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ABSTRACT (Academic) 

 

Few current modeling tools are designed to predict short-term, high-risk runoff from critical 

source areas (CSAs) in watersheds which are significant sources of non point source (NPS) 

pollution. This study couples the Soil and Water Assessment Tool-Variable Source Area 

(SWAT-VSA) model with the Climate Forecast System Reanalysis (CFSR) model and the 

Global Forecast System (GFS) model short-term weather forecast, to develop a CSA prediction 

tool designed to assist producers, landowners, and planners in identifying high-risk areas 

generating storm runoff and pollution. Short-term predictions for streamflow, runoff probability, 

and soil moisture levels were estimated in the South Fork of the Shenandoah river watershed in 

Virginia. In order to allow land managers access to the CSA predictions a free and open source 

software based web was developed. The forecast system consists of three primary 

components; (1) the model, which preprocesses the necessary hydrologic forcings, runs the 

watershed model, and outputs spatially distributed VSA forecasts; (2) a data management 

structure, which converts high resolution rasters into overlay web map tiles; and (3) the user 

interface component, a web page that allows the user, to interact with the processed output.  The 

resulting framework satisfied most design requirements with free and open source software and 

scored better than similar tools in usability metrics. One of the potential problems is that the 



 

 

CSA model, utilizing physically based modeling techniques requires significant computational 

time to execute and process. Thus, as an alternative, a deep learning (DL) model was developed 

and trained on the process based model output. The DL model resulted in a 9% increase in 

predictive power compared to the physically based model and a ten-fold decrease in run time. 

Additionally, DL interpretation methods applicable beyond this study are described including 

hidden layer visualization and equation extractions describing a quantifiable amount of variance 

in hidden layer values. Finally, a large-scale analysis of soil phosphorus (P) levels was conducted 

in the Chesapeake Bay watershed, a current location of several short-term forecast tools. Based 

on Bayesian inference methodologies, 31 years of soil P history at the county scale were 

estimated, with the associated uncertainty for each estimate. These data will assist in the 

planning and implantation of short term forecast tools with P management goals. The short term 

modeling and communication tools developed in this work contribute to filling a gap in scientific 

tools aimed at improving water quality through informing land manager’s decisions.  
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ABSTRACT (General Audience) 

 

Water pollution in the United States costs billions of dollars every year. Surface water pollution 

is caused by excess nutrients and effects the value of fisheries, recreational activities, and 

commercial operations, and can even lead to health hazards such as dangerous algal blooms. A 

major source of water pollution is from agricultural activities such as fertilizing crops. This type 

of pollution is called non-point source, as there is no obvious point where excess nutrients from 

fertilizers or manure enters the water, such as a discharge pipe, instead the pollution flows over 

the land first and then into the waterways following the rainfall-runoff patterns. One way to 

prevent non-point source pollution from agricultural activities is to give farmers tools to optimize 

operations in a way that can help lower the chance that pollution will occur. Scientific models, 

like a weather forecast, can help, but there is a lack of tools made specifically for reducing water 

pollution that are available to farmers. This work focuses on creating a free to use, high 

resolution and rapid update forecast delivered over the internet, capable of informing agricultural 

management practices to reduce water pollution. Over the course of this study, published 

advances in watershed modeling were made filling gaps in existing forecast technology. The 

final product combines cutting edge watershed science, machine learning and statistical models, 

web mapping tools, and terabytes of data to meet design goals.
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AUTHOR’S PREFACE 

The following dissertation is comprised of six chapters, four being standalone research studies 

submitted for publication in peer reviewed scientific journals in the fields of water resource 

management, environmental modeling, and hydrology or in review processes. The first chapter 

serves as an introduction to the research described in detail in the remaining chapters and a 

review of existing literature, the second chapter reviews current literature describing the current 

state of short term forecasting and the direction for the following research. Chapters 3, 4, 5, and 

6 are research studies describing work towards filling the gaps highlighted in the review of 

current knowledge. The final chapter of this manuscript draws from all preceding chapters to 

form a statement of conclusions and recommendations looking forward in the field of short-term 

hydrologic forecasting and operational decision support in surface water protection application. 



1 

 

CHAPTER 1. Introduction 

A major problem arising from prolific agriculture is pollution entering the waterways 

from production practices on land (Carpenter et al., 1998). Protecting surface water quality from 

this pollution is advantageous for ecosystem health and biodiversity, an economic necessity, and 

even a matter of national security (Zhang et al., 2007; Shortle et al., 2012; Gleick, 2016). A 

major threat to the quality of these waters is categorized as non-point source (NPS) pollution 

from agricultural activities with associated costs estimated in excess of 16 Billion dollars per 

year and rising (Shortle et al., 2012). Sediment and nutrients, primarily excess nitrogen (N) and 

phosphorus (P) are the major contributors to this pollution (Shortle et al., 2012). Over the last 

few decades, various government programs and efforts designed to address the problem of NPS 

pollution have been implemented; although billions have been spent through these programs, 

mitigation goals remain difficult to achieve after decades of effort (Sharpley et al., 2009). One 

reason for this challenge is convincing those responsible for polluting activities to adopt 

practices which reduce NPS pollution, or best management practices (BMPs) is difficult (Shortle 

et al., 2012).  

Surface runoff is a critical pathway of NPS pollutant transport to streams and often it is 

small and variable sub-field-level areas of land that are the primary source of surface runoff and 

water quality degradation (Walter and Walter, 1999). These so called variable source areas 

(VSAs) as defined by Hewlett and Hibbert (1967) often occur in areas of watersheds that have a 

shallow top soil layer with high-infiltration rates overlaying a dense subsoil layer which restricts 

percolation out of the vadose zone (Dunne and Leopold, 1978; Easton et al., 2008; Walter and 

Walter, 1999). When these features are located in convergent areas of the landscape (e.g., large 
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upslope contributing areas) the soil must be able to conduct large volumes of water through the 

profile rapidly, or else it saturates and becomes a runoff source area. These factors result in some 

areas of the landscape having low soil water storage capacity and are thus easily saturated during 

precipitation events. The location, size, and duration of saturation of these VSAs depend on 

variable spatial and temporal factors including soil depth and conductivity, landscape position, 

antecedent soil moisture and climate (Needelman et al., 2004). Consequently, these VSAs are 

difficult to model using traditional watershed models (e.g., SWAT, GWLF, HSPF), making the 

prioritization of landscape management practices challenging (Brooks et al., 2015; Dahlke et al., 

2012; Dunne and Leopold, 1978; Marjerison et al., 2011).  

Walter et al. (2000) introduced the concept of hydrologically sensitive areas (HSAs) to 

refer to parts of the landscape where VSAs form and a pollutant source exists (e.g., manure, 

fertilizer). Knowledge of when and where these HSAs form could be used to prioritize landscape 

management strategies. For example, a nutrient management plan, often written to direct manure 

spreading on a seasonal basis, may suggest an operations schedule that does not take into account 

the location of HSAs within the target fields. Information about where these HSAs exist could be 

used to modify the nutrient management plan and avoid pollution causing activities during 

sensitive times or in sensitive areas (Hanrahan et al., 2004; Smith et al., 2007; Vadas et al., 

2011).  

A major challenge in modeling VSAs is their temporal variability; VSAs can evolve over 

a single precipitation event, as well as shift due to seasonal fluctuations in precipitation and 

evapotranspiration. Attempts to model this phenomenon include the Soil and Water Assessment 

Tool-VSA adaption (SWAT-VSA), a modification of the popular SWAT model that uses 

topographically derived parameters designed to better quantify the distribution of surface runoff 
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and soil moisture from VSAs (Easton et al., 2008, 2011, 2010; White et al., 2011; Woodbury et 

al., 2014). The base SWAT model is a widely used watershed scale model with a variety of 

successful applications including sub field scale hydrology outputs and sub-daily temporal 

resolution (Collick et al., 2014; Douglas-Mankin et al., 2010; Easton et al., 2008; Gassman et al., 

2014; Sommerlot et al., 2013). SWAT employs the curve number (CN) equation to predict 

runoff and the way the CN is applied in SWAT implicitly assumes an infiltration-excess (or 

Hortonian) (Horton, 1933) response to rainfall. However, in humid, well-vegetated regions, 

especially those with permeable soils underlain by a shallow restricting layer, this formulation 

fails to capture the observed runoff generating processes (Beven, 2001; Dunne and Black, 1970; 

Dunne and Leopold, 1978; Needelman et al., 2004). For instance, many soils in the Mid-Atlantic 

region have a substantially higher infiltration rate than the total precipitation depth of all but the 

most intense, convective type storms, thus runoff is generated from areas of the landscape that 

saturate and can no longer store more moisture (Easton et al., 2008). For this reason, the standard 

CN method may be insufficient for providing detailed information about field scale hydrologic 

responses. The SWAT-VSA model is more appropriate as it is designed specifically to address 

areas of short-term high-risk runoff generation and has shown promising results in the estimation 

of distributed hydrologic processes (Easton et al., 2008). In addition, SWAT-VSA has been 

shown to provide more accurate predictions of soil moisture and runoff generation than the 

unmodified SWAT model in watersheds with similar physical characteristics and climate to the 

study area, located in the Shenandoah Valley in Virginia, United States (Easton et al., 2008; 

Woodbury et al., 2014).f 

In order to use SWAT-VSA in forecast capacity it needs to be coupled with some type of 

short-term weather model. Short- and medium-range (1-16 day) weather forecasts assimilate 
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remote and ground observations into an atmospheric model analysis time step to initialize 

physically based solutions of future surface weather conditions (GFS, 2015; NCEP, 2003). These 

predictions of future surface weather conditions can then be directly used to force the SWAT-

VSA model to provide forecasts of hydrological processes. The National Centers for 

Environmental Prediction's (NCEP) Global Forecast System (GFS, 2015; NCEP, 2003) formerly 

known as the Medium Range Forecast model (MRF), initially developed by Sela (1982, 1979), 

provides forecasted surface predictions out 16 days for every location on the planet, four times a 

day, every single day of the year. This reliability and global coverage makes it an ideal candidate 

for using as the basis of management planning tool requiring reliable data sources. The GFS is 

also complemented by the Climate Forecast System Reanalysis (CFSR; Saha et al., 2010) that 

provides long histories with similar physical solutions, helping to mitigate solution based biases 

that exist between forecasting systems (Hamill et al., 2008). These datasets, when coupled, 

provide contiguous estimates of weather variables, including precipitation and temperature, for 

any terrestrial location worldwide from 1979 to 16 days into the future. Both the GFS and the 

CFSR have been separately evaluated as drivers for the SWAT model with Fuka et al. (2013) 

demonstrating that CFSR precipitation and temperature inputs resulted in simulated daily 

discharge that was at least as accurate as those based on records from weather stations located 

more than 10km away from the geographic center of watersheds in California, New Mexico and 

New York, USA.  

This work demonstrates coupling SWAT-VSA with global weather forecast (GFS) 

products to provide short-term hydrologic forecasts capable of guiding landscape management 

process in real-time. This tool can be used for planning or directing operational, short-term field 

management. Short term hydrologic forecast frameworks have been described in recent studies 
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using rainfall-runoff and time-series models, but do not specifically address predictions intended 

to inform field level decision making (Abaza et al., 2014; Dutta et al., 2012; Tsai et al., 2014). 

The SWAT-VSA model provides two primary forecasts: hydrologic in the form of daily 

volumetric stream flow estimates and distributed surface hydrology in the form of sub-field level 

predictions of surface runoff risk probability and soil moisture. 

This framework improves upon currently implemented tools such as the P-Index which 

are annual and developed at a field level resolution. The spatial and temporal scales used to 

identify areas at a high risk of contributing to NPS pollution often fail to provide information at a 

high enough spatial and temporal resolution to consistently allow targeted landscape 

management (Easton et al., 2008; Marjerison et al. 2011; Dahlke et al., 2012), and effectively 

communicating the results remains a challenge (Easton et al., 2017).  

 As an example, the P Index is widely used to direct manure and fertilizer management 

but may fail to account for short duration high-risk periods, such as manure application to 

saturated areas, so called variable source areas (VSAs). Effectively communicating when and 

where VSAs form could be used to further optimize agricultural nutrient management operations 

(Hanrahan et al., 2004; Smith et al., 2007; Vadas et al., 2011). While the capability exists to 

model VSAs, the results are not immediately available to users or in a format conducive to 

decision making. Agricultural producers (end users) need a model to run and update in real-time 

with necessary spatial and temporal resolution imagery to provide insight into the nature of near-

future conditions on the ground. In the surface hydrology modeling and land management 

communities there is a gap between the predictive ability of the modeling systems and how that 

information is delivered to end users (Jones et al., 2016). Developing policy or management with 

annual or seasonal averages or at a larger (e.g., watershed) scale is like planning an out-door 
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event for this upcoming weekend based on average monthly rainfall estimates; although there are 

data involved and some analysis can be applied, most would agree such a planning process 

carries considerable uncertainty. 

Real time decision support systems (DSS) are an effective approach used to disseminate 

information by leveraging internet connected devices to directly deliver relevant information to 

end users (Bharati and Chaudhury, 2004; Durmuşoğlu and Barczak, 2011; Power and Phillips-

Wren, 2011). In order to provide VSA forecasts to a large audience of end users and tools to 

interested scientist developing solutions to similar problems, this study introduces a DSS that 

provides real-time and spatially detailed, short-term forecasts in a web based interface built on 

free and open source software (FOSS). The DSS includes an interface and data management 

structure component designed to disseminate high resolution spatial forecasts in an effort to 

bridge the gap between modeling capabilities and application to land management decisions 

made by end users. The method described here can display any georeferenced raster model 

output developed anywhere in the world at very fine resolutions as an interactive map. Although 

DSS platforms with similar goals have been introduced (e.g., predicting streamflow or reservoir 

status (Choi et al; 2005; Dutta et al., 2012; Abaza et al., 2014; Tsai et al., 2014) and software 

tools have been designed to communicate geospatial information including real time data and 

forecasts from earth systems models (Kulawiak et al., 2010; Swain et al., 2015; Snow et al, 2016; 

Tayyebi et al., 2016) we describe a system that is tailor-made for the particular problem of rapid 

refresh, high resolution, scalable extent native forecast products. We postulate that a web based 

interface built entirely with open source software can meet the end user requirements of the 

target audience while being flexible and scalable enough to provide scientists working on similar 
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problems a method to communicate real time, spatially detailed model results to land managers 

and decision makers.  

The web map framework described above proved to be fast and reliable, and highlighted 

short-comings of using a cumbersome process based model with a complex input-output 

structure and no tools for live deployment. A plethora of different models have been applied to 

hydrologic problems and include a wide range of frameworks. Hydrologic models are often 

classified into two groups: stochastic or data driven models, which are based on mathematic or 

statistical data representations, such as regression or neural networks, and process-based models, 

which represent the physical process occurring, such as rainfall-runoff responses or channel flow 

(Daniel et al., 2011). Processed-based models are routinely used in agricultural science and water 

resources fields (Daniel et al., 2011). An emerging application of these models in water 

resources is rapid update, spatial forecasts of distributed hydrologic parameters, such as soil 

moisture levels or runoff response (Easton et al., 2017). For these applications, various spatial 

discretization schemes exist, broadly falling into fully distributed, semi-distributed, and lumped 

categories (Daniel et al., 2011). Although benefits and costs exist with each method, the 

computational efficiency and scientific appeal due to the widely applicable characterization 

schemes of semi-distributed models have led to research and applications of these methods to 

predict distributed hydrology (Easton et al., 2008; Dalhke et al., 2011; Easton et al., 2017).  

 The basic structure of Neural Networks (NN), appearing in literature as Artificial Neural 

Networks (ANN), Multi-Layer Perceptions (MLP), and Deep Learning (DL), have been 

previously used in hydrology (Hsu, et al., 1995; Dawson and Wilby, 1998; Sajikumar and 

Thandaveswara, 1999; Abrahart and See, 2000; Luk et al., 2000; Dawson and Wilby 2001; Nagy 

et al., 2002; Rajurkar et al., 2004; Chen et al., 2012; Valipour et al., 2013; Yuan and Jia, 2016). 
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“Deep learning” does not yet have a consensus-supported definition, however Schmidhuber 

(2015) suggests DL can be defined as a NN structure with three or more hidden layers. 

Applications of NN include reservoir inflow forecasting (Bai et al., 2016), rainfall-runoff 

response modeling (Wilby et al., 2003), groundwater dynamics (Nayak et al., 2006), soil 

moisture estimation (Jiang et al., 2004) and forecasting extreme events (Coulibaly et al., 2001). 

Although these methods show promise, DL models are used less often than process-based 

models to drive decisions in water resource management (Fatichi et al., 2016). An often-cited 

reason is that hydrologic models for water resource management must include attempts to 

describe physical processes not dependent on input data in order to create a “virtual laboratory” 

where scenarios can be assessed and processes understood (Fatichi et al., 2016). Though long-

term scenario modeling is important for water resource management, there has been a recent 

interest in real-time and short-term forecasting and modeling as components of decision support 

systems (DSS) designed for water resource management (Easton et al., 2017). In these types of 

applications, it more important to provide accurate forecasts than to have the ability to model 

scenarios or fully understand the underlying processes. These short-term forecasting applications 

present an opportunity to benefit from the predictive power of DL. Ideally, in addition to 

providing high performance estimations, DL could be used to develop new rules and equations 

that describe physical processes (Jain et al., 2004). Deep Learning has a proven track record of 

high performance in a variety of fields and with recent improvements in computation and 

software structure, these methods are being widely adopted to solve difficult and complex 

problems (LeCun et al., 2015). Additional improvements in DL platforms have made 

implementation, training, and in-depth exploration of the final model relatively straightforward 

for researchers and practitioners (Candel et al., 2016; LeCun et al., 2015; Daniel et al., 2011).    
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This study demonstrates an implementation of DL designed for enterprise-like 

applications in providing rapid update, high resolution soil moisture forecasts. A data driven DL 

model is trained with an input dataset containing parameters that relate to hydrologic processes. 

The input dataset required to train the DL model is built by applying scientific principles of 

hydrology in a preprocessing step, guided by what is known and assumed about hydrology in the 

region of application. In this way, decades of scientific knowledge and study are used to create 

an input dataset which provides a physical context built with known processes for training the 

DL model. Based on this input data and the dependent variable (soil moisture), the DL model is 

then free to learn while optimizing a loss function during the training process. The DL model 

learns both major driving relationships that may be similar to process-based models, and 

additional intricacies represented by data driven relationships. Additionally, the DL model can be 

trained on higher discretization resolution where initialization of the process based model fails or 

becomes too cumbersome for calibration or rapid-update implementation.  

The objective of this work is to fill the gaps in the development and application of rapid 

update, high resolution soil moisture forecasts intended to support agricultural management 

decisions.  The following chapters describe the development and testing of technologies 

designed address 1) the modeling limitations of short-term forecasting of overland hydrology 2) 

lacking frameworks to communicate high resolution, rapid update forecasts, 3) limited ability of 

hydrology models to scale to very large areas when high resolution inputs are used, and 4) fill 

data gaps in the soil nutrient record in an effort to provide supporting information to future work 

connecting soil moisture with NPS risk from agricultural land.  
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CHAPTER 2. Literature Review 

Agriculture in the United States  

The gross production value of agricultural products in the United States (US) was an 

estimated $252 billion in 2014, accounting for over one percent of the gross domestic product 

(GDP) (CIA factbook, 2017; FAO stat, 2017). The US is the world’s largest agricultural exporter 

and provides over half of the total exported corn in the world (CIA factbook, 2017). Over 85% 

percent of households in the US were considered food secure in 2014, and the US received a top 

score in the Global Food Security Index in 2016 (Coleman-Jensen et al., 2014; The Economist 

Intelligence Unit, 2016). The success of agriculture in the US is very important to food and 

energy security, and economic development in the US (Joint Economic Committee, 2013), 

however, industrialized agriculture can cause many negative environmental consequences, 

including habitat destruction, greenhouse gas emissions, and perhaps most critically, water 

quality degradation (EPA, 2005).  
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2.1 State of Water Quality in the United States 

Non-point source (NPS) pollution from agricultural lands is a significant problem that 

threatens water quality throughout the United States (EPA, 2005). Excess sediment load is a 

major portion of this NPS pollution and directly links agricultural landuse to water quality 

(Bossio et al., 2010). Publically sponsored programs exist that have a goal of reducing NPS 

pollution from agricultural lands (Shortle, 2012). These programs usually experience mixed 

success, and have difficulty meeting their goals of NPS pollution reduction, in part due to a lack 

of quality data about the sources and amounts of excess sediment loads (Thomas and Froemke, 

2012). By collecting more data describing a watershed, water quality programs can be improved 

and experience a higher level of effectiveness. Monitoring sediment loads in a watershed is not 

always feasible due to economic and time constraints. Watershed models can fill the gap in 

available data for decision makers without being a heavy economic or time burden.   

2.2 Water Quality Management Programs 

Modern water quality management practices or best management practices (BMPs) 

stemmed from the Clean Water Act, or CWA (Shortle et al., 2012). The CWA defined the 

government responsibility structure for surface water pollution and categorized point-source (PS) 

pollution as a federal responsibility and NPS pollution as a state-level responsibility (Shortle et 

al., 2012). A complex system of initiatives and efforts has risen from the CWA and NPS 

management programs vary between states, and often include or are limited to voluntary 

programs (Shortle et al., 2012, NRCS, 2012a). 
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2.2.1 Voluntary Programs 

Multiple government agencies sponsor many water quality programs; some of the major 

efforts are sponsored by the United States Department of Agriculture (USDA), including the 

Conservation Reserve Program (CRP), the Environmental Quality Incentive Program, (EQIP), 

and the Conservation Stewardship program (CSP) (NRCS, 2012b). These programs provide 

monetary and/or technical assistance in an attempt to encourage land owners to implement best 

management practices (NRCS, 2012b). Other programs exist which may have a more specific 

focus, many of which were derived from the 2008 Farm Bill (USDA, 2008a) including the 

Agricultural Management Assistance Program (AMA) Cooperative Conservation Partnership 

Initiative (CCPI) Conservation of Private Grazing Land Program (CPGL) Agricultural Water 

Enhancement Program (AWEP) Conservation Innovation Grants (CIG) Farm and Ranch Lands 

Protection Program (FRPP) Wetlands Reserve Program (WRP) (NRCS, 2008; NRCS, 2012b; 

USDA, 2008a; USDA, 2008b; USDA, 2008c; USDA, 2008d, USDA, 2008e, USDA, 2008f, 

USDA, 2008g; USDA, 2008h; USDA, 2008i) 

2.2.2 Total Maximum Daily Load 

 The total maximum daily load (TMDL) is a regulatory instrument defined by the CWA 

section 303(d) which sets the limit of pollution that may enter a body of water which is deemed 

impaired and still meet water quality standards (USPEA, 2008; 2017). The process defined in 

section 303(d) is comprised of multiple steps beginning with water quality standards (WQS) 

development the process then moves through reporting and defining which water bodies do not 

meet water quality standard, labeling them impaired waters. A TMLD is developed for impaired 

waters, guiding issuance of discharge permits and implementation of NPS management programs 

http://www.nrcs.usda.gov/wps/portal/nrcs/main?ss=16&navid=100120240000000&pnavid=100120000000000&position=SUBNAVIGATION&ttype=main&navtype=SUBNAVIGATION&pname=Agricultural%20Management%20Assistance%20%7C%20NRCS
http://www.nrcs.usda.gov/wps/portal/nrcs/detail/national/programs/farmbill/?&cid=nrcs143_008308
http://www.nrcs.usda.gov/wps/portal/nrcs/detail/national/programs/farmbill/?&cid=nrcs143_008308
http://www.nrcs.usda.gov/wps/portal/nrcs/detail/national/programs/farmbill/?&cid=nrcs143_008548
http://www.nrcs.usda.gov/wps/portal/nrcs/detail/national/programs/farmbill/?&cid=nrcs143_008549
http://www.nrcs.usda.gov/wps/portal/nrcs/detail/national/programs/farmbill/?&cid=nrcs143_008549
http://www.nrcs.usda.gov/wps/portal/nrcs/detail/national/programs/farmbill/?&cid=nrcs143_008419
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(USEPA, 2017). Many TMDLs are currently in effect in the US, the largest of which is the 

Chesapeake Bay TMDL, a key component of the Chesapeake Bay Program (CBP) (USDA, 

2008b). 

2.3 Role of Hydrologic Modeling in Watershed Management 

Hydrologic models often provide analysis for government sponsored water quality 

programs; models in the literature include the Soil and Water Assessment Tool (SWAT), the 

Water Erosion Prediction Project (WEPP), the Annualized Agricultural Non-Point Source 

(AnnAGNPS) model, the Long-Term Hydrologic Impact Assessment model (L-THIA), the 

PLOAD model, and the HSPF model (Shen et al., 2009; Parajuli et al., 2009; Im et al., 2009; 

Nejadhashemi et al., 2011; Giri et al., 2012). Tools like these and their predecessors have long 

been used for scenario analysis focused on potential changes in water quality in the long term 

future based on current or simulated management actions, and to assess progress in regional 

programs such as initiatives or TMDLs (Thomann, 1972; Mitsch and Wang, 2000; National 

Research Council, 2001; Chapra, 2008; Shenk and Linker, 2013). Much modeling work focuses 

on methods that estimate physical processes and are capable of creating a “virtual laboratory” 

where scenarios can be assessed, processes understood, and key findings easily interpreted 

(Fatichi et al., 2016).  

Hydrologic models and a subset of this category, water quality models, have various use 

cases in watershed management; as categorized by Harmel et al (2014) they are 

exploratory, planning, and regulatory for legal purposes, with models for planning purposes 

mainly including processes that are capable of capturing scenario differences. Although this may 

be a reasonably complete categorization of the current state of use cases for hydrologic models 
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(Daniels et al, 2011), Grey et al., (2013) claim hydrologic and water quality science must play a 

more direct role in advancing stakeholder understanding of well known science concerning water 

quality and take more direct action in bridging the gap between scientific knowledge and 

management actions. One promising vector for working to close this gap is “…through 

informing decisions using simple, quantitative spatial tools within a clear decision support 

process…” which could be a valuable asset in informing management with best science 

principles directly from the source of research or as part of larger programs or officially defined 

partnerships (Ruckelshaus et al., 2015).  

2.4 Application of Short Term Forecasting Tools in Watershed Management 

 Tools designed to inform short term decisions related to agricultural management are 

prevalent in the literature, and examples exist discussing implementations across the globe 

(Quinn, 2000; De la Rosa et al., 2004; Naab, 2004; Nielsen et al., 2005; Stefanski and 

Sivakumar, 2009; Liu et al., 2011; Saseendran et al., 2013; Lee et al., 2016). Over 50 

applications of published frameworks were reviewed, ranging from simple to complex, but 

sharing a goal of informing short term decision making that discussed applications in an 

agricultural management situation utilizing weather. These were separated into seven broad 

categories: 1) agricultural risk (Gutenson, 2016; Baig et al., 2015; Whateley et al., 2015; 

Wilkinson et al., 2012; Zhan et al., 2012; Wilhite, 2011; Hong et al., 2010; Funk and Verdin, 

2010; Stefanski, and Sivakumar, 2009; Cohen et al., 2008), 2) crop yield (Naab et al., 2004; 

Becker-Reshef et al., 2010; Liu et al., 2011; Saseendran et al., 2013) 3) general purpose, 

including water quantity management and those who discussed multiple or broadly defined use 

cases (Quinn, 2000; Matthews, 2000; Quinn et al., 2001; Giacomelli et al., 2001; Levy 2001; 
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Mastin and Vaccaro, 2002; Murphy, 2003; Quinn et al., 2004; Martius et al., 2004; Ouda, 2004; 

Riquelme et al., 2005; Nielsen et al., 2005; Neumann et al., 2006; Regonda et al., 2006; McColl 

and Aggett, 2007; De Kort and Booi, 2007, Garbrecht and Schneider, 2007; Thorp et al., 2008; 

Kumar et al., 2008; Sankarasubramanian et al., 2009; Quinn et al., 2010; Ziervogel et al., 2010; 

Chen et al., 2014; Lee et al., 2016), 4) irrigation (Vick, 2016; Tapsuwan et al., 2015; Duan, 2005; 

Bazzani, 2005; Leenhardt et al., 2004; Bazzani et al., 2004), 5) livestock management (Nienaber 

and Hahn, 2007; Clements et al., 2006), 6) nutrient management (Trepel and Kluge, 2004; De 

and Bezuglov, 2006; Bruges and Smith, 2008; Hickey and Gibbs, 2009), and 7) soil conservation 

(De la Rosa et al, 2004; Tang et al., 2004; Chen et al., 2004; Lim et al., 2005; Hunink et al., 

2012; Zanuttigh et al., 2014). Numbers of these studies are summarized by topic in Figure 2.1. 

The general-purpose category was most common, where authors presented their decision support 

system as having wide ranging water quality or/or quantity applications in agriculture, the 

agricultural risk category was next, including studies presenting work aimed at users attempting 

to avoid or prepare for events that pose threats to agricultural productivity, such as extreme 

whether events or pests. The remaining categories included very specific use case 

demonstrations where the tool was designed for a niche application. Of the reviewed studies, 

claims of widely applicable frameworks are most common, with those focusing on specific use 

cases less common.  
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Figure 2.1: Number or Quantity of use cases given for published tools implementing short term 

modeling and/or monitoring methods to inform strategic agricultural decision support. 

  

The global interest in short term decision support is prevalent in the literature, with 

application areas ranging worldwide (Lee et al., 2016; Verdin et al., 2016; Vick, 2016; Tapsuwan 

et al., 2015; Chen et al., 2014; Hunink et al., 2012). Of the studies reviewed, the US had the 

largest number of studies, with areas around the Mediterranean and the United Kingdom being 

the second most common location (Figure 2.2). Irrigation was a common use case among 
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Mediterranean countries, the Middle East, and Australia, agricultural risk in Central America and 

the Middle East, and soil conservation in the North America.  

 

Figure 2.2. Choropleth map of the number of reviewed decision support systems discretized by 

country of application.  

In the US, a trend in watershed management involving “bottom up” management plans 

has emerged, which focuses on cultivating regular, active stakeholder decisions to increase 

engagement and communication among decision makers, stakeholders, and the academic 

community (Fraser et al., 2006; Voinov and Gaddis, 2008; Koontz and Newig, 2014). Short-term 

forecast tools have the capability to inform regular decision making from stakeholders without 
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direct input from policy makers concerning each individual decision (Sommerlot et al., 2016). 

An effectively implemented and employed short-term forecast tool would sit at the nexus of 

applied research, best-science policy approaches, and active stakeholder engagement, 

demonstrating a collaborative initiative in practice among academics, stakeholders, and policy 

makers. This would not be a large conceptual step from some tools and services that already 

exist; for example, government agencies with a focus on research and data analysis have 

provided forecast tools to a wide audience of agricultural stakeholders for years including crop 

yield, economic-, and weather forecasts concerning agricultural products (Frisvold and 

Murugesan, 2013; Irwin and Good, 2015; USDA, 2017). Products like these are used regularly 

by agricultural stakeholders and have a modicum of trust amongst the agriculture community 

(Frisvold and Murugesan, 2013). Implementing niche forecast products designed with the 

specific needs of water quality in geographic areas improving on currently available spatial and 

temporal resolution through a useful platform to producers and informed by policy makers is a 

good fit for academic research and applied science (Grey et al., 2013; Ruckelshaus et al., 2015). 

Such an endeavor may not be lucrative enough for businesses to venture on, and government 

agencies may not move fast enough to pilot new, specific decision tools released under their 

preview (Grey et al., 2013). With the advent and continual improvement of open source 

statistical and scientific models, communication tools, and data structures, academics can 

research, design, launch, maintain, and iterate tools for specific decision contexts like short term 

forecasts. The resulting tools could become trusted and useful tools to producers as well as 

contribute to water quality improvement goals of policy makers, improving communication 

between academics, policy makers, and producers (Ruckelshaus et al., 2015). These tools could 

play a valuable role as part of larger, hybrid programs employing a mix of incentives, regulatory 
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instruments, and available technology and data working towards the improvement of water 

quality in the US through filling the critical gap in converting scientific knowledge into action 

(Grey et al., 2013; Guerry et al., 2015; Ruckelshaus et al., 2015).  

2.5 Current Short-Term Forecast Tools Intended for Agriculture Decision 

Support 

Short term forecasts designed as decision support systems (DSS) exist in the literature 

with goals including predicting streamflow and reservoir status (Choi et al; 2005; Dutta et al., 

2012; Abaza et al., 2014; Tsai et al., 2014). Additionally, communication tools have been 

described that are capable of real time updates and display forecasts from model platforms like 

those cited above (Kulawiak et al., 2010; Swain et al., 2015; Snow et al, 2016; Tayyebi et al., 

2016). A number of short term forecasts have been published specifically for agriculture (Easton 

et al., 2017). However, these forecast tools are largely not designed for a modern audience using 

a variety of internet connected devices, they often lack sub-field level resolution, and employ 

proprietary mapping or server software to deliver forecasts (Sommerlot and Easton, 2017). There 

is a lack of tools in this niche with necessary technical capabilities related to forecast quality, 

usability and accessibility to users, and flexibility and cost to researchers developing these 

decision aids (Sommerlot and Easton, 2017). Many producers consider soil moisture the most 

important meteorological forecast for planning management actives, and actively use this 

information for planting, harvesting, and fertilizing among other operations (Frisvold and 

Murugesan, 2013).  
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3.0 Abstract  

Few current modeling tools are designed to predict short-term, high-risk runoff from 

critical source areas (CSAs) in watersheds. This study couples the Soil and Water Assessment 

Tool-Variable Source Area (SWAT-VSA) model with the Climate Forecast System Reanalysis 

(CFSR) model and the Global Forecast System (GFS) model short-term weather forecast, to 

develop a CSA prediction tool designed to assist agaricultural producers, landowners, and 

planners in identifying high-risk areas generating storm runoff and pollution. Short-term 

predictions for stream flow, runoff probability, and soil moisture levels were estimated in the 

South Fork of the Shenandoah River Watershed, Virginia, USA. Daily volumetric flow forecasts 

were  satisfactory several days into the future, and distributed model predictions accurately 

captured sub-field scale CSAs. The model has the potential to provide valuable forecasts that can 

be used to improve effectiveness of agricultural management practices and reduce the risk of 

non-point source pollution. 
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3.1 Introduction 

Non-point source (NPS) pollution is a leading cause of water quality impairment in the 

United States and a major component of this pollution is caused by runoff from agricultural lands 

(Shortle et al., 2012). During the last several decades numerous environmental standards and 

management practices (e.g., NRCS 590 standard, P-Index) have been developed in an attempt to 

reduce NPS pollution but these practices are often variable in their effectiveness (Puckett, 1995). 

This is, to some extent, because their effectiveness is based on estimates made by models that do 

not consider the spatial variability of agricultural landscapes or the temporal dynamics of 

nutrient and pollutant transport processes (Dahlke et al., 2012; Easton et al., 2008). New tools 

need to be able to capture spatiotemporal variability of hydrological and biogeochemical 

processes in order to assist watershed managers, producers, and landowners to better plan 

agricultural management practices and reduce NPS pollution. 

Surface runoff is a critical pathway of NPS pollutant transport to streams and often it is 

small and variable sub-field-level areas of land that are the primary source of surface runoff and 

water quality degradation (Walter and Walter, 1999). These so called variable source areas 

(VSAs) as defined by Hewlett and Hibbert (1967) often occur in areas of watersheds that have a 

shallow top soil layer with high-infiltration rates overlaying a dense subsoil layer which restricts 

percolation out of the vadose zone (Dunne and Leopold, 1978; Easton et al., 2008; Walter and 

Walter, 1999). When these features are located in convergent areas of the landscape (e.g., large 

upslope contributing areas) the soil must be able to conduct large volumes of water through the 

profile rapidly, or else it saturates and becomes a runoff source area. These factors result in some 

areas of the landscape having low soil water storage capacity and are thus easily saturated during 

precipitation events. The location, size, and duration of saturation of these VSAs depend on 
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variable spatial and temporal factors including soil depth and conductivity, landscape position, 

antecedent soil moisture and climate (Needelman et al., 2004). Consequently, these VSAs are 

difficult to model using traditional watershed models (e.g., SWAT, GWLF, HSPF), making the 

prioritization of landscape management practices challenging (Brooks et al., 2015; Dahlke et al., 

2012; Dunne and Leopold, 1978; Marjerison et al., 2011).  

Walter et al. (2000) introduced the concept of hydrologically sensitive areas (HSAs) to 

refer to parts of the landscape where VSAs form and a pollutant source exists (e.g., manure, 

fertilizer). Knowledge of when and where these HSAs form could be used to prioritize landscape 

management strategies. For example, a nutrient management plan, often written to direct manure 

spreading on a seasonal basis, may suggest an operations schedule that does not take into account 

the location of HSAs within the target fields. Information about where these HSAs exist could be 

used to modify the nutrient management plan and avoid pollution causing activities during 

sensitive times or in sensitive areas (Hanrahan et al., 2004; Smith et al., 2007; Vadas et al., 

2011).  

A major challenge in modeling VSAs is their temporal variability; VSAs can evolve over 

a single precipitation event, as well as shift due to seasonal fluctuations in precipitation and 

evapotranspiration. Attempts to model this phenomenon include the Soil and Water Assessment 

Tool-VSA adaption (SWAT-VSA), a modification of the popular SWAT model that uses 

topographically derived parameters designed to better quantify the distribution of surface runoff 

and soil moisture from VSAs (Easton et al., 2008, 2011, 2010; White et al., 2011; Woodbury et 

al., 2014). The base SWAT model is a widely used watershed scale model with a variety of 

successful applications including sub field scale hydrology outputs and sub-daily temporal 

resolution (Collick et al., 2014; Douglas-Mankin et al., 2010; Easton et al., 2008; Gassman et al., 
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2014; Sommerlot et al., 2013). SWAT employs the curve number (CN) equation to predict 

runoff and the way the CN is applied in SWAT implicitly assumes an infiltration-excess (or 

Hortonian (Horton, 1933) response to rainfall. However, in humid, well-vegetated regions, 

especially those with permeable soils underlain by a shallow restricting layer, this formulation 

fails to capture the observed runoff generating processes (Beven, 2001; Dunne and Black, 1970; 

Dunne and Leopold, 1978; Needelman et al., 2004). For instance, many soils in the Mid-Atlantic 

region of the USA have a substantially higher infiltration rate than the total precipitation depth of 

all but the most intense, convective type storms; thus runoff is generated from areas of the 

landscape that saturate and can no longer store more moisture (Easton et al., 2008). For this 

reason, the standard CN method may be insufficient for providing detailed information about 

field scale hydrologic responses and the SWAT-VSA model is more appropriate as it is designed 

specifically to address areas of short-term high-risk runoff generation and has shown promising 

results in the estimation of distributed hydrologic processes (Easton et al., 2008). In addition, 

SWAT-VSA has been shown to provide more accurate predictions of soil moisture and runoff 

generation than the unmodified SWAT model in watersheds with similar physical characteristics 

and climate to the study area (Easton et al., 2008; Woodbury et al., 2014). 

In order to use SWAT-VSA in forecast capacity it needs to be coupled with some type of 

short-term weather model. Short  range (1-16 day) weather forecasts assimilate remote and 

ground observations into an atmospheric model analysis time step to initialize physically based 

solutions of future surface weather conditions (GFS, 2015; NCEP, 2003). These predictions of 

future surface weather conditions can then be directly used to force the SWAT-VSA model to 

provide forecasts of hydrological processes. The National Centers for Environmental Prediction's 

(NCEP) Global Forecast System (GFS, 2015; NCEP, 2003) formerly known as the Medium 
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Range Forecast model (MRF), initially developed by Sela (1982, 1979), provides forecasted 

surface predictions out 16 days for every location on the planet, four times a day, every single 

day of the year. This reliability and global coverage makes it an ideal candidate for using as the 

basis of management planning tool requiring reliable data sources. The GFS is also 

complemented by the Climate Forecast System Reanalysis (CFSR; Saha et al., 2010) that 

provides long histories with similar physical solutions, helping to mitigate solution based biases 

that exist between forecasting systems (Hamill et al., 2008). These datasets, when coupled, 

provide contiguous estimates of weather variables, including precipitation and temperature, for 

any terrestrial location worldwide from 1979 to 16 days into the future. Both the GFS and the 

CFSR have been separately evaluated as drivers for the SWAT model with Fuka et al. (2013) 

demonstrating that CFSR precipitation and temperature inputs resulted in simulated daily 

discharge that was at least as accurate as those based on records from weather stations located 

more than 10km away from the geographic center of watersheds in California, New Mexico and 

New York, USA.  

This study demonstrates coupling SWAT-VSA with global weather forecast (GFS) 

products to provide short-term hydrologic forecasts capable of guiding landscape management 

process in real-time. This tool can be used for planning or directing operational, short-term field 

management. Short-term hydrologic forecast frameworks have been described in recent studies 

using rainfall-runoff and time-series models, but do not specifically address predictions intended 

to inform field-level decision making (Abaza et al., 2014; Dutta et al., 2012; Tsai et al., 2014). 

The SWAT-VSA model provides two primary forecasts: hydrologic in the form of daily 

volumetric stream flow estimates and distributed surface hydrology in the form of sub-field level 

predictions of surface runoff risk probability and soil moisture. 
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3.2 Materials and Methods 

3.2.1 Overview: Model development followed a four-step process. First, the base SWAT-VSA 

model was developed for the South Fork of the Shenandoah River Watershed in Virginia (Fig. 

3.1) using historic meteorological data. Second, the model was calibrated and corroborated 

against United States Geologic Survey (USGS) streamflow gage data using the base model 

output forced by the historic meteorological data available from station records included in the 

quality-controlled Global Historical Climatology Network (Menne et al., 2012). Third, the 

corroborated model was coupled with the GFS data by collecting historical archived GFS 

forecasts and applying these as weather forcings to the SWAT-VSA model in a hindcast 

procedure exactly recreating past outputs of model coupling. Finally, the GFS forced model 

outputs were used to predict watershed level discharge and distributed hydrologic response in the 

watershed (note that the model was not re-calibrated using the GFS data). The relationship 

between the base input data and the resulting derived data set are shown in Fig. 3.2. 

3.2.2 Study Area: The SWAT-VSA model was developed and tested in the South Fork of the 

Shenandoah river watershed (HUC 02070005), with the outlet located at the USGS gaging 

station 01628500. The watershed has an area of roughly 2600 km2 located in the Shenandoah 

Valley in North-Central Virginia (Fig. 3.1). Land cover in the Shenandoah watershed is 50% 

forest, and almost entirely located in the steep mountain headwaters. Agricultural lands occupy 

38% of the watershed and are located in the valley, urban areas occupy 11%, and the remaining 

1% of the basin is coved by water (Homer et al., 2015). Soils are silt loams and silty clay loams, 

with slopes up to 60%, elevations of 310 to 1336 m and located in the humid continental climate 

with a yearly average rainfall 1057 mm (Mohamoud, 2004). 
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Figure 3.1. Study Area: South Fork of the Shenandoah River Watershed in north central VA with 

elevation features. 

3.2.3 SWAT Model Description: The SWAT model, developed by USDA-ARS, is a process 

based, semi-distributed watershed model meant to provide predictions of the impact of 

agricultural landuse on water quantity and quality (Arnold et al., 2012, 1998; Gassman et al., 

2007). SWAT uses weather, elevation, soil, land cover, and land management data to simulate 

surface and subsurface hydrology and various chemical and sediment fluxes. Required spatial 

data include information for soils, landuse/management, and elevation with the associated 

tabular look up tables that contain model required parameters. Simulations require 

meteorological input data including precipitation, temperature, relative humidity, wind speed, 

and solar radiation.  
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SWAT lumps unique combinations of soil type and landuse (and slope if desired) into 

hydrologic response units (HRUs) during the initialization process. While this lumping process 

reduces computational complexity, it effectively ignores the underlying spatial distribution of the 

input data. Thus, all HRUs containing the same soil type, landuse and slope class have identical 

properties irrespective of where they are located. In VSA watersheds, runoff-generating HRUs 

are a controlled by their location within a subbasin: VSAs are likely to occur in portions of the 

landscape with shallow soils underlain by some sort of restrictive layer, large upslope 

contributing areas, flattening slopes, or any combination of the three (Easton et al., 2008). To 

account for the formation and contribution of VSAs, SWAT-VSA incorporates a hybrid 

topographic wetness index-soil layer, which is then used in place of the standard soil layer in 

HRU generation (Easton et al., 2008). The topographic wetness index (TI) is a unitless metric 

categorizing the saturation potential of areas in a watershed and ranges from 1, the least likely to 

saturate, to n, the most prone to saturation (Easton et al., 2008). Maximum TI class is defined by 

the arbitrary decision of number of classes used to categorize TI from a continuous variable to 

discrete classes; unless known reasons exist for a specific number of classes, 10 is recommended 

(Easton et al,, 2008). Runoff and soil moisture distributions are then explicitly linked to the 

topographic wetness index. While the wetness classes can be used in HRU delineation instead of 

a soil map, SWAT still requires specific soil properties associated with the soils map (e.g., 

SSURGO). Thus, in SWAT-VSA soil properties are weighted and averaged for each TI class. 

This practice does not drastically affect model results because soil genesis is, at least partially, 

driven by topography (Easton et al., 2008; Page et al., 2005; Sharma et al., 2006; Thompson et 

al., 2006).  
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SWAT-VSA calculates runoff from each HRU defined by landuse and topographic index 

with a saturation-excess modified CN resulting in an approximation of the runoff equation 

described by (Schneiderman et al., 2007): 

𝑞𝑖 =  
𝑃𝑒

2

𝑃𝑒− 𝜎𝑒 
           (3.1) 

where 𝑞𝑖 is the surface runoff for any given HRU, 𝑃𝑒 is the amount of rainfall after runoff begins 

(mm), and 𝜎𝑒 (mm) is the maximum effective soil moisture storage defined uniquely for each TI 

class (Easton et al., 2008).  

3.2.4 Model Initialization: The SWAT-VSA model was initialized for the South Fork of the 

Shenandoah River watershed using ArcSWAT2012 and an ArcSWAT plugin, TopoSWAT 

(available from http://ww2.bse.vt.edu/eastonlab/), developed to automatically generate the TI-

Soil hybrid layer used for SWAT-VSA initialization. TopoSWAT provides the necessary soil 

data to calculate TI via linkage to the United Nations Food and Agriculture Organization (FAO) 

soils database (IUSS, 2007). Other spatial inputs include landuse from the National Land Cover 

database (Homer et al., 2015), and a combination of 3 m and 10 m resolution DEMs from the 

United States Geologic Survey (GHCN) National Elevation Dataset (NED) resampled to 3 m 

covering the study area. No thresholds were applied during HRU definition in order to generate a 

full-HRU distribution. The final initialization resulted in five subbasins and 859 HRUs over the 

study domain.  

  Two distinct sets of meteorological data were used in this study. The first was historical 

data used for model calibration and corroboration. The second, referred to as archived forecasts, 

was used to validate the framework’s capability to forecast without waiting months to collect 

data. The meteorological data set used in calibration and corroboration of the base model 
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consisted of redimensioned CFSR data bias corrected with data from GHCN stations. The CFSR 

data set provides the required meteorological parameters to force the base model: precipitation 

(mm), minimum and maximum temperature (deg C), percent relative humidity, wind speed 

(m/s), and solar radiation (MJ/m^2) at a daily time step (Fuka et al., 2013). CFSR was chosen as 

the base data set to make this method as widely applicable as possible, as it provides all 

necessary parameters on a global grid and contains no missing data. Precipitation data from five 

GHCN rain gauges located within the study area were used to bias correct the CFSR data as the 

initial analysis revealed a bias in the CFSR data. Gauge stations used were UCS00448941, 

USC00442208, USC00448062, USC0044322 and USC00445096, accessed through the National 

Centers for Environmental Information Climate Data Online search tool.  

Meteorological data from both the CFSR and GHCN rain gauge data sets were 

interpolated to the SWAT-VSA model subbasin centroids using inverse distance weighting 

(IDW) squared. Bias correction of CFSR precipitation was performed by modifying functions 

from the QMAP R Package using methods suggested by Looper and Vieux (2012) and 

Gudmundsson et al. (2012). The bias correction was applied by separating each precipitation 

data set into unique months, and creating a Cumulative Distribution Function (CDF) for each 

month. A linear regression method was employed to map all future CDFs onto past CDFs by 

minimizing the sum of squared errors between the data sets. This method is modified from a 

similar process of CDF mapping described in Girvetz et al. (2013), following their suggestion to 

produce monthly CDF functions for daily weather data.  
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Figure 3.2. Relationship between the input meteorological data and the resulting data sets 

 

3.2.5 Archived GFS Forecasts: The streamflow forecast corroboration was performed by 

collecting archived GFS forecasts through a hindcast procedure rather than waiting and 

collecting the results of live forecasts. Uncorrected “raw” GFS forecasts up to eight days in 

advance were available through NOAA in GRIB2 format through NOMADS (Rutledge et al., 

2006). Each file in the data set contained forecast data at a 0.5 degree resolution. (GFS, 2015). 

An R script was written to catalog and organize the location of each GRIB2 file in the available 

data set. The result was a catalog of over 23,000 remote file locations of data storing world-wide 

uncorrected GFS forecasts for 1 through 8 days in the future from the GFS model run. Dates 

ranged from May 2013 through March 2015 at the time the catalog script was run and included 

forecasts updates at 6-hr intervals. A second R script optimized for parallel implementation on 

NCARs Yellowstone Geyser super computer cluster was used to download, convert, and 

summarize the uncorrected GFS data set into a daily time series of weather data required for 

SWAT-VSA model inputs. This script applied a bounding box around Virginia and parts of West 
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Virginia to reduce the computational time necessary to produce the daily time series. In addition, 

parallelization of this portion of the data collection and formatting reduced computational time 

from over 40 days to about 6 hrs. Table 3.1 summarizes the methods used to distill the full six 

terabyte archived GFS forecasts into daily time series files with all necessary SWAT weather 

input variables. In total, eight daily time series files were created from May 2013 through March 

2015, one for each forecast day.  

 

 

 

 

Table 3.1. Global Forecast System (GFS) model parameters used in the SWAT-VSA model.  

Weather 

Parameter 

Provided Time 

Step 

Required 

Time 

Step 

Aggregation 

Method 

Provided 

Units Required Units 

Precipitation  4 hr Sub-daily Daily Summation mm H20 mm H20 

Minimum 

Temperature  4 hr Sub-daily Daily Minimum Kelvin Degrees Celsius 

Maximum 

Temperature  4 hr Sub-daily Daily Maximum Kelvin Degrees Celsius  

Relative 

Humidity  4 hr Sub-daily Daily Average Percentage Percentage 
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Wind Speed 4 hr Sub-daily Daily 

Vector 

Addition 

u and v 

direction m/s Directionless m/s 

Solar 

Radiation  4 hr Sub-daily Daily Average W/m2  MJ/m2 

 

The resulting daily time-series of weather data were not contiguous due to missing files 

in the GFS data set and server errors during download; 41 days of data were missing in each 

forecast day of the data set. An imputation process was performed on the data employing time 

series methods from the forecast and the fGarch R package (Hyndman and Khandakar, 2008; 

Wuertz et al., 2009). Missing data from the original set were replaced with residual-corrected 

corresponding values from Autoregressive Integrated Moving Average (ARIMA) time series 

models. In order to use the weather data directly in the SWAT model, the data were interpolated 

to SWAT model subbasin centroids using the same IDW squared procedure employed for CFSR 

in order to keep consistency with the calibration and corroboration data sets. These methods 

were repeated for each of the eight weather forecast data sets. 

The full forecast data sets were further preprocessed using a dynamic downscaling 

procedure including IDW squared and bias correction. All parameters of the archived forecast 

data were bias corrected using the same procedure as described for the CFSR precipitation data 

used for calibration. The redimensioned CFSR data set was available through August 2014, 

limiting the final GFS archived forecasts to the same end date for the bias correction procedure. 

The GFS forecasts were bias corrected using the interpolated rain gauge data for precipitation 

and CFSR data for the remaining parameters. Once gauge and CFSR data are collected and 

interpolated, the bias correction of GFS data is repeatable for actual forecasts in real-time 

https://en.wikipedia.org/wiki/Autoregressive_integrated_moving_average
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following this method. The GFS archived forecasts were split into two equal parts, the first 

representing past values and the second representing future values. The separation allowed the 

GFS data to be bias corrected as if the portion representing future values was actually composed 

of future forecasted values, while measured flow data were available. The relationship between 

this data set, the calibration/corroboration data set, and the input meteorological data is 

illustrated in Fig. 3.2.  

3.2.6 Sensitivity Analysis: Prior to SWAT-VSA model calibration, a sensitivity analysis was 

performed using the SWATmodel (Fuka et al., 2014) and hydroPSO (Zambrano-Bigiarini and 

Rojas, 2013) packages in R. SWATmodel provides optimized read and write access to model 

files while using the lhoat function to preform sensitivity analysis from hydroPSO. The 

sensitivity analysis was applied on model runs from January 1 2004 through December 31 2014. 

hydroPSO runs a Latin-Hypercube one-at-a-time process on the selected parameters and outputs 

parameter sensitivity rankings (Zambrano-Bigiarini and Rojas, 2013). Flow parameters were 

selected based on analysis of preliminary runs of the initialized model. In addition, the 

preliminary analysis suggested some classically sensitive parameters be applied independently in 

each subbasin. The curve number (CN), channel conductivity, and Manning’s n values were 

separated to allow unique values at the subbasin scale. Base flow and soil parameters were the 

most sensitive parameters (Table 3.2). Snow melt/accumulation parameters were also sensitive 

including snow pack lag factor, snowmelt temperature, and snowfall temperature. Surface runoff 

lag coefficient and ground water delay factors also ranked in the top half of the parameter list 

(Table 3.2). The CN, channel conductivity, and Manning’s N did not all rank as high as expected 

since each of these parameters are unique to a subbaisn, their sensitivity was lower than if 

applied to the entire basin; however, the increase in spatial resolution of these parameters was 
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considered critical to adequate model predictions at the field scale. Thus, all parameters applied 

at the subbasin scale were included in the calibration. Twenty-five parameters were selected 

from the sensitivity analysis for model calibration (Table 3.2). The CN, channel conductivity, 

and Manning’s N values for all five subbasins and the remaining 10 highest ranking parameters 

were selected.  

Table 3.2. Model parameters selected for sensitivity analysis ranking, method of calibration, 

range, ranking and final calibrated values. 

    Range Sensitivity 

Ranking 

Calibrated 

Value Parameter Subbasin File  Method Min Max 

Alpha_BF all *.gw replace original 

with 

0.5 1.5 1 0.59 

Sol_AWC all *.sol multiply 

original by 

0.5 1.5 2 0.89 

ESCO all *.hru replace original 

with 

0.1 1 3 0.91 

Sol Depth all *.sol multiply 

original by 

0.5 1.5 4 0.56 

SFTMP all .basin replace original 

with 

-5 5 5 -1.62 

CN2 4 *.mgt multiply 

original by 

0.7 1.3 6 0.63 

SMTMP all .basin replace original -5 5 7 -1.51 
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with 

TIMP all .basin replace original 

with 

0 4 8 0.07 

CN2 2 *.mgt multiply 

original by 

0.7 1.3 9 0.63 

CN2 5 *.mgt multiply 

original by 

0.7 1.3 10 0.60 

SURLAG all .basin replace original 

with 

0 15 11 14 

CH_K2 3 *.rte replace original 

with 

0 200 12 0.936 

CH_N2 3 *.rte replace original 

with 

0.016 0.15 13 0.087 

CH_N2 2 *.rte replace original 

with 

0.016 0.15 14 0.090 

SMFMN all .basin replace original 

with 

-5 5 15 1.09 

CH_K2 5 *.rte replace original 

with 

0 200 16 0.051 

CH_K2 2 *.rte replace original 

with 

0 200 17 0.082 

GW_delay all *.gw replace original 

with 

0.5 2000 18 1592 

CH_K2 1 *.rte replace original 0 200 19 127 
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with 

CH_N2 1 *.rte replace original 

with 

0.016 0.15 20 0.069 

CH_K2 4 *.rte replace original 

with 

0 200 21 154.4 

Ksat all *.sol multiply 

original by 

0.5 1.5 22 Not Calibrated 

CN2 3 *.mgt multiply 

original by 

0.7 1.3 23 0.74 

CN2 1 *.mgt multiply 

original by 

0.7 1.3 24 0.81 

GW_REV

AP 

all *.gw replace original 

with 

0 0.2 25 Not Calibrated 

RCHRG_D

P 

all *.gw replace original 

with 

0 1 26 Not Calibrated 

CH_N2 5 *.rte replace original 

with 

0.016 0.15 27 0.087 

GWQMN all *.gw replace original 

with 

0 500 28 471 

SMFMX all .basin replace original 

with 

-5 5 29 Not Calibrated 

CH_N2 4 *.rte replace original 

with 

0.016 0.15 30 0.090 

REVAPM all *.gw replace original 0 500 31 Not Calibrated 
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N with 

ESCO all .basin replace original 

with 

0.1 1 32 Not Calibrated 

EPCO all .basin replace original 

with 

0.1 1 33 Not Calibrated 

 

3.2.7 Model Calibration: The initialized model was calibrated to the USGS gage flow data on 

a daily time step from January 1 2004 through December 31 2012, on the Yellowstone Geyser 

super computer cluster, a 16 node, 16,000 GB ram platform located at the National Center for 

Atmospheric Research Wyoming Supercomputing Center. A similar combination of the 

SWATmodel (Fuka et al., 2014) and hydroPSO (Zambrano-Bigiarini and Rojas, 2013) R 

packages as described in the sensitivity analysis was used to run the model and perform 

necessary statistical analysis on model results. Model calibration was run on one node of Geyser, 

using 40 cores and 1000 GB of memory in parallel. The SWATmodel package was used to run 

SWAT2012 on a Linux operating system and to provide read and write functionalities for SWAT 

input and output files. The read and write functions were included in an input/output wrapper 

that allowed the framework to utilize the output parameters of the calibration and sensitivity 

analysis procedures. The hydroPSO package was used as the calibration engine to maximize the 

fitness of the model and to apply parallel computing techniques to reduce the computation time. 

All R functionalities were written into a script portable to the parallel Geyser platform. The 

resulting parameter values following the calibration are shown in the Table 3.2.  
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3.2.8 SWAT-VSA Hindcast: A hydrologic hindcast was performed to investigate the model 

predictive performance in time-series volumetric flow and spatial soil moisture predictions 

without waiting for the GFS results in real-time. The meteorological data sets prepared for 

hindcast validation and calibration/corroboration were used to initialize a unique SWAT-VSA 

model run for each day in the hindcast period, recreating the live forecast procedure the model is 

intended to perform. Each unique model run was forced with 12 years of meteorological data, the 

last eight days of the run defined by the corresponding day and forecast level (i.e., 24 h, 48 h, 72 

h, etc.) from the meteorological data prepared for hindcasting. The remaining input was defined 

by the meteorological data prepared for calibration/corroboration, just as it would be in a live 

forecast. The last eight days of each SWAT-VSA volumetric flow time series output, 

representing the hydrologic forecasts, was saved and separated to eight unique time series by 

forecast level. Thus, time series for all eight hindcast days could be directly compared to 

measured volumetric flow at the watershed outlet. In total, 462 consecutive days of hindcast runs 

were performed for each forecast level, from May 27, 2013, to August 31, 2014.  

3.2.9 Distributed Forecast Output: The spatially distributed forecast was a binary 

classification procedure defining areas as saturated or unsaturated. During model initialization, a 

raster containing spatial references to each TI class in the SWAT-VSA model was created. The 

raster was then populated with binary hindcast model outputs from a single day in the spatial 

hindcast corroboration. To calculate the binary hindcast the HRU soil moisture level predicted by 

the model (in mm over the entire soil profile) was divided by the soil depth of the HRU to return 

the percent saturation metric. A threshold of 80% of the soil profile as saturated was used to 

define each HRU output as saturated (greater than or equal to 80%) or not saturated (less than 
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80%) (de Alwis et al., 2007). Final classifications mapped to TI class distribution were 

calculated through a majority-vote aggregation procedure, an ensemble of the spatial output of 

SWAT-VSA aggregated to the TI class distribution. Multiple HRUs correspond to each TI class 

in the distribution raster, thus to calculate the final saturation classification all HRUs 

corresponding to a unique TI class were polled and the majority vote (either saturated or not 

saturated) was adopted as the final label for that TI class. The resulting output was a 3 m 

resolution raster displaying a binary saturation classification for a single day spatial forecast. 

This process was repeated for two unique days, December 19 2015, and December 26 2015. Data 

defining saturated and unsaturated areas were collected on both of these days in various locations 

throughout the Shenandoah watershed for corroboration. Corresponding spatial model outputs 

were defined by calculating the ratio of raster cells labeled as saturated to total number of cells 

within each of these areas. This ratio was considered the predicted probability of the entire area 

to be saturated. Spatial data for a total of 49 sub field areas were collected over the two days, 24 

for December 19, and 25 for December 26, with 37 total saturated areas and 12 total unsaturated 

areas. A simplified flow of inputs and outputs in the SWAT-VSA framework is shown in Fig. 

3.3.  
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Figure 3.3. Simplified SWAT-VSA framework showing relationship between inputs and outputs  

3.3 Results  

3.3.1 Archived GFS Forecasts: The archived GFS forecasts were bias-corrected using station 

data in the watershed. The measured station data contain greater maximum values shown by the 

longer tails in Fig 3.4. The uncorrected GFS data increases almost linearly until the 0.9 CDF 

probability threshold, generally over-predicting precipitation and then, above 0.9 CDF 

probability, under-predicting precipitation (Fig. 3.4). The corrected GFS precipitation data more 

closely follow the station data shape, and captures more of the larger precipitation events, but fail 

to capture the largest events (>60 mm d-1-). In general, the uncorrected archived GFS forecasts 

have a lower probability of containing a precipitation value equal to or less than a single day 

value of about 8 mm, and a greater probability of containing a value equal to or less than a single 

day value of about 10 mm or more. In each forecast day, the maximum values are increased by 

the bias correction method, which extends the cumulative probability distribution curve towards 

the station data maximums. This suggests that the bias correction method was able to improve 
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the archived GFS forecasts in relation to the measured precipitation while still preserving the 

structure of the GFS data.  

 

Figure 3.4. Uncorrected and bias corrected precipitation data. Red lines are station data, green 

lines are uncorrected, raw archived GFS forecasts, and blue lines are bias corrected archived 

GFS forecasts 
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3.3.2 Model Calibration and Corroboration Results: The SWAT-VSA model was able to 

predict the watershed level discharge relatively well on a daily basis over the calibration period 

January 1, 2005 through December 31, 2010 (Fig. 3.5), with an NSE of 0.60 in accordance with 

the commonly cited ‘good performance’ categorization (Moriasi et al., 2007). The model tended 

to under-predict peak flows of this period, likely due to the CFSR meteorological forcings, which 

tend to under predict precipitation particularly from convective type storms. The model was 

corroborated from January 1 2012 - August 31 2014, and again showed adequate model 

predictive ability on a daily basis (NSE 0.50, Fig. 3.6). This corroboration period was chosen to 

include that of the GFS hindcast corroboration periods, allowing for a direct comparison between 

standard model performance and the model performance in forecast mode.  

 

Figure 3.5. Observed and predicted stream flow at the watershed outlet during the calibration 

period. 
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Figure 3.6. Observed and predicted stream flow at the watershed outlet during the corroboration 

period. 

3.3.3 Hydrologic Flow Hindcast Corroboration: The hindcast corroboration was 

performed by comparing the daily flow predicted by the hindcast procedure to the USGS flow 

measurements from the gage station. The test period corresponded to the maximum amount of 

bias corrected archived GFS forecast data available after processing. The final corroboration 

range was February 1 2014 to August 30 2014. Results of the forecast corroboration showed 

good flow predictions for forecast days 1-2, satisfactory for days 3-4 and unsatisfactory 

predictions for days 5-8. The corroboration results for all flow forecasts are summarized in the 

Table 3.3.  

Table 3.3. Predicted flow forecasts corroboration statistics. 

Flow Forecast NSE Pbias RSR 

1 Day 0.49 -10.2 0.71 
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2 Day  0.52 -6.9 0.69 

3 Day 0.42 -3.0 0.76 

4 Day  0.40 0.2 0.77 

5 Day  0.27 7.6 0.85 

6 Day  0.20 7.6 0.89 

7 Day  0.12 4.2 0.94 

8 Day  0.07 6.4 0.93 

*good forecasts are 0.50 or greater, 0.4-0.5 are satisfactory 

The hydrologic hindcast procedure predicted overall flow periods with NSEs nearly or 

greater than 0.5 for the 1 and 2 day forecasts (Fig. 3.7). The hydrographic hincast was able to 

capture the timing of most storm events for all forecast days, however, there was a tendency to 

under predict low flow values which is quantified in the Pbias metric. This tendency to under 

predict low flows is likely the result of the bias correction, as CDF mapping can cause changes in 

variability as well as mean in precipitation, and changes in flow estimates from the forecast 

framework would likely be more pronounced at low flows due to greater variation in weather 

parameters.  

The GFS hindcast flow predictions proved unsatisfactory for forecast days 5-8 (Fig. 3.8) 

with multi-day high flow events predicted poorly. This was due to the precipitation hindcast data 

under predicting multiple rainfall events within one or two weeks of each other, especially in the 

late spring when convective thunder storms contribute to high runoff variability. The abrupt 

reduction in accuracy in the weather hindcast data shows the GFS is not able to effectively 

capture high precipitation variability beyond a 96-hr period. It is also worth mentioning that non 

24-hr time step aggregates of the hindcast data could possibly provide satisfactory flow forecasts. 
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This ‘drop-off’ in NSE after the 48-hr forecast could be misleading as there are multiple sub-

daily forecasts in-between the 24 and 120-hr data sets that could yield satisfactory results. In 

addition, the NSE metric weights good predictions of extreme values higher than good 

predictions of low values and since the hydrologic predictions beyond 96 hrs could not predict 

high flows very well, their accuracy was much lower as quantified by the NSE metric. The 

hindcast overall shows an increase in extremes: many low flows are under predicted, and many 

high flows are over predicted. This is likely due the difference in variance in the archived GFS 

forecast and CFSR precipitation sets. GFS tends to contain a more volatile prediction of 

precipitation, and the hydrologic model response is influenced by this difference. Each 

hydrologic prediction is dependent on all previous forecasts from each model run, i.e., each 72 hr 

forecast is dependent on the previous 24 and 48 hr forecasts. In this way, the hindcast procedure 

shows error propagation through the predictions which causes increased volatility through the 

hydrologic hindcast sets.  
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Figure 3.7. Flow estimates for forecast days 1 - 4 from the GFS hindcast forced model. 
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Figure 3.8. Flow Estimates for forecast days 5-8 from the GFS hindcast forced model. 

3.3.4 Distributed Hydrologic Predictions: A summary of the distributed model predictions 

of soil moisture classification is shown in Fig. 3.9. These predictions were selected to correspond 

to field measurements made in the watershed on December 19, and December 26 2015. The soil 

moisture prediction is a binary classification 3 m resolution raster, and the boundaries are from 

data collected in the field and define areas mapped as fully saturated or unsaturated. Figure 3.9 

presents the predicted soil moisture classifications and a selected number of measured saturated 

area boundaries. The probability that each of these areas is saturated is assumed equal to the ratio 

of raster cells classified by the model as saturated to total classifications contained in each 

measured boundary. In these example cases, all areas were predicted as saturated using a 50% 

probability threshold.  
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Figure 3.9. Example model output soil moisture classification forecast and measured saturated 

areas. 

 To assess the model’s ability to predict distributed soil saturation, a receiver operating 

characteristic (ROC) curve was constructed with the predicted saturation probabilities of all areas 

and their measured classifications (Fig. 3.10). In all, 24 areas for December 19 and 25 areas for 

December 26 are included with 37 total saturated areas and 12 total unsaturated areas. The ROC 

curve shows the relationship between the true positive and false positive rate (TPR/FPR) for 

different classification thresholds and compares the model’s ability to predict a binary 

classification compared to random selection. The ROC curve shows a distinctive bow towards 

the top left corner of Fig. 3.10, indicating the model performs well in comparison to random 

selection (represented by the diagonal). The classification ratio at a 50% probability with equal 

importance given to false positives and false negatives is indicated by the dashed lines and 
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highlights a TPR/FPR ratio of 0.88/0.25. The area under the ROC curve (AUC) is a common 

metric used to quantify the ROC analysis into one number. An AUC of 0.5 is interpreted as the 

model is equally good at predicting a binary outcome as would be a random selection, and a 

model with an AUC of 1 predicts all model outcomes correctly. The model’s AUC from the 

ROC curve in Fig. 3.10 is 0.86, indicating good performance in spatial soil moisture prediction.  

 

Figure 3.10. SWAT-VSA coupled with GFS hindcast performance. sDashed lines show an 

optimum threshold selection along a pareto-optimal front.  

 Using the 50% probability threshold, all predictions for the defined areas could be 

compared to measured data. Figure 3.11 below summarizes the results. Of the 49 areas 

measured, two were incorrectly classified as saturated when they were unsaturated (false 

positives) and seven were incorrectly classified as unsaturated when they were saturated (false 

negatives). Thirty true positives (areas correctly classified as saturated) and 10 true negatives 
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(areas correctly classified as unsaturated) were predicted. In Fig. 3.11 the “spinning top” shape 

distribution is due to majority of probabilities between 0.5 and 0.7, and a group of probabilities 

around 1.0. The group of high predictions around 1.0 is due to instances where all saturation 

classification raster cells contained within an area boundary are correctly labeled as saturated. 

Since the model derives the probabilities from this spatial relationship predicted probabilities of 

1.0 are possible.  

Figure 3.11. Saturated Area identification with 0.5 probability threshold. 

3.4 Discussion 

The development of the SWAT-VSA model coupled with the GFS identifies not only the 

locations of areas prone to saturation or runoff, but is also capable of predicting the probability 

of particular areas representing an aggregate of the spatial output to be saturated or unsaturated. 
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This information is critical to characterize field-specific saturation dynamics, which are helpful 

to formulate landscape management strategies. The daily updated probability maps provide 

scientifically grounded means for planners and producers to increase efforts that focus on the 

day-to-day protection of areas with high transport potential.  

The model performed well spatially, providing single day probability saturated area 

forecasts (0.86 AUC), and it was able to forecast stream flow up to 96 hrs in advance with 

reasonable accuracy. A primary reason for lower performance on stream flow forecasts after 96 

hrs was a volatile time series, under predicting low flow events, and over predicting high flow 

events. Interestingly, and based on the probability distributions of the archived forecasts, the 

meteorological forcings do not likely fully explain this volatility. The flow forecasts become 

increasingly unstable through the hindcast days, in part due to error resulting from the multiple 

model initializations. For instance, the 8-day hydrologic hindcast includes data from 8 different 

SWAT-VSA model initializations run over different time periods with the same calibration 

parameters. The error from these different model initializations propagates through the forecasts, 

limiting the satisfactory forecast of the framework to 96 hrs. Even with this limitation, the 

SWAT-VSA GFS coupling performed well in predicting the classification of saturated areas. 

The spatial classification method is a clear way to communicate the risk of agricultural 

managements applied to particular areas.  

Agricultural field management operations could benefit from using the SWAT-VSA 

outputs to identify HSAs. The saturation classification raster overlaid on aerial or satellite 

imagery would help identify HSAs several days in advance. A producer could then employ this 

framework to avoid areas in the field where a high future probability of saturation is predicted, or 

the producer could elect to move the operations to other fields where probabilities are lower. 



67 

 

This could inform agricultural practices in a way that more simplified watershed models that rely 

on seasonal or annual load estimates fall short. A web-based forecast framework that displays the 

relevant forecast model outputs could provide the necessary information to drive field level 

management. The weather forecast data processing described here can be applied to real-time 

GFS forecasts, allowing distributed hydrologic outputs to be used in accessible forecasts 

designed as decision making tools for land managers and watershed stakeholders  

 

3.5 Conclusions: Distributed hydrologic models like SWAT-VSA can be used to provide 

surface hydrology forecasts at a daily time scale. In this study, a framework consisting of the 

SWAT-VSA model and the CFSR and GFS gridded weather models was developed to provide 

daily volumetric flow forecasts and distributed saturation probability predictions for the South 

Fork of the Shenandoah watershed in north-central Virginia. A unique data set of archived GFS 

weather forecasts was used to perform a hindcast corroboration of the model predictions. The 

archived GFS forecast data set was preprocessed in a manner repeatable with real-time weather 

forecasts from the GFS model. The hindcast procedure provided satisfactory volumetric flow 

forecasts at the watershed outlet up to 96 hrs into the future, with NSEs 0.400-0.500 for daily 

model runs for a seven-month period.  

The ability of the SWAT-VSA model to provide distributed hydrologic outputs based on 

TI/landuse defined HRUs allows the forecast system to make distributed hydrology forecasts in 

addition to hydrologic flow predictions. Distributed forecasts could be used to inform operational 

management practices in real-time on agricultural land to help protect surface runoff from 

pollution, especially practices like spreading manure without soil incorporation. Modifications in 
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practices influenced by these forecasts could reduce the impact of current agricultural practices 

on surface water quality. As agricultural producers continue to adopt new technologies and to 

use precision agriculture tools, short-term hydrologic forecasts can assist in the effort to better 

manage agricultural land and reduce NPS pollution. 
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4.0 Abstract 

Non-point source (NPS) pollution from agricultural activity is a major source of surface 

water quality impairment in the Chesapeake Bay region, and demonstrates widely varying spatial 

and temporal pollution potential. Many efforts to protect waterways in this region are based on 

seasonal and annual estimates of pollutant loss potential (e.g., NRCS 590 nutrient management 

standard, P-Index) that may not adequately address the underlying hydrologic processes driving 

NPS pollution. One barrier to adopting practices that address these variable source areas (VSAs) 

of NPS pollution is a lack of tools that are designed to transfer information at sufficient spatial 

and temporal resolution so that end-users can make informed decisions. This study introduces a 

web-based interface displaying distributed hydrologic forecasts using free and open source 

software. The forecast system consists of three primary components; 1) a hydrology model that 

predicts the size, location and timing of VSAs as short-term distributed forecasts; 2) a data 

structure component that is capable of re-structuring large, high-resolution rasters for web 

display, and; 3) a user interface, that employs adaptive map viewing technology to create a web 

page that allows users to dynamically interact with the data. This system provides easily 

accessible, real-time risk forecast maps designed to help users avoid high-risk areas when 

planning agricultural practices.  
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 4.1 Introduction 

Non-point source (NPS) pollution from agricultural lands is a major source of impairment 

to surface waters in the United States (Shortle et al., 2012). Various government agencies have 

introduced standards and tools (e.g., NRCS 590 Standard, P-Index) in an effort reduce NPS 

pollution; however, these standards and tools have mixed success in reducing NPS pollution 

(Puckett, 1995). While there are many causes for this, one major limitation is a lack of success in 

communicating information pertinent to planning land management activities in a manner, which 

can both reduce NPS pollution and increase agricultural management flexibility (Easton et al., 

2017). For tools, such as the P-Index which are annual and developed at a field level resolution, 

the spatial and temporal scales used to identify areas at a high risk of contributing to NPS 

pollution often fail to provide information at sufficient spatial and temporal resolution to 

consistently allow targeted landscape management (Easton et al., 2008; Marjerison et al. 2011; 

Dahlke et al., 2012), and effectively communicating the results remains a challenge (Easton et 

al., 2017).  

 As an example, the P Index is widely used to direct manure and fertilizer management 

but may fail to account for short-duration high-risk periods, such as manure application to 

saturated areas, so called variable source areas (VSAs). Effectively communicating when and 

where VSAs form could be used to further optimize agricultural nutrient management operations 

(Hanrahan et al., 2004; Smith et al., 2007; Vadas et al., 2011). While the capability exists to 

model VSAs, the results are not immediately available to users or in a format conducive to 

decision making. Agricultural producers (end users) need a model to run and update in real-time 

with necessary spatial and temporal resolution imagery to provide insight into the nature of near-

future conditions on the ground. In the surface hydrology modeling and land management 
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communities there is a gap between the predictive ability of the modeling systems and how that 

information is delivered to end users (Jones et al., 2016).  

Real time decision support systems (DSS) are an effective approach used to disseminate 

information by leveraging internet connected devices to directly deliver relevant information to 

end users (Bharati and Chaudhury, 2004; Durmuşoğlu and Barczak, 2011; Power and Phillips-

Wren, 2011). In order to provide VSA forecasts to a large audience of end users and tools to 

interested scientist developing solutions to similar problems, this study introduces a DSS that 

provides real-time and spatially-detailed, short-term forecasts in a web-based interface built on 

free and open source software (FOSS). The DSS includes an interface and data management 

structure component designed to disseminate high-resolution spatial forecasts in an effort to 

bridge the gap between modeling capabilities and application to land management decisions 

made by end users. The method described here can display any georeferened raster model output 

at very fine resolutions as an interactive map. Although DSS platforms with similar goals have 

been introduced (e.g., predicting streamflow or reservoir status (Choi et al; 2005; Dutta et al., 

2012; Abaza et al., 2014; Tsai et al., 2014) and software tools have been designed to 

communicate geospatial information including real time data and forecasts from earth systems 

models (Kulawiak et al., 2010; Swain et al., 2015; Snow et al, 2016; Tayyebi et al., 2016) we 

describe a system that is tailor-made for the particular problem of rapid refresh, high resolution, 

scalable extent native forecast products. We postulate that a web based interface built entirely 

with open source software can meet the end user requirements of the target audience while being 

flexible and scalable enough to provide scientists working on similar problems a method to 

communicate real time, spatially detailed model results to land managers and decision makers.  
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4.2 Methods 

4.2.1 Design Requirements 

This system is intended to be used by agricultural producers, conservation personnel, or 

agricultural extension personnel to better plan potentially polluting farm activities, such as 

manure or fertilizer application prior to a precipitation event or on saturated soils (VSAs). The 

ability to identify when and where these VSAs form allows the potential to still apply fertilizers 

and manures to specific areas of a landscape that are less prone to soil saturation and runoff 

generation. A producer using the DSS could reschedule the time or location of an application 

based the near future forecast to a day or area where less of the field is saturated, thus avoiding 

water quality degradation. In order to effectively inform this type of decision making, both the 

spatial and temporal resolution of the forecasts must be adequate. Users of this system need to 

make sub-field level decisions on a day-to-day basis, thus, outputs of the system need to be “sub-

field-scale” spatial resolution and update sub-daily to allow flexibility in timing. A number of 

studies aimed at describing watershed processes mention a raster cell size between 2.5 and 25 m 

as sub-field-scale or high resolution, with more recent studies tending towards 10 m or less 

(Cambardella et al; 1994; Jetten et al., 1999; Famiglietti, et al., 2008; Chaney, et al., 2015). 

Review of these studies leads us to set the spatial requirement of our system to the current 

interpretation of sub-field scale at 10 m or higher resolution. The temporal resolution is more 

straight forward; as day-to-day management decisions require at minimum daily updated 

information. Ideally, the system would be updated sub-daily as weather forecasts are released by 

the National Weather Service (NWS), providing the user with the most current information 

possible. Thus, we set our temporal resolution requirements to sub-daily. Remaining user 
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requirements are focused on usability and accessibility. We propose a system that anyone can 

access with an internet connected device. We define usability as full functionality, i.e., all 

designed utilities of the interface work on a wide variety of devices and  that user experience is 

positive. The Google PageSpeed1 Insights evaluation tool was used to evaluate the interface for 

implementation, speed, and usability. PageSpeed Insights evaluates a web page for both desktop 

and mobile performance and provides scores ranging from 0 to 100, along with some reasoning 

for mobile speed, mobile user experience, and desktop speed (About PageSpeed Insights, 2015). 

The interface scores are summarized in Table 4.1.  

The design of the system was driven by the need for data structures and display 

technology to be easily modified by other scientists or developers trying to communicate similar 

types of model results. In order to be accessible to researchers all over the world, including areas 

that may have trouble obtaining licensed software due to prohibitive costs or distribution 

limitations, the DSS was developed on free and open source software. In summary, we propose a 

system with two sets of design requirements, one set meets criteria designed to plan agricultural 

management practices based on modeled forecasts, and another set that allows researchers with 

similar challenges a free, and open source method to communicate model outputs with similar 

spatial and temporal resolution needs. Table 4.1 summaries the design requirements for the 

system.   

Table 4.1: Design Requirements of the DSS. 

End-User Requirements Spatial Resolution  10 m or higher 

                                                 

1 https://developers.google.com/speed/pagespeed/insights/ 
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  Temporal Resolution sub-daily 

  Accessibility  pc and mobile internet connected devices 

  Usability  80 point score on Page Speed Insights  

Research Requirements License  open source 

  Cost free 

  Applicability world wide 

 Flexibility Able to display a wide range of rasters 

 

4.2.2 System Components 

The DSS is composed of three major components (Fig. 4.1); 1) the model, which 

acquires, preprocesses the necessary hydrologic forcings, runs the watershed model, and outputs 

spatially distributed VSA forecasts; 2) a data management structure component which converts 

high resolution rasters into overlay web map tiles, and the user interface hosting, which publishes 

both the overlay tiles, and; 3) the user interface component, a web page that allows the user to 

interact with the processed output (Fig. 4.1). The first two components of the system must be 

automated, as forecasts are updated regularly (four times per day in this case). The final 

component, the interface hosting, only needs to be put in place once. Locations of the tile 

overlays do not change, but rather the files that populate the tiles with data are updated with each 

model run, so the server always looks in the same place for the forecast information. The base 

map does not need to be updated regularly, as it is a worldwide map sourced from satellite 

imagery, and serves to show users what spatial extent the overlay forecast tiles refer to. This 

allows the system to seamlessly host the overlay tiles even while they are being updated.  
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Figure 4.1. Overview of the DSS including the weather forecast (GFS-MOS), the model (SWAT-

VSA GFS linkage) component, the data structure component, and the user interface.  

 

4.2.3 SWAT-VSA Model Component 

The model component, which produces the forecasts must satisfy the resolution 

requirements of the system in its forecast outputs. The model framework and development is 

described in Sommerlot et al. (2016a). Briefly the model framework links a VSA watershed 

model (SWAT-VSA) with the National Oceanic and Atmospheric Association (NOAA)’s Global 

Forecast System-Model Output Statistics (GFS-MOS) forecast, and sufficiently meets these 

standards. SWAT-VSA is a modification of the Soil and Water Assessment Tool (SWAT), 

which has been widely applied in surface water modeling applications in various climates and 
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regions. SWAT is a process-based, semi-distributed watershed model, developed by the US 

Department of Agriculture-Agricultural Research Service (USAD-ARS) to estimate the effects 

of agricultural landuse and management on water quantity and quality (Gassman et al., 2007; 

Arnold et al., 1998, 2012). Inputs required by the model include weather, soil, land cover, and 

land management data to simulate surface and subsurface hydrology and various chemical and 

sediment fluxes. Elevation data, spatial and tabular landuse, and spatial and tabular soil attributes 

are required for model initialization. SWAT lumps unique combinations of soil type, landuse, 

and if required, slope into hydrologic response units (HRUs) during the initialization process. 

Although the HRU formulation reduces computational requirements of the model, it often fails to 

correctly predict VSAs, which are common in humid temperate climates. In SWAT, unique HRU 

classifications may define multiple locations in the watershed that all have identical properties 

and normalized outputs. However, runoff from HRUs in watersheds dominated by VSA 

hydrology may vary based on topographic position. In this case, the SWAT model may 

oversimplify the hydrologic response of the watershed and, as a result may fail to account for 

critical runoff source areas (Easton et al., 2008; Douglas-Mankin et al., 2010; Marjerison et al., 

2011; Tuppad et al., 2011; Collick et al., 2014; Gassman et al., 2014). In order to more 

effectively account for VSAs Easton et al. (2008) introduced the SWAT-VSA model, replacing 

the soil HRU layer with a Topographic Wetness Index (TI) / soil hybrid layer (Fuka et al., 2017). 

In SWAT-VSA the TI quantifies the saturation potential of areas within a watershed and ranges 

from low to high (1 to n), 1 being least likely and n being most likely to saturate (Easton et al., 

2008). Spatial parameters and model outputs are therefore dependent on TI distribution 

throughout the watershed. Runoff and soil moisture are calculated from each HRU based on a 

modification of the Curve Number equation to define runoff through saturation, rather than 
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infiltration excess processes (Easton et al., 2008, 2010, 2011; Collick et al., 2014; Fuka et al., 

2017).  

Input data used in SWAT-VSA / GFS linkage consists of both dynamic and static data. 

The spatial data required for the initialization of the hydrology prediction model are all static 

inputs (soil, landuse, and elevation data). SWAT-VSA is forced with dynamic meteorological 

forecasts to produce a 24-96 hr distributed hydrologic forecast described in Sommerlot et al. 

(2016a). The DSS downloads and parses meteorological data from the GFS-MOS forecast 

dataset every six hrs. The GFS-MOS time series is obtained from an automatic implementation 

of the SWATmodel (Fuka et al., 2014) and getMet (Sommerlot et al., 2016b) R packages. The 

SWAT-VSA model is then re-initialized with the dynamic meteorological inputs for each model 

run to produce predictions for each model forecast day.  

4.2.4 Data Structure Component 

The output of the above process is a 3 x 3m resolution raster of soil moisture forecasts, 

which, in this application is multiple GB in size (see proof of concept application section, 

below), and is too large to be conveniently used directly as an overlay in an online mapping 

interface. In an effort to meet the design requirements, we employed the Open Street Map 

(OSM) Slippy Map structure (Slippy Map, 2016). This solution was chosen as it provides a 

means to display overlay rasters at the field-scale and higher resolutions with no specialized 

software other than common web browsers. The web map tiles are many 256x256 pixels files 

that together make up a large, high-resolution map at various zoom levels. Slippy Map works as 

an Asynchronous JavaScript and XML (AJAX) component, which dynamically requests map 
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tiles from a server without reloading the entire web page (Slippy Map, 2016). The number of 

tiles necessary to represent a geographic extent depends on the maximum zoom level rendered: 

𝑛𝑡 =  2𝑚𝑧 ∗ 2𝑚𝑧                                                                                       (4.1) 

where 𝑛𝑡 is the total number of tiles and 𝑚𝑧 is the maximum zoom. For most applications, 𝑚𝑧 is 

equal to 18 (Slippy Map, 2016). Therefore, to fully represent a worldwide map in a Slippy Map 

framework, 68,719,476,736 tiles are necessary. If the tile rendering takes too long, increasing 

hardware capabilities of the server or tile-rendering on-demand are options to reduce 

computation requirements to the desired time, but come at a cost of reduced end user 

performance (Quinn et al., 2010; Slippy Map, 2016). To create these map tiles with necessary 

names and file locations, a Python implementation of GDAL2Tiles (Fig. 4.2) capable of running 

in parallel creates a layered structure of map tiles that represents a georeferenced image at 

various zoom levels as a group of small, individually transferable images (GDAL2Tiles, 2015). 

Tiles are created from a georeferenced image by separating the image into a file tree of named 

map tiles in a particular structure. At each zoom level, the latitude and longitude of the top left 

corner of the tile is converted to a z-x-y naming and file-storing scheme (Fig. 4.2). The tiles are 

named and stored following Eqs. 4.3 and 4.4 (Slippy Map Tilenames, 2015): 

𝑥 =  [
𝑙𝑜𝑛+180

360
] ∗  2𝑧              (4.2) 

where 𝑥 is the resulting piece of the z-x-y naming scheme necessary for the OSM 

implementation of Slippy Maps, lon is the longitude (degrees) of the top left corner of the tile to 

be created, and z is the zoom level, which is also the z of the naming scheme. The y naming 

scheme follow Eq 4: 
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𝑦 =  [(1 − 
ln(tan(𝑙𝑎𝑡∗

𝜋

180
)+ 

1

cos(𝑙𝑎𝑡∗
𝜋

180
)
)

𝜋
) ∗  2𝑧−1]                 (4.3) 

where 𝑦 is defined as the y component of the z-x-y naming scheme, 𝑙𝑎𝑡 is the latitude (degrees) 

of the top left corner of the tile to be created, and 𝑧 is the zoom level the tile will be created at, 

which is also equal to the z component of the z-x-y naming scheme. Starting with the base file 

location, the z component defines a folder containing corresponding x folders which contain the 

actual map tile files named with the y component in portable network graphics (.PNG) format. 

All tiles at every necessary zoom level are made and structured in this way. The resulting file 

tree of tiles was stored on a beta server, which also hosted the user interface of the DSS. The 

overlay map in this structure can be queried by the user interface over regular HTTP. This 

process is readily automated, which is crucial to communicating outputs that must be updated 

often. In the case of our study area, the process of creating map tiles must be repeated four times 

daily in order to represent the most up-to-date information from the GFS-MOS.  
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Figure 4.2. Conversion of raster file to map tile data structure via gdal2tiles.py showing a 

representation of increasing zoom levels. Maps in this data structure can be dynamically 

requested by the user interface.  

4.2.5 User Interface 

The public-facing portion of the web-based DSS is the user interface. The interface was 

built using the free Mapbox, JavaScript (JS)-based Application Programming Interface (API), 

Hyper Text Markup Language (HTML), and Cascading Style Sheets (CSS), bundled into an 

application with Flask, a light-weight web development platform implemented in Python 

(Ronacher, 2015). The HTML-CSS-JS combination is standard for building web applications, 

and Flask was chosen for its simplicity, as no communication between the user interface and a 

database is necessary. A critical component of the user interface is loading the base map. The 

base map, which is a world-wide hybrid transportation and satellite map is hosted by MapBox, 
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provides users with a high-quality spatial reference for the forecast overlays, updated regularly as 

the base map is improved. The base map is necessary for users to frame the forecast outputs in a 

usable way, without it, interpreting what the forecast represents on the ground would be very 

difficult. Other maps can be used as base maps, and it is worth noting that the MapBox hybrid 

map employed here is free to use only up to a certain number of user requests per month, though 

there are many fully free options which can replace this map with minor code edits. Researchers 

employing this method could create a custom base map and host it on their own server, again 

integrating it with minor edits. The DSS interface includes an address search box, legend, zoom 

bar, basic map manipulation controls, selectable forecast day, and a transparency slider for the 

overlay tiles. All functionalities of the user interface were designed to be simple and to translate 

well across devices.  

The web based DSS (available at: http://zachary.bse.vt.edu/beta) was deployed on a 

server running the CENT-OS distribution of Linux. Under this deployment, the interface is 

capable of updating the distributed soil saturation forecast within the 6-hr intervals between the 

releases of new GFS-MOS forecasts. The elapsed time between the first step of triggering the 

meteorological forecast download to a complete map-tile update is roughly 4-hrs, even with the 

rather humble computational capabilities (8 core, 4 GHz Intel processor, and 32 GB ram) of the 

beta server. The full run time depends directly on the hardware capabilities of the machine on 

which the system is deployed and could be reduced with a more powerful processor, greater ram, 

or, most importantly for speed in this case, a larger number of logical processors available for 

parallel computing. The use of parallel computing in generating map tiles is very important to 

obtain a reasonable run time. Generating map tiles is the computational bottleneck of this 

framework, but provides the user with fast-loading overlay views of large raster data over a 

http://zachary.bse.vt.edu/beta)
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standard HTTP internet connection. Other options exist, such as tile caching, but come at the 

expense of rendering speed to the end user, and when the server system is capable, using full tile 

generation ensures the highest performance (Qinn et al., 2010). 

4.2.6 Proof of Concept Application 

As a proof of concept, the model component was deployed in the South Fork of the 

Shenandoah River watershed (HUC 02070005) in the Shenandoah Valley of Virginia (Fig. 4.3). 

The outlet was defined at the location of the USGS gaging station 01628500. The watershed’s 

2600 km2 area is forest (50%), agricultural land (38%), urban land (11%), and water (1%) 

(Homer et al., 2015). Silt loams and silty clay loams dominate the soil distribution and elevation 

ranges from 310 m to 1336 meters with slopes up to 60% (Fig. 4.3). The climate is classified as 

humid continental and yearly average rainfall in the watershed is 1057 mm (Mohamoud, 2004). 

This location was chosen as a proof of concept test bed based on the success of the short-term 

hydrologic forecast framework recently tested here (Sommerlot et al., 2016a). Geomorphic 

features in the watershed are typical of the Appalachian Mountain region and result in spatially 

and temporally discrete runoff generation mechanisms (Sommerlot et al., 2016a). Saturation 

excess runoff generation from soils with shallow restrictive layers at lower landscape positions 

(e.g., VSAs) accounts for the majority of surface runoff. Surface runoff from upslope soils is 

comparatively infrequent and of lower volume. 
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Figure 4.3. Study Area: South Fork of the Shenandoah river watershed in north central Virginia. 

4.2.7 Model Setup and Calibration  

In order to deploy the forecast component, the SWAT-VSA framework had to be set up 

and calibrated. Setup and calibration procedures are described in Sommerlot et al. (2016a). 

SWAT-VSA was initialized with distributed soil properties defined from the United Nations 

Food and Agriculture Organization (FAO) world wide database (IUSS, 2007), and spatially 

downscaled following the methods of Moore et al. (1993), Saxton and Rawls (2006), and Fuka et 

al. (2017). Landuse data was obtained from the National Land Cover Database (NLCD), which is 

available for the continental United States at 30 m resolution (Homer et al., 2015). The National 

Elevation Dataset provided the topography at varying resolutions, and the Digital Elevation 

Model (DEM) used was a combination of the highest resolution available for the area, combining 

3 m and 10 m DEMs resampled to 3 m full coverage of the study area. 
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Meteorological and hydrologic time series data were also needed for calibration and 

corroboration of the SWAT-VSA model. Historic meteorological data, used to calibrate the 

model, included Climate Forecast System Reanalysis (CFSR) model data and observed weather 

data from the Global Historical Climate Network (GHCN) weather stations. The CFSR model 

was chosen as it has global coverage and contains all necessary meteorological parameters 

without missing data at a daily time step to force the watershed model: precipitation (mm), 

minimum and maximum temperature (deg C), percent relative humidity, wind speed (m/s), and 

solar radiation (MJ/m^2) (Fuka et al., 2013). Rainfall data sourced from the National Centers for 

Environmental Information Climate Data Online tool from five GHCN stations (UCS00448941, 

USC00442208, USC00448062, USC0044322 and USC00445096) were used to bias-correct the 

CFSR data, as bias was found in CFSR precipitation over the watershed area. Bias correction of 

CFSR precipitation was performed by modifying functions from the QMAP R Package using 

methods suggested by Gudmundsson et al. (2012) and Looper and Vieux (2012). The bias 

correction was applied by separating each precipitation data set into unique months, and creating 

a Cumulative Distribution Function (CDF) for each month. Next, a CDF mapping procedure was 

applied following Girvetz et al. (2013). Bias corrected CFSR data were verified to suitably map 

to the GHCN data by employing the Equiratio Cumulative Distribution Function matching 

method (Wang et al., 2010).  

The resulting model was found to satisfactorily forecast the streamflow response and 

distributed runoff risk in the watershed during a hindcast test designed to reproduce actual past 

forecasts for evaluation and a 24-96 hr forecasts of streamflow estimates and binary spatial 

forecasts of saturated or unsaturated classifications with an accuracy of 86 percent when 

compared with measured data (Moriasi et al., 2007; Sommerlot et al., 2016a).  
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4.3 Results 

The output raster in this application with the spatial extent of the study area, (roughly 

2600 km2 in web Mercator projection, and at a max zoom of 18) required the server to generate 

350,266 new tiles four times per day for each forecast (24, 48 h etc.). With the output at this size, 

the system hardware was able to recreate the tile set within the time between every update to the 

distributed hydrology forecast raster while meeting our temporal resolution requirement. With 

the zoom at 18, each square pixel of a tile represents an area roughly 0.6 m across, which is  

capable of recreating the 3 x 3 m SWAT-VSA forecast output, more than fulfilling our spatial 

resolution requirement. Thus, both the forecast component and data structure component were 

able to meet the end-user requirements for spatial and temporal resolution.  

As the interface is a simple web page it can be accessed by any device with a web 

browser. The user interface employing the MapBox API to display the map performed 

satisfactorily with 381 lines of JS, HTML, and CSS code needed to produce the output. Although 

full functionality was realized on the popular browser Chrome and Firefox, Internet Explorer was 

not able to properly render the maps consistently across versions due to limitations with the 

MapBox API. PageSpeed Insights provided estimations of the user interface performance (Table 

4.2). The desktop platform performed better than the mobile in the speed category by 24 points, 

receiving a score of 82, while receiving a score of 68 in the mobile category. The reason for this 

score, and for speed reductions in the desktop category were both the need for external 

JavaScript Resources. User experience received a mobile friendly score, and the user experience 

for the desktop platform is not provided by PageSpeed Insights.  

Table 4.2. Google PageSpeed Insights Summary. 
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 Platform Speed User Experience  

High Score 

Component  

Low Score 

Component  

 

Desktop 82 N/A 

Reduced Server 

Response Time 

External JavaScript 

Resource  

 

Mobile  68 Mobile Friendly  Simple Design 

External JavaScript 

Resource  

  

 Since all the software used was free and open source, and available to download the first 

two of our research design requirements, license and cost, were met. The third requirement, 

worldwide applicability is met with the caveat that each new area has a single time automated 

installation pre-process. This pre-process allows a different model output raster in a different 

area of the world to be easily displayed with the same data structure and user interface 

components described with only minor edits to the code by redefining the size, location, and 

resolution of the new model output. A range of raster types can be preprocessed according to 

specification in the gdal2tiles documentation (Gdal2tiles, 2015). The base map, which is a hybrid 

satellite and transportation label map, is already worldwide, thus, all that is needed is the new 

overlay raster in the correct size and location to change the display of the interface. The legend 

can be edited easily by anyone with basic knowledge of HTML and JS. A screen shot of the 

interface is shown in Figure 4.44, in which the DSS is predicting saturated areas during a 

precipitation event 48-hrs from the current conditions. As a further example of the DSS display, 

Figure 4.5 shows a large saturated area becoming less and less saturated over the 4-day forecast 

period. These results illustrate a case where land management operations, such as the surface 
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application of manure could be spatially and temporally adjusted around the short-term existence 

of a VSA.  

 

Figure 4.4. DSS showing a 48-hr distributed soil saturation forecast over farm fields a few miles  

 

west of Harrisonburg, Virginia. The shapes of flow paths and VSAs can be seen. Top left 

includes zoom controls and a transparency slider for the forecast overlay, bottom left includes an 

address search box and semi-transparent scale that adjusts with zoom level, bottom right contains 

the legend and citations, and located at the top right is the forecast hr selector which changes the 

overlay display according to the selection.  
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Figure 4.5. DSS showing a diminishing soil saturation forecast for 24 (a), 48 (b), 72 (c), and 96 

(d) over farm fields west of Harrisonburg, Virginia. At the center of each screen shot, a large, 

concentrated area of soil saturation can be seen. Over the forecasts the extent of the area 

decreases, indicative of a forecasted precipitation then drying period. This illustrates the 

capability of the DSS to provide daily, sub-field resolution forecasts that communicate the 

variable nature of NPS pollution in the study area region.  

Figure 5a highlights the sub-field-scale prediction abilities, showing a saturated area in a 

field (center blue shaded portion) following a 50 mm precipitation event. The DSS forecasts that 

the area will decrease in size over the next few days, but persist compared to surrounding areas. 
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If these forecasts were used to plan a surface manure spreading operation on the surrounding 

fields, assuming the operation must be completed in the 24 to 48-hr period, the field containing 

this persistent saturated area could be avoided and the application moved to adjacent, less 

saturated areas. Another option that the DSS presents is to modify the timing of the operation; a 

producer using the DSS might decide to wait a few days to apply manure and then the entire 

region in Fig. 4.5(d) is much lower risk. It is envisioned that this DSS can provide a measure of 

risk avoidance, particularly for agricultural producers who land apply manure with the simple 

communication format of a forecast labeling areas as saturated or not saturated.  

4.4 Discussion 

The DSS performed well in meeting the design requirements and was capable of 

communicating SWAT-VSA forecasts up to four days in advance at 3 x 3m resolution updated 

multiple times per day. One notable limitation of this system is the computational power required 

to render map tiles. Although rendering tiles regularly for entire overlay maps process makes the 

interface fast and light weight for the user, it does require at least a multi core server which will 

be routinely busy with tile creation. However, this paper demonstrates that reasonable 

performance can be had through the use of an entry-level server, and that data structure 

component can run in parallel, and thus is scalable to deployments with more powerful hardware. 

This result improves upon similar systems, such as SmartScape, an ecological decision making 

tool built with the GoogleMaps API displaying 30 m resolution rasters, who’s designers list the 

static nature of displayed model results as a major limitation (Tayyebi et al., 2016).  

Through the responsive Mapbox API, the interface was accessible on both pc and mobile devices 

with a number of common browsers, with the notable exception of Internet Explorer. Although 
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Internet Explorer is a common browser, the only version that will be supported by early 2017 

holds, as of November 2016, an estimated 12% of the market share compared with Chrome’s 

54%, thus it was not considered a fatal flaw (Net Market Share, 2016). In addition, new versions 

of Windows OS are phasing out Internet Explorer in favor of a new browser, Edge, which 

presumably will be able to provide the requisite functionality.  

The PageSpeed Insights scores (68/100 for mobile and 82/100 for desktop) and mobile 

friendly designation from were primarily due to the simple web page design, as most of the 

difficult programming and computationally expensive processes are encountered when 

developing the map tiles, leaving the final interface with simple requirements for viewing, 

translating well across different hardware and software platforms. In both the pc and mobile 

categories, the same major cause of speed bottlenecks was the requirement of an external 

JavaScript script, in this case the MapBox JS API. This may reduce the speed of mobile 

platforms more as they are generally running with slower internet or data connections. This 

could be addressed by storing the MapBox JS API on the server, rather than sourcing it from 

MapBox servers and rewriting some of the JS code in the user interface, though that would 

complicate future development and application efforts. To evaluate the DSS comparatively, 

similar systems reviewed in Easton et al., (2017) designed to display large scale spatial data were 

tested with the PageSpeed Tool (Table 4.3). The DSS was one of less than half of the tools that 

were categorized as mobile friendly. The DSS was out-performed in only one category by the 

Missouri Design Storm maps, which does not display high resolution rasters. It received the 

highest score for Desktop speed and exceeded the average speed of the other tools by 12 points 

in the mobile category and 24 points in the desktop category. A major reason many of these tools 

received low speed scores was non-optimized images on the page, and most of the tools were 
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designated as not mobile friendly due to the presence of small text and interaction points on the 

web pages. The DSS described in this study stands out due to simple design, allowing for higher 

cross device rendering speed while retaining the ability to display rapid update, high resolution 

outputs. Overall, the PageSpeed analysis was intended to provide a simple and semi-formal 

means to quantify the usability of the interface, point out areas of improvement in the prototype 

version, compare the interface with other tools, and to prepare for a higher volume of server 

requests. 

Table 4.3 Comparative PageSpeed Scores 

  PageSpeed Score     

DSS Name Mobile Desktop 

Mobile 

Friendly URL 

Fusarium Head Blight 

Risk 59 31 No http://www.wheatscab.psu.edu/ 

Climate Normals 

North East 61 75 No 

http://www.nrcc.cornell.edu/regional/

climatenorms/climatenorms.html 

Climate Patterns 

Viewer 36 34 No https://mygeohub.org/groups/u2u/cpv 

CornSplit Nitrogen 

Application 36 34 No 

https://mygeohub.org/groups/u2u/spli

tn 

Wisconsin Manure 

Runoff Risk 55 75 No 

http://www.manureadvisorysystem.w

i.gov/app/runoffrisk 
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* The DSS described in this study 

It is also worth noting that the VSA model in this deployment is capable of outputting a 

number of distributed forecasts that could be used in a similar way as  soil moisture is used in 

this study. Any output that SWAT-VSA creates in the spatial output file can be easily mapped to 

the user interface, including runoff, precipitation, evapotranspiration, nitrogen, phosphorus, and 

loading to the river, percolation, and biomass and plant growth estimations such as crop yields. 

Although the data structure and interface components can be used to communicate any high 

resolution geo-referenced raster output, researchers in agricultural sciences could use the same 

SWAT-VSA modeling framework towards different goals, as the outputs are readily available.  

Overall, the system presented in this paper met the design requirements. More work is 

needed however, to increase the speed of the user interface when accessed with mobile devices. 

Although the interface, which is designed generally to be accessed by a wide range of devices 

may be difficult to optimize, it has the advantage of being usable and accessible right away upon 

deployment with very little ongoing maintenance required. For some researchers, this may be of 

great importance, as more complicated web systems which require in-house database 

management or the purchase cloud server accounts may be out of reach for prototyping projects. 

The focus of the system described in this paper is not to provide a platform or a system that 

Missouri's Design 

Storm Maps 76 59 Yes 

http://ag3.agebb.missouri.edu/design

_storm/ 

Manure Spreading 

Advisory 61 77 Yes 

https://maps.whatcomcd.org/whatco

m_msa 

Soil Moisture 

Forecast* 68 82 Yes http://zachary.bse.vt.edu/beta 
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allows users to edit data through communication with a database, but rather to communicate high 

resolution model output at sub-daily timescales in a simple way. In doing so, it remains simple 

enough for researchers to deploy with minimal continuing management.  

4.5 Conclusions  

 This study introduces a web based DSS framework capable of providing large, high 

resolution rasters representing distributed soil saturation forecasts. The data structure and user 

interface components are capable of reproducing model outputs at the high spatial and temporal 

resolutions required by end-users. The data structure component employed for displaying the 

overlay maps is scalable and applicable worldwide limited by hardware capabilities. The 

interface successfully demonstrated the delivery of large, distributed VSA model outputs as an 

interactive overlay in a simple web-map application that can be used by many people with an 

internet or data connected device. Most of the design requirements were met, with minimal 

maintenance work required to confirm cross-device functionally and speed. The accessibility to 

users, and the flexibility for developers make this framework a useful and powerful tool in 

supplying important distributed hydrologic forecasts to land managers and decision makers. This 

work will strengthen the tools available of informing short-term management decisions, 

ultimately reducing NPS pollution in VSA dominated watersheds.  
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5.0 Abstract  

Great strides have recently been made in machine learning; however, gaps still exist in our 

ability to interpret and fully exploit results of this technique. This study attempts to harness the 

advantages of both stochastic and process based modeling, providing a method capable of 

consistently estimating sub-daily, high resolution (3 m) soil moisture forecasts. A deep learning 

(DL) model is trained using geomorphic data, climate data, and results from a process based 

model. The DL model resulted in a 9% increase in predictive power compared to the process 

based model and a ten-fold decrease in run time. Additionally, DL interpretation methods 

applicable beyond this study are described including hidden layer visualization and equation 

extractions describing a quantifiable amount of variance in hidden layer values, providing a 

means to interpret processes learned by the DL model, and an area under the curve (AUC) metric 

of 0.9 when predicting on corroboration data. A DL model was successfully trained to make soil 

moisture predictions superior to a process based model. Additionally, some indications exist that 

the model learned relationships which behave similar to known hydrologic process.  
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5.1 Introduction 

 Hydrologic models are often classified into two groups: stochastic or data driven models, 

which are based on mathematic or statistical data representations, such as regression or neural 

networks, and process-based models, which represent the physical process occurring, such as 

rainfall-runoff responses or channel flow (Daniel et al., 2011). Processed-based models are 

routinely used in agricultural science and water resources fields (Daniel et al., 2011). An 

emerging application of these models in water resources is rapid update, spatial forecasts of 

distributed hydrologic parameters, such as soil moisture levels or runoff response (Easton et al., 

2017). For these applications, various spatial discretization schemes exist, broadly falling into 

fully distributed, semi-distributed, and lumped categories (Daniel et al., 2011). Although benefits 

and costs exist with each method, the computational efficiency and scientific appeal due to the 

widely applicable characterization schemes of semi-distributed models have led to research and 

applications of these methods to predict distributed hydrology (Easton et al., 2008; Dalhke et al., 

2011; Easton et al., 2017).  
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 The basic structure of Neural Networks (NN), appearing in literature as Artificial Neural 

Networks (ANN), Multi-Layer Perceptions (MLP), and Deep Learning (DL), have been 

previously used in hydrology (Hsu, et al., 1995; Dawson and Wilby, 1998; Sajikumar and 

Thandaveswara, 1999; Abrahart and See, 2000; Luk et al., 2000; Dawson and Wilby 2001; Nagy 

et al., 2002; Rajurkar et al., 2004; Chen et al., 2012; Valipour et al., 2013; Yuan and Jia, 2016). 

“Deep learning” does not yet have a consensus-supported definition; however Schmidhuber 

(2015) suggests DL can be defined as a NN structure with three or more hidden layers. 

Applications of NN include reservoir inflow forecasting (Bai et al., 2016), rainfall-runoff 

response modeling (Wilby et al., 2003), groundwater dynamics (Nayak et al., 2006), soil 

moisture estimation (Jiang et al., 2004) and forecasting extreme events (Coulibaly et al., 2001). 

Although these methods show promise, DL models are used less often than process-based 

models to drive decisions in water resource management (Fatichi et al., 2016). An often-cited 

reason is that hydrologic models for water resource management must include attempts to 

describe physical processes not dependent on input data in order to create a “virtual laboratory” 

where scenarios can be assessed and processes understood (Fatichi et al., 2016). Though long-

term scenario modeling is important for water resource management, there has been a recent 

interest in real-time and short-term forecasting and modeling as components of decision support 

systems (DSS) designed for water resource management (Easton et al., 2017). In these types of 

applications, it more important to provide accurate forecasts than to have the ability to model 

scenarios or fully understand the underlying processes. These short-term forecasting applications 

present an opportunity to benefit from the predictive power of DL. Ideally, in addition to 

providing high performance estimations, DL could be used to develop new rules and equations 

that describe physical processes (Jain et al., 2004). Deep Learning has a proven track record of 
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high performance in a variety of fields, and with recent improvements in computation and 

software structure, these methods are being widely adopted to solve difficult and complex 

problems (LeCun et al., 2015). Additional improvements in DL platforms have made 

implementation, training, and in-depth exploration of the final model relatively straightforward 

for researchers and practitioners (Candel et al., 2016; LeCun et al., 2015; Daniel et al., 2011).    

This study demonstrates an implementation of DL designed for enterprise-like 

applications in providing rapid update, high resolution soil moisture forecasts. A data driven DL 

model is trained with an input dataset containing parameters that relate to hydrologic processes. 

The input dataset required to train the DL model is built by applying scientific principles of 

hydrology in a preprocessing step, guided by what is known and assumed about hydrology in the 

region of application. In this way, decades of scientific knowledge and study are used to create 

an input dataset which provides a physical context built with known processes for training the 

DL model. Based on this input data and the dependent variable (soil moisture), the DL model is 

then free to learn while optimizing a loss function during the training process. The DL model 

learns both major driving relationships that may be similar to process-based models, and 

additional intricacies represented by data driven relationships. Additionally, the DL model can be 

trained on higher discretization resolution where initialization of the process based model fails or 

becomes too cumbersome for calibration or rapid-update implementation.  

5.2 Methods  

5.2.1 Overview 

The DL model was developed by creating a multivariate dataset with each row 

representing data describing a unique combination of static geomorphic variables for each unique 
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area in the study domain (Table 5.1). Additionally, a binary dependent variable consisting of soil 

moisture status (saturated and unsaturated) was produced for each row of static inputs over a 

range of dynamic meteorological conditions. The soil moisture estimates, over a range of wet 

and dry days in 2016, for the training dataset were made by a process based model (SWAT-VSA, 

Sommerlot et al., 2016) which has been extensively evaluated against measured soil moisture 

levels. The main difference between the input variables for the process based model and the DL 

model in this study was the input set built here had roughly a 50 times higher spatial resolution. 

This setup conceivably provided an opportunity for the DL model to learn processes and 

intricacies that the process based model could not capture.  

5.2.2 Study Area 

The South Fork of the Shenandoah (SFS) watershed (the training area) hydrologic unit 

code (HUC) 02070005 is located in the Shenandoah Valley in the state of Virginia, United States 

(US). Maximum and minimum elevation in the watershed are 1057 m and 310 m, respectively 

(Fig. 5.1). Soils are primarily silty clay loams and silt loams, and the watershed is covered 

primarily by forest (50%) with 38% agricultural land, 11% urban, and 1% of the 2600 km2area 

covered by water (Homer et al., 2015). Annual average rainfall is 1057 mm, and climate is 

defined as humid continental (Mahomoud, 2004). This location was chosen as a proof of concept 

test bed based on the success of the short-term hydrologic forecast framework recently tested 

here (Sommerlot et al., 2016a). Geomorphic features in the watershed are typical of the 

Appalachian Mountain region and result in spatially and temporally discrete runoff generation 

mechanisms (Sommerlot et al., 2016). Saturation excess runoff generation from soils with 

shallow restrictive layers at lower landscape positions (e.g., VSAs) accounts for the majority of 
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surface runoff. Surface runoff from upslope soils is comparatively infrequent and of lower 

volume. 

 

 

Figure 5.1. Location of the study area from Sommerlot et al. (2016) showing watershed elevation 

and relative location. 
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5.2.3 Process Based Model Description 

Sommerlot et al. (2016) developed a coupling of live weather forecasts with a variant of the Soil 

and Water Assessment Tool (SWAT) model modified specifically for distributed simulations based on 

non-Hortonian, saturation-excess flow, known as variable source are (VSAs) hydrology (Easton et al., 

2008; Arnold et al., 2012). Sub-daily weather forecast from the Global Forecast System (GFS) (NCEP, 

2003) in the SFS river watershed were used to force short-term estimations of distributed soil moisture 

status with the SWAT-VSA model. The process-based model linkage was designed as a binary 

classification (saturated or not saturated) of daily, distributed soil moisture at 3 m resolution. The model 

predicted soil moisture states well, providing an area under curve (AUC) metric of 0.86 compared to 

observed areas (Sommerlot et al., 2016). The soil moisture classification data developed during the 

SWAT-VSA initialization procedure was used to develop the training data for the DL model, as the 

process based soil moisture forecasts were previously corroborated.  

5.2.4 Deep Learning Model Setup 

 The DL model developed in this study is a deep feed forward neural network; deep feed forward 

neural networks are composed of an input layer, hidden layers, and an output layer (Schmidhuber, 2015). 

Layers are made up of nodes called neurons that produce real-valued activations from a number of 

weighed connections to neurons from the previous layer (Schmidhuber, 2015). Input variables are feed 

into the network through the input neurons, with one neuron per variable. The signal from each neuron is 

fed into the neurons in the next layer with a unique weight parameter; neurons in the next layer calculate 

activations based on the weighted sum resulting from the addition of the signal from these connections as 

an input to an activation function (Schmidhuber, 2015). This process is repeated through all layers and 

nodes and a final computation is done to calculate the values for the dependent output layer 

(Schmidhuber, 2015). Training the DL model involves incrementally adjusting the weights assigned to 

each connection between nodes to optimize a loss function (Schmidhuber, 2015). The backpropagation 
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algorithm is a comparatively fast and efficient training algorithm and is currently very common among 

modern DL code libraries (LeCun et al., 2015) and is implemented in this study.  

For this study, the H2O platform (Candel et al., 2016) was selected for implementing the DL 

model due to the many built-in features available, its default ability to run in parallel, and its R interface. 

The DL model was setup with the goals of training a model using a dataset obtained from a calibrated, 

corroborated process-based model and geomorphic/climate data from the watershed and to provide an 

opportunity to interpret the final trained model to gain insight into hydrologic processes (Lipton, 2016). In 

an attempt to increase interpretability, the number of neurons in hidden layers were chosen to “tail-off” at 

the end of the feed forward structure, with five hidden layers containing, 64, 128, 32, 16, and 2 neurons, 

respectively. It is notable that this was not the best performing architecture tested, where models with a 

higher number of minimum neurons in hidden layers performed better, however the 16 and two-neuron 

hidden layer model was chosen to increase the interpretability by extracting the neuron values in the final 

layer with respect to the training dataset, allowing the development of a relationship between the hidden 

layer values, inputs, and outputs. Other important DL model settings included maxout selected as the 

activation function, a recently popularized modification of the common rectified linear activation 

(Schmidhuber, 2015; Candel et al., 2016), learning rate of 1e-6, an objective function set to maximize 

AUC, and neuron dropout (Candel et al., 2016) of 20% in the first three hidden layers, and 0% in the 

remaining two.  

5.2.5 DL Model Input Data  

  An input data set consisting of a number of independent variables and a dependent variable was 

constructed for training the DL model (Table 5.1). Independent variables included both dynamic 

(weather) and static (geomorphic) data similar to the structure described by Song et al. (2016). The static 

dataset was built from an aggregation of data created during the SWAT-VSA initialization process using 

ArcSWAT2012, TopoSWAT (available from http://ww2.bse.vt.edu/eastonlab/) and from geomorphic data 

http://www.sciencedirect.com/science/article/pii/S0893608014002135
http://ww2.bse.vt.edu/eastonlab/)
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from the SFS watershed. TopoSWAT links external databases including the United Nations Food and 

Agriculture Organization (FAO) soils database (IUSS, 2007), and local inputs in ArcMap to create model 

initialization data based on a topographic index linkage. Additional spatial inputs include landuse from 

the National Land Cover database (Homer et al., 2015), and a DEM created through a resampling of 3 m 

and 10 m resolution United States Geologic Survey (GHCN) National Elevation Datasets (NED). Data 

was prepared as if it would be used in a SWAT-VSA model, only considerations for database size, model 

run time, and success of SWAT-VSA initialization (all of which may present problems when building 

large input database tables) were not important. The model initialized by Sommerlot et al. (2016) was 

limited to 859 Hydrologic Response Units (HRU-spatial intersection of landuse, soil type and topographic 

index) due to computational limitations in ArcSWAT, while the data for the DL model was not limited in 

this manner and included 54,789 HRUs over the same study area. Database tables describing the HRUs, 

soil inputs, landcover, and topography were used to create a static input data set of independent variables 

considering each HRU a separate observation (Table 5.1).  

Additionally, a process which gathers dynamic inputs was designed to connect with the static 

inputs providing the final inputs (Table 5.1). Dynamic data was acquired from Weather Underground’s 

Application Programming Interface (API; https://www.wunderground.com/weather /api/), which has been 

used in a number of applications, including forecasting and real-time weather warning applications (Wang 

et al., 2006; Huang et al., 2008; David et al., 2013; Black and Stephen, 2014; Retchless et al., 2014; 

Samaranayake et al., 2014; Wong and Kerkez, 2016). This study uses both historical and forecast data 

from the API to create a dynamic input dataset consisting of current conditions, three days previous 

weather, and a 24 hr forecast. These inputs were queried from the API by latitude and longitude defined 

by each watershed subbasin centroid from the initialization discretization in Sommerlot et al. (2106), and 

applied to all the HRUs which were contained in each subbasin. All variables and date combinations were 
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treated as unique independent variables. Weather variables (Table 5.1) combined to create a dynamic 

input dataset consisting of 20 variables, five for each day queried.  

Table 5.1. Static and dynamic input data used in the Deep Learning model, source is in 

parenthesis.  

Variable Description (Source) Data Type 

Area of Hydrologic Response Unit (HRU) m2 (SWAT-VSA)* Continuous  

Mean Slope Steepness in HRU m m-1 (SWAT-VSA) Continuous  

Mean Slope Length m (SWAT-VSA) Continuous  

Mean Slope in HRU m m-1 (SWAT-VSA) Continuous  

Max Depth of Soil in HRU mm (SWAT-VSA) Continuous 

Soil Hydraulic Conductivity mm hr-1 (SWAT-VSA) Continuous  

Percent Soil Weight Particles < 0.002 mm (SWAT-VSA) Continuous  

Percent Soil Weight Particles between 2.0 and 0.05 mm (SWAT-VSA) Continuous  

Percent Soil Weight Particles between > 2.0 mm (SWAT-VSA) Continuous  

Available Water Content mm water / mm soil depth (SWAT-VSA) Continuous  

Soil Hydrologic Group (SWAT-VSA) Categorical  

Landuse Category (SWAT-VSA) Categorical  

Soil Aspect Flow Direction (SWAT-VSA) Categorical 

Low Resolution Soil Name (FAO) Categorical 

Topographic Index Class (SWAT-VSA) Categorical 

Cumulative Rainfall in (wunderground)1  Continuous  

dewpoint °F (wunderground)1 Continuous  

Windspeed m s-1 (wunderground)1 Continuous  
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Maximum Temperature °F (wunderground)1 Continuous  

Minimum Temperature °F (wunderground)1 Continuous  

*Shaded rows are dynamic inputs, unshaded are static 

1includes data from three previous days, current day, and the 24 h forecast 

In order to further refine the training data, and to ensure the dataset was representative of a 

variety of soil moisture conditions, a range of wet and dry days for the watershed were selected: March 

17, 2016, April 28, 2016, May 8 2016, June 5, 2016, August 9, 2016, September 16,  October 28, 2016, 

and November 27, 2016. After selecting the wet and dry days, the SWAT-VSA framework was run on 

each of these days, producing predictions of saturated or unsaturated conditions in the watershed at a 3 m 

resolution. Each output raster from this process was used in a spatial overlay operation to label the 54,768 

HRU raster designed for the DL model for each of the training days as saturated or unsaturated. Through 

the matching of HRU identifiers, the saturation labels of the resulting 54,768 HRU raster could be related 

to the selected independent variables in Table 5.1. The weather data (three history days, one current, and 

one forecast) were kept as separate variables, thus every row of the resulting table from this process 

represented a unique observation in time over a uniquely defined space and could then be combined in a 

single training dataset. In all, the training data totaled 46 (number of variables greater than Table 5.1 due 

to expansion of categorical variables) independent variables with 438,072 observations including labeled 

saturation classifications spanning a range of watershed moisture conditions.  

5.2.6 Training and Corroboration 

 The DL model was trained using the dataset described above through backpropagation, which is 

the included training algorithm in H20 (Candel et al., 2016). An AUC metric, commonly used in training 

DL models and other machine learning algorithms, was selected as a loss function (Candel et al., 2016). 

The input dataset was split into a training and corroboration set. The training set was used to adjust the 

weights of the DL model through backpropagation, and the corroboration set was held out and the loss 
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function evaluated during every training iteration and the final model. This holdout corroboration process 

provides an opportunity to observe how the model performs on data which it was not trained on, a process 

analogous to the calibration and corroboration process of a watershed model with time series data. In all, 

394,246 samples were used for training, about 90% of the input data, and 43,807 were used for 

corroboration, about 10%. Due to class imbalance, (there were far more unsaturated instances compared 

to saturated) the training dataset was balanced by using the built-in class balance option in H20, which 

increased the size of the effective training dataset by a factor of roughly two (Wei et al., 2013). 

Additionally, following the method described in Sommerlot et al. (2016), the DL model output was 

compared with observed data defining the extent of saturated areas in various locations of the SFS 

watershed. This process was completed for 25 separate saturated areas over one day, December 26, 2015; 

the data used by Sommerlot et al. (2016) in corroboration of their framework. In this way, a two-step 

corroboration was completed, one to provide evidence that the DL model compares well to a well-

behaved, process based model (SWAT-VSA) in the watershed and a second, to provide evidence that the 

DL model predicts the extent of observed saturated areas, the manner in which it would be used in a live 

application over a single day without class balancing.  

5.2.7 Deep Learning Interpretation 

 The DL model was subjected to a number of procedures after corroboration aimed at 

increasing the understanding of the learned processes by using a function in H2O which extracts 

the values of hidden layers in the DL model. Applying this function to the model and training 

data, the final hidden layer of the DL model consisting of only two neurons was used to explore 

how different inputs are related to the resulting probability of soil saturation estimates. Hidden 

layer number four, or the second to last hidden layer was also extracted to observe class 

separations. Due to having 16 neurons, a dimensionality reduction technique called t-tailed 
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stochastic nearest neighbor estimation (tSNE) was used to visualize the hidden layers to assist in 

interpreting the model (Maaten and Hinton, 2008; Mohamed et al., 2014). Furthermore, elastic 

net linear regression (Friedman et al., 2010) and non-linear regression were performed on the final 

hidden layer with the DL model saturated class probability outputs as dependent variables, and 

real valued inputs as independent variables. By using the elastic net linear regression to estimate 

values from a hidden layer neuron, and using the result as inputs to a second regression equation 

relating the final DL hidden layer to saturated class probabilities, an explanatory linkage 

equation was extracted and can be interpreted as a simple summary of the DL model. The 

linkage equation is composed of simple coefficients that correspond to real-valued inputs and 

outputs and can be interpreted with relative ease. The extracted equation was used on the 

corroboration dataset to evaluate its predictive capability. This equation can be used both as 

evidence for interpreting the processes learned by the DL model and for making explicit 

predictions on its own, given suitable performance on corroboration data. This is a key step in 

the data-driven modeling approach, as it attempts to extract a usable equation from a DL model, 

a task that has remained difficult for researchers and practitioners (Jain et al., 2004). Although 

the equation does not fully describe the DL model, it can describe a quantifiable amount of 

variance in parts of the hidden layers and be interpreted as a simple summary of the “knowledge” 

contained in the model after training over the input data.  

5.3 Results 

5.3.1 Accuracy Assessment  

The training procedure resulted in a satisfactory DL model reproducing the process based 

model results. After 700 learning iterations, the DL model had an AUC of 0.99 for the training 
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dataset and 0.98 for the corroboration dataset compared to the process based model. The 

calibration and corroboration results produced similar AUC results, indicating the model is 

capable of generalizing to unseen, new data (Fig. 5.2).  

 

Figure 5.2. Training (A) and corroboration (B) AUC curves. Both cures exhibit similar shapes 

and values, suggesting a model which may be effective in generalizing to new data. On both 

graphs, the y-axis is True Positive Rate (TPR), and the x-axis is False Positive Rate (FPR).  

The confusion matrix of the DL model shows high overall accuracy in both the training 

and corroboration sets (Table 5.2). The DL model performed slightly worse in estimating 

unsaturated classes (91-94% accurate) than saturated classes for both the training and 

corroborations sets (Table 5.2). Saturated areas were generally well predicted, with user’s 

accuracy of 96-98%, and a producer’s accuracy of 90-94%. Training and corroboration 

performance were similar, indicating a model which is able to generalize to new data.  

Table 5.2. Confusion matrices for the training and corroboration datasets, comparing the Deep 

Learning model to the process based model. 
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Training  Process Based Model 

Deep Learning Unsaturated Saturated Row Total Producers Accuracy 

Unsaturated 375220 14277 389497 96.1 

Saturated 22382 367115  389497 

 
94.0 

Column Total 397602 381392  Overall Accuracy 

Users Accuracy 94.3 96.2  95.2 

Corroboration  Process Based Model 

Deep Learning Unsaturated Saturated Row Total Producers Accuracy 

Unsaturated 21461 393 21854 98.1 

Saturated 2108 19746 22247 90.2 

Column Total 23569 20139 

 

Overall Accuracy 

Users Accuracy 91.1 98.0 

 
94.2 

 

Class probability distributions for the DL model compared to the process based model 

from the corroboration dataset are shown in Fig. 5.3 In both true positive and true negative cases, 

areas of high point density are seen near the top and bottom of the plot, indicating highly 

confident class separations. The DL model performed well when evaluated against observed 

saturated areas from Sommerlot et al. (2016), in which the fraction of the observed area that is 

classified as saturated by the model is interpreted as the probability that the whole area is 

saturated. Additionally, an observed saturated area that is covered by a 0.5 or greater fraction of 

predicted saturated labels is considered fully saturated. The results of this labeling process are 

shown in Fig. 5.4. All non-saturated areas were classified correctly, and four saturated areas were 
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classified incorrectly, there were no false positive predictions. Distribution shapes are shaded in 

light gray in the background, their widths corresponding to the frequency of the probability 

distribution in each data set. 

 

 

Figure 5.3. Deep Learning model output probability of saturated class compared with the process 

based model label for the corroboration dataset with 0 as unsaturated and 1 as saturated. The y-

axis is the output of the DL model, which are predicted probabilities of saturation, the x-axis is 

the labeled class, a binary variable. The classification threshold line is drawn at 0.5. FN=False 

Negative, FP=False Positive, TN=True Negative, TP=True Positive, 
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Figure 5.4. Class label distributions for the Deep Learning model compared to observed data 

following the process from Sommerlot et al. (2016). A 0 indicates an unsaturated area and a 1 a 

saturated area. The fraction of area that is saturated is interpreted as the probability that the 

whole area is saturated is represented on the y axis. The dashed line shows 0.5 probability 

threshold under which all points are predicted unsaturated and above which all points are 

predicted saturated.  
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5.4 Model Interpretation and Discussion  

 The DL model performed well, replicating the process based model with an overall 

accuracy of 98%. Thus, in an effort to better understand the processes represented in the DL 

model, several exploratory techniques were employed. First, incremental stages of the training 

process were observed and compared to the training labels from the process based model. The 

results of this process are shown in Fig. 5.5, which shows topography is a very important 

component for learning where saturated areas located, as even from an early learning epoch, 

major flow paths draining upland areas are visible. Beginning at 10 epochs, the DL model has 

identified major flow paths, but fails to make an effective differentiation between unsaturated 

and saturated classes, as is seen by the large saturated area predicted at the top of a high 

elevation area on the left side of Fig. 5.5. After 40 more epochs, an effective separation of 

classes is observed, but overall there are instances of over prediction, where some areas are more 

densely saturated than the process based model indicates. At 200 epochs, the shape and 

prevalence of flow paths are well defined, though the DL model still over predicts the density of 

these paths. Finally, at 700 epochs the shape, location, and density of the saturated areas are very 

similar to those predicted by the process based model. Overall, the DL model produces similar, 

but not identical results when compared with the process based training data, is roughly 50 times 

more spatially complex, and takes about several hundred epochs before behaving as if it 

understands the hydrology at a similar level as the process based model.  
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Figure 5.5. Saturation classifications from the Deep Learning model at various points in the 

training process. An epoch refers to a completed pass of a backpropagation iteration. The 

uppermost inset, shows the final calibrated/corroborated predictions from the Sommerlot et al 

(2016) process based model. 

Using the deep layer extraction function in H20, values from neurons in the hidden layers 

corresponding to input values can be extracted. Yosinski et al. (2015) used deep layer extraction 

to assist in interpreting deep convolutional neural networks and asserted that studying these 

interim values allows researchers and practitioners to gain insight into how the input space is 

being altered in the trained DL model, and possibly gain insight into model behavior. The 

extracted values of hidden layer four contained 16 neurons, and thus 16 dimensions after 

extraction, was reduced to two dimensions using tSNE (Mohamed et al., 2014). The resulting 

two-dimensional scatter plot (Fig. 5.6) was then labeled with saturation (Fig. 5.6A), landuse (Fig. 

5.6B), TI class (Fig. 5.6C), and forecast day precipitation (Fig. 5.6D) from the training dataset 

corresponding to each data point. The forecast day precipitation was classified into “0”, “LOW”, 

“MED”, “M-HIGH” (medium-high), and “HIGH” classes to assist in interpreting the plot. An 

example of clear class separation is the small cluster of data points labeled “saturated” at the top 

of Fig. 5.6A. In Fig. 5.6B mixture of landuses exist all across the scatter plot indicating no single 

landuse dominates this saturated/unsaturated class separation. Figure 5.6C shows a small, top-

most cluster of high TI class predictions, “08.” Additionally, other clusters of saturated cases in 

Fig, 5.6A correspond to a group of TI classes in Fig. 5.6C consisting primarily of “10,” “09,” 

“08,” and “07,” all high (or saturated) classes. In Fig. 5.6C the same points are labeled with 

“HIGH” to “MED” precipitation classes thus higher precipitation dominates where saturated 
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classes are clearly separate from the unsaturated classes. Finally, in Fig.  5.6D the DL model 

understands that different precipitation levels form clearly different groups. Overall, Fig. 5.6 

shows that landuses can be saturated or unsaturated (and do not really contribute to the model 

skill), that high TI classes are dominantly correlated to saturated cases compared to low TI 

classes, and that higher precipitation is correlated to saturation.  
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Figure 5.6: Interim training dataset values produced by extraction of values from the neurons of 

hidden layer four and tSNE dimensionality reduction to a 2D dataset. Both axes are unitless. A 

number of categorical variables provide the color scheme for each sub-figure and illustrate how 

the Deep Learning (DL) model is making discretization after learning from the training dataset. 

Precipitation is causing distinct groups to form in the DL model’s hidden layers (D), TI class is 

correlated to saturation in isolated clusters (C), landuse remains mixed as almost any can be 

saturated (B), and the saturation classifications are dispersed in a way qualitatively consistent 

with VSA hydrology assumptions (A). The DL model is exhibiting types of behaviors that would 

be expected in a process based model.  

Training dataset values from the two-neuron final layer (layer five) were extracted, 

plotted against the DL model output saturation probabilities, and labeled with the process based 

model saturated categories (Fig. 5.7). As expected, the points labeled with the saturated class 

cluster near the top and the unsaturated classes cluster near the bottom. Instances of error exist 

where a particular class has received a lower or higher probability than it should have based on 

its label, for example, some saturated labels are very near the 0 on the Y axis, and a number of 

unsaturated labels exist at relatively high values near 1 on the Y axis. Overall, many of the 

process based class labels are well represented by their corresponding DL model predicted 

probability. Additionally, clear shapes are exhibited by values from both neurons, with the head-

and-tail curves due to the softmax function used to calculate the output probabilities in the DL 

model (Candel et al., 2016).  
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Figure 5.7. Interim values from both final hidden layer nodes (separated left/right). They are both 

similar, suggesting the possibility that the full dimensions are well represented. The 

corresponding processed based labels color the points, and the Deep Learning (DL) model output 

probability is on the Y axis. Most instances of saturated examples are seen at higher DL model 

probabilities, and the opposite is true for unsaturated examples. Near the bottom, there is a flat 

line, representative of areas which almost never saturate.  

 Proceeding further into interpretative efforts, a simple mathematical linkage attempting to 

represent the DL model was constructed. The following considers a multiple linear regression fit 

to interim hidden layer values linked to a non-linear regression describing the relationship 

between hidden layer values and the DL model probability estimates would constitute an 

equation extraction, representing a simplification of the DL model. Interim values from the 

second neuron of hidden layer five (Fig. 5.7) appear to have the greatest correlation to the DL 

probability estimates and were chosen for the extraction. In binary classification, H2O uses a 

softmax function to map hidden layer values to class estimates in the output layer (Candel et al., 

2016). Given that softmax is a generalization of the logistic function, logistic growth was chosen 

as a function structure for the non-linear least squares regression relating DL saturation 

probability estimates to interim deep values from hidden layer five, neuron two: 

 𝑝𝑠𝑎𝑡 =  
1

1+ 𝛼 𝑒𝑘 𝐿5,2
                                                             Eq. 5.1 

In Eq. 5.1, 𝑝𝑠𝑎𝑡 is the probability of the saturated class label, with possible values ranging from 0 

to 1, and 𝐿5,2 represents the interim values from the final hidden layer (layer five) produced by 

neuron two with the training dataset. After fitting, 𝛼 and 𝑘, the regression parameters were found 
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to be 21.59 and 1.947, respectively. The line produced a fit with a 0.98 r-squared metric and 

normally distributed residuals.  

The glmnet R package was used to estimate variable 𝐿5,2 using an elastic net regression to 

from new data (Friedman et al., 2010). Real-valued inputs variables were used and automatically 

dropped with least absolute shrinkage and selection operator (LASSO), with the alpha parameter 

set at 0.5 (alpha ranges from 0, or ridge-like to 1, or LASSO-like), which is a balance between 

Ridge-like and LASSO-like parameter penalties (Friedman et al., 2010). Categorical variables 

were expanded into binary numerical variables and one class was left out as a base line, similar 

to logistic regression. The resulting elastic net linear regression produced an r-squared metric of 

0.82 and displayed normally distributed residuals. Taking the equation obtained from this 

regression, the 𝐿5,2 values can be estimated with coefficients (Table 5.3), and interpreted with a 

manner somewhat similar to the odds ratio of ordinary logistic regression: 

𝑂𝑅𝑣 =  𝑒−𝑘 𝐶𝑣                                                                                      Eq. 5.2 

In Eq. 5.2, 𝑘 is the regression parameter from Eq. 5.1 (1.947), 𝐶𝑣 is the coefficient in Table 5.3 

corresponding to variable 𝑣, and 𝑂𝑅𝑣 is the resulting ratio, similar to the odds ratio for variable 𝑣. 

In Table 5.3, all categorical coefficients are evaluated with respect to a base case, for landuse it 

was set to agriculture, and for TI class it was set to TI class 1. Precipitation odds ratios can be 

interpreted as increase in odds of saturation of an HRU per unit precipitation (in) it receives. 

Table 5.3 clearly shows that the forecast day precipitation is very important; the odds ratio 

corresponding to the antecedent day precipitation is still large, but much smaller than the forecast 

day. The landuse odds ratios are all less than one, meaning the odds of saturation decrease for 

every other landuse compared to agriculture, with hay and forest decreasing more than urban 
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landuses. TI class 10 increases the odds of saturation 366 compared to TI class 1, and the odds of 

saturation generally decrease with deciding TI class consistent with observations in the 

watershed (Sommerlot et al.,2016). These behaviors are sensible when considering the physical 

process that govern soil saturation, and they provide a meaningful interpretation through a 

simplification, which describes 82% of the variance of final hidden layer values of one neuron 

highly descriptive of the output probability.  

 

 

 

 

Table 5.3. Coefficients from elastic net regression relating real valued inputs to 𝐿5,2 and a metric 

analogous to an odds ratio. All categorical coefficients are evaluated with respect to a base case, 

for landuse it is agriculture, and for TI class it is TI class 1 

Variable Coefficient to Estimate 𝐿5,2 Odds Ratio for 𝑝𝑠𝑎𝑡  

Intercept 5.05 NA 

landuse Deciduous Forest 0.80 0.21 

landuse Evergreen Forest 0.77 0.22 

landuse Hay 0.90 0.17 

landuse Developed Low Density 0.59 0.31 

landuse Developed Medium Density 0.27 0.59 
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TI class 2 -0.48 2.57 

TI class 3 -0.25 1.65 

TI class 4 -0.51 2.71 

TI class 5 -0.42 2.27 

TI class 6 -0.34 1.95 

TI class 7 -1.31 12.96 

TI class 8 -1.63 24.12 

TI class 9 -2.22 76.13 

TI class 10 -3.03 366.56 

Forecast Day Precipitation (in) -5.29 30137.46 

Forecast - 1 Day Precipitation (in) -2.66 178.89 

 

To create a complete linkage, 𝐿5,2 from Eq. 5.1 is substituted with the regression equation 

defined by the coefficients in Table 5.3, yielding an equation for estimating the probability of 

saturation linked to real-valued inputs: 

𝑝𝑠𝑎𝑡 =  
1

1+ 𝛼 𝑒𝑘 ∑ 𝛽𝑖𝑉𝑖+𝐶 𝑛
𝑖=1

                                                                                     Eq. 5.3 

where 𝑝𝑠𝑎𝑡 is the estimated probability of saturation, 𝛼 is a regression parameter from Eq. 1 equal 

to 21.59, 𝑘 is a regression parameter from Eq. 5.1 equal to 1.947, 𝑛 is the number of variables in 

the elastic net regression (Table 5.3), 𝑖 refers to the ith parameter and coefficient (Table 5.3), 

which are defined by 𝛽𝑖 and 𝑉𝑖, respectively, and 𝐶 is the intercept from Table 5.3. This equation 

is similar to the logit function in logistic regression, and in this application, serves the same 

purpose, to map an input variable (𝐿5,2 ) to a 0-to-1 range representing the probability of a 
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positive (in this case saturated) class (Glas et al., 2003; Pepe et al., 2004). In order to test this 

relationship, the equation was used to predict the probability of saturation and compared with the 

DL model estimates from the corroboration dataset. Comparing the predicted probabilities from 

the equation with the corroboration dataset labels yielded an AUC of 0.97 (Fig. 5.8). This is a 

surprisingly good performance, given the simplicity of the series of equations compared to the 

DL model. For reference, an ordinary logistic regression performed on the training dataset with 

the same variables provides an AUC of 0.42 when used to predict saturation probabilities for the 

corroboration dataset. Equation 5.3 can be interpreted as a custom logistic regression in which 

some of the “knowledge” contained within the DL model from hierarchal information extraction 

in the deep layers is summarized in the coefficients (𝛽𝑖, 𝛼, and 𝑘) making it perform far better 

than a logistic regression alone.  

Important limitations of the equations include applications containing new data outside 

the range of the training data. It is very unlikely that the equations would produce satisfactory 

results, for example, on data from a watershed unlike the study area or where weather patterns 

are different. However, this study provides evidence that hidden layer summary equation 

extraction can perform well over a relatively large spatial area for estimating the probability of a 

saturated HRU and additionally, a means to explore the relationships learned by the DL model. It 

is possible the equation extraction process described here would be useful to explore estimations 

over larger areas with different variables, or to predict outputs from different DL 

implementations, such as regression models. The result would be a simple to use equation that 

relates real-valued inputs to a desired outcome, provides evidence for interpreting the DL model 

it represents, explains a known amount of the variance in values from DL model hidden layer 

neuron(s), and has quantifiable performance on new data. This equation extraction process could 
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potentially be used in any discipline where DL models are employed, to assist in interpretation 

and to create equations which may assist in scientific exploration.  

 

 

Figure 5.8. Area Under the receiver operating Curve (AUC) of the linkage equation on the 

corroboration dataset. The Y axis is True Positive Rate (TPF), and X axis is False Positive Rate 

(FPR). The AUC metric was 0.97, only 0.01 less than that of the Deep Learning model.  
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Conclusion 

 This study demonstrates training a DL model to reproduce calibrated and corroborated 

results from a process based model and provides acceptable predictions of saturated areas. The 

DL model can learn from the data and be used to explain underlying processes similar to a 

process based model. The DL model was able to extricate intricacies based on highly discretized 

input data and a learning process with high predictive power governed by comparatively few 

assumptions. The DL model provided satisfactory performance both predictively and 

functionally achieving a 9% increase in AUC score on observed saturated areas and a nearly 10-

fold decrease in run time when compared with the process based model. Building, training, and 

iterating with various model structures and settings is much improved in modern 

implementations of DL models, many of which are free and open source including the one used 

in this study. The DL model was not immune to common problems in machine learning and 

required regularization in order not to overfit to the training data. Inferences into the 

relationships within the DL model can be made through extracting interim values from neurons 

in hidden layers and plotting them in low dimensional space. Additionally, a series of equations 

was extracted with linear elastic net and non-linear regressions relating real-valued inputs to 

estimated probability of saturation. This series of equations performed well making prediction on 

corroboration data, with an AUC metric of 0.97, only 0.01 less than that of the DL model.  

Though process based models have been a cornerstone of hydrology for many years and 

will continue to serve in that capacity, recent improvements in modern machine learning, 

including new implementations of DL model architectures can demonstrate an impressive 

increase in functionality and predictive power when compared with process based models. 

Despite having a noticeable footprint in the literature, DL models have not been widely adopted 
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into routine hydrologic research due to a prevailing opinion that they are “black box.” The results 

in this study demonstrate that not only are DL models not entirely black box, but they provide a 

rich opportunity for interpreting relationships, a capability of learning processes similar to those 

observed in the physical world, and perhaps most importantly, they give researchers a tool with 

which to explore the unknown through the extraction of equations. As the depth, breadth, and 

sheer mass of data increase, it is of utmost importance for researchers and practitioners to keep 

an open mind to data driven modeling methodologies as we learn to apply them with ever-

improving effectiveness, solving problems which increase our knowledge of known processes 

and contribute to the exploration of relationships yet to be defined.  
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6.0 Abstract 

Long-term phosphorus (P) applications to agricultural soils in the Chesapeake Bay Watershed 

have resulted in many soils saturated with P. These P saturated soils are a major legacy source 

for P that are difficult to control. Most current control efforts have been aimed at reducing P 

input to the soils; however, these control efforts are exceedingly difficult to quantify, usually 

necessitating many years of high spatial and temporal frequency sampling, which unfortunately, 

does not exist in the Chesapeake Bay watershed. Furthermore, privacy issues (landowners not 

wanting to make sensitive information about their property known) surrounding data collection 

make interpreting soil test P at a scale necessary to drive management decision exceedingly 

difficult. This study presents a method to estimate annual soil P concentration histories for 13 

agricultural landuses across the entire Chesapeake Bay Watershed at the county level by 

developing a Bayesian inference model, incorporating two sources of soil P information, each 

with its own uncertainty; 1) a combinatory census of multiple soil P concentration data sets from 

multiple watershed sources, and 2) estimates from the Annual Phosphorus Loss Estimator 

(APLE), the NRCS approved soil P estimation method. These two sources were used to provide 

estimates of soil P concentrations over a 31-yr period and the associated uncertainty in those 

estimates. The final estimates in mg per kg covered all years and landuses ranging from ~6 to 

~975 with a median of ~84 and a mean of ~96. Uncertainty estimates of soil P concentrations 

were quantifiable via this framework, and tended to decline in areas of the watershed with 

greater sampling density, or a longer history of soil test P sampling. These results can be can be 

used by policymakers and land managers to prioritize landscape level soil test P sampling 

intensification and to drive management aimed at reducing or controlling P loss from critical P 
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source areas, or as input to the Chesapeake Bay Watershed model to quantify the potential P 

reductions from attenuation measures. 

 

 

6.1 Introduction 

Phosphorus (P) loss from agricultural lands is a major threat to surface water quality in the 

United States (Sharpley et al., 2015; Dubrovsk et al., 2010). This problem is especially acute in 

the Chesapeake Bay region in the Eastern United States, where high population densities and 

legacy effects all contribute to high levels of P in many soils of the region (USEPA, 2010). 

Excess P can trigger algal blooms in waterways causing fish kills, reduction in water quality and 

clarity, and ultimately harm local industries including fisheries and recreation, which are 

valuated at billions of dollars per year in the region (Phillips et al., 2016).  

Soil P concentrations in agricultural soils are a major legacy source for potentially 

polluting species of P, and monitoring and/or modeling this concentration provides important 

metrics for policy makers in designing efforts to keep excess P out of the Bay waters (Sharpley 

et al., 2015). Monitoring the soil P levels consistently and completely across the Bay has, and 

will continue to be a challenge, as multiple states and jurisdictions are included in the monitoring 

area, protection of land owner privacy is important, and obtaining data from many locations is 

dependent on voluntary participation (Bishop et al., 2005). Even though many soil P tests have 

been conducted over the years, no large scale, long term effort has been made to evaluate these 

data in a comprehensive manner at the spatial and temporal scales needed to better inform 
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management practices, and potentially estimate the future impact of current P control measures 

(Skown et al., 2017; Yen et al., 2016).  

This study presents a method to estimate annual soil P concentration histories, and the 

associated uncertainty in those estimates, for 13 agricultural landuses over a 31-yr period across 

the entire Chesapeake Bay watershed at the county level. Two sources of soil P information are 

used in this work: 1) a combinatory census of multiple soil P concentration data sets, and 2) 

estimates from the Annual Phosphorus Loss Estimator (APLE), the NRCS approved soil P 

estimation method was used to provide estimates of soil P concentrations.  

A hierarchal Bayesian framework was constructed in an effort to address the 

shortcomings of both soil test aggregation and APLE model estimates in describing the soil P 

concentrations. The Bayesian method was designed to incorporate the strengths of each of the 

data sets into annual estimate of soil P, account for uncertainties in these estimates, providing 

important assumptions and information leading to credible estimation intervals for each soil P 

estimate. Methods incorporating Bayesian methods in fusion of multiple sources of estimations 

have been successfully used to fill temporal gaps in data or correct for bias, and have the 

advantage of being flexible enough to use with varying quality and types of data in the same 

statistical process (Qu and Wang, 2012; Pierdicca et al., 2010).  

6.2 Methods 

6.2.1 Soil P Tests  

Soil tests P concentrations from six sources (Table 6.1) were aggregated through a four-step 

process: 1) each data point was converted from the base soil test P measurement method to 

Mehlich III soil P (Mehlich, 1984), 2) each data point was assigned an agricultural landuse (grain 
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with manure, legume hay, agronomic crops, other hay, pasture, specialty crop high, specialty 

crop low, small grains and grains, full season soy, silage with manure), 3) land segment locations 

within the watershed were assigned to each data point, and 4)  for each landuse/land segment 

combination data distribution shape and uncertainty level were quantified.  

Uncertainty was quantified on two levels: 1) by source, where data derived from the 

different providers in Table 6.1 were assigned uncertainties based on a combination of expert 

opinion, and the level of interannual variation between pairs of data points collected within the 

same field (recognizing that intra-field interannual variations in soil test P of more than 10% are 

exceedingly unlikely, (Sharpley et al., 2015), and 2) at the land segment/landuse combination 

level, where variance was added through scaling the uncertainty of individual data points based 

on their distance from the central tendency of the discretized set. The final aggregated dataset 

was a collection of normal distributions centered about each soil P data point with a standard 

deviation defined by the two-tier estimation of uncertainty, described above. The resulting 

dataset represents a large number of soil tests P concentrations converted to a common 

measurement unit and labeling scheme, covering a large spatial and temporal range, and a guide 

for interpreting these data based on an estimate of their uncertainty defined through distributions. 
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Table 6.1: Soil Test Data Sources 

SOURCE YEARS LOCATION UNITS TYPE 

AgriAnalysis* 2003 - 2014 

DE, MD, NY, 

PA, VA, WV  lbs P/ac by county & zip code 

Penn State 1 2001 - 2014 PA Mehlich III soil P (ppm) by county and by crop 

Virginia Tech1 2012 VA Mehlich III soil P (ppm) by county and by crop 

U Maryland 1* 1954 - 2002 MD Percent of samples in Mehlich I range by county 

U Maryland 2 1992 

DE, MD, NY, 

PA, VA, WV Mehlich III soil P (ppm)  by county 

U Delaware 1992 - 2015 DE P-FIV, Equal to 0.5 X Mehlich III lbs/ac by county  

*Required conversion to Mehlilch III      

 1 source includes landuse metadata  
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6.2.2 Mehlich III Conversions  

Separate conversion methods were used to convert base soil test P methods (Table 6.1) 

into in Mehlich III soil P. Mehlich III is a soil P quantification method and is cited as a standard 

metric for quantifying P concentrations in agricultural soils (Donohue, 1992). Soil test P sources 

that needed conversion were the AgriAnalysis test, the University of Maryland 1 test, the 

Virginia Tech test, and the University of Delaware test. Units of pounds (lbs) per acre (ac) were 

reported by AgriAnalysis and were converted to Mehlich III mg per kg using equation 6.1, 

approved by the state of Virginia (Virginia Soil and Water Conservation Board, 2014):  

 

𝑪𝒎𝟑 =  
𝟏

𝟐
∗  𝑴𝒎𝟑                                                                                                   Equation (6.1) 

 

where 𝑪𝒎𝟑 is the Mehlich III P concentration in the soil (ppm) and 𝑴𝒎𝟑 is the Mehlich III mass 

of P (lbs) per unit area, (ac) of soil. Although reported in Mehlich III , the Virginia Tech data 

contained documentation indicating the original values were collected in Mehlich I and 

converted to Mehlich III using one of two equations (Equation 6.2), depending on the value of 

Mehlich I being converted (Commonwealth of Virginia, 2005).  

 

𝑪𝒎𝟑 =  {  
 
(𝑪𝒎𝟏+𝟑.𝟐𝟔)

𝟎.𝟒𝟓𝟖
                        𝑪𝒎𝟏 <  𝟗𝟎. 𝟔𝟑

(𝑪𝒎𝟏+𝟏𝟎𝟑.𝟓)

𝟎.𝟗𝟒𝟓
                        𝑪𝒎𝟏 ≥  𝟗𝟎. 𝟔𝟑

                                          Equation (6.2) 

 

Equation 2 converts 𝑪𝒎𝟏, Mehlich I soil concentration (ppm) to 𝑪𝒎𝟑 , Mehlich III soil 

concentration (ppm). Data from University of Maryland 1 test were also converted from the 
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original reporting units to Mehlich III. These data were reported as percent of samples in three 

Mehlich III ranges, low, 0-25 ppm, medium 26-50 ppm, optimum, 51-100 ppm, and three 

separate excessive ranges, 101-150, 151-250, and greater than 250 ppm. Additionally, the data 

spanned a change in category convention in the source, and samples summarized from years 

earlier than 1998 were only categorized as high, medium, and low, qualitative labels without 

listed ranges. The low, medium, and first excessive range from the newer data in this set were 

used to define the values of the older test summaries. A weighted average (Equation 6.3) using 

the percent of samples and the center value of the defined ranges to assign a single value 

estimate for each summary of observations was employed:  

 

𝑪𝒎𝟑 =  (𝑷𝟏)𝑪𝒓𝟏 +  (𝑷𝟐)𝑪𝒓𝟐  + …  (𝑷𝒙)𝑪𝒓𝒙                                                 Equation (6.3) 

 

where 𝑪𝒎𝟑 is soil Mehlich III concentration (ppm), P represents reported percentage of soil tests 

the fell within their corresponding Mehlich III range 𝑪𝒓 (ppm) as defined above, and x is the total 

number of ranges in the reported, equal to six for reports from 1998 to 2002, and three for data 

from 1997 and older. Summing all P’s for a single calculation always equals 100%. Data in the 

University of Delaware set were reported in P-FIV, a fertility index value equal two times the 

Mehlich III P measurement in lbs per acre. Thus, the data were converted to Mehlich III ppm 

with Equations 6.4 and 6.5:  

𝑴𝒎𝟑 =  𝟐 𝑷𝑭𝑰𝑽                                                                                                     Equation (6.4) 

 

𝑪𝒎𝟑 = ∗  
𝟏

𝟐
𝑴𝒎𝟑                                                                                                         Equation (6.5) 
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where 𝑪𝒎𝟑 is the Mehich III soil P concentration (ppm), 𝑴𝒎𝟑 is the Mehlich III mass in lbs per 

ac, and 𝑃𝐹𝐼𝑉 is the soil test report value in University of Delaware P fertility index value units.  

6.2.3 Landuse Categorization 

The landuse associated with each data point was categorized based on crop types reported in the 

soil test P data sources and included agricultural classifications such as harvested grains, 

soybeans, vegetables, or grasses. In order to assign landuse categories, crop types were related to 

landuse labels. This was accomplished by translating landuse definitions adopted from the 

Chesapeake Bay Model’s definitions of crop type to landuse based on similarities between crop 

types (Figure 6.1). For example, in the adopted definitions, the crop type “Alfalfa Harvested 

Area” is defined as landuse “legume hay,” in the soil P test sets, this relationship was used to 

label crop types from the Penn State and Virginia Tech sources “Planting Alfalfa” and “Alfalfa, 

Alf-Grass – Estab” as landuse “legume hay.” The resulting categorizations are shown Tables 6.2 

and 6.3.  
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Figure 6.1: Illustration of decision process used to categorize crop types into landuses. 

 

Categorized in this way, data already containing crop type labels could be compared across 

landuses and data sources. However, since using this method required some subjective rules, 

statistical tests were developed to assess the efficacy of the labeling methodology. The Penn 

State University source included data in the state of Pennsylvania (PA), and the Virginia Tech 

source contained data for the state of Virginia (VA). A test was designed to leverage this source 

difference as a means to assess the landuse categorization process. Under the supposition that 

soil test P concentration data labeled with landuse categories reflecting reality would display 

significant differences between data from single landuse categories compared with unlabeled 

data, the concentration data were tested for significant differences. Distributions were non-

normal and contained different numbers of samples, thus the Mann-Whitney U test was chosen 
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to assess the differences between the data sets (Mann and Whitney, 1947). The Mann-Whitney U 

test is similar to the t-test, but is non-parametric and appropriate to use when the data do not 

meet the required normality assumptions (McKnight and Najab, 2010). Test of hypothesis 6.1 

was performed for the 10 landuses present in the PA and VA data sets after the labeling process, 

and the hypotheses were formulated as follows: 

 

Null Hypothesis 6.1 – Data sharing a common landuse label have the same distribution of soil 

test P as unlabeled data  

 

Alternate Hypothesis 6.1 – Data sharing a common landuse label do not have the same 

distribution of soil test P as unlabeled data  

 

Test of hypothesis 6.1 was performed separately for all landuses in both PA and VA, always 

comparing against the overall dataset as if the data were unlabeled. Test of hypothesis 6.2 was 

used to check for the presence of factors affecting the data that would make inter-state 

interpretation of the results unadvisable. Test of hypothesis 6.2 was performed for the 10 

landuses present in the PA and VA data sets after the labeling process, and the hypotheses for 

test 6.2 were formulated as follows: 

 

Null Hypothesis 6.2 – Data from VA and PA sharing a common landuse label have the same soil 

test P distribution 
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Alternate Hypothesis 6.2 – Data from VA and PA sharing a common landuse label do not have 

the same soil test P distribution 

6.2.4 Spatial Discretization 

Most of the soil test P data were reported at the county level excluding the AgriAnalysis 

data, which reported data by zip code. In order to maintain a consistent spatial extent among data 

sources the AgriAnalysis data were aggregated by mean to the county level by defining the zip 

code to Federal Information Processing Standard codes from the Untitled States Census, which 

correspond to counties (US Census, 2010). In order to obtain one value for each year in every 

landuse/county combination, data were averaged across source when there were overlapping 

values. Thus, each landuse county combination can have a combination of averages across 

sources and/or various data from single sources depending on overlap. This method aggregated 

soil test P from all sources into a single data set representing annual county average Mehlich III 

P concentrations for the 10 labeled landuses.  

6.2.5 Uncertainty Definitions and Distributions 

Uncertainties were defined at two levels, one through soil test P source, considering the 

reporting structures, goals of the data collection, and if/how the results were converted to 

Mehlich III values. These uncertainties were based on how much preprocessing the data from 

each source were subject to before being represented as real valued Mehlch III values. Data 

points were then assumed (assumption 6.2) to be the medians of normal distributions with a 

standard deviation defined by data source and state. From these general guidelines (Table 6.2), 

standard deviations were developed to represent reasonable variations following the guidelines 

discussed above for each distribution (Table 6.3).  
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Table 6.2: Uncertainty guidelines for each data source 

SOURCE 

TIME 

RANGE STATE 

RELATIVE 

UNCERTAINTY 

AgriAnalysis 2003 - 2014 DE, MD, NY, PA, VA, WV Medium 

Penn State University 2001 - 2014 PA Medium Low 

Virginia Tech 2012 VA Medium High 

University of Maryland 1 1954 - 2002 MD High 

University of Maryland 2 1992 DE, MD, NY, PA, VA, WV Medium to High 

University of Delaware 1992 - 2015 DE Medium  

 

 

Table 6.3: Standard deviations assigned by source and state 

SOURCE STATE 

STANDARD 

DEVIATION 

AgriAnalysis DE  25 

AgriAnalysis MD  25 

AgriAnalysis NY  25 

AgriAnalysis PA  25 

AgriAnalysis VA  25 

AgriAnalysis WV  25 

Penn State University PA  15 
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Virginia Tech VA  30 

University of Maryland 1 MD  50 

University of Maryland 2 DE  25 

University of Maryland 2 MD  40 

University of Maryland 2 NY  50 

University of Maryland 2 PA  15 

University of Maryland 2 VA  50 

University of Maryland 2 WV  20 

University of Delaware DE  20 

 

 

Assumption 6.1 – The true state of annual soil P concentration for a particular land 

segment/landuse combination exists within a normal distribution centered about the soil test P 

data point that exists for that year. 

 

Assumption 6.2 – The true state of annual soil P concentration for a particular land 

segment/landuse combination exists within a uniform distribution bounded by 0 and 2000 when 

no soil test data point exists for that year. 

 

From the first level of uncertainty, each individual data point received an uncertainty scaling 

factor based on the central tendency of the final discretization in which it was assigned. Thus, for 

every land segment/landuse combination, the first level uncertainties were scaled with equation 

6.6 to attenuate the influence of outliers. 
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𝝈𝒔𝒄𝒂𝒍𝒆𝒅𝟏 =  𝝈𝒖𝒏𝒔𝒄𝒂𝒍𝒆𝒅 (
𝟏.𝟎𝟏

𝟏
)

𝒂𝒃𝒔(𝒎𝒆𝒂𝒏(𝑺)−𝒔𝟏) 

                                                 Equation (6.6) 

 

Equation 6.6 is defined by the final, annual scaled standard deviation (𝝈𝒔𝒄𝒂𝒍𝒆𝒅𝟏), which is unique 

for each year, the original standard deviation from the level 1 definition (𝝈𝒖𝒏𝒔𝒄𝒂𝒍𝒆𝒅), which is not 

unique for each year, the set including all annual soil test values for a single landuse/land 

segment combination after the complete aggregation process (𝑺), and the single soil test P value 

corresponding to the final unique annual scaled standard deviation. In this way, uncertainties 

were adjusted based on the distributions of the individual land segment/landuse combination soil 

test P sets resulting from the aggregation process. The scaling factor, (
𝟏.𝟎𝟏

𝟏
) and equation shape 

were chosen empirically based on sensible reductions of the influence of outliers.  

Using the process described above and assumptions 6.1 and 6.2, a collection of distributions 

containing the true state of soil P concentrations over the entire time series for every land 

segment/landuse combination for the Chesapeake Bay were defined. Although this collection 

contains some uninformative distributions where there are missing data, it describes the 

probabilities of the soil test P values in a useful manner. When coupled with a quantification of 

the probability of inter-annual change in the state of the soil P concentrations, a new estimate can 

be produced that presents a reasonable combination of the strengths of the APLE model 

estimates and the aggregate data set attenuated by the defined uncertainties. Figures 6.2 and 6.3 

summarize the aggregation process converting a group of soil test P concentrations from 

different sources into a single set of distributions.  
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Figure 6.2: Summary of the overall process of combining evidence into soil P distributions.  

 

Figure 6.3: Summary of the aggregation process and conversion of soil test data sets into a 

complete set of distributions. 
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6.2.5 APLE Model Estimates 

The APLE model was used to provide soil P estimates for every landuse and county 

combination. APLE is a mass balance based model that provides annual P loss estimates from 

dissolved fertilizer P, dissolved manure P, and P loss from soil bound nutrients along with soil P 

concentration estimates (Vadas et al, 2009). Recent applications of this model include the 

evaluation of state P indices and farm-scale P loss estimations (Bolster, 2011; Nelson and 

Shober, 2012; Vadas et al., 2015). APLE estimates P soil storage with the following equation 

(Vadas et al., 2009):  

 

𝑷𝒔𝒐𝒊𝒍 =  ((𝟐𝟕 ∗ 𝑶𝑴𝒔𝒐𝒊𝒍)
 + (𝟎. 𝟎𝟔 ∗ 𝑳𝑷𝒔𝒐𝒊𝒍)

 )𝟐                                             Equation (6.7) 

 

where 𝐏𝐬𝐨𝐢𝐥 is the total P content of surface soil (mg per kg), 𝐎𝐌𝐬𝐨𝐢𝐥 is the organic matter content 

of the surface soil (g per kg), and 𝐋𝐏𝐬𝐨𝐢𝐥 is soil labile P content of the surface soil (mg per kg). 

Inputs to APLE include annual manure and fertilizer applications, rainfall and runoff data, soil 

properties, plant/crop nutrient uptake rates, and tillage and mixing coefficients (Vadas et al., 

2009). Input data were adopted from the Chesapeake Bay program’s scenario builder data 

archive (Chesapeake Bay Scenario Builder, 2016). These data were compiled during the 

Chesapeake Bay Program’s construction of the Phase 6 model in 2016 and represent a 

comprehensive summary of annual P applications differentiated by landuse and county over the 

31-year range, and are publically available (Chesapeake Bay Scenario Builder, 2016). At the 

county level, the total mass of manure is estimated based on assumptions of manure nutrient 

content and annual animal production separately for each animal type; P applications are then 



165 

 

spread out across landuses in the county based on information provided by the jurisdictions 

(Chesapeake Bay Program, 2016). Fertilizer P applications are estimated based on commercial 

fertilizer sales information from the Association of American Plant Food Control Officials 

(AAPFCO) (AAPFCO, 2012). Documentation including detailed descriptions of this input data 

set are available through the Chesapeake Bay Program (Chesapeake Bay Program, 2016).  

6.2.6 APLE Model Optimization  

An optimization procedure was performed to calibrate the APLE estimates with respect 

to the available soil test P data. Soil test P data were not available at every time step estimated by 

the APLE model, thus an aggregate calibration scheme was developed and implemented across 

all landuse/land segment combinations, totaling 3,068 separate optimization runs. APLE soil P 

concentration estimates were adjusted by modifying the initial soil Mehlich III value for each 

landuse/land segment combination based on the mean error defined by the difference between all 

existing soil test data points and their corresponding APLE estimates (Equation 6.8):  

 

𝑴𝑬 =  
∑ 𝒆𝒊− 𝒐𝒕𝒊

𝒏
𝒊 = 𝟏

𝒏
                                                                          Equation (6.8) 

where 𝐌𝐄 is the mean error of the APLE model for a single landuse/land segment combination 

(ppm), 𝐞𝐢 is the ith APLE annual soil P concentration estimate (ppm) corresponding to 𝒐i, the ith 

soil test value, numbered 1 through n, the length of the set of existing soil test values for the 

unique landuse land segment combination. During the calibration procedure, for each 

landuse/land segment combination, the initial Mehlich III value was set equal to the first existing 

soil test P value in the dataset. APLE was then run and 𝑴𝑬 calculated; thus, an APLE estimation 
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providing a positive 𝑴𝑬, or a general over estimation drove the initial Mehlich III value down, 

and vis-versa. For land segments where no soil test P data existed for a particular landuse, the 

initial Mehlich III value was set equal to the mean concentration of soil tests in the same growing 

region as the missing data. This process was iterated separately for each of the 3,068 spatial and 

landuse discretization’s until changes in 𝑴𝑬 approached zero.   

6.2.7 Bayesian Estimates 

The following assumptions were made about the datasets and used a guide development 

of the Bayesian estimates.  

 

Assumption 6.3 - The soil test P dataset provides an estimate for absolute values of annual soil P 

concentrations but does not provide meaningful information about the inter-annual variability of 

soil P.  

 

Assumption 6.4 - The APLE dataset provides estimates of the inter-annual change in the state of 

soil P concentrations, but does not provide meaningful information about the absolute value of 

annual soil P concentration.  

 

In accordance with the assumptions above, the soil test P data were chosen to inform prior 

distributions for years where these data existed, and the APLE data set was used as a change 

model to update the current state of the model through time. Each soil test P data point was 

assumed to represent the mean of a normal distribution of possible values for that year. Standard 

deviations were assigned to all data points as listed in Table 6.3. When no data existed for a year, 
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the prior distribution was assumed to be uniform between two possible values. For each land 

segment landuse combination the model was formulated as:  

  

𝒎𝒕 ~ { 
𝒏𝒐𝒓𝒎𝒂𝒍(𝒔𝒕 , 𝒆𝟏)           𝒔𝒕  ∈  𝑺 

𝒖𝒏𝒊𝒇𝒐𝒓𝒎(𝒂, 𝒃)            𝒔𝒕  ∉  𝑺 
                                              Equation (6.9) 

 

where 𝐦𝐭 is the estimate of the state of Mehlich III soil P level in year t, 𝐬𝐭 is the soil test P value 

in year t, 𝐒 is the full set of available annual soil test P data points for a particular land segment 

landuse subset, 𝐞𝟏 is the estimated standard deviation, quantifying the uncertainty in soil test P 

data, 𝐚 is the lower limit of possible Mehlich III soil P concentrations when no soil tests were 

available, and 𝐛 is the upper bound under the same condition. These bounds were set at 0 and 

1000 mg P kg-1, defining a wide range of possible Mehlich III values informed by extreme 

values found in the literature to avoid over confident estimations. The interannual change in the 

state of the soil P concentrations was defined by adding the change defined by APLE to the 

current state and applying a standard deviation to account for the uncertainty in the inter-annual 

variability defined by APLE. This value was chosen based on expert opinion and estimation of 

uncertainties in the inputs required to produce APLE estimates and was used in the absence of 

parameterized APLE inputs, designed to estimate the resulting uncertainty in the estimated 

annual changes due to the inputs.  

 

∆𝑨𝑷𝑳𝑬𝒕 =  𝑨𝑷𝑳𝑬𝒕 − 𝑨𝑷𝑳𝑬𝒕−𝟏                                                                    Equation (6.10) 

 

𝒎𝒕 ~ 𝒏𝒐𝒓𝒎𝒂𝒍(𝒎𝒕−𝟏, + ∆𝑨𝑷𝑳𝑬𝒕, 𝒆𝟐)                                                     Equation (6.11) 
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where 𝐦t is the estimate of the Mehlich III soil P in year t through updating the previous year’s 

state (𝐦𝐭−𝟏) by the estimated change in concentration at year t (∆𝐀𝐏𝐋𝐄𝐭), 𝐀𝐏𝐋𝐄𝐭 is the soil 

Mehlich III estimate from the APLE data set at year t, 𝐀𝐏𝐋𝐄𝐭−𝟏 is the soil Mehlich III estimate 

from the APLE data set on the previous year, and 𝐞𝟐 is the estimated standard deviation of the 

normal distribution, representing the error in ∆𝐀𝐏𝐋𝐄𝐭 estimates. This framework is visualized in 

Figure 4.  

The Bayesian model was implemented in the compiled code language stan, and the final 

distribution of the Bayesian soil P concentrations estimated through the default stan 

implementation of Markov Chain Monte Carlo (MCMC) method, employing No-U-Turn-

Sampling (NUTS) to adaptively fit the Hamiltonian Monte Carlo procedure (Hoffman, 2014; 

Stan Development Team, 2016b). This procedure was run separately for each landuse/land 

segment combination on four chains with 1000 samples each, 200 of which were used for warm 

up. Input data were prepared with an R script, and the stan model was run with Rstan, an R 

implementation of stan (Stan Development Team, 2016a). 
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Figure 6.4: Diagram of the update of estimated soil phosphorus concentration states. Each new 

state contains information from the soil test P dataset, the APLE dataset, and the previous 

estimated state.  

6.3 Results  

6.3.1 Landuse Discretization Significance  

The p-values for test 6.1 and test 6.2 concerning landuse discretization are summarized in 

Table 6.4. At a 0.05 significance level, test 6.1 provided evidence to reject null hypothesis 6.1, 

finding that data sharing a common landuse label between PA and VA do not have the same 

distribution as unlabeled data, for all but the full season soy landuse. Test 6.2 did not provide 

evidence to reject null hypothesis 6.2, in all but the silage with manure and specialty crops high 

landuses. Rejecting hypothesis 6.1 provides evidence that the landuse labels are indeed 

describing the data in a way that would be expected if the labels were true, and a general 
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inability to reject null hypothesis 6.2 provides that central tendencies of distributions with 

common landuse labels do not differ between PA and VA. In summary, test 6.1 and test 6.2 

provided a means to assess both the discriminatory behavior of the landuse labels, and the spatial 

applicability of the central tendency of the soil test P concentrations for each landuse category. 

Each landuse category for both PA and VA are shown in Figure 6.5.  

 

Table 6.4: P-values for Test 6.1 and Test 6.2 which test Null Hypothesis 6.1: Data sharing a 

common landuse label have the same distribution as unlabeled data, and Null Hypothesis 6.2: 

Data from VA and PA sharing a common landuse label have the same distribution, respectively. 

Values shaded in gray were used to reject the null hypotheses at a significance level of 0.05.  

  Test 6.1 Test 6.2 

Landuse PA VA 

 Grain with Manure 1.51E-11 5.25E-01 0.8197 

Legume Hay 5.38E-144 1.28E-02 0.4303 

Other Agronomic Crops 7.97E-65 8.25E-06 0.9946 

Other Hay 1.32E-113 7.50E-03 0.3011 

Pasture 3.51E-214 1.17E-04 0.5941 

Specialty Crop High 5.10E-11 6.88E-21 0.0216 

Specialty Crop Low 1.88E-160 2.89E-12 0.2399 

Small Grains and Grains 1.21E-62 7.15E-01 0.1312 

Full Season Soy 1.27E-01 2.01E-01 0.1535 

Silage with Manure 1.78E-10 1.59E-02 0.0348 

 



171 

 

 Following the results of test 6.1 and test 6.2 we assumed that the soil test P from points 

having landuse labels are significantly different from those without labels. Following this 

assumption, a ratio method was developed to shift the mean of an unlabeled data set to a value 

that would describe the central tendency of a dataset with a common landuse label. Conjecture 

6.1 was used to scale the remainder of the unlabeled soil P concentrations into landuse 

categorizations.  

 

Conjecture 6.1 – Differences in central tendencies can be used to describe the relationship 

between soil test P concentrations with and without landuse labels 

 

Following conjecture 6.1, mean ratios were calculated for each labeled dataset compared 

to the full set for both Penn State and Virginia Tech data (Table 6.5). These ratios were used to 

obtain landuse labeled estimates from all other remaining soil test P concentration data sources 

(Table 6.1) by applying assumption 6.1. All data were multiplied by each corresponding mean 

ratio as a scaling factor, resulting in soil test P concentrations with landuse labels. The resulting 

differentiation are illustrated in Figure 6.5, showing the soil P concentrations on natural log 

scale, split by landuse after the mean ratios below were applied. Although only 10 landuses were 

present after crop to landuse assignments in the PA and VA data sets described above, all 13 

landuses are shown in Figure 6.5. For APLE estimates, different inputs are defined for all 

landuses, so the Bayesian model estimates, which depend on both soil test P concentrations and 

APLE estimates can differ between all landuses. However, no evidence was found to 

differentiate soil tests P concentrations from landuses with or without manure, therefore, the 

grain with manure (gwm) and grain without manure (gom) soil test P concentrations were set as 
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identical, and the silage without manure (swm), and silage with manure (som) sets were set as 

identical. Additionally, double cropping (dbl) was assumed identical to small grains and grains 

(sgg).  

Table 6.5: Resulting ratios from the mean of all soil test P concentration data points from Penn 

State and Virginia Tech compared with unlabeled data from the remaining sources.  

Landuse Mean Ratio 

Specialty Crop High 1.803 

Specialty Crop Low  1.615 

Other Agronomic Crops 1.404 

Grain with Manure 1.026 

Full Season Soybeans 0.974 

Silage with Manure 0.919 

Small Grains and Grains 0.883 

Other Hay 0.812 

Legume Hay 0.779 

Pasture 0.735 
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Figure 6.5: Soil tests after landuse mean scaling factors were applied. The three letter codes refer 

to the landuses as follows: dbl is double cropping, gom is grain without manure, gwm is grain 

with manure, lhy is legume hay, oac is other agronomic crops, ohy is other hay, pas is pastures, 

sch is specialty crops high, scl is specialty crops low, sgg is small grains and grains, som is silage 

without manure, soy is full season soy, and swm is silage with manure. More on these landuses 

can be found in the Chesapeake Bay Model Documentation.  

6.3.2 APLE Model Optimization Results  

 The final distribution of APLE estimates compared with the soil test P concentrations 

distribution had a lower mean value (95.8 mg P kg-1) than the measured soil tests (101.2 mg P 

kg-1), however, the calibrated APLE estimates had a larger range, with a maximum value 600 
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ppm greater than the highest measured soil test value (Table 6.6). Both the distribution of the 

APLE and soil test P estimates were right skewed (Figure 6.6), with the measured soil test P 

values exhibiting variation in the right tail of the distribution with a notable increase in number 

of tests around 300 ppm, while the APLE distribution descended smoothly.  

 

Figure 6.6: Distributions of calibrated APLE and soil test P concentration estimates. Post-

calibration, APLE exhibits a similar shape and density to the measured soil test P concentrations. 

Kernel density smoothing was used to compare distributions over histograms due to the different 

number of observations in each set. X-axis limit threshold set at 500 to show detail.  
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6.3.3 Bayesian Estimates  

Bayesian estimates of the soil test P concentrations had a lower mean than the measured 

soil tests P concentrations, similar to that of the APLE estimates. Notably, all methods had very 

similar median values. The range of the Bayesian estimates was roughly half of the APLE 

estimate range and almost 400 ppm less than that of the soil tests. When viewed in natural log 

scale (Figure 6.7), the set of Bayesian estimates exhibits a smaller range around its quartiles and 

a more balanced number of low and high values than the soil tests or the APLE estimates. The 

Bayesian method was also able to quantify the average uncertainty across the dataset, which at 

the 95% level was 54 ppm.   

 

Table 6.6: Summary statistics  from the three soil test P concentration estimation methods 

Method 

Min 

(ppm) 

Max 

(ppm) 

Mean 

(ppm) 

Median 

(ppm) 

95% Uncertainty 

(ppm) 

Bayes 5 975 96 84 54 

APLE 15 1925 96 84 NA 

Soil Tests 2 1304 10 86 NA 
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Figure 6.7: Natural log of soil test P concentration estimates from the three methods. The 

quartiles of the Bayesian method are less variable compared to the other sources. Additionally, 

low and high outliers are more evenly distributed in the Bayesian method than in the APLE 

model estimates or the observed estimates.  

6.4 Discussion  

During the 31-yr estimation period each method demonstrates variability (Figure 6.7), 

with the APLE and soil test P methods displaying approximately equal quartile distributions. The 

log annual soil test P estimates are shown in Fig. 6.8, where APLE display relatively low 

variation. This is due to two primary factors, the initial model boundary conditions imposed 

during development, a function of available data in 1984, and the cumulative (multiplicative) 
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nature of the APLE mass balance model. The Bayesian estimates begin with wider ranges in 

early years and progress to lower variance with very fewer outliers. This is initially large range 

in values is due to the low temporal resolution of measured soil test P data, upon which the 

Bayesian model is developed, in the early years. As the Bayesian time series progresses the 

variation declines by approximately 200 ppm from 1994 to 2000 due to much denser coverage of 

soil test P measurements in later years, giving the Bayesian estimates more confidence (Fig 6.8). 

The variation in the soil test P measurements are a direct function of the measurement density, 

with the early period of the time series exhibiting little variation, due to very low sampling 

density, and the later period displaying higher variation (several orders of magnitude, in fact) due 

to much higher spatial and temporal sampling density (Fig. 6.8). Two years stand out in the 

measured soil test P data, 1992 which contain soil test P concentrations that are, on average, 

markedly lower than nearby years, and 2012, which contains soil tests that are markedly higher, 

on average, than surrounding years. These anomalies are due to the addition of new soil test P 

sources during these time frame that only cover one year. The soil test set University of 

Maryland 2, present in 1992 reduced that year’s mean value by nearly 0.5 on the log scale, while 

the presence of the Virginia Tech data set in 2012 had the opposite effect raising the soil P 

concentration by 0.5 on the log scale. Although the Bayesian estimates are intended to be used at 

the county scale and these anomalies do no directly indicate any problems with this geographic 

abstraction of the data, they illustrate the importance of data coverage when summary statistics 

are of interests. In addition, given the paucity of measured soil test P data, particularly in the 

early period of the time series, excluding any given dataset without clear evidence of 

inappropriateness would render complete Chesapeake Bay watershed level coverage nearly 

impossible, thus the Bayesian estimates are intended to combined these data sources in as 
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equitable manner as possible. This can be seen in Fig 6.8, where the Bayesian estimates for 1992 

and 2012 do not appear to be unduly influenced by the anomalous soil test P levels. However, 

near the end of the time period the influence of several years of high APLE and soil test P 

estimates begin to have an effect on the Bayesian estimates at higher soil P concentrations, 

pulling them upwards. 
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Figure 6.8: Boxplots of soil P concentration estimates from each estimate source through all 31 years. A small number of APLE 

estimates over 6 on the log scale can be seen beginning in the late 1980’s, and continuing through 2014. The Bayesian estimates show 

wider ranges in early years, and soil test data show greater variability in later years as the number of tests increases in the year 2000. 
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Figure 6.9: Bayesian, soil test, and APLE estimates for grain with manure landuse in Adams 

County Pennsylvania. An extreme APLE estimate raising far above the available soil tests 

appears unlikely. The Bayesian Method is able to smooth out this effect without completely 

losing the information APLE provides.  
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The advantages of the Bayesian estimates can be seen more clearly at the land segment level. 

Figure 6.9 shows all three methods estimated soil test P concentrations for the grain with manure 

landuse in Adams County, Pennsylvania. In this case, APLE estimates begin low (again due to 

the lack of parametrization data available in the early 1980’s) and increase quickly and do not 

agree with the measured soil test P concentrations. The Bayesian method estimates, however, 

track the measured soil test P concentrations rather well, and provide uncertainty bounds around 

the point predictions, which can be seen to contract and expand as a function of the density of 

measured data, and can be used to quantify the relative confidence in model estimates. Although 

Bayesian estimates from 1995 forward seem reasonable for this county, early estimates appear 

low, due to a lack of soil test data combined with low APLE estimated soil P levels.  

Figure 6.10 shows a selected result for the grain with manure landuse to illustrate the 

results from the Bayesian method at the county scale. Figure 6109a shows APLE predicting an 

upward trend in soil P, and while the APLE predictions fall within the 95% confidence interval 

of the Bayesian estimates, the shape of the APLE curve differs substantially from both the 

measured data and the Bayesian estimates. What is also clear from Fig. 6.10a is that there is a 

relatively high level of uncertainty in the estimated soil P concentrations, varying from 

approximately 40 ppm to almost 100 ppm, suggesting that a refined or intensified sample 

collection protocol be developed to better quantify soil P concentrations.  Figures 6.10b, c, and d 

show instances of outliers in measured soil test P having no significant effects on the Bayesian 

estimates, primarily due to the standard deviation scaling method (Equation 6.6), which reduces 

the impact of outliers. Figures 6.10a and b elucidate the impact of large interannual variation 

between soil test P measurements in adjacent years; in landuse segments with high interannual 
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variability in soil test P, the Bayesian uncertainty is relatively high (200-300% of estimate). This 

is despite the generally good agreement if APLE with the measured soil test P data. 

Figures 6.10c and d display the effect of method agreement on the resultant Bayesian 

uncertainty; in instances where both APLE and the measured soil test P data agree, both in 

magnitude and in interannual variation, the Bayesian estimates have much lower uncertainty, 

approximately 10% near the end of the periods in Fig 6.10c and d.  Figure 6.9e depicts a typical 

time series of soil P estimates at the county level, rapidly increasing in the 1980s and 1990s, due 

to intensive expansion of agriculture in the region coupled with cheap fertilizers, followed by a 

decrease in the rate of increase in the late 2000s-2010s possibly due to increased fertilizer prices 

across the United States around that time (Cordell et al., 2009). The APLE estimates begin low, 

increase rapidly, leveling off around the year 2000, reflecting the increase in fertilizer prices. 

Soil test P data are sparse in early years, but increase in later years with denser coverage, 

generally agreeing with the APLE estimates. The Bayesian method, coupling these two time 

series provides smooth estimate influenced by both inputs, though may be over-influenced by 

rapidly increasing APLE estimates in early years where soil tests are less frequent. Figure 6.10f 

presents an ideal soil P response, decreasing over time. In this case both the soil test P 

measurements and APLE agree that soil P levels are declining This is reflected in the Bayesian 

estimates, which also decline, although the uncertainty bounds are still relatively large, due in 

part to the large year to year change in measured soil test P in the mid 2000s.  

The estimates and uncertainty bounds from the Bayesian results in Fig. 6.10 could be 

used as inputs to other modeling frameworks (the Chesapeake Bay Watershed Model, for 

instance, or a process based model) to develop a plausible range of expected soil P 

concentrations, and their associated uncertainty. This could then be used to estimate the 
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probability that soil P reduction practices will result in the required water quality improvements 

needed to meet the Chesapeake Bay TMDL. Perhaps more directly, the uncertainty estimates 

provide direct evidence of locations (and perhaps times) where additional data collection would 

improve estimates of soil P concentrations. Additionally, the uncertainty bounds numerically 

quantify the credibility in the estimates across a known concentration range. Both of these 

interpretations of the credible interval can add important knowledge when model outcomes are 

designed to support management decisions, especially when margins of safety need 

consideration or when “worst case” scenario analysis would support objectives.  
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Figure 6.10: Examples of Bayesian soil concentration estimates at the county scale from 

Maryland and Pennsylvania. (A) and (B) show examples of weak trends, (C), (d), and (E) show 

increasing trends, and (F) shows a decreasing trend.  

6.5 Conclusion  

 Two datasets describing a 31-year history of soil test P concentrations in agricultural soils 

with varying quality, uncertainties, and coverages were used as inputs to a probabilistic Bayesian 

model designed to incorporate the desirable traits of each data set while quantifying the 

uncertainty associated with each data point. This methodology provides a single estimate of soil 

P for each year, as well as the resulting uncertainty in the estimate. The Bayesian model provided 

estimates with similar overall mean and median to the APLE estimates and had an attenuating 

effect compared with extreme APLE changes at the county and single landuse scale. These 

effects were most prevalent in cases with sparse soil test data, especially over a number of 

consecutive years with little or no soil test P measurements. The final Bayesian estimates include 

soil test P concentrations and 95% confidence intervals from the estimated posterior distribution 

for all 31 years across 3,068 unique landuse/land segment combinations. The data set 

encompassing the results of this study has been made publically available by the authors and is 

intended to support further research and study into soil P storage and provide stakeholders with 

valuable information to support decision making concerning management practices aimed at 

reducing the impact of P runoff at the county scale. Additionally, this study demonstrates the 

importance of future monitoring programs designed to collect high quality soil P concentration 

data and data sharing in order to avoid situations where working with highly uncertain data is 

necessary.  
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Chapter 7: Conclusions and Future Work 

Actions aimed at protecting water quality beyond course-scale temporal and spatial 

recommendations from currently available tools such as nutrient management plans or state 

sponsored nutrient indices is needed. The full potential of short-term forecasts to assist in filling 

this gap in agricultural management has yet to be realized. One pathway to utilizing short-term 

forecasts is creating accessible data delivery tools built on proven science that can inform end 

users in a valuable way. Challenges for academics seeking to build tools like these include a lack 

of free and open source frameworks to automatically run short-term watershed scale forecasts, a 

lack of data available for validating forecast methods, cumbersome models, and ineffective or 

untested communication strategies for the data intensive outputs. This collection of studies 

describes novel answers to these challenges and explores their efficacy. In Chapter 3, an 

automatable framework for running a scientifically proven watershed-scale model based on 

physical process was built. This framework was effectively used to produce short term soil 

moisture forecasts at the watershed scale as static reports which require some post-processing by 

a GIS trained user to create actionable demonstrations of the results.  

Chapter 4 addressed the sharing and communication component of the short-term 

forecasting gap by creating a customizable, web ready front end user interface which was linked 

to the short term forecasting framework to display the output. The interface was designed with 

the goals of being reusable for researchers working on similar problems, dependent only on 

software available world-wide and completely free and open source, usable on a variety of 

internet connected devices, and to provide a positive user experience. Unlike similar tools in the 

past, the user-centric design goals of the interface were quantified and tested with widely 
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accepted? excepted user experience metrics. In addition to successfully meeting the technical 

criteria, the interface described in Chapter 4 stood out as a top performer in usability and 

accessibility. Analysis of the similar interfaces suggests user-centered design is a key area of 

improvement for short-term, public facing water quality tools in agricultural management. 

Although the interface performed in a satisfactory manner, the framework described in Chapter 4 

which delivered the data for the displayed forecast had limitations. Over time, it became clear the 

forecast framework was difficult to run fully automatically on a simple server for long periods of 

time without errors causing the process to stop. If the framework stopped it may or may not 

require a small amount of trouble shooting before launching again. Therefore, some continuing 

human maintenance was needed for the forecast to reliably continue indefinitely. 

The modeling schema described in Chapter 3 attempts to address problem of 

implementing scientific watershed scale models in a live application framework. This use case is 

beyond the design goals of scientific watershed models and presented many problems including 

awkward input data structures, necessary components which are not cross platform, inefficient 

use of computational resources, and the inability to scale to very large implementations. To 

address these short comings, Chapter 5 describes a method which takes advantage of the fact that 

scenario modeling is unnecessary to fulfil the goals of the short-term forecast tool and 

implements a fully scalable, enterprise ready, free and open source deep learning model. A 

reformulation of the modeling problem was necessary and the chapter describes the soil moisture 

forecast re-designed as a binary classification problem with input data distilled to a multi-variate 

grid through published VSA defined rules and spatial discretization schemes shown to improve 

spatial accuracy of the overland components of the hydrologic cycle compared to an unmodified 

semi-distributed watershed model. In formulating the problem this way, proven science was used 
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to distill the problem from a completely data driven approach to a data set with more real valued 

and process meaning. This was done to address the problem of interpretability in neural network 

architectures like the implemented deep learning. Training labels for the deep learning model 

were supplied by the process based model framework described in Chapter 3, thus, information 

describing a process based system was developed on both sides of the deep learning model, 

giving it the possibility to learn towards a more physically meaningful optimum representation. 

Furthermore, novel interpretation techniques were demonstrated and employed to find hierarchal 

linkage regression equations providing evidence of model relationships from real valued input 

data, through selected hidden layers, to output classification. Metrics analogous to odds ratios in 

regular logistic regression were calculated and used to interpret the results. The overall 

conclusion of the interpretation was the deep learning model was able to predict saturated areas 

well with a process that had evidence of being physically meaningful. Additionally, the linkage 

regressions described much of the variance in the model and could be used as a simple, 

standalone process that provided surprisingly accurate classifications, though they were not as 

effective as the full deep learning model. 

Chapter 6 describes a weight of evidence approach with a Bayesian time series model in 

an attempt to quantify soil phosphorus levels at a large scale spanning 31 years. Although not a 

short-term forecast, this long-term information is beneficial to framing the use cases and 

applications of short term forecasts tools, like the one described in Chapter 4 which can be used 

in P management. Since much of P runoff enters the water ways of VSA dominated watersheds 

like the study area of Chapter 6, the Chesapeake Bay watershed, short term tools are needed to 

inform practices. However, in the absence of continuous data at this spatial scale, a longer term 

quantification of soil P levels can assist in the spatial framing and targeting of short term 



193 

 

planning approaches. A similar process could potentially be used to assess the effect of an 

implementation of a short-term planning tool on soil P levels in a particular area.  

Future work in this area would benefit from a more complete study of  the distillation of 

scientific knowledge into learning model parameters. The method of summarizing deep learning 

parameters and structure through simple regressing linkages could be used to increase confidence 

in predictions and interpret these models. Further investigation into the efficacy of using the 

linkage equations alone is needed, especially when used in a forecasting application. 

Additionally, easy to use and access public facing decision support tools can widen the approach 

to driving adoption of conservation practices. More work is needed which demonstrates actual 

user patterns, behavioral influence and especially long term use. Data shortages, such as soil P 

levels need to be addressed further, and the collection, curation, cataloging of much more data be 

made accessible. As the science of watershed management progresses, new work will benefit 

greatly from an increase in available data, open-minded approaches to advanced physical, 

statistical, and machine learning frameworks, and public facing demonstrations of results with 

the capability to influence real world decision making.  
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APPENDIX 

The following are links to code published under open source licenses used to complete 

the work described in this dissertation. Code used in Chapter 3 can be found in an R package 

published under the General Public License version 3 (GPL 3) on the Comprehensive R Archive 

Network (CRAN), available at https://cran.r-project.org/web/packages/getMet/index.html. The 

package named getMet assists in the collection and formatting of meteorological historical data 

and forecast in addition to offering features for automatic formatting for SWAT model use. It has 

been downloaded over 3,700 times since its publication on CRAN. Key functions used in 

Chapters 3 and 4 can be found in a collection of unlicensed scripts available on github at 

https://github.com/andrewsommerlot/vsa-gfs-forecast. Code used in Chapter 5 has been 

compiled into a stand-alone R package available on github under GPL3 available at 

https://github.com/andrewsommerlot/startml. Though not yet on CRAN, startml (short for start 

machine learning) provides users with automatic model building, hyper parameter tuning, and 

ensembles for regression and binary classification problems. It is fully installable through github 

using the devtools package. 

 

https://cran.r-project.org/web/packages/getMet/index.html
https://github.com/andrewsommerlot/vsa-gfs-forecast
https://github.com/andrewsommerlot/startml

