produced for the wet
season. The scatter plots of the TM estima-
tions and surveyed data revealed dozens
of outliers in both dry and wet seasons. A
geographical projection of the locations of
these outliers on the map presented a clus-
tered pattern, suggesting systematic errors
may be occurring during the surveys.
Omission of these outliers resulted in the
RMSE decreasing from 5.8 PPT to 3.9 PPT
for the dry season, and decreasing from
4.8 PPT to 3.5 PPT for the wet season.

A map of salinity for northeast Florida
Bay can be generated from a TM scene
using the empirical models. The water
body over the study area needs to be iden-
tified first. This was achieved using the
near-infrared band because of the strong
absorption of water over this spectral re-
gion. Salinity values were then calculated
for the cloud-free water pixels using equa-
tion 1 or 2 based on the acquisition date of
the TM data. The generated salinity maps
for the selected TM scenes during Water
Years 2004–2006 are shown in Figure 2 in
grayscale. For comparison purposes, the
salinity maps derived from the surveyed
data are also presented in Figure 2. The
distribution of salinity over this region
showed a gradient pattern, with lower sa-
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Figure 2. Maps of Salinity Estimated from the TM Empirical Algorithms and Observed

from the Surveyed Data During Water Years 2004–2006.

linity (in dark) being observed along the
coastline of Everglades National Park,
from where the salinity increased south-
ward to the Florida Keys. The lower salin-
ity values along the coast are expected due
to the freshwater inflow from the Taylor
Slough and C-111 canal. The TM esti-
mated salinity pattern was in general
agreement with the salinity maps derived
from the field surveyed data in this area. A

large number of cells of hypersaline water
with salinity more than 40 PPT (in light
gray) were observed on 05/30/2004.
Lower salinity values for the entire north-
eastern bay were observed on 12/11/2003
and 11/09/2005.

We also explored the techniques for
qualitative assessment of salinity using the
minimum distance classification method
and a neural network approach. The field
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samples were grouped into several classes
representing low, medium, high, and hy-
per salinity water categories. The sample
data for each class were then randomly di-
vided into two parts. One part was used as
training data, and the other part as testing
data for accuracy assessment. The com-
monly used minimum distance method
was examined first using all TM bands. The
conventional error matrix approach was
employed to evaluate the classification re-
sults (Jensen 2005). The total accuracy
was calculated from the number of cor-
rectly discriminated salinity classes against
the total number of validation samples.
The Kappa statistics is believed to be a bet-
ter representation of the general quality of
classification because it removes effects
caused by differences in sample size and
also accounts for the off-diagonal elements
in the error matrix (Congalton et al. 1983).
Thus, the Kappa value was also calculated
to quantify the classification accuracy. An
average of the total accuracy of 58.9 per-
cent and Kappa coefficient of 0.43 was ob-
tained for the dry season after running the
algorithm 50 times with different training
data and testing data selected. Corre-
spondingly, an average total accuracy of
46.3 percent and Kappa coefficient of 0.23
were generated for the wet season. The
minimum distance approach assumes that
each class has one spectral signature that is
the spectral mean vector of the training
data for this class. Poor outcomes will be
generated if multiple spectral signatures
exist for each class. A supervised neural
network developed by Qiu and Jensen
(2004) was tested in an attempt to obtain
better accuracy for the qualitative assess-
ment of salinity. One of the advantages of
this neural network is its capability to
model the multiple spectral signatures

within a class and catch the spectral differ-
ence between classes. Similarly, after run-
ning the neural network algorithm 50
times, an average of 61.5 percent for the
total accuracy and an average of 0.47 for
the Kappa coefficient were obtained for the
dry season. Poor results were generated for
the wet season with an average of total
accuracy of 56.6 percent and an average of
Kappa coefficient of 0.37. This confirms
the findings in the empirical algorithms
that it is more difficult to assess the salinity
in the wet season. Analysis of the error
matrix revealed that it is easier to identify
water pixels with low salinity or hyper
salinity than water bodies with medium or
high salinity. The neural network
approach, although generating better
results than the minimum distance
method, was inferior to the empirical
algorithms in this case.

summary and conclusions

In this study, we explored the potential
of the Landsat TM sensor to serve as a reg-
ular salinity monitoring tool in Florida Bay
to support the CERP and monitor changes
in salinity with projected future sea level
rise. Both quantitative and qualitative
techniques were examined based on the
spatially and temporally matched field sur-
veyed salinity data and TM collected
images in the northeastern bay area. The
following conclusions are indicated in
terms of the applicability of Landsat TM
data to salinity monitoring:

≤ Landsat TM data appear to be effective
for salinity assessment in northeast
Florida Bay. A highly significant rela-
tionship between the TM data and
salinity are identified for both dry and
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wet seasons. Expected salinity pat-
terns are presented on the TM esti-
mated salinity maps. Time-series
salinity maps can provide variability of
salinity in the bay, which can be used
to measure the effects of restoration
projects in CERP.
≤ The empirical approaches for quan-

titative salinity estimation generate
more acceptable results than the clas-
sification methods for qualitative
salinity assessment. The empirical
algorithms are statistically significant
and are preferable for operational pur-
poses in this area.
≤ Bands 1, 3, and 4 were suitable for sa-

linity estimation when used together.
A combination of these three bands in
the established models explained
more than 70 percent of the variation
in salinity. They afford a reliable sur-
face salinity prediction capability.
≤ Salinity in the dry season is more pre-

dictable than in the wet season. Heavy
rainfall and runoff in the wet season
make the bay environment more com-
plex. This causes the salinity assess-
ment in the wet season more difficult.
≤ Extrapolating our empirical models to

the entire Florida Bay must be done
with caution. This study confirms the
conclusion in the literature that mod-
els are site-specific. To obtain a general
model applicable to the entire bay,
more samples need to be collected to
represent the range of possible salinity
values in the entire bay. Further study
will focus on the extendibility of these
models for the entire bay using more
field surveyed data.
≤ Cloud cover and time delays in data

acquisition may reduce the potential
of the TM sensor to serve as an inde-

pendent salinity monitoring tool in
spite of its predictive capability. How-
ever, it may provide a supplementary
tool to reduce the cost of overall salin-
ity monitoring programs in CERP.
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