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ABSTRACT OF THE DISSERTATION
WATER QUALITY ANALYSIS OF THE ST. LUCIE ESTUARY: A STATISTICAL AND REMOTE SENSING APPROACH
by
Angelica Moncada
Florida International University, 2023
Miami, Florida
Professor Assefa M. Melesse, Major Professor
Nutrient enrichment has triggered substantial ecological changes in coastal waterbodies. The St. Lucie Estuary in Florida, USA, is one of many with reported increases in toxic algal bloom events, low oxygen, and declines in fish populations. Extensive hydrologic modifications and increased population have created a hydrologically and ecologically complex system. As such, water quality monitoring and mitigation efforts are of utmost importance. Long-term water quality data and remote sensing technologies can improve our understanding of water quality fluxes in complex systems. The present study used two robust datasets, including real-time sensor data, WorldView-2 (WV-2) and Landsat-8 images, to assess the variation of water quality constituents and their effects on surface water reflectance (Rrs). Principal component analysis and nonparametric trend tests were applied to a 20-year dataset (1999 – 2019) of ten water quality variables covering ten sampling sites. Nutrients were negatively correlated with pH and dissolved oxygen (DO). Phosphorus and nitrogen had moderately decreasing trends at the North Fork, while DO and pH had moderately increasing trends. Inflows from Lake Okeechobee were characterized by high turbidity, while higher phosphorus and color in platinum-cobalt units (PCU) concentrations characterized inflows from other tributaries. Field spectra and simultaneous water quality samples were collected from various sites to assess their relationships. The field-simulated WV-2 coastal blue-to-green and coastal blue-to-red band ratios captured differences in chlorophyll-a and turbidity in the North and South Forks of the estuary. Significant limitations with WV-2 images impacted results, including negative values, insufficient images, and unsuitable atmospheric correction models. However, correlations between Rrs and water quality constituents showed that color PCU had a strong inverse correlation (p < 0.001) with WV-2 coastal blue band (R = -0.83), WV-2 blue band (R = -0.73), and Landsat-8 green/red band ratio (R = -0.76). Salinity was positively correlated with the Landsat-8 green/red band ratio. A forward stepwise multiple regression analysis using Landsat-8 bands revealed the best-fitted linear model (R² = 0.67) for fluorescent dissolved organic matter in the estuary was developed using 18 Landsat-8 images with the green-to-red, coastal aerosol-to-red, and blue-to-NIR bands. Larger in situ-satellite matchups and exploration of nonlinear relationships could potentially improve the prediction models.
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[bookmark: _Toc131757434]Chapter I: Introduction
[bookmark: _Toc131757435]Background
[bookmark: _Toc127626103]The water quality of coastal areas is vital for maintaining ecosystem functions and services on which our society relies. Nevertheless, our use and development of coastal watersheds continue to cause significant ecological changes (Bricker et al., 2008; Hopkinson and Vallino, 1995; Le Moal et al., 2019). Losses of natural habitats due to increased urban populations, drainage canals, and agricultural activities have impacted the quality, quantity, timing, and distribution of freshwater inputs to estuaries (Benson, 1981; Kemp et al., 2005; Poff et al., 2006). Modified water inputs to estuaries have triggered the loss of seagrasses, hypoxia, fish kills, and algal blooms (Glibert, 2017; Lee et al., 2006). The St. Lucie Estuary, in east-central Florida, is one of many coastal areas displaying undesirable ecological shifts due to anthropogenic eutrophication and modified freshwater regimes. Modifications to the estuary's basin, channelized runoff, and increased population have created a hydrologically and ecologically complex system. All estuary sections have been considered impaired under the Florida Department of Environmental Protection (FDEP) Impaired Waters Rule since 2008. (Florida Department of Environmental Protection., 2020; South Florida Water Management District., 2002). 
Mitigating such negative impacts on water resources has become a focal point of water resource restoration and mitigation efforts. Continuous monitoring of local watersheds is integral to effective restoration plans (Arabi et al., 2020; Briciu-Burghina et al., 2014). Analysis of robust local datasets can highlight characteristics and needs unique to the area of interest (Shrestha et al., 2008; Trim and Marcus, 1990). While previous studies of the estuary have found essential characteristics of the St. Lucie Estuary Basin using various statistical techniques (Doering, 1996; Florida Department of Environmental Protection., 2020; Qian et al., 2007; Sepulveda et al., 2012), there are no published statistical approaches that reduce the dimensionality of the data to distinguish the main physicochemical variables characterizing the water quality of the tributaries and the estuary. Long-term relationships among the water quality constituents have not been explored in recent years. 
In situ sampling is the most common water quality monitoring approach and has been pivotal for water quality restoration efforts. However, it has also proven to be labor and resource-intensive (Parmer et al., 2008; South Florida Water Management District., 2002). Due to limited resources, discrete water quality sampling is done only once a month in the St. Lucie Estuary by the South Florida Water Management District (SFWMD) at ten stations. Thus, in situ samples are spatially and temporally limited. Remote sensing technologies such as satellite images offer an opportunity to capture the status of the entire body and, together with in situ sampling, increase our understanding of water quality fluxes. Spaceborne sensors, for example, have been used to detect critical events in aquatic environments, such as primary production shifts (Abbas et al., 2019; Su et al., 2021; Wang et al., 2018), the effects of gold mines on river sediment (Lobo et al., 2015), and municipal wastewater plumes (DiGiacomo et al., 2004), among others. Only one study has previously used remote sensing to estimate water quality in the St. Lucie Estuary. Wang et al., 2012 used Moderate Resolution Imaging Spectroradiometer, MODIS-Aqua, to characterize turbidity from 2002 to 2010. They used the remote sensing reflectance (Rrs) from wavelength 645 nm as a water turbidity index, but no in situ data from the St. Lucie Estuary were used for finding empirical relationships or validation. Due to the coarse spatial resolution of MODIS-Aqua of 250 m (bands 1-2), 500 m (bands 3-7), and 1000 m (bands 8-36), their assessment had to be done at the outer part of the estuary, by the Atlantic Ocean inlet, instead of within the estuary. The river-estuary system has narrow channels of 45 meters in length, which cannot be captured with a coarse spatial resolution. For this reason and other hydrogeological conditions of the area, the authors found it difficult to discern the spatial characteristics using MODIS-Aqua. Thus, remote sensing studies of higher spatial resolution are needed to explore the applications of such technologies at such sites. 
Water quality constituents of water bodies have been assessed using the Rrs from high spatial resolution airborne and spaceborne sensors (Gholizadeh et al., 2016). However, the reflectance, absorption, and transmittance of electromagnetic radiation by water are contingent on the concentrations and types of constituents in the water (Figure 1.1) (Dörnhöfer and Oppelt, 2016). Constituents in the water column absorb and scatter visible light and infrared radiation at different wavelengths, affecting the amount and spectral character of the light reflected toward the satellite sensors (Ritchie et al., 2003). 
[image: ]
[bookmark: _Toc131758530]Figure 1.1 Diagram of the interaction between radiation, remote sensing indicators of lake ecology, and sensors from Dörnhöfer and Oppelt, 2016.
In optically complex water bodies like the St. Lucie Estuary, absorption is driven by phytoplankton, non-algal pigments, colored dissolved organic matter (CDOM), and water. At the same time, scattering is mainly controlled by suspended sediments and turbidity (van der Meer and de Jong, 2001). Due to the compounding of factors affecting the Rrs of coastal systems, pairing satellite images with in situ data is imperative for future model development. No current universal models exist to estimate water quality constituents in coastal waters, and the performance of the most robust algorithms depend on local conditions (Topp et al., 2020; Wang and Yang, 2019). Thus, coastal areas with robust in situ data, such as the St. Lucie Estuary, are prime candidates for exploring remote sensing applications. No studies have paired the long-term, continuous water quality datasets collected by the SFWMD from the St. Lucie Estuary with satellite data and no studies have explored the Rrs of this system. 
These considerations for optically complex waters highlight the importance of further exploring relationships between optical properties and water quality constituents. To better understand the water quality fluxes of the St. Lucie Estuary and their effect on surface water reflectance, this study explores two robust continuous datasets. It pairs them with field spectra and high- and medium-spatial satellite imagery. The specific objectives of this study were to characterize the water quality of the St. Lucie Estuary from 1999 to 2019, evaluate the variation in water reflectance in relation to water quality constituents, and investigate the relationship between CDOM from automated sensors using reflectance medium spatial-resolution imagery.
[bookmark: _Toc127626102][bookmark: _Toc131757436]Water quality challenges in the St. Lucie Estuary
The St. Lucie Estuary is now a phytoplankton-based system that no longer supports permanent or extensive populations of oysters and seagrass (Chamberlain and Hayward, 1996; Wilson et al., 2005). The estuary receives freshwater inputs from canals, precipitation, and groundwater, but 70% of its freshwater inputs are from drainage canals (Morris, 1986; Ji et al., 2007), including an artificial connection to Lake Okeechobee. Muck and suspended sediments from Lake Okeechobee and excessive runoff nutrients have significantly impacted this system's ecological balance (Kramer et al., 2018; Qian et al., 2007). Studies by Hampel et al., 2020, Kramer et al., 2018, and Oehrle et al., 2017 demonstrated the crucial role of nitrogen species and salinity in toxic Microcystis blooms in the lake–estuary continuum. 
Because of these water quality challenges, the South Florida Water Management District and the Florida Department of Environmental Protection created and implemented comprehensive management plans in 2013. Still, nutrient concentrations continue above the recommended levels (Armstrong et al., 2019). Qian et al., 2007 assessed long-term data (1979 to 2004) of water quality constituents in major canals and found that almost all nutrient species had significantly higher concentrations in the wet than in the dry season. Studies by Doering, 1996 and Chamberlain and Hayward, 1996 recommended a more stable, lower flow from canals to improve water quality and attain resource management goals. Improving the monitoring capacities for the water quality of the St. Lucie Estuary is essential for management purposes.
[bookmark: _Toc131757437]Dissertation Outline 
This dissertation is organized into five chapters. The first chapter introduces the main topics related to the study, an overview of the selected study area, the objective of the dissertation, and an outline. The following three chapters will have introductions with background information on the topic to investigate, the identified challenges, and the objectives of the chapter. The materials and methods sections describe the study area, procedures, techniques, and applied statistical analyses. The study area is the same for the three chapters and has been extensively described in chapters 1 and 2, so it will only be briefly described in the other two. The results and discussion sections contain the study's outputs and discuss the results drawing from previous studies and the research objectives. Lastly, the conclusions of each chapter summarize the main findings and make recommendations based on the chapter's objectives.
Chapter two uses a long-term monthly dataset to characterize the water quality of the St. Lucie Estuary Basin from 1999 to 2019. The seasonality of flow and water quality constituents were assessed using time-series charts and Kendall's tau correlation coefficient. Principal Component Analysis was used to identify the water quality constituents that characterize the estuary, and trends were assessed with the Mann–Kendall test and Sen's slope. Chapter two provided information as the backdrop for the following two chapters. It highlighted the primary water quality constituents that are problematic to the area and their spatial distribution. This information aided the development of hypotheses for chapters 3 and 4. Part of the dataset collected for this chapter was also used for chapter three. 
Chapter three explores the water reflectance variations of the St. Lucie Estuary through field spectroscopy and high spatial resolution satellite imagery. The variability analysis of an hourly, continuous dataset served to decide on the days between satellite and in situ matchups. Large discrepancies in the blue parts of the spectrum were found between field spectra and satellite images. The satellite blue, NIR-2, and Red bands correlated with color platinum-cobalt unit (PCU) values. 
For chapter four, real-time sensors and medium spatial-resolution satellite imagery were used to establish relationships between reflectance and fluorescent dissolved organic matter (fDOM). Pearson's correlation and forward stepwise regression detect relationships between bands or band ratios with fDOM. The estimated values of fDOM from the model with the highest adjusted coefficient of determination were compared with in situ fDOM values.
Lastly, chapter five summarizes the findings of the dissertation based on the results from chapters two to four, and concluding remarks and recommendations are made. 
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[bookmark: _Toc127626106][bookmark: _Toc131757440] Abstract
Anthropogenic developments in coastal watersheds cause significant ecological changes to estuaries. Since estuaries respond to inputs on relatively long time scales, robust analyses of long-term data should account for seasonality, internal cycling, and climatological cycles. This study characterizes the water quality of a highly managed coastal basin, the St. Lucie Estuary Basin, FL, USA, from 1999 to 2019 to detect spatiotemporal differences in the estuary’s water quality and tributaries. The estuary is artificially connected to Lake Okeechobee and receives fresh water from an external basin. Monthly water samples collected from November 1999 to October 2019 were assessed using principal component analysis, correlation analysis, and the Seasonal Kendall trend test. Nitrogen, phosphorus, color, total suspended solids, and turbidity concentrations varied seasonally and spatially. Inflows from Lake Okeechobee were characterized by high turbidity, while higher phosphorus concentrations characterized inflows from tributaries within the basin. Differences among tributaries within the basin may be attributed to flow regimes (e.g., significant releases vs. steady flow) and land use (e.g., pasture vs. row crops). Over the long term, decreasing trends for orthophosphate, total phosphorus, and color and increasing trends for dissolved oxygen were found. Decreases in nutrient concentrations over time could be due to local mitigation efforts. Understanding the differences in water quality between the tributaries of the St. Lucie Estuary is essential for overall water quality management.

Keywords: nutrients; statistical analysis; St. Lucie Estuary Basin; spatiotemporal trend; water quality; water pollution; dimensionality reduction

[bookmark: _Toc127626107][bookmark: _Toc131757441]Introduction
Robust datasets produced by continuous water monitoring contain vital information for identifying water quality variability and improving local management plans. Using multivariate statistical analyses on local continuous sampling data has proven effective in characterizing the water quality of coastal systems (Bachmann et al., 2012; Dodds and Smith, 2016; Grizzetti et al., 2005; Hajigholizadeh and Melesse, 2017). Multi-year water quality data from water bodies across the US and elsewhere have been valuable for a better understanding regional systems (Boyer et al., 1999; Bugica et al., 2020; Romero et al., 2016; Stets et al., 2015). Multivariate statistical analyses and nonparametric tests are effective at summarizing robust datasets. For example, Stets, Kelly, and Crawford, 2015 used correlation and principal component analysis to analyze sixty-three years of nitrate data from 22 sites across the US. They found nitrate was strongly related to agriculture, higher in the mid-west and less in the east and west. Similarly, Boyer, Fourqurean, and Jones, 1999 characterized the water quality of three distinct zones of Florida Bay using a 6-year dataset and found that turbidity increased by a factor of 20 at one of the bay areas.
Furthermore, a 20-year water quality dataset from various Texas Gulf coastal sites analyzed by Bugica et al., 2020 revealed that two waterbodies showed signs of eutrophication throughout the study period even though river inputs did not influence them. They concluded that non-point and point-source loads and residence time were the main factors driving eutrophication at those sites. Romero et al., 2016 used a 40-year water quality dataset of the lower Seine River in France. After implementing a phosphate ban, they found that ammonium and phosphate concentrations decreased in the river. Point source contaminants were lowered before water was released onto the river. In contrast, nitrate inputs increased due to agricultural practices. These findings exemplify the effectiveness of applying statistical analyses to multi-year datasets, especially in areas of water quality deterioration.
	The South Florida Water Management District (SFWMD) and the Florida Department of Environmental Protection (FDEP) have continuously assessed the water quality of the estuary and the lake since the 1970s, which has generated a robust historical dataset from which long-term patterns can be extracted. Studies by Hampel et al., 2020, Kramer et al., 2018, and Oehrle et al., 2017 demonstrated the crucial role of nitrogen species and salinity in toxic Microcystis blooms in the lake–estuary continuum. The latest publicly available document by the FDEP, the updated 2020 St. Lucie River and Estuary Basin Management Action Plan (Florida Department of Environmental Protection., 2020), assessed nutrient loadings after the implementation of total maximum daily loads (TMDL) in 2013 (Florida Department of Environmental Protection., 2013a) and summarized the current standing of management plans. While previous studies have established essential characteristics of the St. Lucie Estuary Basin using various statistical techniques (Doering, 1996; Florida Department of Environmental Protection., 2020; Qian et al., 2007; Sepulveda et al., 2012), there are no published statistical approaches that reduce the dimensionality of the data to distinguish the main physicochemical variables characterizing the water quality of the tributaries and the estuary. Long-term relationships among the physicochemical variables of water quality from 1999 to 2019 have not been explored either. 
The general objective of this study was to characterize the water quality of the St. Lucie Estuary Basin, with particular attention to the surface tributaries from 1999 to 2019. Three specific objectives were framed: (1) characterize the seasonality of flow values of the major surface tributaries; (2) identify the principal water quality constituents; and (3) evaluate monotonic trends of all physicochemical variables for 20 years. Multivariate statistical approaches, nonparametric tests, and trends were used in this study.
[bookmark: _Toc127626108][bookmark: _Toc131757442]Materials and Methods
[bookmark: _Toc127626109][bookmark: _Toc131757443]Study Setting
The St. Lucie Estuary is on the southern tip of the Indian River Lagoon, on the eastern coast of the Florida Peninsula, USA (Figure 2.1). The 28 km² estuary is in the tidewater area at the junction of the North and South Forks of St. Lucie River and the Indian River Lagoon. The two forks converge along US-1, and the estuary extends another 9.7 km downstream to the Indian River Lagoon, connected to the Atlantic Ocean through the St. Lucie Inlet. A humid, subtropical climate prevails in this area, which is characterized by warm, wet summers (May to October) and mild, relatively dry winters (November to April) (Doering, 1996). The annual atmospheric temperature ranges between 19 C and 29 C. The long-term total rainfall in the basin is 1234 mm per year, with 78% in the wet and 22% in the dry seasons (Armstrong et al., 2019).
The St. Lucie Estuary has four main geographical sections: the North Fork, the South Fork, the Mid-Estuary, and the Lower Estuary (Figure 2.2), where salinity has intra-annual fluctuations. Salinity patterns affect the estuary's productivity, population distribution, community composition, and food web structure. In shallow and highly managed estuaries, such as the St. Lucie Estuary, salinity is driven mainly by hydrologic events and water management practices and can range from <1 to >35 parts per thousand (Byrne et al., 2004; Duan et al., 2016). Vertical stratification generally happens during large freshwater releases from Lake Okeechobee. The Lower Estuary, the area closest to the ocean inlet, generally has the highest median salinity. The lowest salinity values are in the North and South Forks, furthest from the ocean inlet (Phlips et al., 2002).
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[bookmark: _Toc131758531]Figure 2.1 The St. Lucie Estuary Basin in the eastern Florida Peninsula, USA, the eleven water monitoring stations for water quality, the sub-basins, and the major canals draining the estuary.
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[bookmark: _Toc131758532]Figure 2.2 The four geographical sections of the St. Lucie Estuary, Florida, USA.
[bookmark: _Toc127626110][bookmark: _Toc131757444]Land Cover
[bookmark: _Hlk127472376]The St. Lucie Estuary receives approximately 70% of its freshwater from four surface tributaries (Ji et al., 2007): the Ten Mile Creek, Canal-24 (C-24), Canal-23 (C-23), and Canal-44 (C-44). Water inputs from the Ten Mile Creek, C-24, and C-23 are solely from within the estuary’s drainage basin (Steward et al., 1989), while those from C-44 include periodic releases from Lake Okeechobee. The major land cover classes for the St. Lucie Estuary Basin are cultivated crops, hay/pasture, and (United States Geological Survey, 2016). The Ten Mile Creek sub-basin is 158 km², and its major land-cover classes are cultivated crops (50%), hay/pasture cover (34%), developed-open space (6%), woody wetlands (5%), and developed-low intensity (2%). Sub-basin C-23 is 448 km2, and its major land cover classes are hay/pasture (38%), cultivated crops (24%), woody wetlands (23%), emergent herbaceous wetlands (4%), and developed open space (3%). Similar to C-23, sub-basin C-24 is 425 km2, and its major land cover classes are hay/pasture (38%), woody wetlands (26%), cultivated crops (17%), developed open space (4%), and low intensity urban development (3%) (United States Geological Survey, 2016). C-44 combines basin runoff from sub-basin C-44 with Lake Okeechobee releases. This artificial connection with Lake Okeechobee brings in water from a 14,000 km2 area where 36% are improved pastures, 21% wetlands/water bodies, 16% rangeland/unimproved, pasture, 10% forested uplands, 5% citrus, and 3% urban. 
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Rainfall (mm day⁻¹) and canal flow (m3 s⁻¹) for the 20 years of November 1999 to October 2019 were queried from the SFWMD’s publicly available repositories. Rainfall was obtained from the NEXRAD repository (South Florida Water Management District, 2020a) using the polygon selection tool of the same extent as the estuary basin. The flow was gathered from the hydrogeologic database DBHYDRO (South Florida Water Management District, 2020b) for stations named by the SFWMD as GORDYRD, C23S48, C24S49, and C44S80. 
[bookmark: _Toc127626113][bookmark: _Toc131757447]Water Quality Data
Physicochemical data for 20 years (November 1999–October 2019) from ten water
monitoring stations were also obtained from the SFWMD’s publicly available repository DBHYDRO (https://my.sfwmd.gov/dbhydroplsql/show_dbkey_info.main_menu; South Florida Water Management District, 2020c). The monitoring stations were selected based on data continuity over the 20 years and their distribution throughout the basin. C23S48, C24S49, GORDYRD, and C44S80 by the SFWMD represent the freshwater tributaries C-23, C-24, Ten Mile Creek, and C-44, respectively. Stations C23S48, C24S49, and GORDYRD are on canals that drain from within the estuary basin, while station C44S80 is downstream of Lake Okeechobee. Stations named by the SFWMD as SE 01, SE 02, SE 03, SE 06, SE 09, and SE 11 are in different regions of the St. Lucie Estuary. Station SE 06 is in the North Fork, SE 09 is in the South Fork, SE 02 and SE 03 are in the Mid-Estuary, and SE 01 and SE 11 are in the Lower Estuary (Table 2.1). 
[bookmark: _Toc131757743]Table 2.1 Location of water monitoring stations.
	Monitoring Stations
	Location
	Latitude (N)
	Longitude (W)

	C23S48
	C-23
	27.2019
	80.2992

	C24S49
	C-24
	27.2614
	80.3593

	C44S80
	C-44
	27.1116
	80.2850

	GORDYRD
	Ten Mile Creek
	27.4030
	80.3990

	SE 01
	Lower Estuary
	27.1803
	80.1939

	SE 02
	Mid-Estuary
	27.2137
	80.2148

	SE 03
	Mid-Estuary
	27.2028
	80.2592

	SE 06
	North Fork Estuary
	27.2717
	80.3220

	SE 09
	South Fork Estuary
	27.1237
	80.2625

	SE 11
	Lower Estuary
	27.1653
	80.1694



Water samples were collected monthly by the SFWMD and analyzed in their analytical laboratory. The SFWMD followed either the Standard Methods (Rice et al., 2017), the United States Environmental Protection Agency (1987, 1979), or the SFWMD’s field sampling quality manual (SFWMD-FSQM) depending on the measured variable (Table 2.2). Values for eleven physicochemical variables were used: ammonia (NH₃), color, dissolved oxygen (DO), nitrate + nitrite (N+N), pH, orthophosphate (OP), total phosphorus (TP), specific conductivity, total nitrogen (TN), total suspended solids (TSS), turbidity, and surface water temperature (SWT). The samples from canals were collected at 0.5 m below the water surface, and those at the estuary were from the middle of the total depth of the water column at the time of collection. The mean depth of the estuary is 2.4 m (Morris, 1986).
Water quality variable abbreviations are those used in this paper and not by the management agency. 
[bookmark: _Toc131757744]Table 2.2 Test methods are the methods used by the chemistry laboratory to obtain the values for each variable.
	Variables
	Abbreviations
	Reporting Units
	Test Methods
	Minimum Detection Limit

	Ammonia
	NH3
	mg L⁻¹
	SM * 4500-NH3 H
	0.009 (1999–2007);
0.005 (2007–2019)

	Color
	Color
	PCU **
	SM 2120 C
	1

	Dissolved 
oxygen
	DO
	mg L⁻¹
	SFWMD-FSQM
	NA

	Nitrate + nitrite
	N+N
	mg L⁻¹
	SM 4500-NO3-F
	0.004 (1999–2004);
0.006 (2004–2007);
0.005 (2007–2019)

	pH, field
	pH
	NA
	SFWMD-FSQM
	NA

	Orthophosphate
	OP
	mg L⁻¹
	SM 4500-P F
	0.004 (1999–2007);
0.002 (2007–2019)

	Total 
phosphorus
	TP
	mg L⁻¹
	SM 4500-P F
	0.004 (1999–2007);
0.002 (2007–2019)

	Specific 
conductivity
	Specific 
conductivity
	[bookmark: _Hlk59546700]mS cm⁻¹
	SFWMD-FSQM
	NA

	Total nitrogen
	TN
	mg L⁻¹
	Total Kjeldahl nitrogen (EPA 351.2) + nitrate + nitrite (1999-2014);
Modified SM 4500-NC (2014-2019)
	0.05 (1999–2014);
0.02 (2014–2019)

	Total suspended solids
	TSS
	mg L⁻¹
	EPA 160.2 (1999–2007);
SM 2540 D (2007–2019)
	3

	Surface water temperature
	SWT
	Celsius
	SFWMD-FSQM
	NA

	Turbidity
	Turbidity
	NTU
	SM 2130 B
	0.1



TN values from November 1999 to September 2014 were unavailable from the SFWMD’s
repository, but total Kjeldahl Nitrogen (TKN) and N+N were. Therefore, for that period, TN was calculated by the authors by adding the TKN and N+N values available from the repository. This procedure was consistent with the SFWMD (Walker, 2014). TN values from 2014 to 2019 were downloaded from the repository. For the most part, SFWMD collected one sample monthly from each station from November 1999 to October 2019.
The SFWMD staff uses the Data Collection/Validation Preprocessing (DCVP) system to perform quality assurance/quality control (QA/QC) on instrument readings before data archiving. Preliminary time-series data are extracted from the DCVP and subjected to an initial QA/QC check to ascertain or improve data quality through the Graphical Verification Analysis (GVA) Program. The GVA application is used for the validation of the data. Data are uploaded into the DBHYDRO database after the GVA analysis (South Florida Water Management District, 2020d).
The sample sizes of the physicochemical variables differed among stations. Table 2.3 details the sample size for each variable at each station. There were long gaps, spanning several months, in sample collection for specific stations. These gaps caused some stations to have smaller sample sizes. The largest gap in the collection was at station SE 06 from July 2012 to March 2015. As a result, the sample size for NH₃ was 173 versus a sample size of 242 at GORDYRD for the same variable. 
Some datasets had values below the detection limit (BDL), also called nondetects (Table 2.3). For the summary statistics, the substitution of values BDL was based on the percent contained in each dataset. Simple substitution to half the minimum detection limit value was used where nondetects comprised 10% or less of the dataset. The values used for simple substitution are specified in Table 2.3. For the summary statistics of datasets containing over 10% of nondetects, robust regression on order statistics (ROS) was used. The robust ROS uses the sample data that are not BDL to assume the distribution and to assign values to those non-detects as described and suggested by Helsel and Cohn, 1988 and Helsel et al., 2012 for summary statistics.
[bookmark: _Toc131757745]Table 2.3 Percentage of data below the detection limit (BDL) and the number of samples (N) for each station and variable.
	Stations
	Water Quality Constituents

	
	NH3
	Color
	DO
	N+N
	pH
	OP
	TP
	Sp.
Con.
	SWT
	TN
	TSS
	Turb

	GORDYRD

	% BDL
	0
	0
	0
	2
	0
	0
	0
	0
	0
	0
	51
	0

	N
	242
	252
	257
	249
	259
	252
	260
	258
	261
	253
	251
	252

	C24S49

	% BDL
	11
	0
	0
	28
	0
	1
	0
	0
	0
	0
	43
	0

	N
	231
	241
	238
	231
	240
	239
	242
	241
	242
	235
	238
	239

	C23S48

	% BDL
	12
	0
	0
	23
	0
	0
	0
	0
	0
	0
	40
	0

	N
	221
	232
	231
	226
	232
	232
	234
	233
	233
	229
	230
	230

	C44S80

	% BDL
	11
	0
	0
	13
	0
	0
	0
	0
	0
	0
	8
	0

	N
	233
	245
	241
	242
	246
	245
	246
	246
	246
	243
	244
	243

	SE 09

	% BDL
	11
	0
	0
	11
	0
	0
	0
	0
	0
	0
	11
	0

	N
	213
	223
	222
	220
	225
	220
	218
	224
	225
	218
	219
	224

	SE 06

	% BDL
	9
	0
	0
	29
	0
	0
	0
	0
	0
	0
	5
	0

	N
	175
	193
	191
	186
	194
	190
	188
	193
	194
	183
	193
	194

	SE 03

	% BDL
	8
	0
	0
	11
	0
	0
	0
	0
	0
	0
	4
	0

	N
	212
	225
	222
	221
	224
	222
	220
	226
	224
	219
	224
	225

	SE 02

	% BDL
	14
	1
	0
	20
	0
	0
	0
	0
	0
	0
	9
	0

	N
	206
	223
	225
	217
	224
	222
	219
	226
	224
	216
	224
	224

	SE 01

	% BDL
	23
	13
	0
	30
	0
	1
	0
	0
	0
	0
	5
	0

	N
	204
	222
	221
	216
	224
	219
	216
	222
	224
	216
	222
	224

	SE 11

	% BDL
	36
	26
	0
	33
	0
	6
	0
	0
	0
	1
	7
	0

	N
	202
	222
	224
	216
	224
	220
	211
	225
	226
	218
	225
	225
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[bookmark: _Toc127626115][bookmark: _Toc131757449]Assessment of Rainfall and Flow Data 
[bookmark: _Hlk127547191]All statistical analyses were done using R Version 3.5.2. Descriptive statistics of rainfall and flow were calculated for the 20 years, and the intra-annual variability for each canal was assessed visually using time-series charts. The correlation between canal flow and rainfall was assessed with Kendall’s tau correlation coefficient (τ) (Kendall, 1938). Kendall’s tau correlation coefficient indicated the strength of monotonic correlations (linear and nonlinear) between rainfall and flow. Tau is commonly used in water quality data analyses because it resists data skewness and outliers (Bartholomay et al., 2012; Meals et al., 2011; Russell, 2013). Kendall’s tau (τ) correlation coefficient is a rank-based procedure where the test statistic (S) is calculated by subtracting discordant pairs from the number of concordant pairs. S is then divided by the number of possible comparisons to be made among the n data pairs as detailed in Equation (1): Kendall’s tau correlation coefficient
                                 		         τ = S/(n(n−1)/2)						(2.1)
where a τ value close to −1 or 1 indicates strong negative or strong positive monotonic relationships between the variables, respectively, and τ values close to or equal to 0 indicate no relationship between them. However, due to its ranking nature, τ coefficients are smaller than those of the more commonly applied linear correlation coefficients such as Pearson’s R. A strong linear correlation of 0.9 or above corresponds to τ values of about 0.7 or above (Helsel et al., 2020). In this study, when τ is between 0.7 and 1, it is considered a strong correlation; between 0.4 and 0.7 a moderate correlation; and between 0.2 and 0.4 a weak correlation.
[bookmark: _Toc131757450]Assessment of Physicochemical Variables
Histograms were used to explore the distribution of the values of each physicochemical variable at each station when selecting the appropriate statistical analyses. The summary statistics for the physicochemical variables were reported separately for the wet (May-Oct) and dry (Nov–Apr) seasons for each station (Table 2.4). The arithmetic mean, the standard deviation, the median, and the interquartile range were reported for each water quality variable for the 20 years. The mean and interquartile range (IQR) for pH were determined as the negative logarithm of the average hydrogen ion concentration.


[bookmark: _Toc131757746]Table 2.4 The monthly mean (x̅), standard deviation (SD), median (Med) and interquartile range (IQR) for dry and wet months of all physicochemical variables analyzed for all stations from November 1999 to October 2019.
	Variables
	Tributaries
	Estuary

	
	GORDYRD
	C24S49
	C23S48
	C44S80
	SE 09
	SE 06
	SE 03
	SE 02
	SE 01
	SE 11

	
	Dry
	Wet
	Dry
	Wet
	Dry
	Wet
	Dry
	Wet
	Dry
	Wet
	Dry
	Wet
	Dry
	Wet
	Dry
	Wet
	Dry
	Wet
	Dry
	Wet

	NH₃

mg L⁻¹
	x̅
	0.05
	0.1
	0.04
	0.1
	0.04
	0.1
	0.03
	0.07
	0.04
	0.09
	0.03
	0.07
	0.04
	0.09
	0.03
	0.08
	0.02
	0.06
	0.01
	0.04

	
	SD
	0.05
	0.09
	0.05
	0.1
	0.04
	0.1
	0.03
	0.08
	0.04
	0.07
	0.03
	0.07
	0.04
	0.07
	0.03
	0.08
	0.02
	0.07
	0.02
	0.06

	
	Med
	0.05
	0.09
	0.02
	0.08
	0.02
	0.09
	0.02
	0.04
	0.03
	0.07
	0.02
	0.05
	0.03
	0.07
	0.02
	0.06
	0.01
	0.03
	0.005
	0.02

	
	IQR
	0.06
	0.1
	0.05
	0.2
	0.04
	0.2
	0.02
	0.07
	0.05
	0.09
	0.03
	0.09
	0.04
	0.08
	0.03
	0.09
	0.03
	0.08
	0.01
	0.06

	N + N

mg L⁻¹
	x̅
	0.09
	0.1
	0.1
	0.05
	0.2
	0.07
	0.3
	0.2
	0.1
	0.1
	0.04
	0.06
	0.08
	0.1
	0.06
	0.08
	0.04
	0.06
	0.02
	0.04

	
	SD
	0.07
	0.1
	0.1
	0.07
	0.2
	0.1
	[bookmark: _Hlk75967676]0.2
	0.2
	0.1
	0.1
	0.05
	0.07
	0.1
	0.1
	0.09
	0.09
	0.07
	0.08
	0.04
	0.06

	
	Med
	0.09
	0.09
	0.09
	0.03
	0.1
	0.05
	0.3
	0.1
	0.1
	0.07
	0.01
	0.04
	0.03
	0.06
	0.02
	0.05
	0.02
	0.03
	0.006
	0.02

	
	IQR
	0.1
	0.1
	0.2
	0.06
	0.3
	0.08
	0.3
	0.2
	0.2
	0.1
	0.05
	0.09
	0.1
	0.1
	0.09
	0.1
	0.05
	0.09
	0.03
	0.05

	TN

mg L⁻¹
	x̅
	0.81
	1.2
	1.2
	1.4
	1.1
	1.4
	1.2
	1.3
	1.0
	1.3
	0.78
	1.0
	0.70
	1.1
	0.58
	0.91
	0.46
	0.73
	0.35
	0.55

	
	SD
	0.24
	0.41
	0.27
	0.37
	0.34
	0.41
	0.33
	0.38
	0.29
	0.64
	0.18
	0.25
	0.30
	0.34
	0.27
	0.36
	0.29
	0.36
	0.27
	0.36

	
	Med
	0.75
	1.2
	1.3
	1.5
	1.1
	1.5
	1.2
	1.3
	0.99
	1.3
	0.80
	1.0
	0.67
	1.0
	0.59
	0.89
	0.47
	0.74
	0.34
	0.52

	
	IQR
	0.34
	0.53
	0.42
	0.56
	0.44
	0.56
	0.40
	0.43
	0.29
	0.30
	0.24
	0.38
	0.39
	0.51
	0.38
	0.50
	0.38
	0.54
	0.27
	0.48

	OP

mg L⁻¹
	x̅
	0.13
	0.28
	0.091
	0.23
	0.14
	0.27
	0.062
	0.12
	0.09
	0.14
	0.11
	0.20
	0.08
	0.16
	0.06
	0.13
	0.04
	0.10
	0.019
	0.052

	
	SD
	0.084
	0.22
	0.086
	0.16
	0.099
	0.16
	0.031
	0.09
	0.03
	0.06
	0.05
	0.10
	0.03
	0.075
	0.03
	0.08
	0.03
	0.08
	0.026
	0.055

	
	Med
	0.10
	0.22
	0.075
	0.22
	0.11
	0.26
	0.059
	0.08
	0.08
	0.12
	0.09
	0.18
	0.08
	0.14
	0.06
	0.12
	0.03
	0.08
	0.013
	0.031

	
	IQR
	0.10
	0.19
	0.097
	0.16
	0.12
	0.24
	0.030
	0.09
	0.04
	0.08
	0.05
	0.13
	0.03
	0.097
	0.03
	0.09
	0.03
	0.09
	0.020
	0.066

	TP

mg L⁻¹
	x̅
	0.18
	0.35
	0.14
	0.31
	0.20
	0.35
	0.13
	0.20
	0.16
	0.21
	0.16
	0.27
	0.12
	0.22
	0.09
	0.18
	0.06
	0.14
	0.037
	0.084

	
	SD
	0.099
	0.23
	0.094
	0.18
	0.11
	0.18
	0.05
	0.10
	0.06
	0.07
	0.05
	0.11
	0.04
	0.089
	0.03
	0.09
	0.04
	0.09
	0.029
	0.072

	
	Med
	0.14
	0.31
	0.12
	0.29
	0.17
	0.33
	0.11
	0.16
	0.15
	0.19
	0.15
	0.26
	0.12
	0.21
	0.09
	0.16
	0.06
	0.11
	0.032
	0.060

	
	IQR
	0.12
	0.23
	0.12
	0.18
	0.15
	0.27
	0.05
	0.13
	0.05
	0.08
	0.06
	0.14
	0.04
	0.12
	0.03
	0.10
	0.03
	0.10
	0.025
	0.069

	DO

mg L⁻¹
	x̅
	4.7
	3.0
	6.7
	4.4
	7.1
	5.3
	6.9
	5.3
	6.6
	4.8
	6.5
	4.6
	6.9
	5.4
	6.9
	5.7
	6.9
	5.8
	7.0
	6.1

	
	SD
	1.8
	1.9
	1.8
	2.7
	1.5
	1.7
	1.5
	1.8
	1.2
	1.7
	1.2
	1.4
	0.91
	1.1
	0.94
	0.99
	0.94
	0.81
	0.95
	0.86

	
	Med
	4.6
	2.6
	6.5
	4.0
	7.1
	5.2
	6.8
	5.0
	6.8
	4.8
	6.5
	4.5
	3.9
	5.3
	6.7
	5.8
	6.9
	5.9
	7.0
	6.1

	
	IQR
	2.4
	2.2
	2.6
	3.7
	2.0
	2.0
	2.1
	2.5
	1.8
	2.6
	1.7
	1.9
	1.1
	1.2
	1.2
	1.1
	1.0
	0.99
	0.89
	0.83

	Color

PCU
	x̅
	38
	71
	100
	150
	97
	149
	46
	70
	51
	103
	44
	79
	30
	69
	23
	59
	14
	44
	7.8
	26

	
	SD
	19
	40
	60
	98
	52
	90
	21
	44
	31
	78
	22
	39
	23
	51
	23
	50
	21
	45
	17
	32

	
	Med
	32
	62
	77
	147
	77
	144
	39
	55
	43
	68
	39
	69
	25
	55
	16
	41
	9
	26
	3
	11

	
	IQR
	21
	55
	83
	171
	65
	174
	20
	54
	23
	97
	17
	55
	17
	68
	16
	68
	16
	60
	8
	34

	TSS

mg L⁻¹
	x̅
	3
	5
	3
	4
	3
	5
	12
	13
	10
	10
	7
	8
	10
	12
	9
	9
	9
	9
	11
	8

	
	SD
	7
	7
	2
	5
	3
	7
	16
	15
	11
	8
	4
	4
	8
	8
	9
	6
	7
	7
	9
	7

	
	Med
	1
	4
	2
	3
	2
	4
	8
	8
	7
	7
	6
	8
	8
	11
	6
	8
	8
	7
	8
	7

	
	IQR
	2
	5
	3
	4
	3
	4
	9
	11
	6
	7
	4
	5
	7
	9
	6
	5
	4
	5
	8
	6

	Turb.

NTU
	x̅
	2.8
	3.8
	3.1
	3.2
	4.4
	3.9
	17
	15
	10
	8.8
	4.1
	5.3
	6.7
	10
	4.5
	7.1
	4.2
	6.1
	3.9
	4.9

	
	SD
	4.2
	3.7
	1.4
	1.8
	2.7
	2.8
	22
	17
	16
	10
	1.3
	2.0
	9.5
	9.7
	3.2
	5.7
	2.1
	4.5
	3.1
	4.3

	
	Med
	2.3
	2.8
	2.9
	2.8
	3.8
	3.3
	9.4
	8.9
	4.8
	5.6
	4.1
	5.1
	4.2
	7.2
	3.7
	5.0
	3.7
	4.8
	3.4
	3.9

	
	IQR
	1.8
	2.6
	1.8
	1.1
	2.2
	1.6
	12
	9.7
	3.5
	5.3
	1.6
	2.2
	3.2
	5.5
	2.2
	4.8
	2.3
	3.1
	2.0
	3.4

	pH**
	x̅
	7.3
	7.1
	7.6
	7.2
	7.9
	7.2
	7.6
	7.3
	7.6
	7.2
	7.5
	7.3
	7.8
	7.5
	7.9
	7.6
	7.9
	7.7
	7.9
	7.8

	
	SD
	0.2
	0.2
	0.4
	0.5
	0.3
	0.4
	0.3
	0.4
	0.2
	0.4
	0.3
	0.3
	0.1
	0.3
	0.1
	0.2
	0.2
	0.2
	0.2
	0.2

	
	Med
	7.4
	7.2
	7.8
	7.3
	7.8
	7.4
	7.8
	7.5
	7.6
	7.5
	7.6
	7.4
	7.8
	7.6
	7.9
	7.8
	8.0
	7.9
	8.0
	7.9

	
	IQR
	7.6
	7.5
	7.7
	7.1
	7.7
	7.2
	7.9
	7.5
	7.8
	7.6
	7.7
	7.5
	8.1
	7.8
	8.3
	8.1
	8.4
	8.2
	8.3
	8.2

	Sp. Cond

mS cm⁻¹
	x̅
	2.0
	1.6
	1.2
	1.1
	0.79
	0.83
	0.74
	0.66
	11
	6.7
	15
	7.4
	31
	20
	37
	27
	45
	36
	49
	43

	
	SD
	0.51
	0.58
	0.34
	0.45
	0.20
	0.31
	0.25
	0.31
	8.5
	8.5
	10
	8.8
	11
	14
	11
	15
	9.0
	15
	7.1
	12

	
	Med
	2.0
	1.6
	1.2
	0.97
	0.78
	0.82
	0.70
	0.56
	11
	0.92
	13
	2.8
	32
	19
	40
	28
	47
	41
	51
	47

	
	IQR
	0.74
	0.76
	0.47
	0.71
	0.25
	0.41
	0.40
	0.38
	15

	12
	16
	11
	13
	24
	14
	26
	8.3
	23
	5.3
	16

	SWT

°C
	x̅
	20.9
	27.8
	21.6
	28.6
	21.7
	28.4
	22.0
	28.7
	22.1
	28.9
	22.0
	28.7
	21.6
	28.4
	21.6
	28.3
	21.9
	27.9
	22.3
	27.5

	
	SD
	2.9
	1.6
	2.6
	1.7
	2.6
	1.6
	2.7
	1.7
	2.6
	1.7
	2.8
	2.0
	2.7
	1.7
	2.7
	1.6
	2.6
	1.5
	2.4
	1.5

	
	Med
	21.1
	28.0
	21.9
	28.8
	21.9
	28.7
	22.0
	29.0
	22.3
	29.0
	22.2
	28.8
	21.8
	28.7
	21.8
	28.6
	22.2
	28.2
	22.4
	27.7

	
	IQR
	4.0
	2.0
	3.2
	2.3
	3.4
	2.1
	3.2
	2.1
	3.6
	2.3
	3.7
	2.3
	3.7
	2.3
	3.6
	2.3
	3.4
	2.2
	2.9
	2.0


* Numbers in bold are the largest mean values of a physicochemical variable for a tributary station and an estuary station.
** The average and IQR for pH were determined as the negative logarithm of the average hydrogen ion concentration


[bookmark: _Toc127626117][bookmark: _Toc131757451]Principal Component Analysis (PCA)
[bookmark: _Hlk127547311]PCA has proven to reduce the redundancy of large multivariate water quality datasets for identifying and summarizing patterns (de Souza Pereira et al., 2019; Duan et al., 2016). The noise is reduced by transforming the original variables into new uncorrelated variables, called principal components or dimensions, while preserving as much of the data’s variation as possible (Vega et al., 1998). Each monthly water sample was a variable in this study, and each physicochemical variable was a factor. PCAs were done separately for tributary and estuary samples to identify the principal variables that characterize the water in these different areas. The physicochemical variables used in the PCA were NH₃, N+N, TN, OP, TP, color, TSS, turbidity, DO, and pH.
[bookmark: _Toc127626118][bookmark: _Toc131757452]Correlation and Trend Analyses
The correlation and trend tests performed were selected based on the nonparametric nature of the datasets. The strength of monotonic correlations between the physicochemical variables and flow was measured using Kendall’s tau correlation coefficient (𝞽). The R script for the pair plots was modified from Ryberg, 2017. The Kendall’s tau correlation and significance were assessed for the physicochemical variables from tributary samples. Only tributary samples were chosen because they presented stronger associations in the PCA than samples from the estuary and greater applicability in water management, as these inputs are essential drivers of the estuary’s water quality. NH₃, color, DO, pH, TP, specific conductivity, SWT, TN, turbidity, and flow were assessed for the 20 years.
[bookmark: _Hlk129679842][bookmark: _Hlk127547924]The monotonic trends of variables for the 20 years were assessed using the Seasonal Kendall trend test (Sk) (Hirsch et al., 1982), which accounts for seasonality by calculating the Mann–Kendall statistic (Mann, 1945) for each month separately and then combining the results. The Mann–Kendall follows the same principle as Kendall’s tau but with time as the x-variable. The Mann–Kendall determines whether the central value (median) changes over time. The S statistic, Si, for each month is summed to form the overall statistic Sk as in Equation (2):
                                                                                                                                (2.2)
The equation was applied to data collected monthly. For example, all data obtained in May were compared to similar data collected in May throughout the 20-year study period. The process was repeated for data collected in June and so on for all the months. Since this method works best with no missing data, missing values were filled in using a predictive mean matching (PMM) imputation approach. Differently from ROS, PMM fills the values with the already available data in the time series using a simulated regression model (Campion and Rubin, 1989), thereby maintaining the seasonality accounted for by the Seasonal Kendall trend test (Worku et al., 2019; Oyerinde et al., 2021). 
[bookmark: _Hlk127547950]The magnitude of the trend was evaluated by calculating Sen’s slope (Sen, 1968) for those variables showing significant Sk. The nonparametric Sen’s method estimates the slope for the sets of pairs (i, ), where  is a time series. The Sen slope is calculated by: 
                                                                 		                               (2.3)
where and  are the data values at times j and i, respectively. The  is the median of all the slopes calculated for the selected time series. For this study, the period for each slope was one year. The Sen’s slope represents the median change per year for the 20-year study period.  > 0 indicates an upward trend.

[bookmark: _Toc131757453][bookmark: _Toc127626119]Results
[bookmark: _Toc131757454]Assessment of Rainfall and Flow Data
The summary statistics (Table 2.5) showed higher rainfall values from May to October, with August having the highest mean of 194 mm and a median of 179 mm. Lower rainfall values were from November to April, with February having the lowest mean rainfall of 43.6 mm and a median of 42.2 mm. Mean monthly flow values for June to October at C-23, C-24, and Ten Mile Creek were higher than the remaining months. In the wettest months, flow values at C-23 and C-24 were two to five times greater than their dry-month flow values. However, flow at Ten Mile Creek did not display such intra-annual differences. The Ten Mile Creek station displayed a steady flow with few peaks and zero no-flow conditions. At C-44, the mean monthly flow was highest from July to August, with some monthly values two- or three-fold higher than those of the other tributaries. C-44 had long periods of no flow combined with abrupt spikes of very high flow (150 m³ s⁻¹) compared to the other tributaries. Moreover, most of the observed peaks at C-44 coincided with the end of the wet season (October) and reflected large sporadic releases from Lake Okeechobee. 
Rainfall and flow were strongly correlated at tributaries C-23 and C-24 and weakly correlated at Ten Mile Creek. Rainfall and flow had a 𝞽 of 0.53 for C-24, 0.51 for C-23, and 0.37 for Ten Mile Creek at α = 0.001. C-44 flow had a negligible 𝞽 of 0.15, α = 0.01.
[bookmark: _Toc131757747]Table 2.5 The monthly mean (x ̅) standard deviation (SD), median (Med), minimum (Min), and maximum (Max) for rainfall and canal flow values for the period of November 1999–October 2019.
	[bookmark: _Hlk48671014]
	Wet Season
	Dry Season

	
	May
	Jun
	Jul
	Aug
	Sep
	Oct
	Nov
	Dec
	Jan
	Feb
	Mar
	Apr

	Rain
(mm)
	
	109
	175
	165
	194
	178
	95.3
	48.3
	46.7
	47.7
	43.6
	63.7
	61.5

	
	SD
	83.8
	55.4
	46.6
	79.2
	87.6
	79.7
	38.1
	33.4
	56.4
	27.0
	49.4
	28.7

	
	Med
	83.6
	160
	152
	179
	157
	77.0
	30.1
	39.4
	29.1
	42.2
	50.7
	53.7

	
	Min
	25.0
	112
	82.9
	91.8
	87.9
	9.50
	7.10
	5.50
	3.00
	3.70
	9.80
	0.0

	
	Max
	407
	324
	246
	421
	416
	268
	147
	140
	231
	97.2
	180
	117

	Ten Mile Creek
Flow 
(m³ s⁻¹)
	
	3.6
	5.4
	5.9
	7.1
	7.8
	6.3
	4.6
	4.3
	4.5
	4.1
	3.2
	3.4

	
	SD
	3.6
	3.4
	3.1
	5.8
	7.3
	4.4
	3.7
	3.7
	4.1
	3.2
	2.8
	2.8

	
	M
	2.5
	3.9
	4.9
	4.9
	5.5
	4.7
	2.8
	3.2
	2.5
	3.6
	2.2
	2.0

	
	Min
	0.1
	1.3
	2.3
	2.0
	2.7
	1.1
	0.6
	0.7
	1.4
	0.8
	0.9
	1.2

	
	Max
	14
	13
	15
	28
	35
	15
	13
	15
	14
	12
	11
	10

	C-24
Flow 
(m³ s⁻¹)
	
	2.1
	6.3
	8.7
	11
	14
	8.3
	3.6
	2.0
	1.6
	1.6
	1.3
	0.8

	
	SD
	4.5
	6.2
	7.4
	8.5
	13
	9.3
	6.5
	2.9
	3.9
	2.7
	2.9
	1.5

	
	M
	0.6
	4.4
	6.7
	9.0
	10
	5.5
	1.2
	0.6
	0.2
	0.1
	0.1
	0.0

	
	Min
	0.0
	0.0
	0.0
	0.0
	1.2
	0.0
	0.0
	0.0
	0.0
	0.0
	0.0
	0.0

	
	Max
	19
	24
	25
	34
	61
	29
	27
	11
	17
	11
	9.6
	5.5

	C-23
Flow
 (m³ s⁻¹)
	
	1.5
	5.6
	6.5
	9.8
	13
	7.9
	3.4
	1.3
	1.4
	1.4
	1.3
	0.7

	
	SD
	3.8
	6.6
	6.6
	7.0
	14
	9.3
	7.4
	1.6
	3.2
	2.3
	2.7
	1.1

	
	M
	0.2
	3.2
	3.8
	6.9
	11
	4.9
	1.0
	0.7
	0.5
	0.3
	0.3
	0.1

	
	Min
	0.0
	0.0
	0.4
	2.4
	2.1
	0.2
	0.0
	0.0
	0.0
	0.0
	0.0
	0.0

	
	Max
	17
	27
	22
	31
	65
	35
	33
	5.3
	14
	9.7
	11
	4.4

	C-44
Flow 
(m³ s⁻¹)
	
	10
	12
	17
	19
	26
	24
	18
	9.0
	4.7
	9.1
	7.5
	5.9

	
	SD
	15
	18
	32
	32
	27
	39
	33
	17
	8.1
	25
	13
	10

	
	M
	0.2
	0.1
	5.8
	4.4
	19
	5.1
	1.2
	0.6
	0.6
	0.4
	0.0
	0.0

	
	Min
	0.0
	0.0
	0.0
	0.0
	0.0
	0.0
	0.0
	0.0
	0.0
	0.0
	0.0
	0.0

	
	Max
	43
	52
	128
	122
	99
	144
	104
	69
	32
	112
	52
	32



[bookmark: _Toc127626120][bookmark: _Toc131757455]Assessment of Physicochemical Variables
The values of the physicochemical variables conformed to various distribution types. However, for most stations, nutrient species, TSS, and turbidity values conformed to log-normal and exponential distributions, while DO and pH values were normally distributed. At tributary stations, specific conductivity values were right-skewed for some stations and normally distributed for others while left-skewed at all estuary stations. The summary statistics for physicochemical variables were reported based on the intra-annual analysis of rainfall by separately evaluating the wet and dry seasons’ values. 
Nutrient concentrations were higher at the tributaries than at the estuary, and values were higher in the wet season, except for N+N, which was higher in the dry season for most stations. Nutrient species concentrations differed among the tributaries. Basin tributaries (C-23, C-24, and Ten Mile Creek) displayed higher nutrient concentrations than C-44 (influenced by Lake Okeechobee releases) except for N+N, which was highest at C-44. C-24 and C-23 had the highest concentrations of NH₃ and TN of all stations; the mean value for NH₃ was 0.1 mg L⁻¹ at both stations, and the medians were 0.08 mg L⁻¹ and 0.09 mg L⁻¹ at C-24 and C-23, respectively. Similarly, the mean concentration of TN was 1.4 mg L⁻¹, and the median was 1.5 mg L⁻¹ at both stations. C-23 and Ten Mile Creek had the highest OP and TP mean concentrations of 0.28 mg L⁻¹ and 0.35 mg L⁻¹, respectively, but C-23 had the highest medians of 0.26 mg L⁻¹ for OP, and 0.33 mg L⁻¹ for TP C-44 had the highest N+N concentration with the same value of 0.3 mg L⁻¹ for the mean and median. The lowest NH₃ (0.03 mg L⁻¹), OP (0.062 mg L⁻¹), and TP (0.13 mg L⁻¹) mean concentrations were in the dry season at C-44. The lowest N+N (0.05 mg L⁻¹) mean concentration was at C-24 in the wet season. TN (0.81 mg L⁻¹) was lowest at Ten Mile Creek in the dry season. 
Nutrient concentrations in the estuary generally decreased with proximity to the ocean inlet as specific conductivity increased. Accordingly, the Lower Estuary had the lowest nutrient concentrations. NH₃ was highest in the wet season at both the Mid-Estuary and South Fork with a mean concentration of 0.09 mg L⁻¹ and median of 0.07 mg L⁻¹. N+N and TN were highest at the South Fork with a mean of 0.1 mg L⁻¹ and median of 0.07 mg L⁻¹ for N+N and a mean and median of 1.3 mg L⁻¹ for TN; OP and TP were highest at the North Fork with a mean of 0.20 mg L⁻¹ and median of 0.18 mg L⁻¹ for OP and mean of 0.27 mg L⁻¹, and median of 0.26 mg L⁻¹ for TP.
Color values were highest at the tributaries and decreased with proximity to the ocean inlet. The highest color values were at C-23 and C-24 in the wet season, with a mean of 150 PCU and 149 PCU, respectively. TSS and turbidity were generally higher at the estuary than at the tributaries; however, tributary C-44 had substantially higher values than other areas. In the wet season, the mean values of TSS at C-44 were 13 mg L⁻¹, and the median was 8 mg L⁻¹, while at the other tributaries, the mean values were between 3–5 mg L⁻¹ and median values were between 1–4 mg L⁻¹. The highest mean turbidity value was also at C-44 (17 NTU); however, it was lower in the dry than in the wet season in most stations. The mean turbidity at the other tributaries ranged between 2.8 and 4.4 NTU, with median values between 2.3 and 3.8 NTU. In the estuary, color, and turbidity values were highest at the South Fork, but the highest mean color values (103 PCU) were in the wet season, while the highest turbidity values (10 NTU) were in the dry season. The lowest color values were at the Lower Estuary, with a mean of 7.8 PCU. TSS values were lowest at Ten Mile Creek, with a mean value of 3 mg ⁻¹L and a median of 1 mg L⁻¹.  
DO, pH, and specific conductivity values were generally higher in the dry season and at the estuary compared to the tributaries. The DO and pH values had lower variances at the estuary than at the tributaries. The highest DO and mean pH values were at C-23 and the Lower Estuary, with a mean of 7.0 mg L⁻¹ for DO and 7.9 for pH in the dry season. DO and pH was lowest at Ten Mile Creek, with a mean of 3 mg L⁻¹ for DO and 7.1 for pH in the wet season. Specific conductivity was highest at the Lower Estuary in the dry season with a mean value of 49 mS cm⁻¹ and median of 51 mS cm⁻¹, and lowest at C-44 in the wet season with a mean of 0.66 mS cm⁻¹ and median of 0.56 mS cm⁻¹. The SWT did not vary significantly across the tributaries nor the estuary, ranging between 21.1 and 22.4 °C in the dry season and 28.0 and 29 °C in the wet season. 
[bookmark: _Toc127626121][bookmark: _Toc131757456]Principal Component Analysis (PCA)
The PCA biplots (Figures 2.3 and 2.4) display the transformed data in the first two dimensions. The scree plots (Figure 2.5) showed the percentage of variance accounted for by each dimension, and the loadings to each dimension are shown in Table 2.6. The variables with more weight on the dimension were depicted with longer arrows than those with less weight on the biplots. Small angles between vectors represented a positive correlation, while those close to 180° were negatively correlated. The scree plots showed that the first three dimensions of the tributaries accounted for 79.3% of the total variance, and the first three dimensions of the estuary accounted for 76.8%. However, the first two dimensions were examined more for general characterization because they explained close to 70% of the variance. The eigenvalue of dimension 3 was lower than 1 for both the tributaries and estuary samples.
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[bookmark: _Toc131758533]Figure 2.3 Biplot of PCA of samples from the four main surface tributaries of the St. Lucie Estuary.
The PCA biplot of the tributaries (Figure 2.3) showed a pronounced difference between basin runoff (C-23, C-24, and Ten Mile Creek) and Lake Okeechobee inputs (C-44). Dimension 1 (Dim1) explained 44.9% of the variance. The highest positive loads for Dim1 of the tributaries (Table 2.6) were TP (0.43), OP (0.42), color (0.38), and NH₃ (0.38), and the greatest negative loads were pH (−0.37) and DO (−0.32). Dimension 2 (Dim2) explained 24.4% of the variance among tributary samples, with turbidity (0.60), TSS (0.56), and N+N (0.42) contributing the largest loads.
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[bookmark: _Toc131758534]Figure 2.4 Biplot of PCA of samples taken from the St. Lucie Estuary.
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[bookmark: _Toc131758535]Figure 2.5 The scree plots of the PCA of samples from the tributaries (left) and those from the estuary (right) indicate the percent variance explained by each dimension.
[bookmark: _Toc131757748]Table 2.6 Variable loadings to the first three dimensions.
	Variables
	Tributaries
	Estuary

	
	Dim1
	Dim 2
	Dim 3
	Dim 1
	Dim 2
	Dim 3

	NH₃+
	0.383
	−0.046
	−0.094
	−0.340
	0.132
	0.208

	N+N
	0.047
	0.424
	−0.264
	−0.245
	−0.322
	0.481

	TN
	0.327
	0.338
	−0.345
	−0.373
	−0.157
	0.152

	OP
	0.423
	−0.068
	−0.022
	−0.410
	0.147
	0.051

	TP
	0.427
	0.008
	0.009
	−0.422
	0.030
	−0.034

	DO
	−0.324
	0.132
	−0.554
	0.248
	−0.322
	0.463

	Color
	0.377
	−0.009
	−0.414
	−0.398
	0.071
	0.063

	TSS
	−0.011
	0.564
	0.307
	−0.029
	−0.542
	−0.543

	Turbidity
	−0.022
	0.600
	0.240
	−0.153
	−0.603
	−0.131

	pH
	−0.367
	0.068
	−0.415
	0.308
	−0.119
	0.410



Samples from tributaries draining the basin were spread throughout the Dim1 axis but stayed close to zero on the Dim2 axis. This distribution indicated a large variance in phosphorus, color, and NH₃ values and a relatively small variance in turbidity and TSS. Inversely, the samples from C-44, influenced by lake releases, varied more across the Dim2 axis while tightly grouping in quadrant II. The spread across axis Dim2 of the C-44 samples indicated a large variance in turbidity, TSS, and N+N and comparatively low variance and values for TP, PO, color, and NH₃.
The biplot of the estuary (Figure 2.4) showed the North Fork (SE 06) to be influenced by high values and variance in phosphorus, color, TN, and NH₃, and low variance in turbidity and TSS values. The Mid-Estuary (SE 03 and SE 02) also showed more variance in Dim1 than Dim2; however, notable outliers were driven by turbidity and TSS. The Lower Estuary samples are most tightly grouped to the right of Dim1 origin and have low variance in both dimensions. Samples from the Lower Estuary were tightly grouped on Dim1, where pH and DO have the greatest loading. The South Fork (SE 09), downstream of lake inflows, showed high variances for all variables. However, samples were mainly distributed to the left of Dim1′s origin, indicating a greater influence from phosphorus and its related variables than pH and DO. There were notable outliers driven by phosphorus and its associated variables and outliers driven by turbidity and TSS. For the PCA of the estuary, Dim1 explained 47.1% of the variance with TP (−0.42), OP (−0.41), color (−0.40), and TN (−0.37) the greatest negative loads and pH (0.31) and DO (0.25) the only positive loads. Dim2 explained 21.1% of the variance, with turbidity (−0.60) and TSS (−0.54) contributing the highest loadings. 
An inverse relationship between phosphorus and the variables pH and DO was observed on the PCAs of the tributaries and the estuary. The relationships between those dimensions characterizing the estuary were like those of the tributaries, with the difference that the correlations were more pronounced in the tributary dataset.
[bookmark: _Toc127626122][bookmark: _Toc131757457]Correlation of Physicochemical Variables
Kendall’s tau coefficient’s strongest significant positive correlation was between DO and pH (0.73) with a linear relationship (Figure 2.6). The next greatest positive tau coefficients were between NH₃ and color (0.67), TP (0.63), and TN (0.55). The relationships among these variables were nonlinear. Moderate positive relationships (τ > 0.55) were indicated among color, TP, and TN with nonlinear relationships. TP and TN had a weak positive association with SWT and a moderate negative relationship with pH and DO. Strong negative correlations were found between pH and TP (-0.60) and between pH and color (-0.51), with nonlinear relationships. Specific conductivity was moderately negatively related to color (-0.46) and TN (-0.55). The relationships among the other variables were weak with a tau (τ) correlation coefficient below 0.5.
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[bookmark: _Toc131758536]Figure 2.6 Pairs plot displaying Kendall’s tau correlation coefficient and p-value between water quality variables from 1999 to 2019. Central diagonal: variable names and histograms with a density line. Upper right half: Kendall’s tau (τ) correlation coefficient and p-value. Lower left half: scatter plots with loess smoothing. For *** p < 0.001, ** p < 0.01, * p < 0.05.
[bookmark: _Toc127626123][bookmark: _Toc131757458]Trend Analysis
The Seasonal Mann–Kendall and Sen’s slope tests were mostly insignificant except at Ten Mile Creek and SE 06, located in the North Fork (Table 2.7). Significant trends were weak, with only one moderate coefficient observed for OP at Ten Mile Creek. Other areas of the estuary basin showed significant but weak trends for certain variables.
[bookmark: _Toc131757749]Table 2.7 The Seasonal Mann–Kendall test and the Sen’s slope were performed for the twenty years for each variable in each station to test for the significance, direction, and magnitude of non-seasonal trends.
	
	South Fork
	Tributaries
	North Fork
	Mid-Estuary
	Lower Estuary

	
	C-44
	SE 09
	C-23
	C-24
	Ten Mile Creek
	SE 06
	SE 03
	SE 02
	SE 01
	SE 11

	[bookmark: _Hlk59963839]NH3

slope
	NT
	▵
0.14
−5 *
	NT
	NT
	NT
	▼ *
−0.27
−5 *
	NT
	NT
	NT
	NT

	N+N

Slope
	NT
	NT
	NT
	NT
	▽
−0.10
−1 *
	▼
−0.18
−2 *
	NT
	▿
−0.14
−5 *
	▼
−0.22
−6 *
	▼
−0.25
−6 *

	TN

Slope
	▼
−0.16
−1 *
	NT
	NT
	▿
−0.09
−6 *
	▼
−0.19
−1 *
	NT
	▽
−0.14
−8 *
	▽
−0.14
−9 *
	▼
−0.16
−1 * 
	▼
−0.21
−2 *

	OP

Slope
	▽
−0.14
1 *
	NT
	▿
−0.11
−2 *
	▽
−0.15
−2 *
	▼
−0.45
−8 *
	▼
−0.30
−4 *
	NT
	NT
	NT
	NT

	TP

Slope
	NT
	NT
	▿
−0.11
−2 *
	▽
−0.15
−3 *
	▼
−0.36
−8 *
	▼
−0.27
−4 *
	▽
−0.13
−1 *
	NT
	NT
	▿
−0.11
−7 *

	Color

slope
	NT
	NT
	NT
	NT
	▼
−0.22
−0.820
	NT
	▿
−0.10
−0.330
	▿
−0.10
−0.390
	▽
−0.14
−0.330
	▼
−0.17
−0.090

	DO

Slope
	NT
	NT
	NT
	NT
	▲
0.19
0.073
	△
0.13
0.047
	▵
0.12
0.023
	△
0.13
0.027
	▲
0.19
0.030
	NT

	pH

Slope
	NT
	▵
0.11
4 *
	NT
	▵
0.09
7 *
	▲
0.25
8 *
	▲
0.34
2 *
	NT
	NT
	NT
	NT

	Temp.

Slope
	NT
	▵
0.11
0.04
	NT
	△
0.13
0.03
	▲
0.28
0.08
	▵
0.12
0.05
	NT
	NT
	NT
	△
0.15
0.05

	Sp. Con 
slope
	NT
	NT
	▲
0.28
12.4
	▿
−0.10
−7.0
	▲
0.25
30.5
	NT
	NT
	NT
	NT
	NT

	Turb.

Slope
	NT
	NT
	NT
	NT
	▲
0.31
0.10
	▵
0.12
0.00
	NT
	NT
	▼
−0.16
−0.08
	▽
−0.14
−0.07

	TSS

Slope
	NT
	NT
	NT
	NT
	NT
	NT
	NT
	NT
	NT
	NT


* Kendall’s tau statistic (τ) is the number on top, and Sen’s slope is the bottom one. Symbols ▲▼ indicate an increasing or decreasing trend, respectively, at significance p < 0.001. Symbols ▽△ represent p < 0.01, and ▵▿ represent p < 0.05. NT indicates no significant (p < 0.05) monotonic trend.
	The Ten Mile Creek had moderate (−0.45) decreasing trends in OP values and weak decreasing trends in TP (−0.36) and color (−0.22) values. The estimated Sen’s slope for OP and TP at this station showed a monthly decrease of 0.008 mg L⁻¹ per month. This tributary also had increasing trends in DO (0.19), pH (0.25), SWT (0.28), and turbidity (0.31) values. The physicochemical variables at SE 06 typically showed the same trends as the Ten Mile Creek except for some variables which did not have significant trends.
Weak decreasing trends of TN concentration were detected at all sections of the basin. The Lower Estuary had the strongest decreasing coefficients for TN (−0.21), and N+N (−0.25), with Sen’s slopes indicating a decrease of 0.02 mg L⁻¹ and 0.0006 mg L⁻¹ per month, respectively.
[bookmark: _Toc127626124][bookmark: _Toc131757459]Discussion
[bookmark: _Toc127626125][bookmark: _Toc131757460]Seasonality of Freshwater Inputs
Rainfall is one of the main factors influencing temporal variability in water quality in the St. Lucie Estuary. Rainy months increase runoff and leachates, coinciding with higher temperatures and lower salinity upstream (Buzzelli et al., 2013; Chamberlain and Hayward, 1996; Doering, 1996; Qian et al., 2007). Thus, the assessment of rainfall allowed for the differentiation of variable concentrations for the wet and dry seasons. Intra-annual rainfall values for the selected period are consistent with a study by Qian et al., 2007, where the wet season was defined from May 27 to November 7 and the dry season from November 8 to May 26. However, between 1979 and 2004, June had the highest mean monthly rainfall (192 mm), and December had the lowest (49 mm). Our study (1999–2019) found that August had the highest mean monthly rainfall (193.6 mm) and February had the lowest (43.6 mm). Our results suggest a shift of two months in the wettest and driest months since Qian et al., 2007.
While these differences in monthly rainfall could be explained by different sample sizes or regular multidecadal oceanic and atmospheric patterns (Abiy et al., 2019a; Alexander et al., 2014), they can also be explained by a shift in precipitation patterns observed in Florida. Late onset of the wet season has been reported for some areas in the state, with a decrease in mean precipitation in May (Irizarry-Ortiz et al., 2013; Martinez et al., 2012). Moreover, statistically significant increases in rainfall for June and August were reported for South Florida by Abiy et al. (2019) from 1906 to 2016. Their study coincides with our observed highest rainfall in August and the lowest rainfall month (February) to be later in the water year than previously reported.
At the St. Lucie Estuary Basin, rainfall was highly correlated with the flow of tributaries C-23 and C-24 but weakly associated with the flow at Ten Mile Creek and C-44. The differences in flow among the tributaries could be due to varying physical structures and management schemes. Canals C-23 and C-24 were constructed mainly to remove excess water from the basin. These linear canals are responsive to rainfall events and efficiently discharge runoff (Cooper and Ortel, 1988; South Florida Water Management District., 2002). The C-44 canal is structurally similar to C-23 and C-24; however, its functions include discharging water from Lake Okeechobee and providing a navigable waterway from the lake to the coast. Thus, the C-44 is larger with a greater flow and water-holding capacity. For C-44 to sustain a navigable waterway, it has months with no-flow values to maintain the stage level. Unlike the previously discussed tributaries, Ten Mile Creek is a more natural watercourse, mostly with a riparian buffer and some channelized sections. The lack of channelization may explain the weaker correlation with rainfall and low monthly flow variance observed for Ten Mile Creek since channelization generally increases flood peaks and diminishes low flow values (Wilcock and Wilcock, 1995) as observed with the canals.
[bookmark: _Toc127626126][bookmark: _Toc131757461]Seasonality of Water Quality
Seasonality was evident in the values of the physicochemical variables and their correlations. Mean and median concentrations of NH₃, TN, N+N, OP, TP, color, TSS, and turbidity were generally higher in the wet season. In contrast, mean and median values for DO, pH, specific conductivity, and SWT were higher in the dry season. Seasonality was also evident in the correlation analysis among these variables; NH₃, TP, TN, and color values were positively correlated with each other and negatively correlated with DO and pH. Higher concentrations of color and nutrients in the wet season are consistent with the results of previous studies done in the surface water of the St. Lucie Estuary Basin. A multiple regression that included freshwater discharge, water quality constituents, and salinity in seasonal time scales (wet and dry seasons) by Doering, 1996 explained up to 93% of the variation in estuarine water quality, suggesting that transport processes and mixing with ocean were relatively less critical on seasonal than on monthly time scales in the St. Lucie Estuary. 
Previous studies have proposed multiple factors affecting the estuary's water quality to explain the higher concentrations of nutrients in the wet season. Higher rainfall can lead to increased infiltration through soils in the basin, thereby mobilizing nutrients from fertilizers placed in the soils and increasing the groundwater table to compromise shallow septic tank systems (Barile, 2018; Lapointe et al., 2012; Li et al., 2017, 2016; Millie et al., 2004). Li et al., 2017, 2016 measured different phosphorus and nitrogen species across the basin and found them positively correlated with rainfall. They also found that phosphorus concentration was highest after the first runoff events after applying fertilizers. Millie et al., 2004 found higher nutrient enrichment in the wet season at the North Fork. It attributed it to the releases of runoff from drainage canals into the estuary during periods of high rainfall. In addition to surface water discharges, groundwater seepage from septic systems in the St. Lucie Estuary Basin is a significant nutrient-loading source that varies seasonally (Barile, 2018; Lapointe et al., 2017). Lapointe et al., 2017 and Barile, 2018, attributed an increased mobilization of NH₃ in the wet season to a decrease in retention time due to higher water tables. This decrease in retention time was also associated with higher N+N concentrations during the dry season at the tributaries. Higher retention rates in the dry season at the septic systems allow for nitrification and converting NH₃ to N+N. Additionally, Li et al., 2016 associated higher nitrate leaching in the dry season with minimal plant uptake in agricultural areas and a slower nitrification rate due to higher soil moisture in the wet season.
Increased inputs from Lake Okeechobee in the wet season and resuspension of sediment and non-point source runoff from agricultural fields and point sources from stormwater, wastewater, and aquaculture are also considered sources of nutrients to the St. Lucie Estuary (Badruzzaman et al., 2012; Lapointe et al., 2012). Lapointe et al., 2012 found higher turbidity, nitrate, and dissolved inorganic nitrogen values at the South Fork than at the North Fork and Mid-Estuary after large discharges from the lake in the wet season. Additionally, Buzzelli et al., 2013 found that when flushing times of the St. Lucie Estuary were lower than ten days, which is especially common in the wet season with increased discharges, resulted in a spike in autotrophy and increased N₂ fixation, which could further increase nitrogen concentrations.
DO, pH, specific conductivity, and SWT values were generally higher in the dry season at most sites and were negatively correlated with nutrients. Lower DO and pH values in the wet season could be attributed to higher SWT and higher dissolved organic matter content in the water column (Boto and John, 1981; Graves et al., 2004; United States Environmental Protection Agency., 2006). Warmer water has a lower capacity for maintaining dissolved oxygen than colder water, and a high content of dissolved organic matter may increase microbial activity and lower DO concentration. The negative correlation between pH and nutrients may be due to an elevated amount of humic acid, fulvic acid, and tannins, weak acids, from dissolved organic matter in the wet season. These weak acids lower the pH in mangrove areas such as the North and South Forks of the estuary and organic matter increases the concentration of nutrients. 
[bookmark: _Toc127626127][bookmark: _Toc131757462]Spatial Variability of Physicochemical Variables
The physicochemical variables differed among the sampling stations. Mean and median phosphorus concentrations, nitrogen, color, TSS, and turbidity were higher in the tributaries and decreased downstream. At the same time, DO, pH, and specific conductivity were higher in the estuary and were negatively correlated with nutrients. Differences in nutrient concentrations and DO between the tributaries and the lower estuary may be attributed to dilution, tidal mixing, internal nutrient cycling, and settlement of suspended solids, among other processes (Sarma et al., 2010). Specific conductivity and pH were greatest in the Lower Estuary. A pH value of 8 and specific conductivity between 30–50 mS cm⁻¹ were consistent with values typically observed in ocean water (Jiang et al., 2019).
Phosphorus concentrations at basin tributaries and high turbidity at C-44 were the principal factors distinguishing basin and lake inflows by the PCA. Runoff from the basin tributaries (Ten Mile Creek, C-23, and C-24) had higher TP, OP, NH₃, and TN, while lake inflows (C-44) had higher turbidity, TSS, and N+N. Mean TP at the basin tributaries was double that of C-44 in the wet season, while turbidity at C-44 was two- to three-fold that of basin tributaries. 
Differences among the tributaries may reflect the land-cover types and the agricultural practices of their respective sub-basins. Higher phosphorus from basin tributaries compared to lake inflows is in line with findings by Zheng et al., 2016, where the mass ratio of TN:TP indicated that water from the St. Lucie Basin tributaries was relatively enriched with TP compared to that from Lake Okeechobee. Lapointe et al., 2012 found phosphorus was higher at the North Fork than the South Fork during large discharges from the lake, attributing it to fertilizer applications from golf courses, citrus, and row crops adjacent to C-23 and C-24. The main spatial differences among the basin tributaries were higher OP and TP at Ten Mile Creek and C-23 and higher TN, NH₃, and color at C-23 and C-24. Graves et al., 2004 found row cropland contained significantly higher phosphorus than other land uses, which is in line with higher OP and TP at Ten Mile Creek, where cultivated crops make up the largest cover type (50%), followed by hay/pasture (34%). C-23 and C-24 basins did not have such a dominating land-cover type, but their largest cover type was hay/pasture with 38%, followed by cultivated crops at 25%. A larger hay/pasture area could explain higher TN and NH₃ concentrations at C-23 and C-24. Graves et al., 2004 found that runoff from hay/pasture contained twice the nitrogen of runoff from cropland and had higher leaching of humic and tannic acids related to color. Similarly, the highest N+N values observed at C-44 may be related to the back-pumping of agricultural runoff into the lake, where 36% are improved pastures and 16% are range land/unimproved pastures. Yang et al., 2013 also attributed variations in dissolved nitrogen to applying fertilizers, tillage management, and crop types.
Within the estuary, the North Fork had the lowest mean and median concentrations of DO, reflecting the values of its tributary, Ten Mile Creek, and the estuarine circulation. Ten Mile Creek had the lowest DO values of all sites, with a mean of 3 mg L⁻¹ and a median of 2.6 mg L⁻¹ in the wet season. The low DO in this tributary may be related to enhanced primary productivity due to high phosphorus concentrations or low wind-induced mixing. Wan et al. (2012) estimated low DO conditions in the North Fork during large discharges from both the basin and the lake, attributing them to a complex circulation pattern where large inflows from the lake combined with the tide and push water into the North Fork, thereby affecting vertical mixing. 
Of all sites, C-44 had the highest turbidity and TSS values. High turbidity in in-flows from Lake Okeechobee was documented by James, Havens, Zhu, & Qin, 2009 and Wang, Nim, Son, & Shi, 2012 and was explained as a result of the resuspension of sediments in the lake water column due to wind-driven waves. Highly turbid inflows from the lake have been deemed undesirable in this estuary because they decrease light penetration to the bottom and impact submerged aquatic vegetation and bottom dwellers (Sime, 2005), thereby affecting biogeochemical feedback at the sediment-water interface (Buzzelli et al., 2013).
The North Fork had the highest TP and OP concentrations and the lowest DO and color values among the estuary sites. The high phosphorus concentrations at the North Fork may be due to its upstream tributary, Ten Mile Creek, and groundwater seepage from adjacent urban areas. Seepage of reactive phosphorus from septic systems that are either existing or removed is an important source of reactive phosphorus in the North Fork (Lapointe et al., 2017; Ye et al., 2017). Lapointe et al., 2017 found that reactive phosphorus was significantly higher in residential sites than in non-residential sites due to septic systems. Their study sites were located adjacent to the St. Lucie Estuary. Ye et al., 2017 found that the septic systems' proximity (length of flow path) to the estuary was a determinant of the loading potential. The proximity and high phosphorus seepage from septic systems may play an important role in phosphorus concentrations in the North Fork. A final source of phosphorus in the St. Lucie estuary could be the resuspension of sediments from the bottom of the estuary, which have high concentrations of water-soluble phosphorus within the upper 1 m (He et al., 2006).
NH₃, N+N, and TN concentrations were highest at the South Fork and the Mid-Estuary. These high concentrations coincide with high concentrations from tributaries draining upstream but also with adjacent septic systems, previously mentioned, which are also significant sources of nitrogen in this area (Ji et al., 2007; Lapointe et al., 2017; Ye et al., 2017). Lapointe et al., 2017 observed that nitrogen was also seeping predominantly from residential sites. Ye et al., 2017 also found septic systems a significant source of nitrogen loading relative to other agricultural and natural lands. The spatial variance of different nitrogen forms in this estuary is vital in mitigating harmful algal blooms. Nitrogen can promote cyanobacterial blooms in the lake and the estuary. TN, microcystin, and toxic Microcystis strains are highly and significantly correlated across the lake and estuary gradient. In addition, the competition between cyanobacteria and nitrifiers for ammonium impacts the system's denitrification capacity (Hampel et al., 2020; Kramer et al., 2018).
The FDEP set Total Maximum Daily Loads (TMDL) as water quality targets for both TN (0.720 mg L⁻¹) and TP (0.081 mg L⁻¹) in the St. Lucie Estuary (Florida Department of Environmental Protection., 2013a). The mean and median concentrations for TN computed for this study for 1999 to 2019 exceeded the TMDL year-round at all tributaries and the estuary's North Fork (SE 09) and South Fork (SE 06). Mean, and median TN concentrations also exceeded the Mid-Estuary stations (SE 03, SE 02) and the Lower Estuary (SE 01) but only in the wet season. Mean values of TN at the most downstream Lower Estuary (SE 11) remained below the TMDL. The mean and median concentrations of TP also exceeded the TMDL year-round at all tributaries, the South Fork, the North Fork, and the Mid-Estuary. TP TMDL concentrations at the Lower Estuary (SE 01 and SE 11) were only exceeded in the wet season. Our observations of mean seasonal TP being consistently higher than the TMDL for all stations upstream of the Lower Estuary indicates that releasing phosphorus into the estuary is a concern year-round.
[bookmark: _Toc127626128][bookmark: _Toc131757463]Monotonic Trends
The observed monotonic decreases of NH₃, N+N, N, OP, TP, and color at various sections of the St. Lucie Estuary, particularly in the North Fork basin, could be due to shifts in flow management and the implementation of the St. Lucie River and Estuary Basin Management Action Plan (BMAP) (Florida Department of Environmental Protection., 2013b) by the FDEP. Best management practices for decreasing nutrient loading and changes in hydrology have been effective methods for improving water quality at the Chesapeake Bay (Zhang et al., 2018) and the Kissimmee River (Lin et al., 2020; Liu et al., 2015). The observed decreasing trends in TP at the North Fork in this study were also reported in the 5-Year Review of the St. Lucie BMAP (Florida Department of Environmental Protection., 2018). Their analysis of the Seasonal Kendall test for 2008 to 2017 showed a tau of −0.255 (p < 0.05) for TP in station SE 06. However, the 5-Year Review did not find significant increasing or decreasing trends in the values of any variables at the tributaries. The difference between this study’s findings and the SFWMD may be due to sample sizes. The FDEP assessed trends for a 9-year dataset, while this study analyzed 20 years. Future research should implement change point detection methods to identify if significant decreases or increases in values of the physicochemical variables happen at one point in time.
The monotonic increase of pH and DO values at Ten Mile Creek and North Fork could be due to increased tidal mixing with seawater, characterized by higher pH and DO values. Another factor explaining higher pH and DO could be increased submerged aquatic vegetation or algae in the North Fork. While there are no recent studies on submerged aquatic vegetation that we could find at the North Fork, there have been reports of moderately dense beds from the 1940s to the 1960s and un-confirmed reports of dense growths upstream of the estuary (URS Greiner Woodward Clyde., 1999). Increases in photosynthetic activity in the water column could lead to increases in pH and DO due to carbon dioxide removal (Axelsson, 1988). It would also coincide with the monotonic nutrient concentration decreases in this area.
[bookmark: _Toc127626129][bookmark: _Toc131757464]Conclusions
Shifts in rainfall and flow affect water quality and should be considered in long-term water quality analyses. Spatial differences in the flow and water quality constituents were observed across the St. Lucie Estuary Basin. Seasonality was evident in canal flow and for most water quality constituents. Flow values of basin-only canals were correlated with rainfall but flow at canal C-44, which connects to Lake Okeechobee, was not. The sporadic releases of lake water affect the estuary's salinity gradient and decrease the water column's sunlight penetration due to suspended solids. Changes in the salinity gradient and decreases in sunlight penetration negatively impact the oyster populations and the establishment of seagrasses. Management efforts should focus on the regulation of flows to mimic a natural pattern.
 Most water quality constituents were higher in the wet season, likely due to increased infiltration, groundwater levels, and runoff. There were distinct spatial differences in water quality constituents across the tributaries, which could be explained by land cover and the different management regimes of the tributaries. The principal variables driving the water quality at the basin tributaries were OP, TP, color, and NH₃+, while those driving Lake Okeechobee’s discharges were TSS and turbidity. 
Canals draining the central basins had the highest nitrogen and color mean values, while Ten Mile Creek had the highest OP and TP values. These findings align with previous results showing basin-only canals and septic tanks are significant sources of nutrient contributions to the estuary. The main contribution from Lake Okeechobee is total suspended solids and unnatural flow patterns. Mean concentrations of TSS and turbidity on C-44 were two- or three-fold of those from basin runoff canals and canal flow was not correlated with rainfall.  Water quality improvement efforts should focus on the phosphorus and nitrogen sources within the natural basin and decreasing turbidity from Lake Okeechobee releases.
Nutrients were negatively correlated with pH and DO, possibly due to the seasonality of water temperature, dissolved organic matter, and microbial activity. OP, TP, and TN had moderately decreasing trends at the Ten Mile Creek and the North Fork. At the same time, DO, and pH had moderately increasing trends due to changes in estuarine circulation, restoration efforts, and increased submerged aquatic vegetation at these sites. It should be a management priority to understand which drivers are most related to the observed trends. 
Multivariate data analysis tools such as PCA and nonparametric tests for monthly water quality data are essential tools that should be more broadly applied in robust datasets. Results from PCA and trend analyses provide water managers with more information for guiding management plans. However, monthly data and data with minimum detection limits have limitations and bring challenges for analysis as these can be misleading or special cases. Studying the data distributions and the correct interpretations of nonparametric tests is an important step.
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Coastal waters are especially vulnerable to pollution due to high human population densities and freshwater inputs with unnatural nutrient levels. Monitoring the water quality of estuaries and bays has become imperative to mitigation efforts. While in situ sampling is highly accurate, remote sensing offers an advantage for large-scale monitoring of these waterbodies. This study uses field spectroscopy, WorldView-2 imagery, and two water quality datasets to evaluate the variation in water reflectance and its relationship with water quality constituents in St. Lucie Estuary, Florida. In situ water quality datasets were obtained for optically active constituents or those directly affecting optical properties, including chlorophyll-a, color in platinum-cobalt unit, Secchi disk depth, salinity, total suspended solids, and turbidity. A 14-day threshold was used for satellite-in situ pairs after inspecting the variability of key constituents. The field reflectance values ranged from 0.5% to 7.5% and peaked at the red part of the spectrum. These reflectance curves were similar across sites even when sites were over 22 km apart, but slight spatial variations were detected using four WorldView-2-simulated band ratios from field spectra. The coastal blue-to-green and coastal blue-to-red ratios captured differences in chlorophyll-a and turbidity in the North and South Forks of the estuary. The mid- and lower estuary did not have notable differences in band ratios. The WorldView-2 correlation analysis showed that the color PCU had a strong inverse correlation with the WorldView-2 coastal blue (R = -0.83) and blue bands (R = -0.73). The relationship between the coastal blue band and water quality constituents using field spectra and WorldView-2 data is notable because it can facilitate the differentiation between chlorophyll-a and color PCU estimation. This study demonstrates the importance of comparing spaceborne-derived data with field data in complex water bodies, especially when applying new or emerging technologies such as high-resolution imagery for water quality monitoring. The difference in field and space-borne reflectance highlights the need to look at additional atmospheric correction models for WorldView-2 data in optically complex water.
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Water quality degradation threatens marine environments and human health, so monitoring campaigns have become crucial in mitigating efforts. Coastal waters are especially vulnerable to pollution due to high population densities and freshwater inputs from the littoral zone. Satellite remote sensing technology has opened a venue for monitoring since the early 1970s. Phytoplankton and water clarity are commonly used ecological indicators (Bay, 2005; Boyer et al., 1999; Harding et al., 2019; Hart et al., 2015) that can be directly estimated with remote sensing technologies due to their active optical properties. Phytoplankton are widely used indicators of eutrophication and trophic status as they are rapidly affected by nutrient enrichment (Cloern et al., 2014). Water clarity, a determinant of light availability for primary productivity, is primarily measured via Secchi disk depth and is affected by suspended solids and colored dissolved organic matter (Smith et al., 2006). Differences in spectral signatures from these constituents in the water column generally become the basis for developing algorithms to estimate them (Richardson and Ledrew, 2006). 
However, satellite-derived data differ substantially in coastal waters. Reflectance from coastal zones such as estuaries and bays is more optically complex than from open ocean water. In these aquatic environments, the contribution of colored dissolved organic matter (CDOM) and chlorophyll-a (chl-a) to the total absorption can drastically change at both regional and temporal scales. Morel and Prieur, 1977 first classified water into Case 1 and Case 2 based on its optical properties. Case 1 waters are deep ocean waters dominated by phytoplankton, detritus particles, and dissolved organic matter. Case 2 waters contain the same optically active constituents (OACs), resuspended bottom sediments, terrigenous and littoral CDOM, and anthropogenic materials (Bowers et al., 2000). An important difference between remotely sensed data in Case 2 waters is the assumption that water-leaving radiance in the near-infrared (NIR) region is equal to zero, which is generally the case in open water. This assumption is based on the strong absorption coefficient of water with increasing wavelength. However, suspended sediments, particles, and bottom reflectance in coastal waters generally have reflectance values above zero at the NIR part of the spectrum. Another vital consideration for Case 2 waters is the effect of CDOM. This constituent strongly absorbs light in the ultraviolet and blue regions. The combined effect of CDOM and sediments in the water column turbidity shifts the reflectance peak toward the red part of the spectrum (Choubey, 1994; Yu et al., 2022). Therefore, it is vital to identify the temporal variability of water quality components, availability of in situ data, and local physical characteristics to develop suitable predictive models.
To add to the complexity of water quality estimation using remote sensing in complex waterbodies, the accuracy of remote sensing-derived products is highly dependent on atmospheric correction and the availability of in situ data matchups. Atmospheric effects constitute most of the at-satellite reflectance over water and can add varying amounts of error (Darecki and Stramski, 2004; International Ocean Color Coordinating Group, 2000; Yang et al., 2022). Most atmospheric models can correct and estimate accurate reflectance values for inland features; reflectance is commonly over- and underestimated. The need for in-situ data becomes even more pressing due to the potential sources of error in complex water reflectance extraction. These optical considerations for complex waters highlight the importance of further exploring the relationships between optical properties and water quality constituents. 
This study evaluates the variation in water reflectance and its relationship with water quality constituents in St. Lucie Estuary, Florida. The three objectives of the study are to 1) assess the variability of the optically active constituents to decide on the maximum time between satellite and in situ pairs, 2) compare reflectance gathered from the field with that from a spaceborne sensor, and 3) explore the relationships between optically active water quality constituents and water reflectance.
[bookmark: _Toc131757469]Worldview-2 Imagery
Most applications of spaceborne spectral reflectance for water quality have been performed using medium and coarse spatial resolution sensors for chlorophyll-a and suspended sediments in Case 2 water. The most broadly used sensors include SeaWiFS with a 1.1-km resolution, MODIS with a 250-m resolution, MERIS with a 260-m resolution, and Landsat 5, 7, and 8 (L8) with a 30-m resolution (Abbas et al., 2019; Barnes et al., 2014; Darecki and Stramski, 2004; Gholizadeh et al., 2016; Gholizadeh and Melesse, 2017). High spatial resolution sensors such as Worldview or Geo Eye have been explored in a few studies that have proven their usefulness in estimating OACs for inland waters and rivers, but few have applied them in coastal waters (Dorji and Fearns, 2017; Eugenio et al., 2013; Maglione et al., 2014). This may be due to the cost of fine-resolution imagery and the relatively recent expansion of this technology. Therefore, more assessments of this resource are valuable.
The most appealing features of the WorldView-2 sensor are its 2-m spatial resolution and 16-bit radiometric resolution, which can detect small changes in reflectance in small areas. Dorji and Fearns, 2017 compared WorldView-2 with MODIS-Aqua and Landsat-8 OLI to extract total suspended sediments (TSS) from the coastal waters of Onslow, Australia, and found that higher spatial resolution satellite sensors were able to predict higher TSS values and detailed plumes. Thus, the spectral characteristics of this satellite were deemed appropriate for the purpose and location of this study. The high CDOM absorption associated with coastal water lakes results in low reflectance and requires high radiometric sensitivity satellite measurements. In addition to the fine spatial and radiometric resolution, Worldview-2 has eight spectral bands in the visible to near-infrared (NIR) (Table 3.1). These sensor characteristics are advantageous compared to conventional satellites such as MODIS, SPOT and IKONOS because the eight spectral bands enable more band combinations, and the high spatial resolution allows data extraction from narrow estuary sections. 
Few studies have used Worldview-2 because the satellite must be tasked for each collection, which is costly. The author leveraged an existing collaboration with the USGS to obtain images for the study at no cost.
[bookmark: _Toc131757750]Table 3.1 Worldview-2 image specifications.
	Worldview-2

	[bookmark: _Hlk117148045]Band
	Spectral range (nm)
	Central wavelength (nm)
	Spatial resolution at nadir (m)

	1 (Coastal blue)
	400-450
	425
	1.8

	2 (Blue)
	450-510
	480
	1.8

	3 (Green)
	510-580
	545
	1.8

	4 (Yellow)
	585-625
	605
	1.8

	5 (Red)
	630-690
	660
	1.8

	6 (Red edge)
	705-745
	725
	1.8

	7 (Near IR-1)
	770-895
	833
	1.8

	6 (Near IR-2)
	860-1040
	950
	1.8



[bookmark: _Toc131757470]Materials and Methods
[bookmark: _Toc131757471]Study Site
The St. Lucie Estuary is at the southern tip of the Indian River Lagoon on the eastern coast of the Florida Peninsula, USA. The estuary is 28 km² and is in the tidewater area at the junction of the North and South Forks of St. Lucie River. The estuary has four main geographical sections: the North Fork, the South Fork, the Mid-Estuary, and the Lower Estuary (Figure 3.1). The South Fork is connected to Lake Okeechobee, and the North Fork receives runoff from the watershed through a network of drainage canals.
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[bookmark: _Toc131758537]Figure 3.1 The St. Lucie Estuary, its geographic sections, and sampling locations.
[bookmark: _Hlk125214816][bookmark: _Toc131757472]Discrete water sampling and hyperspectral field data
Discrete water sampling and field spectra were collected at five established SFWMD sites: SE 01, SE 02, SE 03, SE 06, and SE 09 (Figure 3.2). Collections were performed by the author and a volunteer from a boat on August 17 and 18, 2021 (Figure 3.3). Two water samples per site were gathered in polyethylene bottles each day for 60 samples, kept in dark coolers with ice, and taken to the laboratory on the second day. Water samples were analyzed for total nitrogen (TN), total phosphorus (TP), and chlorophyll a (chl-a) at the CAChE Nutrient Analysis Core Facility, a NELAC-accredited nutrient analysis laboratory at Florida International University. Chl-a was analyzed according to Standard Methods 10200 H (APHA, 1998), TN according to ASTM D5176, and TP according to EPA 365.1. Chl-a was extracted on the boat by filtering 120 ml of water using a syringe and a paper filter and storing it in a 90% acetone solution.
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[bookmark: _Toc131758538]Figure 3.2 Collection sites of field spectra and discrete water samples.
Simultaneous with water sampling, above-water hyperspectral measurements were collected using an ASD FieldSpec® HandHeld 2™ spectroradiometer. Hyperspectral remote sensing analyzes and evaluates the reflected radiation detected by a high number of narrow, contiguous, and continuous spectral bands. The instrument measured continuously in the 325 – 1075 nm wavelength range, with a spectral resolution of 0.3 nm and a sampling interval of 1.5 nm. Above-water spectral measurements were taken with the spectrometer pointed 15-20° from nadir, and the boat's shadow was avoided by facing the boat side measured toward the sun. Before gathering spectra, the reflectance was calibrated by measuring the upwelling radiance of a white Spectralon reflectance panel (99% reflectance). Errors from changing cloud reflectance were minimized by taking measurements within a 5-min period and alternating scans between the calibration panel and water; however, environmental conditions could have affected measurements on August 17, as there were strong winds, overcast conditions, and sporadic sunlight windows. The normalized reflectance ratio was generated by the software package ViewSpecPro® ASD using the upwelling radiance and Spectralon readings. An average of 20 optical measurements were gathered per site within 3 hours of solar noon, and abnormal values from wave action were eliminated during data analysis.
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[bookmark: _Toc131758539]Figure 3.3 Photos of the field campaign on August 17 and 18. A) Site SE 09, B) Site SE 06, C) Data collectors, D) Site SE 01, E) Abovewater image, F) Underwater image.
[bookmark: _Toc131757473][bookmark: _Hlk124528742]Water quality datasets
This study used two publicly available datasets from two different institutions for two different purposes. The first dataset consisted of hourly data from real-time sensors to assess the variability of water quality constituents in the estuary within a day, a week, and two weeks—the variability assessment aimed to maximize the satellite and in situ data matchups. The second dataset consisted of monthly grab samples and was used to assess the relationships between remote sensing reflectance and the concentrations of quality constituents. The water quality constituents downloaded from both repositories were those directly associated with the optical characteristics of the water, including chl-a, CDOM, color PCU, Secchi disk depth (SD), salinity, total suspended solids (TSS), and turbidity. Details of these datasets are included in Table 3.2. The calculations for average channel depths were obtained from the SFWMD Geospatial Services, Morgan & Eklund Inc. 1998, and ancillary data from in situ sampling by the SFWMD. Channel widths were estimated from satellite imagery.
[bookmark: _Toc131757751]Table 3.2 Specifications of the two datasets used for statistical analyses.
	Dataset
	Sampling
Stations
	Operating Agency
	Estuary Location
	Latitude
	Longitude
	Channel width (m)
	Channel depth (m)
	Temporal resolution
	Temporal
coverage
	Water quality parameters

	1
	SLE-ME
	FAU
	Mid-Estuary
	27.2089
	-80.248
	1,805
	4.5
	Hourly
	2016 - 2021
	CDOM (ppb QSDE⁻¹), salinity (PSU), and turbidity (NTU)

	
	SLE-NF
	FAU
	North Fork
	27.2100
	-80.2692
	870
	4.2
	
	
	

	
	SLE-SF
	FAU
	South Fork
	27.1878
	-80.2642
	909
	3.1
	
	
	

	2
	SE 01
	SFWMD
	Lower Estuary
	27.1803
	-80.1939
	420
	4.27
	Once a month
	2014 - 2021
	Chl-a (μg L⁻¹), color (PCU), SD (m), salinity (PSU), TSS (mg/l), and turbidity (NTU)

	
	SE 02
	SFWMD
	Mid-Estuary
	27.2137
	-80.2148
	1,457
	2.44
	
	
	

	
	SE 03
	SFWMD
	Mid-Estuary
	27.2028
	-80.2592
	304
	5.3
	
	
	

	
	SE 06
	SFWMD
	North Fork
	27.2717
	-80.3220
	88
	3.96
	
	
	

	
	SE 08
	SFWMD
	South Fork
	27.1707
	-80.2581
	503
	2.44
	
	
	

	
	SE 09
	SFWMD
	South Fork
	27.1237
	-80.2625
	43
	1.50
	
	
	

	
	SE 12
	SFWMD
	North Fork
	27.3246
	-80.3332
	48
	2.59
	
	
	

	
	HR1
	SFWMD
	North Fork
	27.2281
	-80.2885
	1,178
	2.74
	
	
	



Water quality dataset 1
Dataset 1 was downloaded from publicly accessible hourly data collected from three real-time sensors located on three sections of the estuary, the mid-estuary (sensor SLE-ME), the north fork (sensor SLE-NF), and the south fork (sensor SLE-SF), spanning from September 2015 to June 2022. These sensors are part of the Indian River Lagoon Observatory Network (IRLON) (https://irlon.org/), a monitoring program operated by the Harbor Branch Oceanographic Institute at Florida Atlantic University. These environmental sensors measure the fluorescence from chl-a (range of 0.02 – 400 μg L⁻¹) and fDOM (range of 0.36 – 500 ppb QSDE⁻¹), referred to as CDOM in this study. The sensors report salinity from conductivity, temperature, and pressure data, also collected by the sensors, ranging from 0.02 to 400 μg L⁻¹. Turbidity values from the sensors can range from 0.013 to 25 NTU.
IRLON staff conduct quality control assessments of the sensors by visiting each site every 4-6 weeks to validate instrument readings and collect discrete samples for laboratory analysis. In addition, data are flagged as pass, suspect, or fail after real-time QA/QC tests are applied following Integrated Ocean Observing System (IOOS) Quality Assurance/Quality Control of Real-Time Oceanographic Data (QARTOD) protocols. Only data with pass flags were used. Chl-a, CDOM, salinity, and turbidity were downloaded for this study, as these constituents directly affect the water column's optical properties. Table 3.3 summarizes the parameter concentrations by location.
[bookmark: _Toc131757752]Table 3.3 The descriptive statistics of water quality dataset 1 for each sensor in the five years.
	[bookmark: _Hlk124843522]WQ Parameters
	Statistic
	SLE-ME
	SLE-NF
	SLE-SF

	CDOM (QSDE)
	Mean
	33.6
	41.6
	40.0

	
	SD
	25.2
	27.7
	26.3

	
	Min
	0.88
	12.3
	13.2

	
	Max
	123.5
	127.4
	134.0

	Chl-a 
(µg L⁻¹)
	Mean
	4.48
	6.26
	6.04

	
	SD
	1.80
	2.96
	2.29

	
	Min
	0.09
	2.39
	2.65

	
	Max
	9.01
	15.1
	11.6

	Salinity (PSU)
	Mean
	17.5
	16.1
	14.2

	
	SD
	7.43
	9.80
	8.38

	
	Min
	0.23
	0.44
	0.21

	
	Max
	27.0
	41.7
	25.3

	Turbidity (NTU)
	Mean
	10.9
	8.11
	24.8

	
	SD
	9.35
	4.55
	19.4

	
	Min
	1.95
	1.83
	4.51

	
	Max
	40.0
	20.3
	79.8



Water quality dataset 2
The second dataset used in this study was retrieved from the South Florida Water Management District's (SFWMD) public repository, DBHYDRO (https://my.sfwmd.gov/dbhydroplsql/show_dbkey_info.main_menu). This dataset was paired with satellite data because of its temporal and spatial coverage and broad range of available water quality constituents. A 14-day threshold was used to increase the in situ-satellite pairs, but 70% of the matchups were within a 7-day threshold (Table 3.4). The SFWMD has collected and analyzed water grab samples monthly from stations spread across the St. Lucie Estuary since 1990. Data were filtered by date and stations to match four Worldview-2 images for 28 cloud-free satellite-in situ pairs (Table 3.5). Differences in the amount of in situ data matching each of the images were due to satellite images not covering the entire estuary in most cases or because cloud cover or sampling did not occur within a 14-day window.
[bookmark: _Toc131757753]Table 3.4 Dates of satellite images and paired in situ data.
	Satellite dates
	In situ month-day

	
	SE 01
	SE 02
	SE 03
	SE 06
	HR1
	SE 12
	SE 08
	SE 09

	2014-12-03
	N/A*
	12-09
	12-09
	12-09
	12-09
	12-09
	N/A
	N/A

	2015-05-01
	N/A
	N/A
	05-05
	N/A
	05-05
	N/A
	05-05
	05-05

	2021-05-26
	N/A
	N/A
	05-13
	05-13
	05-12
	N/A
	05-12
	05-13

	2021-08-11
	08-16
	08-16
	08-12
	08-16
	08-12
	08-16
	08-12
	08-12

	2021-09-28
	N/A
	09-27
	09-13
	09-27
	09-13
	09-27
	09-13
	09-13


* N/A indicates that the satellite image did not cover that site, no water quality data were available within 14 days of the image, or cloud cover
[bookmark: _Toc131757754]Table 3.5 The water quality data were downloaded from the SFWMD's repository (dataset 2). NA indicates that there were no in situ data available for that date.
	Date
	Station
	Chl-a (µg L⁻¹)
	Color
(PCU)
	SD
(m)
	Salinity
(PSU)
	TSS
(mg L⁻¹)
	Turbidity (NTU)

	2014-12-03
	SE 03
	3.09
	16
	1.3
	24.7
	9
	3.9

	
	SE 06
	8.28
	40
	0.9
	12.3
	7
	3.5

	
	HR1
	6.14
	NA
	1.65
	18.4
	6
	2.6

	
	SE 12
	19.4
	36
	0.8
	0.9
	9
	5.7

	2015-05-01
	SE 03
	5.18
	24
	0.7
	17.4
	8
	6

	
	SE 08
	29.4
	39
	1
	4.1
	6
	5.7

	
	SE 09
	NA
	48
	0.9
	0.61
	5
	9.9

	
	HR1
	19.1
	31
	1
	13.3
	5
	3.8

	2021-05-26
	SE 03
	7.24
	19
	0.8
	24.6
	11
	7.6

	
	SE 06
	17.5
	39
	1
	10.9
	7
	4

	
	SE 08
	20.8
	30
	0.8
	16.4
	16
	9.3

	
	SE 09
	53.8
	36
	0.7
	9.8
	10
	6.8

	
	HR1
	15
	24
	1.3
	19.7
	9
	5.2

	2021-08-11
	SE 01
	3.6
	54
	0.8
	15.3
	6
	5.6

	
	SE 02
	3.02
	82
	0.6
	NA
	7
	8.3

	
	SE 03
	4.14
	89
	0.8
	7.4
	12
	8.8

	
	SE 06
	15.2
	63
	0.7
	0.6
	10
	6.3

	
	SE 08
	7.52
	72
	0.8
	6.3
	13
	9.9

	
	SE 09
	17.6
	56
	0.6
	2.6
	18
	11.2

	
	SE 12
	15.6
	55
	0.7
	0.6
	12
	8.2

	
	HR1
	12.9
	112
	0.9
	2.6
	NA
	2.7

	2021-09-28
	SE 02
	2.68
	94
	0.8
	5.4
	5
	6.2

	
	SE 03
	5.3
	118
	0.5
	4.8
	7
	5.5

	
	SE 06
	4.03
	108
	0.9
	0.4
	6
	4.6

	
	SE 08
	3.25
	92
	0.6
	0.3
	15
	12.2

	
	SE 09
	9.91
	69
	0.7
	0.4
	9
	7

	
	SE 12
	3.88
	101
	0.8
	0.5
	7
	6.4

	
	HR1
	8.25
	113
	1
	2.6
	3
	2.3



The specifications of the water quality constituents downloaded, which include chl-a, color PCU, Secchi disk depth (SD), salinity (PSU), total suspended solids (TSS), and turbidity (NTU), are shown in Table 3.6. 
[bookmark: _Toc131757755]Table 3.6 Water quality constituents from dataset 2. The test methods used by the laboratory for each variable. Abbreviations are those used in this paper, not by the management agency.
	Water quality variables
	Abbreviations
	Reporting Units
	Test Methods
	Minimum Detection Limits

	Chlorophyll-a
	chl-a
	µg L⁻¹
	EPA 447.0
	0.018

	Color
	color PCU
	PCU**
	SM* 2120 C
	1

	Secchi disk depth
	SD
	meters
	FSQM***
	NA

	Salinity
	salinity
	PSU
	FSQM
	NA

	Total suspended solids
	TSS
	mg L⁻¹
	SM 2540 D
	3

	Turbidity
	turbidity
	NTU
	SM 2130 B
	0.1


* SM = standard method by EPA; ** PCU = platinum cobalt unit; ***FSQM = SFWMD’s field sampling quality manual. NA indicates not applicable.

The SFWMD staff uses the Data Collection/Validation Preprocessing (DCVP) system to perform quality assurance/quality control (QA/QC) on instrument readings before data archiving. Preliminary time-series data are extracted from the DCVP and subjected to an initial QA/QC check to ascertain or improve data quality through the Graphical Verification Analysis (GVA) Program. Data were uploaded into the DBHYDRO database after GVA analysis (South Florida Water Management District, 2020d). Only unflagged data were downloaded.
[bookmark: _Toc131757474]Satellite Images
Five WorldView-2 satellite images (Figure 3.4) were downloaded from the USGS' image repository, EarthExplorer (https://earthexplorer.usgs.gov/): December 3, 2014 (2014-12-03), May 1, 2015 (2015-05-01), May 26, 2021 (2021-05-26), August 11, 2021 (2021-08-11), and September 28, 2021 (2021-09-28) (Table 3.7). The data were resampled to 2.0 m spatial resolution and 11-bit data in eight spectral bands: coastal (400 – 450 nm), blue (450 – 510 nm), green (510 – 580 nm), yellow (585 – 625 nm), red (630 – 690 nm), red edge (705 – 745 nm), near-IR1 (770 – 895 nm), and near-IR2 (860 – 1040 nm).
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[bookmark: _Toc131758540]Figure 3.4 The five RGB Worldview-2 images. Red dots represent the SFWMD stations. The color was stretched for high contrast between land and water body. The dates of each image are in Table 3.5.
[bookmark: _Toc131757756]Table 3.7 Worldview-2 image dates and sections of the estuary covered.
	Img
	Date Acquisition
	Estuary Section(s) Covered

	A
	2014-12-03
	Mid-Estuary and North Fork

	[bookmark: _Hlk123893824]B
	2015-05-01
	Lower Estuary, Mid-Estuary, and North Fork

	C
	2021-05-26
	Mid-Estuary and South Fork

	D
	2021-08-11
	Lower Estuary, Mid-Estuary, North Fork, and South Fork

	E
	2021-09-28
	Mid-Estuary, North Fork, and South Fork



ENVI (by Research Systems) and ACOLITE (by the Royal Belgian Institute of Natural Sciences) software were compared to preprocess two of the five WorldView satellite images. In ENVI, geometric calibration was performed using the orthorectification module with GCPs. Radiometric calibration was performed with the Radiometric Calibration module, where the input is radiance, and Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) settings were applied. Atmospheric correction was performed using FLAASH, which incorporates the MODTRAN 4 radiative transfer code with all atmosphere and aerosol types. FLAASH outputs were in scaled radiance reflectance.
ACOLITE is based on atmospheric correction algorithms and processing software developed at the Royal Belgian Institute of Natural Sciences for aquatic applications of meter and decameter satellite data and is suitable for turbid waters and small inland water bodies. ACOLITE performs atmospheric calibration using the Dark Spectrum Fitting algorithm (Vanhellemont, 2020). The 2021-08-11 WV image was used to compare the atmospheric models and select one to apply to all images. The reflectance values obtained after applying ACOLITE were compared with those obtained using ENVI's preprocessing tools, and there were substantial differences in values for Bands 1 and 2. ACOLITE outputs had more extremely negative values for bands 1 and 2 than ENVI outputs, but the reflectance values for the other visible bands were similar. Due to these factors and ENVI's long literature record, ENVI software was chosen to correct the rest of the images. After atmospheric correction, all images were shifted using Daniel Gann's R script and mosaicked using ENVI.
Radiometric normalization with pseudoinvariant features, a standard preprocessing step for multitemporal satellite image analysis (Xu et al., 2021), was applied to all images to decrease radiance inconsistencies. Pseudoinvariant features shared by all images were selected, and the reflectance data were extracted for each image. Image 2015-05-01 was selected as the base image because it was cloud-free, and its values for bands 3 – 8 of the pseudoinvariant features and water reflectance were theoretically sound. The images were normalized using the equations from linear models between each band of the base image and those of the other images.
[bookmark: _Toc131757475]Statistical Analyses
Eighteen dates and times were selected from the hourly dataset to assess the variability of CDOM, chl-a, salinity, and turbidity in a day (intraday), seven days, and fourteen days. Coefficients of variation (CV),
,                                                              (3.1)
A standardized value useful for comparing the spread of values across variables with different units of measure was used to compare the spread across time frames and sites. The CV is a statistical measure of the relative dispersion of data points around the mean (µ) in a data series. The hourly values' mean and standard deviation (σ) were calculated for every water quality constituent for each of the 18 selected dates, typically 23 values at each site. The hourly values for the six days following the selected dates were used to calculate the 7-day (N = 161) means and standard deviations and the 13 following days were used for the 14-day (N = 322) calculations to obtain CVs. Therefore, a CV value was produced for each selected date (intraday variability) and the preceding 7 and 14 days for each water quality constituent at each site. Because of the size of the tables containing CVs for every time frame, the mean CVs from the 18 dates were reported for each site and variable. 
Pearson's correlation coefficients (R),
                                   	            				                  (3.2)
were then calculated between values corresponding to a specific time of day with its day mean, the day mean seven days later, and the day mean 14 days later for each of the four water quality constituents. The correlations were performed using day means to reduce the effect of outliers and were indiscriminate in location. There were 54 samples for each constituent for each of the three sensors.
[bookmark: _Toc131757476]Results and Discussion
[bookmark: _Toc131757477]Coefficients of variation for water quality constituents
The 5-year time series for each constituent for each sensor were plotted for visual assessment of patterns, and vertical lines were drawn to indicate the 18 selected dates for the variability assessments (Figures 3.5, 3.6, and 3.7). The variation coefficient for CDOM was low across the three measured time frames: within a day, over seven days, and 14 days (Table 3.8). The lowest CV for CDOM was 0.06 at SLE-NF for intraday values, and the highest CV was 0.16 at SLE-ME for 14 days. Complementary to low variability across dates and sites, CDOM values at a specific time were highly correlated with those observed 7 and 14 days later, with a correlation coefficient of 0.94 (p value <0.001) (Table 3.9). These low CVs and high correlation coefficients for CDOM values suggest that this constituent stays constant across two weeks and in these estuary sections. From a remote-sensing perspective, the low variability allows longer time windows to pair in situ data and satellite images. Satellite images taken up to 14 days before or after in situ collection could be paired with such data.
The intraday chl-a and salinity values had low to medium CVs ranging from 0.16 to 0.24, and a high correlation was found between the values at a given time in the day and the day means (R > 0.9). Differently from CDOM, however, the variability of chl-a and salinity for the 7-day periods was notably greater than intraday. At SLE-ME, for example, the intraday CV for chl-a was 0.16, while the CV for the seven days was 0.23. Salinity displayed similar results: the intraday CV was 0.18, while that for the seven days was 0.28. However, while the CVs were similar for chl-a and salinity, the correlation coefficients for chl-a were much lower than those for salinity across the time frames. Chl-a values seven days apart had an R of 0.47, while salinity values had an R of 0.89.
These results point toward a low to medium intraday variability of chl-a and salinity, where measurements from a specific time in the day could be a good representation of that day's values. 
This higher variability for the 7- and 14-day periods was also reflected in lower correlation coefficients between the values. These medium CVs and correlation coefficients for the 7- and 14-day periods suggest that in situ chl-a and salinity should be as close to the date of the satellite as possible. 
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[bookmark: _Toc131758541]Figure 3.5 Time series plot of CDOM, chl-a, salinity, and turbidity at the SLE-ME sensor.
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[bookmark: _Toc131758542]Figure 3.6 Time series plot of CDOM, chl-a, salinity, and turbidity at the SLE-NF sensor.
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[bookmark: _Toc131758543]Figure 3.7 Time series plot of CDOM, chl-a, salinity, and turbidity at the SLE-SF sensor.

[bookmark: _Toc131757757][bookmark: _Hlk124518210]Table 3.8 Coefficients of variation of hourly values in a day, 7 days, and 14 days for CDOM, chl-a, salinity, and turbidity.
	Time frame
	CDOM
	Chl-a
	 Salinity
	Turbidity

	SLE-ME

	In a day
	0.09
	0.16
	0.18
	0.44

	In 7 days
	0.16
	0.23
	0.28
	0.53

	In 14 days
	0.16
	0.23
	0.34
	0.55

	SLE-NF

	In a day
	0.06
	0.19
	0.17
	0.40

	In 7 days
	0.06
	0.21
	0.19
	0.47

	In 14 days
	0.08
	0.24
	0.26
	0.52

	SLE-SF

	In a day
	0.08
	0.17
	0.24
	0.71

	In 7 days
	0.09
	0.20
	0.38
	0.77

	In 14 days
	0.10
	0.23
	0.47
	0.80



[bookmark: _Toc131757758][bookmark: _Hlk127711367]Table 3.9 Pearson's correlation coefficient (R) between concentrations measured at the specific time and day with the daily average of the hourly collected values and those collected 7 and 14 days later.
	Correlated variables
	CDOM (QSDE)
	Chl-a 
(µg L⁻¹)
	Salinity (PSU)
	Turbidity (NTU)

	Value at a specific time vs. Day Average
	0.995**
	0.918**
	0.982**
	0.787**

	Value at a specific time vs. 7-day Average
	0.936**
	0.466**
	0.886**
	0.37*

	Value at a specific time vs. 14-day Average
	0.822**
	0.589**
	0.870**
	0.22


* p value <0.001, *p value <0.05, N=54
Turbidity had the highest coefficients of variation and the lowest correlation coefficients across sites and time variables. The variability in turbidity values was exceptionally high at site SLE-SF for all timeframes, with a CV of 0.71 for intraday, 0.77 for seven days, and 0.80 for 14 days. Pearson's correlation coefficients also reflected a high variability in turbidity values for all time frames, but especially for the 14 days, no significant correlation was found. Turbidity at St. Lucie is related to Lake Okeechobee releases, which occur in both seasons and enter the estuary through the South Fork. A 14-day threshold was deemed appropriate for pairing CDOM with remote sensing data, and a 7-day threshold for chl-a and salinity was based on the observed variation from the hourly data of IRLON sensors.
[bookmark: _Toc131757478]Discrete water quality sampling and synchronous field spectra
The discrete samples gathered by the author on August 17 and 18, 2021, were compared with data gathered by the SFWMD at the same sites on August 16, 2021, and August 12, 2021 (Table 3.10). Chl-a concentrations varied across these four dates even when the collection had a 24-hour difference and the same sampling and analytical methods. For example, at SE 09, the chl-a concentration decreased from 11.2 µg L⁻¹ on August 17 at 11:00 AM to 1.8 µg L⁻¹ on August 18 at 12:30 PM from samples gathered by the author. Similarly, at site SE 06, the chl-a concentration decreased from 24.8 µg L⁻¹ on August 17 at 12:24 PM to 16.4 µg L⁻¹ on August 18 at 11:28 AM. Chl-a concentrations also differed between samples taken by the SFWMD and those taken by the author. For instance, at station SE 02, the SFWMD chl-a concentration was 3.0 µg L⁻¹ on August 16, then 6.7 µg L⁻¹ on August 17, and 6.7 µg L⁻¹ the day after, August 18. These observed intraday variations in chl-a concentrations are natural in estuarine waters because of the susceptibility of phytoplankton to wind, sunlight, and temperature variations (de Eyto et al., 2019; Litaker et al., 1987). While it is likely that the natural variation explains these differences in concentrations, it is also possible that they are influenced by the water column depth at which samples were taken since the SFWMD samples were from the middle of the water column while the author did from the water surface. Since both laboratories followed analytical methods developed by Standard Methods, EPA, or/and ASTM International, gold standards for sample analyses, these differences are unlikely from analytical methods.
[bookmark: _Toc131757759]Table 3.10 The laboratory results of the discrete sampling collected simultaneously with field spectrum measurement and the data reported by the SFWMD some days prior.
	Sampling sites
	Date, Time
	Sampling Depth (m)
	Sampling entity
	Chl-a
(µg L⁻¹)
	TN
(ppm)
	TP
(ppm)
	Color
(PCU)
	Turbidity
(NTU)

	SE 01
	2021-08-16, 9:00 AM
	1.5
	SFWMD
	3.6
	0.82
	0.140
	54
	5.6

	
	2021-08-17, 2:00 PM
	0.1
	Author
	6.1
	0.78
	0.178
	NA
	NA

	
	2021-08-18, 9:20 AM
	0.1
	Author
	6.3
	0.60
	0.139
	NA
	NA

	SE 02
	2021-08-16, 9:31 AM
	1
	SFWMD
	3.0
	1.11
	0.198
	82
	8.3

	
	2021-08-17, 1:45 PM
	0.1
	Author
	6.7
	0.91
	0.191
	NA
	NA

	
	2021-08-18, 9:45 AM
	0.1
	Author
	9.2
	0.88
	0.211
	NA
	NA

	SE 03
	2021-08-12, 10:12 AM
	2
	SFWMD
	4.1
	1.15
	0.202
	89
	8.8

	
	2021-08-17, 1:16 PM
	0.1
	Author
	6.1
	1.05
	0.235
	NA
	NA

	
	2021-08-18, 10:04 AM
	0.1
	Author
	6.8
	1.00
	0.240
	NA
	NA

	SE 06
	2021-08-16, 10:30 AM
	1.9
	SFWMD
	15.2
	0.99
	0.150
	63
	6.3

	
	2021-08-17, 12:27 PM
	0.1
	Author
	24.8
	0.79
	0.164
	NA
	NA

	
	2021-08-18, 10:41 AM
	0.1
	Author
	16.4
	0.78
	0.156
	NA
	NA

	SE 09
	2021-08-12 11:25 AM
	0.5
	SFWMD
	17.6
	1.21
	0.272
	56
	11.2

	
	2021-08-17 11:20 AM
	0.1
	Author
	11.2
	1.00
	0.181
	NA
	NA

	
	2021-08-18 11:50 PM
	0.1
	Author
	1.8
	0.90
	0.184
	NA
	NA



There were also spatial variations in these water variables for these four dates. The highest chl-a concentration (24.8 µg L⁻¹) measured was at site SE 06 in the North Fork, while the lowest (1.8 µg L⁻¹) was at SE 09 in the South Fork. The TN and TP concentrations stayed mostly constant across dates at each site. The TN and TP concentrations were highest at site SE 09 on August 12 (1.21 ppm and 0.272 ppm, respectively) and lowest at SE 01 on August 18 (0.60 ppm and 0.139 ppm, respectively). The highest color PCU concentration measured by the SFWMD was at SE 03 (89 PCU), and the lowest was at SE 01 (54 PCU). The highest turbidity was at SE 09 (11.2 NTU), and the lowest was at SE 01 (5.6 NTU).
The spectroradiometer reflectance is a ratio of the total amount of radiation, as light, reflected by the water surface to the total amount of radiation incident on the surface. Field spectra were collected in the visible and near-infrared (NIR) range from 300 to 1100 nm; however, the signal-to-noise ratio at the high and low ends was very high, so only the spectral range from 400 to 900 nm was presented for both collection dates. The magnitude of reflectance differed between the two dates, but the curves had similar shapes across sites and dates. (Figures 3.8 and 3.9).  All reflectance curves had the lowest reflectance values below ~500 nm and increased to a peak at approximately 690 nm and a subsequent pronounced dip at the red-edge region from ~700 nm to ~740 nm. m−3. This peak results from high backscattering and a minimum absorption by all optically active constituents, including pure water (Gitelson, 1992). Reflectance magnitudes from August 17 doubled or tripled those from August 18. The lowest reflectance value of the curve at SE 06 on August 17, for example, was approximately 0.027 and peaked at approximately 0.045, while the lowest reflectance the next day was ~0.001 and peaked at ~0.012.
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[bookmark: _Toc131758544]Figure 3.8 Abovewater field reflectance ratio from August 17, 2021. Corresponding Worldview-2 band spectral ranges are indicated in light gray.
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[bookmark: _Toc131758545]Figure 3.9 Abovewater field reflectance ratio from August 18, 2021. Corresponding Worldview-2 band spectral ranges are indicated in light gray.
Differences in the reflectance magnitudes may be due to skylight reflection not being accounted for in the reflectance calculations or human error. While the viewing geometry of the above-water measurements minimized error (Garaba and Zielinski, 2013; Wang et al., 2018), wind gusts and overcast conditions could have affected the magnitude of values (Zhang et al., 2017). The environmental conditions were more variable on August 17 than on August 18. August 17 had some periods of direct sunlight and others overcast and wind gusts of up to 8 m s⁻¹, while August 18 had generally stable sunny conditions with wind gusts under 5 m s⁻¹. These unaccounted-for environmental conditions or gathering geometry may be the reason for the spatial variability and higher reflectance values on August 17. Nevertheless, the spectral shapes and magnitudes presented here are within the ranges of those gathered by other authors who measured and accounted for the reflectance of skylight in their calculations in case 2 waters (Banerjee and Shanmugam, 2021; Fang et al., 2009; Lubac and Loisel, 2007; Menken et al., 2006).
[bookmark: _Hlk127816495][bookmark: _Hlk127814251]The peak at approximately 650 nm was present at all sites and suggested strong absorption at wavelengths shorter than 600 nm and a maximum transmission wavelength toward the red part of the spectrum due to CDOM and suspended solids (Kowalczuk et al., 2005; Luo et al., 2018). Spectral curves with the same shapes and magnitudes have been reported for the St. Louis River Estuary, MN, the Tamar Estuary, UK, and Saginaw Bay of Lake Huron, USA (Brezonik et al., 2015; Chen et al., 2017; Doxaran et al., 2005). Low reflectance in the blue region of the spectrum is characteristic of waterbodies with higher CDOM or chl-a, as the absorption coefficient of said constituents decreases reflectance at shorter wavelengths.  
[bookmark: _Toc131757479]Worldview-2 reflectance and field spectra comparison
A WorldView-2 image from 6 days before the field campaign, on 2021-08-11, and field spectra were compared using reflectance ratios between selected bands and pairing them with water quality variables. Water quality values were from the SFWMD dataset collected on August 12 and 16, as specified in Table 3.10. Chl-a values synchronous to field collection were included for comparison with the field-simulated band ratios, as the coefficients of variability for this constituent were high. While turbidity also had high coefficients of variability, synchronous field data were unavailable for this variable, so SFWMD turbidity data were used. Due to the differences in reflectance magnitudes between the field and WV-2, comparisons were made using ratios rather than individual bands. Field spectra values were grouped following the wavelength ranges of WV-2 bands, and the mean value of each group was used to calculate the ratios. These ratios were then compared with the water quality constituents at each site (Table 3.11). 
[bookmark: _Toc131757760]Table 3.11 Comparison between field spectra and WV-2 band ratios. Field spectra were gathered on 2021-08-18 and WV-2 on 2021-08-11.
	Water constituents and band ratios
	Lower Estuary
	Mid-Estuary
	Mid-Estuary
	North Fork
	South Fork

	
	SE 01
	SE 02
	SE 03
	SE 06
	SE 09

	[bookmark: _Hlk127820180]Field Chl-a (µg L⁻¹)
	6.3
	9.2
	6.7
	16.4
	1.8

	[bookmark: _Hlk127820505]WV-2 Chl-a  (µg L⁻¹)
	3.6
	3
	4.1
	15.2
	17.6

	Color (PCU)
	54
	82
	89
	63
	56

	SD (m)
	0.8
	0.6
	0.8
	0.7
	0.6

	Salinity (PSU)
	15.3
	NA
	7.4
	0.6
	2.6

	Turbidity (NTU)
	5.6
	8.3
	8.8
	6.3
	11.2

	Simulated B1/B3
	0.61
	0.64
	0.60
	0.66
	0.39

	WV-2 B1/B3
	0.70
	0.80
	0.70
	0.90
	0.80

	Simulated B1/B5
	0.48
	0.47
	0.42
	0.53
	0.30

	WV-2 B1/B5
	1.30
	1.10
	0.80
	1.30
	0.80

	Simulated B3/B5
	0.79
	0.73
	0.69
	0.80
	0.76

	WV-2 B3/B5
	1.90
	1.50
	1.10
	1.40
	1.10

	Simulated B6/B5
	0.60
	0.68
	0.75
	0.77
	0.74

	WV-2 B6/B5
	0.67
	0.74
	0.72
	0.71
	0.76



There is a notable difference between field spectra and the Worldview reflectance in the blue wavelengths (Figure 3.10). The 2021-08-11 WV-2 image shows a spike at band 2 (blue), which is not present in the field spectra. This water body is expected to have low reflectance in the blue region of the spectrum because CDOM absorption effects are greatest at the two shorter wavelength bands (Liew and Chang, 2012). Therefore, the high reflectance in the blue band is likely due to inadequate radiometric correction models. Atmospheric correction of blue wavelengths (WV-2 bands 1 and 2) has been problematic for various spaceborne sensors in turbid waters with low reflectance (Coffer et al., 2020; Kutser et al., 2005). A study at St. Joseph Bay by Coffer et al., 2020 found that the mean absolute deviation and bias for the coastal blue and blue spectral bands of Worldview-2 were nearly 0.03 and 0.025, respectively, while those for the remaining bands fell below 0.015. These biases translated to an overprediction in shorter wavelengths and an underprediction in longer wavelengths. Glint effects are also a source of error and are greatest in the UV and blue parts of the spectrum and decrease with increasing wavelength (Vahtmäe and Kutser, 2013).
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[bookmark: _Toc131758546]Figure 3.10 Spectral curves from Worldview-2 on August 11, 2021. Reflectance is the remote sensing reflectance ratio after atmospheric correction.
While WV-2 reflectance in the shorter wavelengths seems incorrect, the reflectance values at wavelengths greater than 600 nm generally agree with field spectra as reflectance values decrease with increasing wavelengths. Therefore, WV-2 ratios were estimated and compared with field-simulated band ratios. There were spatial variations in the ratio values, but the ratios were greatest at site SE 06. It can be observed from the field spectral plot from August 17 that the reflectance values at SE 06 from wavelengths ~400 nm to ~ 650 nm are attenuated in comparison to the other sites. This apparent attenuated reflectance contributes to the higher ratios at this site. Notably, chl-a values were much higher (16.4 µg L⁻¹ ) at SE 06 than at the other sites during the field campaign. Since chl-a has an absorption maximum at 675 nm in the red part of the spectrum, the higher band ratios may be related to the combined effect of chl-a and color PCU (Gitelson et al., 2008). Color PCU is high across the estuary, including at SE 06, but with higher chl-a concentrations at this site, reflectance is further attenuated at the red parts of the spectrum. 
Site SE 09 had the lowest field-simulated band 1 (B1)/band 3 (B3) (0.39) and B1/band 5 (B5) (0.30) ratios. Similarly, the WV-2 B1/B3 was highest at SE 06. These two simulated ratios did not vary much across the remaining sites. The lower B1/B3 and B1/B5 ratios at SE 09 indicate a larger difference between the reflectance at the coastal blue band (B1) and that of the green band (Band 3) and red band (Band 5) in relation to site SE 06, which had the highest ratio values. The SE 06 and SE 09 sites are at opposite ends of the estuary, approximately 22 km away. Two different constituents influence the water quality variability of these two locations. The SE 06 site is mainly influenced by color PCU while the SE 09 site is influenced by turbidity and TSS (Moncada et al., 2021). SE 06 had the highest field-chl-a (16.4 µg L⁻¹), around nine times that of SE 09. SE 09, on the other hand, had the lowest field-chl-a (1.8 µg L⁻¹) values and the highest turbidity (11.2 NTU). Thus, the higher reflectance in simulated bands 3 and 5 at SE 09 could be associated with having the field campaign's lowest chl-a and highest turbidity values. High turbidity is related to a scattering effect in yellow-red light, and the low chl-a values may not have a significant absorption effect in the red part of the spectrum (Dogliotti et al., 2015; Miglino et al., 2022). It is important to note that chl-a and turbidity values varied greatly, even within a day. Therefore, these apparent relationships of low B1/B3 and B1/B5 ratios are based on the best available data. More simultaneous field spectra studies at this site would improve confidence in these relationships. 
The simulated B3 (green)/B5(red) ratio was lowest at SE 03 (0.69) but did not vary much across sites. The WV-2 B3 (green)/B5(red) was similar among sites and did not have a clear pattern. Both the simulated (0.60) and WV-2 (0.67) B6 (red-edge)/B5 (red) were lowest at SE 01 but otherwise very similar across sites. The green/red and red-edge/red ratios have been linked with various water quality constituents, including chl-a, SD, turbidity, and color PCU in optically complex water bodies (Gholizadeh et al., 2016). Turbidity and CDOM have a combined effect on the magnitude and shape of the spectra, creating a shift of the reflectance peak toward the red part of the spectrum (Choubey, 1994; Yu et al., 2022). The low simulated green/red ratio at SE 03 coincides with the field campaign's highest color PCU (89 PCU) values. As CDOM increases, more of the green light, compared with the red light, will be absorbed, and thus relatively more red light, compared with green, is reflected (Al-Kharusi et al., 2020). Such a shift may result in a smaller green/red ratio at SE 03. 
	The simulated B6 (red-edge)/B5(red) ratio was the smallest at SE 01, the site with the greatest salinity and lowest turbidity values, and was highest at SE 06, the site with the highest chl-a. The red edge band has been primarily linked to chl-a as a linear relationship with the primary chl-a scattering range in the red edge (700 to 705 nm) and the primary chl-a absorption range in the red (675 to 680 nm) (Ritchie et al., 2003; Tan et al., 2015; Wang et al., 2018).  However, the red-edge/red ratio has also been used to estimate turbidity due to suspended sediments' high scattering at wavelengths of 400 to 700 nm (Qing et al., 2021; Yigit Avdan et al., 2019). Accordingly, low turbidity at SE 01 may explain the lowest simulated and WV-2 B6/B5 ratios, while high chl-a at SE 06 explains the highest ratio. 
[bookmark: _Toc131757480]Relationships between WV-2 reflectance and water quality characteristics
A correlation analysis was applied to all bands from the five Worldview-2 images and selected band ratios with water quality constituents (Table 3.12). The band ratios tested here were based on the literature where correlation coefficients and coefficients of determination were found to be above 0.6 (Gholizadeh and Melesse, 2017; Menken et al., 2006; Olmanson et al., 2016; Slonecker et al., 2016). Strong correlation coefficients are defined here as those over 0.7. Only three strong correlations were observed: two strong inverse correlations between color and coastal blue (-0.83) and blue bands (-0.73) and color with the NIR-2/red band ratio (0.70). 
[bookmark: _Toc131757761]Table 3.12 Correlation matrix between Worldview-2 band reflectance, band ratios, and water quality constituents.
	Bands and ratios
	Band names
	Chl-a
	Color
	SD
	Salinity
	TSS
	Turb.

	WV2-B1
	Coastal blue
	0.58
	-0.83
	0.35
	0.67
	0.25
	0.05

	WV2-B2
	Blue
	0.44
	-0.73
	0.16
	0.65
	0.42
	0.19

	WV2-B3
	Green
	0.36
	-0.67
	0.08
	0.64
	0.45
	0.24

	WV2-B4
	Yellow
	0.35
	-0.65
	0.05
	0.62
	0.51
	0.30

	WV2-B5
	Red
	0.35
	-0.57
	-0.05
	0.56
	0.61
	0.37

	WV2-B6
	Red-edge
	0.18
	-0.31
	-0.19
	0.33
	0.65
	0.44

	WV2-B7
	NIR-1
	0.22
	-0.33
	-0.10
	0.42
	0.55
	0.27

	WV2-B8
	NIR-2
	-0.13
	0.22
	-0.33
	-0.07
	0.46
	0.30

	WV2-B3/WV2-B5
	Green/Red
	0.33
	-0.59
	0.23
	0.53
	0.10
	0.03

	log(WV2-B3)/log(WV2-B5)
	log(Green)/log(Red)
	-0.31
	0.47
	0.23
	-0.40
	-0.63
	-0.41

	WV2-B1/WV2-B5
	Coastal Blue/Red
	0.43
	-0.63
	0.20
	0.50
	0.18
	0.12

	log(WV2-B1)/(WV2-B5)
	log(Coastal blue)/(Red)
	0.44
	-0.58
	0.25
	0.40
	0.07
	0.01

	WV2-B1/WV2-B3
	log(Coastal blue)/(Green)
	0.35
	-0.51
	-0.05
	0.23
	0.23
	0.18

	WV2-B8/WV2-B5
	Red-edge/Red
	-0.32
	0.56
	-0.17
	-0.34
	0.06
	-0.08

	log(WV2-B8)/log(WV2-B5)
	log(NIR-2)/log(Red)
	-0.34
	0.70
	-0.11
	-0.56
	-0.20
	-0.20



The strong inverse relationship between WV-2 blue bands and color, while theoretically sound (Slonecker et al., 2016), was surprising, given the difference between WV-2 and field spectra in the blue part of the spectrum. This correlation is noteworthy because using coastal blue (Band 1) and smaller wavelengths in the UV part of the spectrum in conjunction with other bands can facilitate the separation of chl-a from color PCU in optically complex waters. A recent study by Harringmeyer et al., 2021 found that using UV, blue, and red reflectance improved CDOM estimations in Santa Monica Bay, California. It is possible that while there were atmospheric errors in the blue bands, errors propagated equally across images, still capturing the variability in relation to color PCU values. Salinity was also correlated with the coastal blue band, and coefficients decreased with longer wavelengths. This relationship aligns with the inverse relationship between salinity and optically active water quality constituents. At higher salinities, the concentrations of color PCU and chl-a decrease, so absorption effects in the blue spectrum are minimized. However, some of the correlation results were not aligned with previous reports, likely due to the overestimation in the blue bands. For example, chl-a was correlated with coastal blue but had no other notable correlation. Turbidity and SD did not show any strong or medium correlation with any of the bands or band ratios. 
[bookmark: _Toc131757762]Table 3.13 Coefficient of determination and RMSE for Color PCU and WV-2 bands and band ratios regression 
	Bands and ratios
	Band names
	R
	R²
	p-value
	RMSE

	WV2-B1
	Coastal blue
	-0.83
	0.37
	<0.001
	1.5

	WV2-B2
	Blue
	-0.73
	0.10
	0.055
	1.6

	Log(WV2-8/WV2-B5)
	Log(NIR-2/ Red)
	0.70
	0.36
	<0.001
	0.20



	The coefficients of determination and RMSE were calculated for the log-transformed bands and band ratios (Table 3.13) with strong correlation coefficients (>0.7) with log-transformed Color PCU. The coefficients of determination were low for the three pairs with strong correlation. Of the three regressions, Coastal Blue had the highest coefficient of determination (0.37), while the blue band had the lowest (0.10). The NIR-2/Red ratio had the highest RMSE (0.20) and a coefficient of determination of 0.36. The NIR/Red ratio has been effective for chl-a estimation in coastal waters with other sensors due to the strong absorption by chl-a in the red region (670 nm) and the peak in reflectance in the NIR region caused by the progressively decreasing absorption by chl-a and increasing absorption by water (Huang et al., 2014; Moses et al., 2019). However, this absorption in the red and peak in the NIR is not observed here. Instead, the NIR-red ratio and color PCU relationship is given by the peak in the red and dip in the NIR-2. 
[bookmark: _Toc131757481]Conclusion
Monitoring coastal water bodies is essential for implementing mitigation plans to improve the quality of coastal waters. Combining in-situ sampling and remote sensing technologies can increase the capacity to monitor the ecological health of estuaries and bays. With this purpose, exploring the effects and relationships that water quality constituents have with reflectance in complex water bodies helps advance the applications and shortcomings of different sensors and sources of error. This study investigated the water reflectance in an optically complex estuary using field spectroscopy, high spatial resolution satellite imagery, and in situ datasets. The main objective of this chapter was to evaluate the variation in water reflectance and its relationship with water quality constituents in St. Lucie Estuary, Florida. For this purpose, the variability of optically active constituents was assessed, field spectra were compared with WV-2 reflectance, and the correlation between water quality constituents and reflectance was assessed. 
The daily and weekly variability of optically active constituents was assessed using an hourly dataset for selecting an appropriate time frame for in situ-satellite pairs. This variability assessment showed that CDOM values vary very little in 14 days, while turbidity values vary greatly within a day. These results helped us use in situ-satellite pairs of up to 14 days to maximize the available data on CDOM. Understanding the variability of optically active constituents in the water has a broader impact on remote sensing. Depending on the constituent of interest, knowing its variability can allow for more time between the image and in situ or dictate the need for simultaneous capture. The availability of hourly datasets and their accuracy play a critical role in this process.
[bookmark: _Hlk127899344]Various field-simulated band ratios were used to observe spatial differences across the estuary. These ratios showed that the North Fork, site SE 06, and South Fork, site SE 09, were the most optically distinct sites. The SE 06 site had the highest chl-a concentration and lowest salinity, while the SE 09 site had the highest turbidity values in the field campaigns. The simulated coastal blue/green and coastal blue/red ratios captured these optical differences between sites. The three other sites in the middle and lower estuary did not have such notable differences in band ratios. The green/red and red-edge/red ratios did not vary much across sites, emphasizing the potential of coastal blue ratios for this water body. 
[bookmark: _Hlk127707762]Then, the reflectance from WV-2 was compared with the spectra gathered from the field. These reflectance data were only six days apart with similar water quality conditions; however, essential differences in the magnitude and shape of the spectral curves were found. The main difference between these reflectance data was in the blue part of the spectrum. Field spectra detected very low reflectance from the short wavelengths and had a reflectance peak at the red part of the spectrum, while the Worldview image had a reflectance peak at the blue part. These differences are likely attributed to the field spectra and the satellite image radiometric correction. Remote sensing reflectance and field spectra discrepancies have been reported even after the highest-standard preprocessing (Coffer et al., 2020; Wei et al., 2020). A study by Eugenio et al., 2020, found a good correlation between field spectra in turbid water and Worlview-2 reflectance when using the 6S (Second Simulation of a Satellite Signal in the Solar Spectrum) radiative transfer code for atmospheric radiometric data. However, the 6S application uses the FORTRAN programming language, which was a limiting factor for its application in this study. This atmospheric model should be tested on WV-2 images in future studies.
The correlation between optically active water quality constituents and WV-2 bands showed that color was the only optically active constituent strongly correlated with bands and band ratios. Color PCU was inversely related to the coastal blue (-0.83) and blue bands (-0.73). The strong correlation between coastal blue and CDOM aligns with the strong absorbance properties of this constituent in the short wavelengths of the spectrum. This relationship could potentially be used for further exploration of algorithms when atmospheric correction errors are minimized. 
There are substantial limitations to implementing Worldview-2 in continuous water quality monitoring programs. One limitation is that the most commonly used and user-friendly atmospheric correction models could not correct the atmospheric noise from the water surface reflectance. One study successfully corrected the images using the 6S model, but this uses the FORTRAN programming language, which is a technical limitation for many water management agencies. Another limitation is the small amounts of images that the sensor can gather due to the high cost and cloud cover. While the WV2 images were free-of-charge for this study, the federal government pays to task the sensor and the price increase with tasking frequency. Lastly, the area coverage of the WV-2 did not encompass the entire waterbody and sampling stations for most dates which decreased the number of in situ pairs. Due to these limitations, the WV-2 sensor is a better fit for specific studies in a smaller area with more technical and time resources than as a monitoring tool. 
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[bookmark: _Toc131757484]Abstract
Monitoring colored dissolved organic matter (CDOM) is essential for assessing water quality because its optical properties affect underwater sunlight penetration and limit primary productivity. Additionally, the dissolved organic carbon pool has been found to comprise most of the organic carbon in the oceans, which, if released in the form of CO2, can have severe consequences for the climate. Thus, monitoring this water quality constituent is of utmost importance. Combined with satellite imagery, automated environmental monitoring sensors are promising water quality monitoring tools. This study investigates the relationship between fluorescent dissolved organic matter (fDOM) from automated sensors and reflectance from spaceborne medium spatial-resolution imagery bands and band ratios. The Landsat-8 OLI green/red band ratio was strongly correlated with salinity (R = 0.79) and inversely correlated with fDOM (R = -0.76). No other correlation was found between Landsat-8 OLI bands or band ratios and fDOM. A forward stepwise regression analysis showed the Landsat-8 B3(green)/B4(red) and B1(coastal)/B4(red) band ratios as significant explanatory variables fDOM. The best model with the highest R² (0.67) used the log-transformed coastal, blue, green, and red bands. The residual plots of the estimated values from the selected model with situ values showed various outliers at the lower and upper ends, suggesting that the linear model may not be robust enough to estimate low and high values of colored dissolved organic matter. A larger sample of in situ-satellite matchups and exploration of nonlinear relationships could potentially improve the coefficient of determination of prediction models in this estuary.
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[bookmark: _Toc131757485]Introduction
Monitoring colored dissolved organic matter (CDOM) is vital for comprehensive studies of water bodies. CDOM is a proxy for dissolved organic carbon (Kutser et al., 2015), and as such, estimating it has implications for carbon cycling studies. The dissolved organic carbon pool has been found to comprise the majority of the organic carbon in the oceans, which, if released in the form of CO2, can have severe consequences for climate change (Aurin et al., 2018). Monitoring CDOM is also essential for assessing water quality because its optical properties affect underwater sunlight penetration, limiting primary productivity. CDOM absorbs light in the ultraviolet to blue wavelengths, while pure water absorbs red light. Pure water appears blue, while murky coastal water ranges from yellow to brown (Slonecker et al., 2016). The fluorescence property of CDOM translates to incoming energy being absorbed and longer wavelength energy emitted, reducing the amount of blue light available for reflection out of the water column and the amount of green light reaching bottom communities. 
Traditionally, CDOM has been estimated from in situ grab samples, but remote sensing technology has become a promising tool for detecting changes with good results. CDOM concentrations have been estimated using satellite images in optically complex water with varied results (Brezonik et al., 2015; Griffin et al., 2011; Kutser et al., 2005; Olmanson et al., 2016). Authors have reported medium-strong correlations between CDOM and Red/Green, Green/Yellow, and Blue/Red. For example, Brezonik et al., 2005 reported a strong relationship between Landsat-5 blue and near-infrared bands with CDOM at 15 Minnesota lakes, and Kowalczuk et al., 2005 found a coefficient of determination of 0.63 between in situ and estimated CDOM values from a Blue/Green ratio using field spectroscopy in the Baltic Sea. Due to the lack of a universal CDOM estimation algorithm or index, these analyses are still necessary at the local level.
The availability of in situ-satellite pairs and good-quality satellite data is crucial for accurate assessments. Satellite images need to be paired with in situ data within hours or days, depending on the waterbody, and satellite data need to be radiometrically and atmospherically calibrated. While water quality data availability has been on the rise, a challenge remains for CDOM datasets: the variety of names and techniques used to report it. Depending on the entity, CDOM may be expressed as a function of color at 440 nm, measured by absorbance at 240 to 800 nm, or expressed as color PCU, among others (Downing et al., 2012; Slonecker et al., 2016). Combining in situ datasets of the same area may not always be feasible, so in situ-satellite pairs cannot be gathered for accuracy assessments. In addition to uniformity in reporting data, CDOM monitoring through satellite images also depends on good-quality satellite data availability. Cloud cover, atmospheric effects, aerosols, and other light scattering variables can limit data use because they interfere with reflectance signals reaching the sensors. Even when variables are rectified with image post-processing tools, the temporal and spatial resolutions of satellite data need to be aligned to meet the needs of the study. The spatial resolution of imagery may need to be higher for small study areas, for example, or a weekly return interval may not capture phenomena spanning only a few days.
Automated environmental monitoring sensors, combined with satellite imagery, are a promising combination that can alleviate previously discussed data challenges. With more data, the application of remote sensing technologies will increase along with our understanding of CDOM distribution and the environmental factors affecting aquatic DOM. In recent years, fluorescent dissolved organic matter (fDOM) data have become a proxy for CDOM grab sampling and a promising tool for advancing water quality monitoring through remote sensing. The collection of fDOM data has boomed due to automated sensor networks for monitoring purposes (Mukhopadhyay and Mason, 2013; Yaroshenko et al., 2020). These sensors are generally less resource intensive than grab samples, and their technologies can be as accurate as discrete sampling. One of the most significant advantages of the sensors is their temporal resolution. As more data from automated sensors become available, the opportunities for in situ satellite pairings increase.
This study investigates the relationship between fDOM from automated sensors and reflectance from spaceborne medium spatial-resolution imagery bands and band ratios. The study has three objectives: 1) determine if the relationship between reflectance and optically active water quality constituents decreased as the time between in situ and image collection increased, 2) determine which Landsat-8 bands are related to fDOM, and 3) evaluate the model-derived data from Landsat-8 imagery against in situ fDOM.
[bookmark: _Toc131757486]Landsat 8 for fDOM detection
The spatial, temporal, and radiometric resolutions of Landsat-8 make it a good candidate for estimating CDOM in medium-sized water bodies. Landsat-8 was launched in 2013 with two passive sensors: the Operational Land Imager (OLI) and the Thermal InfraRed Sensor (TIRS). The OLI has seven bands (Table 4.1) ranging from ~440 nm to ~2200 nm, of which four have been correlated with CDOM in previous studies (Gholizadeh et al., 2016; Olmanson et al., 2016; Slonecker et al., 2016). Its 16-day temporal resolution is appropriate for monitoring CDOM, as the variability of this constituent is small within a 14-day window (Chapter 3 of this dissertation). Additionally, the 16-bit radiometric resolution of OLI has improved the CDOM estimation in a wide range of water conditions compared with previous 8-bit images by preceding Landsat sensors (Kutser et al., 2005). In addition, Landsat-8 surface reflectance data available for download from the USGS repository, EarthExplorer, have been preprocessed with a newly developed atmospheric correction model (U.S. Geological Survey, 2021).
[bookmark: _Toc131757763]Table 4.1 Landsat-8 specifications
	Landsat-8

	Bands
	Spectral range (nm)
	Central wavelength (nm)
	Pixel size (m)

	Band 1 – Coastal aerosol
	430 - 450
	440
	30

	Band 2 - Blue
	450 - 510
	480
	30

	Band 3 - Green
	530 - 590
	560
	30

	Band 4 -Red
	640 - 670
	655
	30

	Band 5 - NIR
	850 - 880
	865
	30

	Band 6 -SWIR1
	1057 - 1065
	1610
	30

	Band 7 - SWIR2
	2011 - 2029
	2200
	30



CDOM in inland water has been estimated with good results by Olmanson et al., 2016 and Slonecker et al., 2016 in Minnesota lakes and New Jersey and New York Bays. Empirical models to detect CDOM were developed for Lake Huron, where the best band ratio was Green/Red (Chen et al., 2017). The encouraging results from previous studies and the previously mentioned Landsat-8 features make it appropriate for fDOM estimation in the St. Lucie Estuary. The 30-m spatial resolution is a good fit for this area since the width of river and estuary channels ranges from 43 to 1,457 meters. 
[bookmark: _Toc131757487]Materials and Methods
[bookmark: _Toc131757488]Site selection and description
This study focuses on the North Fork, South Fork, and Mid-Estuary of the St. Lucie River Estuary, USA (Figure 4.1). The South Fork receives continuous inflows from Lake Okeechobee, the North Fork receives runoff from the watershed through a network of drainage canals, and both forks converge at the mid-estuary. The water quality of this system is highly influenced by CDOM and total suspended solids (Florida Department of Environmental Protection., 2020; Moncada et al., 2021).
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[bookmark: _Toc131758547]Figure 4.1 The locations of the three sensors in the St. Lucie Estuary.
[bookmark: _Toc131757489]Water quality dataset
Data from January 2016 to April 2022 of fDOM, salinity, and turbidity were downloaded from three underwater sensors in the South, North, and Mid-Estuary, respectively (Table 4.2, and Figure 4.2). Sensors were 2.5 meters below the water surface. Hourly datasets were downloaded from the Indian River Lagoon Observatory Network (IRLON) (https://irlon.org/), a monitoring program operated by the Harbor Branch Oceanographic Institute at Florida Atlantic University. The IRLON instruments comprise three optical sensors designed for simultaneous, multiple-sensor determination of fluorescence and turbidity every hour. The instruments estimated fDOM from 0.36 to 500 ppb QSDE⁻¹, Chl-a from 0.02 to 400 μg L⁻¹, and turbidity from 0.013 to 25 NTU. Quality control assessments of the sensors occur every 4-6 weeks to validate instrument readings and collect discrete samples for laboratory analysis. In addition to the field assessments, data are assessed through real-time QA/QC tests following Integrated Ocean Observing System (IOOS) Quality Assurance/Quality Control of Real-Time Oceanographic Data (QARTOD) protocols and are flagged as pass, suspect, or fail. Only data with pass flags were used.
[bookmark: _Toc131757764]Table 4.2 Summary statistics of water quality parameters at sensors
	Image date
	Sensor
	Mean
	SD
	Min
	Max
	CV

	fDOM
(QSDE)
	SLE-ME
	39.6
	27.7
	15.0
	126
	0.70

	
	SLE-NF
	47.2
	28.1
	16.0
	127
	0.60

	
	SLE-SF
	45.2
	28.2
	18.0
	135
	0.62

	Salinity
(PSU)
	SLE-ME
	16.2
	7.17
	0.37
	27.5
	0.44

	
	SLE-NF
	12.9
	8.50
	0.33
	27.9
	0.66

	
	SLE-SF
	11.8
	7.67
	0.21
	24.8
	0.65

	Turbidity
(NTU)
	SLE-ME
	10.1
	8.92
	2.32
	35.5
	0.89

	
	SLE-NF
	8.08
	5.75
	2.52
	22.9
	0.71

	
	SLE-SF
	20.1
	13.2
	5.5
	46.1
	0.66
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[bookmark: _Toc131758548]Figure 4.2 The three sensors, a) SLE-ME, b) SLE-NF, c) SLE-SF from the Indian River Lagoon Observatory Network (IRLON). Image credit: https://irlon.org
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Eighteen Landsat-8 images were downloaded from Earth Explorer (https://earthexplorer.usgs.gov/) (Table 4.3). All images were level-2 products, radiometrically and atmospherically corrected for surface reflectance. The USGS uses the LaSRC v1.4.1 model for atmospheric correction of level-2 OLI products (U.S. Geological Survey, 2021). The surface reflectance values estimate the Earth's surface spectral reflectance without atmospheric distortions as unsigned 16-bit integers ranging from 1-65455. Using a raster calculator on ArcGIS Pro, a scale factor of 0.0000275 + - 0.2 (U.S. Geological Survey 2021) was applied to pixel values for each image. After applying the scale factor, many values for bands 1 and 2 became negative. Strong absorption in the blue bands is expected due to the constituents in this waterbody, so error in the shortwave bands is significant.
[bookmark: _Toc131757765]Table 4.3 Acquisition dates of Landsat-8 images and their cloud cover
	No.
	Date Acquisition
	Cloud Cover (%)
	
	No.
	Date Acquisition
	Cloud Cover (%)

	1
	2016-01-24
	31.5
	
	10
	2019-06-25
	12.2

	2
	2016-02-25
	2.32
	
	11
	2019-08-28
	10.7

	3
	2016-08-19
	6.09
	
	12
	2019-12-02
	8.94

	4
	2016-10-22
	2.55
	
	13
	2020-06-27
	10.3

	5
	2017-12-12
	0.43
	
	14
	2020-12-20
	18.5

	6
	2018-04-19
	3.12
	
	15
	2021-01-21
	0.471

	7
	2018-08-09
	3.56
	
	16
	2021-12-07
	1.57

	8
	2018-10-28
	12.9
	
	17
	2021-12-31
	2.44

	9
	2019-04-22
	14.6
	
	18
	2022-03-29
	0.040



[bookmark: _Toc131757491]In situ water quality and Landsat-8 pairs
The hourly time series of fDOM, salinity, and turbidity were plotted against the collection dates (identified as blue lines) of Landsat 8 images (Figure 4.3) for a visual assessment of the water quality conditions at the time of image collection and the variation between sites. The in situ data coinciding with the time of the satellite image were then extracted and paired with the reflectance from Landsat 8 images (Table 4.4). The series plots and extracted values indicated that Landsat 8 images captured important variations in water quality over time. The fDOM data ranged from 15 to 130 QSDE, salinity from 0.20 to 27 PSU, and turbidity from 2 to 46 NTU. Differences across stations could also be observed. For example, the turbidity maximum at SLE-SF (46.1 NTU) was double that at SLE-NF (22.9 NTU).
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[bookmark: _Toc131758549]Figure 4.3 a-c Time series plot of water quality constituents for sensors a) SLE-ME, b) SLE-NF, and c) SLE-SF. The blue vertical lines show Landsat-8 image dates.
[bookmark: _Toc131757766]Table 4.4 In situ data for the three sensors captured simultaneously with the 18 satellite images. NAs represent unavailable data or flagged as possible error.
	Image number
	Image date
	Sensor
	CDOM (QSDE)
	Salinity (PSU)
	Turbidity (NTU)

	1
	2016-01-24
	SLE-ME
	126
	10.33
	4.3

	
	
	SLE-NF
	127
	4.70
	4.6

	
	
	SLE-SF
	135
	2.89
	5.5

	2
	2016-02-25
	SLE-ME
	69
	0.37
	35.5

	
	
	SLE-NF
	91
	0.33
	22.9

	
	
	SLE-SF
	59
	0.21
	46.1

	3
	2016-08-19
	SLE-ME
	48
	11.64
	4.4

	
	
	SLE-NF
	61
	6.16
	3.9

	
	
	SLE-SF
	59
	4.99
	15.6

	4
	2016-10-22
	SLE-ME
	57
	14.03
	5.7

	
	
	SLE-NF
	76
	6.21
	4.8

	
	
	SLE-SF
	78
	5.03
	28.6

	5
	2017-12-12
	SLE-ME
	61
	8.24
	11.9

	
	
	SLE-NF
	57
	4.60
	12.8

	
	
	SLE-SF
	72
	2.95
	41.5

	6
	2018-04-19
	SLE-ME
	25
	27.47
	4.6

	
	
	SLE-NF
	29
	25.41
	4.3

	
	
	SLE-SF
	33
	24.77
	11.9

	7
	2018-08-09
	SLE-ME
	47
	6.05
	13.0

	
	
	SLE-NF
	55
	2.96
	11.9

	
	
	SLE-SF
	50
	1.01
	42.4

	8
	2018-10-28
	SLE-ME
	26
	21.64
	2.3

	
	
	SLE-NF
	33
	18.49
	3.6

	
	
	SLE-SF
	39
	17.31
	9.5

	9
	2018-04-22
	SLE-ME
	23
	22.55
	9.9

	
	
	SLE-NF
	26
	19.54
	10.6

	
	
	SLE-SF
	29
	18.52
	19.5

	10
	2019-06-25
	SLE-ME
	21
	21.89
	22.8

	
	
	SLE-NF
	24
	18.11
	13.6

	
	
	SLE-SF
	26
	18.23
	19.0

	11
	2019-08-28
	SLE-ME
	37
	14.81
	9.4

	
	
	SLE-NF
	46
	7.45
	10.8

	
	
	SLE-SF
	35
	7.64
	36.9

	12
	2019-12-02
	SLE-ME
	28
	22.31
	6.6

	
	
	SLE-NF
	27
	19.18
	4.7

	
	
	SLE-SF
	28
	19.40
	15.6

	13
	2020-06-27
	SLE-ME
	NA
	11.34
	24.2

	
	
	SLE-NF
	49
	6.22
	17.0

	
	
	SLE-SF
	40
	10.33
	20.4

	14
	2020-12-20
	SLE-ME
	31
	15.08
	4.3

	
	
	SLE-NF
	47
	27.92
	4.0

	
	
	SLE-SF
	37
	10.41
	13.5

	15
	2021-01-21
	SLE-ME
	20
	21.50
	3.3

	
	
	SLE-NF
	32
	NA
	2.5

	
	
	SLE-SF
	26
	17.35
	11.3

	16
	2021-12-07
	SLE-ME
	21
	18.56
	5.1

	
	
	SLE-NF
	29
	14.47
	3.8

	
	
	SLE-SF
	29
	13.75
	7.6

	17
	2021-12-31
	SLE-ME
	18
	20.68
	3.7

	
	
	SLE-NF
	24
	18.14
	2.9

	
	
	SLE-SF
	21
	17.79
	5.6

	18
	2022-03-29
	SLE-ME
	15
	23.29
	10.1

	
	
	SLE-NF
	16
	19.83
	6.9

	
	
	SLE-SF
	18
	19.92
	11.8



[bookmark: _Toc131757492]Statistical Analyses
Pearson's correlation analysis was calculated to determine the relationship between water quality parameters and Landsat 8 bands. Equation (4.1) represents the basic form of Pearson's correlation as follows:
	
	(4.1)


 is the value of corrected reflectance,  is the mean value of the corrected reflectance,  = water quality parameters, and  is the mean value of the in situ WQP data from monitoring stations. 
Forward stepwise linear regression analysis was performed between fDOM and unscaled reflectance values of bands 1 – 5 and between log-transformed fDOM and unscaled reflectance values to discern the spectral regions and band ratios most related to fDOM. The fDOM values were the dependent variable, and the unscaled band values and ratios were the independent variables. The unscaled reflectance values were used because of the large number of negatives resulting from the scaling in bands 1 and 2. Forward stepwise linear regression builds a model by adding or removing the predictor variables in succession and testing for statistical significance after each iteration with this equation:
	
	(4.2)


where  are the regression coefficients and xᵢ are bands or band indices. P values greater than 0.05 were considered a limit for factor addition (Gholizadeh and Melesse, 2017; Olmanson et al., 2016). The reported adjusted R-squared is a modified R-squared that adjusts for the number of explanatory terms in a model. It was computed using:
	
	(4.3)



where  is the square of the sample correlation coefficient between the bands/indices and fDOM, N is the sample size, and  is the number of predictors. 
[bookmark: _Toc131757493]Results and Discussion
[bookmark: _Toc131757494]Correlation of Landsat-8 and fDOM
Pearson's correlation was used to detect relationships between reflectance values of Landsat-8 bands, band ratios, and water quality constituent concentrations collected on the same day, a week later, and two weeks after the satellite image (Table 4.5). The independent variables were Landsat-8 bands, selected band ratios, and their log-transformed values, and the dependent variables were the water quality parameters and their log-transformed values. The band ratios tested were based on those that have shown strong correlation coefficients and coefficients of determination above 0.6 when assessed for the water quality constituents collected for this study in optically complex waters (Hajigholizadeh and Melesse, 2017; Menken et al., 2006; Olmanson et al., 2016; Slonecker et al., 2016). No differences were found between correlation coefficients for analyses performed using log-transformed rather than raw values. 
[bookmark: _Toc131757767]Table 4.5 Pearson's correlation coefficients between water constituents and band and band ratios
	Bands and Ratios
	fDOM
	Salinity
	Turbidity

	
	Same
day
	7
days
	14
days
	Same
day
	7
days
	14
days
	Same
day
	7
days
	14
days

	B1
Coastal 
	0.06
	0.03
	0.02
	0.00
	0.04
	0.06
	0.47
	0.24
	0.20

	B2
Blue
	0.00
	-0.04
	-0.04
	-0.02
	0.02
	0.04
	0.54
	0.29
	0.28

	B3
Green
	-0.07
	-0.10
	-0.10
	-0.06
	-0.02
	0.00
	0.59
	0.31
	0.33

	B4
Red
	0.07
	0.03
	0.04
	-0.20
	-0.15
	-0.13
	0.66
	0.42
	0.44

	B5
NIR
	-0.01
	-0.03
	-0.03
	-0.15
	-0.10
	-0.09
	0.55
	0.27
	0.31

	B6
SWIR1
	-0.11
	-0.13
	-0.12
	-0.07
	-0.01
	0.00
	0.49
	0.15
	0.18

	B7
SWIR2
	-0.09
	-0.11
	-0.10
	-0.08
	-0.02
	-0.01
	0.50
	0.17
	0.20

	B1/B4
Coastal /Red
	-0.05
	-0.03
	-0.04
	0.31
	0.27
	0.27
	-0.55
	-0.39
	-0.45

	B2/B3
Blue/Green
	0.16
	0.17
	0.16
	0.13
	0.09
	0.09
	-0.42
	-0.19
	-0.28

	B2/B4
Blue/Red
	-0.17
	-0.16
	-0.17
	0.43
	0.39
	0.38
	-0.61
	-0.46
	-0.52

	B3/B4
Green/Red
	-0.76
	-0.74
	-0.74
	0.79
	0.78
	0.76
	-0.62
	-0.73
	-0.70

	B3/B5 Green/NIR
	-0.12
	-0.12
	-0.12
	0.30
	0.26
	0.26
	-0.36
	-0.17
	-0.21

	B2/B5 Blue/NIR
	0.00
	0.00
	-0.01
	0.25
	0.21
	0.21
	-0.43
	-0.20
	-0.26

	B5/B4 NIR/Red
	-0.16
	-0.15
	-0.14
	-0.03
	0.00
	0.00
	0.20
	-0.08
	-0.03



The green/red ratio was the only strongly correlated (p<0.001) variable with water quality constituents. This ratio had a strong positive correlation with salinity and an inverse correlation with fDOM and turbidity. The green/red ratio correlation coefficients with fDOM and salinity decreased slightly as the time between in situ collection increased, but they stayed strong. The Green/Red ratio has been widely used to estimate fDOM (Brezonik et al., 2005; Chen et al., 2017). The Landsat-8 OLI green/red ratio has been correlated with fDOM at the New York and New Jersey Bays (Slonecker et al., 2016) and various lakes in east-central Minnesota (Menken et al., 2006) and Finland (Kutser et al., 2005). The green/red ratio is generally better suited in coastal water than those using blue bands due to the weak remotely sensed signal at the lower ends of the visible spectrum and atmospheric error. Atmospheric correction of satellite imagery at blue wavelengths has a higher error in waters with low reflectance such as those with high fDOM (Kutser et al., 2005). The correlation between the Green/Red ratio and salinity aligns with the negative correlation between color and salinity in chapter 1. Freshwater inputs from the watershed lower salinity and increase fDOM values (Moncada et al., 2021). Interestingly, the correlation coefficient for turbidity was lower for in situ images taken the same day as the satellite image than for the 7- and 14-day values. This might be due to the high variability of turbidity values observed in chapter 3. 
As with Pearson's correlation analysis, all Landsat-8 bands and the selected band ratios were used for the forward stepwise regression analysis (Table 4.6). Forward stepwise regression was performed between raw fDOM without outliers and unscaled reflectance values. Then a second analysis was performed with log-transformed fDOM without outliers and reflectance values to identify the best fit. Simple linear regression between fDOM and the Green/Red ratio was also assessed for raw and log-transformed values. This ratio had the strongest relationship in the previous correlation analysis with fDOM. Models from the multiple and simple regressions with p values < 0.05 are reported in Table 4.6. Regressions with fDOM outliers generally had low coefficients of determination and high P values, so they were omitted. 
[bookmark: _Toc131757768]Table 4.6 Results of the simple and forward stepwise linear regressions for fDOM
	Linear Regressions for fDOM

	Simple linear regression in the form y = mx + b
Multiple linear regression in the form y = b₀ + b₁(x₁) + b₂(x₂) + b₃(x₃) …

	Independent variable
	N
	Dependent variables (xᵢ) ¹
	Model
	Adjusted R² and R²

	 log(fDOM) w/o outliers
	50
	[bookmark: _Hlk127447123]log(B3 green)/log(4 red),
log(B1 coastal)/log(B4 red), 
log(B2 blue)/log(B5 NIR)
	log(fDOM) = 294 + -325*(x₁) + 56*(x₂)  + -21*(x₃)
	0.67

	fDOM w/o outliers
	50
	B3 green/B4 red,
B1 coastal/B4 red
	fDOM = 1319 + -1423(x₁) + 160(x₂)
	0.66

	log(fDOM) w/o outliers
	50
	log (B3/B4)
	y = -28.98x + 3.65
	0.57

	log(fDOM) w/o outliers
	50
	log (B3)/log (B4)
	y = -28.97x + 32.62
	0.56

	fDOM w/o outliers
	50
	B3/B4
	y = -1186x + 1219
	0.56

	fDOM w/outliers
	53
	B3/B4
	y = 1222x + -1174
	0.22

	log(fDOM) w/outliers
	53
	log (B3)/log(B4)
	y = 32.61x + -28.88
	0.37


¹The band or band ratio represents the x in the equation. A comma separates each dependent variable. 
	Both stepwise regression models had higher coefficients of determination than the single-band ratio regressions. The results for both forward stepwise models showed the B3(green)/B4(red) and B1(coastal)/B4(red) band ratios as significant explanatory variables for fDOM concentrations. The relationship between the green and red bands and fDOM was observed in the correlation analysis previously discussed. While the coastal/red band ratio did not appear to be related to fDOM from the correlation analysis results, theoretically, the ratio between the coastal part of the spectrum and the red part is affected by fDOM due to its high absorption effects at the lower wavelengths. The best fDOM model for Landsat 8 used the log-transformed coastal, blue, green, and red bands (bands 1, 2, 3, and 4, respectively), and the second best used the coastal, green, and red bands (bands 1, 3, and 4 respectively). The regression equation with the highest R² (0.67) was:
	
	(4.4)



The regression equation with the second highest R² (0.66) was:
	
	(4.5)



Equations 4.4 and 4.5 were plotted against in situ values using 50 Landsat-8 reflectance pairs (Figure 4.4). The model regressions showed that the performance of equation 3 (R² = 0.69, p < 0.05) was slightly better than that of equation 4 (R² = 0.67, p < 0.05). The mean absolute percentage error (MAPE) was calculated rather than the RMSE for each model, given that the first one used the log-transformed fDOM values while the values for the second regression were not transformed. The MAPE for the first model was 6.14%, while that for the second one was 23.9%. Therefore, the model using the log-transformed values showed to fit the data better. The quantile–quantile and residual plots of equation 4.4 regression against in situ values (Figure 4.5) showed that residuals had an overall normal distribution. However, there were various outliers at the lower end and one severe outlier at the upper end. This suggests that the model may not be robust enough for lower fDOM values.  
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[bookmark: _Toc131758550]Figure 4.4 Correlation between the measured and estimated fDOM by applying equations 4.4 and 4.5 to atmospherically corrected Landsat-8 images.
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[bookmark: _Toc131758551]Figure 4.5 Residual vs. Fitted and Quantile–quantile plots for regression between the estimated fDOM using equation 3 with in situ values.
While the coefficients of determination resulting from the forward stepwise models were not strong for a robust predictive model, it was useful in identifying some of the bands that can be potentially be used for future research. Previous studies successfully adopted the relationship between the Green/Red ratio and fDOM to derive CDOM for freshwater environments (Brezonik et al., 2005; Kutser et al., 2005). For instance, Slonecker et al., 2016, reported a weak (R² = 0.23) power relationship between the Landsat-8 Green/Red ratio and fDOM. Their study also found that Landsat-8 Band 1 was correlated with fDOM. While a relationship with Band 1 alone was not found in this study, the band1/band4 ratio was the second variable in the first model. A dataset with greater variation in fDOM concentrations would be appropriate to assess other models, including non-linear ones. Chen et al. 2017, for example, found that an exponential function using the green/red ratio worked best for fDOM estimation in Lake Huron. 
[bookmark: _Toc131757495]Conclusion
Colored dissolved organic matter is an essential constituent in ecological water quality assessments. This constituent is typical of fresh and coastal waters, and accurate monitoring is useful for improving resource management strategies. Remote sensing is a valuable tool for monitoring this constituent because it simultaneously captures information from large areas. However, in situ data availability is essential to develop accurate prediction models using space-borne sensors, especially for optically complex waters. Combining space-borne and real-time sensors is a promising technique to maximize satellite-based observations and accuracy assessments. 
In this chapter, the relationship between fDOM and water reflectance was investigated from automated sensors and reflectance from Landsat-8 imagery. The green/red ratio was inversely correlated with fDOM and positively correlated with salinity up to 14 days between satellite image and in situ collection. The best model to estimate fDOM from the forward stepwise regression used the log-transformed coastal, blue, green, and red reflectance values with a moderate coefficient of determination (0.67) and a MAPE of 6.14%. The Q-Q plot of the regression between the estimated fDOM using the best model with in situ values showed severe outliers at the lower and upper ends. Outliers may suggest that the model may not be robust enough to estimate high and low fDOM values. 
With water-leaving signals from blue bands being weaker, it is recommended that the green/red ratios be favored for future model development for CDOM-rich complex water such as this estuary. Previous studies have demonstrated that CDOM could contribute 10% to 40% of the total absorption at the green band for inland water and even higher in the blue band (Chen et al. 2017). For this CDOM-rich waterbody, the absorption is strong throughout the blue and green portion of the spectrum. While the forward stepwise regression model results indicated that the blue and coastal-blue bands are useful for fDOM prediction, the green/red ratio was selected as the most robust. In addition, chl-a, as CDOM, also absorbs light strongly at the blue portion of the spectrum. In order to differentiate fDOM from chl-a, the use of the green and red bands, rather than the blue band, is recommended. 
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[bookmark: _Toc131757497]Chapter V: Conclusions and Recommendations
[bookmark: _Hlk127960609]The St. Lucie Estuary, Florida, is an important coastal ecosystem supporting thousands of residents' livelihoods and many ecologically essential organisms (Chamberlain and Hayward, 1996; Wilson et al., 2005). Hydrological modifications, land use, and urbanization have negatively impacted the water quality of this system. Most estuary sections have been considered impaired under the Florida Department of Environmental Protection (FDEP) Impaired Waters Rule since 2008. This estuary is one of two estuaries at the receiving end of Lake Okeechobee releases. Its artificial connection with Lake Okeechobee brings in water from a 14,000 km2 area, including cattle pastures and citrus plantations (Kramer et al., 2018; Qian et al., 2007). Periodic lake releases complicate the management and mitigation efforts of the system. The complexity of this system makes it deserving of further research and efforts.
The primary goal of this work was to understand the main constituents driving this estuary's water quality and their relationship with surface water reflectance. With this purpose, publicly available in situ datasets curated by the South Florida Water Management District (SFWMD) and Florida Atlantic University and water reflectance data from a field spectroradiometer, the WorldView-2 satellite, and the Landsat-8 satellite were analyzed to assess the water quality of the St. Lucie Estuary. 
Statistical techniques, including correlation analysis, principal component analysis (PCA), and Mann-Kendall trends, were applied to evaluate the spatiotemporal variations in the surface water quality of the estuary and its main tributaries using 20 years (1999 – 2019) datasets of 10 water quality variables covering ten sampling sites. The dataset showed that most water quality constituents were higher in the wet season, likely due to increased infiltration, groundwater levels, and runoff. The correlation analysis and the PCA revealed that color PCU had a strong positive relationship with all phosphorus species and a negative correlation with dissolved oxygen (DO) and pH. The PCA revealed phosphorus concentrations at basin tributaries, and high turbidity at the Lake Okeechobee canal were the principal factors distinguishing the basin from lake inflows. The principal variables driving the water quality at the basin tributaries were orthophosphate, total phosphorus, color PCU, and NH₃+, while those driving Lake Okeechobee’s discharges were total suspended solids and turbidity. The basins' land-cover types and agricultural practices reflected higher phosphorus from basin tributaries than lake inflows. 
Non-point contamination impacts the ecology of this estuary as the nutrient concentrations across the different estuary sections and tributaries vary with land use and water management. Agriculture and urban centers are significant sources of nutrient pollution. The efforts of the FDEP and local water management district to curtail the nutrient loadings to the estuary through best management practices and Stormwater Treatment Areas is of great importance for maintaining the ecosystem services of this estuary.
The Mann-Kendall trend tests revealed significant increases in pH and DO values and decreases in NH₃, nitrate-nitrite, total nitrogen, orthophosphate, and total phosphorus at the North Fork of the Estuary in the 20 years. These trends may be due to the implementation of Best Management Practices, and the implementation of minimum flows by the Environmental Protection Agency and the SFWMD (South Florida Water Management District., 2002). Another possibility is increased tidal mixing with seawater due to rising sea levels, increasing salinity, pH, and DO values, and decreasing CDOM. This chapter demonstrates the value of dimensionality reduction techniques and nonparametric trend analysis on large datasets for water quality research. Management agencies should implement dimensionality reduction tools to explore the large datasets they store. These tools can better guide their prioritization of geographic areas of the water body or water quality constituents to target.
The previously described spatiotemporal assessment of water quality highlighted the optical complexity of the estuary, which was essential for selecting the sensors explored in the following chapters. The variation in water reflectance and its relationship with water quality constituents in St. Lucie Estuary was evaluated using field spectroscopy and high spatial-resolution satellite imagery. In situ datasets were obtained from the local water management district of optically active constituents or those directly affecting optical properties, including chlorophyll-a, color PCU, Secchi Disk Depth, salinity, total suspended solids, and turbidity.
The variability of the optically active constituents was done using hourly data from three real-time sensors located on three sections of the estuary, the mid-estuary, the north fork, and the south fork spanning from September 2015 to June 2022. The variations of water quality constituents were evaluated to decide on an appropriate time between in situ data and satellite pairs. Colored dissolved organic matter and salinity values had very low variability in the 14-day periods, while turbidity and chlorophyll-a values showed high variability. Because of the optical dominance of color PCU in this system and its low variability, a 14-day threshold was used for satellite-in situ pairs. The low variability of CDOM has important implications for remote sensing purposes. It indicates the water column significantly attenuates the light penetration throughout the year. Since lower light penetration affects the benthic communities, it is crucial to understand the origin and mechanism of the high and persistent CDOM concentrations.
All curves had low reflectance values in regions below ~500 nm, with a peak at approximately 650 nm and a pronounced dip at the red-edge region from ~700 nm to ~740 nm. This spectral curve is typical of waters dominated by colored dissolved organic matter or color PCU due to its strong water absorption at the blue part of the spectrum. While these field spectra curves and magnitudes aligned with those found in the literature, environmental conditions and technical limitations could have added errors. Potential sources of error for field spectra could include the viewing geometry of the above-water measurements, wind gusts, and overcast conditions. 
When comparing the field spectra with WorldView-2-derived surface reflectance, there were notable differences in the blue wavelengths and reflectance magnitudes. Worldview-2 at wavelengths greater than 600 nm agreed more with field spectra as reflectance values decrease with increasing wavelengths. The WorldView-2 image has its reflectance peak at Band 2 (Blue), likely a radiometric correction error since the estuary’s optical properties are dominated by CDOM which absorbs energy in the blue part of the spectrum. Atmospheric correction of blue wavelengths has been problematic for turbid waters with low reflectance, and this estuary is not an exception. Two atmospheric models were tried for the WorldView images, with similar results in overestimating the blue part of the spectrum. WorldView Band 1 (Coastal blue) can become important for estimating CDOM and distinguishing it from chlorophyll-a and suspended solids, as Bands 3 and 5 can be affected by multiple constituents, but an appropriate atmospheric model is imperative. One study successfully corrected the images using the 6S model, but this uses the FORTRAN programming language, which is a technical limitation for many water management agencies. Another limitation of WV-2 for continuous monitoring is the small amounts of images that the sensor can gather due to the high cost and cloud cover. While the WV2 images were free-of-charge for this study, the federal government pays to task the sensor and the price increase with tasking frequency. Also, the area coverage of the WV-2 did not encompass the entire waterbody and sampling stations for most dates which decreased the number of in situ pairs. Due to these limitations, the WV-2 sensor is a better fit for specific studies in a smaller area with more technical and time resources than as a monitoring tool.
 While the possibility of error from inadequate atmospheric correction was high for Band 1 and 2, the correlation analysis revealed that color PCU had a strong inverse correlation with the coastal blue (-0.83) and blue bands (-0.73). This correlation is noteworthy because UV (Band 1) reflectance can facilitate the separation of chlorophyll-a from color PCU in optically complex waters since various constituents influence the green and red bands. The correlation analysis did not show a correlation between the Green/Red band and any of the constituents, which was expected as this ratio is the most widely reported related to optically active constituents. Due to the possible inconsistencies with previous results, the WorldView-2 images were not further explored for model development because the in-situ sampling matchups were insufficient for a statistically significant model. Nevertheless, these results demonstrate the importance of comparing spaceborne-derived data with field data in complex water bodies, especially when applying new or emerging technologies such as high-resolution imagery for water quality monitoring.  
As discussed previously, the water quality of the St. Lucie Estuary is highly influenced by colored dissolved organic matter or color PCU. For this reason, the last chapter of the dissertation focused on investigating the possibility of estimating colored dissolved organic matter using real-time sensors with hourly data and reflectance from medium spatial-resolution imagery. The selection of Landsat-8 OLI was based on its return interval of 16 days and its record in estimating water quality constituents by previous authors. One of the objectives of this study was to assess the relationship between reflectance and optically active water quality constituents and if this relationship changed as the time between in situ and image collection increased. Differently from WorldView-2 analysis, colored dissolved organic matter, salinity, and turbidity were strongly related to the Landsat-8 Green/Red ratio. For colored dissolved organic matter and salinity, this strong relationship was maintained with a 14-day difference between the satellite image and in situ values. 
The forward stepwise regression analysis showed the Landsat-8 B3(Green)/B4(Red) and B1(Coastal)/B4(Red) band ratios as significant explanatory variables for colored dissolved organic matter. The best model with the highest R² (0.67) used the log-transformed coastal, blue, green, and red bands. The residual plots of the estimated values from the selected model with situ values showed various outliers at the lower and upper ends, suggesting the model may not be robust enough to estimate low and high values of colored dissolved organic matter. Nevertheless, the linear model indicated the potential of four Landsat-8 bands for further exploration. A greater variability in the values for satellite matchups and the exploration of nonlinear relationships could potentially improve the coefficient of determination of prediction models in this estuary. 
Further studies should focus on cross-validation of the fDOM model for Landsat-8, not Worldview-2, for implementing satellite imagery for continuous monitoring. Additional in situ fDOM data should be collected from areas closer to tributaries in the South and North Forks to obtain a broader concentration range. Developing a model with low uncertainties will provide a good tool for systematically mapping fDOM and enhancing mitigation efforts. A validated model could be used to map the temporal changes in fDOM and see the decreasing trends in the North Fork.
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