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Dissertation Director: Dr. Paul Houser 

 

 Estimating and predicting water variables such as chlorophyll, colored dissolved 

organic matter, turbidity, phosphorus and nitrogen are of paramount importance due to 

their strong influence on water resource quality. This study focuses on the Shenandoah 

River which has gained much attention as it flows into the Potomac River, has been 

overly polluted in the past and contains many contaminated sites and classified by the 

Virginia Department of Environmental Quality as impaired. This research is aimed to 

demonstrate the feasibility of combining remotely sensed water quality observations with 

water quality modeling using data fusion techniques for an efficient and effective 

monitoring of water quality in the Shenandoah River. This study explores the 

hypothesizes that: Sensitivity and uncertainty from water quality remote sensing and 

water quality modeling can be improved through data fusion for a better prediction of 
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water quality in the Shenandoah River Basin. To validate this hypothesis, we use a three-

step approach; 

                First, we investigate the spatial dynamics of water quality across the 

Shenandoah River basin with hyperspectral remote sensing and chemometrics to estimate 

chlorophyll-a (Chl), and colored dissolved organic matter (CDOM)  using three band 

combinations and nutrients (total nitrogen and total phosphorous) in the Shenandoah 

River. This approach has been adopted because wavelengths with the blue-green and 

green algae peak reflectance are close together and make their differentiation more 

difficult. It has also been demonstrated that hyperspectral imagers allow for improved 

detection of chlorophyll and hence algae, as a result of acquired narrow spectral bands 

between 450 nm and 600 nm (Kirk, 1994; Maffione and Dana, 1997; Lee et al., 2002). 

Spectroscopic and field samples collected during spring of 2013 was used to perform 

chemometrics analysis, and results show that total phosphorous; nitrogen and turbidity 

can be predicted between 450 nm to 555nm and 670 nm to 710 nm, the range of 

wavelengths that indicated better predictability for spectroscopic analysis. Further, using 

Airborne Real-time Cueing Hyperspectral Enhanced Reconnaissance (ARCHER) 

imagery; partial least squares analysis was carried out for the 504 nm to 1000  nm 

spectral range, with up to 18 samples for each sample field location in the summer of 

2014. The coefficients derived from chemometrics applied to the ARCHER data to map 

and predict nutrients show that if residual surface reflectance are well accounted for, 

airborne hyperspectral data can be very effective in estimating water quality. Cross-

validation also showed that ARCHER retrieval method has transferability ability to other 
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locations, which significantly makes a prediction for areas that do not have data relatively 

easy. 

 The second step uses the Environmental Protection Agency (EPA), Water Quality 

Analysis Simulation Program (WASP) to simulate Shenandoah Basin water quality and 

to conduct an uncertainty analysis of the state variables and uses available data from 

monitoring programs to validate the model. The purpose was to simulate nutrients, 

dissolve oxygen and chlorophyll-a dynamics, and examine the influence that changes in 

the parameters that affect these variables would have on water quality in the river. The 

results show that greater complexity and increased model sensitivity decreased the error 

in the output simulations with model predicted dissolved oxygen values tending to be 

close to the measured data while total nitrogen and phosphorus tended to be 

overestimated or overestimated. 

 The third step used a Kalman Filter (KF) to merge the results of the first two 

stages, with the goal of determining an improved water quality estimate.  We assess the 

accuracy of our model to find out if the Kalman filter merging improved our estimation; 

the analysis was verified and validated by comparing the merged data to the field 

measurement to evaluate the degree to which the estimation has improved the predicted 

variable of interest. Our merged and lab analysis cross validation showed some 

improvement in the results with very high coefficients of determination for some 

variables. Field observations are used as explanatory variables to evaluate the sensitivity 

of the analysis to observations, in an attempt to examine how changes in field observation 
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affect final KF analysis. The statistical confidence test was also conducted, and results 

show that with sufficient field observation, a better fusion result will be obtained. 

This rersearch is a first delivery attempt to use  finer resolution  ARCHER airbone 

data to provide an assessment of water quality retrieval with an understanding of the 

relationship that exist between the distinctive kinds of geographic setting that 

characterize the spatial variability of in the water quality parameters. 

 

Keywords: Water quality, data fusion, field spectroscopy, ARCHER, Chemometrics, 

Chlorophyll-a, colored dissolved organic matter, turbidity, total phosphorus, nitrogen 

eutrophication, hydrodynamics, Kalman filter, sensitivity, uncertainty, water quality, 

water resources management and Shenandoah River. 
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CHAPTER ONE: INTRODUCTION 

Background  

 The discovery of scientific knowledge, either in the form of rules, empirical 

experience or mathematical equations, always relies on data. Obtaining routine in-situ 

information on water quality is difficult because the sampling methods often differ at the 

spatial or temporal scale, and this complicates water management decisions. Advances in 

remote sensing and hydrologic modeling in recent years have made it possible for 

researchers and land managers to use geospatial information technology to identify areas 

experiencing water quality problems. Field measurements have always been the best way 

to get information out of data and to make conclusions, but these measurements, are 

always subject to errors and do not provide sufficient or complete information about the 

detailed processes represented in space and time. 

Nowadays, traditional methods are not enough to address the water quality 

distribution pattern in water bodies and to highlight the regional and global water quality 

issues. Scientists to predict the future of systems have always used models; hydrology is 

not an exception. Nonetheless, models of the world and the world itself are strengthened 

by another problem that includes: we do not, and we cannot know what exactly happens 

in hydrological systems. In most cases, it is impossible to get a clear picture of the whole 

system either because the system is so complex that we cannot model it without making 
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assumptions that affect the accuracy of the model. This results in sparse data and overly 

simple models. 

Therefore, when predicting water quality, integration of observations and models 

is instrumental, and modern science requires that to obtain better results. For water 

quality forecasting and water resources, the behavior of water has to be observed, 

measured, conceptualized and then modeled by integrating different types of observations 

and models taken with different frequencies. Data fusion provides methods for optimally 

merging the information from uncertain remote sensing observations, field measurements 

and uncertain model predictions for the best estimates. In this dissertation, the Kalman 

filter (KF) data fusion algorithms are used to merge various spectroscopic measurements 

and field measurements with prior knowledge of the state provided by a water quality 

simulation model. Our guiding hypothesis is that: Sensitivity and uncertainty from water 

quality remote sensing and water quality modeling can be improved through data fusion 

for a better prediction of water quality in the Shenandoah River Basin.    

Description of the Shenandoah River Basin 
The Shenandoah River Basin extends approximately 193 kilometers northeast 

from the headwaters in Augusta County, Va., to the Potomac River at Harpers Ferry, W. 

VA. The basin width averages 40 kilometers. The basin lay in northwest Virginia (Figure 

1.) and bounded to the east by the Rappahannock River Basin, to the south by the James 

River Basin, and to the “west and north by the Potomac River Basin”. The two major 

tributaries; the North Fork, South Fork, and the main stem of the Shenandoah River 

drains the basin while flowing parallel to the Blue Ridge Mountain, into the valleys and 
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Physiographic Province Ridge. The Shenandoah Rivers that flow south to north; the basin 

flows northeast (Virginia State Water Control Board, 1988). 

Most of the Basin is found in the Valley and Ridge Physiographic Province, 

except for a narrow strip on the eastern basin that is part of the Blue Ridge Physiographic 

Province. Rolling hills and valleys, together with the Blue Ridge Mountains, which are 

found on the eastern edge, and the Massanutten Mountain Range that divides the two 

Shenandoah Rivers in Virginia characterizes the topography of this Basin (Potomac 

Watershed Partnership, 2008a). Resistant quartzite, sandstone, and conglomerates form 

the northeast-southwest trending ridges of the Valley and Ridge Physiographic Province; 

the valleys are underlain by more readily weathered limestone, shale, and dolomite. 

Metamorphic and igneous rocks mainly make up the Blue Ridge Physiographic Province, 

with the western slope consisting of some sedimentary rock (Hayes, 1991). 
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Figure 1. Location of the Shenandoah River Basin and water quality sample location in November and 

December 2013. 

 

The Shenandoah River Basin experiences climate extremes, with an average 

annual temperature of 10.5°C, but with extremes well below -17.7° C and above 37°C. 

Annual precipitation averages approximately 99 cm. and ranges from 88.9 cm. to 1.27 m. 

(Owenby et al., 1982).  The Shenandoah River Basin shows the greatest variation of 

precipitation within Virginia with average annual precipitation ranging from 91.4 to 1.22 



5 

 

m. Per year over 80 kilometers (Hayes, 1991). Snowfall has been estimated at an annual 

average of 35 in. In the mountains and is less in the valleys (Virginia State Water Control 

Board, 1988). There are strong frontal passages in the winter and the summer experiences 

thunderstorms in this area. The Shenandoah River Basin is also affected by southwest 

prevailing wind, which in addition to moist air drawn in from the Atlantic Ocean brings 

warm, moist air from the Gulf of Mexico. The strong cold front is moving across the 

basin from the northwest clashes with warm, moist air, causing, precipitation in the basin 

during summer through thunderstorms (Hayes, 1991).  

 The basin is also characterized by thin soils, which reduce the amount of ground-

water storage, and this leads to rapid surface water runoff during storms. A thick mantle 

of residuum (which usually exceeds 182.88 m in thickness), talus, and alluvial deposits 

that overlay carbonate rocks on the eastern slope of the Valley and Ridge Physiographic 

Province form the geology of this area (Hayes, 1991; Nelms et al., 1997). Another 

characteristic of this area are ridges, which are commonly held up by resistant quartzite, 

sandstone, and conglomerate. The valleys, on the contrary, are underlain by limestone, 

dolomite, and shale. This Basin is also characterized by the dissolution of soluble 

carbonate bedrock that results to sinkholes, caves, and underground drainage (Nelms et 

al., 1997). 

 The Shenandoah River Basin has a population of about 294,000, with 

approximately 178,000 persons residing in the South Fork Shenandoah River Basin 

(Solley and others, 1998). The populations of the North Fork Shenandoah River Basin 

and the Main Stem of the Shenandoah River Basin are approximately 92,000 and 24,000 
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persons, respectively. Almost 59 percent of the area is forest and wetlands (U.S. 

Environmental Protection Agency, 1996). About 38 percent of the area is agricultural; 

half in row crops and the other half pasture, hay, or grass, and less than 3 percent of the 

area is developed. Seventy-two percent of the total water use in the main stem 

Shenandoah River Basin is withdrawn from surface-water sources. Thirty-one percent of 

the total water use in the South Fork Shenandoah River Basin is from surface-water 

sources. Fifty-five percent of the total water use in the North Fork Shenandoah River 

Basin is from surface-water sources (Solley et al., 1998). The Valley has over one 

hundred rare, threatened, and endangered species of plants and animals and has one of the 

lowest percentages of intact riparian forests in the Mid-Atlantic region. The Valley’s 

complex climate, topography, geology, and ecology, combined with increasing 

population, changing land use and climate variability results in highly complex water 

quality problems in the Basin (Potomac Watershed Partnership, 2008a). 

Problem statement and history of pollution incidents in the Shenandoah 
River 

One of the most essential and valuable resources for life on earth is water. There 

is an ever-increasing stress on water resources, and as population increases, there is an 

ever-increasing pressure exerted on water resources (McGwire et al., 2000). Many 

countries depend on this resource for economic development. Water serves as a source of 

food, income and livelihood for many (Plaza et al., 2004). Equally, significant 

information on resources that support life in an ecosystem is provided by the quality of 

surface water (Mustaphal and Abdu, 2012). An increase in water pollution deteriorates 
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water quality and also threatens human health, aquatic ecosystem balance, economic 

development and social prosperity (Milovanovic, 2007). 

Sustainable water resources management requires continuous and accurate 

monitoring. Satellite observations have provided data for such monitoring for several 

years (Landgrebe, 1999) and have served at a time and the cost-effective way to carry out 

large-scale monitoring (Okin et al., 2001). Water pollution is a significant environmental 

issue, further limiting the availability of water for human and environmental use. In the 

Shenandoah River, several natural and anthropogenic processes affect the quality of 

streams and groundwater. According to the Virginia Department of Environmental 

Quality, the Shenandoah River is also affected by human activities as recreation, water 

supply, waste disposal, transportation, and hydropower. Typical major chemicals found 

in the Shenandoah Basin include nutrients (nitrogen and phosphorous), volatile organic 

compounds and chlorinated industrial compounds, trace elements and pesticides (USGS, 

1998). Although nutrients are essential for plant and animal growth and nourishment, an 

overabundance of some nutrients in water can disturb the river (Mueller and Helsel, 

1996). Pollution incidents in the Shenandoah have been reported by the Environmental 

Quality Department, between 1929 and 1950, where mercury waste from a now-defunct 

DuPont Co. facility contaminated the South Fork from Waynesboro to Front Royal. 

McGovern (2014), in a recent article on the Rockbridge Report, stated that mercury 

levels have mostly settled and do not appear to pose a significant health threat. The report 

also indicates that the river continues to maintain mercury advisory, the sponsorship of 
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scientists by DuPont to monitor fish health, and water quality has remained in place 

(McGovern S., http://rockbridgereport.washingtonandlee.net/?p=7053). 

 The Shenandoah serves as a popular fishing destination in Virginia (Virginia 

Association of Soil and Water Conservation Districts). However, fish deaths were 

observed for almost two months in 2003, from April to the end of May, when the bacteria 

are causing fish death subside as a result of warm waters. The Shenandoah River was 

affected by massive fish kill between 2003 and 2006, as reported by the Virginia 

Department of Environmental Quality. The Fishkill in 2003 was observed at the North 

Fork, and in 2004, it occurred along 160 km of the South Fork Shenandoah. Virginia 

Department of Environmental Quality also reports that; about 65 percent of the fish 

population had died by 2005, which is 13 times the number of fish death that observed in 

the river for an ordinary year (McGovern S., 2014; 

http://rockbridgereport.washingtonandlee.net/?p=7053). Almost a decade after this fish 

kill incident, its cause has yet to be identified, although a bacteria known as Aeromonas 

salmonids that are known for causing afflictions on fish has been identified. These 

bacteria produce minor to fatal tissue damage that can cut as thick as a fish’s backbone to 

the affected rivers, and this fish kill has impaired the river (Ripley et al., 2008). Although 

the fish kill rate has reduced since 2005, Aeromonas salmonids, which does very well 

under cold water conditions, and thrives in temperatures below 65 degrees year-round is 

still present in the Shenandoah and nearby waters. The Shenandoah River also has 

estrogenic compounds that can induce intersex (Lange et al., 2009 & Hahlbeck et al., 

2004), causing an adverse effect on the fish immune system (Iwanowicz and Ottinger, 

http://rockbridgereport.washingtonandlee.net/?p=7053
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2009; Robertson et al., 2009). The Virginia Game and Inland Fisheries Department is still 

to discover what is causing the presence on this bacterium in the Shenandoah River, 

which is a warm water body. Also, pharmaceuticals and hormones from sewage treatment 

facilities contribute to the fish deaths. Virginia Department of Environmental Quality also 

reports that many endocrine disruptors, such as certain soaps, found in household 

products have an effect on fish immune systems. Although a direct correlation between 

endocrine disruptors and the fish kills, the real cause has not been identified. It is 

however believed that pharmaceuticals, pesticides, and parasites have brought added 

stress to fish immune systems, affecting their ability to fight (Virginia Department of 

Environmental Quality).  

 Phosphorus, commonly found in fertilizer, agricultural pesticides, dyes, processed 

food, and alkaline detergent, although frequently found in the form of phosphates in the 

environment, serves as important substances in the human body, and phosphates take part 

in energy distribution, and commonly found in plants. Phosphorous also contaminates 

rivers and lakes along with residential and industrial wastewater, and agricultural runoff 

(Shimadzu Corporation). According to estimates from Alliance for the Chesapeake Bay 

(2004), there is also a total of 3.74 million lbs nitrogen and 526,514 lbs total phosphorus 

going into the Shenandoah River. They also estimate that 60 percent of nitrogen and 68 

percent of the phosphorus entering the Shenandoah River are from cropland agriculture. 

Data from US Geological Survey estimates indicate that groundwater levels of nitrate are 

among the highest in the nation. State experts believe that massive fish kills occur in the 

North Fork of the Shenandoah River is partially caused by nutrient pollution (McGovern 
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S., 2013). Suspended-sediment loads have also been demonstrated to be higher in years 

of high mean annual flow at North Fork Shenandoah River, and South Fork Shenandoah 

River (Senus et al., 2004).  

 Elevated concentrations of nitrogen and phosphorous can also result in periodic 

phytoplankton blooms and, an alteration of the natural trophic balance. The increasing 

human activity and river pollution from animal feeding operations are serious water 

quality concerns in the Shenandoah River (Ciparis et al., 2012).  Thirty-nine percent of 

the 7600 km2 of the Shenandoah watershed is agricultural land and, these areas in order 

for them to maintain grazing beef cattle receive manure from about 1200 animal feeding 

operations and 300 farms (Virginia Department of Conservation and Recreation 

(VADCR), 2010 and Virginia Department of Environmental Quality (VADEQ), 2006). 

Eutrophication and health on the aquatic organisms have made nutrient concentrations a 

concern in the Shenandoah River (Camargo et al., 2005; Guillette & Edwards, 2005; 

Johnson et al., 2010). Of the 81 municipal wastewater treatment plants, found on this 

watershed, (71) discharge less than 1 million gals of effluent per day into the river 

(Ciparis et al., 2012). These wastewater treatment plants can produce significant loads 

into the river, and to protect the river, these loads need to be reduced (Commonwealth of 

Virginia, 2005). Turbidity is becoming a persistent issue and a number pollutant in the 

Shenandoah River Basin and is proxy for suspended sediment. Water quality report from 

the Virginia Department of water quality indicates that high and persistent turbidity in the 

Shenandoah River watershed is becoming a serious problem (Virginia Water Quality 

Assessment, 2014). Although, almost all of the Shenandoah River basin is listed as 
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polluted (impaired) by the Virginia Department of Environmental Quality, Continuous 

research is taking place in this region in the spring to monitor fish health, and the effect 

the water could have on human population using the water for recreational purposes, as 

adverse impacts on the river could keep visitors away; resulting in income loss from 

tourism, fishing and other water sport-related activities  

(http://rockbridgereport.washingtonandlee.net/?p=7053). 

 Healthy and clear water are imperative to the plants and animals that live in the 

Shenandoah Basin. Previous studies by USGS show that the Basin has an excess of 

dissolved oxygen for fish, crabs, and other aquatic life to breathe, and few suspended 

sediments, so underwater bay grasses receive enough sunlight to grow. However, the 

ecology of the Shenandoah River basin is deteriorated by human action through organic 

contaminants and mineral contaminants such as heavy metals, phosphorus, and different 

forms of nitrogen, which has been incorporated into the food chain as a result of human 

activities such as manure and fertilizer applications. It is necessary to control and prevent 

the surface water pollution and to have reliable information on its quality for active 

management (Singh et al., 2005). 

 A major difficulty in assessing surface water quality is identifying the sources of 

pollutants and the contribution of the parameters/variables that explain water quality 

variation (Fataei, 2011; Zhang et al., 2011; Mustaphal and Abdu, 2012). This study 

investigates the temporal and spatial changes in water quality across the three rivers of 

the Shenandoah River basin using spectral imaging, point spectroscopy, chemometrics 

and water quality modeling. A handheld field spectrometer along with in-situ water 
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quality monitoring was used to determine the concentration range within which the 

quantitation of chlorophyll-a, (chl-a), colored dissolved organic matter, turbidity, 

phosphorus, and nitrogen. We also used hydrologic simulation to develop an efficient 

water quality forecasting method for the Shenandoah River, and the results combined 

with the remote sensing and in-situ data through data fusion, which maximally reduces 

uncertainty. This is paramount because phosphorous and nitrogen, which enhance the 

growth of plankton in lakes and rivers, are useful indicators of the level of eutrophication 

(Mueller and Helsel, 1996). Therefore, measuring the river nutrient level is necessary for 

water quality management.  

Scientific approach 
Accurate, reliable, and skillful forecasting of water variables such as chlorophyll, 

colored dissolved organic matter, turbidity, nitrogen, and phosphorous are of paramount 

importance due to their strong influence on water resources. Remote sensing, however, 

holds great promise for water quality measurements (Hakvoort et al., 2002; Lee et al., 

2002; Tilley et al., 2003; Dekker and Brandon, 2003; Govender et al., 2006).  Similarly, 

water quality models have also been useful tools to simulate and predict the levels of 

pollutants in given water body (Wang et al., 2013). Results from models such as 

(WASP), Water Quality Simulation Program model (Wool et al., 2003), can serve as a 

basis and technical support for environmental management agencies to make right 

decisions (Wang et al., 2013). However, field observation and models each has 

uncertainties and merging these two in a systematic and efficient way results in an 
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improvement of water quality prediction. Data fusion provides a mechanism to combine 

these two sources of estimation.  

Determining the conditions and parameters of water quality conditions and 

parameters is one of the major advantages of hyperspectral remote sensing technologies. 

Hyperspectral reflectance technology has been broadly used to examine and monitor 

water quality conditions of many open water aquatic ecosystems (Govender et al., 2006). 

Hyperspectral remote sensing has been used to characterize algal blooms (Stumpf, 2001) 

and assess ammonia dynamics for wetland treatments (Tilley et al., 2003). Tilley et al., 

(2003) also developed remotely sensed hyperspectral signatures of macrophytes to 

monitor changes in wetland water quality predictors of total ammonia concentrations. 

Hyperspectral remote sensing has also been used to determine water quality parameters 

like temperature, chlorophyll a, and total suspended solids (Hakvoort et al., 2002; Vos et 

al., 2003), and total phosphorus (Koponen et al., 2002), and turbidity, Lillesand et al., 

(1983); Lathrop and Lillesand, (1989) studied lakes and reservoirs, estuaries (Harding et 

al., 1995), and tropical coastal areas (Ruiz-Azuara, 1995). Other water quality studies on 

monitoring surface water bodies in different parts of the world (e.g., Shafique et al., 2003, 

Goodenough, 2001, Brezonik et al., 2005, Bagheri and Dios, 1998, Tilley and Baldwin, 

2005, and Yang et al., 2000) have all been interested in modeling and development of 

concentration distribution maps for different water quality parameters based on its 

reflectance characteristics. Algal concentrations in water through hyperspectral remote 

sensing images have been undertaken in the estimation of chlorophyll that is then used as 

an estimate for monitoring algal content and hence water quality. This approach has been 
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adopted because wavelengths corresponding with the peak reflectance of blue-green and 

green algae are close together it is harder to differentiate between them (Govender et al., 

2006).  Hakvoort et al., (2002), however, demonstrate that hyperspectral imagers allow 

for improved detection of chlorophyll and hence algae, as a result of acquired narrow 

spectral bands between 450 nm and 600 nm. 

   Apart from the water quality estimation with remote sensing techniques, 

mathematical models have also recently become an accepted part of the process of 

establishing and evaluating alternative scenarios for water quality management 

(http://cedb.asce.org/cgi/WWWdisplay.cgi?76088). These models simulate hydrologic 

processes and water quality parameters in a holistic manner and have been developed for 

more than half a century and have emerged as an outstanding scientific research and 

management mechanism, especially in efforts to understand and control water pollution 

(WMO 1994). Water quality models have, however, resulted in concerns about 

uncertainties in model structure and predictive capabilities. There also exist data quality 

as well as the quality of the information required for reliable decisions 

(http://cedb.asce.org/cgi/WWWdisplay.cgi?76088), with questions about the proper role 

of such tools and how they can be most adequately used in water quality decision making 

is still pending, Orlob, G. (1992). Although, models such as (GLEAMS) Groundwater 

Loading Effects of Agricultural Management Systems (Leonard et al., 1987) and 

(CREAMS) Chemicals, Runoff, and Erosion from Agricultural Management Systems 

(Knisel, 1980), were initially developed in field scale, all these models are currently 

being enhanced and used for watershed studies (Parson, 2001). Each model is constructed 
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for different purposes and applications, and they vary significantly. They can be used to 

predict one or more of the following impacts: (1) streamflow change; (2) Agricultural 

Nonpoint pollution source changes; (3) Urban Nonpoint and point source pollution 

changes; and (4) biological indices of ecosystem condition changes (Karr and Dudley, 

1981). This study will use the Water Quality Simulation Program (WASP7), an 

improvement of the initial WASP (Di Toro et al., 1983; Connolly and Winfield, 1984; 

Ambrose, R.B. et al., 1988 (Wool et al., 2007). 

 When predicting water quality problems with models, integration of observations 

is a critical issue for model quality. Satellite measurements (retrievals) of water quality 

are subject to the uncertainty that can be attributed to the instrument and complex 

environmental variables involved in remote sensing data collection. Data fusion theory 

provides methods for optimally merging the information from uncertain remote sensing 

observations and uncertain model predictions (Errico 1999; Errico et al., 2000) for the 

best estimate of the state of a physical system. It has also been widely used in 

oceanography (Bennett, 1992) to improve the prediction of ocean dynamics by using all 

available observations, and state-of-the-art data fusion produces the best reasonable 

measure of the state of the atmosphere (Kistler et al., 2001; Compo et al. 2006). 

Although, meaningful advancements have been made by hydrologists in modeling water 

quality, the uses of data fusion in this domain of research are still lacking, and data input 

and output display remain to be improved for practical applications. Kalman filter 

algorithms currently used by several researchers to assist in processing data, develop 

improved relationships between hydrologic processes, and in some cases, are essential in 
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this research in filling voids in field measurement. 

Research objectives 
 The combination of several hundred spectral bands in a single acquisition has 

been made feasible by hyperspectral systems, which produce more detailed spectral data. 

Prior to advances in hyperspectral remote sensing, the multispectral imagery was the only 

data source in land and water observational remote sensing from airborne and spacecraft 

operations since the 1960s (Landgrebe, 1999). However, multispectral remote sensing 

data were only collected in three to six spectral bands in a single observation from the 

visible near infrared, and shortwave infrared regions of the electromagnetic spectrum 

making it difficult to examine water quality from this data source. We intend to use 

hyperspectral remote sensing, combined with field spectroradiometer measurements, to 

attain the following objectives; 

 The principle goal of this investigation is to use spectroscopy, chemometrics, 

water quality modeling, and data fusion to estimate the spatial and temporal variability of 

water quality, which takes into consideration uncertainty from in-situ measurements, 

model output, and airborne observation. In this research, the optical models and spatial 

information available from spectroscopic data are integrated to improve the accuracy of 

quantification of water quality using the multiband quasi-analytical algorithm to retrieve 

inherent optical properties of the river for phytoplankton pigment due to its close 

association with chlorophyll-a (chl-a), colored dissolved organic matter, and turbidity or 

total suspended sediments (Lee et al., 2010). We also use partial least square regression 

to predict river nutrients (total nitrogen and phosphorous) concentration from 
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spectroscopy.  A second part of this study uses a water quality simulation program 

(WASP) to simulate nutrients (nitrogen/total phosphorous), dissolved oxygen and colored 

dissolved organic matter while a third and final section of this research utilizes data 

fusion to improve our results from the previous two sections. The research study will 

have the following primary outcome: to estimate the seasonal and temporal effects of 

phytoplankton, turbidity, colored dissolved organic matter, total phosphorous, and 

nitrogen on the Shenandoah River. 

1. To validate the use of bio-optical and chemometric algorithms developed with in-

situ data from the Shenandoah River, and applied to airborne hyperspectral imagery from 

airborne real-time cueing hyperspectral enhanced reconnaissance (ARCHER) cap, to 

estimate water quality constituents in the area.  

2. To simulate water quality and to conduct an uncertainty analysis of the state 

variables for the Shenandoah River using the advanced eutrophication module, which 

simulates phytoplankton-nutrient-oxygen dynamics in a water body. 

3. To explore the effectiveness of combining water quality modeling, in-situ 

observations, and hyperspectral remote sensing data to estimate water quality using 

Kalman filter merging approach, which maximally reduce uncertainty.  

Hypothesis 
To answer all the questions and attain the objectives set forth for this study, we 

hypothesize that sensitivity and uncertainty from water quality remote sensing and water 

quality modeling can be improved through data fusion for a better prediction of water 

quality in the Shenandoah River Basin. 
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Study framework 
 The dissertation consists of three parts. The first part emphasizes the importance 

of remote sensing data, modeling, and data fusion in water quality management and 

highlight the objective and hypothesis of the present research study. 

     The second part reviews existing literature on hyperspectral/spectroradiometer 

remote sensing of water quality, water quality simulation with WASP, and data fusion. 

This section also thoroughly explains methods of analyzing hyperspectral remote sensing 

data, data collection with a field spectrometer, water quality simulation approach with 

WASP, and steps in Kalman filter data fusion process. 

     The third part presents the results of using of hyperspectral remote sensing and 

field data. This section also presents results from water quality modeling and Kalman 

Filter (KF) data fusion for effective and efficient monitoring of water quality parameters 

in the Shenandoah River Basin. 

Organization of the Dissertation 
The chapter description of this dissertation is as follows:  

 Chapter 1 presents the study area, the nature of the problem, and justification of 

the study, research questions, and objectives of the investigation, hypothesis, and 

research framework. 

 Chapter 2 deals with the conceptual framework and starts by defining the 

concepts of interest, which include: hyperspectral remote sensing, field spectrometer 

data, and remote sensing of water quality. Research has shown that remote sensing; GIS 

and hydrological models can be integrated to solve hydrological problems (Wang et. al., 
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2008). Here we review relevant literature on research in hyperspectral remote sensing 

that examines water quality parameters like suspended sediments, turbidity, chlorophyll-

a, and total phosphorus as investigated by numerous researchers. Literature is also 

presented on the importance of numerical models in water quality studies, which has 

resulted in incorporating a variety of physical, chemical, and biological processes that 

control the transport and transformation of these variables into an output that predicts the 

state of a water body. Unique characteristics of hyperspectral remote sensing data are 

introduced. This chapter also shows the significant relationship between simulated 

satellite data, a derivative of reflectance and water quality simulated outputs from models 

such as WASP for measurement of nitrogen, total phosphorus dynamics of a water body. 

This chapter also places emphasis on research using data fusion in science for better 

estimates with reduced levels of uncertainty. This chapter shows that field observations/ 

spectroscopy, and water quality modeling are very instrumental in the accuracy of the 

data fusion process. 

 Chapter 3 presents the methodology for the analysis of visible to infrared 

hyperspectral remote sensing data from ARCHER aircraft and data collected with a 

handheld field portable spectroradiometer, to retrieve and establish a relationship 

between water quality parameters like chlorophyll a, colored dissolved organic matter, 

turbidity, phosphorus, and nitrogen in the Shenandoah River Basin. A detailed approach 

is also presented to simulate water quality using the water quality simulation program 

WASP7. We also present the method to merge measurements from spectroscopy/field 

observations with our numerical model output from WASP to obtain the best possible 
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estimate of water quality concentrations. The approach used is the Kalman filter (KF) 

data fusion method which maximally reduce uncertainty when used for estimations. 

 Chapter 4 Here we  investigates the water quality changes with field 

spectroscopy, and chemometrics and applied to airboren data, to determine the 

concentration of chlorophyll-a, colored dissolved organic matter, turbidity, phosphorus, 

and nitrogen in the Shenandoah River basin. We start by describing the practical 

application of hyperspectral remote sensing data in water quality modeling. Estimate the 

surface inherent optical properties of absorption and backscattering of chlorophyll a, 

colored dissolved organic matter, and turbidity.  Secondly, partial least square regression 

is used to estimate turbidity, total phosphorus, and total nitrogen and the results are 

combined with airborne ARCHER data to map water quality in the Shenandoah River 

 Chapter 5 focuses on using water quality simulation program (WASP) to predict 

water quality in the Shenandoah River basin. Here, a calibrated WASP model is set up to 

simulate the hydrodynamic processes and water quality conditions in Shenandoah River 

basin. We use the WASP hydrodynamic, heat, and eutrophication sub-models to examine 

water quality variables like nitrogen, total phosphorus, and temperature, and the output 

will be compared with in situ measurements. Global and local sensitivity analyzes are 

also estimated for all water quality parameters considered in this study. We will also 

compute the error, which is used together with the sensitivity values to evaluate the best 

model for application in terms of an index of utility. 

 In Chapter 6 we present results of data fusion approach in an attempt to deal with 

the uncertainty that results from the analysis of remote sensing/field data collection and 
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water quality modeling output. The objective of this chapter is to merge the information 

obtained remote sensing data/field measurments and model estimates in an effort to 

develop an effective way to improve accuracy of water quality prediction by reducing 

uncertainties in the initial conditions,limited number of available observations with 

Kalman filter which attains this objective. 

 Finally, in Chapter 7, we present the general conclusions in which each objective 

is addressed with its findings and hypothesis. We also present an explanation on the 

variability in water quality retrieval in the Shenandoah River with ARCHER data by 

including temperature, stream flow, velocity, geomorphology and geology in our 

analysis. We also present recommendations for water quality monitoring with 

hyperspectral remote sensing, water quality modeling and data fusion in hydrology and 

water management. Finally we discuss the major contribution of this research.  
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CHAPTER TWO 

 

CONCEPTUAL FRAMEWORK: CONCEPTS AND REVIEW OF RESEARCH 

ON REMOTE SENSING OF WATER QUALITY, WATER QUALITY 

MODELING, AND DATA FUSION 

 

Introduction 

 The spectral signature changes in the water can be measured and relate them to 

empirical or analytical models to a water quality parameter through remote sensing 

techniques (Shafique et al. 2001). Since the 1960s, the earth’s resources have been 

monitored from space by the National Aeronautics and Space Administration (NASA) 

with multispectral scanners, which collect data sets in about 5 to 10 bands of relatively 

large bandwidths (70- 400 nm), (Landgrebe, 1999). The spectral resolution of data from 

the multispectral scanners was limited in adequately evaluating water quality, and starting 

in the mid-80s, hyperspectral remote sensing with a higher spectral resolution (i.e. 224 

bands), and 30-meters in spatial resolution covering wavelengths from the 400 to 2500 

nanometers (nm) "in the visible and near-infrared bands of the spectrum" (Field 

Assessment of a Fiber Optic Spectral Reflectance System 

http://horttech.ashspublications.org/content/6/1/73.full.pdf) became available for earth 

sciences including water quality monitoring. Some of these hyperspectral sensors include 

FTHSI on MightySat II, Hyperion on NASA EO-1, AVIRIS (Airborne Visible Infrared 
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Imaging Spectrometer), ARCHER (Airborne real-time cueing hyperspectral enhanced 

reconnaissance), HYDICE (Hyperspectral Digital Imagery Collection Experiment), 

PROBE-1, CASI (Compact Airborne Spectrographic Imager), and HyMap. The 

ARCHER sensor, which is of interest to this research, is used to estimate the water 

quality parameters. The very high spectral resolution of hyperspectral sensors gives them 

the advantage over multispectral sensors in facilitating exceptional differentiation of 

“targets based on their spectral response in each of the narrow bands” (Landgrebe, 1999). 

This spectral information has made hyperspectral sensor data very useful in estimating 

dissolved organic matter, chlorophyll and total suspended matter concentrations of from 

optical remote sensing technologies (Hakvoort et al., 2002). The objective of this chapter 

is to review the literature in water quality as it relates to remote sensing, water quality 

modeling, and data fusion. 

Airborne real-time cueing hyperspectral enhanced reconnaissance 
 Airborne Real-Time Cueing Hyperspectral Enhance Reconnaissance (ARCHER) 

is a hyperspectral imaging hardware and software procured by the Civil Air Patrol (CAP). 

The mission was primarily designed for search and rescue (Stevenson et al., 2005), 

however, over the years, it has been extended for drug prevention, disaster assessment 

/relieve and homeland security (http://dnr.mo.gov/env/hwp/hsi/cap-archer.pdf). 

ARCHER combines hyperspectral imaging technology with real-time data processing 

abilities to assist CAP fast detection of ground targets by CAP operators. It also has the 

capabilities to collect simultaneously and process both hyperspectral and high-resolution 

imagery. The ARCHER system is installed on a fleet of Gippsland GA-8 aircraft 

http://dnr.mo.gov/env/hwp/hsi/cap-archer.pdf
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“contains an advanced hyperspectral imaging (HSI) system and a high-resolution 

panchromatic imagery (HRI) camera” (Stevenson et al., 2005). The CAP ARCHER 

program was started in 2003 and Space Computer Corporation of Los Angeles delivers 

the hyperspectral imaging (HIS) sensor and processing units and the system hardware 

supplied by NovaSol Corp of Honolulu in Hawaii for Civil Air Patrol (CAP).  By January 

2007, 16 initial aircraft deployments were completed throughout the United States with 

more than 100 trained CAP members 

(http://www.au.af.mil/au/holmcenter/CAPUSAF/documents/CAPARCHERFactSheet-

September2007.pdf). The ARCHER system is a non-invasive deflective light technology 

and cannot make detections through roofs, buildings, walls, floors, underground, under 

snow, underwater and at night (Figure 2). 

 ARCHER mission altitude is at 2, 500 ft AGL at a ground speed of 100 knots for 

easy visibility of “objects that are at least one square meter within the ground swath of 

500 meters” (Stevenson et al., 2005).  The sensor processes visible and near infrared 

spectrum with a pixel resolution one square meter (1x1). It has a high-resolution imaging 

camera that provides imagery of the ground with a pixel size of 8cm x 8cm. The sensor 

also has global positioning system (GPS) receiver and inertial navigation system (INS) 

that provides the location, to assist in the accurate position of each image pixel on a 

virtual map in real time during a mission, the GPS receiver also aids in the heading and 

the altitude of the aircraft. The ARCHER hyperspectral imagery has 52 bands, which 

goes from 500 nm to 1100 nm with a spectral resolution of 11.5 nm. The computational 

algorithms developed to process ARCHER data only use the first 40 band because the 

http://www.au.af.mil/au/holmcenter/CAPUSAF/documents/CAPARCHERFactSheet-September2007.pdf
http://www.au.af.mil/au/holmcenter/CAPUSAF/documents/CAPARCHERFactSheet-September2007.pdf
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bands above 960 nm are usually not too useful because of too much noise 

(http://www.au.af.mil/au/holmcenter/CAPUSAF/documents/CAPARCHERFactSheet-

September2007.pdf). 

 

 

 

  
Figure 2. ARCHER Install Configuration Sensor Plate and System Rack Installed in the GA-8 Airvan 

(Stevenson et al., 2005) 

 

 

 The CAP-ARCHER system has a Space Computer Corporation (SCC) developed 

onboard data processing system for real-time processing capabilities which include data 

“acquisition and recording, raw data correction, target detection, cueing and chipping, 

http://www.au.af.mil/au/holmcenter/CAPUSAF/documents/CAPARCHERFactSheet-September2007.pdf
http://www.au.af.mil/au/holmcenter/CAPUSAF/documents/CAPARCHERFactSheet-September2007.pdf
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precision image geo-registration, and display and dissemination of image products and 

target cue information” (Stevenson et al., 2005). The ARCHER system also contains a 

ground-based processor (Figure 3) for post-flight analysis. The ground station also has all 

the processing capabilities of the airborne system and is extensively used for training 

(Exelis 2014). The ground processor is a Pentium PC dual-processor, which runs both 

Windows XP Pro and the ARCHER software simultaneously as well as two high-

resolution flat-panel monitors, where one monitor is for GeoPaintTM display, and the 

other to the Chip Viewer window (Figure 3). 

 

 

 

 

 
Figure 3. The ARCHER ground station. Dual, high-resolution monitors allow simultaneous views of the 

GeoPaint® (left) and GeoView (right) windows (Stevenson et al., 2005). 

 

 

 This contiguous, narrow bandwidths characteristic of hyperspectral data provide 

for a detailed review of earth surface features which would otherwise be lost within the 

relatively coarse bandwidths acquired with multispectral scanners (Govender et al., 
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2006). This enables the construction of an almost continuous reflectance spectrum for 

every pixel in the scene (Govender et al., 2006). Data from hyperspectral imaging sensors 

have been used for more than three decades in several applications in water resource 

control, agriculture, geology, and environmental monitoring (Smith, 2001a), in the 

detection and classification of diverse surface targets, topographical features, and 

geological features. 

Field Spectrometer 
Measurements with remote sensing have been tested with data gathered with a 

field spectrometer in the extraction of ancient and current 

"(http://mrajamanickamcoastrsgis1979.yolasite.com/resources/Hyperspectral_paper/Res

earch%20Paper-Hyperspectral-1a.doc) water health measures, resulting in the 

development of complete dataset references that are valuable in the evaluation 

(http://eo1.usgs.gov/sensors/hyperion) and trending of differences in water quality across 

time. To effectively carry out a remote sensing study, there is a need to implement 

correctly field reflectance and radiometric measurements, without dependence on a lab, 

and PAnalytical Inc. (formerly Advanced Spectral Device Inc.) fieldspec® line of 

spectroradiometers, allows various configuration options for a water body review useful 

for this study. The handheld fieldSpec is the latest in the field spec line of advanced 

visible/near-infrared spectroradiometers, which provides truly portable, quickly derived 

precision reflectance, radiance, and irradiance spectra in a variety of environments. The 

handheld 2 offer greater sensitivity for measurements in any application with low 
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reflectances, such as forestry, plant physiology, and oceanography and inland water 

bodies. (Http://www.asdi.com). 

 The field spec (Figure 4) is a 512 element photodiode array spectrometer which 

provides the performance needed for a broad range of applications with a wavelength 

spectrum of 325-1075 nm wavelength range, accuracy of +/- 1.0 nm, 3 nm resolution at 

700 nm, and standard 25° field-of-view, 1.5 nm sampling (bandwidth), 3.5 nm resolution 

and scan intervals as short as 17 ms (http://www.laboratorynetwork.com/doc/FieldSpec-

HandHeld-0001). The instrument has a built-in shutter, DriftLock dark current 

compensation, and second-order sorting filter to generate a "high signal-to-noise 

spectrum in under a second" and this provides data that are free from errors often 

associated with other low-cost instruments. It also comes with the spectral acquisition 

(RS3) software, which can easily be used to view reflectance, radiance, or irradiance 

spectra in, real-time (http://www.laboratorynetwork.com/doc/FieldSpec-HandHeld-

0001). 

 Other features of the device include: User selectable of 2n x17 milliseconds for n 

= 0, 1, 15; up to 31,800 spectral scans can be averaged; 1.6 nm spectral sampling interval; 

maximum radiance values are well in excess of twice those for a 0° solar "zenith angle 

and a 100% reflectance Lambertian. The device is also GPS fit with an associate GPS 

transceiver" (http://eo1.usgs.gov/sensors/hyperion) specially designed to work with the 

equipment. It has a self-contained data collection with significant spectrum storage 

capacity and an on-board color display that facilitates more efficient field work by 

eliminating the need to be continuously attached to a computer. This instrument 

http://www.asdi.com/
http://www.laboratorynetwork.com/doc/FieldSpec-HandHeld-0001
http://www.laboratorynetwork.com/doc/FieldSpec-HandHeld-0001
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minimizes time spent in the field collecting spectra while maximizing the quality of the 

results. (Http://www.asdi.com). 

 

 
Figure 4. HandHeld2 Portable Spectroradiometer 

 

The application of hyperspectral remote sensing techniques to water resource 

problems is proving to be the most in-depth way of examining spatial, spectral and 

temporal variations to derive more accurate estimates of information required for water 

resource applications (Govender et al., 2006). This emergence offers the capability of 

covering large areas on a real time scale to directly monitor and characterize 

environmental pollutants entering a body of water. Addressing the problem of colored 

dissolved organic matter (CDOM), Nelson and Guarda, (1995) in the South Atlantic 

Bight, and Vodacek et al., (1997) in the Mid-Atlantic, examined the visible absorption 

spectra and characteristics of particulate and dissolved materials. Both studies 

demonstrated that colored dissolved organic matter comes mostly from riverine runoff, 

and it is also very common and abundant in natural waters, which have a significant 

portion of the dissolved organic matter (10-90%), and influences water leaving radiances 

(Carder, 1991). Another chlorophyll retrieval study by Fischer (2002) used chlorophyll 

http://www.asdi.com/
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algorithms to describe coastal properties in the Monterey Bay through hyperspectral 

remote sensing. Using a composite Airborne Visible/Infrared Imaging Spectrometer 

(AVIRIS) to examine marine environment changes, the Sea-viewing Wide Field-of-view 

Sensor (SeaWiFS) algorithm was applied to derive chlorophyll information. The study 

showed the importance of high spatial resolution in representing the coastal ocean in the 

Monterey Bay, though; additional research using higher hyperspectral resolution on the 

phytoplankton pigment spectral absorbance was recommended. 

Kirkpatrick et al., (2003), indicate that a considerable portion of the organic 

carbon in the oceans is found as dissolved organic matter (DOM); and a better 

understanding of the distribution and dynamics of DOM is necessary for understanding 

global carbon cycles. The authors also demonstrate that CDOM is often present in 

concentrations sufficient to affect the color of lakes, estuaries, and nearshore coastal 

waters, although other studies have showed that CDOM absorption does not correlate 

with chlorophyll-a (Rochelle-Newall et al., 1999; Rochelle-Newall and Fisher, 2002). 

Brando and Dekker, 2003, used spectroscopy to test for its capabilities over a range of 

water targets in eastern Australia using open ocean flushing and a combination of turbid 

and humic river inputs, to determine the water quality of the bay. An integrated 

atmospheric and hydro-optical radiative transfer, models (MODTRAN- 4, Hydrolight) 

was developed to estimate the underwater light field. A matrix inversion approach was 

used to retrieve chlorophyll-a, dissolved organic matter, and suspended matter 

concentrations. The research demonstrated that Hyperion has enough sensitivity to map 

optical water quality concentrations of total suspended matter, dissolved organic matter, 
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chlorophyll, and concurrently in the complex waters of estuarine and coastal systems of 

Moreton Bay. The results obtained from this retrieval were comparable to those estimated 

in the field campaigns, which were coincident with Hyperion overpasses. Shafique et al., 

2003, in a similar study, collected three sets of remote sensing and ground-truth data to 

evaluate the correlations between reflection data and water quality analyzes to develop 

optical indicators of water quality constituents. Imagery and field reflectance data and 

water quality samples were collected the river in 1999 concurrently, and 2001, in 

southwest Ohio, and results showed a correlation between the spectral data and water 

quality parameters.  

Brezonik et al., (2005), used Landsat-based remote sensing to characterize 

Chlorophyll a, Total Suspended sediments (TSS), turbidity, and Secchi-Disk transparency 

(SDT) of lake water quality.  All three variables demonstrated a high correlation with 

each other and all act as direct or indirect measures of algal abundance in Minnesota 

lakes. The results of this study also showed that chl-a and turbidity can be estimated from 

Landsat data if the near-contemporaneous ground measurements are available for 

calibration.  Also, Kneubühler et al., (2005) in evaluating total chlorophyll content 

(TCHL) concentration, used spectral reflectance data measured at 1m above the water 

surface with a handheld field-spectroradiometer, applied the semi-analytical algorithms. 

The results proved to be valuable for an enormous range of observed TCHL 

concentrations (0–460 μg/L), high r2, and low mean deviations. Dingtian et al., (2006) 

used hyperspectral remote sensing images and field reflectance measurements with Field 

spec, to characterize chl-a and suspended solids in Taihu Lake, China. Their results 
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showed that the relationship between chl-a and wavelengths in Taihu Lake in different 

seasons, with an average correlation coefficient of more than 0.65. This research showed 

success in the application of hyperspectral remote sensing in retrieving chl-a and 

suspended solid concentrations.  

Giardino et al., (2007), used hyperspectral data to map chlorophyll-a and tripton 

concentrations in Lake Garda based on the forward and inverse Bio-optical modeling. 

The research demonstrated that Hyperion-derived concentrations were on average 

comparable to in situ data for chlorophyll-a. The authors, however, mentioned that the 

same analysis was more complicated for tripton since some incompatibilities of methods 

occurred. This study demonstrated that the spatial and spectral resolutions of Hyperion 

and the capability of physics-based approaches were considered highly suitable, although 

more research was necessary to address the compatibilities of methods for monitoring 

water body features with a high rate of wind or wave driven change. This study also 

showed that procedures used can be transferred to other water bodies if the optical 

characterization of the water body is known, and information about atmospheric 

properties during the satellite overpass is accessible. Similarly, in 2010, Giardino et al., 

also used satellite data and field spectrometer data to estimate chl-a as an indicator of the 

trophic level, and CDOM in the Curonian Lagoon. A PAnalytical handheld 

spectroradiometer in situ Rrs spectra was used to parameterize a semi-empirical 

algorithm for retrieving chl-a concentrations and to validate the performances of two 

atmospheric correction algorithms, to build a bond ratio algorithm for chl-a and to 
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validate MERIS-derived maps. Results from this combined in situ and calibration study 

confirmed the hypertrophic/dystrophic conditions of the Curonian Lagoon. 

 Santini et al., (2010), to analyze colored dissolved organic matter (CDOM), used 

hyperspectral remote sensing techniques ranging from empirical algorithm to complex 

physics-based models to retrieve water quality constituent. With the empirical approach, 

acceptable results for the CDOM concentrations were returned. The study also showed a 

correlation index of over 0.82, between the laboratory CDOM concentrations and model 

output. The study showed that the physical model could be used to retrieve 

simultaneously of chlorophyll and the total suspended matter concentrations. Another 

research studying the relationship between suspended sediments and reflectance has been 

demonstrated to rely on physical and optical characteristics of sediment type and sensor 

zenith angle (Chen et al. 1991), and the properties of scattering and absorption of 

sediment type affect water reflectance (Novo et al. 1989). 

 Xiao et al., (2012), explored the potential of in situ hyperspectral remote sensing 

for estimating chlorophyll-a and phycocyanin concentrations of a water body. In situ 

measurements of the lake surface reflectance at the five sites, was examined using 

PAnalytical fieldspec3 spectroradiometer to investigate the relationship between 

PAnalytical -based reflectance data and chlorophyll-a and phycocyanin concentrations at 

different depths of water. The study show significant correlations between lake surface 

reflectance and chlorophyll-a and phycocyanin concentrations in upper mixed surface 

waters (0 to 1 m depth) at these five sites. Hommersom et al. (2012), also used 

PAnalytical field spec to carry out measurements in the central basin of Lake Vänern and 



34 

 

matrix inversion algorithms were used to derive parameters such as chl-a and suspended 

particulate matter (SPM) concentrations, the absorption by colored dissolved organic 

matter (CDOM) at 440 nm. Maltese et al. (2013), retrieved turbidity from MODIS data 

and PAnalytical handheld spectrometer was used to obtain underwater irradiances at 11 

depths from just below the water’s surface, up to 5.5 meters. In situ data, acquired during 

the spring and summer, were used to enhance locally the retrieval of water surface 

nephelometric turbidity through satellite images.  

 

Table 1. Selected Hyperspectral Remote Sensing research from 1995 – 2013 

Author Variable  Sensor Year 

Nelson & Guarda Colored dissolved organic 

matter 

Hyperspectral 1995 

Vodacek et al. Colored dissolved organic 

matter 

Hyperspectral 1997 

Fischer  Chlorophyll AVIRIS 2002 

Kirkpatrick et al. Dissolved organic matter  2003 

Brando & Dekker CDOM, turbidity, 

Chlorophyll  

Hyperion 2003 

Brezonik et al., Chl, TSS, Turbidity, SDT Landsat 2005 

Kneubühler et al. Total chlorophyll  Handheld field-

spectrometer 

2005 

Dingtian et al. Chl, and suspended solids Hyperion and 

Fieldspec 

2006 

Giardino et al. Chlorophyll-a, tripton, 

CDOM 

MERIS & 

fieldspec 

2007, 2012 

Santini et al. CDOM Hyperspectral 2010 

Xiao et al. Chlorophyll-a and 

phycocyanin 

Handheld field-

spectrometer 

2012 

Hommersom et al. Chl a, TSS & CDOM Handheld field-

spectrometer 

2012 

Maltese et al. Turbidity MODIS 2013 
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Remote sensing data analysis approaches 
There exist two main approaches to examining water quality from remotely 

sensed data: the (semi-) empirical approach and the (semi-) analytical method (e.g., 

Ritchie et al. 2003, Cannizzaro and Carder 2006, Giardino et al. 2007, Kallio 2000, 

Knaeps et al. 2010, Lee et al., 2010). The most common are the semi-empirical and 

empirical approaches where water quality is determined by statistical relationships 

between measured spectral properties (reflectance) and the measured water quality 

parameter of interest (Ritchie et al., 2003). Ocean color derivation algorithms for 

chlorophyll-a concentration have applied this approach to high correlations between chl-a 

and the blue and green spectral regions (chl-a has absorption maxima at 430 nm-450 nm 

and 660 nm-680 nm (nanometers)) Reif (2011). However, Dall’Olmo and Gitelson 

(2005), have illustrated that, these spectral regions typically do not work, and this 

problem has been fixed by subtracting the effects of other factors on reflectance around 

the peak at 670 nm using a three-band reflectance model (Dall’Olmo et al., 2003; 

Gitelson et al., 2003, 2008). 

Using the empirical approaches, statistical regressions are established between 

reflectance values extracted from the imagery (individual bands, band combinations, or 

ratios) with concurrent in situ water quality measurements for correlation and validation 

well for retrieval of chl-a in waters with increased turbidity and overlapping absorption of 

dissolved organic matter and tripton (Gitelson et al., 2008 In Reif, 2011). Using these 

method wavelengths are typically analyzed and selected from regions in the spectrum in 

which reflectance and absorption are strongly impacted by the parameter of interest 

(Kallio, 2000). Band ratio algorithms between a reflectance peak near 700 nm and an 
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absorption peak (red chl-a absorption band) around 670 nm - 680 nm have been 

developed for turbid water environments to retrieve chlorophyll (Reif, 2011). Though the 

empirical approach has shown some success, it has the disadvantages that they require in 

situ sampling for testing and validation and they tend to be scene dependent, to apply 

locally to the specific data from which they were derived (Lathrop, 1992; Giardino et al., 

2007; Kallio, 2000; Ritchie et al., 2003).  

To solve this problem analytically and semi-analytical approaches that refer to 

more complex modeling in which water parameter concentrations are physically related 

to the measured reflectance spectra by evaluating their absorption and scatter coefficients 

at multiple wavelengths is necessary to take care of the problems (Reif, 2011). This 

method establishes sophisticated radiative transfer equations, relationships between water 

reflectance and the concentration of constituents and their specified inherent optical 

properties (SIOPS) (Giardino et al., 2007; Kallio, 2000; Knaeps et al.; 2010; Ritchie et 

al., 2003). Using the analytical approach, the radiative transfer equation is inverted to 

determine water quality parameters, and several inversion processes have been developed 

for this purpose (Lee et al., 1999; Mobley et al., 2005) and have been shown to optimize 

unknown parameters when measured input are not available (Giardino et al., 2007; Kim 

et al., 2010; Lee et al., 1999; Santini et al., 2010). 

To separate bottom reflectance from water column spectra, the inversion approach 

has been vital in shallow waters where the water-leaving radiance/reflectance likely 

contains some spectral information from the bottom reflectance as well as the water 

column (Cannizzaro and Carder 2006; Kim et al., 2010; Reif, 2011). Using the simple 
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methods like the empirical method, optically, shallow water can result in an 

overestimation of water column constituents caused by high reflectance values primarily 

from the bottom reflectance (Lee et al., 2001). Comparing empirical and analytical 

approaches, it can be noted that analytical and semi-analytical approaches are preferred 

for the subsequent reasons 1) they can be used to estimate both optically profound and 

shallow water optical properties, and the bottoms of optically shallow waters with 

physics-based modeling, 2) The approach does not require in situ water quality 

measurements to model, resulting in its independence, and 3) analytical and semi-

analytical methods can be applied regionally in multiple lakes, reservoirs and rivers with 

heterogeneous conditions. Despite these advantages, however, they are computationally 

intensive, making them more expensive and difficult to use and requiring knowledge of 

the inherent optical properties of the water body (Reif, 2011). This research relies on the 

analytical approach to analyzing spectroscopic data. 

Water quality models 

Hydrologic and river water quality models 
 Multiple hydrologic and water quality models have been developed and are being 

used all over the world for research, and the most commonly used include: A field-scale 

model for chemical, erosion and runoff from agricultural management systems 

(CREAMS) (Knisel, 1980); Areal Nonpoint Source Watershed Environmental Response 

Simulation (ANSWERS), (Beasley and Huggins, 1982); EPA’s storm water management 

model (SWMM) which simulates urban runoff quantity and quality (Huber and 

Dickinson, 1988); Agricultural NonPoint Source (AGNPS) (Young et al., 1989); 
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Groundwater Loading Effects of Agricultural Management Systems (GLEAMS) (Knisel, 

1993; Leonard et. al., 1987); Simulator for Water Resources in Rural Basins (SWRRB) 

which has been  used in the US Hydrology Unit Model,  US Coastal Pollutant Discharge 

Inventory, to determine the effects of urbanization of reservoir loadings and for pesticide 

assessment (Arnold and Williams, 1995); Soil and Water Assessment Tool (SWAT), a 

basin-scale water quality model (Arnold et al., 1998; Srinivasan et al., 1998); 

Hydrological Simulation Program - FORTRAN (HSPF) for simulating hydrological and 

water quality processes in man-made and  natural water systems (Bicknell et al., 1996); 

and Water Quality Simulation Program (WASP) (Ambrose, R.B. et al., 1988; Connolly 

and Winfield, 1984; Di Toro et al., 1983; Wool  et al., 2006). Each of these models varies 

significantly from one to another, specialized for different purposes and applications. The 

models predict one or more of the following impacts: (1) Agricultural Nonpoint pollution 

source changes; (2) Urban Nonpoint and point source pollution changes; (3) streamflow 

change; and (4) biological indices of ecosystem condition changes (Karr and Dudley, 

1981). This study uses the heat and advanced eutrophication modules of WASP to model 

chl-a, dissolved oxygen and nutrients in the Shenandoah River Basin. Thus, to simulate 

water quality and to conduct an uncertainty analysis of the parameters and input data on 

the output state variables for the Shenandoah River, the Environmental Protection 

Agency's (EPA) water quality simulation program (WASP) is used to estimate 

concentrations of nutrients (nitrogen/phosphorous), dissolved oxygen and chlorophyll-a 

in the Shenandoah River Basin. Aforementioned is preceded by a sensitivity analysis on 
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these water quality parameters to generate cumulative frequency distributions of water 

quality parameters concentrations and loadings in each region for the sub-basins. 

 

 

Table 2. Selected Hydrology and water quality models used in the United States 

Author Variable  Model Year 

Knisel, 1980 Chemicals, Runoff, erosion CREAMS 1980 

Beasley & Huggins  Areal Nonpoint Source ANSWERS 1982 

Huber & Dickinson Stormwater management SWMM 1988 

Young et al. Agricultural NonPoint Source AGNPS 1989 

Knisel,  

Leonard et al.  

Groundwater Loading Effects GLEAMS 1993                  

1987 

Arnold & Williams Water Resources in Rural Basins 

Pollutant Discharge Inventory 

SWRRB 1995 

Arnold et al. 

Srinivasan et al. 

Soil and Water Assessment Tool SWAT 1998 

Bicknell et al. Hydrological and water quality 

processes 

HSPF 1996 

Di Toro et al., 

Connolly & Winfield 

Ambrose, R.B. et al., 

Wool et al., 

Water Quality Analysis WASP 1983 

1984                  

1988 

2006 

 

 

 Although the model results do not always match observations, they are reasonably 

good at reproducing the overall distributions of various nitrogen species in the water 

column (Wool et al., 2003). In general, WASP slightly under-predicted upstream NO3 

concentrations, or predicted in the small range of observed values while slightly over-

predicting downstream values (Wool et al., 2003; Zheng et al., 2004).  

Overview Water Quality simulations Program model (WASP) 
 The Water quality simulation program (WASP) used in this research is a dynamic 

model employed to estimate several water quality variables in ponds, streams, lakes, 
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reservoirs, rivers, estuaries, and coastal waters, based on principles of conservation of 

momentum and mass, respectively (Wool, T. A., et al., 2006). This model can also be 

linked with hydrodynamic and sediment transport modules to estimate flows, depths 

velocities, and temperature, salinity and sediment fluxes using the heating module. Both 

water column and benthic processes can be determined by vertical and horizontal 

segmentation using one, two, and a three-dimensional representation of a system. WASP 

also comprises of a TOXI module for toxicants estimation and the EUTRO module for 

conventional water quality. Conserving mass in space and time, water quality is estimated 

with WASP by tracing each water quality element from the spatial-temporal input point 

to its last point (Wool, T. A., et al., 2006). These mass balance computations are 

performed with seven essential characteristic input data: (1) simulation and output 

control, (2) model segmentation (3) advective and dispersive transport (4) boundary 

conditions (5) point and diffuse source waste loads (6) constants, kinetic parameters, and 

time functions and (7) initial conditions (Figure 5). These input data, concurrently with 

the general WASP particular chemical kinetics equations and mass balance equations 

and, uniquely define a unique set of water quality equations. As the WASP proceeds in 

time, the mass balance equations are numerically integrated.  During simulation, the user 

has the option to specify print intervals, and all simulated variables are saved and 

retrieved by the post-processor program for further analysis (Wool et al., 2003). 
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Figure 5. Flow diagram of EPA’s water quality modeling program adapted from Wool et al., 2003. 

 

 

There has been an enormous amount of literature on the use of WASP in 

modeling for water resource management, particularly in the southeastern United States 

where the model has been used to examine eutrophication to interpret and predict for 

various pollution management decisions related to water quality responses to natural 

phenomena and man-made pollution (Wool, T. A., et al., 2006). To evaluate the impact 

of the presence and absence of a dam on the Milwaukee River in Wisconsin, USA, Hajda 

and Novotny (1996) discovered that dam removal might reduce eutrophication problems.  

The study also pointed out that, the increase in Phytoplankton growth is because of 

improved light conditions and a reduction in benthic decomposition, which leads to 
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Phytoplankton growth rate and also improves the oxygen balance condition in the water. 

Pickett (1997) also used WASP study Total Maximum Daily Load (TMDL) for the Black 

River in Washington State, USA, and the study found that, during low flow, the middle 

stretch of the river experiences low oxygen conditions. Several modeling studies using 

WASP in the Carson River in Nevada, USA, have been reported in the literature (Carroll 

et al. (2004); Carroll et al. (2000); Carrol and Warwick (2001); Heim and Warwick 

(1997); Warwick et al. (1997).  Phytoplankton prediction and dissolved oxygen response 

to changes in nutrient loading, often in support of Total Maximum Daily Load (TMDL) 

calculations and waste load allocations for point sources have been carried out in 

Charleston Harbor, South Carolina (Yassuda et al., 2000); the Neuse River estuary, North 

Carolina (Wool et al., 2003); and the Satilla River estuary, Georgia (Zheng et al., 2004). 

 Meaningful advancement has been made to improve wastewater treatment in the 

Shenandoah River; however, large nutrient loads are still emitted into the river from non-

point sources. It is for this reason that the Virginia Department of Environmental quality 

considers the Shenandoah River impaired. To determine the ecological status of the 

Shenandoah River and to investigate the transport and behavior of pollutants in this river 

system, a computer modeling approach was used to give insight into the most crucial 

processes and functions in the ecosystem in estimating dissolved oxygen, chlorophyll a, 

and nutrient (nitrogen and phosphorus) concentrations in the Shenandoah River. 
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Data Fusion review 
 Data fusion started as a military project in the 60s to control the trajectory of 

missiles, using a model alone would lead to erroneous trajectories because of the 

incomplete knowledge of the atmospheric conditions and it was impossible to get data 

accurate enough to rely solely on them (Drécourt, and Rosbjerg 2004).  This method was 

therefore designed to take the best of both worlds: where there is no observation, a 

physical model is used and relied upon. Where good data are available, they are used to 

represent the system, and, above all, the uncertainty of both the data and the model are 

taken into account (Drécourt, and Rosbjerg 2004). Nowadays, it is commonly used in 

numerical weather prediction (NWP) is a technique of merging observation data with 

prediction model data to more precisely predict the state of a system (Rabier, 2005). Its 

usage has also been successful in oceanography and hydrology. Remote sensing 

applications and the increase in computer power, the use of large but simple models 

where data from satellites proved a valuable addition to the relative simplicity of the 

model. Monitoring networks for water quality modeling can be improved to reduce 

modeling uncertainty using data fusion (Yangxiao et al., 2006).  

 Data fusion was developed in the 1960s (Daley, 1991; Kalnay, 2003) to provide 

initial conditions for numerical weather prediction (NWP; Lynch 2006). Data fusion has 

been successfully used to improve operational weather forecasts for decades (Bennett, 

1992). Hydrologic data fusion is relatively new, although deterministic hydrological 

prediction and parameter estimation have become reasonably mature (Bennett, 1992), 

with soil moisture being one of the main areas of hydrologic data fusion application. 

Surface temperature, terrestrial water storage, snow, and stream flow; observation types 
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have been used only in more recent applications. The available literature on hydrologic 

data fusion range from characterization of soil moisture and/or surface energy balance 

(Entekhabi et al., 1994; Houser et al., 1998; Entekhabi et al., 1999; Dunne and Entekhabi, 

2005), to rainfall-runoff modeling (Restrepo, 1985; Makhani et al., 2005a, 2005b; Vrugt 

et al., 2005), to flood foresting (Kitanidis and Bras, 1980; Young, 2002), to estimation of 

hydraulic conductivity (Katul et al., 1993; Lee et al., 1993), transport problems and 

groundwater flow (McLaughlin et al., 1993), to estimation of the water table elevations 

(Van Geer et al., 1991; Yangxiao et al., 1991). 

  In 1960, R.E. Kalman first presented the original Kalman Filter (KF) designed for 

linear models, and the Extended Kalman filter was later on used based on linearization of 

the nonlinear model using the Jacobian, with difficulties because it was not suitable for 

large-scale problems or problems that are too nonlinear. 
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CHAPTER THREE 

RESEARCH METHODOLOGY 

 

Introduction 
Water quality analysis has traditionally involved sampling the area of interest 

directly, which has often been difficult and at times impractical to collect data from a 

large region with frequent visits. Within the last decades, collecting data for large areas 

frequently has been possible with the help of remote sensing. The difficulty with using 

remote sensing for water quality analysis, however, is that there is no physical sampling 

of the water. However, with the combination of field and satellite remote sensing 

methods, researchers interested in water quality have been able to carry out thorough 

assessments of these vast target areas with analysis of the spectral nature of the light 

leaving the water surface. Spectral analysis of water bodies has resulted in a better 

perception of natural water body absorption and transmission properties, algae blooms 

phytoplankton ecologies, and heat flow layering 

(http://www.asdi.com/applications/remote-sensing), and this has resulted in improved 

algorithms for analysis of satellite imagery of water bodies. The in-situ spectral 

measurements have also been necessary to interpret and validate satellite data. Therefore, 

by analyzing the water reflected radiance, researchers can infer the water-leaving 

radiance values while also taking in water samples for modeling parameters. This chapter 
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describes how to analyze visible to infrared hyperspectral remote sensing data from the 

military airborne ARCHER CAP and data collected with handheld field spectrometer 

from PAnalytical (formerly ASD). It also details how to estimate water quality 

parameters with the water quality simulation program (WASP 7.52) and how to improve 

results from remote sensing/field work and water quality modeling through data fusion. 

 The data was gathered during fall 2013 (October to December) and summer 2014 

(June to July). We used ARCHER hyperspectral remote sensing data, field reflectance 

measurements and water samples for wet chemistry to estimate the spatiotemporal 

variability of water quality in the Shenandoah River targeting, chlorophyll, colored 

dissolved organic matter, turbidity, total phosphorus, and nitrogen. Using our various 

datasets, the statistical correlation is established between remote sensing responses and 

actual water conditions. We use the WASP, to simulate dissolved oxygen, chlorophyll 

and nutrients (nitrogen and phosphorous) in the Shenandoah River Basin. Finally, we use 

KF data fusion method to explore the effectiveness of developing efficient models of 

water quality prediction, which maximally reduce uncertainty. 

Field sampling survey 
 To address the first objective to estimate the seasonal and temporal effects of 

phytoplankton, turbidity, colored dissolved organic matter, total phosphorous and 

nitrogen on the Shenandoah River, we examine the use of hyperspectral remote sensing 

methods and standard water quality approach in measuring the water quality parameters. 

Although the norm methods provide accurate measurement for a point in time and space, 

spatial or temporal view of water quality required for accurate assessment of large water 
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systems be usually not available (Ritchie et al., 2003). To attain this objective, it was 

necessary to integrate the use of calibrated image data with field spectral measurements 

so as entirely to deploy the spatial and spectral information of hyperspectral remote 

sensing data. ARCHER observations critical for the water quality assessments were made 

in advance, and field data collection was also planned to coincide with ARCHER 

airborne overpasses, and followed by the retrieval of the apparent and inherent optical 

properties of the river.  

 An in situ sampling water quality survey for turbidity and nutrients was carried 

out at multiple sites on the Shenandoah River at Front Royal, Millville, Strasburg and 

Luray on November- December 2013 and June – July 2014, using the EPA-approved 

quality control/quality assurance procedures. We collected between 15 to 20 samples 

from each sampling area separated by at least 100 m from each other. In the same 

manner, using PAnalytical handheld spectrometer (PAnalytical Boulder, CO, USA), and 

paying particular attention to just the deep portions of the river for sample collection, 

above surface water reflectance was also measured.  In-situ data for chlorophyll-a was 

obtained from the Chesapeake Bay Program (CBP) Water Quality Database 

(http://www.chesapeakebay.net/data/index.htm), which contains data for almost 50 fixed 

monitoring stations throughout the Bay that have been visited and sampled for 

approximately 20 different measures of water quality variables since 1984 (Chesapeake 

Bay Program). 

 In measuring all the relevant quantities from above the surface, three types of 

measurements were carried out at each sampling site with the spectrometer: total 
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upwelling radiance (LT), downwelling sky radiance (LSky,), and “gray-card” radiance 

(LG, 3) reflected from a diffuse reflector (Spectralon®) (Lee et al. 2010). All 

measurements were carried out at about 2:30 pm (local time), under clear skies, minor 

cloud cover and a wind speed of 4 m s−1, and very calm water, at roughly 0.5 m above the 

water surface using a canoe. The above water reflectance was measured at 40° from the 

nadir and 90° from the azimuth. The sky reflectance was measured in the same plane as 

the water, except for the angle from the zenith, which was 40°.  To determine the 

downwelling irradiance, the Spectralon was assumed to have a Lambertian reflector in 

which, Ed = πLG/R, Where LG is the average of the four grayscale scans and RG the 

reflectance of the diffuse reflector (~10%) (Lee et al., 2010). 

Modeling data 
 The water quality data used for this project came from the Chesapeake Bay 

Program (CBP) Water Quality Database (http://www.chesapeakebay.net/data/index.htm), 

which contains data for almost 50 fixed monitoring stations throughout the Bay that have 

been visited and sampled for approximately 20 different measures of water quality 

variables since 1984 (Chesapeake Bay Program). Daily samples of dissolved oxygen, 

biochemical oxygen demand, dissolved organic nitrogen; dissolved organic phosphorus 

were obtained from the Chesapeake Bay Monitoring program from January 2012 – 

August 2014, which also has data for the Shenandoah River. Ammonia, nitrate, inorganic 

phosphorous and dissolved oxygen was obtained from the Friends of the Shenandoah 

River, water quality monitoring database (http://fosr.org/state-of-the-river/). For the heat 

model required in WASP, daily surface temperature, dew point temperature, the wind, 
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cloud cover data from January 2012 – August 2014 were obtained from Weather 

Underground (http://www.wunderground.com/), and the water temperature was obtained 

from both CBP and Friends of the Shenandoah databases. For the Shenandoah, the daily 

discharge was obtained from measurements made at the USGS gauge for the Shenandoah 

(http://maps.waterdata.usgs.gov/mapper/).  The flow information was used to calculate 

the dispersion coefficients needed for WASP since WASP requires traditional dispersion 

coefficients, which are measures of bulk exchange of water between segments. 

 For this study, we created 51 WASP segments using the geometric properties of 

the 51 downstream segments (Figure 6) with a widely accepted watershed-based water 

quality assessment tool, the Better Assessment Science Integrating Point and Nonpoint 

Sources (BASINS), by initially populating the WASP with flow, volume, heat, velocity, 

depth, width and water temperature from BASIN. To perform our analysis, 

hydrodynamic model in WASP was populated with surface temperature, dew point 

temperature, cloud cover and wind speed, and once the hydrodynamic routine was 

successfully established, water quality components were developed and the heat module 

linked with the Advanced Eutrophication module to simulate chlorophyll-a, dissolved 

oxygen, total phosphorus and nitrogen, which are considered to be the main nutrient 

enrichment and eutrophication concentrations in the Shenandoah River. 
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Figure 6. Segment numbering of the model discretization for the Shenandoah River 

 

 

Data Processing 

Field Spectrometer data 
To determine the extent of nutrients (nitrogen and phosphorous), chlorophyll-a, 

colored dissolved organic matter and turbidity in the Shenandoah River, 297 surface-

water samples collected at more than seven sites between November 2013 were used for 
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chemometric analysis. Two approaches are adopted for this section. First, we model the 

inherent optical properties of the river at six wavelengths centered at 440 nm, 470 nm, 

510 nm, 590 nm, 620 nm and 670 nm (Maffione and Dana, 1997). The reason for 

selecting these wavelengths is because, chlorophyll-a absorbs strongly in the blue (~443 

nm) and the red part (~670 nm) of the visible spectrum, reflecting and transmitting green 

light (~555 nm) (Kirk, 1994). This spectral signature is the basis for optical remote 

sensing of chl-a and most bio-optical algorithms exploit this phenomenon in one way or 

another. Here we use a multiband quasi-analytical algorithm to retrieve absorption and 

backscattering coefficients (Lee et al., 2002) and then used a matrix inversion approach 

to estimate chlorophyll-a, colored dissolved organic matter, and turbidity. 

This approach combines several well-known and thoroughly validated classic 

empirical, semi-analytical, and analytical models. Lee et al. (2002) also suggest that, 

given the water remote sensing reflectance as input, this method is used to retrieve 

absorption, backscattering, phytoplankton absorption (aph), and colored dissolved 

organic matter absorption (adg) at different levels. This algorithm consists of three levels 

simulated in a total of 10 steps, and, at each level, different inherent optical properties 

(IOPs) are estimated and applied to the next level as new inputs. Using a(555 nm) for 

improved empirical estimation for more accurate and seamless results, this leads to a final 

output of aph(λ) and adg(λ), in which adg(440 nm) is often taken as CDOM 

concentration and aph(λ), an estimation of chlorophyll (Zhu et al., 2010).  

 Secondly, using spectroscopic measurements and water chemistry results (total 

nitrogen and total phosphorus and turbidity), we used a partial least squares regression 
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approach which generalizes and combines features from principal components analysis 

and multiple regression (Wold et al., 2001) to predict nutrient levels in the Shenandoah 

River. It is particularly useful in this research since we need to predict a set of dependent 

variables (nutrient analysis results) from an extensive set of independent variables 

(wavelengths or predictors). Here we use a spectral range of 400 nm to 710 nm with a 

total 15 to 20 water sample locations for each field visit. The usefulness of this approach 

is that it is an efficient dimensionality reduction technique, one which preserves 

significant discriminative information, to project the data onto a much lower dimensional 

subspace where new predictor variables or latent variables, are summarized in a matrix X 

of descriptor variables (features) and a vector Y of response variables (Rosipal and 

Kramer, 2006). 

Bio-optical model and matrix inversion method 
Hydrologic Optics is built on the optical properties of water and an essential water 

quality analysis through an understanding of scattering and absorption; the two primary 

mechanisms by which light interacts with water (Pegau et al., 1997). To derive the bio-

optical parameters from satellite sensors, two steps are applied. The first approach 

consists of using an atmospheric correction algorithm to remove the atmospheric path 

radiance and to estimate the diffuse attenuation coefficient to obtain the spectral water 

leaving radiance, Lw(λ). Secondly, a bio-optical algorithm is used to estimate the bio-

optical parameters from Lw(λ) (Hu et al., 2002). Thus, once the two steps are 

accomplished, a matrix inversion approach is used to determine the inherent optical 

properties (IOPs) from the water leaving 
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(http://www.conferences.earsel.org/abstract/show/1429) radiance. The analytical model 

and matrix inversion approaches have been applied to retrieve water quality, and it is 

related to the subsurface irradiance reflectance to the water constituent concentrations 

(Brando and Dekker, 2003). 

 Backscattering coefficients and total spectral absorption can be well partitioned 

with the inversion algorithm (Lee et al., 1999). The ratio of backscattering coefficient (b) 

to the sum of backscattering and absorption coefficients (b /(a+b )) at λ is calculated 

based on the models of Gordon et al. (1988) and Lee et al.(1999): 

 

𝒃𝒃(𝝀)

𝒂(𝝀)+𝒃𝒃(𝝀) 
= 𝒙 =

−𝟎.𝟎𝟖𝟗𝟓+√𝟎.𝟎𝟎𝟖+𝟎.𝟔𝟗𝟗𝒓𝒓𝒔 (𝝀)

𝟎.𝟐𝟒𝟗
                                                                    3. 1 

 

where 𝑎(𝜆) and 𝑏𝑏(𝜆)
 are estimated from the absorption and backscattering of pure water, 

the specific inherent optical properties (SIOPs),  

rrs is the nadir-viewing spectral remote sensing reflectance just below the surface and is 

estimated as 

 

rrs (λ) = Rrs =
𝐿0−f𝐿𝑠

𝐸𝑑
  (𝑠𝑟−1)               (Bistani, 2009).                                                                        3.2 

 

Where rrs is the direction of the water leaving radiance about the surface, and the “total 

water-leaving radiance (L0) is a function of the water leaving direction and wave length.  

f is the Fresnel number with a value of 0.028 for a 450 inclination measurement (Bistani, 



54 

 

2009). The downwelling irradiance (Ed) is evaluated just above the surface of for each 

wavelength” (Bistani, 2009).  

 The bio-optical model used in this study was similar to the three components (i.e., 

chlorophyll-a, colored dissolved organic matter and suspended matter), in which Lee et 

al. (2002), spectrally decomposed total absorption and backscattering coefficients into the 

contributions of phytoplankton pigments, gelbstoff, and suspended material (tripton). 

These coefficients are imperative because they are the contributing sums of N 

constituents and a constant coefficient for pure water (Brando and Derek, 2003). Using 

Morel and Prieur, (1977) total absorption and total backscattering coefficients in Eq. 3.3 

is estimated as the linear sum of absorption and scattering components within the water 

column (Franz and Werdell, 2010) in which total absorption is 

 

𝑎(𝜆) =  𝑎𝑤(𝜆) + ∑ 𝑎ɸ𝑗  (𝜆)
𝑁ɸ

𝑖=1
+  ∑ 𝑎𝑑𝑔𝑗 (𝜆)

𝑁𝑑𝑔

𝑖=1
                                             3.3 

 

 

Where 𝑎𝑤(𝜆) is considered the absorption coefficient for pure sea water, according to 

Pope and Fry (1997), 𝑎ɸ  (𝜆) is the absorption of phytoplankton, and 𝑎𝑑𝑔𝑗 is absorption 

caused by non-algal particle (detritus), gelbstoff (dissolved organic matter) and tripton 

(Franz and Werdell, 2010). Likewise, backscattering can be estimated as follows 

 

 



55 

 

𝑏𝑏(𝜆) =  𝑏𝑏𝑤(𝜆) + ∑ 𝑏𝑏𝑝𝑘  
(𝜆)

𝑁𝑏𝑝

𝑘=1
                                                                       3.4 

 

 

Where 𝑏𝑏𝑤(𝜆) is pure water backscattering coefficient, and 𝑏𝑏𝑝 is backscattering due to 

particles. According to Franz and Werdell, (2010), the summation over N is to provide 

the option to reduce further to a linear sum of sub-components of absorption and 

backscattering with unique spectral dependencies. 

 Studies of chlorophyll show a variety of algorithms and wavelengths that have 

been used successfully to estimate chlorophyll concentrations of the oceans, estuaries, 

and fresh waters (Ritchie et al., 2003).  

 To estimate chlorophyll we use the approach proposed by Lee (1994), where 

phytoplankton absorption spectra are used as an estimate of chlorophyll-a and is modeled 

from aph(440) as  

 

aph(440) = a(440) − adg(440) − aw(440)                                                    3.5 

 

 

where; a is the absorption coefficient of phytoplankton spectra modeled from (440) as 

(Lee, 1994), adg is the absorption of colored dissolved organic matter (CDOM), and non-

algal particles and  aw is absorption coefficients of pure water (Lee et al., 2002). 

Absorption spectra due to CDOM is modeled from aCDOM(440) as (Lee et al., 

1999) 
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aCDOM(440) =  aCDOM (440) exp( - S (λ- 440)                                    3. 6 

 

Where; S is the spectral slope. Since CDOM and detritus both exhibit exponentially 

decreasing absorption with increasing wavelength, they cannot be derived independently 

(Cannizzaro and Carder, 2006). Thus, aCDOM(λ) and ad(λ) are combined and an average 

spectral slope (Carder et al., 1989). 

The spectral absorption of turbidity or tripton (aTR) was estimated according to 

Brando and Dekker (2003) by subtracting the water absorption, aph and aCDOM from 

total absorption.  For turbidity, particle backscattering spectrum is modeled from bbp(550) 

as 

 

Bbp(λ) =  bbp(550)(
550

𝜆
)Y                                                                       3.7 

 

ARCHER correction 
For the quantitative assessments of water quality parameters, detectable from 

hyperspectral data, data preprocessing is required by performing robust corrections for 

atmospheric effects, of adjacency effects and of those effects occurring at the water 

surface level (sun-glint, specular reflection of direct irradiance and diffuse skylight).  

 ARCHER hyperspectral imagery requires an atmospheric correction to retrieve 

the surface reflectance from remotely sensed imagery by removing the atmospheric 

effects such as water vapor and other trace gasses. In an atmospheric correction, the 

radiance values are transformed into reflectance data to obtain water reflectance by 
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removing surface reflectance (Zhu and Yu, 2013), measuring the fraction of radiation 

reflected from the surface (Morillo, 2005). This procedure is particularly important for 

quantitative image analysis or change detection using hyperspectral data. To convert the 

instrument’s digital numbers (DN’s) to a physical value to correct atmospheric 

instrument effect image calibration is very necessary for remote sensing (Figure 7). 

 

 
Image location: 38°49'55. 32"N 78°33'1. 53"W, North Edinburg, NF 

  
Image location: 38°51'1. 02"N 78°31'45. 53"W, Woodstock, NF 

Figure 7. ARCHER color composite of 726 nm, 668 nm, and 551 nm for areas around Edinburg and Woodstock 

in the North Fork of the Shenandoah River 
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 Image driven empirical correction procedures have been suggested (Lee, 2007; 

Gao, 2009; Brando, 2009) for use with hyperspectral imagery for Coastal Ocean (HICO), 

airborne visible/infrared imaging spectrometer (AVIRIS), Compact airborne 

spectrographic imager (CASI-2), and Hyperion (Pahlevan and Schott, 2013).  The 

empirical correction approach is based on the facts that: clear ocean waters have water-

leaving reflectance above 800 nm close to zero, and sunglint and cirrus reflectance in the 

400 –1000 nm region. In this dissertation, we use the empirical line approach, which is an 

atmospheric correction method that serves an alternative to radiative transfer modeling 

approaches (Karpouzli and Malthus, 2003). This method calculates the empirical relation 

between radiance and reflectance using a dark and a bright target, well characterized by 

field and image spectra. Our targets were measured in the area during ARCHER data 

collection for optimal representation.  

  This method has been applied to correct both land and ocean data (Gao et al., 

2006), and has shown great success with both coarser spatial resolution satellite sensor 

data, and airborne data approaches (Karpouzli and Malthus, 2003). This technique is only 

suitable for regional data correction where reflectance properties of bright and dark 

targets such as sand and water over uniform areas are measured coincidentally with the 

aircraft or airborne overpass (Pavlevan and Schott, 2013).   

 To use this method to carry out the calibration, a minimum of two known 

materials is required, and selecting one bright object and one dark object is also crucial 

for this exercise. This calibration method is recommended to use on two targets, however, 

using more targets will better estimate the relationship between target reflectance and at-
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sensor radiance (Karpouzli and Malthus, 2003; Gao et al., 2006). Using the image and 

field spectra, the two targets are regressed linearly against the reflectance spectra 

measured on the field to derive the gain and offset coefficients (Gao et al., 2006). Once 

the gains and offsets are obtained, they are then applied to the entire image to derive 

surface reflectance, by producing reflectance values that are comparable to field 

measured values (Gao et al., 2006) (Figures 7 and 8). The empirical line method uses the 

following equation to calculate the gains and offsets:  

Reflectance (field spectrum) = gain* radiance (input data) + offset  

 

 

 

 
Image location: 38°49'55. 32"N 78°33'1. 53"W, North Edinburg, NF 

Figure 8. Atmospherically corrected ARCHER using empirical line calibration approach with a color composite 

of 726 nm, 668 nm and 551 nm for areas around Edinburg (above) and Woodstock, for North Fork of the 

Shenandoah River taken in July 12th 2014. 
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Remote sensing data is impeded by the effect of wave-induced sun glint (Kutser 

et al., 2009), and this has become a limiting factor to estimate efficiently water quality 

from airborne data with high accuracy. The environmental and atmospheric effects 

resulting to inaccuracies in remote sensing classification results remains a growing 

concern in remote sensing classification (Lilesand et al., 1994). For an adequate 

estimation of water quality with remote sensing data that is void of inaccuracies, the sun 

glint needs to be examined. After performing atmospheric correction on our image, 

sunglint removal was required to correct atmospheric effects on the visible wavelength 

region (0.45μm-0.69μm). The sun glint is the specular reflection of sunlight directly 

transmitted from the air –water interfaces (Kay et al., 2009). Under clear skies and 

irregular water surface, specular reflectance can result to sun glint on the image, which 

reduces the accuracy of retrievals (Hedley et al., 2005). The Sun glint often occurs on an 

image when the orientation of the water surface is directly reflected towards the sensor as 

a function of the position of the sun, the viewing angle and the state of the water surface 

(Kay et al., 2009).   

 These circumstances have resulted to the greater specular reflection of light from 

water "than the water leaving radiance from the sub-surface features" The necessity to 

remove the sun glint contribution for better image classification or information retrieval 

has been recognized by several researchers (Kutser et al., 2009). The approach adopted 

for this research estimates the amount of glint in the image by using data from the near-

infrared (NIR), with the assumption that water-leaving radiance is negligible in this part 
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of the spectrum, and any NIR signal left after atmospheric correction is certainly from the 

sun glint. Using the spectrum of the deep-water part of the image, a relationship is 

established between the NIR and glint radiance (Kay et al., 2009). We use the shallow 

water sun glint removal approach that assumes that all the radiance from the NIR 

reaching the sensor is from atmospheric scattering, surface reflection, and any signal at 

the NIR after atmospheric correction is sun glint (Kay et al., 2009). 

 

Sun glint background and removal approach 

 There are five key processes through which a remote sensing detector receives 

radiance reaching it as shown in figure 9 from Kay et al. (2009). 

 

 

 
Figure 9. Schematic diagram showing routes by which light can arrive at a remote sensing detector from Kay et 

al. (2005). 

 

 

 

              Molecules or aerosols scattering in the atmosphere, which is either single or 

multiple  

              B Surface water scattering from the atmosphere followed by reflection to the 
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detector—known as “sky glint.” 

              C Whitecaps reflections from the sea surface 

               D Surface water specular reflection directly transmitted from the sun to the 

atmosphere to the surface and from the surface to the detector—also called ‘sun glint.' 

                E Atmosphere and air-water interface transmission “followed by scattering or 

reflection below the water surface and transmission back through the atmosphere to the 

detector”. 

 

 

 Several approaches have been proposed for glint correction for estimating the 

contribution of glint to the "radiance reaching the sensor, and then subtract it from the 

received signal"(Kay et al., 2009). Hochberg et al., (2003) proposed a sun glint removal 

method, which assumed that the near-infrared (NIR) brightness is only made up of sun 

glint and a spatially constant ambient NIR component. This method also assumes that the 

sun glint present in the visible band is linearly related to the brightness of the NIR band. 

However, all two assumptions were proven weak because the first assumption models a 

constant ambient NIR brightness, which is removed from all pixels during analysis, and 

secondly, only two pixels are used to establish a linear relationship assumption. Selecting 

only one bright and one dark pixel could result to a bright pixel selected from the land, 

which necessitated a masking for results from this method to be efficient, and, this makes 

it very difficult and time-consuming. Thus, the difficulty of being able to identify an 

appropriate bright pixel can result in significant errors, which undermine the 

effectiveness of the method proposed by Hochberg et al. (2003). 



63 

 

  Hedly et al. (2005), after acknowledging how sensitive this approach was to 

outlier pixel, proposed a revised method in which glint intensity is obtained using several 

pixels rather than two to establish a linear relationship between regression between the 

NIR and visible bands to allow sun glint contribution removal (Kutser et al., 2009). 

Hedley et al. (2005), proposes using a single or several regions on the image where sun 

glint is evident with consistent spectral brightness. The linear regression uses NIR 

brightness (x-axis) against the visible bands brightness (Figure 10) of all the selected 

pixels. 

 

 

 

Figure 10. Graphical interpretation of Sun glint correction method from Hedley et al. (2005). 

 

 

 

 According to Hedley et al. (2005), the first step is to select the minimum NIR 
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brightness NIR Min deep-water pixels with a having a variety of glint intensities from 

which a sample is calculated. The next step in deglinting the image is to use each visible 

spectrum (VIS) Band i , and perform a linear regression on the NIR pixel brightness R 

NIR against the pixel value of VIS band R i. A user-based selection process is used to 

collect the samples, and, land or cloud masking is not necessary. The product of slope b i 

and R NIR minus Min NIR is subtracted from R i to obtain the pixel R i with glint 

removed using the following equation: 

 

                                                  3.8 

   

 Where; bi , the regression slope 

(Ri ) is the visible band 

RNIR is the NIR pixel value 

MinNIR is the ambient NIR value, which is NIR pixel with no sunglint, which is either 

estimated from the figure above or from the entire image, and it is less prone to outliers 

caused by non-optically deep pixels. 

 

 

 The result of the sun glint correct brightness in band i, by minimizing outlier 

effects caused by surface objects (Kay et al., 2009). This approach can be applied on 

either before of after atmospheric correction since it works entirely on the relative 

magnitude of values, and the pixel units are not very necessary for image deglinting. We 

initially corrected out the image with the empirical line method before removing the sun 

glint. It should, however, be mentioned that, if there are variations in the atmosphere 

properties, this will also affect the regression slope, thus, making glint effect to be 

confounded (Kay et al., 2009). As outlined by Hedley et al. (2005), this approach is 
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attained in four steps: 

 

 Step-by-step implementation 

1. Image radiometrically corrected. 

2. Area of the image displaying a range of sun glint, with a more or less homogeneous 

surface is selected. The minimum NIR brightness value is determined. 

3. The newly created region of interest is used as a subset to create a new image with 

only the glare pixel subset, and all image bands saved individually in ASCII. To remove 

the sun glint from each band, a linear regression of NIR brightness (x-axis) against the 

visible band (y-axis) is performed using the selected pixels in excel. The output of 

interest from the linear regression analysis for each band is the slope, which is called bi in 

the equation above. 

4. To individually glint each band i or all pixels in the image, the product of bi and NIR 

brightness of the pixel (minus MinMIN ) subtracted the pixel value in band i as illustrated 

in equation (3.8). 

  Once the Archer airborne imagery were atmospherically corrected and sun glint 

removed as outlined above, we used the field spectrum that was collected during the 

ARCHER flight campaign to resample to the ARCHER wavelengths. The reason this 

process was necessary was because the ARCHER data spectrum that ranged from 500 nm 

– 1100 nm, whereas the field spectrum went from 325 nm – 1075 nm, and to get a 

consistent data set--in terms of wavelength range and number of bands, it was important 

to get the field spectra to match the airborne imagery.  We then used the resampled-to-
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ARCHER field spectral data and the lab measured ground-truth as a training dataset to 

apply chemometrics using the methods described below to estimate the various water 

quality properties in the Shenandoah River. 

Chemometric analysis 
In order to derive parameters from spectral variations associated with water 

nutrients and to investigate the possibility of increasing the use of these parameters to 

hyperspectral images and to estimate the distribution of areas affected by river nutrients 

with ARCHER airborne HSI data, correlation analysis was carried out for the 504 nm to 

1000  nm spectral range, with up to 18 samples for each field sample location.  Total 

phosphorus, and nitrogen concentrations were assessed using an a partial least squares 

regression (PLSR) method that relates two data matrices, X, and Y, by a multivariate 

linear model, which goes beyond traditional regression in modeling the structure of X and 

Y as well.  PLSR is a method for modeling relations among sets of observed variables 

using latent variables, which are linear combinations of the original regressors while 

maintaining most information in the input variables.  The weights used to determine the 

linear inclusion of the original regressors are equivalent to the covariance between input 

and output variables (Helland, 1988).  The method can analyze data with many noisy, 

collinear, and even incomplete variables in both X and Y. PLSR assumes that a desirable 

property in the precision of the model parameters improves with the increasing number of 

relevant variables and observations (Wold et al., 2001).  To handle numerous and 

collinear predictor variables and water chemistry (Y), PLSR allows us to investigate 

more complex problems, and analyze available data (Wold et al., 2001), by initially 
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selecting suitable predictors in predicting nutrient (phosphorus and nitrogen) levels based 

on the mean square error cross validation (MSECV) where a better model is selected 

corresponding to lowest rate of MSECV and it is a test of how well the model fits the 

data.  

 For cross-validation, the leave one out method was used, which calculates the 

potential model excluding one observation at a time. With this approach, the model is 

recalculated, as many times as there are observations. This cross-validation method 

seemed most appropriate for this research since we had a relatively small dataset which 

when compared to other cross-validation methods will produce the best cross-validation 

result. 

Partial least square decomposes the zero-mean matrix X (n × m) and zero-mean 

vector y (n × 1) into 

 

X = TPT + E                                                                                                    3.9 

Y = UqT + f                                                                                                     3.10 

 

where T and U are n ×  p matrices including p obtained potential (latent) vectors, the (m× 

p) matrix P and the (1 ×  p) vector q denotes the loadings and the n ×  m matrix E and the 

n ×  1 vector f are the residuals 

(http://www.umiacs.umd.edu/~raghuram/Publications/2010_P). The PLSR approach, 

using the nonlinear iterative partial least squares (NIPALS) algorithm (Wold 1985), 

builds a set of weight vectors (or projection vectors) W = (w1;w2; : : :wp) such that  
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[cov(ti;ui)]
2 = max [cov(Xwi; y)]2  

                     |wi|=1                                                                                         3.11 

 

 

Where ti is the i-th column of matrix T , ui the i-th column of matrix U and cov(ti;ui) is the 

sample covariance between latent vectors ti and ui. After the extraction of the latent 

vectors, ti and ui, (Schwartz et al., 2009) subtracting their rank-one approximations based 

on ti and ui deflates the matrix X and vector y. This process is repeated until the desired 

number of latent vectors had been extracted. 

The dimensionality compression is performed by projecting the feature vector vi, 

extracted from a detection window di, onto the weight vectors W = (w1;w2; : : :wp), 

obtaining the latent vector zi (1 ×  p). The overall goal is to use the factors to predict the 

responses of the population. PLS is also a step-wise process, which finds PLS a set of 

orthogonal components that: maximize the level of analysis of both X and Y and provide 

a predictive equation for Y in terms of the X’s. This is accomplished by: fitting a set of 

components to X, similarly fitting a set of components to Y, and finally reconciling the 

two sets of elements so as to maximize explanation of X and Y. The steps are 

summarized in Table 3 below 
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Table 3. Summary of Partial least squares regression  

• Start for a PLS component: 

 

Weighting factors w are used to make sure dimensions are 

orthogonal 

 

 

 

 

• Calculate the score t: 

 

 

 

• Calculate c’: 

 

 

 

 

• Calculate the loading p: 

 

 

 

 

• Store t in T, store p in P, store w in W 

 

• Deflate the data matrix and the response variable:  

 

 

 

  

 

 The coefficients derived from chemometrics are then applied to the ARCHER 

data to map and predict nitrogen and phosphorous in the Shenandoah River. The remote 

sensing approach used in this study to estimate water quality is summarized in figure 11 

below with the steps used for our analysis.  
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Figure 11.1 1: Sketch diagram of hyperspectral remote sensing and chemommetrics approach 
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Water quality modeling 

WASP modeling system 

 The model network was created using the WASP system tool that is part of 

BASINS 4.1 installation package. Three sub-models were used to (i) estimate the 

hydrodynamics of a water body (DYNHYD), (ii) compute heat flow in the system with 

the heat module. The temperature (heat) sub-model was first used for simulations from 

January 2012 to August 2014. The thermal model passed the daily water temperature to 

the third submodel the Advanced Eutrophication Model. Moreover, (iii) the Advanced 

Eutrophication model was then used to predict nutrients (nitrogen/phosphorous), 

dissolved oxygen and chlorophyll-a. The advanced eutrophication sub-model used is 

based on the mass balance equation to account for all material entering and leaving the 

system (Lindenschmidt, 2006) as shown in the equation below: 

 

𝜕𝐶

𝜕𝑡
= −

𝜕

𝜕𝑥
(𝑈𝑥𝐶) −

𝜕

𝜕𝑦
(𝑈𝑦𝐶) −

𝜕

𝜕𝑧
(𝑈𝑧𝐶)

 +
𝜕

𝜕𝑥
(𝐸𝑥

𝜕𝐶

𝜕𝑥
) +

𝜕

𝜕𝑦
(𝐸𝑦

𝜕𝐶

𝜕𝑦
) +

𝜕

𝜕𝑧
(𝐸𝑧

𝜕𝐶

𝜕𝑧
)

+𝑆𝐿 + 𝑆𝐵 + 𝑆𝐾

                                                                      3.12 

 

Where: 

C = water quality constituent concentration in mg/L or g/m3 and ∂C / ∂t represent its 

change with respect to time t, 

t = time, days 

Ux, Uy, Uz = longitudinal, lateral, and vertical advective velocities, m/day. The 
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DYNHYD hydrodynamic simulations provide the velocities. 

Ex, Ey, Ez = longitudinal, lateral, and vertical diffusion coefficients, m2/day. 

SL = direct and diffuse loading rate, g/m3-day. 

SB = boundary loading rate (this include upstream, downstream, benthic, and 

atmospheric boundaries), g/m3-day. 

SK = total kinetic transformation rate; when it is positive, it is considered a source, and 

when it is negative, it is a sink, g/m3-day. 

 For the finite difference form of the equation shown above to be implemented in 

WASP, it expands small control dimensions into substantial adjoining segments and 

specifies the proper transformation, loading, and transport parameters (Lindenschmidt, 

2006). Assuming vertical, and lateral homogeneity, y, and z are integrated over to obtain 

WASP implementation of the finite variation form of mass balance equation below: 

 

𝜕

𝜕𝑡
(𝐴𝐶) =

𝜕

𝜕𝑥
(−𝑈𝑥𝐴𝐶 + 𝐸𝑥𝐴

𝜕𝐶

𝜕𝑥
) + 𝐴(𝑆𝐿 + 𝑆𝐵) + 𝐴𝑆𝐾                                              3.13 

 

where:  

A = cross-sectional area, m2 

Transport (term 1), loading (term 2), and transformation (term 3). Equation (3.20) 

represents all the three major classes of water quality processes.  

Hydrodynamics 
The hydrodynamic module (DYNHYD) is a simple link-node hydrodynamic 

program capable of simulating variable tidal cycles, the wind, and unsteady flows. It uses 
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the St. Venant equations, commonly used to model transient open-channel flow and 

surface runoff.  This model includes the momentum equation for the momentum balance 

as indicated below: 

 

𝜕𝑈

𝜕𝑡
= −𝑈

𝜕𝑈

𝑑𝑥
+ 𝑎𝑔 + 𝑎𝑓                                                                                                 3.14 

 

Moreover, the continuity equation for the mass balance: 

𝜕𝑄

𝜕𝑥
+

1

𝐵

𝜕𝐻

𝜕𝑡
= 0                                                                                                               3.15 

Where:  

af- frictional acceleration;  

ag - gravitational acceleration = −g ⋅∂H / ∂x ;  

B - river width; g-gravitational acceleration;  

H- water surface elevation or head;  

Q- volume discharge;  

U -velocity along the river longitudinal axis;  

x - distance along the river longitudinal axis and increasing upstream.  

For frictional acceleration Manning's equation is used: 

𝑎𝑓 =
𝑔.𝑛2

𝑅4 3⁄ . 𝑈. |𝑈|                                                                                                           3.16 

where: n - Manning's roughness coefficient;  

R - hydraulic radius (cross-sectional area / wetted perimeter).  

|U| ensures that the flow direction always opposes friction. The coefficient of roughness 
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depends on the river bottom characteristic, which is used for calibration. 

 A discretized network of the river course is used to integrate these equations 

numerically, and to solve the equations at respective grid points; a “link-node” approach 

is used. The momentum equation is solved at each step using the links providing “the 

required velocities and the continuity equation are solved through the nodes giving the 

water levels and volumes of each unit of discretization” (Lindenschmidt, 2006). 

Eutrophication 
 For this study, the eutrophication model (EUTRO) in WASP 7.4 is used, which 

combines a kinetic structure, to predict dissolved oxygen, colored dissolved organic 

matter, chlorophyll-a and nutrients (total phosphorus and total nitrogen) in the riverbed 

and overlying waters. These variables were all simulated with varying degrees of 

complexity. “The complexities vary from simple Streeter-Phelps dissolved oxygen – 

biological oxygen demand description to more complex nutrient-limited phytoplankton 

growth dynamics” This study used the level 6 complexity (Table 4). 
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Table 4. The state variables and number of parameters for each model complexity in EUTRO. 

(From Wool et al., 2006) 

    Level of complexity         

  1 2 3 4 4 5 6 

        P-limited 

N-

limited     

Variable name:               

Ammonium 
 

NBOD NH4 
+ -N NH4 

+ -N NH4 
+ -N NH4 

+ -N NH4 
+ -N 

Nitrate 
  

NO3 
- -N 

 

NO3
 - -N NO3 

- -N NO3 
- -N 

Inorganic 

Phosphorous 
   

IP 

 

IP IP 

Phytoplankton 

carbon 
   

PHYT PHYT 

 

PHYT 

Periphyton carbon 
   

PERI PERI 

 

PERI 

Biological Oxygen 

Demand TBOD CBOD CBOD CBOD CBOD CBOD CBOD 

Dissolved Oxygen DO DO DO DO DO DO DO 

Organic Nitrogen 
  

ON 

 

ON ON ON 

Organic Phosphorous 
   

OP 

 

OP OP 

Sediment Digenesis 

      

  

  

      

  

Number of 

parameters: 

      

  

Total 3 5 12 19 19 32 32 

Used for calibration 1 2 6 12 12 21 21 

Level Description 

1  Streeter-Phelps with TBODmax and SOD 

2  Modified Streeter-Phelps with NBODmax 

3  Linear DO balances with nitrification 

4  Simple eutrophication 

5 Intermediate eutrophication 

6 

Advanced eutrophication with sediment diagenesis and peri 

phytoplankton 

 

Uncertainty analysis 
All models are affected by errors at every level, so an uncertainty analysis 

provides us with the first step in knowing the impact of these uncertainties on model 

performance. After water quality simulation, we examined for uncertainty in our results, 
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and to do this, we used sensitivity analysis (sensitivity analyses quantifies the effect that 

changes in model inputs have on the variability of model outputs) as a way to improve 

the efficiency of the calibration by focusing on the most influential parameters of the 

model. We adopted the approach used by Lindenschmidt (2006) to examine local and 

global sensitivity, model error, and utility. Four sample dates were used (November and, 

December 2013; June and July 2014) representing contrasting environmental conditions 

to assess sensitivity. Using these dates allowed model sensitivity to be judged near the 

extremes of the conditions that would be employed in the calibration and validation of the 

model. 

Local sensitivity 
In local sensitivity, a small fraction of the values of the parameter is perturbed so 

that the resulting output value should change linearly compared to its value in the 

unperturbed simulation. To estimate the sensitivity, S, of the input parameter values P, on 

model output values O, we used: 

 

𝑠 =
𝜕𝑂

𝜕𝑃
.

𝑃

𝑂
                                                                                                                        3.17 

 

Pbase   parameter setting is first simulated with a base run to obtain O base.  A decrease or 

increase in parameter by a certain x fraction designated as P x which gives Ox, and the 

sensitivity (Lindenschmidt, 2006) becomes: 
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𝑠 ≈
𝛥𝑂

𝛥𝑃
.

𝑃

𝑂
=

(𝑂𝑥−𝑂𝑏𝑎𝑠𝑒)

𝑃𝑥−𝑃𝑏𝑎𝑠𝑒
.

𝑃𝑏𝑎𝑠𝑒

𝑂𝑏𝑎𝑠𝑒
                                                                                          3.18 

Since  𝑃𝑥 = (1 + 𝑥). 𝑃𝑏𝑎𝑠𝑒  the equation reduces to: 

𝑠 =
1

𝑥
(

𝑂𝑥−𝑂𝑏𝑎𝑠𝑒

𝑂𝑏𝑎𝑠𝑒
)                                                                                                             3.19 

x was typically set to 0.1 (= 10% difference). 

 

Global sensitivity 
 In a global sensitivity analysis, perturbations occur over the entire range, of 

expected values of a parameter. By performing global sensitivity, the possible varieties of 

model responses that could be expected under a plausible range of parameter conditions 

can be revealed. Including global sensitivity analysis at this stage of the modeling process 

“permitted us to estimate the sensitivity of the model at the bounds of the range of likely 

values that could be used in the later calibration of the model. Results from such analysis 

have often not reflected the global maxima of model output response; this is making what 

may be predicted evident (Lindenschmidt, 2006). 

 The sensitivity analysis approach suggested by Reichert and Vanrolleghem (2001) 

and used by Lindenschmidt (2006) in his study as a validation measure was used in this 

study. With this method, a sensitivity test is given for each parameter used in the model 

but the ratio indicates how sensitive each parameter is on the system globally 

(Lindenschmidt, 2006). The defined sensitivity function according to Reichert and 

Vanrolleghem (2001) is: 
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𝑆𝑖,𝑗 =
𝛥𝜃𝑗

𝑆𝑐𝑖
.

𝜕𝑦𝑖

𝜕𝜃𝑗
                                                                                                                 3.20 

 

Where: 

θ is the parameter value with its corresponding number j and its range of uncertainty is 

Δθ.  

The value of an output variable is y, and a corresponding number i “and ∂y is the change 

in the output variable due to the change in the parameter setting ∂θ”.  

To make the order of magnitude of the different model outputs numerically comparable 

with one another, a characteristic scaling factor sc is used. 

Each parameter δ is: 

 

𝛿𝑗 = √
1

𝑁𝑖
∑ 𝑠𝑖,𝑗

2𝑁𝑖
𝑖=1                                                                                                            3.21 

 

Where : 

Ni is the total number of output variable values.  

“The total sensitivity of the model of a certain complexity δtotal was taken as the sum of 

the sensitivities of all parameters Nj normalized to the maximum value of all parameter 

values” (Lindenschmidt, 2006): 

 

𝛿𝑡𝑜𝑡𝑎𝑙 =
1

𝑚𝑎𝑥(𝛿𝑗)
∑ 𝛿𝑗

𝑁𝑗

𝑗=1
                                                                                             3.22 
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Model Error 
 To calculate the error ε between model output and sampled data, we used: 

 

휀 = 1 − 𝑒(−𝜎)                                                                                                                  3.23 

 

This method is a likelihood function adaptation from Beven (2001): In Lindenschmidt, 

(2006).  

Here, “σ is a normalized error variance between the measurements xm and simulated xs 

values normalized to the average of the measured values 𝑥 m” Lindenschmidt (2006): 

 

𝜎 =
1

𝑥�̄�
√∑ (𝑥𝑚 − 𝑥𝑠)2                                                                                                3.24 

 

Using this approach, the error will lie in the range between 1 (perfect fit) and 0 (no fit) 

while using the exponent of σ. 

Model utility 
To evaluate the “best” model for a particular application, in terms of an index of 

utility Um for model m, both sensitivity and the error values were used for this purpose 

(Snowling and Kramer, 2001): 
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𝑈𝑚 = 1 − √
𝑤𝑠.𝑠𝑡𝑜𝑡𝑎𝑙,𝑚

2̂ +𝑤𝐸. 𝑡𝑜𝑡𝑎𝑙,𝑚
2̂

𝑤𝑠+𝑤𝐸
                                                                                    3.25 

 

“Where Stotal ,m and εtotalm are the sensitivity and error of each model normalized to 1. Ws 

and wE are weighting factors for sensitivity and error and both equal 1 for no preference. 

Increasing one factor emphasizes that particular characteristic. The aim is to maximize 

Um by decreasing both sensitivity and error” (Lindenschmidt 2006). 

 Although, a water quality model provides both spatial and temporal near-surface 

data at the model resolution, including errors following inadequate model physics, 

parameters and forcing data (http://prhouser.com/houser_files/da_chapter.pdf) remote 

sensing observations also, contain near-surface water quality data at an instant in time, 

but do not give the temporal variation. Whereas the remote sensing observations can be 

used as initialization input for models or as independent evaluation, we can use the water 

quality model predictions and remote sensing observations mutually to manage the 

simulation on track within data fusion (Kostov and Jackson, 1993). 

Data Fusion 
 As already stated, we use the Kalman filter data fusion algorithm to integrate field 

measurements and numerical models in an attempt balance the uncertainty between 

prediction and data (Kalnay, 2002). Merging various spectroscopic measurements, field 

observations, and water quality simulation model to obtain the best possible estimate of 

the water quality considered to obtain the best estimate does this. 

The purpose of this section is to attain our third objective and our guiding hypothesis, 
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which states that; sensitivity and uncertainty from water quality remote sensing and water 

quality modeling can be improved through data fusion for a better prediction of water 

quality in the Shenandoah River Basin.  The approach we develop to deal with water 

quality uncertainty uses a Kalman filter, one of the most popular estimation techniques 

(Castanedo, 2013). 

The Kalman filter 
 The Kalman filter proposed by Kalman (1960) uses mathematical equations that 

provide an efficient computational (recursive) estimation approach, in a way that 

minimizes the mean of the squared error. It is an established sequential data fusion 

technique, which is characterized by alternating forecast and analysis steps. In the 

forecast step, a previous state estimate is evolved forward in time to give a forecasted 

state at the date of the newest observations. In the analysis step (Livings et al., 2008), 

observations are used to update the forecast state and to determine the condition of the 

dynamical system by giving an improved state estimate called the analysis (Welch and 

Bishop, 2006).  The Kalman filter data fusion technique estimates the state x of a process 

in time using the space-time model (Castanedo, 2013) presented below: 

 

𝑋𝑡(𝑡𝑘) = 𝑀𝑥𝑡(𝑡𝑘−1) + 𝑁𝑢(𝑡𝑘−1) + 𝜂(𝑡𝑘−1)                                                             3.26 

 

with measurements  y at time k of the state x shown as 

 

𝑦(𝑡𝑘) = 𝐻𝑥𝑡(𝑡𝑘) + 휀(𝑡𝑘)                                                                                            3.27 
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M is a known matrix (n × n), which relates the state x at the previous time t k-1 to the state 

at the current time t k as shown in equation (3.26). Although, in reality, this matrix might 

change with each time step, it is assumed to be constant with this description of the 

Kalman Filter algorithm (Giannakopoulou Evangelia – Maria, 2008). The state vector X 

in the water quality forecasting model in this context is either chlorophyll a or 

phosphorus and the optional control input u, of size l, would denote other boundary 

condition loadings like temperature for instance. Therefore, equation matrix N, (n ×l), 

relates the heat model input u to either chlorophyll-a or phosphorous x. Finally, η (t k −1) 

is a Gaussian, random, unbiased and uncorrelated model noise at the previous time t k −1 

with mean zero and known covariance matrix Q (Welch and Bishop, 2006).  

 In the equation, (3.27) matrix H is a (p × n) known matrix that maps state 

variables x to observed variables y. Also, ε (tk) is a Gaussian, random, unbiased and 

uncorrelated observation noise at the same time tk with mean zero and known covariance 

matrix R (the observation error covariance matrix, a (p × p) matrix that describes the 

random errors in y (tk). Similar to equation (3.26), matrix H might change with each time 

step or measurement, however, it is assumed to be constant (Welch and Bishop, 2006), 

and according to Livings, 2005, there is no correlation between model noise and 

observation noise at any times. 

 At time tk the Kalman filter algorithm is given by the sequence of the following 

equations, divided into two groups, in the time update equations (3.28) and (3.29) and in 

the measurement update equations (3.30), (3.31) and (3.32), (Welch and Bishop, 2006). 
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1. State forecast 𝑥𝑓(𝑡𝑘) = 𝑀𝑥𝑎(𝑡𝑘−1) + 𝑁𝑢(𝑡𝑘−1)                                                 3.28 

2. Forecast error covariance matrix 𝑃𝑓(𝑡𝑘)𝑀𝑃𝑎(𝑡𝑘−1)𝑀𝑇 + 𝑄(𝑡𝑘−1)                     3.29 

3. Kalman gain matrix 𝐾(𝑡𝑘) = 𝑃𝑓(𝑡𝑘)𝐻𝑇[𝐻𝑃𝑓(𝑡𝑘)𝐻𝑇 + 𝑅]−1                              3.30 

4. Analysis 𝑥𝑎(𝑡𝑘) = 𝑥𝑓(𝑡𝑘) + 𝐾(𝑡𝑘)[𝑦(𝑡𝑘) − 𝐻𝑥𝑓(𝑡𝑘)]                                        3.31 

5. Analysis error covariance matrix 𝑃𝑎(𝑡𝑘) = [𝐼 − 𝐾(𝑡𝑘)𝐻]𝑃𝑓(𝑡𝑘)                         3.32 

 

 Equations (3.28) and (3.29) are time updates and evolve the state and covariance 

estimate forward from time tk −1 t to time tk whereas M and N matrices in equation (3.28), 

are defined based on knowledge of the process. However, the determination of the 

process noise covariance Q, in equation (3.29), is more difficult because of the failure to 

observe directly the process being estimated (Welch and Bishop, 2006). The Pa (t k−1), the 

matrix in equation (3.29), is the ‘state error covariance matrix’, is the (n × n) matrix and 

describes the random errors in the ‘initial guess’. It is also observed here that the 

measurement update equations (3.30), (3.31) and (3.32) alter the projected estimate by an 

actual measurement at that time (Welch and Bishop, 2006). During the measurement 

update, the first step is to compute the (n × p) Kalman gains matrix K that minimizes the 

‘a posteriori’ error covariance Pa (tk) in equation (3.32). The observation error covariance 

matrix R is measured prior to the operation of the filter during the implementation of the 

filter. It is practically possible to measure this matrix because sample measurements can 

be taken to determine the variance of the observation noise (Giannakopoulou, 2008).  

 The step that follows is to calculate an ‘a posteriori’ state estimate xa (tk) as a 
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linear combination of an ‘a priori’ estimate x f (t k) and a weighted difference between 

the actual measurement y (t k) and the measurement prediction Hx f (t k), as presented in 

equation (3.31), (Giannakopoulou, 2008). Finally the analysis error covariance matrix Pa 

(t k) is computed as shown in equation (3.32). After each time and measurement update, 

the same procedure is repeated with the previous ‘a posteriori’ estimates used to predict 

the new ‘a priori’ estimates (Welch and Bishop, 2006).  

 The Kalman filter employed in this study is low-level data fuse approach in a case 

like our study that is a linear advection model in which the error is likely to be estimated 

as the Gaussian noise which allows Kalman filter to obtain estimations that are 

statistically optimal (Luo and Kay 1992) (Figure 11.11). 

 

 

 

 

 

 

 

 

 

 

Figure 11.1 1: Data merging approach proposed by Kalman 1960 adapted from Argos location principle 
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CHAPTER FOUR 

APPLICATION OF HYPERSPECTRAL REMOTE SENSING DATA AND 

CHEMOMETRICS IN ESTIMATING WATER QUALITY 

 

Introduction 
Water quality parameters and conditions have recently had the advantage of being 

adequately monitored with hyperspectral remote sensing technologies (Govender et al., 

2007). Prior to this technology, the standard water quality monitoring approach had 

always been to collect water samples, which are accurate to a point in time and space, but 

this did not to provide the needed spatiotemporal view for an accurate assessment of 

water quality (Ritchie et al., 2003).  Remote sensing technology has however 

demonstrated that an alternative means of water quality monitoring over a greater range 

of temporal and spatial scales can be used to overcome these constraints (Shafique et al., 

2001). Several studies have demonstrated the importance of hyperspectral remote sensing 

of monitoring the spatial variation of optical water quality parameters in lakes, rivers, and 

oceans. A multiband quasi-analytical algorithm is used to estimate the inherent optical 

properties of water, and the bio-optical model-based tool is also used to estimate water 

quality and bottom properties from remote sensing images for chlorophyll-a, colored 

dissolved organic matter, and total suspended sediments concentrations across the 

Shenandoah River basin using ARCHER data, and field spectroscopy. 
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This chapter investigates the spatial dynamics of water quality across the three 

rivers of the Shenandoah River basin using imaging, spectroscopy, and chemometrics and 

to validate the use of bio-optical and chemometric algorithms developed with in-situ data 

from the Shenandoah River, and applied to airborn ARCHER data, to estimate water 

quality constituents. A handheld field spectrometer along with in-situ water quality 

monitoring was used to determine the concentration of chlorophyll-a, colored dissolved 

organic matter, turbidity, phosphorus, and nitrogen. This is imperative because 

phosphorous and nitrogen, which enhance the growth of plankton in lakes and rivers, are 

useful indicators of the level of eutrophication (Mueller and Helsel, 1996), and measuring 

the river nutrient level is necessary for water quality management. 

Spectra absorption levels 
The principal photosynthetic pigment of phytoplankton common to all species is 

chlorophyll-a (Kirk, 1994). Chlorophyll-a (chl-a) concentration is commonly used as a 

proxy for phytoplankton concentration in ocean and lake water.  Because of the link 

between phytoplankton concentrations and primary productivity, indicating trophic 

status, chl-a concentrations have been quantified from remote sensing data in a wide 

variety of studies (Kirk, 1994).  Analytical models have had success in modeling chl-a 

concentration from field-based, airborne, and satellite remote sensing data in a wide 

variety of lakes with differing trophic status (Dekker et al., 1992; Dekker, 1993; Jupp et 

al., 1994). Bio-optical measurements at 99 stations in the Shenandoah River at Front 

Royal, Strasburg, Luray, and Millville were carried out over four major field campaigns 

in November and December of 2013, with the goal of demonstrating the feasibility of 



87 

 

remotely sensed data for efficient and effective monitoring of water bodies to provides a 

model for monitoring chlorophyll a, colored dissolved organic matter, and suspended 

matter (turbidity) distribution in the Shenandoah River on seasonal basis. Field 

spectroscopy, as illustrated in figure 11 c below, showed the following characteristic: 

 

 

 
Figure 11 c: Water Reflectance spectra for Front Royal, November 2014 

 

 

The absorption of the lower wavelengths (420 nm) is likely due to a combination 

of chl-a, carotenoids and dissolved organic matter (Rowan, 1989; Rundquist, et al., 1996; 

Vincent et al., 2004).  The first peak (550 nm) is present at the position of maximum 

reflectance caused by minimum absorption of algal pigments and scattering by non-
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organic particles and phytoplankton cell walls (Dekker, 1993; Rundquist et al., 1996; 

Gitelson et al., 2000). A trough at 660 nm represents the absorption maximum of 

phytoplankton cell (Rowan, 1989; Dekker, 1993; Richardson, 1996; Gitelson et al., 

1999). At 700 nm, a small peak represents a region of reduced pigment absorption and 

possibly fluorescence due to the phytoplankton cell (Rowan, 1989; Schalles and Yacobi, 

2000).  The second absorption peak of chl-a and cell wall is scattering competitively 

influence the spectra causing a trough at 660 nm (Rundquist, Han et al., 1996; Gitelson et 

al., 2000).  This trough is followed by a peak at 704 nm, which is caused by the 

interaction of scattering by suspended matter, algal cells, and absorption due to water and 

chl-a (Gitelson et al., 1995; Gitelson et al., 2000).  Beyond this peak, the spectra are 

strongly influenced by the absorption of water, causing low reflectance.  

Surface inherent optical properties for absorption and backscattering 
for chlorophyll, colored dissolved organic matter and turbidity 

Inherent optical properties of the water for all four sections of the river resulted in 

an average absorption of 0.28 m-1 to 0.53 m-1 for spring 2013, and between 0.83 m-1 to 

1.45 m-1 in summer 2014. Backscattering ranged from 0.11m-1 to 0.233 m-1 in spring and 

0.26 m-1 to 0.45 m-1 in summer (Fig. 10 a and b). Chlorophyll a, colored dissolved 

organic matter (CDOM) and turbidity values measured in the Shenandoah River Basin at 

555 nm, 560 and 640 nm reference wavelengths are shown in Table 5. For spring 2013, 

the mean chl-a concentration for 555 nm, 560 and 640 nm was 0.32 μg/l, 0.34 μg/l, and 

0.51 μg/l respectively, with a data range of 0.27, 0.30 and 0.58 μg/l with a very low 

standard deviation for spring 2013. The mean values of chlorophyll a are higher than the 

global average (0.24 m-1) (Gregg and Conkright, 2002), when measured at 555 nm and 
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640 nm (Figure 10a). The smallest chl-a concentration modeled in this data set was 0.2 

μg/l in Luray and the maximum, 0.54 μg/l in Millville and Front Royal for the fall 2013 

dataset. The mean colored dissolved organic matter concentration for the watershed was 

0.11, 0.11, and 0.17 mg/l for all considered reference wavelengths. Mean turbidity values 

range from 0.1, 0.1 and 0.21 mg/l for 555 nm, 560 and 640 nm wavelengths respectively 

(Table 5). Summary statistics for modeled turbidity shows mean values of 0.1, 0.1 and 

0.21 mg/l for 555 nm, 560 nm, and 640 nm wavelengths respectively. The minimum 

value observed is at 560 nm with a value 0.14 mg/l and a maximum of 0.45 mg/l 

observed at 640 nm. 

 

Table 5. Spring water quality concentrations at different wavelengths in nm (water quality in mg/L) 

Variable @ 

wavelength 
Front Royal Luray Millville Strasburg Average 

Phyt(555 nm) 0.337 0.295 0.356 0.287 0.319 

Phyt(560) 0.352 0.302 0.377 0.302 0.333 

Phyt(640) 0.536 0.513 0.547 0.412 0.502 

CDOM (555 
nm) 

0.117 0.088 0.111 0.114 0.107 

CDOM (560) 0.12 0.089 0.116 0.118 0.111 

CDOM (640) 0.193 0.153 0.178 0.18 0.176 

Turb(555 nm) 0.115 0.087 0.109 0.112 0.106 

Turb(560) 0.117 0.084 0.111 0.115 0.107 

Turb(640) 0.221 0.163 0.217 0.238 0.21 

 

 For summer 2014, the mean chl-a concentration for 555 nm, 560 and 640 nm was 

3.48 μg/l, 3.9 μg/l, and 5.9 μg/l respectively, with a data range of 0.27, 0.30 and 0.58 μg/l 

with a standard deviation of 0.89 5.9 μg/l, 0.9 μg/l and 1.6 μg/l for all three wavelengths.  

Millville presents the highest chl-a concentration of 6.9 μg/l and Strasburg with the 
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lowest value of 2.6 μg/l (Table 6). For colored dissolved organic matter, we obtained 

0.93, 0.98, and 1.5 mg/l for 555 nm, 560 nm, and 640 nm wavelengths. The standard 

deviations are also small and increase as we increase the wavelength. The 640 nm 

reference shows consistent high values for all locations and lowest values at 555 nm. For 

the same season, the average turbidity values were 0.53, 0.78 and 1.54 mg/l for 555 nm, 

560 nm, and 640 nm wavelengths respectively with highest values at the 640 references 

as with CDOM (Table 6). 

 

Table 6. Summer water quality concentrations at different wavelengths in nm (water quality in mg/L) 

Variable @ 

wavelength 

Front 

Royal 
Luray Millville Strasburg Average 

Phyt(555 nm) 3.471 3.36 4.413 2.665 3.477 

Phyt(560) 3.835 3.862 4.825 3.259 3.945 

Phyt(640) 5.843 6.566 6.997 4.451 5.964 

CDOM (555 

nm) 
0.969 0.809 1.135 0.81 0.930 

CDOM (560) 0.999 0.875 1.183 0.886 0.985 

CDOM (640) 1.604 1.502 1.815 1.349 1.567 

Turb(555 nm) 0.493 0.488 0.706 0.437 0.531 

Turb(560) 0.96 0.686 0.912 0.597 0.788 

Turb(640) 1.815 1.334 1.777 1.239 1.541 

 

 The Pearson’s correlation coefficient (r) between the Chlorophyll a and total 

absorption was calculated for 440 nm, for the bands centered at 670/490 nm; 665/490 

nm; 665/490 nm (Lee et al., 2002), to determine the best band ratio for estimating the 

concentrations of chl-a, colored dissolved organic matter, and turbidity in the 

Shenandoah River.  
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 Spring 2013 estimates show an unyielding chlorophyll-a correlations between all 

the three-band ratios: r = 0.87, 0.88, 0.92 (Figure 13) with the 665/490 ratio (i.e. band 

640) with the highest coefficient.  The linear regression estimate also yielded a high 

regression coefficient (r2 of 0.83), at 640 nm, and 555 nm and 560 nm show  r2 = 0.75 

and 0.77, respectively (Figures 13 a, b & c ).   

Similar to Spring 2013, regression values for summer of 2014, also indicate a 

very strong Chlorophyll a correlations between all the three-band ratios: r = 0.92, 0.89, 

0.93 and 665/490 ratio still dominant Estimated at 640 nm also show an r squared value 

of 0.86, compared to r2 of 0.84 and 0.80 for the bands centered at 670/490 nm and 

665/490 nm. (Figures 14 a, b, and c).   
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Figure 12 (a, b, and c). Chlorophyll-a estimation for spring 2013 at chosen wavelengths 
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Figure 10 (a): Total absorption at 440 nm

Chl a at 555 nm reference
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Figure 10(b): Total absorption at 440 nm

Chl a at 560 nm reference
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Figure 13 (a, b and c). Chlorophyll -an estimation for summer 2014 at chosen wavelengths 
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Determination of the Absorption‐Backscattering Relationship 
 To determine the concentration of colored dissolved organic matter and 

suspended sediments (turbidity), the spectral distribution of backscattered energy was 

also estimated.  For instance, the concentration, size, shape, and the refractive index of 

suspended  

particles determine turbidity and increase the amount of energy backscattered in water 

bodies (Moore, 1990). Using the quasi-analytical approach, total backscattering was 

estimated for all areas, and the highest backscattering was obtained at Millville and this is 

caused by the high load of suspended sediment. The lowest values determined were 

found at Luray. 

  To derive CDOM at 440 nm, backscattering at 555 nm is used as a reference, in 

which parameters are fitted to the synthetic data provided by International Ocean Color 

Coordinating Group (IOCCG) for ocean color algorithm testing and validation (Lee et al., 

2002).  CDOM’s absorption coefficient at 440 nm, phytoplankton estimates at (440 nm), 

is often taken as the substitute of its concentration. Remote sensing inversion also 

regularly produces phytoplankton (440 nm) in ocean color science (Lee and Hu, 2006). 

Due to complex and variable CDOM chemistry, it is frequently represented by its optical 

properties, for instance, the fluorescence strength, rather than its physical mass, as the 

mg/l or g/l used for chlorophyll (Zhu et al., 2011).   

   For spring 2013, the correlation coefficient between total backscattering and 

CDOM at 440 nm was 0.75, 0.74, and 0.73 for 555 nm, 560 nm, and 640 nm, 

respectively. The bands centered at 760/490 nm produced the highest correlation (Figure 
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15) with r2 = 0.56, which is the best the best predictability value compared to 665/490 

nm; and 665/490 wavelengths that showed smaller r squared values. 

 

 

 

 

 
Figure 14 (a, b and c). Colored dissolved organic matter estimation for spring 2013 at chosen wavelengths 
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Figure 12 (a): Backscattering at 440 nm

CDOM at 555 nm reference
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Figure 12(b): Backscattering at 440 nm

CDOM at 560 nm reference
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Summer 2014, yielded regression values of 0.73, 0.75, and 0.74 and accompanied 

r squared values of 0.58, 0.56, and 0.54 for 670/490; 665/490; 665/490 band ratios, 

respectively, with the highest regression coefficient, found for the band at 555 nm, with 

an indication that CDOM can be predicted at this band (Figure 16). 

 

 
 

 
 

 
Figure 15 (a, b and c). Colored dissolved organic matter estimation for summer 2014 at chosen wavelengths 
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 Likewise, the Pearson’s correlation coefficients (r) for turbidity for spring 2013, 

were; 0.75, 0.73, and 0.61 for 670/490 nm; 665/490 nm; 665/490 nm band ratios, with the 

best regression coefficients in the bands centered at 670/490 with an r2 = 0.56.  Band 560 

has an r2= 0.53; 640 nm has an r2= 0.37.  This is an indication that turbidity will be best 

predicted with bands centered at 670/490 nm for estimating turbidity in the Shenandoah 

River Basin (Figure 17). 
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Figure 16 (a, b and c). Turbidity estimation for spring 2013 at chosen wavelengths 
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Summer computed values also show that band 555 nm is the best for predicting 

turbidity since it produced an r2 value 0.59. The 560 nm and 640 bands had correlation 

values of 0.68 and 0.63, with relatively small r squared values compared to those 

obtained at bands centered at 670/490 nm (Figure 18). 

 

 

 

 

 
Figure 17 (a, b and c). Turbidity estimation for summer 2014 at chosen wavelengths 
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 While both chlorophyll-a concentrations were dominant in the 665/490 nm band 

ratios both in spring and summer, values tripled in the summer.  Average chlorophyll-a 

value for spring 2013 was 0.502 μg/l, and 5.964 μg/l, for summer 2014. The values for 

CDOM and turbidity also increased significantly from spring to summer with the best 

prediction at bands 640 nm, for both chlorophyll-a and turbidity (Figure 19 and 20). 

 

 

 

Figure 18. Average water quality concentrations in the Shenandoah River, Spring 2013 in mg/L 

 

 Figure 19 and 20; show the different levels of pollution for the Shenandoah River 

with values of absorption (a), backscattering (bbb), phytoplankton (pyto), colored 

dissolved organic matter (CDOM) and turbidity estimated for four locations of the river 

using 555 nm, 540 nm and 640 nm as reference wavelengths. 
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Figure 19. Average water quality concentrations in the Shenandoah River, summer 2014 in mg/L 
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dissolved organic matter from 0.088 m-1 to 0.152 m-1 and estimate of total suspended 

sediment of 0.09 m-1 to 0.15 m-1 (Figure 21b).   

 

 
               Figure 21 (a)Total absorption for different sample locations for Spring 2013 

 
Figure 20. shows the highest peak at about 440 nm, with another peak at 480 nm and 540 nm that are        

consistent with the presence of chl-a 
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Predicting nutrient level in the river with Chemometrics  
 For spring of 2013, we had 90 spectral measurements and for each location, water 

quality (phosphorous and nitrogen) samples were collected. The wavelength from the 

field spectrometer ranged from 325 nm - 1075 nm. The goal of the analysis is to model 

the relation between the single response variables, nutrient concentration (total 

phosphorous and nitrogen), and these spectra. However, in predicting the nutrient level of 

the Shenandoah River, the data was resampled to the same spectral range of 400 nm – 

710 nm used to model the inherent optical properties of the river. Summary statistics for 

nitrogen and phosphorous yielded mean values 0.147 mg/L, 0.676 mg/L, 0.557 mg/L and 

standard deviation of 0.020 mg/L, 0.163 mg/L and 0.190 mg/L respectively, with little 

standard error and variation in the data. The analysis of variance (Table 7) is used to 

verify the null hypothesis that the predictor variables (field spectra) cannot be used to 

predict nutrient levels in the river. Because the p-value for nitrogen is 0.000, which is less 

than the significance level of 0.05, we can reject the null hypothesis and conclude that 

our model can be used to predict nitrogen levels. However, phosphorous has a p-value of 

0.044, which is more that the 0.05 confidences level, and with this we fail to reject the 

null hypothesis and conclude that this model will not be appropriate to use to predict 

phosphorus levels in the Shenandoah River for spring 2013. 
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Table 7. Analysis of variance for the nutrient in the Shenandoah River Basin. 

  Nitrogen         

Source 

Degrees 

of 

freedom 

Sums of 

squares 

Mean 

squares F test P 

Nitrogen 8 0.903 0.113 6.2 0.00 

Residual error 81 1.473 0.182     

Total 89 2.377       

  Phosphorous       

Source 

Degrees 

of 

freedom 

Sums of 

squares 

Mean 

squares F test P 

Phosphorous 2 0.002 0.001 3.24 0.044 

Residual error 87 0.036 0.0004     

Total 89 0.038       

 

 

To avoid over-fitting the data, by not reusing the same data to both fit a model 

and to estimate prediction error, we used cross-validation that is a more statistically 

reliable method of determining the number of components in PLSR (Krstajic et al., 

2014). This procedure results in the estimate of prediction error, which is not 

optimistically biased downwards (Figure 22). 
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Figure 21. Cross-Validation for nitrogen and phosphorous 

 

 

 Our cross-validation with the leave one out method (Moore, 2001), show that for 

nitrogen there is a relationship between the training set and the test, whereas a 

relationship does not seem to exist in the phosphorous model (Figure 23 and Table 8).  

 

  
Figure 22. Model section plots for Nitrogen and phosphorous. 
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Thus, fewer components are simpler to interpret, predict the response adequately 

(Bro and Smilde, 2014). The optimal number of components retained from chemometrics 

through cross-validation indicated eight nitrogen and two phosphorous components could 

explain most of the variation in the dataset (Figure 23 and Table 8) with minimum 

prediction error sum of squares of 2.099 and 0.039 for Nitrogen and phosphorous 

respectively (Table 8). This gives a strong suggestion that eight PLS factors for nitrogen 

are suited for modeling nutrient content on the Shenandoah River across all considered 

spectra. Because phosphorous failed to reject the null hypothesis that the predictor 

variables (field spectra) cannot be used to predict nutrient levels in the river, the model 

was not useful in the analysis and was thus not useful for prediction in the spring of 2013. 

Although nitrogen indicate that the optimal minimum number of factors retained 

is eight, the variance explained table reveals that the 1st factor explained 96.6 percent 

variance for nutrients effects and the second factor accounts for 1.8 percent of the 

explained variance. The first and second factor combined for a 98.44 percent of the 

explained variance, while factors three to eight, add very little to the nitrogen variance 

explained, by contributing less than 1.5 percent to the total variance explained. However, 

the results presented in Table 8, suggests that these eight dimensions should be retained 

for the final solution as a fixed effect model 
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Table 8. Cross-validation summary and total variance explained 

  
Model Selection and Validation 

       Nitrogen     

Components x variable Error R-Sq     PRESS   R-Sq (pred) 

1 0.965465 2.32485 0.022007 2.46464 0.00 

2 0.984711 2.20806 0.071137 2.42359 0.00 

3 0.988034 2.05386 0.136005 2.49369 0.00 

4 0.99345 1.92551 0.189997 2.26906 0.045475 

5 0.998644 1.83671 0.227353 2.2839 0.039233 

6 0.999388 1.75771 0.260584 2.24165 0.057003 

7 0.999594 1.63852 0.310722 2.18066 0.082662 

8 0.999643 1.47397 0.379944 2.09921 0.116924 

9   1.42228 0.401689 2.17929 0.083238 

10   1.36543 0.425606 2.23419 0.060141 

      Phosphorous     

Components x variable Error R-Sq     PRESS   R-Sq (pred) 

1 0.960427 0.005013 0.0399476 0.00 0.00 

2 0.983971 0.0357388 0.069302 0.0391998 0.00 

3   0.0340522 0.113225 0.0396355 0.00 

4   0.033923 0.116589 0.0396561 0.00 

5   0.0331619 0.13641 0.0409456 0.00 

6   0.0327109 0.148153 0.0418649 0.00 

7   0.03152 0.179165 0.0440833 0.00 

8   0.0303737 0.209017 0.0431331 0.00 

9   0.0294813 0.232257 0.0458536 0.00 

10   0.0282846 0.263423 0.0492758 0.00 
From Table 8, it is observed that the first five factors can be used to account for the variation in the 

responses, with the first factor accounting for the highest variation with a 96.60 explained variance. The 

eighth factor is having the minimum PRESS value of 2.099 for nitrogen and the second factor for 

phosphorous with a value of 0.039. 

 

 

 

 

 This information is also supported by the variable importance projection, based on 

the variable importance for the projection (VIP) statistic of Wold (1994), which sums the 

role a variable provides to the model. If a predictor has a relatively small coefficient and 

a low value of VIP, then it is a prime candidate for deletion. Wold (1995) recognizes a 

value less than 0.8 to be "small" for the VIP. In our case, the first factor has a VIP of 
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2.147 The VIP from the first factor reduces as more factors are added up to 420 nm with 

a VIP value of 0.913. From 455 nm to 540 nm; 600 nm to 625 nm; 635 nm to 645 nm and 

655 nm, and 690 nm to 710 nm the VIP values are all above the 0.8 thresholds.  

 These VIP regions are possible candidates for nutrient mapping with the area 

starting from 455 nm to 540 nm of interest as indicated in figure 6 below. However, a 

closer look at the various components also shows that the wavelength of 485 nm and 630 

nm have the highest values for the first element: 98.64 and 98.65 percent, respectively, 

and the second highest component is at 490 nm with a value of 99.9 percent. In the same 

way like the variable importance for projection, the regression coefficient profile also 

gives a more direct indication of which wavelengths is most useful for predicting 

nutrients (Figure 24). 

 

 
Figure 23. Variable importance projector and coefficient plots show that nitrogen can be predicted between 450 

nm to 555 nm and 670 to 710 nm with a region for positive values on regression coefficient. 
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 For summer of 2014, ARCHER data and field spectra was also collect on July 21, 

2014, and since the ARCHER data had a wavelength of 500 nm to 1100 nm and the field 

spectrometer from 325 nm – 1075 nm, we resampled the image and field spectrometer 

data to have a consistent wavelength to use with the 46 water quality lab samples that 

were also collected during field our field survey (Figure 25). The plot shows a linear 

combination of the water quality variable scores from the calculated variable values that 

that contain the variance in the wavelength or band explained by the PLS, regression 

model. The plots also show one of the predictor variables deviating the others, and this 

could be an outlier in the data set.  

 

 
Figure 24. Water quality variable and wavelength (predictor) 

 

  

 The goal of the analysis is to model the relation between the single response 

variables, nutrient concentration (total phosphorous and nitrogen), and these spectra. 
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Similar to the analysis carried out with the spring data and with the hypothesis that the 

predictor variables (field spectra) cannot be used to predict nutrient levels in the river. 

Table 3 below show that the p-value for both nitrogen and phosphorous is 0.00, the 

significance level of 0.05, meaning that in both cases, we reject the null hypothesis and 

conclude that our model can be used to predict nutrient concentrations in the Shenandoah 

River.  

 

 

Table 9. Analysis of variance for nutrients in the Shenandoah River Basin. 

    Phosphorous     

Source DF SS MS F P 

Phosphorous 4 0.0031 0.0008 12.93 0.000 

Residual Error  41 0.0025 0.0001     

Total 45 0.0056       

    Nitrogen       

Source DF SS MS F P 

Nitrogen 5 0.607 0.121 14.43 0.000 

Residual Error  40 0.337 0.008     

Total 45 0.944       

  

 Tables 9 and 10 show the 4 and five components of phosphorous and nitrogen in 

the model that maximizes the predicted R2 value that is a complex linear combination of 

all 46 of the variables. Even though the analysis of variance table show that only 4 and 5 

degrees of freedom for the regression are used for phosphorous and nitrogen respectively, 

all the data is used for the analysis in selecting the best model and for cross-validation 

(Figure 26 and 27). The coefficients are presented in the appendix 1 &2. 
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Table 10. Model selections, cross-validation, and the total variance explained. 

    Phosphorous     

Components X Variance Error R-Sq       PRESS 

R-Sq 

(pred) 

1 0.977 0.005 0.162 0.017 0.000 

2 0.989 0.004 0.369 0.014 0.000 

3 0.996 0.003 0.466 0.017 0.000 

4 0.999 0.002 0.558 0.003 0.421 

5   0.002 0.626 0.005 0.185 

6   0.002 0.643 0.006 0.000 

7   0.002 0.683 0.011 0.000 

8   0.002 0.710 0.009 0.000 

9   0.002 0.724 0.034 0.000 

10   0.001 0.750 0.089 0.000 

    Nitrogen       

Components X Variance Error R-Sq       PRESS 

R-Sq 

(pred) 

1 0.977 0.779 0.175 2.407 0.000 

2 0.988 0.595 0.370 2.009 0.000 

3 0.996 0.511 0.458 1.641 0.000 

4 0.999 0.415 0.561 0.983 0.000 

5 1.000 0.337 0.643 0.655 0.306 

6   0.327 0.653 1.111 0.000 

7   0.276 0.707 1.431 0.000 

8   0.241 0.744 0.676 0.283 

9   0.224 0.763 6.306 0.000 

10   0.191 0.798 9.861 0.000 

 

 
Figure 25. Model section plots for nitrogen and phosphorous 
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 In our analysis, the predicted R2 is used to determine the number of components 

for each variable of interest, and as shown in Figure 26 above the optimal value is with 5 

components for nitrogen and 4 components for phosphorous. To determine the 

appropriate number of components to retain the model, the predictive ability of potential 

models was carried out through cross-validation.  With multiple responses, our analysis 

validated the responses of all the components at the same time (Figure 27). Both the 

nitrogen and phosphorous plots show a good fit for our model with less difference in the 

fitted and cross-validated points against the actual responses. 

 

 

 

 
Figure 26. Cross-Validation for nitrogen and phosphorous 
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 With our model rejecting the null hypothesis, and good cross-validation results for 

nitrogen and phosphorous, we computed to show which predictor variables are greater in 

nutrients in the Shenandoah River. All our estimated coefficients are presented in 

the appendix. For the unstandardized coefficients used in this study (Figure 28), 

the positive values indicate that for every 1 nm increase in the wavelength, 

nitrogen or phosphorous will increase by the unstandardized beta coefficient 

value.   

 

 

  
Figure 27. Unstandardized nitrogen and phosphorous coefficients 

 

 

  As shown on the plot, the first spectrum increases denoting their importance in the 

prediction before decreasing. “When the number of latent variables increases this 
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indicates that the model over fits the data” (Abdi H., 2010). Our results show that 

phosphorus can be mapped with 504 nm, 635 nm, 690 nm, 485 nm, and nitrogen with 

710 nm, 520 nm, 605 nm, 400 nm, 625 nm, 690 nm, 410 nm (Figure 28). With these 

coefficients, we mapped nitrogen and phosphorous in the North and South Fork of the 

Shenandoah River using ARCHER data. 

 

Implementation of ARCHER data for water quality estimation in the 
Shenandoah River 
 After a resampling the field data and atmospherically correcting the Archer data with 

the empirical line method, the coefficients developed from partial least squares regression 

(Appendix), were applied to the ARCHER data using the coefficients to estimate and 

map nitrogen and phosphorous in the Shenandoah River (Figures 29 and 31). The spatial 

distribution of nitrogen shows an average value 2.01 mg/L for both Woodstock images. 

Field values of 2.20 mg/L, and a standard deviation of 0.144 mg/L for the field data and 

0.17 mg/L for the ARCHER output (Figure 29).  

 

 



115 

 

 
 

 
Figure 28. Nitrogen estimation using ARCHER data collected July 22, 2014 in the Shenandoah River 

 
 

 The South Fork images both have an average nitrogen value of 1.95 mg/L and a 

standard deviation of 0.08 mg/L and 0.05 mg/L for the images at Bentonville and North 

of Bentonville, respectively. Comparing these two images with the field sample, the 

average value is 2.2 mg/L and is close to the image obtained values. This shows that there 

is some reliability in using airborne ARCHER data to estimate nitrogen in the 
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Shenandoah River. Cross-validation (Figure 31) display R2 values of 0.56 and 0.67 for 

the North Fork locations at Woodstock while for the South Fork at Bentonville had 

values of 0.51and 0.42. Of the four locations examined, only one of the Bentonville 

results show low reliability in using the ARCHER data to predict nitrogen in the 

Shenandoah River. This low reliability can be attributed to errors in the data collection 

that was not fully accounted for by correction.  

 

Figure 29a. Nitrogen validation for ARCHER data and lab analysis for Woodstock in the North Fork of the 

Shenandoah River 
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Figure 30b 1. Nitrogen validation for ARCHER data and lab analysis for Bentonville in the South Fork of the 

Shenandoah River 

 

 

 Similarly, phosphorous estimation from the ARCHER data for Woodstock 

(Figure 31(a)) both show a mean of 0.05 mg/L and a standard deviation of 0.02 mg/L, 

which is close to the field measurement mean of 0.06 mg/L. However, the maximum 

values for these two locations are 0.30 mg/L for Woodstock and 0.20 mg/L for north of 

Woodstock in the North Fork. These phosphorous values were also within the range of 

field value of 0.11 mg/L, and this could be explained by the differences in time in 

ARCHER collection and field spectra and lab sample collection. 

 Equally, the Bentonville data (Figure 31(b)) produced better results as illustrated 

figure 31 below.  They show an average of 0.05 mg/L, the standard deviation of 0.01 

mg/L, minimal of 0.04 mg/L, which are all similar to the values obtained for both 
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locations from lab-measured ground-truth. Also compared to the ARCHER analysis with 

coefficients, the maximum values obtained were 0.18 mg/L for both images and 0.11 

mg/L for lab measured ground-truth. While the coefficient of determination obtained 

from the statistical regressions of the 46 sample points evaluated did not quite match with 

in-situ measurements, numerous sources can contribute to errors in the estimates, 

including; atmospheric effects, sensor radiometric noise error and spatial point spread 

effects, which although regularly collected  at a distance of 100 m are affected 

contributing errors. 

 Contrary to the nitrogen estimations from ARCHER retrievals showing a 

relationship between ARCHER and field data, phosphorous estimates according to cross-

validation (Figure 32) show low reliability in using the ARCHER retrievals for 

phosphorous predictions in the Shenandoah River. Apart from the Bentonville estimated 

with an r2 of 0.93 for ARCHER and field data, the retrievals from all two Woodstock 

locations in Bentonville (image 2), show no relationship between the field data and 

ARCHER retrievals. As seen in figure 32 below, r2 values of 0.14 and 0.49 were obtained 

for all two North Fork locations, while, for the South Fork, 0.17 was obtained for 

Bentonville (image 2). 
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Figure 30. Phosphorous estimation for July 12, 2014, at Woodstock and Bentonville in the North and South Fork 

of the Shenandoah River 
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Phosphorous validation for ARCHER data and lab analysis for the North and South Fork Shenandoah River. 
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Figure 31. Phosphorous validation for ARCHER data and lab analysis for the North and South Fork 

Shenandoah River 
 

  

Conclusions 
The purpose of this chapter was to combine spectroscopy and HSI data to 

estimate chlorophyll-a, CDOM, nitrogen, and phosphorous in the Shenandoah River 

basin. We used a multiband quasi-analytical algorithm to retrieve total absorption, 
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backscattering coefficients, as well as absorption coefficients of phytoplankton pigments 

and gelbstoff, from remote-sensing reflectance spectra. This approach is based on 

forward and inverse Bio-optical modeling. We measured the inherent and apparent in-situ 

optical parameters and surface reflectance spectrometry, and results show systematic 

differences between different sections of the river, thus suggesting that the Shenandoah 

River can be classified into different inherent and apparent optical properties in which 

phytoplankton can vary independently of each other.  The algorithm is applied to field-

measured data to test its performance, and the results show that its accuracy is similar to 

that of optimization, but the calculation efficiency is similar to that of empirical 

algorithms. The Best correlation value (R=0.916) at 640 nm and  r2 of 0.83, presenting 

the best predictability for Chlorophyll-a at 440 nm.  CDOM and turbidity at 555 nm, with 

R =0.75 and r2 = 0.56 for both variables. The dominance of high CDOM absorption, high 

chl-a and abnormally high reflection in the red is probably caused by the high 

concentrations of red clays found in the river and turbidity concentrations varying from 

0.34 to 0.47 m-1.   

Areas with relatively high concentrations of chlorophyll-a and colored dissolved 

organic matter are directly adjacent to river banks where they are likely receiving 

material originating from terrestrial sources. The locations of CDOM generated plumes 

are valuable information for ecological studies because bio-optical properties of inland 

waters are usually complicated by the preponderance of organic matter and suspended 

sediment in the discharge emanating from the surrounding watersheds. The high CDOM 

concentrations can significantly alter watercolor by affecting light absorption and 
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scattering. These high concentrations of CDOM can also be used as a proxy to determine 

areas with high concentration of aquatic algae and plankton.   

In this chapter, we also used partial least squares to estimate nutrient (nitrogen 

and phosphorous) in the Shenandoah River. Having a dataset consisting of many 

predictors relative to the number of observations, partial least squares regression is 

especially appropriate in this situation as a useful tool for finding a few underlying 

predictive factors and latent variables that account for most of the variation in the 

response. We estimated nutrients levels in the Shenandoah River in Millville, Front 

Royal, Luray, and Strasburg and the coefficients obtained are airborne hyperspectral 

remote sensing data to estimate nitrogen and phosphorous concentrations. 

 This chapter has also demonstrated that for an efficient use of use of hyperspectral 

remote sensing for water quality estimation, adequate atmospheric correction and the 

effect of wave-induced sun glint need to be examined for best retrieval results. Using 

ARCHER data, and applying coefficients from the partial least squares regression, our 

findings show that residual surface reflectance well accounted for, airborne hyperspectral 

data can be used to estimate water quality in the Shenandoah River with the level of 

accuracy. Our test results show that transferability of neighborhood model could be 

acceptable in multiple areas when calibrated within the same local area as evident with 

our cross-validation. This transferability ability of our model from one location to another 

is significant in making a prediction for areas do not have data, especially predictions 

using remote sensing data that is very expensive to obtain and involves skilled staff for 

the collection process. 
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All algorithms applied to this chapter of the research shows that there are also 

sensitive to fluctuations in relative water quality levels due to anthropogenic sources. For 

instance, human influences on relative water quality levels are clearly illustrated along a 

particular stretch of the Shenandoah River. On the South Fork, there is a high 

concentration of chl-a, CDOM, and nutrients directly downstream of areas of human 

occupation, and it can be deduced that these increases must be attributed to urban nutrient 

loading. This increase in the value of each variable is unique to the ARCHER images 

analyzed, and indeed hard to explain due to the patterns observed on the image that apart 

from human activity can be attributed to surface reflectance residuals and the geology of 

the Shenandoah River.   
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CHAPTER FIVE 

HYDROLOGIC AND WATER QUALITY MODELING IN THE SHENANDOAH 

RIVER WATERSHED USING THE WATER QUALITY SIMULATION 

PROGRAM (WASP) 

 

Introduction 
For more than half a century models have been developed and used to simulate 

hydrologic processes and water quality parameters in a holistic manner and recent studies 

show that models have become an important management tool in research with an aim to 

understand and control water pollution (Fulford et al., 2007). Therefore, in establishing 

and evaluating water quality management scenarios, mathematical models have become 

an accepted part of the process (Orlob, 1992). In the United States, several studies have 

been carried out in order to investigate the impact of management measures on the 

waters, and these studies have shown that river models play an important part in the river 

system because these models are capable of simulating the water quality of the river basin 

at different levels of complexity and provide results that can be used for management. 

Concerns of uncertainty in model structure and predictive capabilities have, however, led 

to questions about how such tools can be most effectively used in water quality decision-

making and water quality monitoring (Orlob, 1992). 

 This chapter has the objective to simulate water quality and to conduct an 

uncertainty analysis of the water quality variables for the Shenandoah River with 
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advanced eutrophication and use available data from monitoring programs to validate the 

model. Increased awareness of river quality issues in recent years has resulted in 

advances in river water quality modeling. In the United States, river quality modeling has 

gained impetus due to policies on the Total Maximum Daily Load concept that needed 

modeling tools for water quality and evaluation management practices to improve the 

functioning of the aquatic environment (Horn et al., 2004). These models are also 

necessary because they guide policymakers in decision-making (Korfmacher, 1998).  The 

focus of most, river water quality models has been on predicting the concentrations of 

dissolved oxygen and the dynamics of river eutrophication problems related to plankton-

nutrient (Lindenschmidt, 2006).  

Flows and exchanges 
 The boundary conditions included 51 segments of the three sub-basins of the 

watershed as simulated inputs. All segments had information on the volume, velocity, 

length, width, and bottom roughness of the river within that segment. The minimum 

velocity range from 0.83 m/s at the main stem to 2.4 m/s at North River, and the 

maximum values are: 12.35 m/s for North River, 5.7 m/s for North Fork, 4.9 m/sec for 

South Fork and 4.2 m/sec for the main stem (Figure 33).  The mean discharge of this 

river course varies from 19.34 m3/s at North Fork to 81.97 m3/s at the Main Stem, 48.98 

m3/s at South Fork, and 65.29 m3/s at the North River (Table 11). Flowing from the North 

River the river meets with the North Fork and South Fork section of the river at Front 

Royal which flow to the Main Stem in Millville, which drains into the Potomac River and 

the North River, and the North Fork seem to be the most significant in regards to water 
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volume (Table 11 and Figure 34). The rivers show a maximum water volume in the South 

Fork with about 9.86x108 m3, which happens to be where the waters of the North River 

and South Forth with volumes of 1.65x108 m3 and 1.65x108 m3 respectively, meet before 

flowing into the Shenandoah River at Millville, with an amount of 3.96x108 m3 (Figure 

35).  

 

 
Table 11. River flows and exchanges summary  (m3) 

River Mean 

Standard 

Deviation Sum Minimum Maximum 

Shenandoah Main Stem 81.97 89.33 79834.2 15.06 1199.92 

SF Shenandoah 48.98 53.04 47711.2 10.78 574.49 

NF Shenandoah 19.34 25.33 18841.12 2.03 281.019 

North River 65.29 69.60 63591.68 13.95 887.205 

 

 

 

 
Figure 32.River flow velocity (m/s): The mean velocity from January 2012 – August 2014 was; 4.1 m/sec, 1.95 

m/s, 1.6 m/sec and 1.4 m/sec for the North River, North Fork, South Fork and the main stem respectively 
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Figure 33. Shenandoah River Basin velocity (m3) 

 

 

 

 

  The mean volume of the four rivers considered were; 1.01E+06 m3, for the South 

Fork, 406781.5 m3 for the main stem, 318575.9 m3 for the North Fork and 169162.7 m3 

for the North River. This shows a significant amount of water found in these rivers 

contains a huge volume of water that carries nutrients that move through these Basins. 

 

 

 
Figure 34. River Discharge (m3/s) 
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Nutrients dissolved oxygen, and chlorophyll-a 
 Nutrient problems in the Shenandoah River date since the 1920s, and remain a 

major concern, and an assessment of the water quality of this Basin from 2002 - 2012 by 

the Virginia Department of Environmental quality suggests that almost all the tributaries 

flowing into the North and South Fork of the Shenandoah watershed are impaired. This is 

mostly caused by the appearance of excessive nutrients in the watershed that accelerate 

algae and aquatic plants growth that can disturb fishing and boating activities during the 

summer/fall. Virginia’s Department of Environmental Quality determines from its 2012 

report that “both human (anthropogenic) activities and natural processes cause impaired 

water quality in this Basin”. The conclusion was from data provided by citizen water 

quality monitoring programs going on in Virginia for many years, programs that have 

been encouraged by the agency since 1999. Dissolved oxygen, nutrients (various forms of 

nitrogen and phosphorus) and E. coli bacteria, or chlorophyll-a have been some of the 

typical parameters measured by citizen monitors. An assessment of the river quality in 

the Potomac-Shenandoah River Basin which is divided into eight hydrologic units, 

amongst which we were only concerned with three hydrologic units Codes (HUC 

02070006 - North Fork Shenandoah; 02070005 -South Fork Shenandoah; HUC 

02070007 – Shenandoah) (Figure 1) An evaluation of a 5,957 miles of the river with data 

from the various citizen river monitoring groups show that most of the river is impaired 

for recreational and aquatic life and fish consumption to an extent (Figure 36). 
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Figure 35. Summary for Potomac-Shenandoah River Basin Rivers Assessment from Virginia water quality 

assessment, March 2012 report 

  

 

 

 

 Information from Virginia water quality assessment report of 2012, which 

indicated that the reasons for impairment in the Potomac-Shenandoah River Basin ranked 

by percentage of impaired water size shows: bacteria 77%, benthic, 34%, pH 11%, 

mercury in fish tissue 8%, dissolved oxygen 7%, and PCBs in fish tissue 6%. Impairment 

from  human activities also indicates 61% of impairment from wildlife other than 

waterfowl, 51% from non-point sources, 37% for agriculture, 25% from unknown 

sources, 13% from grazing in riparian zones and 12% from waterfowl (Virginia water 

quality assessment, March 2012 report). Emissions from industrial and communal 

wastewater treatment plants, which use the very high input of fertilizers from the 

agricultural land, have contributed to this impairment. 
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 The simulated mean total nitrogen and phosphorus concentrations for the years 

2012 to 2014 are shown in Table 12 and Figure 37 for the North River, North and North 

Fork Shenandoah Rivers and the Shenandoah River Main Stem in West Virginia. The 

results show that nutrient concentration in this basin varies from one period to another, 

and for all three four locations considered, they all seem to show a similar pattern in 

nutrient levels. The only exception is the North Fork Shenandoah with very high 

concentrations of nitrogen with maximum values ranging from 0.0865 mg/L to 2.99 

mg/L, with a mean value of 1.774 mg/L. This case seems to be the extreme situation 

because the three other rivers have values from 0.0110 mg/L to 2.39 mg/L. The 

phosphorous levels on the North Fork also seem higher relative to the other watersheds 

(Table 12 and Figure 39). The high nutrient level can be attributed to the six dams and 

several low-water bridges on this watershed. This could similarly be a consequence of the 

nutrients coming from higher concentrations in the other tributaries, supplying the North 

Fork but because of their significantly lower discharges and velocity compared to the 

other rivers (Figure 36 and 37). However, all rivers are still considered to be affected by 

nutrient enrichment. The total phosphorus load of the river exceeds 0.05 mg/L (Pickett, 

1977), despite improving water quality through monitoring activity on this watershed 

citizen groups. In the short-term there is still potential for considerable reduction in 

nutrient enrichment. The increasing trend in the nutrient concentrations in the flow 

direction as already mentioned is attributed more to emissions from the pasture, 

residential, and cropland and chemical plants. 
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Table 12. Summary of simulated Total nitrogen and phosphorous concentration from 2012 – 2014 (mg/L) 

North River Mean 

Standard 

Deviation Sum Minimum Maximum 

95th 

percentile 

Nitrogen 1.314 0.372 1279.99 0.0407 2.39 2.17 

Phosphorous 0.024 0.009 23.62 0.0012 0.06 0.04 

Main Stem             

Nitrogen 1.291 0.376 1257.66 0.4586 2.31 2.16 

Phosphorous 0.024 0.009 23.74 0.0110 0.06 0.04 

South Fork             

Nitrogen 1.199 0.375 1168.06 0.0027 2.14 2.03 

Phosphorous 0.023 0.009 22.40 0.0003 0.06 0.04 

North Fork             

Nitrogen 1.774 0.473 1727.43 0.0865 2.99 2.82 

Phosphorous 0.031 0.023 30.28 0.0008 0.14 0.07 

 

 
Figure 36. Total Nitrogen and Phosphorous simulated from 2012 – 2014 at selected location in the Shenandoah 

River Basin 
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Table 13 and Figure 38 show dissolved oxygen and chlorophyll-a concentration 

of simulated dissolved oxygen and chlorophyll a from 2012 to 2014. The values range 

from 7.059 mg/L to 14.309 mg/L, with mean values ranging from 10.133mg/L to 

10.761mg/L.  The simulated results show an increasing trend in Dissolved oxygen in the 

entire watershed simulated for this study. Although the huge variability in the numbers, 

the values are all above 5.0 mg/L, the accepted threshold by National Coastal Condition 

Assessment Program (U.S.EPA. 2001, 2004, 2008b), as an index improving water quality 

or good for Dissolved Oxygen concentration, conditions which are less stressful to 

aquatic organisms near the bottom of the water column (Virginia Department of 

Environmental Quality, 2012). The simulated output shows that bottom dissolved oxygen 

concentrations did fall below the 5.0 mg/L (Table 13 and Figure 38). 

 Chlorophyll-a concentration modeled in this study varied from a minimum of 0.25 

to a maximum of 5.049 μg/L, during the last two years for all four stations. According to 

the National Coastal Condition Assessment Program, “average observed chlorophyll 

concentration of 2.55 μg/L would be classified as good”, having modeled values below 

the threshold would indicate an improving water quality situations in all Shenandoah 

River where the estimated average chlorophyll a concentration was 1.748 μg/L. Table 13 

and figure 38 summarizes the numerical distribution of chl-a values determined in this 

study. Based on the model results, it can be mentioned that from 2012 – 2014, both the 

oxygen and chlorophyll-a contents in the water have remained relatively low over the 

course of all four the river. 
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Table 13. Simulated Dissolved Oxygen and Chlorophyll-a concentration from 2012 – 2014 (mg/L) 

North River Mean 

Standard 

Deviation Sum Minimum Maximum 

95th 

percentile 

Dissolved Oxygen 10.133 1.510 9869.40 7.479 13.745 12.639 

Chlorophyll  1.748 1.579 1702.71 0.250 6.998 5.049 

Main Stem             

Dissolved Oxygen 10.761 1.552 10481.09 7.928 13.875 13.146 

Chlorophyll  1.753 1.530 1707.32 0.250 5.803 4.783 

South Fork             

Dissolved Oxygen 10.745 1.521 10465.65 7.766 14.309 13.099 

Chlorophyll  1.749 1.533 1703.87 0.250 5.848 4.783 

North Fork             

Dissolved Oxygen 10.445 1.875 10173.86 7.059 14.298 13.527 

Chlorophyll  1.748 1.579 1702.56 0.250 6.993 5.041 
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Figure 37. Dissolved Oxygen and Chlorophyll a simulated from 2012 – 2014 at selected location in the 

Shenandoah River Basin 

 

 

 Although, the observed data had more deviation in most of the variables making 

interpolation difficult, this method, however, had the advantage of its ability to handle 

interpolation when the data points vary significantly. To validate our model, we used 

information from Virginia water quality assessment report of 2012, which indicated that: 

The reasons for impairment in the Potomac-Shenandoah River Basin ranked by 

percentage of impaired water size shows: bacteria 77%, benthic, 34%, pH 11%, mercury 

in fish tissue 8%, dissolved oxygen 7%, and PCBs in fish tissue 6%. Impairment from 

human activities also indicates 61% of impairment from wildlife other than waterfowl, 

51% from non-point sources, 37% for agriculture, 25% from unknown sources, 13% 

from grazing in riparian zones and 12% from waterfowl (Virginia water quality 

assessment, March 2012 report). Emissions from industrial and communal wastewater 

treatment plants, which use the very high input of fertilizers from the agricultural land, 

have contributed to this impairment. 
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Uncertainty analysis 
 Our model was calibrated using the simple and most realistic parameter field as 

suggested by Lindenschmidt, (2006), shown in Table 13. However, we know that a 

calibrated parameter field is not reality because the reality is far more complex than this. 

The output from our model depended on the complexity of several calibrated parameters 

that account for potential model errors in our result. However, for our model to be useful, 

these mistakes need to be considered. For instance, the river system we are dealing with 

in this study, the movement of pollutants on the river and the interaction of these 

pollutants with other environmental conditions make our results and prediction prone to 

errors sensitive to entire basin system details. By characterizing these uncertainties 

through sensitivity analysis, errors and model utility renders our results useful for 

decision-making. 

Sensitivity Analysis 
     Biological activity usually tends to increase during warmer conditions, and these 

are periods during which nitrogen is most affected (Bowie et al., 1985). For these 

reasons, we set our calibration to best suit these warmer and colder conditions for our 

local sensitivity (Table 14). While using local sensitivity where, only a small fraction of 

the values of the parameter are perturbed, sensitivity output computed for Fall 2013 and 

Summer 2014 for North River, South Fork and North Shenandoah River and the 

Shenandoah River in Millville all show that the model did not have enough sensitivity for 

water quality estimation in the Shenandoah River. 

 



137 

 

Table 14. Parameter description and values used for calibrating the Advance Eutrophication Model in order of 

decreasing sensitivity 

Parameter Calibrated Recommended Units Description 

aCCHL 36.4 20-50 

mg C/mg 

Chla Carbon to chlorophyll-a ratio 

†ON 0.571 0.5 - 

Fraction of death and respired phytoplankton 

recycled to ON 

†OP 0.505 0.5 - 

Fraction of death and respired phytoplankton 

recycled to OP 

aPC 0.03 0.025 

mg P/mg 

C Phosphorous to carbon ratio 

aOC 2.605 2.76 

mg O2/mg 

C Oxygen to carbon ratio 

aNC 0.293 0.25 

mg N/mg 

C Nitrogen to carbon rate 

K1C 1.886 2 1/d Maximum phytoplankton growth rate 

1S 239.5 200-500 langleys/d Saturation light intensity for phytoplankton 

K71 0.057 0.075 1/d ON mineralization rare at 200 c 

KN03 0.173 0.1 mg O2/L Half-saturation for denitrification oxygen limitation 

Kmp 0.001 0.003 mg P/L 

Half-saturation constant for phytoplankton 

phosphorous uptake 

KmN 0.028 0.025 mg N/L 

Half-saturation constant for phytoplankton nitrogen 

uptake 

K83 0.196 0.22 1/d OP mineralization rare at 200 c 

K1D 0.022 0.02 1/d Phytoplankton death rate 

K1R 0.112 0.125 1/d Phytoplankton respiration rate 

K12 0.211 0.09-0.13 1/d Nitrification rate at 200 c 

K2D 0.137 0.09 1/d Denitrification rate at 200 c 

KNIT 1.339 2 mg O2/L Half-saturation for nitrification oxygen limitation 

 

 The highest sensitivities for spring were half-saturation for nitrification oxygen 

limitation 3.27, for nitrogen, carbon to chlorophyll a ratio for phosphorous, half-

saturation for denitrification oxygen limitation for dissolved oxygen and chlorophyll-a 

and for summer the greatest influence the water quality was by half-saturation for 

nitrification oxygen limitation, phytoplankton death rate, carbon to chlorophyll-a ratio, 

and half-saturation constant for phytoplankton phosphorous uptake for nitrogen, 

phosphorous, dissolved oxygen and chlorophyll respectively.  Because only a small 

fraction of the parameters were considered for this analysis, results from local sensitivity 
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analysis as shown in Table 15 for the fall 2013 and Summer 2014, show very high 

sensitivity values for phosphorus and dissolved oxygen for the summer. With these 

results, it could be tempting to conclude based on the assumption that nutrients are more 

on the river in the summer than the fall. However, such conclusions could also be 

misleading from the uncertainty associated with the limited number parameters 

considered. To appropriately handle this local uncertainty (Eq. 3.17, 3.18 and 3.19), we 

used global sensitivity (Eq. 3.20, 3.21 and 3.22), which considers almost all of the 

parameters over the entire study area.  

 

Table 15. Local sensitivity output for fall 2013 and Summer 2014 (mg/L) 

  

Fall 2013 

  Location Nitrogen Phosphorous DO Chl-a 

North Fork 1.964 0.416 1.381 5.569 

South Fork 0.916 0.304 1.240 3.390 

North River 0.091 1.793 1.333 3.882 

Shenandoah 0.892 3.074 0.855 5.193 

Average 0.965 1.396 1.202 4.509 

 

  

Summer 2014 

 Location Nitrogen Phosphorous DO Chl-a 

North Fork 1.889 2.324 0.001 4.479 

South Fork 0.904 1.663 35.100 4.530 

North River 1.548 2.136 1.267 5.068 

Shenandoah 0.872 6.233 0.809 3.665 

Average 1.303 3.089 9.294 4.435 

 

 

 Therefore, to accurately evaluate the uncertainty, the global sensitivities of each 

eutrophication parameter for all calibrated complexities as presented in Table 14, were 

considered. The results from the parameters are ranked in decreasing order of sensitivities 
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for the most complex model. In general, the parameters that have the largest impact on 

the state variables are the Carbon to chlorophyll a ratio, Fraction of death and respired 

phytoplankton recycled to ON, Fraction of death and respired phytoplankton recycled to 

OP, Phosphorous to carbon ratio, Oxygen to carbon ratio, Nitrogen to Carbon rate, 

Maximum phytoplankton growth rate, Saturation light intensity for phytoplankton, ON 

mineralization rate at 200 c, Half-saturation for denitrification oxygen limitation, Half-

saturation constant for phytoplankton phosphorous uptake, Half-saturation constant for 

phytoplankton nitrogen uptake, OP mineralization rate at 200 c, Phytoplankton death rate, 

Phytoplankton respiration rate, Nitrification rate at 200 c, Denitrification rate at 200 c, 

and Half-saturation for nitrification oxygen limitation. The average sensitivity values 

range from 1.107 for Dissolved Oxygen, 1.945 for Nitrogen 2.126 for and 4.365 for 

Chlorophyll. The model sensitivity seems to vary from one location to another, but the 

range is not far apart from each other as can be seen in Table 16. 

 

Table 16. Global Sensitivity output (mg/L) 

Location DO Nitrogen Phosphorous  Chl-a 

North Fork 1.108 1.976 2.420 5.988 

South Fork 1.108 1.976 2.028 3.823 

North River 1.108 1.861 2.028 3.825 

Shenandoah 1.108 1.976 2.028 3.825 

Mean 1.108 1.947 2.126 4.365 
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Model Error 
 When predicting water quality with models, observations are a critical issue for 

model quality. Table 17 shows the error (Eqs. 3.23 and 3.24) for each variable and each 

model location with large errors present in the simulations and samples for dissolved 

oxygen, and then gradually decreases as the level of model complexity increases. It 

should also be mentioned that some shortcomings arise from modeling nitrogen as a bulk 

parameter from inaccuracies resulting in the impossibility of modeling inhibition of 

nitrification at low DO concentrations and the possibility of unrealistically simulating 

negative values for DO (Chapra, 1997). The overestimation by the less complex model 

could be the reason for significant errors in the variables as seen in Table 17 below. Also, 

there exist imbalances in DO concentration in the model from phytoplankton-nutrient 

dynamics, which makes nutrient uptake not required (Lindenschmidt, 2006). This is 

prompted by the consideration that the model does not use phytoplankton as a dynamic 

state variable, but rather as time input function (Lindenschmidt, 2006).  

 From our results as show in the table below, the higher complexity of the model 

from complexity 4, which models nitrogen and phosphorous to complexity 5 (Table 17) 

which includes phytoplankton results to a reduction in the model error. The error with 

phytoplankton is lowest for all variables with a range of 0.4 – 0.5, except the Shenandoah 

Main stem with a relatively small error of 0.07, showing a high spatial variability in 

chlorophyll-a concentrations. This problem could be due to limited resources that did 

allow us to have sufficiently sampled phytoplankton data, which represents a better 

representation of the chlorophyll-a concentrations. 
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Table 17. Model Error output for state variables (mg/L) 

Location Nitrogen Phosphorous DO Chl-a 

NF 0.631 0.104 0.606 0.405 

SF 0.627 0.713 0.923 0.047 

SH 0.369 0.626 0.372 0.072 

NR 0.627 0.255 0.722 0.505 

Average 0.564 0.425 0.656 0.257 

 

 

Combining error and sensitivities results, it is seen that as error increases, the 

sensitivity tends to reduce with an increase in complexity (Figure 39). 

 

 
Figure 38. Average model error and sensitivity versus model complexity 

 

 The average errors for North and South Fork, North River, and Shenandoah Rivers are normalized and 

plotted with sensitivities for each model complexity are plotted in superposition showing how model sensitivity 

increases when model error reduces. 
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Model utility 
 Our model suggests that its acceptability is determined by how complex the 

model becomes. When few variables are used, the error margin will be high. Table 18 

below; show that DO simulation with few variables has a tiny utility as opposed to 

Chlorophyll with the highest level of complexity having the highest sensitivity. As 

already seen in figure 17, when the error decreases, and sensitivity increases as the model 

becomes increasingly complex (Lindenschmidt, 2006). 

 

Table 18. Model utility (mg/L) 

Location Nitrogen Phosphorous DO Chl-a 

NF 0.531 0.413 0.351 0.667 

SF 0.297 0.485 0.432 0.736 

SH 0.683 0.640 0.486 0.816 

NR 0.426 0.485 0.482 0.557 

Average 0.484 0.506 0.438 0.694 

 

Giving error a higher weighting than sensitivity, an index of our model utility was 

plotted to show how the model usefulness increases with complexity (Figure 40). The 

lowest model efficiency is the dissolved oxygen-biochemical oxygen demand (DO-BOD) 

dynamics, which take complexity 1 and 2, however, increasing the model complexity to 

include organic and inorganic nutrient components to model for total nitrogen and 

phosphorous in complexity 3 and 4 benefits the model simulations with a higher utility 

index compared to when the DO-BOD complexity elements are used.  Also, increasing 

the complexity of the model to include both the DO-BOD, inorganic and organic 

nitrogen, phytoplankton nutrient cycles (Complexity 5) increase the model’s usefulness 

substantially (Figure 40). 
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Figure 39. Utility of each model complexity by minimizing both sensitivity and error 

 

 

 

 

 

Model validation 

 Our understanding of the results of our water quality model is not complete due to 

the absence of calibration, which provides the match of observed and simulated output 

values to show how well our model represents an actual system.  The steps required for 

this process consisted of using the weighted least squares objective function to calibrate 

our model and then evaluate the level of uncertainty of our model.  Our field data during 

spring of fall of 2013 and summer of 2014 did not produce sufficient data necessary to 

produce the best estimate of our water quality variables of interest. However, to solve this 

problem, we added our field-collected data to the field data from the Chesapeake Bay 

monitoring program to calibrate our model results.  

 In deciding whether the numerical results quantifying hypothesized relationships 

between our model output and field measurements we adopted regression validation 

approach as a means to find a goodness of fit and to determine if our models model's 

predictive performance deteriorates substantially if applied to data not included in the 
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model estimation. The coefficient of determination (R2) was the validation approach to 

finding out how close it is to one to guarantee how well the model fits. Apart from the R2 

values, we also used cross-validation plots of the model and field observation to assess 

how the results of a statistical estimation can be used to generalize an independent data 

set for transferability. 

 With a model run of 974 data and a limited number of observations, the approach 

was necessary because it works well with small data sets. Our validation results for chl-a, 

dissolved oxygen, nitrogen and phosphorous are presented in Figures 41 & 42 below.  

Additional, we also ran the model for a single day and validated the results with filed data 

collected at various sections of the river (Figure 43). A validation of the observed and 

simulated dissolved oxygen and Chlorophyll-a as presented in Figures 41 and 42, 

respectively, for the Shenandoah watershed shows show high sensitivity for Dissolved 

oxygen in the South Fork with an R2 of 0.9. The main stem has a weak sensitivity value 

of 0.49. Contrary to dissolved oxygen, measured and modeled chl-a, for both sections of 

the river did not show a relationship with R2 below 0.3, and this could be explained by to 

insufficient calibration during model runs.  
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Figure 40. Dissolved oxygen and chlorophyll-a at the North Fork and main stem of the Shenandoah River 

 

 

 

 

 Similar to dissolved oxygen, nitrogen also showed high sensitivity on the South 

Fork when the model is compared with field observation. A reliability value of 0.6 is 

obtained for the South Fork and 0.2 for the North Fork, whereas, the modeled and 

observed phosphorous values show no relationship (Figure 44). Lack of sensitivity could 

be attributed to model calibration, in which while calibrating for one variable, the other is 
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undermined. Also, the use of data from different sources and measure with various 

instruments could also be the reason for the lack of sensitivity. 

 

 
 

 
Figure 41. Nitrogen and phosphorous validation on the North Fork of the River 

 

 

 

 

 To verify if the spatial resolution of data had a role in out results, we reran our 

model for a single day with data collected at various locations along the river and our 
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model verification and validations showed a high level of reliability for both nitrogen and 

phosphorous for the Shenandoah River (Figure 43).  A single day run shows an R2 of 0.8 

and 0.7 for nitrogen and phosphorus respectively. This shows that for accurate prediction 

model resolution and field data source is very pertinent as a clear contrast can be made 

from the results obtained in figure 42 using data from different sources for validation as 

compared to figure 45 which cross-validation using data from a single source and with a 

fine resolution.  

 

 

 
Figure 42. Nitrogen and phosphorous validation for July 12th, 2014 
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Conclusion 
 This research shows that greater complexity and increased model sensitivity 

decreased the error in the output simulations (Lindenschmidt, 2006). The error and 

sensitivities tend to shift in relation to complexity. The analysis also shows that 

phytoplankton-nutrient dynamics is more important than oxygen-BOD dynamics. The 

DO-BOD and the phytoplankton-nutrient dynamics are only loosely coupled to one 

another as shown with the sensitivity output and for all parameters considered, the role of 

denitrification in our model was minor, as this was observed in the low sensitivities of its 

parameters describing the process, K2D, and KNO3. Lindenschmidt, (2006), also witnessed 

a similar situation in this study.  High sensitivity with and nutrient values for the 

Shenandoah River can create unstable water-quality states that diminish the amount of 

oxygen and sunlight available to aquatic plants and organisms 

(http://md.water.usgs.gov/publications/sir-2004-5125/index.html). The River is still 

facing problems with slimy algae growth as reported by the Shenandoah, river keeper.  

 The purpose of this chapter was to simulate nutrient (nitrogen and phosphorous), 

dissolve oxygen and chlorophyll-a dynamics in the Shenandoah River basin, and examine 

the influence that changes in the parameters that affect these variables would have on 

water in the Shenandoah River. The model predicted dissolved oxygen values tended to 

be close to the measured data while total nitrogen and phosphorus tended to be 

overestimated, with larger differences between modeled and observed values occurring at 

North River, South and North Fork, and the Shenandoah River. Our study focused on 

sensitivities to pay particular attention to parameters that were most sensitive to the water 

quality variable of interest, with the hope of using the results to establish a baseline of 
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water quality in the Shenandoah River.  We can simulate water quality and to conduct an 

uncertainty analysis for nutrients, chlorophyll-a, and dissolved oxygen, and our results 

showed that the more complex a model, the higher the probability of obtaining better 

results. Despite our attempt to estimate the accuracy of our result with sensitivity 

analysis, our findings are still limited by insufficient field data, and measurements 

themselves can be inaccurate due to the instrument used as well as the restriction of time 

money and space to get very detail and accurate results. To resolve this dilemma, we 

propose using a Kalman filter as an alternative to the optical interpolation approach in the 

next chapter in which the filter combines information from observation and models to 

estimate best likely state of the system as well as calculate the probability that the state is 

the truth to obtain better results than had been previously provided by our model. 
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CHAPTER SIX 

FUSION OF REMOTELY SENSED CHLOROPHYLL AND NUTRIENTS FOR 

WATER QUALITY ESTIMATION IN THE SHENANDOAH RIVER BASIN 

 

Introduction 
 The behavior of environmental processes is difficult to be predicted from field 

observation data with much certainty because the results from time series models lack 

information on the physical knowledge of the process. High level of uncertainty in the 

field data due to space and time variability also makes it difficult to use the data to 

reconstruct the spatial and temporal patterns. For consistent spatial and temporal results 

to be obtained, deterministic or stochastic physically based models have been used, but 

these models also come with their shortcomings because they cannot reproduce the 

available measurement accurately. Since the model for an efficient reconstruction needs 

the information from field data, and vice versa, this makes an analysis, and models 

complementary through an integration of the uncertain measurement and uncertain 

models through data fusion. When predicting water quality problems with models, 

integration of observations is a critical issue for model quality. Also, water quality 

models used to predict the spatial hydrologic system variations are often weak due to 

model initialization and state errors and inadequate model physics and/or resolution 

(Walker and Houser, 2005). Also, satellite data retrievals of water quality are subject to 
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errors and cannot provide complete space-time coverage. As the great statistician George 

Box mentioned: "All models are wrong, but some are useful."  From results obtained 

from WASP that depends on so many assumptions and "parameterizations of our 

ignorance" that go into the models, we cannot use our results with confidence to make 

management decisions due to its degree of subjectivity. However, addressing the concern 

of George Box, data fusion can be used to solve this problem. 

 Hydrologic modeling with data fusion methods is quite recent and the absence of 

existing general guidance on how to choose the best data fusion approach, which 

considers uncertainty correctly, has been a limitation to extensive data fusion for 

hydrologic applications (Liu and Gupta, 2007). To optimally merge the information we 

obtained from uncertain remote sensing observations and uncertain model predictions, 

data fusion provides us with the means to achieve this (Reichle et al., 2001) for the best 

estimate of the state of a physical system.  In an effort to develop an effective way to 

improve accuracy of water quality prediction by reducing uncertainties in the initial 

conditions (IC) of water quality models, which are due to large dimensionality of the 

state vector and limited number of available observations, we developed data fusion 

procedure based on the Kalman filter to use to merge the WASP output, field observation 

and spectroscopic data. This was used to improve the accuracy of water quality prediction 

by updating the model IC based on our remote sensing results and in-situ observations, 

which are all, believe to have uncertainty in their output. The procedure we used is the 

Kalman filter (KF) that is capable of handling both nonlinear model dynamics and 

nonlinear observation equations. This method is useful for real-time applications 
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compared to the Kalman filter, which is limited when dealing with model error, and 

approximations in linearization usually lead to solutions that are unstable. To handle 

these limitations, the KF, is well suited because of its flexibility, robustness, easy to use, 

and can easily handle the model error (Walker and Houser, 2005). Using sample 

statistics, the relationships between forecast and initial conditions are estimated to 

evaluate fusion sensitivity, (Torn and Hakim, 2008). Sensitivity has been shown to 

provide accurate estimates of how changes in the initial conditions impact forecast 

(Ancell and Hakim 2007). This method demonstrates that it is a useful technique for 

identifying areas for additional observation and can be determined by the statistics error 

analysis (Torn and Hakim, 2008). 

  This section aims to illustrate how sensitivity can easily be used to determine 

water quality sensitivity for a given forecast. Estimation of observation impact on 

forecast has proven useful for thinning huge observations to smaller ones as well as 

providing a fast real-time update to the forecast without having to wait for the conclusion 

of the complete fusion and prediction method (Torn and Hakim, 2008). Our guiding 

hypothesis is that sensitivity and uncertainty from water quality analysis from remote 

sensing; field observation and water quality modeling can be improved through data 

fusion for a better prediction of water quality in the Shenandoah River Basin. Using the 

initial state errors, measurement noise, the accuracy and sensitivity of the method are 

examined to find out how changes in the measurements and model affect KF update 

(Yulan et al., 2012) in the Shenandoah River. 



153 

 

Observations and KF initialization 
 Before we look at the model, it should be recalled that the observation is the most 

vital information for our data fusion procedure. The observation data sources included: 

USGS gauge data from 2012 – 2014; Hyperion imagery and spectrometer data collection 

for Spring 2013 and Summer 2014; and in-situ water samples. Field validation data was 

also obtained from the Friends of the Shenandoah River monitoring program and the 

Chesapeake Bay monitoring program. The observation locations are presented in Figure 

1, however, for convenience each observation site was moved to the nearest point of the 

in-situ, and spectroscopic data set collection point. The data source and collection 

procedure is presented in detail in the method section of this research. 

 All three sub-basins of the Shenandoah River were sampled for water quality 

concentration levels, and we used the output from WASP model developed for 973 days 

timescale in the previous chapter. To account for this chaotic nature and uncertainty 

related to predictions of the river in our fusion, we ran the WASP model 20 times while 

varying the values of the parameters presented in Table 13 during each run to obtain 

twenty outputs that are averaged and used in data fusion. These ensembles were used as a 

probabilistic forecast to estimate of how predictable a particular river situation is. Using 

the KF, an initial first guess was the average of the 20 ensemble members generated from 

WASP. Depending on the variable in question or location, our measurements varied but 

were mostly regularly distributed since our data was either monthly or biweekly for 

fusion. 
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Results and discussions 

Ensemble distribution and mean 
 We also used the skewness measure, which is an indication of the asymmetry in 

the mean the ensemble distribution to assess quantitatively the ensemble distribution, and 

mean for all watershed considered.  The average values for total phosphorus are, 0.04 

mg/L for the North Fork and 0.03 mg/L for the Shenandoah main stem and South Fork. 

For nitrogen, we obtained an ensemble mean of 1.8 mg/L for North Fork and 1.2 mg/L, 

and 1.3 mg/L for the Main Stem and South Fork, and dissolved oxygen values for the 

Main stem and the South Fork averaged 10.8 mg/L and 10.2 mg/L respectively. The latter 

location had chlorophyll ensemble mean values of 4.9 mg/L and 5.2 mg/L.  The average 

for Kalman analysis for total phosphorous range from 0.06 – 1.9 mg/L, total nitrogen had 

values ranging between 1.2 – 1.9 mg/L (Table 19). Dissolved oxygen and chlorophyll 

Kalman analysis had mean values of 9.3 – 10.7 mg/L and 5.1 – 5.2 mg/L respectively 

(Table 20).  The results of the analysis also show insignificant variance as well as the 

standard deviation as presented in Table 19 and 20 for all the variables considered in this 

research.  

 The spread commonly defined as the standard deviation with respect the ensemble 

mean (Barker, 1991; Murphy, 1988), also used to examine the performance of our results, 

as presented in Table 19 and 20 below also show values that are relatively small for the 

analysis step. Examining the deviation for dissolved oxygen and chlorophyll for the Main 

Stem and South Fork, we had dissolved oxygen deviation values of 0.015 for 

Shenandoah, 0.016 for the South Fork, and 0.045 for the North Fork. For chlorophyll, 

deviation values of 0.53 and 0.306 for the North Fork and Shenandoah Main stem 
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respectively (Table 19 and 20).  

 To examine the third and fourth moments of our fusion statistics, the skewness 

and kurtosis were used. The Skewness was used determined if our values show a 

substantial deviation from a Gaussian shape where a negative skewness meant that the 

data spread more to the left of the meanwhile a positive skewness indicate that the data 

spreads out more to the right. As presented in the tables, for all our watersheds, the 

skewness values in the analysis stage of our fusion varied from one location to the other, 

but, for the most part, the values are mostly positive except for total phosphorous and 

nitrogen for the South Fork, North Fork and Main Stem with negative values. Total 

phosphorous skewness were; 0.4 for North Fork; -0.028 for Shenandoah main stem and -

0.45 for South Fork. For Total nitrogen, the North Fork was 0.12, Main stem, -0.12, and 

South Fork had 0.03, while dissolved oxygen and chlorophyll-a remained positive for all 

locations in the Basin (Table 19 and 20). 

 

Table 19. Summary statistics of Total phosphorous and nitrogen on the Shenandoah River Basin (mg/L) 

  Total phosphorous   Total Nitrogen   

  
North 

Fork 

South 

Fork 

Main 

stem 

North 

Fork 

South 

Fork 

Main 

stem 

Mean 0.099 0.058 0.063 1.959 1.266 1.372 

Std 0.045 0.016 0.015 0.336 0.53 0.306 

Variance 0.002 0 0 0.113 0.281 0.093 

Skewness 0.375 -0.446 -0.028 0.136 -0.137 0.027 

Kurtosis 2.426 3.438 2.678 3.248 2.061 2.137 

RMSE 0.045 0.016 0.015 0.333 0.526 0.302 

 It can also be mentioned that high skewness values could be an indication that the 

resulting ensembles are highly non-Gaussian and would not produce enough fusion 
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results. Also in an attempt to examine outliers in our final analysis we used the kurtosis in 

which we considered kurtosis values that are more than 3 to indicate the result is more 

outlier-prone and values less than three shows that the final analysis is less outlier-prone. 

As presented in tables below except total phosphorous for the South Fork and total 

nitrogen for the North Fork, the rest of the values fall below the three threshold value 

indicating that out final analysis is not outlier-prone. Dissolved oxygen and chlorophyll-a 

have values ranging from 1.6 – 2.2 while those for total phosphorous and nitrogen range 

from 2.01 – 2.4.  

 

Table 20. Summary statistics of dissolved oxygen and chlorophyll-a on the Shenandoah River Basin (mg/L) 

  Dissolved Oxygen   Chlorophyll 

  North Fork South Fork Main stem South Fork Main stem 

Mean 10.4367 10.7851 9.3941 5.1982 5.2301 

Std 1.8571 1.6913 1.7284 1.2177 1.5413 

Variance 3.4487 2.8604 2.9872 1.4828 2.3757 

Skewness 0.1074 0.2941 0.6524 0.2692 0.2768 

Kurtosis 1.6213 1.8364 2.0938 2.1158 2.2848 

RMSE 1.8464 1.6868 1.7099 1.2068 1.5278 

 

 

Kalman filters fusion analysis 

 Applying a Kalman filter, we used the standard deviations of the model and 

measurements as an error to limit the underestimation of the analysis error covariance 

(Burgers et al. 1998, Houtekamer & Mitchell 1998, Keppenne, 2000). Using background 

estimates xb  (water quality simulation from WASP), and observations yo  = H (xt  ) + 

ℰ0Distributed over a given time, data fusion was applied to produce an estimate xa  of the 

river. For each of the variables assimilated the root mean square error, the spread, 
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skewness and kurtosis (Table 19 and 20) were also estimated. We also plotted the 

ensemble average, observations and final Kalman analysis for all variables considered in 

this research as presented in Figures below.  

 The Kalman filter produced best results for variables that had more observation 

data compared to those with fewer data. Dissolved oxygen for the South and North Fork 

had the best fusion plot because there was sufficient observation (Figure 44) while total 

phosphorus showed more outliers in the observed data and did not produce an adequate 

analysis scheme (Figure 45). The plots for phosphorous, nitrogen, dissolved oxygen and 

chlorophyll for all three watersheds of the Shenandoah River are presented in the figures 

below. The KF method was satisfactory assimilating quality dynamic states on the 

Shenandoah River for a better prediction as shown with the validations using the first 

four statistical moments. 
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Figure 43. Phosphorous fusion analysis 
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 Examining the three plots for phosphorous, it can be observed that the observation 

data has high variability as opposed to the model. However, the fusion estimate produced 

the best possible analysis by merging the observations and model. Apart from high 

variability in the observation, of the 973 model days, only 53 days for North Fork, 61 

days for South Fork and 42 days for Shenandoah main stem had field measurements. The 

effect of sparse data is particularly felt with the high skewness and kurtosis values for 

phosphorus compared to nitrogen, dissolved oxygen, and chlorophyll. 

 Nitrogen, on the contrary, although had observation values similar to those 

obtained for phosphorous regularly distributed in time, subsequently leading to a better 

Kalman analysis for nitrogen for all three sub-basins of the Shenandoah River (Figure 

45).  One clear pattern that emerges for all the variables is that the values tend to increase 

in the summer and falls in the spring and fall (Figure 44 – 47). 
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Figure 44. Nitrogen fusion analysis 

 



161 

 

Dissolved oxygen fusion as shown in figure 34 had better results at North Fork, 

which had 87 observation days, and South Fork River with 189 observation days. This 

clearly shows that the more day data we have, the better out results will be. On the 

contrary, the main stem, which had only 47 observation days of the 973 model days, 

stagnates around day 600 due to constant measurement values, results in poor fusion 

beyond day 600 (Figure 46). 

Chlorophyll-a modeled for the South Fork and Shenandoah Main stem with 57 

observation days and regularly distributed, show fusion analysis, with less deviation and 

skewness (Figure 47). Similar to phosphorous, nitrogen and dissolved oxygen, 

chlorophyll also changes with seasons; high values in the summer and low values in the 

spring and winter. 
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Figure 45. Dissolved oxygen fusion analysis 
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Figure 46. Chlorophyll a fusion analyzes 

 

 

Model and observational error 

 In implementing the Kalman filter, the model error is very crucial and needs to be 

well described (Dee, 1995). For the Kalman filter to have a good estimate, it has to meet 

the assumption that the errors in the analysis step are Gaussian (Burgers et al., 1998). 

One of the ways we accounted for error was to use the model error covariance matrix 

(Mitchell and Houtekamer, 2000). The importance of examining these errors in assessing 

the performance of the KF is because the original formulation, KF, does not allow for 

biases to be detected during the fusion process (Li, 2007). 

 One of the methods we used in this research to estimate error was the difference 

between the model and the estimate at any given time and location. This was carried out 

by the root mean square error, (RMSE) which is one of the most common verification 

measures for forecast fields. “It operates on the forecast and observed fields by simply 

averaging the individual squared differences between the two at each point” (Brankovic 
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et al., 1990; Leith, 1974; Wilks, 1995). Lower RMSE typically indicates increasing 

accuracy, with a perfect forecast having an RMSE of zero (Table 19 and 20).  

Phosphorous has rmse values of 0.045, 0.016, and 0.015 for the North Fork, South Fork, 

and Main Stem respectively and nitrogen 0.33 was obtained for North Fork, 0.53 for 

South Fork and 0.3 for the Main stem (Table 19).  

 The analysis spreads for all watersheds and variables of interest in this research 

equally demonstrate the value of dynamic covariance propagation, with some variability 

in the values from one region in the analysis. Our analysis show spread for dissolved 

oxygen and chlorophyll to be relatively small compared to the mean for three Sub-Basins 

(Table 20). Similar to the spread values, the RMSE are also very low, which could be a 

sign of high accuracy in the Kalman analysis. Equally, looking at the general output from 

the plots, the range values are relatively small for all assimilated variables.  

 However, to further assess the statistical accuracy of in terms of the variance, 

error and confidence interval for our Kalman analysis, sensitivity was useful to the study 

of relation that our model and observation has on the Kalman analysis. In implementing 

the Kalman filter, the model error is very crucial and needs to be well described (Dee, 

1995). For the Kalman filter to have a good estimate, it has to meet the assumption that 

the errors in the analysis step are Gaussian (Burgers et al., 1998). 

One of the ways we accounted for error was to use the model error covariance matrix 

(Mitchell and Houtekamer 2000). The importance of examining these mistakes in 

assessing the performance of the KF is because the original formulation, KF, does not 

allow for biases to be detected during the fusion process (Li, 2007). 
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 One of the methods we used in this research to estimate error was the difference 

between the model and the estimate at any given time and location. This was carried out 

by the root mean square error, (RMSE) which is one of the most common verification 

measures for forecast fields. “It operates on the forecast and observed fields by simply 

averaging the individual squared differences between the two at each point” (Brankovic 

et al., 1990; Leith, 1974; Wilks, 1995). Lower RMSE typically indicates increasing 

accuracy, with a perfect forecast having an RMSE of zero (Table 19 and 20).  

Phosphorous has rmse values of 0.045, 0.016, and 0.015 for the North Fork, South Fork, 

and Main Stem respectively and nitrogen 0.33 was obtained for North Fork, 0.53 for 

South Fork and 0.3 for the Main stem (Table 19).  

 The analysis spreads for all watersheds and variables of interest in this research 

equally demonstrate the value of dynamic covariance propagation, with some variability 

in the values from one region in the analysis. Our analysis show spread for dissolved 

oxygen and chlorophyll to be relatively small compared to the mean for three Sub-Basins 

(Table 20). Similar to the spread values, the RMSE are also very low, which could be a 

sign of high accuracy in the Kalman analysis. Equally, looking at the general output from 

the plots, the range values are relatively small for all assimilated variables. As stated by 

Riechle et al., (2002), the general behavior of the spread or error could be governed by 

nonlinearities in our hydrologic model. The analysis spread in this study could also 

depend on depends in a complex way on the complex nature of our system and 

observations. 

 However, to further assess the statistical accuracy of in terms of the variance, 
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prediction error and confidence interval for our Kalman analysis, sensitivity was useful to 

the study of relation that our model and observation has on the Kalman analysis.  

Kalman merging validation 

 To assess the accuracy of our model to find out if the Kalman filter merging 

improved our estimation, the analysis was verified and validated by comparing the 

merged data to the field measurement to evaluate the degree to which the estimation has 

improved the predicted variable of interest.  Comparing the model-field observation 

validation plot from figure 40 to those obtained with merged-model and filed observation 

for dissolved oxygen and chl-a (Figure 48), an improvement can be seen with dissolved 

oxygen and chl-a for the modeled region.  The dissolved oxygen values for the South 

Fork went from an R2 = 0.91 to 0.85, this could be as a result of the model 

overestimation, which is corrected with merging. Though the chl-a value did not show 

high sensitivity after merging, the results did, however, improve from R2 of 0.2 to about 

4.9.  

 Similar to the dissolved oxygen and chl-a, our merged and lab analysis cross-

validation plots for nitrogen and phosphorus (Figure 49), show some improvement in the 

results. Phosphorus values improved from -0.02 to 0.45 for the North Fork and 0.01 to 

0.33 for the South Fork. Although the prediction reliability was still low, the merging 

provided some improvement in the results. In terms of nitrogen, merging had some 

tremendous improvement in the results of R2 moving from 0.2 to 0.86 for the North Fork 

and 0.6 to 0.88 for the South Fork (Figure 49). As already mention, one of the reasons for 
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the low sensitivity observed with our model and field observation is due to the spatial and 

temporal resolution of the data used for our model and validation. 
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Figure 47. Merged-model and field measurements for dissolved oxygen and chlorophyll-a at the North and 

South Fork of the Shenandoah River 
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Figure 48. Merged Model-lab analysis for nitrogen and phosphorous validation on the North Fork of the River 

 

 

 

 

 

 One other reason we identify as being the cause of the disparity observed between 

our model output and field observation is that data for model initialization was pulled 

from different sources collected under different and varying conditions and analyzed with 

instruments with calibrated differently. One way we tested and validated this was to use 

data collected for a single day under the same terms, run our model for a single day, 

merged the model with ARCHER data. The Merged output was validated with field 

observation (Figure 50) though nitrogen did not improve after merging; the sensitivity 

value was already relatively high with an R2 of 0.87(Figure 43). With merging the value 

dropped to 0.84 and phosphorous improved from R2 = 0.72 to 0.8 (Figure 50).  
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Figure 49. Merged ARCHER-Model and lab analysis 

 

 

Conclusions 
 This chapter has shown the importance of sufficient field observation for fusion 

error reduction. However to solve this problem, we ran the WASP model 20 times, used 

for this research in a way of reducing the variance. The importance of using an ensemble 

of observations was to provide an alternative interpretation of the KF, by associating the 

ensemble covariance with the error covariance of the ensemble mean (Burgers et al., 

1998). 

 In summary, the 973 WASP output of total nitrogen, phosphorous, dissolved 

oxygen and chlorophyll-a are consistently sensitive to analysis error in an area 

characterized by few in situ observations. Our results show that all variables considered 

show low sensitivities values, and could be as a consequence of the limited number of in 



171 

 

situ data that was used for this analysis.  Observation impact calculations indicate that 

assimilating with more observations can have significant forecast on fusion with 

available observations. The relatively proximity of the primary sensitivity values for all 

considered with respect to a variety the model suggests that (the North Fork, South Fork 

and Shenandoah) analysis may profit from the start of new regular observations over 

other watersheds.  

 It has been shown that despite the importance of data fusion in improving water 

quality estimation results, there still exist some biases throughout the fusion process, 

which severely affect KF. Although a very simple model, it has a chaotic nature and very 

nonlinear and provides a solution that is very sensitive to the parameters and the initial 

conditions: a small difference in parameters and initial state values can lead to a very 

different solution (Heemink et al., 2001).  The importance of fusion is that the errors that 

come with KF correct the errors, by simultaneously disturbing the balance between the 

state and observation, resulting in an estimate that tends to restore balance in the system. 
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CHAPTER SEVEN 

DISCUSSION, GENERAL CONCLUSIONS AND RECOMMENDATIONS 

Discussion 
 River pollution upstream has tremendous environmental effects downstream, and 

water quality in the Shenandoah River Basin as shown by our analysis is a characteristic 

of interactions among the water quality variables, which pollute the river with different 

magnitudes. The Shenandoah River with its northeast river flow direction and karst 

environment that is underlain by limestone affects the water quality in this river.  The 

most notable feature of the river is its geology that is made up of a doubly-plunging 

synclinorium form with interact with the weather and human activities in determining the 

water quality concentration (Figure 55) 

(http://web.wm.edu/geology/virginia/provinces/valleyridge/shenandoah_valley.html). 

 Examining the role of temperature on water quality in the Shenandoah River is 

vital because it regulates dissolved oxygen concentration levels as well as affects the rate 

of chemical and biological reactions. Temperature has the capacity of increasing or 

reducing the speed at which algae photosynthesize. Cold water holds more dissolved 

oxygen than warm water (Figure 51).  
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Figure 50. Relationship between Dissolved oxygen, temperature and velocity for the North and South Fork of 

the Shenandoah River 

 

 

 The graph above clears shows that an increase the water temperature reduces the 

amount of dissolved oxygen, which is essential for the survival of aquatic life. The low 

dissolved oxygen from December to June can be as a result of high temperatures during 

this period contrary to the period from July to November, which shows high levels of 

dissolved oxygen concentration related to low temperature late in the summer and 

through the winter season. The temperature levels and its effects on dissolved oxygen all 

have an impact on the general level of water pollution regarding its nutrient levels. 

 Equally, human activities along the riverbanks like falling off trees and 

construction activities can increase the temperature and subsequently reducing the 

amount of oxygen required to maintain the aquatic life. These activities also leave the 

river banks vulnerable to erosion that increase river turbidity levels that results in more 

solar radiation absorption by the solids deposited on the river bed, and this increases 

water temperature. The increase in temperature increases aquatic vegetation, which die 
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and decompose and consume the oxygen required for the stream also affects nitrogen and 

phosphorous levels (Figure 52 and 53). The figures show that the rising temperatures and 

decrease in the dissolved oxygen levels also affects nitrogen and phosphorous levels in 

the North and South Fork of the Shenandoah River. 

 

 
Figure 51. Relationship between nitrogen, temperature and velocity for the North and South Fork of the 

Shenandoah River 

 

 
Figure 52. Relationship between phosphorous, temperature and velocity for the North and South Fork of the 

Shenandoah River 
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 An analysis to determine which variables between air temperature, water 

temperature, discharge, and velocity has a greater impact on the concentration levels of 

dissolved oxygen show that air temperature was the most significant with low p-value is 

meant that changes in temperature are related to changes in the degree of nitrogen 

concentration in the Shenandoah River with p-value of 0.00 and a high variable 

importance factor of 1.05 and a predicted R2 of 83.11 for the North Fork. Estimates for 

the South Fork show that air temperature, stream flow, and velocity significantly affect 

dissolved oxygen concentration with the variable importance factor of 1.05 for 

temperature, 3.73 for stream flow and 3.83 for velocity and highly significant p values for 

all three variables. This means that all three-factors influence the variations in dissolved 

oxygen in the South Fork significantly. Similar to the North Fork, the Shenandoah main 

stem dissolved oxygen concentration is also affected by air temperature with a 0.00 p-

value and a variable important factor of 1 being the highest compared to the small values 

for steam temperature, discharge and velocity (Appendix 3). This analysis shows the 

importance of temperature in determining dissolved oxygen variable concentration levels 

in the Shenandoah River where warmer waters increase concentration levels, and colder 

water reduce concentration levels. 

Another factor of relevance in water quality is stream flow which is also weather 

dependent, where the current is higher during wet seasons and low during dry seasons. 

Water quality thus highly affected by the amount of water that flows through a river 

channel. Extraction for industrial use and irrigation purposes can also reduce the quantity 

of water flowing through the stream, and this will lead to an increase in water pollution. 
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Associated with stream flow is the stream velocity; an increase in stream velocity will 

result from pollutants being dissolved faster and moved downstream.  Streams with lower 

velocity carry pollutants and out of the stream slower. Thus, an increase in stream 

velocity will reduce the amount of biological activity taking place in the stream, and this 

will lower nutrient concentration on the river. The high-velocity streams will have high 

levels of dissolved oxygen due to low turbidity levels, which in turn also reduce the level 

of phytoplankton and nutrient concentration in the river.  

Stream flow dynamics and its relation to water quality show that nitrogen, 

phosphorous, and chlorophyll-a concentrations in the Shenandoah River are highly 

dependent on the stream flow and velocity as opposed to dissolved oxygen that was 

related to temperature. The Analysis showed that stream flow and velocity for the South 

Fork and North Fork both having the p-values of 0.00, which is very significant in 

determining nitrogen concentration. For the Shenandoah main stem with all variables 

examined, air temperature and velocity were retained as contributing to nitrogen in the 

river, however among the two variables, air temperature was more significant with a p-

value of 0.005 and velocity 0.081, although selected as a determining factor, 0.081 is 

greater than 0.05 alpha level, meaning that it is not statistically significant (Appendix 4). 

Similar to nitrogen, phosphorous is also influenced by stream flow and velocity in the 

North Fork (p-value = 0.03) and South Fork (p-value = 0.03) for both water temperature 

and velocity, while the main stem analysis indicates that phosphorous is mostly 

influenced by river temperature (Appendix 5).  



177 

 

Unlike the three previous variables, our analysis also shows that increasing 

temperatures also result in an increase in the chlorophyll-a in the Shenandoah River 

(Figure 54). 

 

 
Figure 53. Relationship between chlorophyll-a, temperature and velocity for the South Fork of the Main Stem of 

the Shenandoah River 

  

 

Analysis of the Shenandoah main stem is affected by water temperature (p-value= 

0.014) and velocity (p-value = 0.038), with the most significant influence on temperature. 

The South Fork shows an influence of both stream flow and velocity, with most of the 

influence coming from velocity with a p-value of 0.00 (Appendix 6). It should, however, 

be noted that all variables are affected by weather and are highly dependent on seasons. 

Although a wet season with high stream velocity has lower pollution concentration, 

rainfall also contains pollution and nitrogen concentration. An increase in erosional 

activity that transport fertilizers from agricultural fields to the river can cause excessive 

algae growth and reduces the levels of dissolved oxygen in the river. With low levels of 
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oxygen needed for aquatic life, the algae die and decay killing fish and other aquatic 

organisms.  

In addition to the weather and water characteristic features that determine water 

quality in the river, there is also geomorphology and geology of the Shenandoah River, 

which is very diverse.  The diversity in the landscape as previous shown with water 

quality variables examined together with estimates with airborne satellite data aids in the 

understanding of water quality in the Shenandoah River. The detailed geologic map of 

the Shenandoah Basin by United States Geological Survey (Figure 55) provides this 

variability. 
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Figure 54: Geology and geology of the Shenandoah River by Southworth et al., 2009 
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The dominance of alluvium, which can be in the form of clay, silt, sand, and 

gravel deposited by the eroding surrounding bedrock, can create a delta-like feature on 

the river. These paterns are similar to those found  in the retrieval image could also 

explain the patterns seen on the the ARCHER retrieval image. Equally the limestone 

formations which traverse the river at various locations could be the cause of the patterns 

seen on the images, which also changes the water quality at these sites. The role of 

streams entering the rivers at this location as observed during field studies also eroding 

the river bottom and exposing the resistant part of the rocks stands out and this help 

explain the patterns observed from ARCHER retrievals. 

 The Massanutten Mountain located on the Shenandoah Basin with its doubly-

plunging synclinorium form is dominant, and the subsurface geology of this area could 

among other features offers an explanation of the patterns observed from water quality 

retrievals particularly on the South Fork of the River. Thus, to provide an explanation for 

the low-reliability values after comparing the field and ARCHER data, we used historical 

imagery from the study locations and found that most of the patterns found on the 

ARCHER imges are observed on these historical air photos. This is a continuation of the 

surrounding bedrock that stretch into the river as seen on our retrival image. One possible 

explanation for the patterns seen in our retrieval data is the effect of wave ripples or 

bottom topography in the very shallow parts of the river, these wave ripples that are 

considered the most visible manifestation of fluid in motion (Figure 56), can create 

patterns as similar to the retrieval patterns, and this can possibly lead to errors in the 

water quality estimation.   
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Figure 55. Downstream view near Lynnwood and bedrock riffle, South Fork Shenandoah River courtesy 

Krstolic and Ramey, 2012 

 

 

 

     The low gradient river is flowing over carbonates and shales, resulting in meander 

and loops on surfaces with different chemical composition especially when the river 

flows through ridges underlain by resistant quartz sandstones. The hydrogeomorphic 

units of this area are dominated by moderately large channel-spanning, such as a riffle, 

run, or pool with channel characteristics that are relatively homogeneous (Vadas, 1992; 

Vadas and Orth, 1998; Krstolic et al., 2006; Krstolic and Ramey, 2012). Such 

characteristics provide a possible explanation for the patterns seen on our water quality 

retrieval with ARCHER data on the photos above. 

 This area has also been described as being dominated by well-developed terraces 

showing an area of the river cut and filled with a veneer of sand and. Such downcut 

surfaces can also be the reason for the patterns seen on the retrieval images on the South 

Fork. Once this happens, the existing surfaces are abandoned, and the elevated surfaces 
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left behind resulting in overlapping alluvial deposits that create a linear pattern across the 

river at several locations on the South Fork. 

     Recent erosional activity on the karst surfaces could also possibly be responsible 

for the patterns seen on the river, which in several locations look like erosional incisions 

formed when the alluvial was deposited during the Pleistocene when this sediment was 

transported.  A geological examination of this section of the river also shows a 

dominance of syncline with subordinate anticlines and syncline and the presence of fault 

lines could also be used to explain the patterns as being portions of the river affected by 

subsidence. Rapids and rifles have also been identified to be common on the South Fork 

caused by bedrock ledges and cobble to boulder rock gardens, which during high river 

flow caused by rain from the mountains that will drain into the river from streams can 

bring along sand and gravel thereby creating patterns as those seen on the ARCHER 

airborne image and images taken during theses periods can undermine water quality 

estimation. 

     Also the Jurassic dikes cutting through the rivers in the form of valleys as seen on 

some of the historical imagery showing the same patterns also create variability on water 

quality estimation at the location cut by these dikes because there is more influence from 

the inland material as a result of a valley going through across the river than other parts 

of the river.  Similarly, the stream network on the Shenandoah also provides a reason for 

variability in water quality as these streams, which are mostly considered polluted by 

transported nutrients from the agricultural lands that surround the river (Figure 57). 
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Figure 56. Stream network in the Shenandoah Basin, which feed the River with pollution 
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Summary 
 This research was conducted to combine water quality information from 

hyperspectral remote sensing, models and in situ observation to develop a monitoring 

system that takes into consideration uncertainty from in-situ/model output and airborne 

imagery observations with the ensemble Kalman filter data fusion. This research was 

mainly aimed at  using spectroscopy, chemometrics, water quality modeling, and data 

fusion to estimate water quality variability, which considers uncertainty related in-situ 

measurements, model output, and remotely sensed imagery. We had three primary 

objectives which were: (1) validate the use of bio-optical and chemometric algorithms 

developed with in-situ data from the Shenandoah River, and applied to airborne 

hyperspectral imagery from ARCHER, to estimate water quality constituents in the area 

(2) simulate water quality and to conduct an uncertainty analysis of the state variables for 

the Shenandoah River with an advanced eutrophication, which simulates phytoplankton-

nutrient-oxygen dynamics in a water body, and (3) explore the effectiveness of water 

quality modeling combined with in-situ observations and hyperspectral remote sensing to 

estimate water quality using data fusion, which minimizes uncertainty. We also examine 

how sensitivity can easily be used to determine water quality sensitivity for a given 

forecast.  

 The purpose of the first objective was to combine spectroscopy and HSI data to 

estimate chlorophyll-a, CDOM, nitrogen, and phosphorous in the Shenandoah River 

basin. First we used optical models to retrieve chlorophyll, colored dissolved organic 

matter and turbidity from field spectroscopy and ARCHER data, and then we used in-situ 

data and spectroscopy data to perform chemometrics to predict nitrogen and phosphorous 



185 

 

concentrations in the Shenandoah River basin. Inherent and apparent in-situ optical 

parameters and spectroscopic estimates show that water quality varies significantly from 

one part of the river to the other.  This variation is most visible in river tributaries, which 

receive a significant amount of material from the surrounding lands, and show high 

concentrations of chlorophyll-a and colored dissolved organic matter. High incidence of 

CDOM caused by material transported from surrounding streams alter watercolor and 

this affects scattering and absorption on this river, which also cause a high concentration 

of aquatic algae and plankton that reduce the level of dissolved oxygen in the river which 

affects river habitat. Data for both Spring 2013 and Summer 2014 show that chlorophyll-

a can be best predicted at 640 nm for all two seasons with the highest coefficient of 

determination at the 640 wavelengths.  Likewise, CDOM and turbidity for the two 

seasons showed that retrieval would be best at 555 nm, which presented the highest r2 

value for variables.  

 Secondly, to validate the use of chemometrics with in-situ data to estimate water 

quality in the Shenandoah River, our results show that partial least squares regression are 

particularly suitable for this condition as a valuable means of finding a few underlying 

predictive factors and latent variables that account for most of the variation in the 

response. Our estimates of nutrient concentration using Spring 2013 and Summer 2014 

data showed that Spring results did not have enough sensitivity to its coefficients to be 

used to map nitrogen and phosphorous in the Shenandoah river with ARCHER data. 

However, results from summer 2014 using the significance level of 0.05, show the p-

value for both nitrogen and phosphorous is 0.00, meaning that in both cases, we reject the 
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null hypothesis and conclude that our model can be used to predict nutrient levels in the 

Shenandoah River. The most prominent wavelength from our analysis shows that 

phosphorus can be mapped with 504 nm, 635 nm, 690 nm, 485 nm, and nitrogen with 

710 nm, 520 nm, 605 nm, 400 nm, 625 nm, 690 nm, 410 nm. With these coefficients 

determined through chemometrics, this allowed us to validate the third and final part of 

our first objective by applying estimated coefficients to airborne ARCHER data to map 

nitrogen and phosphorous in the North and South Fork of the Shenandoah River. 

 With adequate atmospheric correction and residual surface reflectance well 

accounted for, our results show reliability in using airborne ARCHER data to estimate 

nitrogen with cross-validations R2 values above 0.5 for most of the images used except 

for one location in the South Fork showing low reliability that could be attributed to data 

collection errors not fully accounted for. ARCHER retrievals for phosphorous with cross-

validation show low sensitivity in estimating water quality with the ARCHER data in the 

Shenandoah River with the exception for retrievals around Bentonville in the South Fork, 

which show an R2 of 0.93 sensitivity. However, most of the algorithm is applied to field-

measured data to test its performance, results similar to that of optimization. Our test 

results show that transferability of neighborhood model could be acceptable in multiple 

areas when calibrated within the same local area as evident with our cross-validation. 

This transferability ability of our model from one location to another is significant in 

making a predictions for areas do not have data, especially predictions using remote 

sensing data that is very expensive to obtain and involves skilled staff for the collection 

process. 
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 All algorithms applied to validate our first objective show that there are also 

sensitive to fluctuations in relative water quality levels due to anthropogenic sources. For 

instance, human influences on relative water quality levels are clearly illustrated along a 

particular stretch of the Shenandoah River. On the South Fork, there is a high 

concentration of chl-a, CDOM, and nutrients directly downstream of areas of human 

occupation caused urban nutrient loading. This increase in the value of each variable is 

unique to the ARCHER images analyzed, and can be attributed to the geomorphology 

and geology of this area, surface reflectance residuals, climate and to human activity. 

This study clearly shows that conceptual and mathematical models can be used to 

improve our understanding of our dynamic earth, because, the use of  hyperspectral 

remote sensing and chemometrics can be used to get details of the complexity and 

fragility of our waters through monitoring and models. Using spectroscopy and 

chemometrics, algae that attaches itself to the rocky bottom in the summer dies in the 

winter, makes the river aesthetically unpleasant. 

 Our second objective used the EPA’s water quality simulation program (WASP) 

to simulate nutrient (nitrogen and phosphorous), dissolve oxygen and chlorophyll-a 

dynamics in the Shenandoah River basin, and examine the influence that changes in the 

parameters that affect these variables would have on water in the Shenandoah River. To 

attain objective data from the Chesapeake Bay monitoring program, USGS water quality 

field observation and also data from the Friends of the Shenandoah monitoring program 

as boundary conditions for the model. The model predicted dissolved oxygen values 

tended to be close to the measured data while total nitrogen and phosphorus tended to be 
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overestimated, with larger differences between modeled and observed values occurring at 

North River, South and North Fork, and the Shenandoah River. 

 Sensitivity analysis showed high sensitivity values for phosphorus and dissolved 

oxygen for the summer. The average sensitivity values ranged from 1.107 mg/L for 

Dissolved Oxygen, 1.945 mg/L for Nitrogen 2.126 mg/L and 4.365 mg/L for 

Chlorophyll-a, although values vary from one location to the other. Error results also 

show that phytoplankton is lowest for locations with a range of 0.4 – 0.5 mg/L, except the 

Shenandoah Main stem with a relatively small error of 0.07 mg/L, showing a high spatial 

variability in chlorophyll-a concentrations. Validation results for dissolved oxygen and 

Chlorophyll-a show high sensitivity for the South Fork and weak for the Main Stem. 

Nitrogen also showed with a reliability value of 0.6 mg/L is obtained for the South Fork 

and 0.2 mg/L for the North Fork, and phosphorous sensitivity values show no 

relationship between all sections of the river. A single rerun of our model for one day 

indicated a high level of reliability for both nitrogen (R2=0.8) and phosphorous (R2=0.7) 

indication that spatial and temporal resolution of the data is very pertinent in reliability. 

 The WASP Model is a useful tool for estimating nutrient concentrations if the 

right complexities are applied in the analysis. The EPA review of the model in 2010 also 

revealed it was the most appropriate mechanistic model to simulate estuarine nutrient 

dynamics (Kaufman, 2011). Using data collected from the field in 2013 and 2014 and 

refined through sensitivity analysis, the model showed that with the appropriate 

parameterization there was sufficient sensitivity to use the model adequately to evaluate 

the overall patterns of nitrogen, phosphorus, chlorophyll-a, and dissolved oxygen 
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concentrations in the Shenandoah River.  Our results determined that, the most complex 

our analysis becomes the lower the error, and consequently a higher model utility index is 

achieved through several simulations with different sensitivities. Despite an attempt to 

estimate the accuracy of our result with sensitivity analysis, our findings are still limited 

by insufficient field data, and measurements themselves can be inaccurate due to the 

instrument used as well as the restriction of resources necessary to get very detailed and 

accurate results. To resolve this dilemma, we used Kalman filter merging approach to 

combining information from observations and models to estimate best likely water 

quality estimation in the Shenandoah River. 

 The third objective of this study was to explore the effectiveness of combining 

water quality models, field observation, and spectroscopy through Kalman filter merging 

to estimate water quality. The Kalman filter spread used to examine the performance of 

our results, show values that are relatively small for the analysis with dissolved oxygen 

deviation values of 0.015 mg/L for Shenandoah, 0.016 mg/L for the South Fork, and 

0.045 mg/L for the North Fork. For chlorophyll, deviation values are 0.53 mg/L and 

0.306 mg/L for the North Fork and Shenandoah main stem, respectively (Table 19 and 

20). Though the Kalman filter merging approach was satisfactory in improving water 

quality dynamic on the Shenandoah River for all locations considered, best merging 

results were obtained for dissolved oxygen that had more boundary condition data.  Our 

results after merging reduced the RMSE, which indicate an increasing level of accuracy 

in our estimation. To further assess the accuracy of our merging output, results from 
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model-merged and field observation showed an improvement with dissolved oxygen and 

chl-a, nitrogen, and phosphorous. 

 Model output of total nitrogen, phosphorous, dissolved oxygen and chlorophyll-a 

are consistently sensitive to analysis error in an area characterized by few in situ 

observations. Our results show that all variables considered show low sensitivities values, 

and could be as a consequence of the limited number of in situ data that was used for this 

analysis. These results, therefore, suggest that for our fusion to be improved, field 

observation data is required as well as sufficient data for model boundary conditions. 

Adding more data will ideally reduce the observation variance and consequently reduce 

the fusion error and the spread. For instance, merging clearly shows a better results of 

dissolved oxygen in the South Fork River as compared to the main stem due to the 

limited number of available observations. This study shows that sufficient sensitivity 

analysis, our results can aid land managers in making water quality management 

decisions and evaluating the success of any particular river to project present and future 

contamination. Our analysis shows how the quality of water varies from one location to 

another within the same watershed caused by pollution sources spread over the watershed 

from agricultural, urban use of pesticides, fertilizers and manure and the transport of 

chemical.   

 The information presented in our three objectives validates our hypothesis that 

sensitivity and uncertainty from water quality remote sensing and water quality modeling 

was improved through Kalman filter merging. Our analysis has effectively shown that 

airborne ARCHER data, water quality modeling, in-situ observation combined with 
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Kalman filter merging had significant potential in improving our results. The error level 

on the merged estimate was reduced and this reinforces the idea that high uncertainty 

from field observation and models were significantly reduced once these results were 

merged as shown in sensitivity results obtained (Figure 58). 

 

 

Figure 57: Sketch of research result summary 
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Research contribution 
 

For water quality study on the Shenandoah River, we used multiple independent 

sources of water quality information from sparse ground-based observations, model 

predictions, spectrometer-based remote sensing retrievals, and airborne-based remote 

sensing retrievals, which all contain some errors that need to be addressed. The accuracy 

of our multiple data sources is highly reliant on the data source used; especially the 

precision, consistency, and spatial and temporal coverage of the data input into the 

models. Within the context of this study, merging data from diverse sources, with 

uncertain model predictions, reduced this uncertainty and uncertain (and typically 

incomplete) observations, which include satellites, model output, and in-situ 

measurements through data fusion approach. 

For water quality estimation in the Shenandoah River Basin, data fusion was an 

invaluable tool as it allowed us to efficiently combining scarce data with a numerical 

model to obtain improved model predictions. Also, data fusion also provided an 

uncertainty analysis of the predictions made by the water quality model. Thus, the main 

addition regarding this dissertation is the use of Kalman filter data fusion technique to 

deal with observation and model biases and errors in water quality estimation.  

Although hyperspectral remote sensing has been used for decades to estimate 

water quality parameters, a vast majority of the research has been on a 30X30 m 

resolution data from satellite sensors. The attempt to use finer resolution data, as the 

ARCHER aircraft data with 1X1m pixel resolution has been absent from water quality 
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retrieval using remote sensing.  Thus, the use of ARCHER airborne data for this research 

to evaluate the performance of water quality estimation is the first delivery work from 

ARCHER data that gives either the spatial or temporal view necessary for the assessment 

of the state of pollution of the Shenandoah River.  

    We also attempt in this study to provide an interpretation of the distinctive kind 

of geographic setting that characterize subsurface geological settings (the physical and/or 

chemical and/or biological conditions) that result in the spatial variability of water quality 

in the Shenandoah River. We also attempt to advance the possibility of the depositional 

and erosional processes (natural) linked to the tectonic setting present on the River by 

interpreting specific conditions at a point in space and time with the general conditions. 

Such interpretations help in the understanding the relationships that exist between the 

water quality parameters and the Shenandoah River physical and biological landscape. 

This study was essential because land resource managers need new methods to 

monitor water quality, which could allow them to meet operational, spatial and 

qualitative requirements with an excellent cost-benefit ratio. Similarly, remote sensing 

and data fusion research significantly enhances information compared to traditional data 

sources and provides synoptic views of large portions of the earth with a relatively high 

revisiting frequency (Santini et al., 2010) (Figure 59). 
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The following recommendations should be considered for further studies and 

research: 

     1.  A significant development in sensor technology, with sensors, present every 

time in the Shenandoah River basin, and frequent in-situ observation, to monitor and 

measure water quality. This comprehensive data collection will provide increasingly 

deeper and broader coverage of water quality, both temporally and geospatially providing 

an increase in the rate and the number of water-related parameters that can be measured, 

monitored, and tracked. This temporal and spatial resolution data required for effective 

Research contribution

Data fusion permmited a 
combination of sparse data with 

numerical models to obtain 
improved estimates with reduced 

biased and errors in the results

ARCHER is the first delivery of work 
to evaluate the water quality

We provide an interpretation of 
the geographic characteristics 
that result to the variability in 
water quality estimates in the 

Shenandoah River basin

A combination of all these applications by 

water quality managers will be an 

effective method to monitor water quality 

at a spatial and temporal scale with an 

excellent cost benefit ratio 

Figure 58: Research contribution 
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hydrologic monitoring would improve the accuracy of a modeled system, which depends 

heavily on the data sources used. 

    2. Also, improvement in high spatial and temporal density of observation and 

rational integration of observation and predictive models to enhance value is also 

necessary for better simulation and forecasting and numerical analysis. 

    3. It should also be recommended that proper time intervals are appropriate for 

usage in the different steps within a model system to avoid unintended outcome when we 

model and assimilate since hydrological systems tend to vary much more slowly in time 

than the states and fluxes of the system. 

    4. The value of what observation adds to data fusion is dependent on the 

information provided by the prior state and measurement, and in this regard caution 

should be taken when tuning the model by targeting just those parameters that are 

effective in reducing the prediction error. 
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APPENDIX 

Appendix 1: PLS Regression: Phosphorous  
 

 Method 

 

Cross-validation                Leave-one-out 

Components to evaluate          Set 

Number of components evaluated 10 

Number of components selected   4 

 

 

Analysis of Variance for Phosphorous 

 

Source          DF         SS         MS      F      P 

Regression       4  0.0031199  0.0007800  12.93  0.000 

Residual Error  41  0.0024731  0.0000603 

Total           45  0.0055930 

 

 

Model Selection and Validation for Phosphorous 

 

Components  X Variance      Error      R-Sq      PRESS  R-Sq (pred) 

         1    0.977085  0.0046881  0.161786  0.0168282     0.000000 

         2    0.989254  0.0035303  0.368804  0.0142239     0.000000 

         3    0.996403  0.0029844  0.466395  0.0174665     0.000000 

         4    0.999120  0.0024731  0.557818  0.0032398     0.420728 

         5     0.0020906  0.626211  0.0045573     0.185166 

         6     0.0019941  0.643466  0.0061931     0.000000 

         7     0.0017723  0.683124  0.0113688     0.000000 

         8     0.0016246  0.709530  0.0094618     0.000000 

         9      0.0015416  0.724360  0.0339848     0.000000 

        10     0.0014010  0.749515  0.0889597     0.000000 

 

 

Coefficients 

 

                        Phosphorous 

          Phosphorous  standardized 

Constant       0.04359      0.000000 

504.7          1.48975      0.378657 

513.3          1.78618      0.459223 

528.0          2.11082      0.563186 

539.7          1.71642      0.481085 

551.3          0.92309      0.266909 
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563.0          0.34414      0.102307 

574.7         -0.18329     -0.054686 

586.4         -0.83174     -0.239259 

598.0         -0.92492     -0.245015 

609.7         -0.82734     -0.207364 

621.4         -0.94662     -0.235103 

633.1         -1.19383     -0.293406 

644.7         -1.43828     -0.348897 

656.4         -1.69500     -0.397158 

668.1         -0.56010     -0.124821 

679.8         -0.49357     -0.108627 

691.4         -1.19702     -0.257650 

703.1          0.05522      0.011016 

714.8          2.12948      0.386726 

726.4          0.92334      0.154965 

738.1          3.79338      0.608537 

749.8          4.16397      0.662591 

761.5         -2.08375     -0.318246 

773.1          2.76051      0.428339 

784.8          1.72704      0.267289 

796.5         -0.01755     -0.002713 

808.2         -1.14160     -0.176660 

819.8         -3.39611     -0.514960 

831.5         -3.02083     -0.449333 

843.2         -2.72190     -0.405846 

854.8         -1.35606     -0.200195 

866.5         -0.39322     -0.057519 

878.2          0.24351      0.035401 

889.9          0.82753      0.119754 

901.5          0.51209      0.071976 

913.2          0.24746      0.034171 

924.9          0.24732      0.034470 

936.6         -1.76596     -0.228554 

948.2         -1.84501     -0.238803 

959.9         -1.00327     -0.131684 

971.6         -0.01246     -0.001673 

983.2          0.51419      0.070009 

994.9          0.83671      0.115301 

1006.6         0.82933      0.114181 

1018.3         0.72647      0.100974 

1029.9         0.57525      0.081235 

1041.6         0.49101      0.070268 

1053.3         0.36177      0.052450 

1065.0         0.19152      0.027814 
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Appendix 2: PLS Regression: Nitrogen  
 

Method 

 

Cross-validation                Leave-one-out 

Components to evaluate          Set 

Number of components evaluated 10 

Number of components selected   5 

 

 

Analysis of Variance for Nitrogen 

 

Source          DF        SS        MS      F      P 

Regression       5  0.607217  0.121443  14.43  0.000 

Residual Error  40  0.336698  0.008417 

Total           45  0.943915 

 

 

Model Selection and Validation for Nitrogen 

 

Components  X Variance     Error      R-Sq    PRESS  R-Sq (pred) 

         1    0.977146  0.778542  0.175199  2.40744     0.000000 

         2    0.987526  0.594590  0.370081  2.00910     0.000000 

         3    0.996289  0.511220  0.458404  1.64050     0.000000 

         4    0.999110  0.414749  0.560608  0.98262     0.000000 

         5    0.999585  0.336698  0.643296  0.65520     0.305866 

         6    0.327252  0.653303  1.11143     0.000000 

         7    0.276326  0.707255  1.43125     0.000000 

         8    0.241398  0.744258  0.67649     0.283311 

         9    0.223574  0.763142  6.30567     0.000000 

        10   0.190665  0.798006  9.86136     0.000000 

 

 

Coefficients 

 

                        Nitrogen 

          Nitrogen  standardized 

Constant     1.917       0.00000 

504.7        8.642       0.16909 

513.3       11.824       0.23401 

528.0       19.468       0.39984 

539.7       15.113       0.32607 

551.3        1.975       0.04397 

563.0       -9.664      -0.22115 

574.7      -18.361      -0.42169 

586.4      -22.128      -0.48997 

598.0      -11.297      -0.23035 

609.7       -2.637      -0.05088 
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621.4       -4.786      -0.09149 

633.1       -7.730      -0.14623 

644.7       -9.802      -0.18304 

656.4      -14.044      -0.25330 

668.1        7.667       0.13153 

679.8        9.717       0.16461 

691.4        4.215       0.06984 

703.1       43.141       0.66246 

714.8       72.907       1.01919 

726.4       10.604       0.13699 

738.1       76.355       0.94287 

749.8       85.903       1.05221 

761.5      -66.211      -0.77840 

773.1       47.540       0.56782 

784.8       19.605       0.23357 

796.5      -26.528      -0.31559 

808.2      -52.448      -0.62475 

819.8     -104.932      -1.22476 

831.5     -101.526      -1.16245 

843.2      -92.616      -1.06299 

854.8      -61.987      -0.70441 

866.5      -23.242      -0.26170 

878.2        1.276       0.01428 

889.9       22.673       0.25256 

901.5        8.769       0.09487 

913.2        3.411       0.03625 

924.9       12.145       0.13030 

936.6      -39.711      -0.39562 

948.2      -49.038      -0.48857 

959.9      -25.386      -0.25649 

971.6        4.049       0.04187 

983.2       20.966       0.21973 

994.9       35.297       0.37442 

1006.6      39.041       0.41376 

1018.3      36.310       0.38848 

1029.9      39.135       0.42541 

1041.6      41.660       0.45892 

1053.3      37.661       0.42030 

1065.0      36.384       0.40675 
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Appendix 3: Dissolved oxygen 

Analysis of Variance for Transformed Response for dissolved oxygen North Fork   

Source                 DF Adj SS Adj MS F-Value P-Value 

Regression 2 2.33803 1.16901 223.29 0   

Streamflow 1 0.01635 0.01635 3.12 0.081  

Air temperature 1 2.31619 2.31619 442.4 0 

Error            84 0.43978 0.00524     

Total            86               2.77781  

      

Coefficients for Transformed Response for dissolved oxygen North Fork     

  Term Coef  SE      Coef T-Value  P-Value   VIF  

Constant  2.62      0.017 153.86   0    

Streamflow        -0.0003   0.0002      -1.77 0.081 1.03   

Air temperature -0.0228   0.0011 -21.03 0 1.03 

 

Analysis of Variance for Transformed Response for dissolved oxygen South Fork   

Source               DF Adj SS Adj MS F-Value P-Value 

Regression 3 3.544 1.182 214.01 0   

Streamflow 1 0.051 0.051 9.23 0.003  

Air temperature 1 3.155 3.155 571.5 0 

Velocity               1 0.053 0.053 9.63 0.002  

Error               185 1.021 0.006     

Total               188 4.56585      

        

Coefficients for Transformed Response for dissolved oxygen South Fork     

Term Coef SE Coef T-Value P-Value VIF  

Constant  2.547 0.027 93.37 0    

Streamflow          -0.0004 0.0001 -3.04 0.003 3.73   

Air temperature -0.021 0.0009 -23.91 0 1.05  

Velocity  0.0527 0.017 3.1 0.002 3.82 

 

Analysis of Variance for Transformed Response for dissolved oxygen Main Stem   

Source              DF Adj SS Adj MS F-Value P-Value 

Regression 1 0.519 0.519 25.22 0   

Air temperature 1 0.519 0.519 25.22 0 

Error                   45 0.926 0.021     

Total              46 1.446      
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Coefficients for Transformed Response for dissolved oxygen Main Stem     

Term Coef SE Coef T-Value P-Value VIF  

Constant             2.422 0.044 54.34 0    

Air temperature -0.017 0.003 -5.02 0 1 

 

Appendix 4: Nitrogen        

Analysis of Variance for Transformed Response for nitrogen North Fork   

Source               DF Adj SS   Adj MS   F-Value    P-Value 

Regression 1 0.4749 0.47489    20.8       0   

Streamflow 1 0.4749 0.47489     20.8       0  

Error               53 1.21 0.02283     

Total               54 1.6849    

 

Coefficients Transformed Response for nitrogen North Fork     

Term Coef SE Coef T-Value P-Value VIF  

Constant  0.5944 0.0246 24.16  0    

Streamflow 0.0016 0.0003 4.56  0 1 

Analysis of Variance for Transformed Response for nitrogen South Fork    

Source              DF Adj SS Adj MS F-Value P-Value 

Regression 1 3.791 3.7907 16.79 0   

Velocity    1 3.791 3.791 16.79 0  

Error               59 13.317 0.2257     

Total              60 17.108      

        

Coefficients Transformed Response for nitrogen South Fork     

Term Coef SE Coef T-Value P-Value VIF  

Constant  -0.543 0.173 -3.14 0.003    

Velocity  0.3857 0.0941 4.1 0 1   

 

Analysis of Variance for Transformed Response for nitrogen Main Stem   

Source                DF Adj SS Adj MS F-Value P-Value 

Regression 2 0.619 0.309 7.49 0.002   

Air temperature 1 0.366 0.366 8.88 0.005 

Velocity  1 0.132 0.132 3.2 0.081  

Error 39 1.611 0.041    

Total 41 2.23      
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Coefficients Transformed Response for nitrogen Main Stem     

Term Coef SE Coef T-Value P-Value VIF  

Constant  0.316 0.122 2.58 0.014    

Air temperature -0.015    0.005 -2.98 0.005 1.05  

Velocity  0.115 0.064 1.79 0.081 1.05   

        

Appendix 5: Phosphorous 

Analysis of Variance for Transformed Response for phosphorous North Fork   

Source                DF Adj SS Adj MS F-Value P-Value 

Regression 1 1.531 1.5314 4.63 0.036   

Streamflow 1 1.531 1.5314 4.63 0.036  

Error             51             16.874 0.3309     

Total             52 18.405      

    

Coefficients for Transformed Response for phosphorous North Fork     

Term Coef SE Coef T-Value P-Value VIF  

Constant             -2.6 0.094 -27.15 0    

Streamflow 0.003 0.0013  2.15 0.036 1       

Analysis of Variance for Transformed Response for phosphorous South Fork   

Source               DF Adj SS Adj MS F-Value P-Value 

Regression 2 0.893 0.446 8.94 0   

H2o temperature 1 0.625 0.625 12.52 0.001 

Velocity    1 0.6482 0.6482 12.97 0.001  

Error              58 2.899 0.049     

Total            60 3.792      

        

Coefficients for Transformed Response for phosphorous South Fork     

Term Coef SE Coef T-Value P-Value VIF  

Constant  -3.376 0.121 -27.89 0    

H2o temperature 0.013 0.003 3.54 0.001 1.22  

Velocity  0.176 0.049 3.6 0.001 1.22 

Analysis of Variance for Transformed Response for phosphorous Main Stem   

Source              DF Adj SS Adj MS F-Value P-Value 

Regression 1 0.218 0.218 3.65 0.063   

H2o temperature 1 0.218 0.218 3.65 0.063 

Error               40 2.397 0.059     
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Total               41 2.616      

     

Coefficients for Transformed Response for phosphorous Main Stem     

Term Coef SE Coef T-Value P-Value VIF  

Constant  -2.919 0.076 -38.06 0    

H2o temperature 0.008 0.004 1.91 0.063 1 

Appendix 6: Chlorophyll-a 

Analysis of Variance for Transformed Response for chlorophyll-a South Fork   

Source               DF Adj SS Adj MS F-Value P-Value 

Regression 2 0.957 0.479 11.69 0   

Streamflow 1 0.119 0.119 2.92 0.093  

Velocity  1 0.683 0.683 16.68 0  

Error               52 2.1291 0.04094     

Total               54 3.086      

   

Coefficients for Transformed Response for chlorophyll-a South Fork      

Term Coef SE Coef T-Value P-Value VIF  

Constant                2.139 0.119 18 0    

Streamflow 0.002 0.001 1.71 0.093 2.77   

Velocity              -0.369 0.09 -4.08 0 2.77 

Analysis of Variance for Transformed Response for chlorophyll-a Main Stem   

Source               DF Adj SS Adj MS F-Value P-Value 

Regression 2 1.296 0.648 8.76 0.001   

H2o temperature 1 0.474 0.474 6.42 0.014 

Velocity  1 0.337 0.337 4.55 0.038  

Error               53 3.923 0.074     

Total               55 5.219      

Coefficients for Transformed Response for chlorophyll-a Main Stem     

Term Coef SE Coef T-Value P-Value VIF  

Constant               1.699 0.172 9.87 0    

H2o temperature 0.012 0.004 2.53 0.014 1.16  

Velocity  -0.199 0.093 -2.13 0.038 1.16 
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