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ABSTRACT 

The world is faced with uncertain and dramatic changes in water movement, availability, 

and quality are due to human-induced stressors such as population growth, climatic variability, 

and land use changes. At the apex of this problem is the need to understand and predict the 

complex forces that control the movement and life-cycle of water, a critical component of which 

is stormwater runoff. Success in addressing these issues is also dependent upon educating 

hydrology professionals who understand the physical processes that produce stormflow and the 

effects that these stressors have on stormwater runoff and water quality. This dissertation 

addresses these challenges through methodologies that can improve the way we measure 

stormflow and educate future hydrology professionals.   

A methodology is presented to (i) evaluate the uncertainty due to inadequate temporal 

sampling of stormflow data, and (ii) develop equations using regional regression analysis that can 

be used to select a stormflow sampling frequency of a watershed. A case study demonstrates how 

the proposed methodology has been applied to 25 stream gages with watershed areas ranging 

between 30 and 11,865 km2 within the Valley and Ridge geomorphologic region of Virginia. 

Results indicate that autocorrelation of stormflow hydrographs, drainage area of the catchment, 

and time of concentration are statistically significant predictor variables in single-variable 

regional regression analysis for estimating the site-specific stormflow sampling frequency under a 

specific magnitude of uncertainty. 
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Methods and resources are also presented that utilize high-frequency continuous 

stormwater runoff data in hydrology education to improve student learning. Data from a real-time 

continuous watershed monitoring station (flow, water quality, and weather) were integrated into a 

senior level hydrology course at Virginia Tech (30 students) and two freshman level introductory 

engineering courses at Virginia Western Community College (70 students) over a period of 3 

years using student-centered modules. The goal was to assess student learning through active and 

collaborative learning modules that provide students with field and virtual laboratory experiences. 

A mixed methods assessment revealed that student learning improved through modules that 

incorporated watershed data, and that students most valued working with real-world data and the 

ability to observe real-time environmental conditions.
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1. INTRODUCTION 

1.1 Problem Statement 

The world today is faced with uncertain and dramatic changes in water movement, 

availability, and quality due to human-induced stressors such as population growth, climatic 

variability, and land use changes. At the apex of this problem is the need to understand and 

predict the complex forces that control the movement and life-cycle of water (NRC 2012). One 

critical component of this cycle is stormwater runoff, a process largely affected by climate 

change, land development, and increased pollution from a growing world population. Stormwater 

monitoring is a critical tool for understanding the impact that these variables have on our water 

resources, and for sustainably managing water under an uncertain future. Success in addressing 

these issues is also dependent upon educating hydrology professionals who understand the 

complex forces that produce stormflow and the effects that human-induced stressors have on 

stormflow runoff and water quality.  

1.2 Dissertation Objectives 

The overarching goal of this dissertation is to contribute knowledge to the growing field 

of stormwater monitoring and to the effective education of hydrology professionals in the context 

of formal higher education. This is addressed through the following research objectives: 

1. A method to evaluate the uncertainty due to inadequate temporal sampling of stormflow. 

2. A method to select a site-specific sampling frequency necessary to properly capture 

important characteristics of a stormflow hydrograph. 

3. Methods and resources to utilize high-frequency continuous stormflow data in hydrology 

education at multiple levels of higher education (community college and undergraduate). 
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All three objectives are intricately linked together through a research to practice loop 

(Figure 1.1). The loop starts with the current state of the practice and educational methods (iv) 

that serve as the motivation for the research questions (i) associated with objectives 1 and 2: (1) 

what is the uncertainty introduced into stormflow due to inadequate temporal sampling and (2) at 

what frequency should you sample stormflow at a given location. These questions lead to ideas 

and hypothesis for research (ii) that result in answers and insights (iii) into the problem. These 

answers and insights can then directly influence practice and education (iv). For example, the 

answers and insights from objectives 1 and 2 (i.e., the value in high-frequency continuous data, 

watershed data collected in support of these objectives, etc.), were directly applied within 

educational modules in support of objective 3.  This is a loop that flows continuously as the state 

of the practice and of educational methods lead to more questions and ideas that result in more 

research, etc. 

 

Fig. 1.1. Research to practice loop (adapted from Jamieson and Lohmann 2009) 

1.3 Research Approach 

The research in this dissertation spans engineering and engineering education, two 

disciplines that can at times take different approaches to research. The research approach adopted 

in each context can be thought of in terms of the eight classes of research strategies outlined in 

Questions  
Ideas

(i)

Research

(ii)

Answers 

Insights

(iii)

Practice 

Education

(iv)
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Figure 1.2 (McGrath et al. 1982). These strategies are viewed as eight slices within a circumplex 

or a four distinct quadrants, with orthogonal axes that represent (i) the use of obtrusive or non-

obtrusive research operations and (ii) the concert with universal (generic) or particularistic 

(concrete) behavior systems.  

 

Fig. 1.2. Research strategies (McGrath et al. 1982) 

In terms of objectives 1 and 2, the research approach falls within two distinct slices: field 

studies and computer simulations. Field studies include the direct measurement of stormflow 

runoff, while computer simulations include the time series processing and statistical analysis of 

stormflow data. These are both unobtrusive research operations in that they do not attempt to 

manipulate or control behavioral variables. They are also within the particular behavior systems 

as they are evaluating the concrete physical processes of nature. The difference between the two 

lies within the setting as the field study component is observing a natural system (Quadrant I) 
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while the computer simulations make no such observations (Quadrant IV). Objective 3 takes a 

distinctly different approach and falls within the slices of laboratory experiments, and judgment 

tasks. They are both within the universal behavior system in that they are observing the behavior 

of students. Judgment tasks fall within Quadrant III and are independent of the setting (i.e., focus 

groups), while laboratory experiments fall within Quadrant II and are a contrived or created 

setting (i.e., classroom environment).  

Differences in research methods are also the result of the variables measured, i.e. 

stormflow and humans (students). Stormflow falls explicitly under a quantitative research method 

as it is something that can be measured and is thus categorized numerically. Similarly, the 

learning improvement within students can be evaluated using quantitative research methods such 

as using test or homework scores. However, learning improvement can also be measured using 

qualitative methods that deal with descriptions and unmeasurable observations. Taking qualitative 

and quantitative methods together through a mixed methods approach can offset the weaknesses 

of one type of design with the strengths of another. For instance, quantitative methods that 

capture objective findings of student learning may lack descriptive inferences behind their 

statistical results, which can be augmented by qualitative methods that capture thick, rich 

descriptions of student learning (Borrego et al. 2009). 

1.4 Dissertation Layout 

This dissertation is organized into the following chapters with supporting appendices. 

 Chapter 3 addresses research objectives 1 and 2 as it (i) presents a case study that 

evaluates the uncertainty due to inadequate temporal sampling of stormflow data and (ii) uses 

autocorrelation and geomorphologic basin characteristics as input into regional regression to 

develop equations that can be used to select a stream discharge sampling frequency of a 

watershed under a specific magnitude of uncertainty. Chapter three is supported by the following 

appendices: 



5 

 

 Appendix A. Evaluating the uncertainty due to inadequate temporal sampling of 

stormflow in urban watersheds. This appendix supplements Chapter 3 by 

applying the methodology in objective 1 to urban watersheds within the Town of 

Blacksburg, VA. 

 Appendix B. Evaluating seasonal differences in stormflow uncertainty due to 

inadequate temporal sampling. This appendix includes a study of the impact that 

seasonal variations have on the methodology outlined in objective 1. 

 Appendix C. Supplemental information for Chapter 3. This appendix contains 

additional supplemental information related to the findings from objectives 1 and 

2 within Chapter 3. This includes site and storm characteristic summaries, 

regional regression equations with independent variables not provided in Chapter 

3, and a description of model development and assumptions. 

Chapter 4 supports objective 2 by demonstrating the effectiveness of unique 

geomorphologic basin characteristics as input variables into regional regression analysis for 

estimating the magnitude and frequency of peak flows in rural ungaged streams. The parameters 

derived from this study are used in the development of regional regression equations that can be 

used to select a site-specific sampling frequency under a specific magnitude of uncertainty 

(Objective 2). In addition, specific USGS stream flow sites identified within this study are also 

used in the case study developed within Chapter 3 in support of objectives 1 and 2. 

Chapter 5 addresses objective 3 by describing (i) the development of a continuous, high 

frequency watershed monitoring station, (ii) its application in watershed research, and (iii) its 

application for engineering education research. The watershed research application focuses on 

using high-frequency data for capturing flashy runoff events and acute toxicity impairment of 

urban streams. The engineering education research focuses on integrating the data from this 

system into a hydrology course at Virginia Tech in the fall 2012 semester. 
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 Appendix D.  Insights and challenges in developing a remote real-time 

watershed monitoring lab. This supports item (i) above with additional 

information related to the insights and challenges of developing a real-time 

watershed monitoring station. It was adapted from a conference paper published 

in the 121st American Society for Engineering Education Annual Conference & 

Exposition. 

 Appendix E. Fall 2012 engineering education assessment data. This appendix 

contains the questions and sample responses from the fall 2012 assessments that 

were given to the hydrology class. 

 Chapter 6 addresses objective 3 by (i) describing active and collaborative learning 

modules that engage students in water-related hands-on activities both within and outside of the 

classroom, (ii) presenting the research results from the complete three year implementation 

including the fall 2012 Virginia Tech civil engineering hydrology course (partially covered in 

Chapter 4), spring and fall 2013 Virginia Western Community College courses, and the spring 

2014 Virginia Tech hydrology course, and (iii) demonstrating the effective use of an assessment 

feedback loop between two institutions. 

 Appendix F. 2013 and 2014 engineering education assessment data. This 

appendix contains the questions and sample responses from the spring and fall 

2013 community college, and spring 2014 university assessments.  

Chapter 7 summarizes the outcomes and broader impacts of the work contained within 

this dissertation, and provides direction for future work.  
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2. LITERATURE REVIEW 

2.1 History of Water Monitoring Networks and Regulation 

2.1.1 History of Regulations 

During the settlement of the United States, major river networks were critical in the 

movement of people, materials, and products, in providing water supply, as a source of energy, 

and for conveying human, agricultural, and industrial waste away from settlements. As the human 

population grew, cities near river networks expanded, impounded and channelized waterways for 

flood control and to power the growing industrial revolution. This growth also led to the 

development of contained sewer networks to convey human waste directly to streams. These 

changes resulted in increases in typhoid and other water borne diseases to human populations 

downstream of cities (Pierce 2010). The first federal legislation to address water pollution was the 

1899 Rivers and Harbors Act, which was passed primarily to keep the nations navigable 

waterways clear of pollution that would inhibit the passage of commercial shipping. This act 

prohibited the discharge of “any refuse matter of any kind or description whatever other than that 

flowing from streets and sewers and passing therefrom in a liquid state” (Rivers and Harbors 

Appropriation Act of 1899, March 3, 1899, 33 U.S.C. 401, 403, 407).  

The next several decades were unaffected by water quality regulations until World War II 

drastically changed the level of water pollution across the country. The United States increased 

the amount of industrial output as part of the war effort, which in turn increased the amount of 

unregulated industrial by-products discharged into the nation’s waterways. As a response to 

degraded water quality, the federal government passed the 1948 Federal Water Pollution Control 

Act (FWPCA) (P.L. 80-845, 62 Stat. 1155). This act provided federal loans for waste water plant 

construction and for state and local investigations into water pollution sources, and in 1956, the 

act was extended through the FWPCA (P.L. 660).  
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A decade later the 1965 the Water Quality Act was passed, which gave the federal 

government oversight of the nation’s interstate waterways, required states to develop water 

quality standards for the nations waterways, and supplied funding for water quality programs 

(P.L. 89-234, 79 Stat. 903, 70 Stat. 498). In 1972, amendments were made to the FWPCA that 

required water quality standards for the nation’s in-state waterways in addition to the interstate 

waterways, thus encompassing all of the nation’s surface waters. Additional amendments were 

passed in 1977, 1983, and 1987, collectively referred to as the Clean Water Act (40 C.F.R. 

Subchapters D, N, and O; Parts 100-140, 401-471, and 501-503).  

These amendments: 

 “Established the basic structure for regulating pollutant discharges into the waters of the 

United States. 

 Gave EPA the authority to implement pollution control programs such as setting 

wastewater standards for industry. 

 Maintained existing requirements to set water quality standards for all contaminants in 

surface waters. 

 Made it unlawful for any person to discharge any pollutant from a point source into 

navigable waters, unless a permit was obtained under its provisions. 

 Funded the construction of sewage treatment plants under the construction grants 

program. 

 Recognized the need for planning to address the critical problems posed by nonpoint 

source pollution.” (http://www2.epa.gov/laws-regulations/history-clean-water-act) 

In response to these federal mandates, states created programs to monitor waterways and 

fulfill the requirements of the Clean Water Act that are still in adoption today. 



10 

 

2.1.2 Regulations Today 

Enforcement of the Clean Water Act is currently enacted through the Total Maximum 

Daily Load (TMDL) and National Pollutant Discharge Elimination System (NPDES) programs 

(Sections 402 and 303 of the Clean Water Act, respectively). The TMDL program requires states 

to evaluate their surface water quality every two years and report those that do not meet water 

quality standards. The states are then required to put programs in place that will reduce the water 

quality impairment to an acceptable level. The NPDES is the EPA’s enforcement arm and 

regulates all point discharges into the nation’s waterways, including stormwater discharge 

through the Municipal Separate Storm Sewer System (MS4) program. The NPDES requires all 

point discharges into the nation’s waterways to obtain a permit that is issued when the operator 

demonstrates that they use the best available technologies to reduce pollutants in their discharge. 

Regulatory requirements, practices, and management strategies continue to evolve in 

light of new science and technology. Recently, the EPA has taken a “watershed approach” to 

regulating waterways that includes reducing pollutant concentrations in impaired waters as well 

as safeguarding clean waterways. This approach requires a holistic view of water quality 

throughout a watershed; an approach that is best served through water monitoring networks that 

can effectively measure discharge and pollutant fluxes within the system. 

2.1.3 Water Monitoring Networks 

Recent advances in sensor technologies have enabled scientists and engineers to remotely 

capture surface water data at higher frequencies and over larger spatial scales. These 

technological advances include acoustic Doppler velocity and level sensors and multi-parameter 

water quality Sondes that can be deployed for automated and continuous data collection. The 

largest example of remote continuous watershed monitoring is provided by the United States 

Geological Survey (USGS) which records flow and at some locations water quality parameters in 
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real-time (no shorter than 15 minutes) for nearly 15,000 continuous monitoring stations across the 

United States (U.S Geological Survey, Real-Time Water Data for the Nation. Accessed April, 

2016. http://waterdata.usgs.gov/nwis/rt). Remote water monitoring applications have numerous 

advantages over traditional field sampling techniques, including reduced field site visits, 

continuous data collection, real-time transmission of data, and automated data processing. In 

addition to these benefits, remote data collection with contemporary sensors can be employed at 

high-frequencies to better capture hydrologic responses of the watershed, resulting in a full 

characterization of the hydrologic and hydrochemical processes. 

In response to federal regulations, states and localities have leveraged these new 

technologies to develop surface water monitoring programs that evaluate the flow and water 

quality within their watersheds (Hoogestraat 2015; Jastram 2014; Storms et al. 2015; City of 

Austin 2009; Gauron 2015). For example, in the Gills Creek Watershed in South Carolina, the 

South Carolina Department of Health and Environmental Controls (SCDHEC) set a TMDL on 

dissolved oxygen (DO) based upon grab samples at stations in the watershed. In response to this 

TMDL, and knowing that grab samples only tell a limited story, the city of Columbia 

implemented a continuous surface water monitoring program to obtain a deeper understanding of 

the water quality within the watershed (Gauron 2015). This surface water data is currently being 

used as evidence in modifying the TMDL regulation to equitably allocate regulatory compliance 

requirements based upon the best science possible.  

2.2 Need for Accurate Water Monitoring Data 

As the previous example highlights, the most effective approach to diagnosing water 

quality and meeting regulatory requirements is through evidence-driven decision making. The 

need for hydrologic evidence is even more critical when considering the pressing issues of 

climate change, increasing water supply demands, and increased pollution from a growing world 

http://waterdata.usgs.gov/nwis/rt


12 

 

population. Accurate and reliable water monitoring data is a critical tool for the sustainable 

management of our water resources in a changing world.  

2.2.1 Benefits and Use 

Water is an indispensable resource that affects almost every area of society: food supply, 

energy production, environmental health, public health, public safety, and economic prosperity. 

Taken as a whole, this represents a system of interdependent components that require multi-

objective, multi-stakeholder water management. The most effective way to solve such a problem 

is through adaptive management, planning, engineering, and policy decisions that are informed 

by reliable water quantity and quality information over scales of time and space. Given the broad 

impact that water has on society, it is critical that accurate science adequately inform these 

processes and decisions. 

An example of the importance of water data is the role that water plays within the water-

energy-food nexus (World Economic Forum Water Initiative 2012). Important linkages include 

the enormous amount of water allocated to agriculture and energy, the energy demand required 

for the treatment and transport of water, and the uncertain effects that climate change will have on 

water availability. Efficient and reliable surface water data is needed to properly evaluate each of 

these linkages. 

 Agriculture. The agricultural industry is dependent on hydrological information at 

fine temporal and spatial scales (Lins 2008). For example, with the occurrence of 

extreme droughts in the west, where water rights are distributed through prior 

appropriation, reliable hydrologic data is needed to effectively allocate water supplies 

and keep farmers productive and out of costly litigation.  

 Energy. Almost all energy production requires water, not just hydropower. For 

example, thermoelectric power plants (i.e., coal, gas, etc.) heat water to create steam, 
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which in turn power turbines that produce electricity. These plants require 0.47 gal of 

water per kWh of energy consumed by the end user (Torcellini et al. 2003). In 2005, 

thermoelectric power plants withdrew more water than the agricultural industry and 

more than four times that of all U.S. homes (Averyt et al. 2011). The energy industry 

is highly dependent on accurate and reliable hydrological information. For example, 

accurate water supply data can inform water-smart adaptive management decisions 

where the water demand of power plants must be decided in light of other competing 

objectives.  

 Climate Change. Climate change is one of the many pressures that will drastically 

effect the movement and availability of water, therefore drastically impacting the 

water-energy-food nexus. For example, the World Bank estimates that the cost of 

adapting to a 2 degrees C increase in global temperature will cost $70-100 billion per 

year, 15-20% of which will be for water supply and flood management (World Bank 

2010). Large scale Reference Hydrologic Networks (RHN) are also critical for 

monitoring the effects that climate change on stream flow (Burn et al. 2012). 

There are a number of other purposes for which reliable hydrologic data has applications. 

In developing parts of the world, hydrologic data is needed to improve sanitation and access to 

safe drinking water. Hydrologic data is also required in natural resource management in areas 

such as resource assessment, risk assessment, regulations, river management, drafting legislation, 

and identifying climate driven trends (Burn et al. 2012; Marsh 2002; Whitfield et al. 2012). 

Detailed analysis of hydrographs is important in flood forecasting, flood mitigation, and 

establishing design flows for stormwater structures. Finally, hydrologic models require reliable 

data for calibration, validation, and characterization of uncertainty.  



14 

 

2.2.2 Economics of Good Data 

As discussed, good data is critical for a number of applications that rely on hydrologic 

information. Hydrologic data must be reliable, relevant, and trustworthy in order to effectively 

inform decisions that result in beneficial change and it must accurately represent processes, trends 

and cycles in order for it to be correctly interpreted. For example, engineering designs for river 

crossings, reservoirs, hydropower, urban stormwater, and flood protection are highly sensitive to 

the duration, magnitude, and frequency of discharges. Under design can result in damages, and 

over designs can be extremely costly. In some cases where data is of poor quality, water data can 

actually be misleading, resulting in dis-benefits (Beven and Westerberg 2011). For example, the 

National Hydrologic Water Council (NHWC) illustrates examples of the value of data from a 

stream gaging network (NHWC 2006). In Folsom Dam, CA, upgrades to an existing dam, which 

included increasing the dam height and modifying the outlet structure and spillway, could have 

been avoided if reliable long-term flow data was available, resulting in a savings of $63 million 

annually. In Mecklenburg County, NC, increased certainty in flood plain mapping could result in 

savings of $330 million in potential damages as a result of more accurate land use regulations. 

The NHWC also estimates that the value of flood forecasts and successful reservoir operation is 

$1 billion annually, with 3-5% ($30 – 50 million) of this benefit attributed to stream gage 

networks. High quality data is therefore imperative for meaningful and cost-effective applications 

of hydrological information.  

2.2.3 Uncertainty in the Data 

 As discussed, stream discharge measurements are clearly required for effective economic 

and environmental managements of watersheds; however, stream discharge is difficult to measure 

on a continuous basis. There is a large amount of uncertainty in stream discharge measurements 

themselves. Uncertainty can come from a number of sources and must be taken into consideration 

when interpreting results based upon stream flow data. Uncertainty can come from methods 
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where discharge is measured indirectly such as stage-discharge, stage-area, and index-velocity 

rating curves. When flow is measured directly, epistemic uncertainty can also occur from within 

the sensors. Aguilar et al. (2016), found in a laboratory experiment that the standard deviation in 

velocity measurements from Acoustic Doppler Velocimeters (ADV) under steady laminar flow 

conditions for three different continuously deployed sensors ranged between ±0.207 – 0.710 in., 

and ±0.176 – 0.631 fps respectively, and when propagated and applied to discharge estimation in 

the field, resulted in field discharge uncertainties of between 13% – 256% of the observation. 

Others have found uncertainty ranges of 20% for ADV’s (Marshall and McIntyre 2008) and 5.8% 

standard deviation for Acoustic Doppler Current Profilers (ADCPs) (Oberg and Mueller 2007). 

Taken as a whole, the uncertainty in the methods and sensors to measure flow greatly influence 

the accuracy of flow estimates. For example, Harmel et al. (2006) found that the cumulative 

uncertainty for streamflow measurements ranges between 6% and 19%. In a review of discharge 

uncertainty, McMillan et al. (2012) found confidence bounds for relative discharge errors to 

typically range between 50–100% for low flows, 10–20% for medium or high (in-bank) flows, 

and a single estimate of 40% for out of bank flow. 

2.3 High-Frequency Continuous Data 

Although most watershed water quantity and quality studies are based on hourly or daily 

measurements, there is growing interest in monitoring water data at higher frequencies to better 

capture hydrologic responses in a watershed (Kirchner et al. 2004). Recent studies shown in 

Table 2.1 have employed environmental sensors to collect flow and water quality data at high-

frequency intervals of less than 30 minutes (Aubert et al. 2014; Bieroza and Heathwaite 2015; 

Bowes et al. 2012; Goyenola et al. 2015; Jones et al. 2011; Jordan et al. 2005; Kavetski et al. 

2011; Outram et al. 2014; Strohmeier et al. 2013; Wade et al. 2012) and even down to 5 minutes 

(Jeong et al. 2012; Moraetis et al. 2010). These studies have demonstrated the need to deploy 
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sensors at high-frequency sampling intervals to detect certain hydrologic and hydrochemical 

behaviors in watershed and riverine systems.  

Table 2.1. Studies Using High-Frequency (5-30 min) Hydrologic and Water Quality Data 

Publication Variables 

Frequency 

(min) Watershed Size 

Moraetis et al., 2010 Flow, Temp, pH, DO, NO3 5 130 km2 

Jeong et al., 2012 Flow, POC, DOC 5 0.4 km2 

Goyenola et al., 2015 Flow, Temp 10 < 20 km2 

 
TP, TDP, SRP 240 < 20 km2 

Jones et al., 2011 Flow 15 740 km2 

Arnscheidt et al., 2005 Flow 15 5 km2 

 
TP 10 5 km2 

Wade et al., 2012 Flow 15 85 - 1200 km2 

 
TP, TRP, NO2, NH4 60 85 - 1200 km2 

Bieroza and Heathwaite, 2015 Flow 15 54 km2 

 
TP, TRP, Turbidity 60 54 km2 

Outram et al., 2014 Flow 15-30 12.5 - 50.2 km2 

 
NO3, TRP, TP 30 12.5 - 50.2 km2 

Strohmeier et al., 2013 Flow, DOC 30 4.2 km2 

Kavetski et al., 2011 Flow 30 0.47 km2 

Aubert et al., 2014 NO3, DOC 20 5 km2 

Bowes et al., 2012 TRP 30-60 1200 km2 
TP: Total Phosphorous, TRP: Total Reactive Phosphorous, TDP: Total Dissolved Phosphorous, SRP, Soluble 
Reactive Phosphorous, POC: Particulate Organic Carbon, DOC: Dissolved Organic Carbon, DO: Dissolved 

Oxygen 

Despite the widespread use of continuous environmental sensors, there is little guidance 

on setting the sampling interval of sensors to properly capture hydrologic responses. Selecting a 

stream discharge sampling interval is often based upon engineering judgement and depends upon 

the hydrologic and hydraulic conditions, instruments used, purpose of the study, and available 

resources. While contemporary stream discharge measurement sensors, including Acoustic 

Doppler Velocimeters (ADV) and Acoustic Doppler Current Profilers (ADCP), are able to 

reliably collect velocity and stage measurements at intervals of 60 seconds or less, there are often 

constraints that limit the frequency of the measurements. For example, the sampling frequency of 

a sensor directly affects the power consumption and the capital needed to collect, process, and 
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store data. Additionally, for many stormflow sampling locations, such as those that capture large 

watersheds with long hydrologic response times, sampling at fine temporal resolutions would 

result in a large amount of redundant data. This makes it a difficult task to balance the risk of 

oversampling with the desire to properly capture hydrologic responses of a watershed. Thus, it is 

frequently up to the hydrologist’s professional judgment to set a stream discharge sampling 

interval, often through an iterative process.   

Over the past decade there has been an increased interest in analyzing the sampling 

frequencies with which flow and water quality are sampled in surface streams. Kirchner et al. 

(2004) provided one of the first commentaries on the value for high frequency continuous data for 

better understanding catchment processes. In their analysis they compared monthly, weekly, 

daily, and hourly measurements to illustrate the need for continuous data to capture 

hydrochemical fluctuations. In an evaluation of different sampling strategies on three separate 

captured storms, Maheepala et al. (2001) recommended 2 minute sampling intervals to achieve 

good quality hydrographs.  To understand what impact hydrologic sampling frequency has on 

modeling, Kavetski et al. (2011) analyzed the impact that the frequency of hydrologic input data 

(30 min – 3 days) has four different conceptual models. Their findings suggested that fine data 

resolution reflecting the characteristic time scales of runoff produced models with more accurate 

and stable estimates. Others have looked at the efficiency of time-based sampling strategies at 

high frequencies (1-10 minutes frequencies) to capture water quality runoff on plot-scale studies 

(King and Harmel 2004) and time- and flow-paced sampling strategies for capturing total water 

quality loads (King et al. 2005). Even though it is generally understood that the frequency of data 

collection should reflect the time scale of hydrologic processes, there exists a knowledge gap 

between contemporary sensors that can measure at high-frequencies and selecting the best 

sampling frequency at which to deploy them. 
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2.4 Uncertainty due to Inadequate Temporal Sampling 

Selecting an effective measurement frequency is important because it can be the cause of 

uncertainty in stream discharge data if it does not accurately capture the temporal resolution of 

stormflow.  This uncertainty is categorized as epistemic uncertainty, defined as an inadequate 

knowledge of quantities that have a fixed value due to an inability to accurately measure or 

understand as system. In the context of hydrologic modeling, uncertainty due to inadequate 

temporal sampling is often termed representational uncertainty or commensurability error, where 

the “effective values of variables or parameters in a model have a different meaning to variables 

or parameters with the same name that can be measured as a result of time or space scales” 

(Beven and Hall 2014).While there has been extensive research on predictive and parameter 

estimation uncertainty within hydrologic modeling literature (Beven et al. 2011; Schoups and 

Vrugt 2010; Stedinger et al. 2008), there is only a small amount of literature attributed to the 

impact that discharge sampling frequency has on modeling (Kavetski et al. 2011). This 

uncertainty directly affects model results, as hydrologic-hydraulic models are built, calibrated, 

and validated using captured storm flow data. Beyond modeling applications, other researchers 

have also sought to determine the level of temporal uncertainty due to the sampling interval 

(Maheepala et al. 2001) and changing channel morphology (Petersen-Øverleir et al. 2009; 

Westerberg et al. 2011).  

 Understanding this uncertainty is not only important for direct applications of water 

quantity data, it can also be used to evaluate water quality sampling strategies. There are a 

number of water quality constituents that have been found to have distinctive trends during storm 

discharge events. Non-point source pollutants such as sediment, sediment-bound pollutants (e.g., 

phosphorous, nitrogen, metals, etc.), and dissolved pollutants (e.g., pesticides, nitrate, 

orthophosphate, etc.), tend to increase with the rising limb of a hydrograph, peak before or during 
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peak flow, and decrease slowly on the receding limb (Bernal et al. 2002; Domagalski 1996; 

Harmel and King 2005; Robertson and Roerish 1999). In addition, there are many studies that use 

stream discharge as a surrogate parameter by correlating discharge data with water quality 

constituents (Vieux and Moreda 2003). Apart from the influence of stream discharge sampling 

frequencies, there is a wide range of literature on the impact that sampling frequency of water 

quality constituents has on estimating pollutant loads (Bowes et al. 2009; Horowitz 2003; Jordan 

and Cassidy 2011; King and Harmel 2004; Kirchner et al. 2004; McMillan et al. 2012; Phillips et 

al. 1999; Salles et al. 2008). However, transfer of the specific knowledge of these studies through 

methodologies to select an optimal sampling frequencies at a specific site is lacking. An 

exception is a study King et al. (2005) that proposed methods that could be used to select a 

streamflow water quality sampling frequency to effectively capture a representative storm load 

using a dimensionless unit hydrograph and relationships between measured pollutant 

concentrations and stormflow hydrographs. 

2.5 Educational Applications 

 Stormwater monitoring also has applications in educating hydrology professionals that 

are equipped to develop sustainable engineering and management solutions to our most pressing 

water resources issues (Hornberger et al. 2012). This can be done through educational 

experiences based on sound learning theories, such as active and collaborative learning (Prince 

2004), that provide student-centered experiences inside and outside of the classroom. Stormwater 

monitoring can serve as an important component in these experiences by providing scientific data 

that is key to understanding complex hydro-atmosphereic behaviors. Contemporary continuous 

remote watershed monitoring systems can collect environmental parameters (e.g., stream flow, 

water quality, and weather) that reflect the complex hydrological processes and land use impacts 
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within a watershed. This type of data can be paired with innovative teaching methods to improve 

student understanding of the complex issues facing stormwater management.  

2.5.1 Student-Centered Learning 

One approach to teaching is known as student-centered learning, a method of instruction 

that shifts the focus from the teacher to the student by putting the responsibility of learning in the 

hands of the student. This can be done in the classroom through a number of methods, including 

active and collaborative learning techniques. Active learning is a theory that proposes that 

students learn most effectively when they are engaged in the learning process by doing 

meaningful activities that require them to think about what they are doing.  Active learning both 

introduces student activity into the traditional lecture method and promotes student engagement 

(Faust and Paulson 1998). Studies have shown that students who are interactively engaged 

through hands-on classroom activities learn and retain more information (Prince 2004). Through 

activities in the classroom, active learning methods promote thoughtful engagement that center 

around important learning outcomes 

Another method of active learning is known as collaborative learning, which refers to any 

teaching method in which students work together in groups to achieve a common goal 

(Dillenbourg 1999). It emphasizes student interactions as central to the learning process rather 

than learning as a solitary activity and creates classrooms that are student-centered where students 

take a more active role in their own learning. Cooperative learning is a specific collaborative 

learning method where students not only work together in groups, but must rely on each other to 

accomplish shared learning objectives while also being assessed individually (Cooper and Mueck 

1990). Collaborative and cooperative learning methods are supported by various learning theories 

(Johnson et al. 2010). Social interdependence theory views cooperation as a result of positive 

interdependence among individuals in a group (Johnson and Johnson 2009). Individuals in a 
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group are each important parts of a whole and how they interact determines the groups’ 

outcomes. If the interdependence is positive, individuals will encourage and facilitate one 

another’s efforts to learn, if it is negative, they will discourage and obstruct each other’s efforts. 

Cognitive-developmental theory views cooperation among individuals as essential to cognitive 

growth (O’Donnell and King 2014). This theory suggests that learning will occur in a group if 

members properly coordinate individual perspectives to attain a common goal. Close work 

between students and their peers in a cooperative effort, to learn, understand, and solve problems, 

will result in cognitive development and intellectual growth.  

2.5.2 Blooms Taxonomy 

Bloom’s revised cognitive taxonomy hypothesizes different levels of learning that 

increase in complexity (e.g., remember to create), and is often used in designing educational and 

learning processes (Anderson et al. 2001; Bloom 1974). This framework can also be directly 

applied to guide the learning processes of hydrologic engineers and scientists. In its report on the 

Challenges and Opportunities in the Hydrologic Sciences, the National Academy of Sciences 

states that, “Ensuring clean water for the future requires an ability to understand, predict and 

manage changes in water quality” (emphasis added) (Hornberger et al. 2012). These three 

abilities can be aligned with the levels of Bloom’s revised cognitive taxonomy (Figure 2.1). 

Understanding, as evidenced by an ability to explain the occurrence of changes in water quality, 

fits with the second level of this taxonomy i.e., understanding. Predicting what is going to happen 

as the result of a particular event in a watershed fits with the fifth level of this taxonomy, i.e., 

evaluating. Managing requires the development of management plans for a watershed which 

necessitates the synthesis of diverse factors impacting this system. This ability fits with the top 

level of the revised taxonomy, i.e., creating. As students’ progress through various academic 

levels, they should likewise advance through all six levels of cognition. Having a high level of 

cognition about such water systems allows individuals to move beyond solving water 
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sustainability problems to defining water sustainability problems, which allows them to 

effectively manage water systems (Downey 2005). 

 Looking further and using Bloom’s revised cognitive taxonomy as a guide, Figure 2.1 

suggests topics that are appropriate for different course levels and can be used to help students 

learn these topics. Levels 1-2 are applicable to freshman-level community college courses. Here 

students are (1) remembering concepts like what is a watershed and where does its water go, and 

(2) understanding topics such as water quantity and quality parameters, data sensors, and human 

development impacts on a watershed. Levels 3-5 are applicable to senior level courses, such as 

hydrology. At this level students are (3) applying what they know such as water flow represented 

as a hydrograph and precipitation represented as a hyetograph, (4) analyzing data such as in 

computing runoff to rainfall ratios, and (5) evaluating problems such as the impacts from land 

cover changes and different watershed events. The highest level, (6) creating, is more applicable 

to a graduate level course where students use their knowledge to create watershed management 

plans. 

 

Fig. 2.1. Lesson plan guide including examples of water sustainability education topics 

appropriate for each level of Bloom’s revised cognitive taxonomy (McDonald et al. 2015). 
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2.5.3 Virtual Learning Environments 

It has been demonstrated that students learn more about the environment they are 

studying if they have the opportunity to connect classroom learning to experiences in that 

physical environment through experiential learning (Cantor 1997). These experiences that bring 

about associations between the classroom and the real world can be a combination of physical 

field visits and virtual field visits. This fits under the framework of situated learning, which 

argues that knowledge is “distributed among people and their environments” (Greeno 1998; 

Greeno et al. 1996). This definition divides situated learning into two primary areas, (1) 

knowledge distributed across people, e.g. a community of practice (Lave and Wenger 1991), and 

(2) knowledge dependent on the learning environment (Scribner 1984). The former follows the 

sociocultural tradition, while the latter follows the sociocognitive tradition (Johri et al. 2014). 

While no two learning environments are exactly alike (Wertsch 1993), we are able to make 

judgments about the best previously learned knowledge to apply to new learning environments 

based on common features (Engle 2006).  

An advantage of environmental monitoring systems that use in-situ sensors is the ability 

to collect, store, and transmit data in real-time, which can be used to create an environmental 

virtual or remote lab, where students can explore the environment, case studies, and live data. 

Virtual labs are software that simulate the real environment, whereas remote labs are conducted 

remotely across the Internet. Research has shown that virtual labs are effective in improving 

student understanding of engineering concepts (Baher 1999; Kollöffel and de Jong 2013; 

Koretsky et al. 2011). Remote labs, which allow users to be situated at the study site without 

physically being present, are also spreading within engineering curricula (Balamuralithara and 

Woods 2009; Gomes and Zubía 2008; Ma and Nickerson 2006). Remote labs rely on digital 

technology to provide remote access to users, and this technology is especially powerful when it 

is interactive (Crawford 2003).  
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Virtual and remote labs use multimedia to interactively convey data and information. 

Multimedia uses digital technology to reach users via multiple types of content, e.g. text, 

imagery, video and audio. Many types of interactive multimedia can be used in learning, e.g., 

open-ended learning environments, tutorials and games (Trollip and Alessi 2001), and the ways 

in which these alter the learning environment is known as mediation (Johri et al. 2014). Graphs 

and images are types of data representations that engineers often use to help them understand 

systems, and these representations are increasingly being communicated via digital technology. It 

is therefore critical to understand how mediation in the context of virtual and remote learning 

environments affects student learning.  

2.5.4 Other Water-Related Education Initiatives 

There is a growing use of watershed data and virtual labs in educational applications. In 

New York, water quality sensors have been employed to teach Science, Technology, Engineering, 

and Mathematics (STEM) principles to over 1,700 middle school and high school students across 

the state (Hotaling et al. 2012).  At the University of Northern Iowa, educators are developing an 

outdoor data acquisition and transmission site to teach hydrology concepts in the classroom (Iqbal 

2013). At UCLA, research has demonstrated an increase in student perceived learning in students 

who used a virtual laboratory, the Interactive Site Investigation Software (ISIS),  to perform field 

work such as executing hydraulic transport experiments, constructing wells, collecting 

groundwater samples, and submitting samples for laboratory testing (Harmon et al. 2002). 

Finally, at the University of North Carolina – Wilmington, students have designed the Basic 

Observation Buoy (BOB), which collects continuous aquatic and atmospheric parameters for 

education and research applications (Adams et al. 2012). All of these cases have recognized the 

value that hands-on environmental sensing has for educating students about real-time data, data 

collection methods, water quality, and hydrologic concepts. Applications such as these are 
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increasingly recognized as important in creating student-centered learning environments in 

hydrology education (Thompson et al. 2012). 
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3. A METHODOLOGY TO SELECT STORMFLOW SAMPLING 

FREQUENCIES USING REGIONAL REGRESSION 

TECHNIQUES 

This chapter is adapted from a manuscript to be submitted to Hydrological Processes titled A 

methodology to select stormflow sampling frequencies using regional regression techniques. Co-

authors include Dr. Randel L. Dymond and Dr. Vinod K. Lohani.  

 

Abstract: Surface water monitoring networks designed to capture stormwater runoff often utilize 

a combination of stream discharge and water quality sensors. Choosing a temporal sampling 

strategy that will reliably and accurately capture desired stormflow information can be a 

challenge when developing an effective surface water monitoring network. Inherent in stream 

discharge data is uncertainty from a number of sources, one of which can be inadequate temporal 

sampling. This study presents a methodology to (1) evaluate the uncertainty due to inadequate 

temporal sampling of stormflow with regard to capturing the volume, peak flow rate, and time to 

peak of a hydrograph, and (2) use autocorrelation and geomorphologic basin characteristics as 

input into regional regression to develop equations that can be used to select a stream discharge 

sampling frequency of a watershed under a specific level of uncertainty. A case study will be 

presented where the proposed methodology has been applied to 25 stream gages with watershed 

areas ranging between 30 and 11,865 km2 within the Valley and Ridge geomorphologic region of 

Virginia. Results indicate that autocorrelation of stormflow hydrographs, drainage area of the 

catchment, and time of concentration are statistically significant predictor variables in single-

variable regional regression analysis for estimating the site-specific stormflow sampling 

frequency at a given level of uncertainty. 
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Keywords: stormflow, stream discharge, regional regression, uncertainty, surface water 

monitoring, autocorrelation, sampling frequency 

3.1 Introduction 

Surface water monitoring networks are growing in adoption and scope due to the low 

costs of flow and water quality sensors, their ease of use, and in response to greater regulations. 

For example, the United States federal regulations such as the Total Maximum Daily Load 

(TMDL) and National Pollutant Discharge Elimination System (NPDES) programs (Sections 402 

and 303(d) of the U.S. Clean Water Act, respectively) require states to evaluate their surface 

water quality and enforce water quality standard compliance. In response to federal regulations, 

many states and localities have developed surface water monitoring networks to evaluate their 

watersheds (Hoogestraat 2015; Jastram 2014; Storms et al. 2015; City of Austin 2009; Gauron 

2015). These surface water monitoring networks often employ a mix of discharge and water 

quality measurement devices and methods to evaluate stream discharge and quality during storm 

events. Monitoring stormflow also has many applications beyond regulatory compliance within 

engineering, management, planning, and policy. For example, stormflow data is required for risk 

assessment, river management, water allocation, habitat assessment, reservoir operation, 

identifying climate driven trends, and drafting legislation (Burn et al. 2012; Hester et al. 2006; 

Marsh 2002). Hydrologic and hydraulic models also require reliable stormflow data for 

calibration, validation, and characterization of uncertainty. Additionally, engineering designs for 

river crossings, reservoirs, hydropower, urban stormwater, and flood protection are dependent 

upon stormflow data and are highly sensitive to the duration, magnitude, and frequency of 

discharges. Because of the wide range of processes and decisions that are dependent upon 

stormflow data, it is crucial that the data is as accurate as possible.  

Choosing a temporal sampling strategy that will reliably and accurately capture desired 

stormflow information can be a challenge when developing an effective surface water monitoring 
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network. Selecting a stream discharge sampling interval is often based upon engineering 

judgement and depends upon the hydrologic and hydraulic conditions, instruments used, purpose 

of the study, and available resources. While contemporary stream discharge measurement 

sensors, including Acoustic Doppler Velocimeters (ADV) and Acoustic Doppler Current Profilers 

(ADCP), are able to reliably collect velocity and stage measurements at intervals of 60 seconds or 

less, there are often constraints that limit the frequency of the measurements. For example, the 

sampling frequency of a sensor directly affects the power consumption and the capital needed to 

collect, process, and store data. Additionally, for many stormflow sampling locations, such as 

those that capture large watersheds with long hydrologic response times, sampling at fine 

temporal resolutions would result in a large amount of redundant data. This makes it a difficult 

task to balance the risk of oversampling with the desire to properly capture hydrologic responses 

of a watershed. Thus, it is frequently up to the hydrologist’s professional judgment to set a stream 

discharge sampling interval, often through an iterative process.   

Selecting an effective measurement frequency is important because it can be the cause of 

uncertainty in stream discharge data if it does not accurately capture the temporal resolution of 

stormflow. This uncertainty is categorized as epistemic uncertainty, defined as an inadequate 

knowledge of quantities that have a fixed value due to an inability to accurately measure or 

understand a system. Within stormwater monitoring, researchers have sought to understand the 

extent of epistemic uncertainty that can be attributed to the sampling interval (Maheepala et al. 

2001) and changing channel morphology over time (Petersen-Overleir et al. 2009; Westerberg et 

al. 2011). In the context of hydrologic modeling, uncertainty due to inadequate temporal sampling 

is often termed representational uncertainty or commensurability error, where the “effective 

values of variables or parameters in a model have a different meaning to variables or parameters 

with the same name that can be measured as a result of time or space scales” (Beven and Hall 

2014). While there has been extensive research on predictive and parameter estimation 
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uncertainty within hydrologic modeling literature (Stedinger et al. 2008; Schoups and Vrugt 

2010; Beven et al. 2011), there is only a small amount of literature attributed to the impact that 

discharge sampling frequency has on modeling (Kavetski et al. 2011). This uncertainty directly 

affects model results, as hydrologic-hydraulic models are built, calibrated, and validated using 

captured stormflow data.  

 Understanding uncertainty due to inadequate temporal sampling of stormflow is not only 

important for direct applications of water quantity data, it can also be used to evaluate water 

quality sampling strategies. There are a number of water quality constituents that have been found 

to have distinctive trends during stormflow events. Non-point source pollutants such as sediment, 

sediment-bound pollutants (e.g., phosphorous, nitrogen, metals, etc.), and dissolved pollutants 

(e.g., pesticides, nitrate, orthophosphate, etc.), tend to increase with the rising limb of a 

hydrograph, peak before or during peak flow, and decrease slowly on the receding limb 

(Domagalski 1996; Robertson and Roerish 1999; Bernal et al. 2002; Harmel and King 2005). In 

addition, there are many studies that use stream discharge as a surrogate parameter by correlating 

discharge data with water quality constituents (Vieux and Moreda 2003; Gray et al. 2009). Apart 

from the influence of stream discharge sampling frequencies, there is a wide range of literature on 

the impact that sampling frequency of water quality constituents has on estimating pollutant loads 

(Phillips et al. 1999; Horowitz 2003; King and Harmel 2004; Kirchner et al. 2004; Salles et al. 

2008; Bowes et al. 2009; Jordan and Cassidy 2011; McMillan et al. 2012). However, transfer of 

the knowledge of these studies through methodologies to select an optimal sampling frequency at 

a specific site is lacking. An exception is a study by King et al. (2005) that proposed methods that 

could be used to select a stormflow water quality sampling frequency to effectively capture a 

representative storm load using a dimensionless unit hydrograph and relationships between 

measured pollutant concentrations and stormflow hydrographs. 
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While it is generally understood that the frequency of stormflow data collection should 

reflect the time scale of hydrologic processes, there exists a knowledge gap between 

contemporary stream discharge sensors and selecting the best site-specific sampling frequency at 

which to deploy them. This is not a straightforward task as the movement of water in a watershed 

is complex and highly variable due to the number of dynamic interactions of heterogeneous 

climatic and geomorphologic basin properties. A stream discharge hydrograph represents the 

composite effects of all upstream processes and their interactions. This includes the integrated 

effects from small and large scale climate and weather patterns, land use, land cover, water use, 

hydrologic losses, surface runoff, interflow, and groundwater flow. Therefore, stream discharge is 

not something that will linearly scale from one basin to another based upon a property such as 

drainage area. One way to reconcile these challenges is to integrate stream discharge data from 

homogenous geomorphologic regions into a regression analysis, such as regional regression 

equations that predict the magnitude and frequency of peak flows for ungaged basins (IACWD 

1982). By incorporating empirical data into the methodology, these approaches account for the 

highly complex processes that produce stormflow. 

The purpose of this study is to present a methodology that (1) evaluates the uncertainty 

due to inadequate temporal sampling of stormflow with regard to capturing the volume, peak 

flow rate, and time to peak of a hydrograph, and (2) uses autocorrelation and geomorphologic 

basin characteristics as input into regional regression to develop equations that can be used to 

select a stream discharge sampling frequency of a watershed under an acceptable level of 

uncertainty. A case study will be presented where the proposed methodology has been applied to 

stormflow hydrographs captured at 25 stream gages within the Valley and Ridge geomorphologic 

region of Virginia. While this study looks exclusively at stream discharge data, results have 

implications for stream water quality constituents that are correlated with stormflow or dependent 
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upon discharge to transform concentrations into loads, as demonstrated by an example 

application. 

3.2 Methodology 

3.2.1 Evaluating Uncertainty due to Inadequate Temporal Sampling 

 A three step procedure is introduced to evaluate the uncertainty due to inadequate 

temporal sampling of stormflow and develop regression equations that can be used to select a 

stormflow sampling frequency of a watershed under a specific magnitude of uncertainty. The first 

step in the methodology is to quantify the uncertainty due to inadequate temporal sampling of 

stormflow at a stream discharge measurement site. This is done by evaluating captured stormflow 

hydrographs across a range of sub-sampled time intervals. One limitation to traditional sub-

sampling of stream discharge data, defined here as simulating a larger sampling interval for a 

given time series, is that the results of such an effort can be highly dependent upon where the sub-

sampled points occur in time. For example, traditional sub-sampling methods (e.g., Robertson 

and Roerish 1999; Maheepala et al. 2001; Bowes et al. 2009) simulate sampling at larger 

resolutions by increasing the time interval at which the time series is sampled. However, 

depending on when the sub-sampled stream discharge time series is initialized, it could capture or 

fail to capture the volume, peak flow, or time to peak of the original time series. The proposed 

method in this study overcomes this shortcoming to sub-sampling through a brute-force approach 

that evaluates an aggregate of all possible sub-sampled scenarios for a given time series. 

This process involves taking a captured stormflow hydrograph at a sampling location and 

computing the volume (V), peak flow (Qp) and time to peak (Tp) of the stormflow event. Then the 

time step of the hydrograph (𝑡𝑛) is incrementally increased or lagged using the following 

formula: 

 

𝑡 𝑛 =  𝑡0 + (𝑡0 ∗ 𝑛)    (Equation 1) 
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where 𝑡0 is the time step of the captured hydrograph and 𝑛 is the lag number. For each 

incremental time step or lag, the number of sub-sampled hydrographs that can be simulated is 

equal to 𝑛 +1, and each sub-sampled hydrograph is created by shifting forward the point of 

hydrograph initialization to: 

 

𝑥𝑖 = 𝑥0 + (𝑖 − 1) ∗ 𝑡0,        for 𝑖 = 1 𝑡𝑜 𝑛 + 1 (Equation 2) 

 

where 𝑖 is the ordinal number of sub-sampled hydrograph ℎ(𝑛, 𝑖) at lag 𝑛, 𝑥0 is the time at the 

first point in the captured time series, and 𝑥𝑖 is the time at the first point in sub-sampled 

hydrograph ℎ(𝑛, 𝑖).  For example, Figure 3.1 illustrates the two lagged hydrographs, ℎ(1,1) and 

ℎ(1,2), developed from a captured 5 minute (𝑡0) stormflow hydrographs at lag 1. In this 

hypothetical example, ℎ(1,1) initialized at 𝑥0 (0 min), ℎ(1,2) is initialized at 𝑥1 (5 min), and both 

are developed using a time step of 30 minutes (𝑡1). 

 

Fig. 3.1. Example of lagged hydrographs 

Using this process, all possible sub-sampled hydrographs are constructed for each time 

lag and the characteristics of the sub-sampled hydrographs (V, Qp, and Tp) are computed. These 

are then compared with the original captured characteristics to evaluate the uncertainty due to 
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temporal sampling, defined here as the average change in a hydrograph characteristic at a time 

lag, and represented by the following equation: 

 

∆𝑌̅̅̅̅ =  
1

𝑛+1
∑

(|𝑌𝑖−𝑌0|)

𝑌0

𝑛+1
𝑖=1                                              (Equation 3) 

 

where (∆𝑌̅̅̅̅ )  is the average deviation in a hydrograph characteristic V, Qp, or Tp; 𝑌𝑖 is the value of 

V, Qp, or Tp  for the sub-sampled hydrograph at step 𝑖; and 𝑌0 is the value of V, Qp, or Tp for the 

observed hydrograph (𝑛 = 0). At each lag, Equation 3 is used to compute (∆𝑌̅̅̅̅ ) for all of the 

hydrograph characteristics (V, Qp, and Tp), and the process is repeated for consecutive lags (𝑛) 

until a maximum limit (𝑛𝑚𝑎𝑥) is reached.  

This procedure (Equation 3) is applied to a number of stormflow hydrographs captured at 

a single sampling location and the data is aggregated together in order to develop a model that 

predicts ∆𝑌̅̅̅̅  at the site as a function of the sampling interval. By analyzing ∆𝑌̅̅̅̅  at a site over a 

number of storms representing variations in duration and intensity, a general relationship can be 

established between a temporal sampling frequency and the uncertainty, or average deviation in a 

hydrograph characteristic, using least squares regression (Equation 4). The general linear form of 

the equation is: 

 

∆𝑌̅̅̅̅ = 𝑎 + 𝑏 ∗ 𝑆𝐼                                                      (Equation 4) 

 

where 𝑎 and  𝑏 are regression constants; and 𝑆𝐼 is the sampling interval in minutes. Equation 4 is 

tested for the assumptions of linear regression, and where the assumptions are violated, the 

equation is modified by either adding another regressor, or logarithmically transforming the 

independent and/or dependent variables. The outcome from Equation 4 can then be applied to 

assess the uncertainty associated with different time-based sampling strategies.                         

There are a number of limitations to this methodology. The first is that this is a 

contraction approach, which means this method is only able to assess sampling strategies of 
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larger time intervals than originally captured. It assumes 𝑌0 represents physical truth and is 

therefore dependent on continuous datasets at temporal frequencies that adequately reflect the 

time scale of stormflow. This method also assumes that the storms used as input are truly 

representative of the events that will occur within the watershed and are not skewed due to 

homogeneity in size, intensity, seasonality, and duration.   

Another limitation to this method is the reliance on the certainty of the measured stream 

discharge data to compute 𝑌0. While stream discharge uncertainty can come from inadequate 

temporal sampling, it can also come from other sources and must be taken into consideration 

when interpreting results based upon stream discharge data. For example, uncertainty can come 

from methods where discharge is measured indirectly such as stage-discharge, stage-area, and 

index-velocity rating curves. When flow is measured directly, uncertainty can also occur from 

within the sensors themselves. Aguilar et al. (2015), found in a laboratory experiment that the 

standard deviation in velocity measurements from Acoustic Doppler Velocimeters (ADVs) under 

steady flow conditions ranged between ±0.207 – 0.710 inches, and ±0.176 – 0.631 ft/s 

respectively, and when propagated and applied to discharge estimation in the field, resulted in 

field discharge uncertainties of between 13% – 256% of the observation. Others have found 

uncertainty ranges of 20% for ADVs (McIntyre and Marshall 2008) and 5.8% standard deviation 

for Acoustic Doppler Current Profilers (ADCPs) (Oberg and Mueller 2007). Taken as a whole, 

the uncertainty in the methods and sensors to measure flow greatly influence the accuracy of flow 

estimates. For example, Harmel et al. (2006) found that the cumulative uncertainty for stream 

discharge measurements ranges between 6% and 19% and in a review of discharge uncertainty, 

McMillan et al. (2012) found confidence bounds for relative discharge errors to typically range 

between 50–100% for low flows, 10–20% for medium or high (in-bank) flows, and a single 

estimate of 40% for out of bank flow. 
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3.2.2 Autocorrelation 

The second step of the method is to extract parameters that will be used as input into 

regional regression analysis for predicting a site-specific stormflow sampling frequency. The first 

parameter is developed by applying autocorrelation to each storm in order to analyze the strength 

of correlation between points next to each other in a stream discharge time series at increasing 

time intervals. Autocorrelation represents the effect of a variable 𝑥 (stormflow) on itself at 

increasing time lags, with the strength of the correlation expressed by the correlation coefficient 

𝑟𝑘  given by Equation 5: 

 

𝑟𝑘 =
∑ (𝑥𝑖−�̅�)∗(𝑥𝑖+𝑘−�̅�)𝑛−𝑘

𝑖=1

∑ (𝑥𝑖−�̅�)2𝑛
𝑖=1

                               (Equation 5) 

 

where 𝑟𝑘 is the autocorrelation coefficient at lag 𝑘; 𝑛 is the number of points in the stormflow 

time series; �̅� is the average value of the single stormflow event; and 𝑥𝑖 is the value of the 

stormflow at time step 𝑖 (Box et al., 2015). 

Autocorrelation has a number of applications in hydrological time series analysis. In 

surface water, autocorrelation is used to characterize catchment responses to storms (Zabaleta and 

Antigüedad 2012) and by climate scientists attempting to separate long-term trends from 

autocorrelation in hydrologic and water quality trend studies (Hamed and Rao 1998; Pagano and 

Garen 2005). In groundwater studies autocorrelation is sometimes used to assess stormwater 

responses in wells (Lee and Lee 2000). Autocorrelation is also used to assess discharge 

hydrographs in karst aquifers, where the shape and slope of the autocorrelogram from karst spring 

discharge is used to determine the frequency, amount, intensity, and type of input precipitation 

(i.e., rain or snow) (Stevanovic 2015). While many of these applications look at trends that occur 

over a long period of time, the proposed methodology in this study is focused on an aggregate of 

individual precipitation based events. 
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When a stormflow hydrograph is assessed, it is clear that history has an effect on points 

in the time series. For example, a point in a stream discharge time series is influenced by the flow 

that occurred a minute before, 2 minutes before, etc., in the same way that a point influences the 

flow rate a minute later, 2 minutes later, etc. The degree of this interdependence is largely a 

function of the rate of increase or recession of a storm, the sampling frequency of the data points, 

and the ratio of the maximum to minimum flows. Hydrographs sampled at high-frequencies can 

be expected to exhibit a larger amount of autocorrelation than those at lower frequencies because 

of the influence that a shorter memory will have on each point in the time series. 

In this step, the autocorrelation function (Equation 5) is applied to the same set of 

selected stormflow hydrographs as from the first step (Equations 3 & 4). Then the 

autocorrelogram, or autocorrelation value as a function of the lag interval, of all stormflow 

hydrographs are aggregated together for each site and a model is fit to the autocorrelogram data 

using least squares regression. The general linear form of the equation is show in Equation 6: 

 

𝑟𝑘 = 𝑎 + 𝑏 ∗ 𝑆𝐼                                                        (Equation 6) 

 

where 𝑟𝑘 is the autocorrelation coefficient, 𝑎 and 𝑏 are regression coefficients, and 𝑆𝐼 is the 

sampling interval. Equation 6 is tested for the assumptions of linear regression, and where the 

assumptions are violated, the equation is modified by either adding another regressor, or 

logarithmically transforming the independent and/or dependent variables. 

The purpose of performing autocorrelation on stormflow hydrographs is to use a 

characteristic of the autocorrelogram as an input variable into regional regression analysis. In this 

case, it is done by selecting an autocorrelation threshold value, and using the time or sampling 

interval (𝑆𝐼) associated with that value as a predictor variable in regionalized regression. For this 

analysis, the time at which  𝑟𝑘 = 0.2  (𝑡0.2) from Equation 5 was selected as the threshold value 

for which the autocorrelogram would be analyzed. This value corresponds with other researchers 
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who have found 𝑟𝑘 = 0.2 to be an acceptable threshold, below which the autocorrelation value of 

a time series is equal to the autocorrelation of noise, or the point at which the system effectively 

no longer has “memory” (Mangin 1984; Stevanovic 2015).  

3.2.3 Geomorphologic Basin Characteristics 

In addition to 𝑡0.2, geomorphologic basin characteristics were developed as input 

variables into regional regression analysis. These include basin characteristics that are 

computationally intensive to extract, such as mean travel time and mean channel velocity, but are 

representative of the physical processes that produce stormflow (Hodges et al. 2015). Taken as a 

whole, the geomorphologic basin characteristics that were considered in this analysis include 

drainage area, isochronal area, mean basin slope, mean focal slope, drainage density, mean 

elevation, mean curve number, time of concentration, overland mean velocity, overland minimum 

velocity, channel mean velocity, channel minimum velocity, concentrated mean velocity, 

concentrated minimum velocity, average velocity, mean travel time, and maximum length 

isochrone. This approach is similar to other types of regionalized regression techniques that use 

geomorphologic basin characteristics as input parameters, such as those that seek to estimate the 

magnitude and frequency of flood or low flow quantiles (Thomas and Benson 1970; Feaster et al. 

2014; Watson and McHugh 2014).  

3.2.4 Regional Regression Analysis 

 The final step is to develop a relationship between the sampling interval associated with 

∆𝑌̅̅̅̅  and the independent variables (𝑡0.2 or geomorphologic basin characteristics) using least 

squares regression. This results in equations to predict a sampling interval associated with a level 

of uncertainty, or specific deviation in ∆𝑌̅̅̅̅ , as shown in the following equation: 

 

𝑆𝐼( ∆𝑌̅̅̅̅ ) = 𝑎 + 𝑏 ∗ 𝑥                                              (Equation 7) 
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where 𝑆𝐼( ∆𝑌̅̅̅̅ ) is the predicted sampling interval for a value of  ∆𝑌̅̅̅̅  derived from Equation 4, 𝑎 

and 𝑏 are regression constants, and 𝑥 is the independent variable. Equation 7 is tested for the 

assumptions of linear regression, and where the assumptions are violated, the equation is 

modified by either adding another regressor, or logarithmically transforming the independent 

and/or dependent variables.  

The goodness of fit metrics to evaluate the predictive power of the model include the 

coefficient of determination (R2), the Normalize Root Mean Square Error (NRMSE), the average 

standard error of prediction (𝑆𝑝), and the average standard error of prediction as a percentage of 

the mean sampling interval (𝑆𝑝%). The NRMSE is provided by the following equation: 

 

𝑁𝑅𝑀𝑆𝐸 =  
𝑅𝑀𝑆𝐸

𝑦𝑚𝑎𝑥−𝑦𝑚𝑖𝑛
    (Equation 8) 

  

where 𝑦𝑚𝑎𝑥 is the maximum and 𝑦𝑚𝑖𝑛 is the minimum 𝑆𝐼( ∆𝑌̅̅̅̅ ) for the 25 sites, and 𝑅𝑀𝑆𝐸 is 

represented by the following equation: 

 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑦�̂�−𝑦)𝑛

𝑖=1

𝑛
    (Equation 9) 

 

where 𝑦 is the regression dependent variable, 𝑦�̂� is the predicted value for site 𝑖, and 𝑛 is the 

number of sites.  

 The 𝑆𝑝 represents the average distance that the observed values fall from the regression 

line, which in this case is represented as time in minutes. The 𝑆𝑝 is developed by taking the 

average of the standard error of prediction computed using the following equation: 

 

𝑆𝑝(�̂�) = �̂�√
1

𝑛
+

(𝑥−�̅�)2

∑ (𝑥𝑖−�̅�)2𝑛
𝑖=1

   (Equation 10) 

 

where 𝑆𝑝(�̂�) is the standard error of the prediction �̂�, 𝑥 is the explanatory variable, and �̂� is the 

standard deviation represented by the following equation:  
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�̂� = √
1

𝑛−2
∑ (𝑦𝑖 − �̂�𝑖)2𝑛

𝑖=1    (Equation 11)                                 

 

 All four indicators can be used to evaluate the goodness-of-fit of the model to the 

observed data, but there are unique differences between them that are helpful in evaluating the 

results of this analysis. The R2 and NRMSE indicate the relative (to the mean) and normalized 

absolute fit of the model, respectively. The 𝑆𝑝 represents the accuracy of the predictions and is 

useful in its interpretation as it is given in the same units as the response variable (𝑆𝐼( ∆𝑌̅̅̅̅ )). 

Finally, 𝑆𝑝% is helpful in interpreting the effects of scale on 𝑆𝑝 by normalizing the coefficient 

relative to the mean.  

3.2.5 Case Study 

 For the case study, 25 USGS stream gage sites in the Valley and Ridge physiographic 

region of Virginia were chosen for analysis (Figure 3.2). USGS sites were used because they 

represent accurate and reliable continuous (15 minute) stream discharge data and are easily 

accessible through the nearly 15,000 continuous monitoring stations across the United States 

(U.S. Geological Survey, Real-Time Water Data for the Nation. Accessed April, 2016. 

http://waterdata.usgs.gov/nwis/rt). Restricting analysis to a single homogeneous physiographic 

region reduces the chance that data is skewed by heterogeneous physical geographic or climactic 

conditions. The watersheds used in the analysis also represent a range of drainage areas so that 

differences due to scale would be present (Table 3.1).  

http://waterdata.usgs.gov/nwis/rt
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Fig. 3.2. Stream gage locations within Valley and Ridge physiographic province of Virginia 

Table 3.1. Stream Sites Descriptive Summary (n=25) 

  Max Min Median 

Drainage Area (km2) 11,865 30 668 

Mean CN 73 66 69 

Mean Elev (m) 963 336 626 

Time of Concentration (min) 5,481 198 1,536 

Slope (m/m) 0.37 0.14 0.25 

 

 A range of storms were evaluated at the selected sites and it was determined that there 

was a significant difference between seasonal storms, primarily between storms that were rainfall 

and those that were dominated by snowfall. This is to be expected as hydrographs that result from 

snowfall and subsequent snow melt have a delayed peak flow and time of concentration as 

compared to rainfall events. Therefore, storms that were dominated by rainfall were chosen for 

this analysis. At each of the 25 sites, 8 storm hydrographs occurring between 2011 – 2015 were 

selected as input into the evaluation of the uncertainty due to temporal sampling (Equation 3). 

The storms were intentionally selected over a relatively short time span (3 years) so as not to be 
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heavily influenced by land cover or climatic changes. These hydrographs also represent a range in 

size and duration with an average coefficient of variation in volume, peak flow, and time to peak 

of 1.1, 1.0, and 0.4 respectively. For example, USGS site 020551000 has a min, max, and median 

volume of 375,480 ft3, 15,012,900 ft3, and 4,867,650 ft3, a min, max, and median peak flow of 

314 ft3/s, 2,273 ft3/s, and 646 ft3/s, and a min, max, and median time to peak of 90 min, 225 min, 

and 135 min, respectively. 

3.3 Results and Discussion 

3.3.1 Uncertainty due to Inadequate Temporal Sampling 

The uncertainty of hydrograph characteristics due to inadequate temporal sampling (∆𝑌̅̅̅̅ ) 

was computed using Equation 3 for all stormflow hydrographs up to a lag interval of 1 day (i.e., 

𝑛𝑚𝑎𝑥 = 96), which resulted in the analysis of 4,655 sub-sampled hydrographs for each storm. 

Then least squares regression was applied to the aggregated results to develop a relationship 

between ∆𝑌̅̅̅̅  and stormflow sampling intervals (𝑆𝐼) at each site.  An example of the evaluation of 

time base sampling strategies at a stream gage location is shown in Figure 3.3, which plots the 

deviation in ∆𝑌̅̅̅̅  (i.e., ∆𝑉̅̅̅̅ , ∆𝑄𝑝
̅̅ ̅̅ ̅, and ∆𝑇𝑝

̅̅ ̅̅ ̅) as a result of the sampling interval (𝑆𝐼 = 15, 30….1440 

min), as well as the least squares regression model fit to the aggregated stormflow hydrographs 

for USGS site 01625000. The figure illustrates that while there are unique patterns in ∆𝑌̅̅̅̅   for each 

storm, they follow a similar trend. The trends in the volume (Figure 3.3a), peak flow (Figure 

3.3b) and time to peak (Figure 3.3c) exhibited non-linearity and were fit with models using a log-

log transformation. In comparing the model fit, the R2 value is highest for peak flow, followed by 

time to peak and volume. This trend was consistent across all sites with an average R2 of 0.79, 

0.76, and 0.75 for ∆𝑄𝑝
̅̅ ̅̅ ̅, ∆𝑇𝑝

̅̅ ̅̅ ̅, and ∆𝑉̅̅̅̅  respectively. 
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Fig. 3.3. Plots of ∆𝑌̅̅̅̅  and least squares models for  ∆𝑉̅̅̅̅  (a), ∆𝑄𝑝
̅̅ ̅̅ ̅ (b) and ∆𝑇𝑝

̅̅ ̅̅ ̅  (c) using 8 stormflow 

hydrographs from USGS site 01625000 

A summary of the deviation in captured volume, peak flow, and time to peak at different 

sampling intervals (1, 6, 12, and 24 hours) across all 25 sites is shown in Table 3.2. As illustrated, 

∆𝑄𝑝
̅̅ ̅̅ ̅ consistently has a greater average deviation than that of ∆𝑉̅̅̅̅ . This is because in all cases the 

peak flow can never be greater than the captured peak. On the other hand, the volume of a 

hydrograph is the composite interaction of the x-axis (time) and the y-axis (flow), and while 

increasing the sampling interval reduces the chance of capturing peak discharges, the time 

multiplier increases accordingly. The greatest level of uncertainty as a function of the sampling 

interval among the three was found in ∆𝑇𝑝
̅̅ ̅̅ ̅. This can be expected as extending the sampling 

interval places an incrementally greater minimum threshold on the time to peak. For example, at 

any given sampling interval, the minimum time to peak is equal to that of the sampling interval, 

while peak flow and volume are not held to the same restrictions. 
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Table 3.2. Summary of ∆Y̅̅̅̅   % at Discrete Sampling Frequencies Across All Sites 

Sampling 

Frequency 

Vol  Peak  Time to Peak 

Min  Max Median  Min  Max Median  Min  Max Median 

1 hr 0% 2% 0%  0% 10% 0%  0% 14% 1% 

3 hr 0% 13% 1%  0% 32% 3%  6% 102% 14% 

6 hr 0% 30% 2%  1% 53% 7%  13% 240% 35% 

12 hr 1% 56% 6%  3% 71% 17%  27% 515% 80% 

24 hr 4% 79% 16%  9% 83% 30%  54% 1066% 172% 

 

Another way to evaluate the results is to look at the coefficient of variation of the 

hydrograph characteristics for each lag. This evaluates the uncertainty in the volume, peak flow, 

and time to peak relative to the mean of the sub-sampled hydrographs as opposed to ∆𝑌̅̅̅̅ , which 

evaluates the uncertainty relative to the true value (Equation 3). An example of how the 

coefficient of variation compares with ∆𝑌̅̅̅̅  is illustrated below in Figure 3.4 with a representative 

storm that occurred on August 19th, 2015 at USGS site 02055100. As illustrated, the coefficient of 

variation and ∆𝑌̅̅̅̅  generally follow a similar trend for the volume (Figure 3.4a) and peak flow rate 

(Figure 3.4b); however, as  ∆𝑇𝑝
̅̅ ̅̅ ̅ increases with the sampling interval, the coefficient of variation 

remains low and even decreases slightly over time (Figure 3.4c). This is because as the sampling 

interval increases to a value equal to or greater than the true time to peak, the majority of sub-

sampled hydrographs have a time to peak equal to that of the sampling interval. This is 

demonstrated further in Figure 3.4d, which illustrates that as the sampling interval increases, the 

mean time to peak gradually converges to a one-to-one line. This highlights that while any 

sampling frequency theoretically has a chance to capture the true peak flow rate or volume of a 

stormflow event, the same is not true for capturing the time to peak if the sampling interval is 

greater than that of the true time to peak. 
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Fig. 3.4. ∆𝑌̅̅̅̅  and coefficient of variation as a function of the sampling interval for a storm on 

August 19th, 2015 at USGS site 02055100 for volume (a), peak flow (b), and time to peak (c); and 

the mean time to peak as a function of the sampling interval (d); (note that the graphs contain a 

large number of data points and are not theoretical curves) 

3.3.2 Autocorrelation 

The autocorrelation function was applied to all stormflow hydrographs (Equation 5), the 

resulting autocorrelograms were aggregated, and a least squares regression model was fit to the 

aggregated autocorrelograms for each site (Equation 6). All least squares regression assumptions 

were tested and validated, and it was found that the data exhibited a strong polynomial trend. The 

goodness of fit for the models across all sites exhibited a maximum, minimum, and median R2 

value of 0.95, 0.53, and 0.78, respectively. From this, the 𝑡0.2 was computed for each site, with a 

maximum, minimum and median 𝑡0.2 of 2,162 minutes, 301 minutes, and 1,426 minutes, 
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respectively. The magnitude of 𝑡0.2  and slope of the autocorrelograms provide insights into the 

response of surface runoff in a basin.  

Figure 3.5 illustrates how the shape of the autocorrelogram varies widely depending on 

the site. USGS site 01629500 is large (3,553 km2) and has a gradual slope of the autocorrelogram 

with 𝑡0.2 =  1,951 min, while USGS site 02055100 is much smaller in area by a factor of more 

than 100 (30 km2) and has a steeper slope with 𝑡0.2 =  301 min.  This is largely due to the fact 

that basins with larger response times have more sampling points on the rising and falling limb of 

the hydrograph and a slower rate of hydrograph rise and recession. Therefore, points along the 

discharge time series will have a greater effect on each other as compared to those that represent 

basins with shorter response times and quicker rates of hydrograph rise and recession.  

 

 
 

Fig. 3.5. Autocorrelograms for USGS sites 01629500 (left) and 02055100 (right) 

3.3.3 Predictor Equations using Autocorrelation 

The relationship between 𝑆𝐼( ∆𝑌̅̅̅̅ )and the time at which the autocorrelation coefficient 

reached 0.2 (𝑡0.2) was evaluated, all least squares regression assumptions were tested, and it was 

found that the data exhibited a strong log-log relationship. The log-log form of the model is 

similar to other regional stream discharge studies, such as those that related low-flow or peak-

flow statistics to geomorphologic basin parameters (Thomas and Benson 1970; Feaster et al. 

2014; Watson and McHugh 2014).  Table 3.3 contains the equations and goodness of fit metrics 
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(R2, NRMSE, Sp and Sp%) for predicting the sampling interval that captures the volume, peak flow 

and time to peak associated with a specific level of uncertainty. As illustrated, the volume and 

peak flow generally have a similar goodness of fit with average R2 values of 0.78 and 0.83, 

respectively. The ∆𝑇𝑝
̅̅ ̅̅ ̅ demonstrates the lowest goodness of fit with an average R2 of 0.66, 

highlighting the difficulty in predicting the timing of a hydrograph, which is often dependent not 

only on physical basin characteristics but the characteristics of rainfall – a variable not considered 

in this methodology. 

Table 3.3. Predictor Equations with t0.2 as Independent Variable 

Variable ∆𝑌̅̅̅̅  (%) Equation R2 NRMSE Sp Sp(%) 

Volume 2.5 Log(SI(∆𝑌̅̅̅̅ )) = -.78 + 1.14*log(𝑡0.2) 0.79 0.16 66 0.10 

5 Log(SI(∆𝑌̅̅̅̅ )) = -.54 + 1.12*log(𝑡0.2) 0.79 0.16 102 0.10 

10 Log(SI(∆𝑌̅̅̅̅ )) = -.31 + 1.11*log(𝑡0.2) 0.78 0.15 161 0.11 

15 Log(SI(∆𝑌̅̅̅̅ )) = -.18 + 1.1*log(𝑡0.2) 0.78 0.15 213 0.11 

20 Log(SI(∆𝑌̅̅̅̅ )) = -.08 + 1.09*log(𝑡0.2) 0.77 0.15 260 0.11 

30 Log(SI(∆𝑌̅̅̅̅ )) = .05 + 1.08*log(𝑡0.2) 0.76 0.15 346 0.12 

Peak 

Flow 
2.5 Log(SI(∆𝑌̅̅̅̅ )) = -2.79 + 1.65*log(𝑡0.2) 0.81 0.19 32 0.12 

5 Log(SI(∆𝑌̅̅̅̅ )) = -2.08 + 1.49*log(𝑡0.2) 0.83 0.19 47 0.11 

10 Log(SI(∆𝑌̅̅̅̅ )) = -1.38 + 1.34*log(𝑡0.2) 0.84 0.16 69 0.09 

15 Log(SI(∆𝑌̅̅̅̅ )) = -.96 + 1.25*log(𝑡0.2) 0.84 0.15 89 0.09 

20 Log(SI(∆𝑌̅̅̅̅ )) = -.67 + 1.19*log(𝑡0.2) 0.85 0.14 107 0.09 

30 Log(SI(∆𝑌̅̅̅̅ )) = -.26 + 1.1*log(𝑡0.2) 0.84 0.14 142 0.09 

Time to  

Peak 
2.5 Log(SI(∆𝑌̅̅̅̅ )) = -1.57 + 1.04*log(𝑡0.2) 0.67 0.18 5 0.10 

5 Log(SI(∆𝑌̅̅̅̅ )) = -1.33 + 1.05*log(𝑡0.2) 0.67 0.18 10 0.10 

10 Log(SI(∆𝑌̅̅̅̅ )) = -1.09 + 1.06*log(𝑡0.2) 0.67 0.18 19 0.10 

15 Log(SI(∆𝑌̅̅̅̅ )) = -.95 + 1.06*log(𝑡0.2) 0.66 0.18 28 0.11 

20 Log(SI(∆𝑌̅̅̅̅ )) = -.85 + 1.07*log(𝑡0.2) 0.66 0.18 36 0.11 

30 Log(SI(∆𝑌̅̅̅̅ )) = -.71 + 1.07*log(𝑡0.2) 0.66 0.18 54 0.11 

Note: SI(∆𝑌̅̅̅̅ ) = sampling interval (min); t0.2 = time at 0.2 rk (min); NRMSE = normalized root mean square 

error; Sp = avg. standard error of prediction 

 

There are a number of reasons why autocorrelation could be a strong indicator of  ∆𝑌̅̅̅̅ . 

The first is that the autocorrelation function and the ∆𝑌̅̅̅̅  function perform similar steps in their 

analysis. For example, each is evaluating a particular effect on a time series at increasing time 

intervals. Autocorrelation looks at the relationship of a point in the time series to points before 
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and after it, at increasing lags. The strong dependence on one value in a hydrograph on the point 

before and after it suggest that the closer these points are to one another in time, the stronger this 

correlation will be. Similarly, the ∆𝑌̅̅̅̅  function evaluates the change in performance characteristics 

of a hydrograph at increasing time lags. The closer the sampling interval is to the captured time 

interval, the smaller this change can be expected to be. Additionally, both methods average these 

changes over every point in the time series. Autocorrelation looks at the relationship of every 

point in the time series to adjacent points at increasing time lags, and the ∆𝑌̅̅̅̅  function covers 

every point by evaluating the average change in a characteristic of sub-sampled hydrographs over 

a range of storm initializations (Equation 2). 

While the methodology to develop ∆𝑌̅̅̅̅  values is in essence a contraction approach (i.e., it 

cannot analyze sampling frequencies smaller than the interval at which discharge is captured), the 

autocorrelation method proposed here is not restricted by the sampling frequency of the captured 

hydrograph. For example, the captured 15 minute time series from USGS gage 01613900 was 

sub-sampled (traditionally) to a 1 hr and 6 hr time series. The autocorrelation function was then 

applied to the sub-sampled stormflow hydrographs, and a regression model was applied to the 

aggregated autocorrelograms as a function of sampling interval (Figure 3.6). As shown, the 

autocorrelograms follow the same trends and the 𝑡0.2 for sampling intervals of 15, 60, and 360 

minutes are fairly close (614, 625, and 641 minutes respectively). The difference in 𝑡0.2 can be 

attributed to the fact that at larger sampling intervals, there is a substantial amount of time series 

information that is missing due to sub-sampling.  
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Fig. 3.6. Autocorrelograms, model, and goodness-of-fit for data captured at 15 minute (left), 60 

minute (center) and 360 minute (right) intervals. 

The applicability of the autocorrelation information across a range of captured time 

intervals is further illustrated in Table 3.4 by applying 𝑡0.2 for 15, 60, and 360 minute data in 

Figure 3.6 to the predictor equations from Table 3.3. As illustrated, at different captured sampling 

intervals, there is only minor deviation in the sampling interval at specified ∆𝑌̅̅̅̅  deviations (2% 

average at 60 minutes; 4% average at 360 minutes). Therefore, this analysis suggests that the 

equations could be used to determine if a sampling strategy efficiently captures volume, peak 

flow, and time to peak even if the captured sampling interval is sub-optimal. 

Table 3.4. Results from ∆𝑌̅̅̅̅  Autocorrelation Predictor Equations 

    Captured Sampling Interval 

∆𝑌̅̅̅̅  Deviation Variable 15 min 60 min 360 min 

2.50% 

Volume 175 179 185 

Peak Flow 65 66 69 

Time to Peak 64 64 65 

 

The ability to evaluate a range of time-based sampling strategies is useful in the 

application of these equations. While the methodology to develop the equations assumes that the 

discharge data used as input in the analysis is captured at a temporal resolution adequately 

representative of stormflow runoff, the data used for input into the regional predictor equations in 

Table 3.3 makes no such assumptions about the data. Therefore, regardless of the sampling 

poly 

rk 
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interval, nearly any time-based discharge data can be used to assess the effectiveness of temporal 

sampling.  Additionally, while the methodology to construct ∆𝑌̅̅̅̅   is time intensive both in terms 

of computation and man-hours, autocorrelation is fairly straight forward and can be done using a 

range of statistical software including JMP and Microsoft Excel, among others.  

3.3.4 Predictor Equations using Basin Characteristics 

 Predictor equations were also developed using geomorphologic basin characteristics as 

input variables into regional regression analysis. The resulting equations from this analysis are 

shown in Tables 3.5 and 3.6, which were developed using drainage area (A) and time of 

concentration (Tc) as input parameters. The only other parameter that demonstrated statistically 

significant results was mean travel time; however, these results were not significantly better than 

those developed using Tc. Therefore, the equations using Tc as input are shown due to their ease 

of use and application. 
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Table 3.5. Predictor Equations with Drainage Area as Independent Variable 

Variable ∆𝑌̅̅̅̅  (%) Equation R2 NRMSE Sp Sp (%) 

Volume 2.5 Log(SI(∆𝑌̅̅̅̅ )) = 1.76 + .35*log(A) 0.70 0.11 41 0.06 

5 Log(SI(∆𝑌̅̅̅̅ )) = 1.95 + .35*log(A) 0.65 0.13 80 0.08 

10 Log(SI(∆𝑌̅̅̅̅ )) = 2.14 + .35*log(A) 0.65 0.12 122 0.08 

15 Log(SI(∆𝑌̅̅̅̅ )) = 2.25 + .34*log(A) 0.64 0.12 159 0.08 

20 Log(SI(∆𝑌̅̅̅̅ )) = 2.33 + .34*log(A) 0.64 0.12 193 0.08 

30 Log(SI(∆𝑌̅̅̅̅ )) = 2.44 + .34*log(A) 0.63 0.12 256 0.09 

Peak 

Flow 
2.5 Log(SI(∆𝑌̅̅̅̅ )) = .91 + .49*log(A) 0.67 0.14 22 0.08 

5 Log(SI(∆𝑌̅̅̅̅ )) = 1.27 + .45*log(A) 0.64 0.18 44 0.10 

10 Log(SI(∆𝑌̅̅̅̅ )) = 1.64 + .4*log(A) 0.64 0.15 61 0.08 

15 Log(SI(∆𝑌̅̅̅̅ )) = 1.86 + .37*log(A) 0.63 0.14 77 0.08 

20 Log(SI(∆𝑌̅̅̅̅ )) = 2.02 + .35*log(A) 0.63 0.13 94 0.08 

30 Log(SI(∆𝑌̅̅̅̅ )) = 2.24 + .32*log(A) 0.61 0.13 127 0.08 

Time to  

Peak 
2.5 Log(SI(∆𝑌̅̅̅̅ )) = .78 + .3*log(A) 0.53 0.14 4 0.07 

5 Log(SI(∆𝑌̅̅̅̅ )) = 1.03 + .32*log(A) 0.51 0.18 9 0.09 

10 Log(SI(∆𝑌̅̅̅̅ )) = 1.26 + .33*log(A) 0.54 0.17 17 0.09 

15 Log(SI(∆𝑌̅̅̅̅ )) = 1.4 + .34*log(A) 0.56 0.17 24 0.09 

20 Log(SI(∆𝑌̅̅̅̅ )) = 1.5 + .34*log(A) 0.57 0.17 31 0.09 

30 Log(SI(∆𝑌̅̅̅̅ )) = 1.64 + .35*log(A) 0.58 0.16 45 0.09 

Note: SI(∆𝑌̅̅̅̅ ) = sampling interval (min) A = drainage area (km2); NRMSE = normalized root mean square 

error; Sp = avg. standard error of prediction 
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Table 3.6. Predictor Equations with Time of Concentration as Independent Variable 

Variable ∆𝑌̅̅̅̅  (%) Equation R2 NRMSE Sp Sp (%) 

Volume 2.5 SI(∆𝑌̅̅̅̅ ) = 258.68 + .22*Tc 0.75 0.13 52 0.08 

5 SI(∆𝑌̅̅̅̅ ) = 431.85 + .32*Tc 0.64 0.14 94 0.09 

10 SI(∆𝑌̅̅̅̅ ) = 631.98 + .49*Tc 0.63 0.14 146 0.10 

15 SI(∆𝑌̅̅̅̅ ) = 788.89 + .63*Tc 0.61 0.14 192 0.10 

20 SI(∆𝑌̅̅̅̅ ) = 922.9 + .75*Tc 0.61 0.14 233 0.10 

30 SI(∆𝑌̅̅̅̅ ) = 1150.45 + .96*Tc 0.59 0.14 309 0.11 

Peak 

Flow 
2.5 SI(∆𝑌̅̅̅̅ ) = 59.97 + .11*Tc 0.85 0.12 19 0.07 

5 SI(∆𝑌̅̅̅̅ ) = 154.93 + .16*Tc 0.68 0.17 43 0.10 

10 SI(∆𝑌̅̅̅̅ ) = 281.29 + .25*Tc 0.69 0.15 67 0.09 

15 SI(∆𝑌̅̅̅̅ ) = 400.21 + .32*Tc 0.68 0.15 89 0.09 

20 SI(∆𝑌̅̅̅̅ ) = 514.9 + .38*Tc 0.66 0.15 110 0.09 

30 SI(∆𝑌̅̅̅̅ ) = 736.45 + .49*Tc 0.63 0.14 150 0.09 

Time to  

Peak 
2.5 SI(∆𝑌̅̅̅̅ ) = 24.17 + .01*Tc 0.66 0.15 4 0.08 

5 SI(∆𝑌̅̅̅̅ ) = 50.15 + .03*Tc 0.52 0.18 9 0.10 

10 SI(∆𝑌̅̅̅̅ ) = 89.01 + .05*Tc 0.55 0.17 18 0.10 

15 SI(∆𝑌̅̅̅̅ ) = 124.4 + .08*Tc 0.56 0.17 26 0.10 

20 SI(∆𝑌̅̅̅̅ ) = 157.67 + .1*Tc 0.57 0.17 33 0.10 

30 SI(∆𝑌̅̅̅̅ ) = 220.06 + .15*Tc 0.59 0.16 48 0.10 

Note: SI(∆𝑌̅̅̅̅ ) = sampling interval (min); Tc = time of concentration (min); NRMSE = normalized root 

mean square error; Sp = avg. standard error of prediction 

 

 The geomorphologic characteristics, A and Tc, performed similarly to  𝑡0.2 in predicting 

the sampling interval across volume, peak and time to peak. The drainage area, time of 

concentration and 𝑡0.2 had an average Sp(%) of 0.08, 0.09 and 0.10, and R2 of 0.61, 0.64 and 0.76 

respectively. While no input variable significantly outperformed another across all goodness-of-

fit metrics, these results demonstrate the applicability of multiple parameters in estimating 

stormflow sampling intervals. One difference between the equations is in regards to their form. In 

order to meet all least squares regression assumptions, A and 𝑡0.2 were transformed to a log-log 

relationship with 𝑆𝐼( ∆𝑌̅̅̅̅ ), while Tc exhibited a stronger linear relationship. 

Even though this represents just one case study application, there are a number of 

takeaways that can be drawn from the results of this analysis. The results indicate that the 

autocorrelation function of existing stormflow time series may be used as an indicator for 
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understanding appropriate sampling frequencies for stormflow monitoring. A benefit of this 

method is that it only requires empirical stormflow data to develop 𝑡0.2  as input into the 

regression and requires no knowledge of basin properties. However, a clear limitation to this 

approach is that it constrains the application to areas where discharge measurements are present. 

This limitation is overcome with the use of geomorphologic basin characteristics, which Tables 

3.5 & 3.6 demonstrate as being good indicators for selecting sampling frequencies of stormflow 

using regional regression techniques. However, using this method necessitates an analysis of 

geospatial and topographic datasets to estimate model parameters (i.e., basin characteristics) that 

are attributed a degree of uncertainty.  

There are also limitations in the application of the equations in Tables 3.3, 3.5 & 3.6. 

This method represents a regionalized approach where information is transferred from a group of 

catchments to another based upon shared characteristics. This analysis was done on a subset of 

storms during the late spring to early fall months in the Valley and Ridge region of Virginia. 

Therefore, any application of this information should be restricted to within the physiographic 

region that the analysis was conducted. Use of these equations in a different region would need to 

consider the suitability of their application and how geomorphologic or climactic heterogeneity in 

the application area would influence the appropriateness of their use. However, the procedures 

outlined in this study can readily be reproduced in other physiographic regions in order to 

develop equations that are valid and reliable for applications outside of this study region.  

There are a number of beneficial uses of the equations shown in Tables 3.3, 3.5, & 3.6 for 

developing a stormflow monitoring site. For example, the sampling interval associated with the 

uncertainty in volume (∆𝑉̅̅̅̅  %) would be an important consideration if primarily concerned with 

computing mean daily or annual discharge volumes, or if concerned with developing a sampling 

strategy that will effectively capture a pollutant load, such as when developing a TMDL. In 

addition, there are many water quality constituents that are strongly correlated with flow data, and 
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therefore, if continuous water quality sampling matches the time frequency of flow, then this 

could compound the effects that ∆𝑉̅̅̅̅  has on computing pollutant loads. The uncertainty in time to 

peak (∆𝑇𝑝
̅̅ ̅̅ ̅ %) provides insight into the time-dimension of the rising limb of a hydrograph and can 

be useful for evaluating whether a sampling strategy will effectively capture the rising limb of a 

storm. For example, time to peak information could be used to inform water quality sampling 

strategies that are flow-based and sample at finer resolutions on the rising limb of a storm and 

lower resolutions on the falling limb. The uncertainty in peak flow (∆𝑄𝑝
̅̅ ̅̅ ̅ %) is useful for 

capturing maximum peak flows, such as those used in flood frequency analysis, or in selecting a 

strategy that effectively captures peak concentrations of water quality constituents where the 

maximum concentration is correlated with discharge (i.e., non-point source runoff). This is 

especially true of studies that are concerned with surface waters containing water quality 

constituents in acutely toxic concentrations (US EPA 2002). Finally, taken as a whole, the 

uncertainties associated will all three variables are important in hydrologic modeling, where often 

the goal is to match modeled hydrograph characteristics such as the timing, volume, and peak 

flow to observations. 

3.3.5 Example Application 

  In the following example application, the equations that use drainage area as an input 

variable from Table 3.5 are applied to a site to determine a stormflow and water quality sampling 

strategy for capturing pollutant loads. USGS site 03177710 drains a 115 km2 watershed that is 

dominated by forest (73%) and agriculture (19%) land uses and is located in the Bluestone River, 

which is impaired with a TMDL requirement for sedimentation/siltation (VDEQ 2014). The 

TMDL report for the Bluestone River lists forestry and agriculture as the probable sources of the 

sedimentation and silt impairment in this stream (VADCR 2008). The report also estimates that 

the 10 year cost to meet the TMDL requirements (including sediment and bacteria) are in excess 

of $16 million U.S. dollars. To reach sediment reduction levels, agricultural, residential, and 
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urban/industrial best management practice strategies such as post-development stormwater 

BMPs, streambank stabilization and erosion control programs are to be adopted. Due to the high 

degree of stakeholder involvement, cost of compliance, and number of mitigation measures 

involved, it is essential that the pollutant loads be accurately estimated. Not only must effective 

strategies be taken to accurately develop the TMDL, considering the high-cost of regulatory 

compliance, it would also be reasonable to develop a sampling strategy that monitors the impact 

of compliance measures on total sediment loads.  

The equations developed from the regional regression analysis can be directly applied to 

develop an appropriate stream sampling strategy that includes flow and sedimentation (i.e., Total 

Suspended Sediments, Turbidity, etc.) sampling. Table 3.7 contains the sampling intervals in 

minutes developed using the drainage area as an input variable into the regression equations from 

Table 3.5. The actual uncertainty of the sediment load would be expected to be much greater than 

what is shown in Table 3.7, as uncertainty in pollutant loads can come from a variety of sources 

including stream discharge measurement, sample collection, sample preservation/storage, 

laboratory analysis, and data processing and management (Harmel et al. 2006).  

Table 3.7. 𝑆𝐼( ∆𝑌̅̅̅̅ ) Results for USGS Station 03177710 (time given in minutes) 

Uncertainty 𝑆𝐼( ∆𝑉̅̅ ̅̅ )   𝑆𝐼( ∆Qp
̅̅ ̅̅ ̅) 𝑆𝐼( ∆Tp

̅̅ ̅̅ ̅) 

2.5% 207 75 60 

5% 329 125 73 

10% 519 223 97 

15% 714 329 120 

20% 876 422 145 

30% 1,204 680 183 

 

Depending on the desired accuracy of the load estimation, there are a number of methods 

that could be used to develop the sediment pollutant load. One method to compute a sediment 

pollutant load is to develop a regression relationship between suspended sediment and a 

continuously measured surrogate such as turbidity or flow (Quilbé et al. 2006). When developing 
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a sediment-flow regression relationship, the goal is to capture pollutant concentrations over a 

large range of flow values so that the model considers all possible flow conditions. In this case, 

the peak flow uncertainty could be used to ensure that the maximum concentration of pollutant is 

captured during a sampling event. This would result in a desired sampling interval of roughly 

1.25 hours at a 2.5% uncertainty level (Table 3.7). The most accurate method would be to 

develop a program in which continuous flow and water quality data are collected side by side. For 

example, the total stormflow volume from continuous flow data and the mean concentration from 

continuous water quality sampling could be multiplied together to compute a total stormflow 

pollutant load. In this case, the volumetric uncertainty could be used to select an effective 

sampling strategy, resulting in a sampling interval of approximately every 3.45 hrs to capture the 

load at a 2.5% uncertainty level (Table 3.7). The level of acceptable uncertainty will be dependent 

upon a number of factors, including the pollutant of interest, purpose of the study, resource 

constraints, and desired level of accuracy. There are also practical considerations of the 

uncertainty that must be accounted for. For example, if using continuous sampling to monitor the 

progress of a targeted 20% load reduction in a stream, the sampling interval would need to meet a 

minimum ∆𝑉̅̅̅̅  threshold, not to exceed 20% and ideally much lower.  

3.4 Conclusion 

As surface water monitoring expands in scope and application, methods that can improve 

our understanding of stormflow processes and the certainty of sampling strategies will be 

valuable to those who implement surface water monitoring networks, those who use the data, and 

the public who benefit from accurately informed science, engineering, and policy decisions. The 

uncertainty due to inadequate temporal sampling can directly affect processes and decisions that 

are dependent upon stormflow data such as engineering design, reservoir operation, modeling, 

and legislation. If the data is not accurately representative of hydrological processes due to 

inadequate temporal sampling, then applications will be under-informed at best, and at worst 
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misinformed to the point that there are actually dis-benefits from using the data (Beven and 

Westerberg, 2011).  

The proposed methodology quantifies the extent of temporal stormflow uncertainty in 

capturing characteristics of a hydrograph. The regional regression predictor equations using 

autocorrelation and geomorphologic basin characteristics can be directly applied to evaluate a 

site-specific stormflow sampling strategy and have a number of benefits for those who are 

creating surface water monitoring networks. For example, there are a considerable amount of 

costs involved in constructing and maintaining a surface water monitoring network, with 

estimates of a single discharge sampling station alone ranging between $7,300 – $15,000 per year 

(Norris et al., 2008). It is therefore important that the quality of the data be as accurate as possible 

in order to be a cost efficient effort.  

 While this analysis was conducted on fairly large rural watersheds (30-11,865 km2), other 

analysis on smaller urban watersheds using high-frequency discharge data (down to 1 minute) 

would be beneficial for understanding uncertainty due to inadequate temporal sampling in urban 

stormwater networks where the hydrologic response time is much quicker and more difficult to 

project. Another consideration not addressed in this study is how to optimize a surface water 

monitoring network by coupling the selected temporal sampling interval derived from this 

methodology with the spatial distribution of stream gaging stations. Future work should also 

evaluate how this methodology applies across other geomorphologic regions, what other time-

series statistics can tell us about the temporal resolution of stormflow, and how this might be 

applied to other hydrologic processes such as snow melt, groundwater flow, or interflow.  
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4. IMPROVED METHODS OF PARAMETERIZATION FOR 

ESTIMATING THE MAGNITUDE AND FREQUENCY OF PEAK 

DISCHARGES IN RURAL UNGAGED STREAMS. 

Foreword: The following chapter contains a manuscript titled Improved Methods of 

Parameterization for Estimating the Magnitude and Frequency of Peak Discharges in Rural 

Ungaged Streams that was published in the ASCE Journal of Hydrologic Engineering. The 

outcome of this manuscript was improved methods of parameterization in the regional regression 

analysis used for estimating the magnitude and frequency of peak flows in rural ungaged streams. 

A case study demonstrated the suitability of new parameters extracted from watersheds within the 

Valley and Ridge geomorphologic region of Virginia. The case study in Chapter 3 of this 

dissertation used a subset of the USGS stream gage stations in the following study, and used the 

parameters developed within this study in its analysis. Therefore, the following manuscript 

contains information that is critical for understanding the geomorphologic basin parameters that 

are used in the regional regression analysis in Chapter 3. 

The following manuscript was developed initially as part of a GIS course project by Clay 

Hodges and Walter McDonald for which Dr. Kathleen Hancock was the instructor. These two 

students worked side by side on the project and both contributed significantly to its development 

and completion. However, Clay Hodges developed the initial research concept and created the 

Python scripting within ArcMAP to extract the novel basin parameters. As such, he is 

appropriately listed as the first author. Walter McDonald contributed through GIS analysis, 

regression analysis, and manuscript development. Dr. Kathleen Hancock contributed as an 

instructor and advisor in the development of the project within the course, and Dr. Randel 

Dymond contributed through direct advisement of the research process. 
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Hodges, C.C., McDonald, W.M., Dymond, R.L., and Hancock, K.L. (2015).  “Improved 

Methods of Parameterization for Estimating the Magnitude and Frequency of Peak 

Discharges in Rural Ungaged Streams”, Journal of Hydrologic Engineering. DOI: 

10.1061/(ASCE)HE.1943-5584.0001248 

 

Abstract: For the past several decades, the United States Geological Survey (USGS) and others 

have been tasked with development of regional predictor equations to determine flood peaks in 

unregulated and ungaged rural locations. This study tests several new watershed parameters not 

commonly used in past studies that have been extracted from available geomorphologic and 

climatic data using both manual and programmatic methods with the goal of improving the 

predictive power of the regional equations. Parameters include a derived basin slope 

corresponding to surface flow direction, discrete travel time for each location in a watershed to 

the outlet, and development of a watershed subarea correlated with the location of the maximum 

length isochrone line within each watershed. A case study is presented that tests these parameters 

in the Valley and Ridge physiographic region of Virginia. Results indicate that the proposed 

parameters tend to reduce standard model error in predictor equations ranging between 0.97% and 

18.08% when compared with equations developed using drainage area as the lone predictor 

variable. 

 

Keywords: regional regression, flood frequency, watershed parameters 

4.1 Introduction 

In 1982, the Interagency Advisory Committee on Water Data (IACWD) published 

Bulletin 17B which established a uniform and accurate method for performing flood frequency 

analysis that is still widely used by hydrologists today (IACWD 1982). A decade later in 1993, 

the USGS, in cooperation with the Federal Highway Administration (FHWA) and the Federal 
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Emergency Management Agency (FEMA), was tasked with compilation of all current regression 

equations used to predict peak runoff for rural ungaged sites.  These studies were developed using 

the procedures in Bulletin 17B in conjunction with various methods of regional regression, under 

a system called the National Flood Frequency Program (Jennings et al. 1994). From the 

implementation of this program to present day, the USGS, in cooperation with various other state 

specific agencies, routinely publishes reports that provide predictor equations which correlate 

discharge to other independent geomorphologic and climatic basin parameters for much of the 

United States. These studies are periodically updated to account for additional years of record and 

consider new parameters with tools and data that were not available during past studies. 

The outcome of these studies are regional flood-frequency regression equations that are 

used by engineers, ecologists, public works directors, and many others in their day to day work 

(Ries et al. 2008). Examples of the applications of these equations include the creation of flood-

plain maps that inform flood insurance rates (FEMA 2002), the design of bridges and culverts 

(FHWA 2012), estimation of low flows (Smakhtin 2001), and reservoir analysis (Eiker et al. 

2000). Decisions based on these equations can have a substantial monetary impact on government 

agencies and private industries and can affect public safety. Because of the widespread use of the 

regression equations for estimating peak flows at ungaged locations, having a well-formulated 

methodology is critical to providing the most accurate peak estimates. 

Although recent reports contain recommendations for improving the methodology in 

Bulletin 17B as well as regression techniques (Griffis and Stedinger 2007; Dawdy et al. 2012), 

few have explicitly addressed the methods with which geomorphologic and climatic basin 

characteristics are parameterized. A limitation of regional flood-frequency methodology is that it 

does not take into account the spatial and temporal physical processes that produce floods 

(Dawdy et al. 2012). One way to address this shortcoming in regional regression analysis is to use 

watershed parameters commonly accepted as physical mechanisms affecting floods in 
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deterministic rainfall-runoff models (e.g., travel time, curve number, etc.) as input variables into 

the multivariable linear regression. Deterministic rainfall-runoff models use statistical rainfall 

inputs along with physical watershed characteristics to produce flood peaks at the outlet of a 

basin, the most well-known of which include the Soil Conservation Service (SCS) Technical 

Release 20 (SCS 1983) and the subsequent U.S. Army Corps of Engineers models HEC-1 (HEC 

1998) and Hydrologic Modeling System HEC-HMS (USACE-HEC 2006). Whereas many studies 

do incorporate a number of physical watershed characteristics in the inputs, such as curve number 

and drainage density, many other characteristics, such as mean travel time, are not used as they 

require extensive time and computational resources to compute statistics for the large number of 

watersheds used in typical regional regression studies. 

This study seeks to determine if basin characteristics representative of spatial and 

temporal hydrologic processes, not typically used in regional regression studies, but available 

through the use of contemporary computing technologies and public data, will yield multivariable 

linear regression equations for estimating the magnitude and frequency of peak discharges in 

rural ungaged streams with less error than more conventional approaches. Methodologies are 

outlined that can be employed using geographic information system (GIS) software and 

programming techniques to extract the proposed watershed parameters with minimal time and 

resources. A case study is presented that applies the proposed parameters to a flood-frequency 

analysis of rural unregulated streams in the Valley and Ridge region of Virginia. Results from this 

case study indicate that use of proposed parameters as predictor variables in regional regression 

produces equations that have a better fit and less error when compared to equations resulting from 

analysis restricted to commonly adopted parameters. 

4.2 Methodology 

As part of this study, strategies are developed to parameterize new geomorphologic and 

climatic basin characteristics as input variables into multivariable linear regression for estimating 
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the magnitude and frequency of peak flows at ungaged sites. The proposed variables are readily 

derived for watersheds using publicly available data, GIS software, and programming techniques. 

The following section focuses on (1) development of predictor variables and processes for 

extracting the proposed parameters using GIS software manually or with scripting and (2) the 

application of the proposed parameters to a Log Pearson Type III (LP3) flood-frequency and 

Generalized Least Squares (GLS) regression in the case study region.  

4.2.1 Common Predictor Variables 

Since the adoption of uniform techniques to estimate magnitude and frequency of peak 

flows, common geomorphologic and climatic parameters have emerged that generally have a 

strong correlation in flood frequency analysis. Benson (1962; 1964) was among the first to 

implement flood frequency methods eventually adopted by Bulletin 17B. In application of flood 

frequency peaks to regional regression analysis, Benson identified drainage area, rainfall 

intensity, and main channel slope as the most important parameters. These parameters, among 

many others, are still commonly found in regional regression studies performed today. A review 

was conducted of the most recent regional regression studies for 10 states surrounding Virginia in 

the Mid-Atlantic and Appalachian regions completed since 2000 (Law and Tasker 2003; 

Hodgkins and Martin 2003; Lumia et al. 2006; Ries and Dillow 2006; Roland and Stuckey 2008; 

Weaver et al. 2009; Feaster et al. 2009; Gotvald et al. 2009; Wiley and Atkins 2010; Thomas and 

Moglen 2010). Table 4.1 provides a summary reporting the number of studies that considered 

common parameters across ten surrounding states. These are the parameters that were considered 

as possible input variables into these regression analyses, although after consideration of their 

explanatory power, not all were reflected in the final published equations. For previous studies in 

Virginia and surrounding states, drainage area, main-channel slope, main-channel length, and 

basin shape factor were the most commonly considered parameters. Within these studies, 

drainage area is the only predictor variable that appears in the published equations for all ten 
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studies.  Four of the studies only published single variable predictor equations using drainage area 

as the lone parameter, which is expected in many studies due to the homogeneity of the defined 

regions. The other studies published multivariable equations for various return periods that 

correlated with combinations of geomorphologic and climatic variables. 

Table 4.1 Common Parameters Considered in 10 Regression Studies (Southeast U.S.) Since 

2000. 

Variable Use Variable Use Variable Use 

Drainage Areaa-j 10 Drainage Densityc-f,h,i 6 Basin Lengthb,f,i 3 

Main-Channel Slopea-j 10 Percent Imperviousc-e,g,h,j 6 Mean Basin Widthb,f,i 3 

Main-Channel Lengtha-i 9 Basin Perimeterc-f,i 5 Basin Orientationb,f,i 3 

Basin Shape Factora-i 9 Percent other landusef-j 5 Soil Drainage Indexc-e 3 

Percent Forestedb-j 9 Hydrologic Soil Indexb-e 4 Latitude and Longitudea,b,i 3 

Mean Annual Precipb-i 8 Soil Type Percentagesf-h,j 4 Storage Area (lakes, etc.)b,f,h 3 

Mean Basin Slopec-j 8 Basin Relieff,g,i,j 4 Mean Annual Snowfallf,i 2 

Precip Intensityb-f,h,i 7 Max Basin Elevc-e 3 Soil Infiltration Indexb,h 2 

Mean Basin Elevationa-e,g-i 7 Min Basin Elevc-e 3 Total Stream Lengthf,i 2 

a. Law and Tasker 2000; b. Hodgkins and Martin 2003; c. Weaver et al. 2006; d. Feaster et al 2006; e. Gotvald et al., 2006; f. Lumia 

et al. 2006; g. Ries and Dillow 2006; h. Roland and Stuckey 2008; i. Wiley and Atkins 2010; j. Thomas and Moglen 2010 

 

4.2.2 Proposed New Parameters 

Advantages of regional regression equations are that they are unbiased, reproducible, and 

practical (Newton and Herrin 1982). The latter is a compelling reason why they are applied in 

practice because parameters such as drainage area are easy to extract and apply. One reason that 

more complex parameters are not typically adopted includes the time and resources that must be 

devoted to their extraction. The proposed parameters in this case study, shown in Table 4.2, are 

more computationally intensive than those historically published in regional regression equations. 

However, with current computing technologies, including GIS, these parameters can be extracted 

with minimal effort and are now more easily synthesized during a regression study or applied to 

resultant regression equations in practice. These parameters were also chosen because they are 

representative of the spatial and temporal processes of hydrologic and hydraulic flow.  Below are 
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detailed explanations of the characteristics of three of the proposed thirteen parameters that were 

found to produce significant results when considered in the regional regression analysis. This is 

followed by an example script outlining the steps with which any of the 13 parameters can be 

extracted using GIS software with integrated scripting. 

Table 4.2. New Parameters Considered as Predictor Variables 

Parameter Description 

Average Velocity Average velocity of overland, concentrated, and channel flow (meter/min) 

Channel Mean Velocity Mean velocity of channel flow (meter/min) 

Channel Minimum Velocity Minimum velocity of channel flow (meter/min) 

Concentrated Mean Velocity Mean velocity of concentrated flow (meter/min) 

Concentrated Minimum Velocity Minimum velocity of concentrated flow (meter/min) 

Isochronal Area Area under the isochrone of longest length (km2) 

Maximum Length Isochrone Maximum length isochrone time (minutes)  

Mean Curve Number Mean curve number of all cells within the watershed 

Mean Focal Slope Mean surface slope in the watershed (meter/meter) 

Mean Travel Time Mean travel time from each cell in the watershed to the outlet (minutes) 

Overland Mean Velocity Mean velocity of overland flow (meter/min) 

Overland Minimum Velocity Minimum velocity of overland flow (meter/min) 

Time of Concentration Watershed time of concentration (minutes) 

 

4.2.2.1 New Parameter 1: Focal Slope 

When using GIS systems for hydrologic analysis, the computation of watershed slope is 

necessary for travel time estimates. The built-in Slope function in ESRI ArcMap 10.1 (Spatial 

Analyst), uses a methodology that determines a target grid cell’s slope by evaluating elevations of 

the eight neighboring grid cells from an elevation raster without considering the elevation data 

corresponding to the location of the target cell in the slope calculation. Several issues may arise 

from utilization of the built-in slope function, including underestimation of travel time due to an 

overestimation specifically in or near channelized portions of a watershed. Dunn and Hickey 

(1998) suggest that methods of this type are prone to error, especially in cases where the target 

cell corresponds with a localized peak or trough. Various other methods have been proposed by 

researchers to improve the estimation of slope for hydrologic analysis. Hill and Neary (2005) 
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summarizes several averaging and non-averaging methods to calculate cell slope. One technique 

includes a method corresponding to the path of steepest descent, referred to by Hill and Neary 

(2005) as the D8 method that evaluates slope by comparing a central cell in a 3x3 grid and the 

surrounding neighbors to determine largest rate of change. Hill and Neary (2005) suggests that a 

method of this type provides better results in hydrologic applications because the direction of 

runoff would typically coincide with the steepest path. A variation of this approach is used in this 

study that utilizes both the steepest path into and out of the cell in approximating the slope of the 

focal cell. This method, called ‘focal slope’ in this study, would yield a slope estimate that 

approximates the average surface slope by explicitly following the flow direction grid generated 

for the watershed. The focal slope grid was calculated using custom Python scripts by averaging 

the maximum slope into and out of the cell. A sample calculation using this technique for 30 

meter cells is presented in Figure 4.1.  Based on comparisons between the built in ESRI slope 

function and the focal slope method, results showed that the use of focal slope consistently 

decreased the error of prediction by a small amount where surface slope was found to be a 

statistically significant parameter.  Therefore, the focal slope was used, as necessary, for all 

subsequent calculations involving slope. 

 

Fig. 4.1. Sample calculation using focal slope method 



80 

 

4.2.2.2 New Parameter 2: Mean Travel Time 

Mean travel time in this study refers to the average travel time for all discrete points, in 

this case a 30m x 30m grid cell, within a watershed. Sharifi and Hosseini (2011) noted that in 

order to produce consistently reproducible travel time estimates, a computational methodology 

must be integrated that can be applied consistently. The Natural Resource Conservation Service 

(NRCS), formerly SCS, velocity (segmental) method has become the standard reference method 

for computation of travel time (Sharifi and Hosseini 2011). The method breaks runoff down into 

three flow regimes; sheet (“overland”) flow, concentrated flow, and channelized flow. The 

technique used in this study evaluates each individual grid cell based on flow regime using 

Equations 1 through 3 as described in subsequent sections.    

4.2.2.2.1 Sheet Flow 

Travel time for sheet flow, which is flow that occurs prior to runoff concentrating in 

draws, is derived from the kinematic wave equation, and is defined to be (SCS, 1986): 

𝑇𝑡 =
0.029(𝑛𝐿)0.8

𝑃2
0.5𝑆0.4

 (Equation 1) 

where, Tt is travel time (hours), L is flow length (m), n is Manning’s roughness coefficient, S is 

focal slope (m/m), and P2 is the 2-year, 24-hour rainfall (cm). SCS (1986) suggests that the 

typical maximum length that overland flow can be maintained as sheet flow prior to concentrating 

is 91.4 meters (300 feet). Although, Woodward et al. (2010) alternatively suggests a maximum 

limit of 30.5 meters (100 feet) based on their review of other literature, it was expected that use of 

this method, when applied to the 30 meter grid resolution used in this study, may result in low 

sheet flow time estimates.  Therefore, for this study, the maximum overland flow length was 

maintained at 90 meters (295 feet), which approximates the recommendation of SCS (1986), and 

equates to the width of three raster cells. 
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4.2.2.2.2 Shallow Concentrated Flow 

Based on empirical studies, the shallow concentrated flow velocity is shown by the SCS 

(1986) to be proportional to the square root of land slope, calculated by the focal slope method in 

this study, and a constant that varies based on predominant surface cover. The general form of 

this equation is shown by Sharifi and Hosseini (2011) as adapted from SCS (1986) to be:  

𝑉 = 𝑘𝑆0.5 (Equation 2) 

where, V  is the velocity (m/s), k is a coefficient for type of channel, 4.918 m/s for unpaved and 

6.196 m/s for paved channels (SCS, 1986), and S is the focal slope, m/m.    

4.2.2.2.3 Channelized Flow 

Channelized flow, as defined by the SCS (1986) velocity method, uses the Manning 

equation for velocity estimation:  

𝑉 =
𝑅0.667𝑆0.5

𝑛
 (Equation 3) 

where, V  is velocity (m/s), R is hydraulic radius (m), S  is channel longitudinal or focal slope 

(m/m), and n is Manning’s roughness coefficient. 

Due to difficulty in collecting field data to quantify input parameters in Equations 1 to 3, 

and sensitivity of the velocity method to the input parameters, Sharifi and Hosseini (2011) note 

that any estimations should include minimal assumptions in order to provide repeatable estimates 

of travel time. Fang et al. (2007) discuss issues related to assumptions in travel time synthesis by 

describing efforts by three teams made up of Lamar University, Texas Tech University, and 

USGS to calculate time of concentration for 96 Texas watersheds. Due to assumptions made 

regarding input variables such as channel cross-section, Manning’s roughness coefficients, etc., 

the teams produced markedly different estimates of time of concentration. Attempting to 

overcome obstacles related to consistent travel time estimation techniques, many researchers 

(Fang et al., 2007; Pavlovic and Moglen, 2008) have continued investigating various methods for 
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determination of input parameters for GIS systems using methods that can be applied consistently 

between watersheds. In addition to other physical input parameters, these methods typically 

include the use of regional regression equations, if available, which relate typical channel 

geometry to upstream flow area, as discussed by Fang et al. (2007) and Pavlovic and Moglen 

(2008) for estimation of hydraulic radius.   

To provide automation for the process of evaluation of Equations 1 through 3, as 

applicable, for each cell, several consistent assumptions were made for input variables. First, the 

Manning value utilized in Equation 1 was assigned based on values determined by Moore (2011) 

that were related to each National Land Cover Database (NLCD) land use category. Use of this 

method provides a consistent and automated way to create a Manning’s n grid with NLCD codes 

using a standard technique across all watersheds.    

Flow length for each cell is defined as the flow length in (from the edge of the cell) plus 

the flow length out. This measurement was calculated in tandem with the focal slope to ensure 

that flow length and average slope computations were consistently using the same path. The 

surface coefficient used in the concentrated flow equation, Equation 2, was assumed to be 

unpaved for all locations. This assumption appears to be reasonable due to the nature of the 

watersheds in the upslope regions of the Valley and Ridge province of Virginia.   

For channelized flow, the Manning’s n used in Equation 3 was assumed to be 0.05, which 

matches the assumption used by Pavlovic and Moglen (2008) in an attempt to remove the 

sensitivity to variations in Manning’s n from the analysis. Although this assumption does result in 

stability by removing this source of sensitivity, it is noted that this assumption can have large 

implications in estimation of channel flow velocity.  Estimation of hydraulic radius has proven to 

be notoriously difficult in travel time computation. Fang et al. (2007) and Pavlovic and Moglen 

(2008) use regional regression equations for bank full conditions which correlate cross sectional 

area, mean channel width, and mean channel depth to the upstream drainage area. Keaton et al. 
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(2005) used multilinear regression to develop the requisite equations for the Virginia Valley and 

Ridge province, relating the stream width and wetted area to upstream drainage area. Using 

Keaton’s (2005) equations in tandem with the flow accumulation functions in ESRI ArcMap 

10.1, an estimated hydraulic radius for each cell along the defined flow network was generated 

for use in the channelized portion of the analysis with Equation 3.   

After all cells in each flow regime (overland, shallow concentrated, channel) were 

evaluated using Equations 1, 2, or 3, respectively, an inverse velocity grid was created, which was 

then further processed using geospatial and statistical techniques to determine the mean travel 

time for each gaging station watershed used in the analysis.   

4.2.2.3 New Parameter 3: Isochronal Area 

 After travel time grids were computed for each gaging station watershed, isochrones 

(lines of common travel time) were generated for each at five minute intervals. The resultant 

vectors as shown for a sample watershed in Figure 4.2, appear similar to a contour map. Due to 

the multitude of valleys and ridges in the watershed, each isochrone duration could have multiple 

open or closed lines of common travel time within the watershed. Therefore, resulting isochrones 

needed to be processed and summed to determine the isochrone of cumulative maximum length 

within each watershed.   
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Fig. 4.2. Isochronal lines and isochronal area corresponding to the maximum length isochrones 

(80 minutes) for contributing drainage area to USGS gaging station 01632970 

 Clark (1945) developed a time-area approach of examining a watershed broken down 

along travel time increments for development of a unit hydrograph (UH).  Paudel et al. (2009) 

provide a summary of Clark’s (1945) and subsequent work in unit hydrograph generation using 

GIS systems.  The methodology used in this study applies concepts from the Clark and derivative 

methods;  however, a full unit hydrograph is not generated.  Instead, the isochrone for each 

watershed corresponding with the peak simultaneous arrival of cell contributions at the outlet is 

computed. For uniform rainfall events over a watershed, it is expected that the maximum 

cumulative length isochrone would transfer the maximum simultaneous volume of runoff to the 

watershed outlet, thus producing the peak flow. This phenomenon, if shown to be a reliable 

predictor by the analysis, was expected to be valid only for small watersheds and for low 

recurrence intervals. Because small watersheds are more likely to receive nearly uniform rainfall 

than larger watersheds, they may have a more uniform hydrologic response. In addition, various 

assumptions used for Equations 1 through 3 above, including use of regression equations for bank 

full conditions and roughness coefficients, would be expected to have higher error in prediction 
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of travel time as recurrence interval increases and flow exceeds the capacity of the channel. 

Therefore, it was expected that isochronal area, if a strong predictor for floods of lower 

recurrence (up to the 10 year storm), would decrease in predictive power for more extreme flood 

events.  

4.2.3 Automation in Development of Regression Parameters 

Due to the size and number of watersheds, and the iterative computations necessary to 

produce grids for analysis and subsequent extraction of necessary parameters, automation was 

used to decrease time necessary for analysis. ESRI ArcMap 10.1, which was used for the 

analysis, includes the option to utilize Python scripting to simplify repetitive tasks, or aid in the 

implementation of more complex mathematical manipulation of grid data than as allowed by the 

built in map algebra functions. As discussed by Aguilar and Dymond (2014) the use of Python 

scripting can facilitate the extraction and processing of data in a consistent manner, which will 

ultimately decrease processing time and increase reliability of results when processing large 

amounts of geospatial data. Although full Python scripts are not presented here, Figure 4.3 gives a 

sample used in the creation of isochronal lines at five minute intervals and the subsequent 

creation of the isochronal subareas corresponding to the area beneath the maximum length 

isochronal time.  
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Fig. 4.3. Sample of a portion of Python code used in the creation of isochrone lines and areas 

 The Python code demonstrated in Figure 4.3 shows how the derivation process can be 

automated through scripting. The following steps are being accomplished in a stepwise fashion 

for each of the study watersheds: 

1. Assignment of designations for output shape files 

2. Creation of isochronal lines at a 5 minute time step 

3. Calculation of the lengths of each created isochronal line 

4. Dissolving all common time isochrones into single records with sums of lengths 

5. Finding the maximum length isochrone from all candidates 

6. Creation of a grid of the area below the maximum length isochrone 

 If performed manually, processing of each watershed would require significant time to 

perform the requisite steps and would be prone to input error by the analysis team; however, 

when processed through scripting, results can be generated more rapidly and reliably for the 

entire case study area. Code generated for analysis of parameters used in this case study is easily 
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translated for future use if the study is expanded to include other physiographic regions of 

Virginia, or surrounding states. 

4.2.4 Case Study  

 The proposed new parameters, outlined in Table 4.2, were applied to a case study 

estimating the magnitude and frequency of peak discharges in rural ungaged locations within the 

Valley and Ridge region of Virginia (Figure 4.4). Peak annual flows for each study station were 

analyzed for the historic record through water year 2013, if available.  Due to flood events, 

maintenance, or vandalism, stations can go offline temporarily or permanently and may not have 

data through water year 2013.  Because the Bulletin 17B methodology assumes that the annual 

peak data is stationary, even stations with incomplete or abbreviated records may be used in the 

analysis. A flood frequency analysis was performed to establish flood frequency curves for each 

station, with subsequent generalized least squares regression using a variety of parameters to 

predict peak runoff for specified recurrence intervals regionally. Groups of candidate watershed 

parameters were tested to determine which statistically significant variable combinations result in 

predictor equations having the smallest error in prediction of peak flow. 
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Fig. 4.4. Physiographic regions of Virginia highlighting locations of Valley and Ridge region and 

locations of gage sites considered for analysis 

4.2.5 Data Sources 

To perform the requisite LP3 and GLS regression analysis, the following datasets were 

downloaded for use from government sites. Instantaneous annual peak flows through water year 

2013 used for the flood frequency analysis were obtained from USGS Surface-Water Data for the 

Nation (http://waterdata.usgs.gov/nwis/sw). Longitude and latitude coordinates within this dataset 

was used to confirm gaging station location. For development of parameters used in the 

regression analysis, the following additional geospatial datasets were required. The USGS 

National Map Download Platform (http://viewer.nationalmap.gov/viewer/) was used to download 

digital elevation distributed as part of the National Elevation Dataset (NED), and land cover from 

the National Land Cover Dataset (NLCD). The USDA GeoSpatial Data Gateway 

(datagateway.nrcs.usda.gov) was used to obtain SSURGO and STATSGO2 soils data. The 

National Oceanic and Atmospheric Administration’s (NOAA) Precipitation Frequency Data 

Server (http://hdsc.nws.noaa.gov/hdsc/pfds/) was accessed to obtain the 2-year, 24-hour 

precipitation grid for the study area. Drainage areas used in the analysis are a subset of those 

http://waterdata.usgs.gov/nwis/sw


89 

 

reported for 1,600 Virginia drainage basins corresponding to upstream areas of USGS gaging 

stations by Hayes and Wiegand (2006).   

4.2.6 Generation of Flood Frequency Curves 

This study utilizes standard procedures documented by Bulletin 17B for generation of 

station statistics, and GLS regression techniques developed by Tasker and Stedinger (1989) for 

synthesis of regional predictor equations. Bulletin 17B (1982) computations were performed 

using USGS PeakFQ (Veilleux et al. 2014). Frequency analysis was performed for a total of 508 

Virginia stations through water year 2013 containing an adequate number of years of systematic 

data for generation of flood frequency curves. The ‘weighted skew’ option was used in PeakFQ 

analysis in an attempt to remove inconsistencies in extreme events occurring in the sample 

through use of generalized skew values that are combined with station skews to create a weighted 

average. Although mean square errors (MSE) were computed for skew isolines and mean station 

skew within the study area, the generalized skew found in Plate I of Bulletin 17B, with a MSE of 

0.302 was used for computation of weighted skew. 

Low outliers in the station samples were detected using the single Grubbs-Beck (1972) 

global Potentially Influential Low Flows (PILF) test option. Although PeakFQ includes options to 

allow for multiple Grubb-Beck outlier tests, discussed by Cohn et al. (2013), the desire to use 

more conventional techniques, resulted in the decision to conform to the standards of the Bulletin 

17B methodology. Similarly, although PeakFQ allows use of the Expected Moments Algorithm 

(EMA), described by Cohn and others (1997), it was eliminated from consideration as a possible 

replacement for the Bulletin 17B methodology. 

4.2.7 Model Parameter Selection 

A review of historical studies in the Valley and Ridge physiographic province was 

conducted to determine significant historic parameters found to be correlated with predicted flood 

peaks.  Bisese (1995) tested 7 parameters: drainage area, main channel length, main channel 
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slope, mean basin elevation, forested area, mean annual precipitation, and 2-year 24-hour rainfall 

intensity. Austin et al. (2011) expanded the work of Bisese (1995) to a reported 52 unique 

parameters. Parameters that were found to be insignificant or not included in published equations 

from the previous studies within the case study region were omitted from this analysis, assuming 

that parameters not found to be significant in those reports would also be found to be insignificant 

in the current analysis.  Of the reported parameters from previous Virginia studies and the 

expanded list of variables shown in Table 4.1, only three parameters (drainage area, mean basin 

slope and mean elevation) used in previous studies were tested in regional regression models in 

this case study.  Instead, this study focused primarily on evaluation of additional new parameters 

(Table 4.2) not tested in the two previous Virginia studies, to isolate new statistically significant 

basin characteristics.  

Candidate parameters listed in Table 4.2 were evaluated using standard statistical 

techniques in the statistical software package R to determine if they were suitable for inclusion in 

final GLS models.  First, plots were generated for all pairs of candidate parameters to yield an 

initial indication of correlation among parameters.  Next, forward, backward, and stepwise 

regression was performed on log transformed data subsets (divided into sets based on drainage 

area as discussed below) to determine parameters exhibiting statistical significance (p < 0.05) in 

the linear model.  Resulting significant parameters were evaluated by computing a Variance 

Inflation Factor (VIF) to test for multicollinearity in the resulting model.  A VIF value of 10 or 

greater for any of the refined parameter subsets indicate the presence of multicollinearity in the 

model.  Modifications to the parameter subset were made, as necessary, to ensure that no VIF 

violated this threshold.  Once statistical analysis was complete, the final refined set of candidate 

parameters were used for GLS regression.     
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4.2.8 GLS Regression 

 GLS regression was performed using the USGS Weighted Multiple Linear Regression 

(WREG) Program, version 1.05 (released 2013). Discussion of techniques used by the WREG 

software is discussed in the user guide developed by Eng et al. (2009). Stations within the study 

area that had a minimum of 10 systematic years of record were considered for analysis. 

Additionally, stations with drainage areas crossing physiographic borders were analyzed if more 

than 50% of the contributing drainage area was within the Valley and Ridge province. In total, of 

all candidates stations evaluated, 125 were found that meet these criteria.  

4.3 Results 

 The case study was analyzed using GLS regression on the complete collection of stations 

in the dataset as well as a subset of the data based on the geographical size of the watersheds. 

Regional regression studies often conduct separate analysis of small and large watersheds by 

determining a breaking point in the magnitude and frequency of peak flows between smaller and 

larger watersheds. A review of previous reports by the authors indicated breaking points ranging 

between 25.9 km2 [10 mi2] (Strahm and Admiraal 2005) and 64.8 km2 [30 mi2] (Timpson and 

Pomeroy 2010). By plotting and analyzing the LP3 statistics of the gauges used in this study, two 

possible breaking points were identified (25.9 km2 and 64.8 km2). This resulted in 4 separate 

regression analyses that are discussed: (1) the complete dataset, containing 125 stations, (2) 

drainage less than 64.8 km2 (25 mi2), containing 47 stations , (3) drainage areas greater than 64.75 

km2, containing 78 stations, and (4) drainage areas less than 25.9 km2, containing 32 stations. All 

four candidate regression analyses were compared against regression results using drainage area 

as the only predictor variable. The choice to use this as a control is because based on review of 

literature and during this analysis, drainage area is the single predictor variable that has the 

greatest explanatory power.  
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 The analysis of the complete dataset (125 stations) resulted in regression equations that 

correlated drainage area, focal slope, and mean elevation to return periods ranging from 2 years – 

50 years and drainage area and mean elevation for return periods above 100 years. These 

equations have superior performance in the standard error of prediction (SP), pseudo-R2, and 

standard model error (SME) for every return period when compared to the control runs as shown 

in Table 4.3. For example, the standard model error for the 2 year storm improved 8.9%.  

The analyses of stations with areas less than and greater than 64.8 km2 also resulted in 

multivariable equations with superior performance as compared to single variable drainage area 

only equations. Analysis of areas less than 64.8 km2 resulted in equations that correlated with 

drainage area, focal slope, mean elevation, and curve number. The analysis of stations with 

drainage areas greater than 64.8 km2 resulted in equations that correlated with similar variables; 

however, instead of the best fit equations correlating with curve number, a correlation with mean 

travel time is found. Tables 4.4 and 4.5 illustrate the results of the analysis for the set of variables 

that produced the best fit for areas less than and greater than 64.8 km2, respectively.  
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Table 4.3. Regression Results for Complete Dataset 

 Comprehensive Analysis  Drainage Area Only 

Return 
Period  Sp (%) 

pseudo-
R2 

SME 
(%) Equations   Sp (%) 

pseudo-
R2 

SME 
(%) Equations 

2 yr 29.86 97.77 28.76 Log10(0.5 peak) = 2.515 + 

0.814*Log10(DA) + 0.826*Log10(FSl) - 

0.738*Log10(ME)  

38.39 96.29 37.63 Log10(0.5 peak) = -

0.135 + 

0.838*Log10(DA) 
5 yr 33.96 96.96 32.64 Log10(0.2 peak) = 2.895 + 0.79*Log10(DA) 

+ 0.655*Log10(FSl) - 0.807*Log10(ME) 

 

40.17 95.7 39.28 Log10(0.2 peak) = 

0.179 + 

0.806*Log10(DA) 
10 yr 39.19 95.85 37.66 Log10(0.1 peak) = 3.06 + 0.779*Log10(DA) 

+ 0.574*Log10(FSl) - 0.834*Log10(ME) 

 

42.32 95.09 41.3 Log10(0.1 peak) = 

0.346 + 

0.789*Log10(DA) 

25 yr 45.11 94.4 43.3 Log10(.04 peak) = 3.215 + 

0.766*Log10(DA) + 0.472*Log10(FSl) - 

0.854*Log10(ME)  

47.75 93.67 46.59 Log10(.04 peak) = 

0.523 + 

0.772*Log10(DA) 
50 yr 45.59 93.19 47.55 Log10(.02 peak) = 3.298 + 

0.759*Log10(DA) + 0.405*Log10(FSl) - 
0.863*Log10(ME)  

52 92.37 50.65 Log10(.02 peak) = 

0.638 + 
0.76*Log10(DA) 

100 yr 55.59 91.34 53.65 Log10(.01 peak) = 2.366 + 

0.763*Log10(DA) - 0.596*Log10(ME) 
 

56.12 91.09 54.62 Log10(.01 peak) = 

0.741 + 
0.751*Log10(DA) 

200 yr 60.73 89.74 58.56 Log10(.005 peak) = 2.619 + 

0.756*Log10(DA) - 0.653*Log10(ME) 
 

62.09 89.17 60.43 Log10(.005 peak) = 

0.825 + 
0.743*Log10(DA) 

500 yr 67.83 87.46 65.37 Log10(.002 peak) = 2.913 + 

0.748*Log10(DA) - 0.722*Log10(ME) 
  

69.05 86.88 67.16 Log10(.002 peak) = 

0.939 + 
0.733*Log10(DA) 

Note: DA = Drainage Area (km2); FSl = Focal Slope; ME = Mean Elev. (m); Sp = Avg. Standard Error of Prediction; SME = Standard Model Error; Sp, 

pseudo-R2, and SME computed using Log10(Peak); Peak flows given in m3/s 
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Table 4.4. Regression Results for Stations with Drainage Areas Less Than 64.8 km2 (25 mi2) 

 Comprehensive Analysis  Drainage Area Only 

Return 
Period  

Sp 
(%) 

pseudo-
R2 

SME 
(%) Equations   

Sp 
(%) 

pseudo-
R2 

SME 
(%) Equations 

2 yr 38.17 89.66 34.95 Log10(0.5 peak) = -4.979 + 

0.799*Log10(DA) + 0.874*Log10(FSl) - 

0.711*Log10(ME) + 4.035*Log10(CN)  

55.19 77.66 53.03 Log10(0.5 peak) = -

0.068 + 

0.75*Log10(DA) 
5 yr 44.27 86.67 40.41 Log10(0.2 peak) = -6.63 + 

0.803*Log10(DA) + 0.744*Log10(FSl) - 

0.696*Log10(ME) + 5.008*Log10(CN)  

59.19 75.27 56.65 Log10(0.2 peak) = 

0.211 + 

0.751*Log10(DA) 
10 yr 51.98 82.79 47.33 Log10(0.1 peak) = -7.452 + 

0.807*Log10(DA) + 0.667*Log10(FSl) - 

0.676*Log10(ME) + 5.478*Log10(CN)  

64.85 72.02 61.87 Log10(0.1 peak) = 

0.36 + 

0.754*Log10(DA) 

25 yr 67.14 73.46 62.88 Log10(.04 peak) = -9.333 + 

0.786*Log10(DA) + 5.331*Log10(CN) 

 

74.14 67.24 70.48 Log10(.04 peak) = 

0.517 + 

0.761*Log10(DA) 
50 yr 74.12 70.54 69.24 Log10(.02 peak) = -9.956 + 

0.793*Log10(DA) + 5.724*Log10(CN) 

 

82.16 63.48 77.92 Log10(.02 peak) = 

0.615 + 

0.766*Log10(DA) 
100 yr 82.21 67.43 76.6 Log10(.01 peak) = -10.499 + 

0.801*Log10(DA) + 6.07*Log10(CN) 

 

90.59 60.12 85.71 Log10(.01 peak) = 

0.713 + 

0.772*Log10(DA) 
200 yr 91.08 64.27 84.64 Log10(.005 peak) = -10.992 + 

0.808*Log10(DA) + 6.379*Log10(CN) 

 

99.9 56.8 94.29 Log10(.005 peak) = 

0.79 + 

0.779*Log10(DA) 
500 yr 104.1 60.29 96.4 Log10(.002 peak) = -11.567 + 

0.819*Log10(DA) + 6.746*Log10(CN) 
  

113.7 52.54 107 Log10(.002 peak) = 

0.896 + 
0.788*Log10(DA) 

Note: DA = Drainage Area (km2); FSl = Focal Slope; ME = Mean Elev. (m); CN = Curve Number;  Sp = Avg. Standard Error of Prediction; 

SME = Standard Model Error; Sp, pseudo-R2, and SME computed using Log10(Peak); Peak flows given in m3/s 

 

Table 4.5. Regression Results for Stations with Drainage Areas Greater Than 64.8 km2 (25 mi2) 

 Comprehensive Analysis  Drainage Area Only 

Return 

Period  

Sp 

(%) 

pseudo-

R2 

SME 

(%) Equations   

Sp 

(%) 

pseudo-

R2 

SME 

(%) Equations 

2 yr 19.06 96.39 17.79 Log10(0.5 peak) = 3.319 + 0.828*Log10(DA) + 
0.768*Log10(FSl) - 0.795*Log10(ME) - 

0.225*Log10(MTt)  

23.8 93.92 23.08 Log10(0.5 peak) = 0.166 
+ 0.739*Log10(DA) 

5 yr 20.38 95.82 18.88 Log10(0.2 peak) = 4.348 + 0.856*Log10(DA) + 

0.683*Log10(FSl) - 1.028*Log10(ME) - 

0.318*Log10(MTt)  

25.35 92.86 24.81 Log10(0.2 peak) = 0.435 

+ 0.718*Log10(DA) 

10 yr 22.38 95.02 20.65 Log10(0.1 peak) = 4.922 + 0.871*Log10(DA) + 
0.649*Log10(FSl) - 1.162*Log10(ME) - 

0.366*Log10(MTt)  

28.5 91.27 27.54 Log10(0.1 peak) = 0.59 + 
0.706*Log10(DA) 

25 yr 26.07 93.42 24.04 Log10(.04 peak) = 5.565 + 0.888*Log10(DA) + 
0.614*Log10(FSl) - 1.31*Log10(ME) - 

0.42*Log10(MTt)  

32.71 88.78 31.58 Log10(.04 peak) = 0.745 
+ 0.694*Log10(DA) 

50 yr 28.6 92.27 26.34 Log10(.02 peak) = 5.98 + 0.899*Log10(DA) + 
0.594*Log10(FSl) - 1.409*Log10(ME) - 

0.455*Log10(MTt)  

36.36 86.49 35.11 Log10(.02 peak) = 0.838 
+ 0.687*Log10(DA) 

100 yr 31.6 90.81 29.12 Log10(.01 peak) = 6.355 + 0.911*Log10(DA) + 
0.573*Log10(FSl) - 1.498*Log10(ME) - 

0.488*Log10(MTt)  

40.41 83.86 39.04 Log10(.01 peak) = 0.93 + 
0.681*Log10(DA) 

200 yr 35.07 89.04 32.36 Log10(.005 peak) = 6.71 + 0.924*Log10(DA) + 
0.548*Log10(FSl) - 1.581*Log10(ME) - 

0.523*Log10(MTt)  

44.55 81.18 43.05 Log10(.005 peak) = 
1.012 + 

0.676*Log10(DA) 

500 yr 40.19 86.1 37.55 Log10(.002 peak) = 5.636 + 0.982*Log10(DA) 
- 1.243*Log10(ME) - 0.613*Log10(MTt) 

  

50.28 77.41 48.6 Log10(.002 peak) = 
1.105 + 0.67*Log10(DA) 

Note: DA = Drainage Area (km2); FSl = Focal Slope; ME = Mean Elev. (m) ; MTt = Mean Travel Time (min);  Sp = Avg. Standard Error of 
Prediction; SME = Standard Model Error; Sp, pseudo-R2, and SME computed using Log10(Peak); Peak flows given in m3/s 
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A notable result of these analyses is that regression equations for drainage areas less than 

64.8 km2 correlate to curve number, and regression equations for drainage areas greater than 64.8 

km2 correlate to mean time travel time. One possible reason for this could be the smaller variation 

of mean curve numbers once drainage areas exceed a threshold value. For example, the quartile 

range of the curve number for stations in this study with an area under 64.8 km2 ranged from 66.6 

– 72.0 as compared to a range of 67.8 – 69.9 for areas over 64.8 km2. Figure 4.5 illustrates how as 

watershed sizes increase, the mean curve numbers gravitate toward the mean of 69, whereas the 

mean travel times increase without a reduction in variance. This tendency for mean curve 

numbers to converge to a mean value as drainage area size increases could be a factor that limits 

the predictive power of using curve numbers in flood frequency regression for larger watersheds.  

 

Fig. 4.5. (a) Mean curve number as a function of area, and (b) mean travel time in minutes as a 

function of drainage area 

  The fourth analysis was with stations that have drainage areas less than 25.9 km2 and 

resulted in equations that correlated with focal slope, curve number, and isochronal area for return 

periods less than 25 years. At greater return periods the isochronal area, as expected, was replaced 

by drainage area as the superior predictor variable. Even so, these results are significant when 

considering that stormwater design return periods ranging between 2 – 10 years are commonly 
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used in design for the state of Virginia based on regulatory requirements (Virginia Administrative 

Code 2014). To compare the effect that isochronal area has on the prediction of peak flow, the 

mean percent difference for each station with a drainage area less than 25.9 km2 was computed by 

comparing predictor equations using the isochronal area with those using drainage area, having 

all other predictor variables constant between the two equations. The mean percent differences 

between the two equations for the 2, 5 and 10 year storm were 17.8%, 18.1%, and 17.7% 

respectively. The difference in the magnitude of peak flows illustrates the impact that improved 

parameters can have on estimates of flow peak that are used in engineering design.  Although test 

runs for additional recurrence intervals of 25 year – 500 year were performed, as well as an 

analysis for areas greater than 25.9 km2, it became apparent for this physiographic region that 

64.8 km2 is the proper breaking point for regional analysis due to better fit on the upper and lower 

sides of the threshold.  Therefore, an abbreviated set of resulting equations is presented in Table 

4.6 for test runs related to the 25.9 km2 threshold that is presented to highlight the use of the 

isochronal area in resulting predictor equations. 

Table 4.6. Regression Results for Stations with Drainage Areas Less Than 25.9 km2 

 

The updated multivariable regression equations presented in this case study not only have 

better goodness of fit indicators (SP, R2, SME) as compared to the single variable drainage area 

equations, but also produce substantially different predicted peak flows. This effect is illustrated 

in Figure 4.6a-b, which show the mean and standard deviation of the percent difference at 

 Comprehensive Analysis  Drainage Area Only 

Return 
Period  

Sp 
(%) 

pseudo-
R2 

SME 
(%) Equations   

Sp 
(%) 

pseudo-
R2 

SME 
(%) Equations 

2 yr 42.59 82.46 38.64 Log10(0.5 peak) = -7.642 + 

0.673*Log10(FSl) + 4.476*Log10(CN) + 

0.758*Log10(IA)  

58.49 65.87 55.43 Log10(0.5 peak) = 

-0.009 + 

0.654*Log10(DA) 

5 yr 50.1 77.9 45.25 Log10(0.2 peak) = -9.741 + 

0.472*Log10(FSl) + 5.697*Log10(CN) + 
0.757*Log10(IA)  

61.11 65.48 57.57 Log10(0.2 peak) = 

0.26 + 
0.682*Log10(DA) 

10 yr 58.13 72.02 53.4 Log10(0.1 peak) = -10.262 + 

5.886*Log10(CN) + 0.735*Log10(IA) 
 

66.42 62.92 62.29 Log10(0.1 peak) = 

0.402 + 
0.701*Log10(DA) 

Note: DA = Drainage Area (km2); FSl = Focal Slope; CN = Curve Number; IA = Isochronal Area (km2);  Sp = Avg. Standard Error of 

Prediction; SME = Standard Model Error; Sp, pseudo-R2, and SME computed using Log10(Peak); Peak flows given in m3/s 
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relevant station locations of predicted peak flows for a given return period between the 

multivariable regression equations for each scenario and the single variable drainage area 

equations developed using all of the stations in the case study. To analyze the mean differences 

illustrated in Figure 4.6a, comparisons were made by determining the percentage difference from 

the single variable drainage area to the multivariable results. Positive percentage differences 

indicate that the multivariable predicted runoff peaks are higher than the single variable drainage 

area only results, and negative percentage differences indicate that the multivariable predicted 

peaks are lower than the single variable drainage area results. As illustrated, the multivariable 

equations for stations under 64.8 km2 tend to predict lower flows when compared to the drainage 

area equations, and the multivariable equations for stations over 64.8 km2 tend to predict higher 

flows when compared to the drainage area equations. This is to be expected for this particular 

dataset as drainage area has a significant influence on the regression equations and therefore the 

omission of station peaks above or below a drainage area threshold will skew the results of the 

regression analysis. The influence of omitting drainage areas in the analysis is absent when 

comparing mean differences with the complete data set; however, even though the mean percent 

difference is low, there is still a significant difference in the absolute mean percent difference. As 

illustrated in Figure 4.6b, there is an overall range in the standard deviation of the percent 

difference of peak flows between 14 – 42%, most prominently in the equations that consider 

stations below 64.8 km2. This illustrates the change in the prediction of peaks that occurs when 

using predictor equations with improved parameters to more conventional equations. 
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Fig. 4.6. (a) Mean and (b) standard deviation of the percent difference among peak flows between 

multivariable regression equations and the single variable drainage area equations of the complete 

data set 

4.4 Conclusions 

This case study demonstrates how GIS and programming techniques can be used to 

produce parameters as input variables into multivariable regression analysis that have been shown 

to provide superior results in estimating the magnitude and frequency of peak flows. In each of 

the four scenarios, the multivariable regression equations that produce the best fit contain one or 

more of the proposed variables that require computational strategies outlined in the methodology. 

Use of program assisted extraction of basin parameters resulted in more rapid analysis, and 

reduced the impact of human error. Within the best fit equations, the proposed predictor variables 

generated by these techniques included mean travel time, focal slope, and isochronal area as well 

as other commonly found geomorphologic and climatic parameters including drainage area and 

mean elevation. 
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Although use of the proposed parameters results in improved prediction in peak 

estimates, the same limitations in regional regression equations developed with conventional 

parameters also apply to the proposed equations. When applying regression equations to estimate 

the magnitude and frequency of peak floods, it is important for the design engineer to use the 

same sources of geomorphologic and climatic data that are used in the development of the 

equations, otherwise the results may not be valid. The equations should also not be used to predict 

floods at a stream site where regulation (flood-control reservoirs) exist upstream or in basins with 

significant urbanization. This case study also illustrates only one application of the proposed 

variables within the study area and may not produce similar results in other physiographic 

regions.  

In many regional regression analyses, the published regional equations for each 

physiographic region are single parameter equations using drainage area as the lone predictor 

variable (Austin et al., 2011; Weaver et al.., 2009; Feaster et al., 2009; Gotvald et al., 2009). In 

many of these analyses the homogeneity of the regions results in little variation between 

explanatory variables, which can result in single parameter predictor equations. While drainage 

area may not have been found to produce higher explanatory power than multi-parameter 

equations, the final reported equations from those studies use drainage area only both due to ease 

of application by the end user and due to statistical issues determined through analysis, such as 

multicollinearity. Although drainage area is easily measured and can be extracted by typical end 

users of the equations, results from the case study demonstrate the improvement in explanatory 

power when considering the additional variables proposed in this study. The methods used in this 

analysis emphasize how GIS technologies and programming techniques can be used to extract 

parameters that reflect the physical mechanisms that produce floods for a large number of 

watersheds. It is important to minimize the error associated with the predictions of flow peaks for 

design storms due to far reaching implications when used by engineers, scientists, and policy 
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makers. Significant variation in the magnitude of peak flows for a given return period could 

influence the engineering design, scientific findings, or adopted policy for a given area or stream. 

While it is important that the equations be easy to follow and use, it is also important that within 

the limitations of a study they accurately reflect the magnitude of flows to ensure public safety. 

Using the developed regional equations, practitioners can input predictor variables developed for 

specific target sites using automated techniques to efficiently estimate the magnitude and 

frequency of peak flows.   

This study has demonstrated that additional parameters may exist that can improve the 

accuracy of regression predictor equations.  Continuing updates and creation of geologic and 

climatologic datasets that are publically available should provide analysts with accurate 

information that will aid in improving flood estimates.  Future work should explore how the 

proposed parameters in this study correlate in various other physiographic regions beyond the 

Valley and Ridge region of Virginia. Researchers should also explore the predictive power of 

additional variables not included in this study that have the potential of yielding predictor 

equations that have even less error than those presented by this analysis.  
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5. A CONTINUOUS, HIGH-FREQUENCY ENVIRONMENTAL 

MONITORING SYSTEM FOR WATERSHED EDUCATION 

RESEARCH 

This chapter is adapted from the following manuscript: 

McDonald, W.M., Lohani, V.K., Dymond, R.L., and Brogan, D.S., 2015. A Continuous, High-

Frequency Environmental Monitoring System for Watershed Education Research. Journal of 

Engineering Education Transformations, 28(4).  

Abstract 

The Learning Enhanced Watershed Assessment System (LEWAS) is an environmental 

monitoring lab on the Virginia Tech, USA campus that uses contemporary sensing and computing 

technologies to provide high-frequency (1-3 minute sampling intervals) continuous water and 

weather data from a small urban watershed (2.78 km2) in order to promote watershed research 

and education. The LEWAS integrates custom software applications with data collection 

hardware, environmental sensors, and renewable power to create a remote automated watershed 

monitoring system. Watershed research is illustrated through case studies based on LEWAS data 

that demonstrate the value of continuous flow and water quality data in small urbanized 

watersheds through the capture and characterization of acute hydrologic and hydrochemical 

events. Student-centered active learning modules that incorporate LEWAS data and case studies 

have been successfully implemented into an undergraduate hydrology course at Virginia Tech. 

Assessment results reveal positive student perceived learning gains from instructional activities 

that incorporate LEWAS data. 

 

Keywords: engineering education, active learning, high frequency environmental monitoring, 

hydrology 
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5.1 Introduction 

Recent advances in sensor technologies have enabled scientists and engineers to remotely 

capture environmental data at higher frequencies and over larger spatial scales than was 

previously possible. These technological applications include remote real-time water monitoring 

systems that provide automated and continuous data collection. An example of real-time 

watershed monitoring on a large scale is provided by the United States Geological Survey 

(USGS). The sensor network of this federal agency records flow and, at some locations, water 

quality parameters in real-time (no shorter than 15 minute intervals) for nearly 15,000 continuous 

monitoring stations across the United States (U.S Geological Survey, Real-Time Water Data for 

the Nation. Accessed March, 2015. http://waterdata.usgs.gov/nwis/rt). Remote water monitoring 

applications have numerous advantages over traditional field sampling techniques including 

reduced field site visits, continuous data collection, real-time transmission of data and automated 

data processing. In addition to these benefits, remote data collection with contemporary sensors 

can be employed at high-frequencies to better capture hydrologic responses of the watershed, thus 

allowing a complete characterization of the hydrologic and hydrochemical processes. 

Most watershed water quantity and quality studies are based on hourly or daily 

measurements. However, there is growing interest in monitoring water data at higher frequencies 

to better capture hydrologic responses in a watershed (Kirchner et al. 2004). Real-time continuous 

data collection has recently been used in many applications to study water quantity concerns and 

is also becoming increasingly important for evaluating water quality  (Glasgow et al. 2004). 

There have been many watershed studies that employ environmental sensors to collect flow and 

water quality data at sampling intervals of less than 30 minutes (Arnscheidt et al. 2005; Jones et 

al. 2011; Kavetski et al. 2011; Aubert et al. 2014) and even down to 5 minutes (Moraetis et al. 

2010). These studies have demonstrated the need to deploy sensors at frequent sampling intervals 
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in order to detect certain hydrologic and hydrochemical behaviors in watershed and riverine 

systems.  

In addition to using real-time continuous data in watershed research, there is a growing 

use of such data in educational applications. In New York, water quality sensors have been 

employed to teach Science, Technology, Engineering, and Mathematics (STEM) principles to 

over 1,700 middle school and high school students across the state (Hotaling et al. 2012).  At the 

University of Northern Iowa, educators are developing an outdoor data acquisition and 

transmission site to teach hydrology concepts in the classroom (Iqbal 2013). Applications such as 

these are recognized as important in creating student-centered learning environments in 

hydrology education (Thompson et al. 2012). 

The Learning Enhanced Watershed Assessment System (LEWAS) 

(http://lewas.centers.vt.edu) is an environmental monitoring lab on the Virginia Tech (VT) 

campus in the United States. This system captures continuous real-time water and weather data 

for the purposes of watershed education research and educational outreach. The lab was created 

as part of an engineering education research project (Delgoshaei 2012; Delgoshaei and Lohani 

2014) supported by the National Science Foundation at VT. One key strength of this 

interdisciplinary lab is the diversity of students’ academic backgrounds (civil & environmental 

engineering, engineering education, electrical and computer engineering, computer science, 

chemical engineering and biology). The LEWAS has various components including water and 

weather monitoring instruments, renewable power supply, data collection hardware, and custom 

data processing software which are uniquely integrated to provide real-time watershed monitoring 

data through a live data viewing website (http://www.lewas.centers.vt.edu/dataviewer/). An 

important research aspect of the LEWAS is the collection of data at high frequencies (1-3 

minutes) within a small urban watershed. This allows the LEWAS lab to capture the hydrologic 

responses of the watershed as well as unpredicted ephemeral watershed events that may go 
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unnoticed at less frequent sampling intervals. The LEWAS lab has also been integrated into 

multiple courses across the Engineering Education, Civil and Environmental Engineering, and 

Geosciences Departments at VT. Classroom objectives in each of these courses are supported by 

LEWAS-based course modules that actively engage students in data collection, data processing, 

hydrology, and watershed sustainability concepts through a combination of virtual data collection 

and field site visits.  

This paper describes the LEWAS lab and demonstrates the utility of continuous 

environmental data in watershed education research and undergraduate hydrology education. The 

methodology focuses on how water monitoring sensors are integrated together through custom 

data collection hardware and software to create an efficient and reliable data collection and 

processing system. It also covers the educational theories and methods that were used to assess 

how student perceived learning was impacted by use of the LEWAS. Case studies developed 

using the LEWAS data illustrate the utility of a real-time continuous watershed monitoring lab for 

watershed research. Finally, examples of active, student-centered learning modules that 

incorporate LEWAS data and case studies into an undergraduate hydrology course at VT are 

described and assessment results of student learning are presented. 

5.2 Site Description 

The LEWAS field site is located within the Stroubles Creek watershed at the outlet of the 

Webb Branch sub-watershed, just upstream of a series of retention ponds known as the Duck 

Pond on the VT campus. The watershed (Figure 5.1b) has an area of 2.78 km2 and is highly 

urbanized with residential and commercial development, encompassing portions of the Town of 

Blacksburg and the VT campus. The Stroubles Creek watershed (Figure 5.1a), located in 

Montgomery County, Virginia, is a mixed land use watershed with the headwaters in the Town of 

Blacksburg, followed by agricultural fields and forested areas near its outlet. The watershed 

begins its drainage along the eastern continental divide of the U.S., with water eventually 
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draining to the New, Kanawha, Ohio, and Mississippi Rivers. Stroubles Creek was chosen as the 

site of the lab because of its location on the VT Campus and its environmental significance, as it 

was 303 (d) listed as impaired by the Virginia Department of Environmental Quality (VDEQ) 

beginning in 1996 to the most recent report in 2012 (VDEQ 2012). Some of the stressors of the 

stream include sedimentation, urban pollutants, increased development, and stream channel 

modifications (VDEQ 2006).  

 

 

Fig. 5.1. (a) Land use map of the Stroubles Creek Watershed, and (b) stormwater network map of 

the LEWAS Watershed 

5.3 Methodology 

The goal of the LEWAS is to provide continuous, reliable, accurate, and real-time 

dataflow from the sensors at the site to remote end users for research and education. The four 

primary components of the LEWAS which work together to meet this goal are: (1) water and 
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weather monitoring instruments, (2) power supply, (3) data collection hardware, and (4) data 

processing software. All four components are integrated together by an interdisciplinary team to 

enable the LEWAS to measure, collect, transmit, and publish continuous real-time environmental 

data. Continued development of the system is part of an ongoing Engineering Education PhD 

dissertation.  

5.3.1 Interdisciplinary Team 

To develop and maintain a continuous real-time environmental system requires skills and 

expertise from a variety of disciplines. The LEWAS lab is comprised of an interdisciplinary team 

of researchers representing backgrounds in civil and environmental engineering, electrical 

engineering, computer engineering, computer science, chemical engineering, biology, and 

engineering education. At the time of this writing, the LEWAS team has 3 Engineering Education 

PhD Students of which 1 has a Computer Engineering degree, 1 has a Computer Science degree 

and 1 has an Electrical Engineering degree, 1 Civil and Environmental Engineering PhD student, 

2 Civil and Environmental Engineering Masters students, 1 Civil and Environmental Engineering 

undergraduate student, and 1 Computer Science undergraduate student. All team members bring 

their own set of skills to ensure that the system delivers reliable and accurate data in real-time 

from the sensors. For example, power supply and data acquisition require the expertise of 

personnel from electrical and computer engineering backgrounds while water quality, flow, and 

weather studies require personnel with civil and environmental engineering backgrounds. In 

addition, team members work together to develop and implement educational modules for 

courses in multiple departments at VT and Virginia Western Community College (VWCC). For 

example, in the spring 2015 semester alone, the LEWAS was used in 4 courses at VT and 2 at 

VWCC, reaching over 1,800 students. Existing efforts are also building collaborations between 

the LEWAS team and investigators at other institutions in the U.S., India and Australia to use 

LEWAS data as well as replicate the LEWAS-type lab at their respective locations. 
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5.3.2 Environmental Sensors 

The LEWAS lab has five primary environmental monitoring sensors that monitor flow, 

water quality, and weather parameters at the outdoor site (Table 5.1). The first is a Sontek 

Argonaut-SW Acoustic Doppler Current Profiler (ADCP) that measures velocities in a natural 

stream cross section. The second is a Global Water WL705 ultrasonic level transducer that 

collects stage measurements behind a weir for a secondary flow measurement. The third is a 

Hydrolab MS-5 Sonde that measures water quality parameters from within the stream channel. 

The fourth, a Vaisala Weather Transmitter WXT520 measures air temperature, barometric 

pressure, relative humidity, precipitation and wind. Finally, a tipping bucket rain gage provides 

additional precipitation measurements at the site. These instruments are connected through 

underground conduits to a main control box that houses the batteries, solar regulator, and data 

collection hardware. The ADCP and water quality Sonde are installed in a natural run of the 

stream, the ultrasonic level transducer is installed in an upstream culvert behind a trapezoidal 

weir, and the weather transmitter, solar panels, network camera, and directional antenna are 

installed on a light pole near the site. A physical layout of the LEWAS lab equipment is 

illustrated in Figure 5.2.  
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Table 5.1. LEWAS Sensors 

Name Type Parameters 

Sampling 

Interval 

Sontek Argonaut-

SW 

Acoustic Doppler 

Current Profiler 

(ADCP) 

velocity and stage for flow estimates 1 minute 

Global Water 

WL705 

Ultrasonic level 

transducer 
stage behind a weir 1 minute 

Hydrolab MS-5 

Multi-parameter 

water quality 

Sonde 

pH, temperature, specific conductance, 

oxidation reduction potential (ORP), 

dissolved oxygen (DO), turbidity 

3 minutes 

Vaisala WXT520 
Weather 

transmitter 

air temperature, barometric pressure, 

relative humidity, precipitation* 

5 minutes, 

*instantaneously 

Weathertronics 

Tipping Bucket 
Rain Gage precipitation instantaneously 

 

 

Fig. 5.2. LEWAS lab physical layout 

5.3.3 Data Acquisition Hardware 

The data collection hardware is composed primarily of a Raspberry Pi that continuously 

runs the remote system. A Rasperry Pi is a credit card sized, low cost computer that can be used 

for a variety of purposes (Upton and Halfacree 2014). At the LEWAS site, the Raspberry Pi runs 
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custom Python programs developed by the LEWAS’ computer science/engineering team, to 

collect, analyze, and transmit data from each environmental sensor. The output from the three 

sensors are sent via RS-232 serial links to the Raspberry Pi, and stored in a local database on the 

device. A wireless bridge and 14dB directional antenna enable the Raspberry Pi to establish a 

wireless connection to the campus wireless network though a point-to-point connection from the 

LEWAS field site to an access point installed on a nearby campus building. Data is periodically 

sent from the local database on the Raspberry Pi to a secure database on VT campus where the 

data is accessed and displayed through the live data viewing website 

(http://www.lewas.centers.vt.edu/dataviewer/). An operational diagram illustrating the 

connectivity of the lab is given in Figure 5.3. 

 

 

Fig. 5.3. LEWAS operational diagram 

The system is primarily powered by renewable energy through the use of battery backed 

solar panels mounted on a light pole near the site, but is backed up by a connection to grid power. 
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These solar panels have a peak power generation of 80 Watts and charge two 12 Volt, 30 Amp 

Hour deep cycle batteries connected in series that are located in the control box and in turn, 

power the instruments and data transmission 24 hours a day. The batteries have enough storage 

capacity to sustain the outdoor lab during most evenings and extended overcast periods. 

However, the system is backed up by a connection to grid power in case the battery capacity gets 

overwhelmed by demand from the sensors.  

5.3.4 Programming and Software 

A unique component of the LEWAS is the common programming interface that is used to 

communicate with, and collect data from, three different proprietary environmental sensors. Each 

sensor comes with its own data collection software and data loggers that are recommended by the 

manufacturers to deploy and collect data from the sensors. However, purchasing separate 

software and data loggers is expensive and limits the ability to deploy, collect, and transmit data 

from a common interface. To create a common interface, the data collection commands from each 

proprietary sensor’s software were reconstructed using custom Python programs. In each case, the 

main objective was to determine how an individual sensor sends and receives information 

through its proprietary software and then code that information into a custom program. The data 

logging system for LEWAS is a unified interface that interacts with multiple environmental 

monitoring sensors from different manufacturers all through a common data logger (Raspberry 

Pi) programmed with custom Python software. This method of data collection removes the need 

for expensive software and data collection hardware for each device.  

The final product is an integrated system which combines the individual programs 

developed for each of the three devices onto a single data logging system. The development of 

this system streamlines the collection, processing, and storage of data from each sensor. This 

enhanced functionality enables the lab to broadcast continuous real-time data from each sensor 

through a common interface. This, in turn, allows data to be sent to the open access data viewing 
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website, where real-time LEWAS watershed data is accessed by researchers, educators and 

students. 

5.3.5 Quality Assurance 

Data quality is a priority and appropriate steps are taken to ensure that data disseminated 

by the LEWAS lab are consistently accurate. In addition to data transmitted directly from the 

environmental sensors at the site, other supporting watershed data is collected and processed for 

quality assurance. This data includes the stormwater network infrastructure, land use, 

precipitation, cross-section profiles, velocity profiles, and visual data captured by the network 

camera. Measures are also taken to ensure that data received from the environmental sensors is 

accurate. These measures include routine calibration, maintenance, and environmental 

measurements with additional equipment to provide supporting data.  

5.4 Case Studies 

Continuous data collection using environmental sensors has been promoted as a way of 

better understanding catchment processes (Kirchner et al. 2004). The LEWAS lab team seeks to 

better understand these processes through continuous monitoring at frequent sampling intervals 

(1-3 minutes) to fully capture the hydrologic responses of the watershed. The shortest intervals 

possible for each sensor were chosen in order to capture the maximum possible extent of the 

hydrologic and hydrochemical processes. The water quality Sonde collects data at three minute 

intervals while the Argonaut-SW ADCP collects data at one minute intervals. Water quantity and 

quality changes in this small, urban watershed can happen in a matter of minutes and the high 

resolution of data collection at the LEWAS site enables the capture of acute events as they 

happen. The critical importance of high resolution temporal data is illustrated in two case studies, 

a two day series of summer storms with resultant fast runoff responses and a second case study 

focused on chloride concentration due to runoff from deicing operations.  
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The first case study illustrates the need for high-frequency data through the change in 

water temperature and flow during storm events that occurred on July 23 - 24, 2012 (Figure 5.4). 

During the July 23, 2012 storm, the water temperature increased by 4.7 ºC within 3 minutes. 

During the following July 24, 2012 storm, the rising limb of the hydrograph increased from 0.023 

m3/s at base flow to a peak of 2.11 m3/s within 12 minutes. If the Argonaut-SW ADCP had been 

sampling at larger 15 minute intervals, the peak of this storm may have been completely missed 

and could have been underestimated by as much as 26%.  

 

Fig. 5.4. July 23 - 24, 2012 storm events 

 In the second case study, the LEWAS data captured acute trends in specific conductance 

due to deicing runoff during a series of flash storm events on March 24 - 25, 2013. In anticipation 

of a winter storm event, maintenance crews applied salts and a deicing solution on roads and 

sidewalks within the watershed. The snow and abrupt warming runoff events caused the salt and 

deicing solution to run off the roads, into the stormwater network and into Webb Branch, where 

the LEWAS sensors recorded the data. Detecting these trends is essential for understanding what 

effects these events might have on aquatic health. During this event, shown in Figure 5.5, specific 
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conductance reached 7310 µS/cm, well beyond typical brackish or saline water (4300 µS/cm), 

and well above the chronic toxicity threshold for in-stream conductance impairment to freshwater 

fish communities (3000-3500 µS/cm) (Kimmel and Argent 2009).  

 

Fig. 5.5. Specific conductivity response to winter precipitation 

 To further understand how this might affect the aquatic life in the stream, the spike in 

specific conductance in the stream is related to chloride concentrations. Specific conductance 

represents the ability of water to conduct electrical current and can be used to approximate the 

Total Dissolved Solids (TDS) in the water (Howard 1933). Many road deicing salts and solutions 

contain high levels of chloride, which when flushed into receiving water bodies can cause acute 

chloride toxicity (Corsi et al. 2010). Acute chloride toxicity refers to the potential exceedance of 

species’ tolerance caused by a one time, sudden, high exposure to chloride. Various aquatic 

species are sensitive to acute toxicity levels of contaminants found in urban stormwater runoff 

(USEPA 2002). The United States Environmental Protection Agency (EPA) sets recommended 

water quality criteria for acute impairment limits in freshwater bodies across the United States, 

including maximum acute chloride concentrations (USEPA 1986).  
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 A study compared 24 stream locations that recorded specific conductance and chloride 

concentrations in the Broad Run watershed in Fairfax County, Virginia in order to develop a 

general relationship when the specific conductance is over 1,000 μS/cm, indicating heavy road 

salt content (Sanford et al. 2011). This relationship, Cl = (0.33)SC where Cl is chloride 

concentration in mg/l, and SC is the specific conductance in µS/cm, was applied to the specific 

conductance data collected at the LEWAS site. There are limitations to using this regression 

equation since the relationship is not specific to the LEWAS site. However, given that this 

equation was developed in similar urban watersheds at various locations under comparable 

conditions, it provides a general relationship and an indication of the possible chloride 

exceedances during this event.  

 Using this specific conductance to chloride concentration relationship reveals that 

chloride levels are estimated to reach up to 2,193 mg/l, 155% more than the EPA recommended 

level of 860 mg/l for acute toxicity. Figure 5.6 illustrates the trend in estimated chloride 

concentration at three minute intervals over the period of the storm against the EPA 

recommended limit. The chloride concentration during these storm events exceeds the EPA 

recommended limit for a combined period of 13.25 hours during a total span of 23 hours (Figure 

5.6). In order to show the difference in sampling interval results, this figure illustrates estimated 

chloride concentrations at both 3 minutes and 1 hour sampling intervals. In these pollutograph, 

the exceedance of the first peak beyond the EPA recommended limit is completely missed at a 1 

hour sampling interval.  
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Fig. 5.6. Estimated chloride concentration in the LEWAS stream  

 Although the capture of chloride concentrations from deicing runoff by using specific 

conductance as a surrogate is not new, the characterization of the concentration trends in this 

study suggests that continuous monitoring of deicing runoff is necessary to properly capture the 

behavior of acute exceedances within the system. This example highlights the potential of 

continuous environmental monitoring at frequent sampling intervals in assessing the impacts that 

human behaviors can have on the aquatic environment in a small urbanized watershed. Examples 

such as this also have applications for hands-on learning in courses such as hydrology as 

discussed in the following section. 

5.5 Classroom Integration 

A key goal of the NSF-sponsored project supporting this work is to integrate these 

innovative case studies and continuous environmental data from the LEWAS into the 

undergraduate curriculum for enhancing teaching and learning practices. This is done through 

LEWAS-based active learning modules that seek to increase student learning and motivation 
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through student-centered activities and exercises. The lab has been integrated into courses at 

Virginia Tech across multiple departments including Engineering Education, Civil and 

Environmental Engineering, Crop and Soil Environmental Sciences and Geosciences, reaching 

over 5,000 students since 2009 (Lohani et al. 2009; Delgoshaei et al. 2010; Delgoshaei 2012; 

Dymond et al. 2013; Delgoshaei and Lohani 2014; McDonald et al. 2014). Results from prior 

studies have shown that having access to real-time environmental data through the LEWAS lab 

has increased student motivation in multiple courses. For example, in a study with 150 

engineering freshmen at Virginia Tech in spring 2012, it was shown that having access to real-

time water and weather data through the LEWAS improved students’ motivation to learn about 

water sustainability issues (Delgoshaei 2012).  

5.5.1 Classroom Integration and Assessment Methods 

As part of an ongoing NSF project, the LEWAS has been integrated into a senior level 

Hydrology course (27 students) at Virginia Tech in the spring 2012 semester.  The goal of the 

project is to enhance student learning in the classroom by incorporating LEWAS-based, hands-on 

student activities that engage the students in active and cooperative learning while supporting 

classroom goals. Active learning is a theory that proposes that students learn most effectively 

when they are engaged in the learning process by doing meaningful activities that require them to 

think about what they are doing.  Active learning both introduces student activity into the 

traditional lecture method and promotes student engagement (Faust and Paulson 1998). Studies 

have shown that students who are interactively engaged through active, student-centered 

classroom activities learn and retain more information (Prince 2004). In addition, there is 

evidence that student learning improves through cooperative learning methods where students 

work in groups to achieve a common goal (Johnson et al. 2010). Each activity seeks to promote 

active and cooperative learning through student-centered modules that give students hands-on 

experience in data collection, processing, and watershed computations. 
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An advantage of the LEWAS is the ability to collect, store, and transmit data in real-time, 

which can be displayed through an environmental virtual or remote lab, such as the live data 

viewer. Here students can explore the environment, examine case studies, and view live data. 

Virtual labs are software that simulate the real environment, whereas remote labs are labs where 

experiments are conducted remotely across the Internet. Virtual labs have been shown to be 

effective in improving student understanding of important engineering concepts (Baher 1998; 

Koretsky et al. 2011, Kollöffel and de Jong 2013). Applications of remote labs in engineering 

education have also been shown to improve student understanding of engineering concepts 

(Gurocak 2001; Alexander and Smelser 2003) and are comparable to hands-on labs (Ogot et al. 

2003; Corter et al. 2011).  

The development of the LEWAS learning modules were guided by the Blooms Revised 

Cognitive Taxonomy (Anderson et al. 2001). Student learning outcomes in a hydrology course 

can be aligned with levels 1-5 of Blooms taxonomy. Example in this context are (1) remembering 

concepts like what is a watershed, and where does its water go, (2) understanding topics such as 

water quantity and quality parameters, data sensors, and human development impacts on a 

watershed, (3) applying what they know such as water flow represented as a hydrograph and 

precipitation represented as a hyetograph, (4) analyzing data such as in computing runoff to 

rainfall ratios, and (5) evaluating problems such as the impacts from land cover changes and 

different watershed events.  

The experimental design for the hydrology course followed a one-group pretest/posttest 

design (Singleton and Straits 2010). Students were given an assessment questionnaire early in the 

semester following an introduction to the LEWAS and another questionnaire following 

completion of the LEWAS-based hydrology modules. Assessment questions were opened ended 

and did not contain any quantitative questions; however, assessment results were analyzed for 

common themes among the student responses and coded responses were quantized (Moskal 
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2008). Codes and themes of the student responses were developed by (1) familiarizing the 

researcher to the data through reading and re-reading the data, (2) generating initial codes, and (3) 

gathering the codes with the help of Nvivo software to identify potential themes (Robson 2002). 

Multiple team members coded the data and discussed their results among each other to ensure 

credibility of the coding process and any differences in the codes and themes were discussed and 

reconciled through an iterative process (Leydens 2004).    

The experimental design lends itself to multiple internal validity threats including history 

(i.e., an event could occur during treatment that influences the outcomes), maturation (i.e., 

participants could mature or change throughout the treatment thereby influencing the results), 

selection (i.e., students in the class will not be randomly selected but are chosen due to 

accessibility and resource constraints), testing (i.e., the pretest could cause the participants to 

become familiar with the material), or interaction effects through a combination of threats 

(Singleton and Straits 2010). The sample of students is also non-random as it only contains 

students within one course, thus the generalizability of the results will be limited because the 

sample is not statistically representative of the greater population of engineering students. 

5.5.2 LEWAS-Based Classroom Modules  

In the senior level hydrology course at VT, students used data collected at the LEWAS 

site to understand various hydrologic concepts including runoff coefficients in urbanized 

watersheds, the relationship between land cover and water quality, and the importance of 

environmental monitoring. Classroom modules included both in-person visits to the LEWAS site 

for field observations and in-class student-centered exercises and homework assignments that 

utilized high frequency data sets. An example is the Storm Characteristics Module that used flow 

and weather data generated by the LEWAS to illustrate the rainfall-runoff relationship in a small 

urbanized watershed. Given precipitation and flow data, students were able to precisely estimate 

the volume of storm flow from the hydrograph and volume of precipitation that fell over the 
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LEWAS watershed for a given rainfall-runoff event. Students worked in pairs to compute runoff 

to rainfall ratios and comment on how their results could be used to indicate the amount of 

rainfall that infiltrated the ground, evaporated, or became intercepted by vegetation. High-

frequency data allowed students to compute the storm flow and see the flashiness of a small 

urbanized watershed through the characterization of the hydrograph. Students also completed the 

same assignment using USGS flow data (collected at 15 minute intervals) for larger, less 

developed watersheds. This provided students with an understanding of the differences in 

hydrographs from large undeveloped watersheds and small urban watersheds that reflect their size 

and land cover. 

A second example is the Watershed Wiki Module which promoted active and cooperative 

learning through a hands-on group assignment that gave students the opportunity to investigate 

physical changes in the watershed and draw their own assessments. Students were assigned to 

teams (3-4 students) that took turns throughout the semester visiting the LEWAS field site and 

writing daily reports on the class blog about the conditions at the site, performance of the 

equipment, and the data monitoring results. The groups took on the responsibility as a watershed 

assessment team for an assigned week and prepared data tables and graphs of weather, flow, and 

water quality data, describing trends and particular events that occurred over the week using 

LEWAS data as well as their own observations (VT Fall 2012 Hydrology Blog. Accessed 

September 2012 – March 2015 https://blogs.lt.vt.edu/cee4304f2012/).  

5.5.3 Student Assessment Results 

Students were asked similar questions in the pre- and post-test assessments to determine 

how their experience with the LEWAS affected their perceived learning gains. Student responses 

indicated that the perceived role of the LEWAS in helping them learn hydrologic concepts did not 

change over the course of the semester. When asked “How can this system help you learn 

hydrologic concepts?”, the majority of student found that experience with practical real-world 

https://blogs.lt.vt.edu/cee4304f2012/
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data helped them the most (65% pre-test; 62% post-test). For example, in the post-test one student 

stated “Comparing direct physical observations with detailed data was helpful in matching real-

world situations to calculations”, and another commented “We were able to see how the concepts 

learned in class apply to an actual stream.” These students found that the ability to connect what 

they were doing in class with an actual stream nearby helped them to understand hydrologic 

concepts.  

A noticeable difference in the pre-and post-tests were the student responses to how the 

system would help them learn about sustainable development. When asked “How did this system 

help educate you about sustainable development?”, the majority of students felt initially that the 

system would help show them how land use affects runoff (37%). While the same percentage 

indicated so in the post-test (36%), the majority of students (48%) in the post-test believed that it 

was the ability of the LEWAS data to show what actually occurs in a stream that helped to 

educate them the most about sustainable development. This would suggest that an urban 

watershed monitoring system that communicates what is occurring in a stream through 

continuous data is valuable in educating students about the impacts of development. 

Additional questions were asked in the post-test to further examine student experiences 

with the LEWAS. Students were asked in what ways they would incorporate a similar system into 

a future course. This required students to think about how they would teach someone else 

hydrology concepts using the LEWAS system. Overall students were able to synthesize their 

experiences with the LEWAS and recommend new ways in which it could be incorporated into 

hydrology education. One student stated “I would make a few more assignments related to 

various concepts discussed in the latter part of the class (i.e. convolution, deconvolution, channel 

routing, etc.).” This student and others found value in hands-on active learning activities that 

connected what they were doing in the classroom with reality and were able to articulate new 

ways in which the LEWAS could be applied within a hydrology education context.  
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To determine what perceived value students found in the system, the post-test assessment 

questionnaire asked students what value they found in monitoring of water quantity and water 

quality. The results indicate that a majority of the students (84%) found access to continuous real-

time monitoring to be valuable for understanding real-world applications and data collection. The 

remaining students cited the usefulness of high-frequency data in developing hydrologic and 

water quality models. In reference to systems such as the LEWAS, one student stated, “I believe 

there is a great value in monitoring water quantity and quality. For students it gives us the 

chance to understand hydrology outside of the classroom. It also creates real data to prove the 

effects of development on the stream.” The use of high-frequency data and case studies in the 

classroom helped this student and others understand what effects human development has on the 

stream. The hands-on active and cooperative learning experience also gave them the chance to go 

out of the classroom and work with real, locally captured data, which allowed them to make 

connections between the data they received from the LEWAS and what they could observe 

around them. This finding supports previous research that suggests that students learn more when 

they are able to connect what they are doing in the classroom to the physical environment (Cantor 

1997). 

While there are multiple limitations to the study, including internal validity threats 

discussed in Section 5.1, the results from the assessment suggest that the system positively 

impacted student perceived learning.  The biggest value was in connecting what students do in 

class to reality, as the majority of students indicated that they would continue to use the system in 

future courses for hands-on data collection and most students found the system to be valuable for 

understanding real-world applications and data collection. Information from the assessment 

results is being used to improve classroom modules for future courses, including the spring 2015 

hydrology course at VT. The goal for this course and others is to continue to investigate how 
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continuous real-time data enables students to gain a better understanding of hydrologic responses 

through student-centered classroom modules.  

The implementation of LEWAS modules into a hydrology course illustrates some of the 

many advantages to using a system like the LEWAS in classroom instruction versus readily 

available watershed data such as that is provided by the USGS. As the case studies demonstrate, 

higher resolution data gives a better picture of what is actually happening in small urbanized 

watersheds. The majority of readily available hydrologic data are mostly applicable for large rural 

or mixed land use watersheds, whereas a system like LEWAS can give high resolution data for 

small watersheds that have faster response times and different characteristics than watersheds 

typically monitored by federal or state agencies with publically accessible data. Another 

educational advantage of a system such as this is the ability to have a system at any location, such 

as a local stream, that the students can visit in-person. This allows students to see the sensors and 

understand how they function in collecting data, as opposed to only receiving flow values from a 

website. A webcam at the site also allows students to match the data with visual images in order 

to relate parameters such as flow rate, turbidity, rainfall rate, etc. with what they can see from a 

picture. Finally, summer thunderstorms may dramatically vary spatially, and a system such as 

LEWAS provides students with flow, water quality, and precipitation data from a single location, 

as opposed to other data sources that may be sparse and disconnected. Disadvantages of a system 

like the LEWAS include the cost of equipment purchase, time and expertise for sensor 

installation, programming, systems integration and ongoing efforts to maintain and calibrate the 

sensors.  

5.6 Conclusions 

This paper demonstrates how a continuous real-time watershed monitoring system can be 

developed and implemented for watershed education research. Results from the case studies 

suggest that high-frequency watershed monitoring is helpful in capturing acute watershed events 
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in a small urbanized watershed that would not be fully characterized with longer sampling 

intervals. In addition, assessment results from student-centered active learning modules have 

shown positive learning gains in students that have access to continuous real-time data.  

 The favorable results in demonstrating and teaching watershed concepts and principles to 

undergraduate hydrology students has led to the development of LEWAS based modules for 

future courses. Future plans include continued integration of the lab into the Hydrology course at 

VT as well as freshman level courses at VWCC. In addition, faculty members from other 

departments at VT (e.g., geosciences, biological sciences, and environmental sciences), other 

local universities and colleges (East Carolina University, and John Tyler Community College) 

and international universities in Australia and India have expressed interest in integrating the 

LEWAS into their curricula.    

Ongoing development of the system will eventually result in data dissemination beyond 

the live data-viewer to the Online Watershed Learning System (OWLS), which is being created 

as an interactive watershed education tool as part of an ongoing PhD dissertation in Engineering 

Education. Current and future work will seek to build upon the research presented here by using 

the OWLS to improve learning and motivation in community college, undergraduate and 

graduate students. Case studies and details of the OWLS, currently being implemented into spring 

2015 courses, will be disseminated in the near future. A description of the development of the 

initial version of the OWLS can be found in Brogan et al. (2014).    

The use of continuous watershed monitoring labs for both research and education has 

enormous potential. Systems such as the LEWAS can provide insights into watershed behaviors 

and improvements to student learning through access to real-time environmental data. The 

LEWAS demonstrates how the integration of different commercial sensors through custom data 

collection hardware and software programming can produce reliable and continuous data. The 

LEWAS is a viable alternative to the high-cost of data collection hardware and software when 
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using different commercial sensors. Challenges in creating such a lab include cost of equipment, 

expertise, and ongoing maintenance. However, as the need for new ways to develop student-

centered learning environments and to understand hydrologic processes continues, systems such 

as the LEWAS will play an important role in improving watershed education and our 

understanding of hydrologic systems. 
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6. INTEGRATING A REAL-TIME ENVIRONMENTAL 

MONITORING LAB INTO UNIVERSITY AND COMMUNITY 

COLLEGE COURSES 

This chapter is adapted from the following manuscript: 

McDonald, W. M., Brogan, D. S., Lohani, V. K., Dymond, R. L. and Clark, R. L., 2015. 

Integrating a real-time environmental monitoring lab into university and community college 

courses, International Journal of Engineering Education, 31 (4). 

Abstract 

  The Learning Enhanced Watershed Assessment System (LEWAS) is a high-frequency, 

real-time environmental monitoring lab on the Virginia Tech (VT) campus that supports 

watershed research and education. Student-centered modules that incorporate hands-on activities 

and LEWAS data have been implemented into a senior level hydrology course at VT (30 

students) and several freshman level introductory engineering courses at Virginia Western 

Community College (73 students). A multi-loop assessment plan demonstrates how researchers at 

a large public university can collaborate with community college faculty to improve assessment 

methods and classroom module development. Assessment results show student learning gains 

through active and collaborative LEWAS-based learning modules.  A pilot test of a LEWAS-

based interactive online educational tool called the Online Watershed Learning System (OWLS), 

which allows students to access real-time data, virtually explore the LEWAS watershed, and 

examine case studies, has also produced results that indicate that student learning improves 

through virtual access to real-time and historical watershed data.  

 

Keywords: hydrology education, environmental monitoring, enhanced student learning, virtual 

learning 
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6.1 Introduction 

 In 2008, the US National Academy of Engineering (NAE) announced 14 Grand 

Challenges in engineering that are awaiting solutions in the 21st century. This list includes the 

challenge to “Provide Access to Clean Water” (NRC 2012). Water is the critical element for 

supplying food and energy, safeguarding human health, and maintaining national security. 

Increasing pressures for water demand worldwide present challenges to scientists and engineers 

to attain sustainable management of water resources. A recent United Nations report projects that 

virtually every nation will face a water supply problem within the next 20 years. It is also 

estimated that currently more than a billion people have little access to clean drinking water and 

that 2 billion live in conditions of water scarcity (UN 2003). The recent NAE publication entitled 

“The Engineer of 2020” emphasizes that water supplies will affect the future of the world’s 

economy and stability. Further, the report highlights the need for implementing ecologically 

sustainable practices to preserve the environment for future generations (U.S. NAE 2004). To 

face large-scale environmental challenges in the 21st century, the National Research Council 

outlined the need for fundamental knowledge of: (i) the sources of contaminants and how they are 

linked to different types and levels of human activities; (ii) the persistence, transport processes, 

and degradation mechanisms of these contaminants; and (iii) the risks they pose to the 

environment and humans (NRC 2001). Schnoor warns in a 2008 NAE magazine article (Schnoor 

2008) that unless better ways to protect and improve water supplies are found, the future looks 

dire for billions of people. 

A key component to any solution is to educate our youth about critical hydrology related 

issues, and to train them as future professionals who will develop appropriate solutions to address 

these challenges. Hydrology education plays a fundamental role in developing professionals who 

understand critical components of the hydrologic cycle and the impacts that humans have on our 

water resources. To develop students that are equipped to handle the challenges of the future, 
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classrooms must focus on student-centered approaches that engage the students in hands-on 

activities (Ngambeki et al. 2012). Two of the greatest challenges facing hydrology education in 

the 21st century include providing student-centered activities and field experiences in the 

classroom, and replacing historical stationary data with real-time, dynamic, and temporally and 

spatially variable hydrologic systems (Ruddell and Wagener 2013; Bloschl et al. 2011). 

Replacing traditional teaching methods with student-centered experiences will require advances 

in classroom tools and teaching methods that capture the attention of students through an active 

learning experience. 

As part of an ongoing NSF/TUES (type I) project at Virginia Tech (VT), the Learning 

Enhanced Watershed Assessment System (LEWAS) lab has been employed to improve water 

sustainability education in university and community college classrooms. The LEWAS is a 

watershed monitoring lab on the VT campus that measures water and weather parameters in real-

time at high-frequency temporal intervals and distributes this data through an online watershed 

education tool called the Online Watershed Learning System (OWLS). The educational aim of 

the lab is to enhance student learning by incorporating LEWAS-based, hands-on activities into 

the curriculum that engage the students in active and cooperative learning while supporting 

classroom goals. The LEWAS was implemented into a senior level hydrology course (CEE 4304) 

at VT in the fall 2012 semester (Year 1) (Dymond et al. 2013; McDonald et al. 2015) and spring 

2014 semester (Year 3), and was implemented into two freshman level courses (EGR 120 Intro to 

Engineering and EGR 124 Intro to Engineering and Engineering Methods) at Virginia Western 

Community College (VWCC) in the spring and fall 2013 semesters (Year 2) (McDonald et al. 

2014). The overarching goal of this study is to examine how the LEWAS impacts student 

learning through active and collaborative learning modules that engage students in water-related 

hands-on activities both within and outside of the classroom. 
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This paper covers the details of the overall design, implementation, and assessment 

results from the LEWAS modules impacting more than 60 seniors at VT and 90 freshmen at 

VWCC. Section 2 of this paper provides the historical background of the LEWAS lab and 

demonstrates how this lab helps implement the research-to-practice innovation cycle at VT. The 

theoretical framework on which the engineering education research in this paper is built is 

discussed in Section 3. Section 4 presents the methodology of implementing real-time, high-

frequency environmental data into university and community college engineering education as 

well as a multi-loop feedback and assessment process that improves student-centered classroom 

modules and assessment methods. Results in Section 5 indicate that LEWAS modules, which 

engage students in active and cooperative learning through hands-on classroom and field 

activities, improve student learning. A pilot test of the OWLS, an online educational tool where 

students can access real-time data, virtually explore the watershed, and examine case studies, has 

also produced results that indicate that student learning improves through virtual access to real-

time and historical watershed data. 

6.2 The Learning Enhanced Watershed Assessment System (LEWAS) 

The development of the LEWAS lab began in 2008 with partial support under an NSF 

Department-Level Reform (DLR) project (2004-09) at VT. The lab was then called the LabVIEW 

Enabled Watershed Assessment System (LEWAS) since it represented a research extension of 

LabVIEW learning modules implemented into a freshman engineering course within the College 

of Engineering (CoE) at VT (Lohani et al. 2009; Delgoshaei et al. 2010). Since LabVIEW is 

replaced by Raspberry Pi as the data acquisition and processing hardware/software, we decided to 

change the lab’s name to the Learning Enhanced Watershed Assessment System (LEWAS) 

beginning in May 2014. The lab has been integrated into courses across multiple departments 

including Engineering Education (EngE), Civil and Environmental Engineering (CEE), and 

Geosciences, reaching over 5,000 students since 2009 at VT (Dymond et al. 2013; McDonald et 
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al. 2014; Delgoshaei 2010; Delgoshaei and Lohani 2014). Prior studies involving the LEWAS lab 

have revealed that giving students access to real-time watershed data increases student 

motivation. For example, in a study involving 150 engineering freshmen at VT in the spring of 

2012, it was demonstrated that giving students access to real-time LEWAS water and weather 

data improved students’ motivation to learn about water sustainability issues (Delgoshaei 2012).  

 The formation of the LEWAS lab is a good example of how engineering education 

research in EngE informs the educational practice in CEE at VT. In this context, the development 

of the LEWAS has followed the innovation cycle of educational practice and research (Jamieson 

and Lohmann 2009) as shown in the diagram in Figure 6.1. Block 1 illustrates implementation of 

the LabVIEW modules into a freshman engineering course (Engineering Exploration, EngE 

1024) offered by EngE that all freshmen (~1,600 each year) at VT are required to take during 

their first semester. Positive learning outcomes from the LabVIEW modules led to additional 

hands-on activities that leveraged the data acquisition (DAQ) strength of the LabVIEW software 

and introduced students to water related issues on the VT campus by accessing water data using 

sensors and DAQ features of LabVIEW (Lohani et al. 2009; Delgoshaei et al. 2010).  This 

ultimately led to the development of the LEWAS lab (block 2) as a system that provides students 

with a real world application of LabVIEW. Out of this project came a PhD dissertation that 

demonstrated the educational value of the LEWAS data using the theoretical foundation of the 

expectancy value theory of motivation  (block 3) (Delgoshaei 2012; Eccles et al. 1983). In order 

to expand the application of the LEWAS beyond EngE, the 3rd author collaborated with the 4th 

and 5th authors and their team won a NSF/TUES (Type I) grant in 2012 that led to incorporation 

of the LEWAS into a senior level hydrology course at VT (fall 2012 and spring 2014) and two 

introductory engineering courses at VWCC (fall and spring 2013) (block 4). The implementation 

of the LEWAS modules into these courses led to further research questions that ultimately 

resulted in development of the OWLS [17] (Brogan et al. 2014), part of an ongoing PhD 
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dissertation in EngE, which was pilot tested in the spring 2014 hydrology course (block 5). 

Promising results highlighted in this paper have also led to future research ideas and proposals 

(block 6) involving the LEWAS lab. 

 

 

Fig. 6.1. Innovation cycle of educational practice and research (adapted from Jamieson and 

Lohmann 2009) 
 

The LEWAS lab is positioned to capture water and weather data in an environmentally 

significant location on the VT campus. The LEWAS field site is located at the outlet of the Webb 

Branch within the Stroubles Creek watershed, just upstream of a retention pond known as the 

Duck Pond. The watershed has an area of 2.78 km2 and is highly urbanized with residential and 

commercial development encompassing portions of the Town of Blacksburg and VT campus 

(Figure 6.2). These conditions enable the lab to study the quick response times of a small urban 

watershed using real-time, high frequency resolution (0.1-3 minute sampling intervals) water and 

weather monitoring equipment. Webb Branch was chosen as the site of the lab because of its 

location on the VT Campus and its environmental significance, as Stroubles Creek was found to 

have a benthic impairment for 8 km starting at the outfall of the Duck Pond retention facility, 

immediately downstream of the LEWAS site. The stream was 303 (d) listed as impaired by the 

Virginia Department of Environmental Quality (VDEQ) beginning in 1996 to the most recent 
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report in 2012 (VDEQ 2012), and stressors of the stream include sedimentation, urban pollutants, 

increased development, and stream channel modifications (VDEQ 2006).  

 

Fig. 6.2. LEWAS watershed and land use 
 

The instrumentation at the LEWAS site is composed of a network camera and 

environmental sensors that monitor water quality, flow, and weather parameters (Figure 6.3).  

The sensors and their data collection specifications are given in Table 6.1. Data from the three 

environmental sensors are collected using a Raspberry Pi computer that runs custom software 

developed for each sensor (Figure 6.4). The sensors are connected to the Raspberry Pi through 

underground conduit that runs from the sensors to the primary control box. As data is collected by 

the Raspberry Pi, it is transmitted through the campus wireless network to a local database that in 

turn stores and transmits it to a live data-viewer within the OWLS. The system is powered by two 

solar panels that charge two 12 Volt, 30 Amp Hour deep cycle batteries connected in series. The 

batteries, located in a metal housing next to the primary control box, power the instrument 

operation and data transmission 24 hours a day. 
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Table 6.1. LEWAS Sensors 

Name Type Parameters Sampling Interval 

Sontek Argonaut-SW  
Acoustic Doppler Current 

Profiler (ADCP) 

velocity and stage for flow 

estimates 
1 minute 

Global Water 705 
Ultrasonic level 

transducer (ULT) 

stage behind a weir for flow 

estimates 
1 minute 

Hydrolab MS-5 
Multi-parameter water 

quality Sonde 

pH, temperature, specific 

conductance, oxidation reduction 

potential (ORP), dissolved 

oxygen (DO), turbidity 

3 minutes 

Vaisala WXT520 Weather transmitter 

air temperature, barometric 

pressure, relative humidity, 

precipitation* 

5 minutes, 

*instantaneously 

Weathertronics Tipping 

Bucket 
Rain Gage precipitation instantaneously 

 

 

 

Fig. 6.3. LEWAS lab physical layout (adapted from McDonald et al. 2015) 
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Fig. 6.4. LEWAS lab connectivity (http://www.lewas.centers.vt.edu/) 

 

 The historical and live data from the LEWAS is made freely available through the 

OWLS, which acts as the front end of the LEWAS lab. The OWLS was developed during the 

2013-2014 academic year and was introduced as a pilot study in the spring 2014 hydrology 

course. The OWLS uses an  HTML5-driven web-interface to deliver integrated live and/or 

historical remote system data  (e.g., visual, environmental, geographical, etc.) to end users 

regardless of the hardware (e.g., desktop,  laptop, tablet, smartphone, etc.) and software (e.g., 

Windows, Linux, iOS, Android, etc.) platforms used. One of the strengths of such a design is the 

idea of anywhere, anytime access to live system data. Another strength is the graphical and visual 

integration of the data that virtually situates the user at the remote measurement site.  

6.3 Theoretical Framework 

6.3.1 Student-Centered Learning 

The LEWAS-based modules promote student-centered activities through active and 

collaborative learning methods.  Active learning is a theory that proposes that students learn most 

effectively when they are engaged in the learning process by doing meaningful activities that 
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require them to think about what they are doing.  Active learning both introduces student activity 

into the traditional lecture method and promotes student engagement (Faust and Paulson 1998). 

Studies have shown that students who are interactively engaged through hands-on classroom 

activities learn and retain more information (Prince 2004). Through activities in the classroom, 

active learning methods promote thoughtful engagement that center around important learning 

outcomes. LEWAS course module development strategies are based on active learning theories 

that increase student attention and learning through course designs that keep the student actively 

engaged in the classroom. 

In addition to promoting active learning, LEWAS modules encourage social interactions 

that promote collaborative and cooperative learning. Collaborative learning refers to any teaching 

method in which students work together in groups to achieve a common goal (Dillenbourg 1999). 

It emphasizes student interactions as central to the learning process rather than learning as a 

solitary activity and creates classrooms that are student-centered where students take a more 

active role in their own learning. Cooperative learning is a specific collaborative learning method 

where students not only work together in groups, but must rely on each other to accomplish 

shared learning objectives while also being assessed individually (Cooper and Mueck 1990). 

Collaborative and cooperative learning methods are supported by various learning theories 

(Johnson et al. 1998). Social interdependence theory views cooperation as a result of positive 

interdependence among individuals in a group (Johnson and Johnson 1998). Individuals in a 

group are each important parts of a whole and how they interact determines the groups’ 

outcomes. If the interdependence is positive, individuals will encourage and facilitate one 

another’s efforts to learn, if it is negative, they will discourage and obstruct each other’s efforts. 

Cognitive-developmental theory views cooperation among individuals as essential to cognitive 

growth (O’Donnell and King 2014). This theory suggests that learning will occur in a group if 

members properly coordinate individual perspectives to attain a common goal. Close work 
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between students and their peers in a cooperative effort, to learn, understand, and solve problems, 

will result in cognitive development and intellectual growth. The LEWAS seeks to implement 

student-centered teaching modules based on these sound learning theories by using cooperative 

and collaborative learning techniques that foster positive group interactions. 

6.3.2 Blooms Taxonomy 

In its report on the Challenges and Opportunities in the Hydrologic Sciences, the National 

Academy of Sciences states that, “Ensuring clean water for the future requires an ability to 

understand, predict and manage changes in water quality” (NRC 2012). These three abilities can 

be aligned with the levels of Bloom’s revised cognitive taxonomy (Bloom 1956; Anderson et al. 

2001). Understanding, as evidenced by an ability to explain the occurrence of changes in water 

quality, fits with the second level of this taxonomy i.e., understanding. Predicting what is going 

to happen as the result of a particular event in a watershed fits with the fifth level of this 

taxonomy, i.e., evaluating. Managing requires the development of management plans for a 

watershed which necessitates the synthesis of diverse factors impacting this system. This ability 

fits with the top level of the revised taxonomy, i.e., creating. As students’ progress through 

various academic levels, they should likewise advance through all six levels of cognition. Having 

a high level of cognition about such water systems allows individuals to move beyond solving 

water sustainability problems to defining water sustainability problems, which allows them to 

effectively manage water systems (Downey 2005). 

 The research design in this paper seeks to assess students’ learning of critical hydrology 

topics. Using Bloom’s revised cognitive taxonomy as a guide, Figure 6.5 suggests topics that are 

appropriate for each course level and can be used to help students learn these topics. Levels 1-2 

are applicable to freshman-level community college courses. Here students are (1) remembering 

concepts like what is a watershed, and where does its water go, and, (2) understanding topics such 

as water quantity and quality parameters, data sensors, and human development impacts on a 
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watershed. Levels 3-5 are applicable to the senior level hydrology course. At this level students 

are (3) applying what they know such as water flow represented as a hydrograph and precipitation 

represented as a hyetograph, (4) analyzing data such as in computing runoff to rainfall ratios, and 

(5) evaluating problems such as the impacts from land cover changes and different watershed 

events. The highest level, (6) creating, is more applicable to a graduate level course where 

students use their knowledge to create watershed management plans. 

 

Fig. 6.5. Lesson plan guide including examples of water sustainability education topics 

appropriate for each level of Bloom’s revised cognitive taxonomy. Examples of the Hydrology 

Education topics are covered in sections 4.3.1 and 4.4.1. 
 

6.3.3 Virtual Learning Environments 

It has been demonstrated that students learn more about the environment they are 

studying if they have the opportunity to connect classroom learning to experiences in that 

physical environment through experiential learning (Cantor 1997). These experiences that bring 

about associations between the classroom and the real world can be a combination of physical 

field visits and virtual field visits. Whereas many of the modules in this study include physical 

site visits for the student, the OWLS virtually situates the users at the field site through an 
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interactive watershed exploration experience. This fits under the framework of situated learning, 

which argues that knowledge is “distributed among people and their environments” (Greeno et al. 

1996; Greeno 1998). This definition divides situated learning into two primary areas, i.e. 

knowledge is distributed across people, e.g., a community of practice (Lave and Wegner 1991), 

and knowledge is dependent on the learning environment (Scribner 1997). The former follows the 

sociocultural tradition, while the latter follows the sociocognitive tradition (Johri et al. 2014). 

While no two learning environments are exactly alike (J.V. Wertsch 1998), we are able to make 

judgments about the best previously learned knowledge to apply to new learning environments 

based on common features (Engle 2006).  

According to Newstetter and Svinicki, “Effective learning environments support the 

learner in developing an ability to integrate the external environment structures and internal 

knowledge in problem solving” (Newstetter and Svinicki 2014). Graphs and images are types of 

data representations that engineers often use to help them understand systems, and these 

representations are increasingly being communicated via digital technology.  Within the context 

of water sustainability, technology advances have increased our ability to integrate remotely 

sensed environmental data into the learning environment (Glasgow et al. 2004). The ways in 

which physical objects and data representations alter the learning environment is called mediation 

(Johri et al. 2014). One of the strengths of the OWLS is its ability to interactively integrate graphs 

and images in order to virtually situate users at the LEWAS field site.  In this way, the OWLS can 

be used as a remote lab. Remote labs, which allow users to be situated at the study site without 

physically being present, are spreading within engineering curricula (Ma and Nickerson 2006; 

Balamuralithara and Woods 2009). Additionally, it has been estimated that there will be over 220 

million smartphone users in the U.S. by 2018 (IDC 2014) and platform-independence allows the 

OWLS to reach a larger number of people by working across mobile platforms.   
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Remote labs rely on digital technology to provide remote access to users, and this 

technology is especially powerful when it is interactive (Crawford 2002). Multimedia uses digital 

technology to reach users via multiple types of content, e.g., text, imagery, video and audio. 

Many types of interactive multimedia can be used in learning, e.g., open-ended learning 

environments, tutorials and serious games (Alessi and Trollip 2000). However, according to Johri 

et al. (2014), “The role of technological tools, particularly digital tools, is extremely under-

theorized in engineering education and a perspective of mediation can prove useful to develop a 

deeper understanding of technology use and design”. They have listed “Empirical studies of 

mediation by tools used in learning and practice” as a potential engineering learning research 

topic, which is an excellent match for the OWLS.  

6.4 Methodology 

6.4.1 Goal and Objectives 

The overarching goal of this study is to examine how the LEWAS impacts student learning 

through active and collaborative learning modules that engage students in water-related hands-on 

activities both within and outside of the classroom. The objectives to meet this goal are to:   

1. Create and implement student-centered learning modules for a university senior level 

hydrology course and community college freshman level introduction to engineering 

courses. 

2. Develop and implement tools to assess student learning in each course over the span of 

three years through a multi-loop assessment approach. 

3. Pilot-test application of the OWLS in the Hydrology course in order to assess its impact 

on student learning.  
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6.4.2 Assessment and Evaluation Procedures 

The goal of the assessment approach is to support the research goals that seek to 

determine how student learning is impacted by LEWAS-based modules. The assessment 

approach followed a looped process (McGourty et al. 1998; Shaeiwitz 1998; Bailey et al. 2002) 

that occurred in four phases: (1) planning of the assessment methods based on the desire to 

improve student learning using LEWAS-based modules, (2) implementing the assessment plan, 

(3) analyzing and interpreting the data collected, and (4) using the results to improve LEWAS 

modules and the assessment process. This method, applied across two institutions (i.e., VT and 

VWCC), created a multi-looped process where the two institutions (university and community 

college) learned from and informed one another by sharing assessment data (Figure 6.6). By 

following a looped process, the assessment not only provides information on how LEWAS 

modules improve student learning, but also informs future assessment activities. Thus, assessment 

results from year 1 were used to improve upon LEWAS modules and assessment methods 

implemented in year 2, and results from year 2 led to improvements for year 3. 

 

Fig. 6.6. Multi-looped assessment structure between the University and Community College 
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The assessment plan used a sequential triangulation mixed-methods design 

(Onwuegbuzie and Teddlie 2003; Moskal 2008) that included both quantitative and qualitative 

assessment methods in order to develop an understanding of trends in the overall student 

population as well as to obtain detailed information about student perceptions of participating in 

LEWAS modules. The mixed-methods approach was developed in a way that offered the best 

chance to obtain useful results related to the research objectives. Data triangulation was deployed 

through various quantitative and qualitative methods and data sources, in order to produce valid, 

reliable, and trustworthy results. 

Each method was chosen to be complementary to the other by offsetting weaknesses in 

the methods or data sources of each approach (Denzin 1978; Driscoll et al. 2007). The 

quantitative data was collected through pre- and post-tests as well as in-class assignments. 

Qualitative data was collected through pre- and post-tests, in-class assignments, class blogs, and 

informal discussions. The quantitative data gives an objective representation of the class 

population, allowing for inferences on the effectiveness of meeting the stated research objectives. 

On the other hand, qualitative data takes a more inductive approach, allowing for in-depth 

answers that can be analyzed without preconceptions or pre-determined categories. Taken 

together, the quantitative and qualitative data complement each other, producing detailed 

explanations to generalized data by comparing the results of each. 

Some of the qualitative questions were also “quantitized” by applying a framework of 

categorization to identify themes or categories of responses to open-ended questions (Miles and 

Huberman 1994; Tashakkori and Teddlie 1998; Sandelowski 2000). The qualitative responses 

from the assessment questions were quantitized by enumerating the frequency of themes within 

the sample responses. This allows the qualitative data to be statistically compared to the 

quantitative data and for the identification of whether or not qualitative responses contain certain 

themes. Themes were extracted using NVivo software and two different investigators to ensure 
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interrater reliability of the assessment instruments, resulting in an average Cohens kappa 

coefficient of 0.8 (Fleiss et al. 1981; Moskal et al. 2002). 

Student assessment was collected through three methods: (1) pre- and post-tests, (2) class 

assignments, and (3) informal discussions. The pre- and post-tests were given to students before 

and after LEWAS based modules were implemented in their respective courses. To establish 

content-related validity (Moskal et al. 2002), experts in hydrology and water quality developed 

the pre- and post-test questions to assess student learning related to the course objectives and 

ABET a-k student outcomes (ABET 2014). The pre- and post-tests contained a mix of concurrent 

quantitative and qualitative questions including categorical, ordinal, numerical, and discussion 

questions. In addition to pre- and post-tests, students were given assignments in class that asked 

them to use the LEWAS system to answer homework questions directly related to classroom 

objectives and to reflect on their experiences. These assessments provided quantitative 

information from student responses to specific questions that require quantitative or categorical 

answers. Some questions in the assignments were qualitative and designed to provide detailed 

responses that further describe quantitative findings. Some students in the 2014 Hydrology course 

(Year 3) also shared their experiences through informal discussions after class. These discussions 

sought to gain thick descriptions from students related to their experiences using the LEWAS. 

Taken together, the student assessment data sources are designed to give a good 

representation of the overall student experiences and learning outcomes from implementation of 

the LEWAS modules. Figure 6.7 illustrates the assessment procedure for year 3. The multi-

looped assessment procedure led to the development of improved assessment methods throughout 

the study. In years 1 and 2, the assessment focused only on the pretest, posttest, and class 

assignments. However, results that provided thick descriptions of the student experience and 

detailed activities were lacking in the data. In order to obtain deeper insight into the student 
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experience, informal discussions were added in the final year. Results from the assessments are 

provided in sections 5.5.1-5.5.3.   

 

Fig. 6.7. Sequential student assessment procedure for year 3 implementation 
  

There are multiple limitations that should be considered given the experimental design. 

The design is subject to internal validity threats due to history (i.e., an event could occur during 

treatment that influences the outcomes), maturation (i.e., participants could mature or change 

throughout the treatment thereby influencing the results), testing (i.e., the pretest could cause the 

participants to become familiar with the material), selection (i.e. students in the class will not be 

randomly selected but are chosen due to accessibility and resource constraints) or interaction 

effects through a combination of threats (Singleton and Straits, 2010). In addition, non-random 

sampling may introduce systematic errors such as selection bias, which undermines the external 

validity of the assessments. The samples will contain students from the same course and will not 

be statistically representative of a greater population, therefore limiting the generalizability of the 

results. 
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6.4.3 Hydrology Course at VT 

The LEWAS was implemented into a senior level hydrology course at VT during the fall 

2012 and spring 2014 semesters. Hydrology is an elective course for senior and graduate students 

and is taught once per year with an enrollment between 30 and 70 students, approximately 10% 

of whom are graduate students. The course covers the fundamentals of hydrology including basic 

issues and mechanisms of precipitation, infiltration, evapotranspiration, runoff, and subsurface 

flow, and accompanying computational methods. Special emphasis is placed on surface runoff 

quantity generation, including flood routing and forecasting and urban hydrology issues. The 

primary goal of integrating the LEWAS into the hydrology course was to enhance student 

learning by incorporating LEWAS-based active learning modules throughout the semester as the 

students were learning hydrologic topics. Distinct advantages of implementing the LEWAS in a 

course on the VT campus are that the students become familiar with the watershed in which the 

classroom is located, and students have direct access to the field site located on campus. 

6.4.3.1 Hydrology Learning Modules 

The LEWAS was introduced to the students with a presentation at the beginning of the 

course that covered the outdoor lab and its components, the watershed, and the purpose of 

monitoring the stream. Table 6.2 presents the LEWAS hydrology learning modules that were 

implemented into the hydrology courses. For the spring 2014 Hydrology course implementation, 

three additional modules (Storm Data Water Quality Analysis; Flow Computations; Soil 

Saturation Impacts) were created to further capitalize on the LEWAS’ capabilities to reinforce 

hydrologic concepts. These additional modules were motivated by the assessment results from 

fall 2012 implementation in year 1 as well as implementation of the LEWAS into VWCC 

curriculum in year 2.  
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Table 6.2. Hydrology Learning Module Descriptions 

Module Title Content Objective Student Assignment 

Storm 

Characteristics  

hyetographs, 

hydrographs, land cover, 

abstraction 

Give students 

experience with 

LEWAS data 

Compute rainfall-runoff coefficients 

with LEWAS rainfall and flow data 

Land Cover - 

Peak Flow - 

Water Quality 

Correlation  

land cover, storm flow 

quality and quantity, 

peak flow rate, runoff 

coefficients 

Understand impact land 

cover has on water 

quality 

Evaluate runoff coefficients using 

digitized land cover, comment on 

error types in runoff coefficients 

Watershed Wiki  

weather, flow, water 

quality, data analysis, 

data quality 

Promote active and 

collaborative learning 

through hands-on group 

assignments 

Monitor the watershed as a group for 

a week and write a daily blog on 

stream conditions and submit a 

comprehensive report  

Storm Data 

Water Quality 

Analysis 

water quantity, water 

quality, stormwater  

Understand the linkages 

between water quantity 

and water quality 

Students analyze LEWAS data and 

discuss how certain water quality 

parameter were related to flow 

Flow 

Computations 

flow measurement 

methods, contemporary 

flow sensors 

Understand different 

flow measurement 

methods and techniques 

Over a week groups compare their 

own stage and flow measurements 

with measurements  from LEWAS 

sensors 

Soil Saturation 

Impacts 

antecedent moisture 

condition, soil saturation, 

overland flow 

Understand the effect 

that antecedent soil 

moisture conditions 

have on infiltration and 

runoff rates 

Students analyze consecutive and 

standalone storms to calculate the 

impact of soil moisture on runoff 

 

In addition to the new modules, students were given an OWLS-based assignment near the 

end of the course as a pilot implementation of the educational tool. Students were required to use 

the OWLS over the course of a week and answer questions related to environmental data, 

graphical representations, case studies, and other observations. During this week, students were 

given access to historical data that was incrementally added to the OWLS to give the appearance 

of being live. A screen shot of the single graph view within OWLS in Figure 6.8 gives an 

example of the data that students used throughout the week. This allowed the students to use the 

OWLS during a simulated week of data that had multiple watershed events captured by pictures 

and flow, water quality, and weather data. Details of the OWLS development can be found in 

previous works (Brogan et al. 2013; Brogan et al. 2014). 
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Fig. 6.8. OWLS screen caption of single graph view 
 

 These modules and activities required the students to engage in multiple higher levels of 

cognitive thinking as related to Blooms taxonomy. Students are required to apply (level 3 

Blooms) what they learn in class, such as hydrographs and hyetographs, to multiple problems 

involving LEWAS data. The modules also require students to analyze (level 4 Blooms) the 

LEWAS data, such as computing storm flows and testing runoff/rainfall ratios. Finally students 

are required to evaluate (level 5 Blooms) their results in a greater context, such as discussing how 

land cover or the factors surrounding a rainfall event affect the runoff/rainfall ratios. 

6.4.4 VWCC Courses 

The LEWAS modules were implemented into one freshman level introduction to 

engineering course at VWCC in the spring 2013 semester, and again into two courses in the fall 

2013 semester. In total approximately 90 students were exposed to the LEWAS modules at 

VWCC. Unlike in the Hydrology course where the LEWAS was introduced in modules spread 

out over the duration of the semester, the LEWAS was implemented into the VWCC courses over 

a span of 2 weeks (4 total classroom sessions) near the end of the semester. This is due to the 

structure and content of the freshman-level community college introduction to engineering 
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courses. Whereas the hydrology course has topics throughout the semester that are consistently 

related to LEWAS data, topics in the introduction to engineering courses are not directly 

associated with hydrologic data.  In EGR120, students are introduced to the basics of engineering 

including statistical analysis and LabVIEW programming, and in EGR 124 students are 

introduced to the engineering calculations, worksheets, and elementary numerical methods. The 

LEWAS effectively addresses these course topics in a two week module by providing real-world 

engineering problems and an application of LabVIEW programming. The implementation of 

LEWAS into these courses illustrates the multidisciplinary nature of the LEWAS in that it can be 

applied to courses that are outside of hydrology education but that still deal with programming 

and data. 

Multiple seminars and workshops were held to develop VWCC LEWAS sessions and 

train VWCC instructors in the LEWAS system. Seminars were held in fall 2012 and spring 2013 

to train VWCC instructors in critical components of the LEWAS including the sensors, data, and 

hydrologic concepts. These seminars also resulted in initial discussions that led to the 

development of the LEWAS module for VWCC classes. In addition, VT team members visited 

VWCC to assist in the pilot implementation of the LEWAS module in the first week of the spring 

2013 semester. Two workshops were also held in the summers of 2013 and 2014 to discuss the 

results of the implementation and prepare plans for the coming year. These workshops allowed 

researchers from VT and VWCC to come together as a team to discuss the previous year’s 

assessment data and to create improvements to the modules and assessment methods for the 

upcoming year. 

6.4.4.1 Intro to Engineering Module  

The module was developed to support the class goals and outcomes through a real world 

application of LabVIEW programming, data acquisition, and data analysis. Specific learning 

objectives of the LEWAS sessions were to introduce students to a practical application of 
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LabVIEW, problem solving strategies via LabVIEW and Microsoft Excel software, hands-on 

data collection, hand calculations and unit conversions, basics of water quality monitoring, water 

sustainability, and ethics. Description of the sessions including the content, objectives and student 

assignments of each are shown in Table 6.3. Sessions from the spring to the fall semester 

remained relatively constant with minor changes in the homework and in-class assignments as a 

result of student feedback from the assessments and the availability of new data captured by the 

LEWAS. 

Table 6.3. VWCC Class Session Descriptions 

Session Title Content Objective Student Assignment 

Watershed 

Concepts 

water cycle, watersheds and 

runoff, pollution, ecosystem 

functions 

Promote active and 

collaborative learning 

through hands-on group 

assignments 

Students test water quality at 

the Roanoke River, blog about 

their experiences, and analyze 

the data 

Stormwater 

Quality 

stormwater Best Management 

Practices (BMP), flow, 

weather and water quality 

sensors, LabVIEW 

Introduce students to 

contemporary watershed 

sensors and a real world 

application of LabVIEW 

In class exercises with 

understanding how the LEWAS 

is connected with LabVIEW 

Data Analysis I 

flow rate, pollutant 

concentrations, pollutant 

loads, runoff ratios 

Use data analysis to 

understand what goes on 

within a watershed 

In class exercises computing 

runoff ratios, pollutant loads, 

watershed area, etc. 

Data Analysis II 
population statistics, 

distributions 

Use data collected by the 

class to compute summary 

statistics 

In class exercise computing 

summary statistics and plotting 

data time series  

 

These modules required students to engage at the multiple cognitive levels outlined in 

Blooms taxonomy. Students were challenged on their ability to remember (level 1 Blooms) 

important watershed concepts such as where their water flows and what defines a watershed. 

Students were also required to understand (level 2 Blooms) their data, where it comes from, and 

how it is an indicator of overall stream health. In sessions 3 and 4, students were required to apply 

(level 3 Blooms) statistical methods they learned in class to the data they collected and then 

analyze (level 4 Blooms) their results. 
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6.5 Results and Discussion 

6.5.1 2012 Hydrology (Year 1) 

The 2012 Hydrology course was the pilot course for LEWAS-based modules, and pre- 

and post-test assessment questions were focused on understanding students’ perceived usefulness 

of the modules and recommended improvements. Table 6.4 contains a sample of the pre- and 

post-test questions that directly correspond with each other, along with results and example 

responses. Overall results indicated that the majority of students found the LEWAS modules to be 

useful in understanding hydrologic concepts, and recommended that the LEWAS be included 

extensively in future hydrology courses. 

Table 6.4. Fall 2012 Hydrology Pre-test and Post-Test  
                           Pre-test (n = 26)                             Post-test (n = 26) 

How can this system help you 

learn hydrologic concepts? 

Real time data (23), Monitoring events in the 

watershed (3) 

How did this system help you learn hydrologic 

concepts? 

Real-world data (23), Not useful 

(3) 

How can this system help educate you about 

sustainable development? 

"It will give insight into how development effects water 

quality, and how to avoid adverse effects"*. 

How did this system help educate you about sustainable 

development? 

"It helped me understand how development does affect 

downstream areas"*. 

What difficulties can you anticipate in your one week 

assignment to monitor the water quantity, quality and 

weather parameters? 

Understanding data (10), Bad weather (7), Lack of live 

data (3), Unknown variations in data (2), Availability 

for site visits (2), Lack of rain (2),  

What difficulties did you experience in your one week 

assignment to monitor the water quantity, quality and 

weather parameters? 

Availability for site visits (5), Unknown variations in 

data (4), None (4), Visual assessments (3), Lack of rain 

(3), Errors from debris (2), Understanding data (2), 

Crossing Street (1), Lack of live data (1) 

How can this system be used for advancing research 

questions relevant to hydrology? 

"This system will greatly benefit hydrology because it 

provides a way to quantify and record parameters of a 

stream in real time."* 

How can this system be used for advancing research 

questions relevant to hydrology? 

"This system can be used to identifying some of the 

major causes to change in water quantity and quality."* 

*Example Response 

To understand what difficulties students would experience in implementing LEWAS 

classroom modules into the course, students were asked in the pre- and post-tests what challenges 

they expected and what challenges they faced in completing the assignments. Students in the pre-

test cited their biggest concern in understanding the data (39%), followed by bad weather (27%). 

However, in the post-test only 8% of the students cited a lack of understanding, and no students 
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mentioned challenges with bad weather. These results suggest that students in the beginning of 

the course lacked self-efficacy or confidence in themselves that they would be able to understand 

the data. However, as indicated by post-test responses, most of these students did not have 

challenges understanding the data. As a follow-up question, students were asked how their 

difficulties differed from the difficulties they anticipated experiencing. The majority of student 

responses indicated that they were unsure of what to expect since the system, data, and concepts 

were new to them. Others mentioned that in the beginning they expected that they would not be 

able understand the assignments. For example, one student stated “I was expecting that we 

wouldn’t be able to interpret the reason for changes in the data provided.” This indicates that the 

students were able to not only understand the data, but also interpret the meaning behind LEWAS 

data, a primary desired outcome of the LEWAS modules in the hydrology course.  

During the Watershed Wiki Module, students began to understand the interactions and 

behaviors of the stream before ever looking at the data. In student blog posts, most students were 

able to describe the relationships between their own observed conditions in the stream and what 

in the watershed caused those conditions. For instance, one group wrote, “The water was clear 

with no oily sheen, but there were some bubbles and foam present, potentially a sign of pollution 

caused from runoff from the adjacent parking lots.” Another group was able to connect the high 

water temperature in the stream to runoff from hot parking lot surfaces in the watershed. By 

making these connections before seeing the data, students are better able to make sense of the 

data that they see from the LEWAS sensors and provide reasons for trends in the data. 

To assess the student-perceived value of the system, students in the post-test were asked 

what value they saw in real-time monitoring of water quantity and quality data. The majority 

(67%) stated that real-time monitoring was useful for assessing the effects of various inputs into 

the watershed, followed by the use of real-world data in the classroom (17%), and the use of data 

for water quantity and quality monitoring (17%). These results indicate that students understood 
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the need for real-time data to capture events that may occur in the watershed due to human 

induced effects and the value that this has for research and education.  

Overall results from this assessment indicated that students were able to understand 

important hydrologic concepts through the LEWAS modules. These results were used to improve 

assessment questions and inform future module development in the following years.  Additional 

information specifically on how high-frequency data improved student learning in the fall 2012 

Hydrology course can be found in McDonald et al. (2014; 2015).  

6.5.2 2013 VWCC (Year 2) 

Year 1 demonstrated how hands-on modules helped senior level students learn important 

hydrologic concepts. Considering the assessment data and feedback received from year 1, a 

similar assessment and hands-on module development approach was taken for the VWCC courses 

in year 2. The goal of the assessment was to determine how this system improved student 

learning through active and collaborative learning modules. Table 6.5 contains a sample of the 

pre-test and post-test questions that directly correspond with each other, along with results and 

example responses from the spring and fall 2013 classes.  Results indicated that students in these 

courses were able to understand, apply, and synthesize the data. 
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Table 6.5. Community College Spring and Fall 2013 Pre-test and Post-test 
Pre-test (n =73) Post-test (n=54) 

The water flowing in the Roanoke River ultimately 

drains into 

The water flowing in the Roanoke River ultimately 

drains into  

Atlantic Ocean (42)  Atlantic Ocean(40) 

The water flowing at the LEWAS Site (Blacksburg) 

ultimately drains into  

Gulf of Mexico (26) 

The water flowing at the LEWAS Site (Blacksburg) 

ultimately drains into the  

Gulf of Mexico (46) 

How can this system help you learn the effects of 

man-made activities on water quality and quantity 

in a watershed? 

How did this system help you learn the effects of 

man-made activities on water quality and quantity in 

a watershed? 

"By monitoring the measurements over a period of 

time, the measurements can be used to interpret the 

effects of activities of how that relates to water 

quality and quantity"* 

"The man-made activities made real, measureable 

differences in the water quality in our watershed. 

These differences can have a huge effect on 

organism survival."* 

How can this system help educate you about 

sustainable development? (Sustainable development 

is defined as "Development that meets the needs of 

the present without compromising the ability of 

future generations to meet their own needs. 

How did this system help educate you about 

sustainable development? (Sustainable development 

is defined as "Development that meets the needs of 

the present without compromising the ability of 

future generations to meet their own needs 

"So we can learn how to properly use the watershed 

without destroying it for future generations to 

come"* 

"I learned there are many ways that have been 

developed to lower the amount of runoff in urban 

areas."* 

What difficulties do you anticipate in your two 

week assignment to monitor the water quantity, 

quality and weather parameters? 

What difficulties did you experience in your two 

week assignment to monitor the water quantity, 

quality and weather parameters? 

Scheduling (13) Weather (17), Lack of 

Understanding (3), Equipment (1), Quality of Data 

(5), Unknown (15), None (3) 

Weather (24), Scheduling (15),  Lack of 

Understanding (1), None (3) 

How can this system be used to educate the public 

(who won’t have your hands-on experience) about 

sustainable development? 

How can this system be used to educate the public 

(who don’t have your hands-on experience) about 

sustainable development? 

"It can be used to educate the public about how are 

human activity can affect the water quality and how 

that effect the future generations."* 

"We can use the data we collected to show how 

certain things effect the ecosystem."* 

    *Example Response 

To assess students’ understanding of the spatial difference between the LEWAS 

watershed and the Roanoke watershed where their college was located, students in the pre- and 

post-test were asked where the water in the Roanoke River and in the LEWAS site ultimately 

drains to. Acceptable answers for where the Roanoke River ultimately drains to improved from 

57% of student responses in the pre-test to 74% in the post-test. Similar results were seen for a 

question asking where water flowing at the LEWAS site ultimately drains to with an increase of 

36% of acceptable student responses in the pre-test to 85% in the post-test. Improvement in 



163 

 

student responses to these questions reveals that the modules improved the students’ recollection 

of where their rainwater drains to and of their local water cycle. 

A desired outcome of these modules was for students to be able to understand what 

effects humans have on our water resources. Students were asked to comment on how this system 

helped them understand the effects of man-made activities on water quality and quantity in a 

watershed. The majority of responses in the pre-test were general and commented on how the 

system will help them to understand what impacts humans have on water quality. One student 

stated that “it can help us learn about the long-term effects of man-made activities by analyzing 

data.” In the post-test responses the majority of students went from a general answer to more 

specific examples such as “from the data we collected I was able to infer that things such as 

construction runoff and erosion had an effect on the living organisms”, and “I learned the 

negative impacts of pollution and runoff due to paved areas surrounding creeks, streams and 

rivers.” The responses demonstrate that students were able to take what they learned in class, 

along with the data that they analyzed in the modules, and draw specific conclusions as to how 

man-made infrastructure and development affects water quality.  

To determine if students could take what they learned and apply it to another concept, 

students were asked to comment on how this system could help (pre-test) or did help (post-test) 

educate them about sustainable development. Throughout the modules, sustainable development, 

defined as “development that meets the needs of the present without compromising the ability of 

future generations to meet their own needs”, is not explicitly addressed in reference to the 

LEWAS system. Thus, students are asked to think more deeply about sustainable development 

and how they could interpret their LEWAS experience in such a context. In the pre-test, 39% of 

students indicated that they didn’t know how it could help educate them about sustainable 

development, 31% indicated that it could help in developing some sort of sustainable solutions in 

the future, and 18% indicated that it could help in understanding effects on the environment.  In 
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the post-test 38% of the students indicated that it could help in developing sustainable solutions, 

30% cited more specific examples, 17% indicated that it could help in understanding effects on 

the environment, and 13% indicated that it did not help educate them about sustainable 

development. More specific examples included one student who stated “I have learned about 

permeable pavement to help naturally filter water”, and another who stated “I learned some of the 

limits that must be maintained in water”, referring to the United States Environmental Protection 

Agency (USEPA) regulations. The vast majority (87%) in the post-test were able to make a 

connection between LEWAS modules focused on watersheds and sustainable development. This 

demonstrates how students were able to take what they learned and apply that understanding to a 

contemporary concept.  

Another question asked students how the system can be used to educate the public about 

sustainable development. This required the students to think about how they would teach 

someone else about sustainable development using this system, now that they had hands-on 

experience with it. The majority of students responded that the data could be used to educate the 

public about the health of the watershed. One student noted that “we can use the data we 

collected to show how certain things affect the ecosystem” and another stated that it can be used 

to “show how our actions really do impact the ecosystem around us.” These students were able to 

synthesize their experiences and propose their own public education plans. 

The student assessment results indicate that students were able to remember important 

ideas, understand the concepts and data that were presented, apply that data to other concepts 

such as water sustainability, and synthesize their experiences to propose future action. Although 

the students were not actually taking their skills learned in the two week module and applying 

those skills to solve specific problems, they were able to articulate the methods and strategies by 

which they would apply their knowledge to water sustainability problems and educate others 

using their experiences. 
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6.5.3 2014 Hydrology (Year 3) 

Year 1 results indicated that students were able to learn hydrologic concepts using the 

LEWAS modules and year 2 results demonstrated that freshman level students were able to 

understand concepts and apply environmental data. What was lacking in the assessment data was 

in-depth insights into how the LEWAS modules help students learn. Assessment methods in year 

3 sought to gain a deeper understanding of how LEWAS modules improved student learning. 

This was done through additional open-ended questions developed for the pre- and post-tests as 

well as through informal discussions that provided thick descriptions of the student experience. In 

addition, another goal was to understand how student experiences with an online interactive 

watershed exploration tool (OWLS) improved student learning. 

 Both the pre- and post-test questions asked the students “How can this system help you 

to learn Hydrologic concepts?” Results indicate that students anticipated that having real-world 

data would help the most in aiding their understanding of hydrologic concepts (Figure 6.9a). 

However, post-test results show that having access to live monitoring of events in the watershed 

had the greatest impact in understanding concepts in class (Figure 6.9b).  One student stated that 

“by observing conditions and then watching the data, it helps us understand how weather is 

related to water data.” This indicates that giving students access to real-time data of watershed 

events has the greatest impact from a student perspective on helping them learn hydrologic 

concepts. In addition, three students indicated that data visualization through the OWLS and other 

LEWAS modules was the most beneficial to them. One student stated that the data visualization 

helped students learn hydrologic concepts because “it can show graphically the relationship 

between precipitation events and flow in streams in a watershed.” 
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Fig. 6.9. Student Answers to "How can this system help you learn hydrologic concepts?" from the 

pretest (a) and “How did this system help you learn hydrologic concepts?” from the posttest (b) (n 

= 30) 
 

Just as in the first two years, students were asked in the pre- and post-test what challenges 

they expected and what challenges they faced in completing the assignment in order to compare 

what difficulties students expected and actually experienced (Figure 6.10). From the pre-test, the 

majority of students anticipated that their lack of understanding of the equipment, parameters, and 

system would be the greatest challenge. However, in the post-test, none of the students cited a 

lack of understanding as a challenge. The results reveal that although in the beginning a large 

number of students had a self-perception that they would have a difficult time understanding 

environmental sensors and water quality, none of them in the end recognized this as a challenge. 

Although typical hydrology classes do not address water, weather, and flow instrumentation or 

discuss the relationship between water quality and water quantity, these results show that students 

in this course expressed no problems in grasping these concepts. 
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Real-world data

Monitoring events in the watershed
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Real-world data
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Fig. 6.10. Student responses to "What difficulties can you anticipate in your one week assignment 

to monitor the water quantity, quality and weather parameters?" from the pretest (a), and "What 

difficulties did you experience in your one week assignment to monitor the water quanity, quality, 

and weather parameters?” from the posttest (b) (n = 30) 
 

In fact, at the end of the course, the majority of students were able to make the 

connection between water quantity and its effect on water quality. When asked to describe the 

relationship between pH during and after a rain event, 80% of students in the post-test, as 

opposed to 32% of the students in the pre-test, indicated that during a rain event the flow would 

increase and the pH would decrease due to acidity of rainfall and contaminants that runoff into 

the stream. Enabling students to make this connection and others like it is essential to developing 

hydrologists that understand the important linkages between water quantity and quality. 

In informal discussions, some students described an “aha” moment that gave them new 

insights into hydrologic concepts. One student defined such a moment as observing a rainfall 

event and watching the water level rise and then relating that to the hydrograph that they had 

learned about in class. Another student mentioned being able to visually see the difference in 
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turbidity from a day with clear water to a day when the water was murky and relate what was 

seen to the difference in the turbidity data. A third student discussed an experience of watching 

data within the OWLS and seeing a storm event in which water quality parameters changed in a 

way the student had not thought about before. Each of these experiences enabled the students to 

relate what they saw in the field to what they were learning in class and to make a meaningful 

connection between in-class topics and real-world action. Students agreed that being able to see 

things happen both in the field and through the OWLS helped them to make sense of what they 

learned in class. 

The pre- and post-test also asked the students questions directly related to their OWLS 

exercise. The students were asked what they thought is “the added value of the OWLS that 

delivers live and/or historical remote system data to end users regardless of the hardware and 

software platforms of their choice.” Pre-test results indicated that the majority of students (31%) 

thought that the greatest value in a system like the OWLS was accessibility. However, after the 

students had access to the OWLS, this value increased to 80% of students, indicating that the 

accessibility of the OWLS was of the greatest value. One student stated, “This allows for 

widespread application and study by people of various backgrounds and makes the information 

readily accessible and reduces issues with obtaining the data.” This student recognized that 

systems such as the OWLS greatly improve accessibility not only to students but to diverse user 

groups. Other students recognized that the visualization of data was a major advantage of the 

OWLS environment. One student commented that it was beneficial to be able “to see trends and 

analyze changes in the system”, and another student stated that it was valuable to be able to “view 

charts/maps/data at any point during your day.” Overall student responses indicated that the 

OWLS does have added value and that having visual access to data, both real-time and historical, 

is one of the biggest advantages of a system like the OWLS.  
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Students were asked other questions to determine if the system was effective at 

facilitating student learning. To see if students thought that the OWLS had an impact on their 

learning, students were asked if the OWLS helped them learn hydrology concepts with 97% 

indicating either “agree” or “strongly agree.” This clearly indicates that students, when asked to 

think about how their learning was impacted by the OWLS, agreed that the OWLS helped them 

to learn hydrologic concepts in class. In addition, students were asked in their OWLS homework 

assignment to observe the LEWAS data and describe how precipitation events impact water 

quality in the stream. Students were able to observe trends in simulated LEWAS data and draw 

conclusions about the watershed behaviors. For instance, one homework group noted that “due to 

a higher dissolved solids concentration introduced into the stream by runoff, the specific 

conductivity increased to approximately 800 μS/cm”, and another group stated “The water 

temperature increased from 58 oF to about 64 oF due to the amount of higher temperature runoff 

volume flowing into the stream.” These students were able to make the connection between the 

data they saw and the reasons for trends that they were noticing. The implications from these 

results are that access to real-time data through systems such as OWLS can improve student 

learning and be used to improve hydrology education.  

6.6 Conclusion 

 This paper has demonstrated how high-frequency, real-time environmental data can be 

used to improve student learning through student-centered modules at the university and 

community college level. Furthermore, it demonstrates how engineering education research at VT 

is impacting educational practice. Results indicate that LEWAS modules that utilize active, 

collaborative, and cooperative learning methods can be implemented into the classroom to 

improve hydrology education. Through access to real-time data, students are able to make 

connections from the classroom to the real-world environment around them. In a pilot study of an 

environmental watershed exploration tool, the OWLS modules have demonstrated that student 
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access to live data improves student learning. An assessment methodology that utilizes a multi-

loop process demonstrates how university and community college institutions can work together 

to improve assessment methods and module development. 

Future work will include student-centered LEWAS modules in future offerings of the 

hydrology course at VT and the introduction to engineering courses at VWCC. Assessment 

results from this study have led to improved assessment methods and modules for future courses. 

Each course will include new modules that utilize the virtual experience of the OWLS to support 

course objectives. The goal of future modules will be to further understand what effect OWLS 

access, through a live-data virtual environment, has on student learning. Additionally, the 

LEWAS will be integrated into VWCC courses as a set of modules throughout the entire semester 

instead of as a single 2 week module. This approach will take full advantage of the LEWAS data 

and technologies to further support classroom objectives. Assessment methods will be similar to 

year 3, but instead of informal discussions there will be a formal focus group led by an 

assessment expert.  In addition, LEWAS use will be expanded into other courses at VT. In fact, a 

workshop was organized on May 14, 2014 to explore the use of the LEWAS/OWLS into a variety 

of courses in the Civil and Environmental Engineering, Geosciences, Biological Sciences, and 

Crop and Soil Environmental Sciences departments at VT. The authors have collaborated with a 

number of faculty from these departments to develop LEWAS modules for their courses in 

upcoming semesters.   

The importance of training hydrology professionals to solve increasing global water 

crises has never been greater, and improvement to hydrology education is a critical component in 

any solution. Systems such as the LEWAS will be essential in improving engineering education 

at all levels of higher education. Student centered modules that give students access to real-time 

data enable them to make connections between what is happening in the classroom and the real 

world. As the need for new ways to improve hydrology education increases, systems such as the 
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LEWAS will play an important role in advancing water education to meet the challenges facing 

hydrology in the 21st century. 
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7. CONCLUSION  

Outcomes 

As the world is faced with ever increasing stresses on our water resources, it is critical 

that we improve the methods with which we measure water in order to make accurately informed 

decisions. Any obtainable solution will also include the education of hydrology professionals who 

are able to develop sustainable solutions and engineering designs for our most pressing water 

resources issues (Ruddell and Wagener 2013). The outcomes from this dissertation directly 

address these concerns through methodologies that improve the way we measure stormflow and 

educate future hydrology professionals.   

The research presented in Chapter 3 addresses the quality of stormflow data through 

insights and methods that can be used to improve the way we measure stormflow. Specific 

outcomes include (i) a method that can be used to assess the uncertainty due to inadequate 

temporal sampling of stormflow with regards to volume, peak flow, and time to peak of a 

hydrograph, and (ii) a regional regression method that can be used to select a site-specific 

stormflow sampling frequency under a specific magnitude of uncertainty. A case study 

demonstrates the effectiveness of these methods, which are transferable to other geomorphologic 

regions. Chapter 4 demonstrates new methods of basin parameterization for regional regression 

analysis that are directly used in the case study supporting items (i) and (ii) above. Additionally, 

Chapter 5 illustrates how high-frequency flow and water quality data can be used to inform 

stormwater management strategies by capturing flashy storms that result in dramatic increases in 

flow rate and conditions that can be acutely toxic to aquatic species. 

Continuous stormflow data can also be used to improve how we educate hydrology 

students to solve increasingly complex issues in water resources. Chapter 5 demonstrates how 

high frequency flow and water quality data can be used to improve student learning in a senior-

level hydrology course and to demonstrate the critical link between stormflow and water quality 
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issues. Chapter 6 expands this research by applying the high-frequency continuous stormflow and 

water quality data to both undergraduate and community college courses. Example course 

modules illustrate successful methods that can be used to integrate real-time continuous 

watershed data into the classroom, and assessment results indicate that student access to 

continuous stormflow and water quality data improves student learning.  

Broader Impacts 

As surface water monitoring expands in scope and application, methods that can improve 

stormflow sampling and the certainty of sampling strategies will be valuable to those who 

implement surface water monitoring networks, those who use the data, and the public who benefit 

from accurately informed science, engineering, and policy decisions. The uncertainty due to 

inadequate temporal sampling can directly affect processes and decisions that are dependent upon 

stormflow data such as engineering design, reservoir operation, modeling, and legislation. If the 

data are not accurately representative of hydrological processes due to inadequate temporal 

sampling, then applications will be under-informed at best, and at worst misinformed to the point 

that there are actually dis-benefits from using the data. This research can be directly applied by 

hydrology professionals to evaluate a site-specific stormflow sampling strategy and have a 

number of benefits for those who are creating surface water monitoring networks. The results of 

improved sampling strategies are more informed surface water engineering and management 

decisions that impact all of society. 

There are increasing stresses on our water resources due to uncertain and dramatic 

changes in water movement, availability, and quality as a result of human-induced stressors such 

as population growth, climatic variability, and land use changes. A key to any solution is the 

education of hydrology professionals who understand the complex forces that produce stormflow 

and the effects that human-induced stressors have on stormflow runoff and water quality. Two of 

the greatest challenges facing hydrology education in the 21st century include (i) providing 
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student-centered activities and field experiences in the classroom, and (ii) replacing historical 

stationary data with real-time, dynamic, and temporally and spatially variable hydrologic systems 

(Ruddell and Wagener 2013; Bloschl et al. 2011). Real-time environmental monitoring stations, 

such as the Learning Enhanced Watershed Assessment System, have demonstrated huge potential 

for improving student learning inside and outside of the classroom. The result of such efforts will 

produce professionals who understand the interactive effects of natural and anthropogenic forces 

on surface water quantity and quality, and who are equipped to develop sustainable solutions to 

society’s most pressing water resources issues.  

Future Work 

There are a number of directions for future research that the work on uncertainty due to 

inadequate temporal sampling of stormflow can lead to. While the analysis and results presented 

in Chapter 3 were from fairly large rural watersheds (30-11,865 km2), other analysis on smaller 

urban watersheds using high-frequency discharge data (down to 1 minute) would be beneficial for 

understanding uncertainty due to inadequate temporal sampling in urban stormwater networks 

where the hydrologic response time is much quicker and more difficult to project. Another 

consideration not addressed in this study is how to optimize a surface water monitoring network 

by coupling the selected temporal sampling interval derived from this methodology with the 

spatial distribution of stream gaging stations. Future work should also evaluate how this 

methodology applies across other geomorphologic regions, what other time-series statistics can 

tell us about the temporal resolution of stormflow, and how this might be applied to other 

hydrologic processes such as snow melt, groundwater flow, or interflow.  

There are a number of future directions that can build upon the engineering education 

work presented within this dissertation. Ongoing work is seeking to investigate how student 

access to a real-time watershed monitoring system through an open-ended learning environment 

(Online Watershed Learning System) can improve student learning and motivation at the 
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community college, undergraduate and graduate level. This work has led to a journal publication 

(Brogan et al. 2016), and is the on-going work of a PhD student in Engineering Education. Future 

work is also investigating how a real-time watershed monitoring station can be used within the 

international context by integrating the OWLS into courses at universities in India (McDonald et 

al. 2016) and Australia. Other future research directions could investigate (i) how student learning 

and motivation improve by using other types of real-time environmental data systems in 

engineering courses, i.e., traffic engineering, wastewater and water treatment, structural analysis, 

etc., (ii) how different forms of mediation (i.e., interactive graphs, maps, case studies, etc.) 

through open-ended learning environments impact student learning and motivation, (iii) the 

difference in student learning and motivation when the monitoring system is located locally 

versus remotely, (iv) ways in which real-time data can be used to improve student learning 

outside of the classroom (i.e., kiosk or interactive displays), and (v) how citizen science can play 

a role in environmental monitoring and education of the public.  
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A. APPENDIX A. Evaluating the uncertainty due to inadequate temporal 

sampling of stormflow in urban watersheds. 

The case study presented within this appendix supplements the results from Chapter 3 by 

demonstrating the applicability of the method to small urban watersheds. There are a number of 

differences in the hydrologic processes that affect flow between urban and rural watersheds. The 

first is the presence of impervious surfaces in urban watersheds as a controlling variable in the 

generation of stormflow runoff volume and quality. Impervious surfaces remove the infiltration 

capacity of a watershed that may have existed in predevelopment conditions, resulting in quicker 

peak flows and larger volumes of runoff.  In addition, impervious surfaces cause a number of 

water quality concerns including increased sediment, temperature, and other pollutants. 

Compounding this effect is the impact that piped and channelized flow paths in urban watersheds 

have on increasing the velocity of stormflow due to a loss of naturalized stream channels and 

flow paths. Rural watersheds, on the other hand, are strongly influenced by vegetative land cover 

and soils that allow infiltration of precipitation, thereby producing less runoff than the impervious 

surfaces found within urban areas. As a result, urbanized watersheds typically have a quicker 

response time with a sharper rising and falling limb of a hydrograph, while rural watersheds 

exhibit a gentler slope on the rising and falling limb of a hydrograph. Therefore, it can be 

assumed that the sampling interval needed to effectively capture stormflow will be highly 

influenced by the type of land use within the watershed.  

Methodology 

Case Study 

 This case study applies the methodology outlined in Chapter 3 to five small urban 

watersheds within the Town of Blacksburg, VA (0.8-2.78 km2) (Figure A.1). The watersheds are 
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located at an elevation of roughly 2,500 feet in the valley and ridge region of Virginia. The 

climate is mountain temperate or humid continental with an annual precipitation of 41 inches and 

annual snowfall of 25 inches per season that generally occurs from December to March.  

 

Fig. A.1. Urban watershed locations in the Town of Blacksburg, VA 

 Four of the sampling locations capture stormflow data using Acoustic Doppler 

Velocimeters (ADV) that provides a depth and one-dimensional velocity and are owned by and 

installed within the Town of Blacksburg, Virginia. These are the Fire Station (FS), Main Street 

Inn (MSI), Webb Street (WS) and Roanoke Street (RS) locations.  The other location uses an 

Acoustic Doppler Current Profiler (ADCP) that provides a depth and a three dimensional 

velocity. This location is maintained by the Learning Enhanced Watershed Assessment System 

(LEWAS) lab, an engineering education lab at Virginia Tech. The LEWAS is a real-time 

continuous watershed monitoring station that collects stormflow, water quality (pH, Dissolved 

Oxygen, Oxidation Reduction Potential, turbidity, temperature, and specific conductance), and 
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weather (precipitation, wind speed, wind direction, air temperature, and relative humidity) data in 

1-3 minute intervals and displays it live through the Online Watershed Learning System (OWLS). 

At each of the selected sites, 8 storms were chosen for analysis. The storms were selected 

over a relatively short time span (3 years) so as to not be heavily influenced by land cover or 

climatic changes. The storms represent a range in size and duration in order to consider a variety 

of storm conditions that can be expected at the site, as illustrated in Table A.1 below.  

Table A.1. Urban Watershed Storm Statistic Summary 

  Volume (cf) Peak (cfs) Time to Peak (sec) 

Station Min Max Median Min Max Median Min Max Median 

Fire Station 47,034 869,860 171,107 5 105 32 1,500 9,300 2,700 

LEWAS 5,924 170,597 30,163 2 74 17 600 1,860 960 

Main Street Inn 25,111 710,707 89,117 4 105 22 1,800 20,700 3,600 

Roanoke Street 9,319 701,353 119,950 9 40 12 120 53,100 2,610 

Webb Street 18,249 380,446 134,248 6 55 29 1,800 19,800 2,250 

 

Data Interpolation 

The stormflow data collected by sensors in the urban watersheds were not all captured at 

the same time interval. For example, while data at the LEWAS site was captured using 1 minute 

intervals, data at the Fire Station was captured at 5 minute intervals, and data at the Main Street 

Inn was captured using 15 minute intervals. To evaluate all of the watersheds using the same time 

steps, data at sites with sampling frequencies greater than 1 minute were interpolated to a 1 

minute interval using a first order spline interpolation. 

Evaluating the Uncertainty 

Similar to the methodology in Chapter 3, the ∆𝑌̅̅̅̅  was computed for volume, peak flow, 

and time to peak of a set of sub-sampled hydrographs using the following equation:  

∆𝑌̅̅̅̅ =  
1

𝑛+1
∑

(|𝑌𝑖−𝑌0|)

𝑌0

𝑛+1
𝑖=1                                              (Equation 1) 

where (∆𝑌̅̅̅̅ )  is the average deviation in a hydrograph characteristic V, Qp, or Tp; 𝑌𝑖 is the value of 

V, Qp, or Tp  for the sub-sampled hydrograph at step 𝑖; and 𝑌0 is the value of V, Qp, or Tp for the 
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observed hydrograph (𝑛 = 0). At each lag, Equation 1 is used to compute (∆𝑌̅̅̅̅ ) for all of the 

hydrograph characteristics (V, Qp, and Tp), and the process is repeated for consecutive lags (𝑛) 

until a maximum limit (𝑛𝑚𝑎𝑥) is reached. Additionally, a model was fit to the resulting data using 

the following equation:  

∆𝑌̅̅̅̅ = 𝑎 + 𝑏 ∗ 𝑆𝐼                                                      (Equation 2) 

where 𝑎 and  𝑏 are regression constants; and 𝑆𝐼 is the sampling interval in minutes. 

Pollutant Loads  

This information can be combined with the uncertainty of stormflow water quality data to 

quantify the cumulative effect of flow and water quality uncertainties. One way to evaluate this 

combined uncertainty is to determine the effect that they have on the computation of pollutant 

loads. Pollutant loads can be computed using the following equation: 

𝑃𝑜𝑙𝑙𝑢𝑡𝑎𝑛𝑡 𝐿𝑜𝑎𝑑 =  ∑ 𝑐𝑖𝑄𝑖∆𝑡   (Equation 3) 

 

where 𝑐𝑖 is the concentration of the pollutant of interest , 𝑄𝑖 is the flow rate at some time 𝑖, and ∆𝑡 

is the time step. Breaking down this equation, 𝑄𝑖∆𝑡 is the volume of the stormflow while 𝑐𝑖 is the 

concentration, the uncertainties of which can be represented as ∆𝑉̅̅ ̅̅  and ∆𝐶 ̅̅ ̅̅̅respectively. To 

match the form of the uncertainties, the pollutant load equation can be represented of as the 

following: 

𝑃𝑜𝑙𝑙𝑢𝑡𝑎𝑛𝑡 𝐿𝑜𝑎𝑑 =  𝑐̅ ∗ 𝑉   (Equation 4) 

 

where 𝑐̅ is the mean stormflow pollutant concentration and 𝑉 is the stormflow volume. The two 

uncertainties from the volume of stormflow and average concentration of the pollutant can be 

combined to get a comprehensive pollutant load uncertainty using the following equation: 

∆𝑃𝐿̅̅ ̅̅ ̅ =  √∆𝐶̅̅̅̅ 2 + ∆𝑉̅̅̅̅ 2    (Equation 5) 

 

where ∆𝑃𝐿̅̅ ̅̅ ̅ is the average deviation in the pollutant load. Evaluating ∆𝑃𝐿̅̅ ̅̅ ̅ over a range of 

sampling intervals can then be used to inform the development of a continuous water quality 

sampling strategy where the goal is to track the load of a pollutant.   
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Regression 

Finally, despite the small number of sites (n = 5), a relationship between the sampling 

interval at a magnitude of  ∆𝑌̅̅̅̅  and the independent variables (geomorphologic basin 

characteristics) using least squares regression was developed. This results in equations to predict 

a sampling interval associated with a magnitude of uncertainty, or specific deviation in ∆𝑌̅̅̅̅ , as 

shown in the following equation: 

 

𝑆𝐼( ∆𝑌̅̅̅̅ ) = 𝑎 + 𝑏 ∗ 𝑥                                              (Equation 6) 

 

where 𝑆𝐼( ∆𝑌̅̅̅̅ ) is the predicted sampling interval for a value of  ∆𝑌̅̅̅̅  derived from Equation 2, 𝑎 

and 𝑏 are regression constants, and 𝑥 is the independent variable.  

Results 

Urban Watershed Results 

The results from the uncertainty analysis are illustrated in Figures A.2-A.6, which 

demonstrate the uncertainty in volume, peak flow, and time to peak as a function of the sampling 

interval for the 5 sites. 

 

Fig. A.2. LEWAS Watershed ∆𝑌̅̅̅̅  
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Fig. A.3. Fire Station ∆𝑌̅̅̅̅  

 

Fig. A.4. Main Street Inn ∆𝑌̅̅̅̅  

 

Fig. A.5. Webb Street ∆𝑌̅̅̅̅  
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Fig. A.6. Roanoke Street ∆𝑌̅̅̅̅  

Pollutant Load Results 

The methodology to evaluate the uncertainty due to inadequate temporal sampling of 

water quality concentrations throughout a stormflow event was applied to Total Suspended Solids 

(TSS) from the LEWAS site. One of the pollutants of interests at the LEWAS site is the TSS, 

which represent the amount of suspended sediment that is transported in storm flow. This is 

because Stroubles Creek is impaired for sediment downstream of the sampling site (VDEQ 2012). 

Figure A.7 illustrates the deviation in the average concentration (left) and the peak concentration 

(right) as a function of the sampling interval for data captured at the LEWAS site, and Figure A.8 

represents the ∆𝑉̅̅̅̅ , ∆𝑄𝑝
̅̅ ̅̅ ̅, and ∆𝑇𝑝

̅̅ ̅̅ ̅ as a function of the sampling interval.  

 
Fig. A.7. LEWAS TSS ∆𝑌̅̅̅̅  plots of average storm concentration (left) and peak concentration 

(right) 
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Fig. A.8. LEWAS ∆𝑌̅̅̅̅  plots for volume (left), peak flow rate (center), and time to peak (right) 

Taken together, the uncertainty in the pollutant concentration and the stormflow volume 

can be used to evaluate the uncertainty in capturing a pollutant load. This is illustrated in Figure 

A.9, which shows the combined pollutant load uncertainty derived from Equation 5 as a function 

of the sampling interval. This information can then be used to develop a continuous monitoring 

sampling strategy. For example, Table A.2 illustrates the sampling interval associated with a 

specific level of combined pollutant load uncertainty. In the case that you want to continuously 

monitor flow and water quality while restricting your pollutant load uncertainty due to inadequate 

temporal sampling to 2.5%, you could select a sampling interval less than or equal to 7 minutes. 

 

 
Fig. A.9. LEWAS ∆𝑌̅̅̅̅  plot for the pollutant load combined uncertainty 
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Table A.2. LEWAS Sampling Intervals Associated with a Pollutant Load Combined Uncertainty  

Uncertainty 

(%) 

Sampling 

Interval (min) 

2.5 7 

5 11 

10 17 

20 28 

30 38 
 

Urban Watershed Regression 

A linear regression was performed on the data to relate the 𝑆𝐼(∆𝑌̅̅̅̅ ) for volume, peak 

flow, and time to peak at 0.25 ∆𝑌̅̅̅̅  to the watershed area. As illustrated in Figure A.10, there 

appears to be a decreasing trend in all 𝑆𝐼(∆𝑌̅̅̅̅ ) as the watershed area increases. This is in contrast 

to what would be expected. In general, as watershed area increases, the peak flow rate, volume, 

and timing of a hydrograph would increase as well. This would mean that the larger the 

watershed, the greater the sampling interval associated with a specific magnitude of uncertainty. 

This apparent contradiction in the data could be due to the lack of variation in watershed areas 

(all < 3.0 km2) and basin characteristics among the five watersheds in the study. 
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Fig. A.10. Change in 𝑆𝐼(∆𝑌̅̅̅̅ ) related to watershed area for a ∆𝑌̅̅̅̅  of 0.25 

Another reason for this apparent discrepancy could be due to the fact that the data is 

captured at different time intervals, some of which may be too long to accurately capture field 

conditions. This is illustrated in Figure A.11, which is a plot of 𝑆𝐼(0.25) as a function of the 

captured flow interval. From this plot it appears that the captured flow sampling interval has a 

strong effect on the values of 𝑆𝐼(∆𝑌̅̅̅̅ ). This trend would be expected if the captured flow interval 

is larger than what is needed to effectively capture the peak flow or volume of a storm. For 

example, if the sites which capture data at 15 minute intervals miss the peak discharge between 

sampling points, then it can be assumed that they would underestimate the peak. By 

underestimating the peak, the change in  ∆𝑌̅̅̅̅  as the sampling intervals increase would be 

underestimated as well. This trend would then directly affect the ∆𝑉̅̅̅̅  and ∆𝑇𝑝
̅̅ ̅̅ ̅ computations as 

peak is a direct input variable into these calculations.  
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Fig. A.11. Change in SI(∆𝑌̅̅̅̅ ) related to captured flow interval for a ∆𝑌̅̅̅̅  of 0.25 

The overall trend is further illustrated in Figure A.12, which illustrates the change in ∆𝑄𝑝
̅̅ ̅̅ ̅ 

of the urban watershed locations for different captured sampling intervals. As illustrated, there 

exist a relationship between ∆𝑄𝑝
̅̅ ̅̅ ̅ and the captured sampling interval, with greater ∆𝑄𝑝

̅̅ ̅̅ ̅ as the 

captured sampling interval decreases. Considering that the urban watersheds areas are all within 2 

km2 of each other, and generally have similar physical characteristics (CN, slope, etc.), it appears 

that the captured sampling interval has the largest effect on the change in ∆𝑌̅̅̅̅  characteristics. It 

should be noted that n = 5 in all of the statistical analyses that were performed, and thus the 

trends and conclusions derived therein are limited by the small dataset.  
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Fig. A.12. ∆𝑄𝑝
̅̅ ̅̅ ̅ for urban watersheds as a function of captured sampling interval 
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B. APPENDIX B. Evaluating seasonal differences in stormflow uncertainty 

due to inadequate temporal sampling. 

It is well known that there are seasonal differences in hydrologic functions due to 

changes in temperature, precipitation type, and land cover. To quantify these differences, the 

methodology to evaluate the uncertainty due to inadequate temporal sampling was applied to a 

subset of storms, each representing different seasons. This allowed for a direct comparison 

between seasonal storms to evaluate how a sampling strategy might need to be modified to reflect 

the seasonal impacts on the stormwater runoff response of a watershed. This approach was 

applied to both a representative small urban and large rural watershed.  

Urban Watersheds 

 To evaluate the seasonal differences of stormflow runoff in the urban watersheds within 

Blacksburg, VA, an analysis was conducted at the Fire Station stream gage on storms that occur 

during the winter (6 storms), and those that occur during the summer (5 storms). Below in Figure 

B.1 is a typical example of hydrographs captured in the summer (top) and winter (bottom). As 

illustrated, summer discharges typically have a sharp rising limb to the peak flow, a small crest, 

and a steep falling limb; winter discharges also have a steep rising limb, however, they have an 

invariant peak location and crest, and a gradual falling limb. The differences in discharge 

characteristics can be attributed to the seasonal effects of temperature on the nature of rainfall-

runoff processes. During the summer months, precipitation in the form of liquid rain falls on the 

surface of the earth and quickly becomes runoff at the point of interception. On the other hand, 

during winter months, snow, sleet, or a wintery mix fall upon the land surfaces and slowly melt to 

become runoff at a rate dependent on the land surface and air temperature, among other factors. 
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Fig. B.1. Typical hydrographs for summer storms (above) and winter storms (below) as 

captured at the Fire Station location (data simulated from 5 to 1 minute shown) 

Another way to evaluate the impact that seasonal differences have on the uncertainty due 

to inadequate temporal sampling is to apply the methodology to the overall dataset. Figure B.2 

illustrates a number of storms that were captured at the Fire Station location, and the gray scale to 

the right of the figure represents the numeric month of the year. The winter and early spring 

months, which have a greater likelyhood of being dominated by snowfall are dark, as compared 

to the summer months, which are likely to be dominated by rainfall and are light. As illustrated, 

the winter months have a much lower uncertainty in volume, peak flow, and time to peak as 

compared to summer storms. 
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Fig. B.2. Uncertainty (Volume, Peak Flow, and Time to Peak) of stormflow as a function 

of the time of the year 

A model (Equation 3, Chapter 3) was applied to subsets of summer and winter storms to 

see how season influences the hydrologic response of the watershed (Table B.1). As illustrated, 

the magnitude of 𝑆𝐼(∆𝑌̅̅̅̅ ) is greater for winter storms than it is for summer storms.  

Table B.1. 𝑆𝐼(∆𝑌̅̅̅̅ ) (min) for Analysis of All, Summer, and Winter Storms for the Fire Station 

Site 

  Vol Peak Time to Peak 

Uncertainty 

% All Summer Winter All Summer Winter All Summer Winter 

2.5 15 15 13 5 5 6 8 8 9 

5 28 23 43 9 8 12 9 8 12 

10 55 39 95 18 14 25 12 10 18 

20 109 73 179 40 29 62 18 14 31 

30 166 109 249 70 47 124 24 17 43 

 

Rural Watersheds 

These methods were also applied to a rural watershed (USGS site 02055000). Results 

indicate that there is a strong seasonal influence on the values of ∆𝑌̅̅̅̅  between summer and winter 

storms. This is illustrated in Figure B.3, which shows the difference in ∆𝑌̅̅̅̅  between storms that 

occur during late spring to early fall and those that occur during the winter. As illustrated, those 

that occur during the winter have a much smaller deviation in ∆𝑌̅̅̅̅  on average across all time 
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intervals. This can largely be attributed to winter storms in which stream discharge is heavily 

influenced by snow melt, resulting in hydrographs that are larger in duration, have a slower time 

to peak, and a more gradual slope on the rising and falling limb. 

 

Fig. B.3. Seasonal influence on ∆𝑌̅̅̅̅  for USGS site 02055000, where gray scale represents 

months 

 Table B.2 summarize the results of applying a model (Equation 3, Chapter 3) to all 

storms, summer storms, and winter storms at USGS site 02055000. As illustrated, the winter 

storms consistently have a greater 𝑆𝐼(∆𝑌̅̅̅̅ ) as compared with the summer storms. 

Table B.2. 𝑆𝐼(∆𝑌̅̅̅̅ ) (min) for Analysis of All, Summer, and Winter Storms for USGS Site 

02055000 

  Vol Peak Time to Peak 

Uncertainty 

% All Summer Winter All Summer Winter All Summer Winter 

2.5 164 122 819 56 44 466 53 55 34 

5 245 185 1,313 88 63 692 63 62 74 

10 374 280 1,594 157 104 1,081 82 75 154 

20 603 435 1,841 319 194 1,854 122 101 314 

30 868 579 1,989 529 299 2,482 161 128 474 

 

Because it is clear that the greatest impact to ∆𝑌̅̅̅̅  occurs during storms that occur over the 

summer and that the model fit is better when restricting analysis to those storms, the analysis in 

Chapter 3 was constrained to storms that occur between late spring and early fall when 

precipitation is dominated by rainfall. This will therefore be a conservative estimate of the effect 
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that sampling frequency has on hydrograph characteristics. However, analysis could be broken up 

and performed across different seasons if a sampling strategy needed to consider seasonal 

variations.  
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C. APPENDIX C. Supplemental information for Chapter 3. 

Stream gage site characteristics 

The following section contains supplemental information related to Chapter 3. Table C.1 

includes the complete list of USGS sites and storms that were used in the analysis, Tables C.2 and 

C.3 include the USGS site characteristics, and Table C.4 includes the storm characteristics 

summary at each site. 

Table C.1. USGS Sites and Storm Dates (YYYYMMDD) Used in Analysis for Chapter 3  

USGS Site Storms 

1613900 20110906 20111001 20121029 20130610 20130722 20131013 20140516 20141015 

1620500 20110620 20120918 20130521 20130420 20130712 20130829 20140516 20150627 

1622000 20130711 20131007 20140514 20140804 20141015 20150612 20150618 20150721 

1625000 20110517 20110813 20110907 20120514 20120918 20140515 20150420 20150628 

1626000 20130506 20130712 20130818 20130901 20131012 20140515 20140703 20150929 

1627500 20130617 20140515 20140621 20140628 20140703 20141014 20151002 20151028 

1628500 20130507 20130521 20130610 20140429 20140515 20150414 20150420 20150627 

1629500 20110905 20120515 20130610 20140416 20140501 20140517 20150421 20150628 

1631000 20120516 20130521 20130610 20131230 20140502 20140516 20150422 20150628 

2011460 20120805 20120917 20130721 20130828 20140514 20141015 20150414 20150421 

2014000 20120518 20120521 20120530 20130506 20130710 20140530 20150729 20150810 

2016500 20130506 20140428 20140515 20141015 20150414 20150419 20150705 20150713 

2018500 20130606 20130613 20130703 20140515 20150419 20150929 20151015 20151026 

2020500 20130419 20130506 20130610 20130618 20140515 20141015 20150403 20150419 

2024000 20130506 20130609 20140515 20141015 20150403 20150414 20150627 20151027 

2025500 20110428 20110517 20120426 20130506 20130610 20130618 20140428 20140515 

2029000 20110428 20130507 20130610 20140415 20140429 20141015 20150420 20151027 

2055100 20130507 20130613 20130619 20130711 20130721 20140612 20140711 20150819 

3167000 20130412 20130610 20130703 20130813 20140407 20140823 20150419 20150714 

3173000 20130520 20130610 20130703 20140429 20140515 20140912 20151003 20151027 

3177710 20120928 20130903 20131007 20140610 20140802 20140818 20140911 20150806 

3471500 20130412 20130505 20130618 20130719 20150419 20150618 20150703 20151028 

3475000 20120710 20130618 20130713 20140813 20141008 20141015 20150619 20150715 

3490000 20130610 20130618 20130703 20140516 201150407 20150420 20150703 20151028 

3527000 20140516 20140620 20140719 20140823 20150419 20150426 20150627 20150714 

D.  
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Table C.2. USGS Site Characteristics (1 of 2) 

Station ID DRNAREA FOCSL 

SA 

SLOPE DD MI 

MEAN 

ELEV 

MEAN 

CN 

ISO 

AREA TC 

1613900 41 0.18 0.16 0.44 336 72 8 250 

1620500 45 0.34 0.34 0.42 963 66 3 198 

1622000 974 0.22 0.21 0.39 626 70 147 952 

1625000 966 0.14 0.13 0.41 498 70 277 2274 

1627500 549 0.16 0.16 0.42 534 67 117 1589 

1628500 2795 0.17 0.16 0.40 540 70 449 2530 

1626000 329 0.16 0.16 0.39 567 67 32 980 

1629500 3553 0.18 0.17 0.41 524 69 746 3523 

1631000 4232 0.18 0.17 0.41 500 69 1007 4633 

2011460 158 0.37 0.36 0.34 939 71 26 480 

2014000 396 0.27 0.26 0.34 732 69 96 1224 

2016500 3551 0.31 0.29 0.36 701 70 597 2348 

2018500 89 0.27 0.25 0.34 588 68 15 652 

2020500 365 0.32 0.30 0.32 711 69 70 984 

2024000 1676 0.25 0.23 0.40 588 68 141 1729 

2025500 8433 0.28 0.26 0.37 601 69 2270 3911 

2029000 11865 0.25 0.24 0.36 508 68 3603 5481 

2055100 30 0.16 0.14 0.29 439 73 9 219 

3167000 668 0.21 0.19 0.39 764 71 41 1536 

3173000 774 0.26 0.25 0.34 783 67 194 1942 

3177710 115 0.24 0.23 0.49 846 67 19 605 

3475000 534 0.24 0.22 0.42 746 70 61 1481 

3471500 198 0.27 0.26 0.46 911 67 69 553 

3490000 1738 0.31 0.29 0.29 698 67 356 3703 

3527000 2909 0.31 0.29 0.39 694 70 141 4028 

 

DA = Drainage area (km2) 

FOCSL = Focal slope (m/m) 

SA SLOPE = Basin slope (m/m) 

DD MI = Drainage density (m-1) 

MEAN ELEV = Mean basin elevation (m) 

MEAN CN = Mean Curve Number 

ISO AREA = Isochronal area (km2) 
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TC = Time of concentration (min) 

Table C.3. USGS Site Characteristics (2 of 2) 

Station 

ID 

OVER 

MEAN 

CONC 

MEAN 

CHAN 

MEAN AVG V 

TC 

MEAN 

OVER 

MIN 

CONC 

MIN 

CHAN 

MIN 

TC 

CONT 

1613900 3.47 112 65 6.31 125 0.91 9.33 7.88 130 

1620500 4.29 162 104 8.78 98 0.49 22.38 12.37 65 

1622000 3.56 105 59 6.19 525 0.39 9.33 7.81 500 

1625000 3.58 90 51 5.73 1273 0.43 9.33 7.81 1560 

1627500 3.48 84 51 6.27 799 0.42 9.33 7.81 900 

1628500 3.47 90 53 5.88 1123 0.39 9.33 7.81 1005 

1626000 3.39 86 52 6.08 482 0.43 9.33 7.81 290 

1629500 3.47 92 55 6.08 1808 0.39 9.33 7.81 2000 

1631000 3.48 92 57 6.16 2578 0.39 9.33 7.81 3110 

2011460 4.68 160 101 9.10 199 0.82 9.33 8.06 160 

2014000 4.01 137 94 7.87 580 0.41 9.33 7.81 725 

2016500 4.33 125 82 7.90 1282 0.39 9.33 7.81 1205 

2018500 4.29 131 74 7.41 254 0.45 9.33 7.81 165 

2020500 4.18 119 79 7.31 660 0.46 9.33 7.81 705 

2024000 3.96 111 72 7.13 835 0.40 9.33 7.81 415 

2025500 4.15 119 76 7.40 2049 0.39 9.33 7.81 2765 

2029000 4.04 114 68 7.00 2906 0.39 9.33 7.81 4340 

2055100 4.03 100 47 6.01 111 0.51 9.33 11.00 150 

3167000 3.43 102 61 5.78 862 0.37 9.33 7.81 415 

3173000 3.77 128 76 6.52 980 0.37 9.33 7.81 1220 

3177710 4.49 118 61 8.13 326 0.40 9.33 7.81 285 

3475000 3.87 109 63 6.33 807 0.40 9.33 7.81 570 

3471500 4.14 126 79 7.47 299 0.42 9.33 7.83 465 

3490000 4.14 125 71 7.11 1838 0.38 9.33 7.81 1880 

3527000 4.27 117 62 7.23 1819 0.39 9.33 7.81 550 

E.  

OVER MEAN = Overland mean velocity (m/min) 

CONC MEAN = Concentrated mean velocity (m/min) 

CHAN MEAN = Channel mean velocity (m/min) 

AVG V = Average velocity (m/min) 

TC MEAN = Mean time of concentration (min) 

OVER MIN = Overland minimum velocity (m/min) 
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CONC MIN = Concentrated minimum velocity (m/min) 

CHAN MIN = Channel minimum velocity (m/min) 

Table C.4. Storm Statistic Summary USGS Sites 

  Volume (cf)                                     Peak (cfs)       Time to Peak (sec) 

USGS 

Station Min Max Median Min Max Median Min Max Median 

01613900 5,910,300 72,700,200 7,554,915 86 2,268 184 18,900 45,900 33,300 

01620500 11,104,380 76,355,100 49,092,615 44 820 411 6,300 88,200 26,100 

01622000 5,520,600 1,007,528,400 11,893,950 193 12,148 364 13,500 70,200 27,900 

01625000 67,531,500 521,755,200 220,077,000 613 3,733 1,482 47,700 111,600 84,600 

01626000 7,680,600 758,640,600 29,031,750 94 3,022 218 25,200 92,700 45,450 

01627500 14,350,500 807,871,500 152,620,650 313 4,968 1,205 13,500 102,600 49,500 

01628500 251,838,000 3,776,333,400 1,114,681,500 1,300 15,644 5,435 46,800 166,500 73,350 

01629500 462,623,400 3,571,992,000 1,219,146,300 2,030 21,560 6,094 82,800 138,600 104,400 

01631000 759,831,300 6,459,489,000 1,585,957,500 3,912 23,780 7,230 54,000 168,300 112,500 

02011460 7,643,610 234,960,300 25,902,000 96 3,841 283 20,700 64,800 42,300 

02014000 4,867,200 980,925,300 16,978,950 108 7,325 279 5,400 80,100 14,400 

02016500 263,250,000 7,139,322,000 1,780,065,000 2,380 28,440 8,575 35,100 125,100 80,550 

02018500 6,796,800 178,320,600 46,476,720 230 3,399 596 9,900 103,500 30,150 

02020500 42,937,200 1,073,448,000 199,252,800 263 9,057 1,342 8,100 120,600 60,750 

02024000 173,494,800 2,860,100,100 658,449,900 1,516 15,572 4,280 50,400 136,800 75,150 

02025500 1,025,532,000 14,361,570,000 4,060,228,500 5,890 50,970 16,820 90,900 181,800 134,550 

02029000 2,383,776,000 19,529,667,000 4,666,122,000 9,410 61,310 23,905 73,800 180,900 160,200 

02055100 375,480 15,012,900 4,867,650 26 1,163 257 5,400 13,500 8,100 

03167000 29,862,000 934,667,100 140,101,650 299 11,246 1,052 31,500 76,500 62,100 

03173000 42,195,600 347,218,200 154,672,200 201 1,769 807 10,800 114,300 80,100 

03177710 1,764,000 9,690,300 4,550,400 74 294 167 9,900 27,900 12,600 

03471500 27,566,100 334,522,800 76,243,500 174 2,386 677 9,000 105,300 49,950 

03475000 27,863,100 434,467,800 83,277,900 174 2,603 618 45,000 115,200 64,350 

03490000 128,055,600 1,129,077,000 565,214,400 712 9,520 2,991 63,900 141,300 84,150 

03527000 165,096,000 1,401,196,500 278,517,600 1,390 8,990 2,171 50,400 117,000 82,800 
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Regional Regression Results – Mean Travel Time 

Table C.5. Predictor Equations with Mean Travel Time as Independent Variable 

ΔY 

(%) Variable Equation R2 NRMSE Sp 

Sp 

(%) 

2.5% 

Volume SI(Y) = 185.71 + .4*MTt 0.66 0.18 60 0.10 

Peak SI(Y) = 33.15 + .2*MTt 0.86 0.12 18 0.08 

Time to Peak SI(Y) = 60.41 + .02*MTt 0.34 0.20 5 0.06 

5.0% 

Volume SI(Y) = 285.11 + .63*MTt 0.68 0.16 87 0.10 

Peak SI(Y) = 84.7 + .31*MTt 0.70 0.17 43 0.11 

Time to Peak SI(Y) = 72.72 + .04*MTt 0.49 0.18 8 0.07 

10.0% 

Volume SI(Y) = 458.08 + .95*MTt 0.68 0.16 130 0.10 

Peak SI(Y) = 161.88 + .51*MTt 0.72 0.17 67 0.10 

Time to Peak SI(Y) = 91.07 + .09*MTt 0.58 0.17 15 0.09 

15.0% 

Volume SI(Y) = 621.09 + 1.19*MTt 0.67 0.16 167 0.10 

Peak SI(Y) = 258.95 + .66*MTt 0.71 0.17 87 0.10 

Time to Peak SI(Y) = 109.41 + .13*MTt 0.59 0.17 22 0.09 

20.0% 

Volume SI(Y) = 777.3 + 1.38*MTt 0.66 0.15 201 0.10 

Peak SI(Y) = 372.67 + .77*MTt 0.70 0.17 105 0.10 

Time to Peak SI(Y) = 127.75 + .18*MTt 0.60 0.17 30 0.10 

30.0% 

Volume SI(Y) = 1076.34 + 1.7*MTt 0.63 0.15 262 0.10 

Peak SI(Y) = 671.46 + .93*MTt 0.65 0.18 141 0.09 

Time to Peak SI(Y) = 164.44 + .28*MTt 0.60 0.17 45 0.11 

MTt = mean travel time (min); ); NRMSE = normalized root mean square error; Sp = avg. standard error of 

prediction 

 

Uncertainty due to Inadequate Temporal Sampling 

 The uncertainty due to inadequate temporal sampling of a hydrograph is defined as 

follows: 

 

∆𝑌̅̅̅̅ =  
1

𝑛+1
∑

(|𝑌𝑖−𝑌0|)

𝑌0

𝑛+1
𝑖=1                             (Equation 3, Chapter 3) 

 

where (∆𝑌̅̅̅̅ )  is the average deviation in a hydrograph characteristic V, Qp, or Tp; 𝑌𝑖 is the value of 

V, Qp, or Tp  for the sub-sampled hydrograph at step 𝑖, 𝑛 is the lag number, and 𝑌0 is the value of 

V, Qp, or Tp for the observed hydrograph (𝑛 = 0). At each lag, Equation 3 is used to compute 

(∆𝑌̅̅̅̅ ) for all of the hydrograph characteristics (V, Qp, and Tp), and the process is repeated for 

consecutive lags (𝑛) until a maximum limit (𝑛𝑚𝑎𝑥) is reached.  
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In the case of Equation 3, 𝑛 does not represent the number of data points, but the number 

of lags. Therefore, since the number of data points is equal to 𝑛 + 1, the summation is evaluated 

from 𝑖 = 1 𝑡𝑜 𝑛 + 1, and the sum of the deviations is divided by 𝑛 + 1. In other tests of variance 

(or uncertainty), such as sample standard deviation, the sum of deviations is divided by 𝑛 − 1, 

where 𝑛 is the number of data points. This is because most of the time you do not know the true 

mean of a population, and the values within a sample will be closer to the sample mean than the 

true mean. Therefore, to compensate for this the sum of the deviations is divided by 𝑛 − 1. In the 

case of Equation 3, we do know the “true value” as it is the captured value of the original 

hydrograph, so we do not need to make a similar adjustment or compensation for not knowing the 

true value.  

Sample size for evaluating ∆𝒀̅̅ ̅̅  

The goal in evaluating the uncertainty due to inadequate temporal sampling at a site was 

to evaluate a range of stormflow hydrographs representing different durations and intensities, 

thereby considering a range of storms that could be expected to occur at the site. In determining 

the number of storms to evaluate, it required a balance between the number of samples, and the 

time and effort that it took to extract and processes the stormflow data. An initial sample size of 8 

was chosen based upon engineering judgment as this number would allow for the analysis of a 

range of stormflow hydrographs. However, to test the validity of this sample size versus a greater 

sample, a statistical analysis was performed to compare four random sets of 8 storms versus a set 

of 15 storms captured at USGS site 01613900.  

A two sample t-test was computed to determine if the sample of 15 storms was 

significantly different than the samples of 8 storms. The mean ∆𝑌̅̅̅̅  at a specific sampling interval 

(i.e. ∆𝑌̅̅̅̅  at 100 min, etc.) was evaluated to determine if there was a difference between the two 

groups. (i.e. 𝜇 =
∑ ∆𝑌̅̅̅̅

𝑛
𝑛
𝑖=1

𝑛
, where 𝑛 is the number of storms). The null hypothesis is that the mean 
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of the full set of storm (𝜇1) is equal to the mean of the 8 storms (𝜇2) (𝐻0: 𝜇1 = 𝜇2) , and the 

alternative hypothesis is that they are not equal (𝐻𝑎: 𝜇1 ≠ 𝜇2). The four random sets of 8 storms 

were tested against the full set of storms and the means of the ∆𝑉̅̅̅̅ , ∆𝑄𝑝
̅̅ ̅̅ ̅, and ∆𝑇𝑝

̅̅ ̅̅ ̅ at discrete 

sampling intervals of 100, 500, and 1,000 minutes were tested. For all two-sample t-tests, the 

results failed to reject the null hypothesis. Therefore, because it was not found that they were 

significantly different, the set of 8 storms was used. 

Testing assumption of regression 

 The following equations from Chapter 3 use single-variable least squares regression. As 

such, there are assumptions and limitations that must be met for least squares regression to be 

valid. These are (l) linearity, (2) independence, (3) homoscedasticity, and (4) normality.  

∆𝑌̅̅̅̅ = 𝑎 + 𝑏 ∗ 𝑆𝐼                                       (Equation 4, Chapter 3) 

𝑟𝑘 = 𝑎 + 𝑏 ∗ 𝑆𝐼                                         (Equation 6, Chapter 3) 

𝑆𝐼( ∆𝑌̅̅̅̅ ) = 𝑎 + 𝑏 ∗ 𝑥                                 (Equation 7, Chapter 3) 

 When developing the regression relationship, the data was tested for violations of the 

assumptions. The violations, their diagnosis, and the solution that were attempted are as follows: 

1. Violations of linearity 

a. Diagnosed: Through plots of observed vs. predicted values.  

b. Solution: If the data appeared to be non-linear, it was fixed by adding another 

regressor (i.e., to regress y on both x and x2) or by transforming y, x, or both 

logarithmically. 

2. Violations of independence.  

a. Diagnosed: Through plots of the residuals vs the independent variable. The 

residuals should be randomly and symmetrically distributed around zero.  
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b. Solution: This could be caused by a violation of linearity; therefore, if it appeared 

to be non-linear, it was fixed by adding another regressor (i.e., to regress y on 

both x and x2) or by transforming y, x, or both logarithmically. 

3. Violations of homoscedasticity. 

a. Diagnosed: Through plots of the residuals versus predicted values. Evidence of 

heteroscedasticity includes residuals that grow larger as a function of the 

predicted value or as a function of time. 

b. Solution: If the dependent variable is strictly non-negative and if the residuals vs. 

predicted plot show that the size of the errors is proportional to the size of the 

predictions, x, y or both were transformed logarithmically. 

4. Violations of normality. 

a. Diagnosed: Through normal probability plot of the residuals. 

b. Solution: First it was determined if there were extreme outliers impacting the 

distribution, and then a judgment was made on the extent of the skewness or 

kurtosis in the data. 

Testing assumptions of Equation 4 (Chapter 3) 

The following sections describes the models fit to the ∆𝑌̅̅̅̅  data for volume, peak flow, and 

time to peak at a representative UGSS site (01625000). The data was tested for linearity by 

plotting the dependent variable and independent variable on a scatter plot. For volume and peak 

flow it was clear that there was not a linear relationship, so the linear models were modified by 

either adding another regressor (i.e. regress y on both x and x2) or transforming the data to a log-

log relationship. The data was tested for independence by plotting the residuals versus the 

independent variables and the residuals indicated a symmetric distribution around zero.  

The data was tested for homoscedasticity by plotting the residuals versus the predicted 

values. For a few of the models it was clear that some heteroscedasticity exists. This is to be 
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expected, as at a low sampling interval, it can be assumed that a time series will still capture the 

hydrograph characteristics. However, as the interval increases, the deviation will increase and at a 

different rate for different captured hydrographs, which is an independent variable not considered 

in the model. Over larger sampling intervals, this difference is expected to deviate at higher 

magnitudes. This is especially true for time to peak, where the slope is largely dependent upon the 

captured sampling interval. The problem with heteroscedasticity is that the regression gives equal 

weight to all observations, and the assumption is that larger disturbance variance contains less 

information than those with a smaller disturbance variance. The threat also means that the 

regression may not give the best linear unbiased estimator and therefore the significance tests can 

be too high or too low. Therefore, where heteroscedasticity was the most severe and deemed 

significant, alternative models using log transformations of the independent and dependent 

variables were explored. 

Normality of the residuals was also tested, and it was found that in some cases the 

residuals did not meet normality. However, violations of normality are not critical for least 

squares regression when the sample size is large since the Central Limit Theorem ensures that the 

distribution will be approximately normal. In this case, the sample size is large enough (n =  768 

to 11,520) where violations of normality were not deemed significant. 
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Fig. C.1. ∆𝑌̅̅̅̅  vs. sampling interval for volume (a), peak flow (b), and time to peak (c) 

 

(a) (b) 

(c) 



210 

 

 

 

 

Fig. C.2. ∆𝑌̅̅̅̅  residuals vs. sampling interval for volume (a), peak flow (b), and time to peak (c) 

When using linear or polynomials models (Figure C.1), all three variables (volume, peak 

flow, and time to peak) meet the assumptions of linearity, normality, and independence, but 

demonstrate a threat due to heteroscedasticity, as illustrated in Figure C.2. This was addressed by 

transforming the ∆𝑌̅̅̅̅  equation to the following: log(∆𝑌̅̅̅̅ ) = 𝛽1log(SI) where 𝛽1 is a regression 

constant. As illustrated in Figure C.3 and C.4, this transformation removes the violation of 

heteroscedasticity. Therefore, the log-log transformation of the data was used for all sites. 

(a) 

(b) 

(c) 



211 

 

 

 

 

Fig. C.3. USGS site 01625000 ∆𝑌̅̅̅̅  vs. sampling interval log-log plot for volume (a), peak flow 

(b), and time to peak (c)  

(a) (b) 

(c) 
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Fig. C.4. USGS site 01625000 residuals vs. sampling interval log-log plot for volume (a), peak 

flow (b), and time to peak (c) 

Testing assumptions for Equation 6 

The following example applies Equation 6 to eight storms at USGS site 01613900. It was 

found that the model violated the assumption of linearity, and therefore the model was 

transformed to a polynomial fit. After the transformation, it met the remaining assumptions of 

independence, homoscedasticity, and normality. 

(a) 

(b) 

(c) 
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Fig. C.5. USGS site 01613900 autocorrelation plot (a); residual vs. predicted plot (b); residual vs. 

x plot (c); and normal quantile plot (d) 

Testing assumptions for Equation 7 

This section demonstrates the application of Equation 7 to the 25 USGS sites using 

drainage area as an independent variable. The model was found to violate linearity so it was 

(a) 

(b) 

(c) 

(d) 
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transformed to the log-log form (Equation 8). After the transformation, it was found to meet all 

four assumptions of linearity, independence, homoscedasticity, and normality. Figure C.6 

illustrates the model fit for an uncertainty ( ∆𝑌̅̅̅̅ ) of 0.025 for Qp. 

    

 

 

 
Fig. C.6. log(SI( 0.025) peak flow) vs. log(area) plot (a); residual vs. predicted plot (b); residual 

vs. x plot (c); and normal quantile plot (d) 

(a) 

(b) 

(c) 

(d) 
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D. APPENDIX D.  Insights and challenges in developing a remote real-

time watershed monitoring lab. 

The following document contains a summary of the insights and challenges in developing the 

Learning Enhanced Watershed Assessment System (Chapters 4 & 5). This document was adapted 

from the following article published in the 121st ASEE Annual Conference & Exposition: 

McDonald, W.M., Dymond, R.L., Lohani, V.K., Brogan, D.S. and Basu, D., 2014. Insights and 

Challenges in Developing a Remote Real-Time Watershed Monitoring Lab. 121st ASEE 

Annual Conference & Exposition, June 15-18, 2014, Indianapolis, IN. 

Challenges 

There are many unique challenges to developing and operating a continuous 24/7 

watershed monitoring lab. Maintenance of the equipment requires technical expertise and man 

hours to ensure that the lab is functioning properly. Consistent and accurate data collection 

requires software development, quality checks, and frequent equipment calibration. Maintaining 

reliable power at the site requires constant power budgeting and oversight to ensure that dark 

overcast days do not cause the batteries to drain out. Finally, running equipment continuously 

over the course of multiple years has resulted in many equipment failures which must be 

prevented or postponed with proper oversight and maintenance procedures. 

Maintenance 

Keeping a continuous real-time watershed monitoring lab operating has required regular 

maintenance procedures to ensure the proper upkeep and function of the lab equipment. The 

accuracy of the data is dependent on the condition of each monitoring device and the location of 

the lab in an urban stream subjects the equipment to a multitude of debris and flow disturbances 

that can have negative effects. To keep the equipment functioning properly, an ongoing work 
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schedule is maintained which includes equipment maintenance, debris removal, instrument 

calibration, data processing, and data quality checks. 

The ADCP requires regular maintenance such as debris removal to ensure that the device 

records reliable data. The device is often covered by sedimentation during high flow events, and 

can catch debris such as trees and rocks or man-made plastics and garbage. These occurrences 

can cause error in flow measurements by covering the flow sensors so that they cannot get proper 

readings or changing the characteristics of the flow within the stream. Figure D.1 illustrates a 

scenario in which substantial debris has accumulated on the sensor and caused a scatter of 

velocities in the direction of flow as well as the cross sectional direction. The figure on the left 

represents the velocities during September 2012 when the stream section surrounding the 

Argonaut ADCP was clear of debris and the figure on the right represents the velocities during 

November 2012 when debris had accumulated around the sensors. These figures show the degree 

to which errors can occur in velocity readings in an ADCP due to debris accumulation. These 

findings further suggest that debris must be removed whenever possible to maintain accurate and 

reliable data. The ADCP at the LEWAS site is checked for debris on a weekly basis as well as 

after any significant storm events. 

 

Fig. D.1. Velocity plots for September (left) and November 2012 (right) 
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In addition to the ADCP collecting debris, the water quality Sonde often collects large 

clumps of debris during high flows around the mounting frame and measurement device as 

illustrated in Figure D.2. Another major issue with the Sonde is the propensity for the sensors and 

its casing to collect sediment during highly turbid peak flows. Debris or sediment that gets stuck 

in or around the sensor casing have an impact on the accuracy of the water quality readings. 

Without proper maintenance procedures in place, the Sonde will not provide accurate data. 

Because of this the LEWAS team also conducts maintenance visits on a weekly basis and after 

high-flow events to check the Sonde for any debris accumulation or sediment clogging within the 

sensors. 

 

Fig. D.2. Collection of debris around Sonde 

Data Quality 

Maintaining accurate data can be one of the most challenging aspects of a continuous 

watershed monitoring lab. Because of the heavy use of LEWAS data for water sustainability 

research and education, data quality and accuracy is of paramount importance. Consistent and 

accurate data collection requires maintenance, quality checks, and frequent equipment calibration. 
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Proper QA/QC procedures have been developed for each instrument as well as data analysis 

procedures to ensure that all data being collected at the site is as accurate as possible. 

Data from LEWAS instruments can degrade in quality over time from drift in instrument 

measurements or changing site conditions. Many of the probes on the Sonde require calibration in 

a lab to keep the parameters that each device measures from drifting. Failure to do so would result 

in many of the data parameters drifting outside of an acceptable range. Preliminary studies by the 

LEWAS team have shown that the Sonde should be calibrated every 3 weeks to maintain proper 

accuracy of each parameter. 

In addition, changing site conditions may alter the accuracy of flow data being collected 

at the site. Flow is computed by taking the index velocity reading of the ADCP and multiplying it 

by the cross sectional area of the stream cross section. Because the ADCP is located in a natural 

stream, there may be changes in the cross sectional area due to sedimentation or erosion which 

would affect the stage-area and index velocity ratings that are used to compute discharge. To 

ensure proper accuracy of the ratings, routine cross section studies and flow calibrations are 

conducted to check for any drift in the accuracy of the flow computations. 

To further check the accuracy of the primary monitoring devices, additional monitoring 

devices are used to validate their measurements. A rain gage currently installed at the site 

provides complementary precipitation data to check against any inaccuracies or drift in the 

weather station. A point velocity meter is also used to periodically check the accuracy of the 

velocity readings of the ADCP as well as the index velocity rating. All of this supporting 

equipment provides field checks against any errors that may exist in the field equipment or the 

methodologies used to collect data.  

Computing Flow 

One of the most difficult variables to compute is the flow rate at the site. There are many 

challenges in computing flow and uncertainties involved in the measuring devices and 
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methodologies used.  Because of changing site conditions the index velocity rating must be 

continually updated, which requires velocity measurements using a point velocity meter at 

various flow rates. This can take many weeks or months to obtain as it is dependent on storm 

conditions that cause an increase in flow rates above base flow. In order to have a less 

cumbersome method of validating and calibrating the index velocity rating for the ADCP as well 

as having another continuous flow measurement method, a new ultrasonic transducer was 

installed in a concrete rectangular weir located 7.5 m upstream from the Argonaut underneath 

West Campus Drive.  

Constructed in 2003, the weir in the culvert is a contracted rectangular weir at low flow 

with 150 degree v-notch sidewalls extending above the rectangular crest to the walls of the 

culvert.  A scaled model of the weir was constructed and calibrated in a flume to create a depth-

flow relationship as shown in Figure D.3. The weir was calibrated in the lab with “free” or 

modular flow conditions where the height of the lowest point of the weir crest elevation is higher 

than the height of the water downstream. The weir in the model is placed 1.5 inches above the 

channel bed, thus creating a “free” flow condition. In this case, the water will pass through 

critical flow and discharge can be estimated based on the depth of water above the crest of the 

weir at a location upstream.  

 

Fig. D.3. Weir model 
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Although calibrated in a lab under free flow conditions, the actual weir installed upstream 

of the LEWAS site has a submerged flow or “non-modular” flow condition, where the discharge 

is partially under water. Submerged flow occurs when the downstream water surface is near or 

above the crest. In this particular case the crest of the weir is also the bottom of the channel, 

resulting in the water downstream water surface being above the crest in all flow conditions, as 

illustrated in the diagram of the weir in Figure D.4. Because of this condition, changes in the 

downstream depth can affect the flow rate and accuracy of measurement should not be expected 

(USBR 2001). To properly determine flow rates in submerged flow conditions the downstream 

depth as well as the upstream depth need to be measured, however this will only be an estimate. 

 

Fig. D.4. Diagram of weir dimensions 

Figure D.5 illustrates base flow conditions at the weir where submerged flow conditions 

are apparent as the elevation of the crest is equal to the elevation of the stream bed. Modifications 

to the weir were made in order to create free flow conditions in which the elevation of the water 

downstream of the weir is below the lowest level of the crest. A wooden block was constructed 

and installed at the site to close the gap between the two wing wall sections, which then created a 

free flow condition (Figure D.6). 
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Fig. D.5. Photos of submerged weir 

 

Fig. D.6. Weir modification 

Ultrasonic Level Transducer 

A scale model of the modified weir was constructed and a study using the model weir in 

a laboratory flume was conducted to develop a depth to flow relationship. Figure D.7 illustrates 

the model weir installed in an experimental flume in the Keslo Baker lab on Virginia Tech 

Campus. The experiment resulted in an equation to estimate discharge at the LEWAS site based 

upon the stage behind the weir. This equation, illustrated in the right box of Figure D.7, relates 

the stage behind the weir to the discharge over the weir and can be represented as a parabolic 

function.  
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Fig. D.7. Model weir in experimental flume (left) and weir rating curve (right) 

 Once this relationship between stage and discharge was developed, the ultrasonic level 

transducer was installed in the field. For weir flow it is recommended that the stage measurement 

device be placed behind the weir at least 4 times the maximum water depth above the weir (FAO 

1993). The gage was calibrated in the lab to the maximum height of the v-notch weir which 

corresponds to a height of 52.9 cm, and following the recommended minimum distance, the 

ultrasonic level transducer was placed a distance of 2.1 m behind the weir. This additional flow 

will be used to verify the Argonaut ADCP data as well as calibrate stormwater network models of 

the watershed currently in development. 

Maintaining Power 

A consistent power supply is vitally important because any intermittent power failure 

may cause the instruments to reset and cease collecting data. Maintaining reliable power at the 

site requires constant power budgeting and oversight to ensure that dark overcast days do not 

cause the batteries to drain out. As additional equipment has been added on to the system, the 

power demand has increased and resulted in power failures throughout the past few years.  

The solar panels charge two 12 V deep cycle batteries which power the entire system. 

During the winter the electrical output of the solar panels decreases due to shorter days and a 

decrease in solar radiation from the sun. Whenever there are consecutive overcast days the 
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demand of the system can become greater than the stored energy, which could cause the deep 

cycle batteries to lose their ability to hold a charge. If this does occur, then new batteries must be 

purchased which are expensive and will cause the system to go offline until they can be replaced. 

To prevent this from occurring a proper power budget is developed and maintained and voltage 

checks are performed periodically. If power supply does become an issue then measurement 

intervals are reduced or certain devices taken off completely until enough solar radiation can 

maintain a consistent level of power for the entire system. 

Because of past power failures and the proposed additional equipment at the site, a move 

to grid power is being explored. Putting the system on grid power will require a lot of capital as 

underground wire will need to be installed in excess of 100 feet as well as power regulators and 

equipment housing. However, with an increasing power budget it may be necessary to prevent 

any future power failures. 

Hardware Restrictions 

There are many challenges and restrictions to using the CompactRIO and LabVIEW 

programming environment which have necessitated a possible change to the Raspberry Pi data 

collection device. The CompactRIO restricts the expansion of the lab through a limited number of 

ports (3) which in turn means that a limited number of devices can be used at the site. The current 

system is also restricted to using LabVIEW programming which may reduce the number of 

applications for which the LEWAS system can be used. 

Raspberry Pi is a low cost, single board computer, which primarily uses LINUS kernel 

based Operating System. It is fully expandable which means an unlimited number of devices may 

be integrated into the system. It is developed in UK by the Raspberry Pi Foundation with the 

intention of teaching the computer programming concepts in schools. Currently, it is used in 

many monitoring and accessibility applications and various other applications.  It does not have a 

hard disk but uses a SD card for booting and persistence storage. The Model B of Raspberry Pi is 
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used in our LEWAS Lab which has 512MB RAM, 2 USB ports and an Ethernet port. Figure D.8 

shows how Raspberry Pi can be connected to a monitor. 

 

Fig. D.8. Raspberry PI 

Currently, a new system is being developed to enhance the reliability of real-time 

collection and processing of data from the LEWAS Lab environmental sensors. This system 

deploys a Raspberry Pi as an embedded computer to collect data from the LEWAS sensors and 

store these in a database. Current development is working on integrating the hardware and 

software components of this new system using Python, PHP, and SQL programming languages. 

A move to Raspberry Pi hardware will increase the expandability of the LEWAS field site as well 

as the applications for which the lab can be used. 

Equipment Failure 

Running equipment continuously over the course of multiple years has resulted in many 

equipment failures which can be prevented or postponed to some degree with proper oversight 

and maintenance procedures. However, much of the equipment failures are due to the accelerated 

amount of wear and tear associated with being installed 24/7 in an urban watershed subject to 

frequent flash flood events. Both the Sonde and ADCP have completely failed and sent in for 
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replacement or repair. Exact causes have not been determined as to why either failed but it could 

be due to manufacturer error or breakdown caused by consistent exposure to the elements.  

In addition to complete failure of equipment, intermittent failures in data collection can 

occur for a variety of reasons. There could be physical reasons such as a data cord coming loose 

from the device during a storm event, or intermittent power supply causing the device to reset. 

There could also be failures within the equipment itself that cause the device to malfunction or 

fail to communicate properly. One such example is the corrosion that occurred around the pins 

which connected the data cable to the ADCP device. Over time the pins became corroded and 

caused sporadic communication with the devices and frequent failures. Although the pin 

connection is supposed to be water-tight and recommended installation procedures were 

followed, the seal still became compromised during deployment in the field. Figure D.9 illustrates 

the corrosion that occurred on the pins of the cord connected to the ADCP. 

 

Fig. D.9. Flow sensor pin corrosion 
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E. APPENDIX E. Fall 2012 engineering education assessment data. 

The following tables contain the pretest (Table E.1) and posttest (Table E.2) assessment questions 

and example responses from the fall 2012 Hydrology surveys. These surveys were approved by 

the Virginia Tech Institutional Review Board. This survey information was used in the 

development of the research outlined in Chapters 4 and 5.  

Table E.1. Fall 2012 Hydrology Pretest Questions and Example Responses 

Question Example Responses 

How can this system help you 

learn hydrologic concepts? 
1 By helping us learn in a more visual way. 

2 

This system can teach me about the methods of collecting field data 

and give me real-world insight into how it fits into the hydrologic 

system as a whole. 

3 

It will help with the discharge the system produces during storm 

surges. 

4 

It would allow us to apply the concepts we learn in class to real-

world applications and as a result enhance our learning ability. 

5 

Since you are actually going to the watershed area and learning 

how to read + take measurements it is directly teaching important 

hydrologic concepts. 

How can this system help educate 

you about sustainable 

development? 

1 

It can help predict hydrological patterns to help develop in ways 

that affect surface flow less. 

2 

This system uses power that comes from a sustainable source - 

sunlight. Solar panels are used to power the field equipment. 

3 

It can help control and learn how much run off is sent into the storm 

drains. 

4 

Watershed & stormwater management are key components to 

maintaining a healthy, sustainable environment. Creating new 

development that does not impact the stream health is vital to our 

environmental sustainability. 

5 

Reading about pollutants in the water + what events increase them 

can educate the students about how to design more sustainable. 

What difficulties can you 

anticipate in your one week 

assignment to monitor the water 

quantity, quality and weather 

parameters? 

1 

Unfamiliarity/Challenges with first using LEWAS. Also poor 

weather could be a factor. 

2 Bad weather conditions? Rainstorm 

3 

Errors due to different discharge caused by events across campus 

(i.e. football game & construction) 

4 

Errors in reading due to environmental factors such as weather or 

strong stream conditions. Changes in water quantity or quality that 

are difficult to find a source for. 

5 

Weather could not be ideal - since we have no previous experience 

with this it could take a while to correctly monitor the parameters 

we need. 

1 

It can give us greater insight so we have a better idea of what we 

need to research. 
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Question Example Responses 

How can this system be used for 

advancing research questions 

relevant to hydrology? 

2 

This system will greatly benefit hydrology because it provides a 

way to quantify and record parameters of a stream in real time. 

3 It can help design structures with a more controlled runoff. 

4 

Seeing the direct impact of a rain storm on the watershed and 

constant stream. 

5 

After the data is taken for parameters, advanced analysis by 

students can be explored to teach students to not only take the 

measurements but determine what the data actually means. 

 

Table E.2. Fall 2012 Hydrology Posttest Questions and Example Responses 

Question Example Responses 

How did this system help you 

learn hydrologic concepts? 1 

Being able to see the concepts learned in class in the real world was 

helpful. 

2 helped relate real world data to concepts covered in course. 

3 

I learned how better to estimate runoff coefficient. I learnt the effect 

that peak runoff has on the water quality parameters. 

4 Saw direct correlation B/T Rainfall & streamflow. 

5 

We were able to see how the concepts learned in class apply to an 

actual stream. 

How did this system help educate 

you about sustainable 

development? 1 

The system helped in being more aware of sustainable development 

in the way that we monitored the quality of water and how we can 

affect it. 

2 showed effects of development on water quality/flow. 

3 

I have seen how effective sustainable development can be from how 

much peak flow rates directly affect the water quality. I know from 

theoretical point of view, that urbanization causes higher peak flow 

rates making the stream less inhabitable. 

4 

monitoring the stream really substantiates how much waste & debris 

can be generated, even in a relatively small body of water. 

5 

It taught me the negative effects that development has on local 

streams and why it is important to do as much as possible to use 

sustainability. 

What difficulties did you 

experience in your one week 

assignment to monitor the water 

quantity, quality and weather 

parameters? 

1 

There was no significant difficulties, except that sometimes we could 

observe a change in quality and flow of water but could not identify 

the exact cause (on non-rainy days) 

2 

Monitoring was not too difficult since we made trips maybe three 

times through our week.  Assessing results however had some guess 

work since Argonaut and sonde presented some "noise" in the data 

and knowing the source of noise was really difficult. 

3 negative flow data 

4 

The only difficulties were obstructions in the stream preventing 

accurate data, and garm in the data. 

5 

Weather for us was generally pretty nice during the week, so there 

were few complications for us in this regard; it's a pain to cross that 

street, though. 

How were these difficulties 

different from the difficulties that 1 

In the real world, there is no "exact science." We should always 

expect uncertainties to be a significant factor. 
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Question Example Responses 

you expected to experience when 

you began the course? 

2 

These difficulties were a little different in that it required analysis of 

large amount of data. Hydrology concepts were clear but stronger 

statistics background would have helped. 

3 

probably very similar - I think I was expecting some 

incorrect/incomplete data. 

4 I did not think that these tasks were going to be too difficult. 

5 

to be honest, I expected it to be a lot more work to collect the data 

than it actually turned out to be. 

How can this system be used for 

advancing research questions 

relevant to hydrology? 1 

This system can be used to identifying some of the major causes to 

change in water quantity and quality. It can help design more 

accurately for the drainage system for example. 

2 

monitor flow before and after each outfall not just at one 

location/outfall. 

3 

Since the data presents high temporal resolution data for one of the 

best monitored watersheds a lot less "guess work" would be required. 

4 

Able to analyze effects of upstream development on the stream & 

identify & predict possible effects downstream. 

5 

the system provides accurate & up to date data on the stream in 

addition to relevant observations of the stream during the time data 

was collected, its applications are very versatile. 

In your own words, describe how 

water flow and quality are 

monitored. 

1 

Water flow and quantity are monitored using real time monitoring 

devices. 

2 

pressure sensor monitors water depth used w/ stream profile. Probe 

collects water quality data. 

3 

Water flow is monitored by an Argonaut instrument using "Doppler". 

Water quality is monitored by an instrument that quantifies things 

like specific conductivity, turbidity. 

4 

Flow - xsectional area of stream & water velocity. Quality - By 

measuring/observing turbidity, DO, nutrient levels, etc. 

5 

Water flow is monitored by a submerged sonic device that measures 

the depth and velocity of the water at that point. Quality is measured 

by sensors that record pH, etc. 

What value, if any, do you see in 

real-time monitoring of water 

quantity and quality? 

1 helps to more accurately develop models for watershed. 

2 See changes over time. 

3 

It allows us to see the effects of urbanization and significant storm 

events, from which changes can be made to reduce the negative 

effects. 

4 to us, it helped to draw a correlation between the two. 

5 

I believe there is a great value in monitoring water quantity and 

quality. For students it gives us the chance to understanding 

hydrology outside of the classroom. It also creates real data to prove 

the effects of development on the stream. 

If you were designing a hydrology 

course, in what way(s), if any, 

would you incorporate a system 

similar to LEWAS into the 

course?  Why? 

1 

I would incorporate a system like LEWAS to introduce students to 

more than theoretical. 

2 

develop synthetic hydrograph for same watershed and compare to 

actual hydrograph. Helps develop understanding of synthetic 

methods. 
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Question Example Responses 

3 

Deconvolution. Reason: student can be able to make UH and make 

adjustments to it until they can predict the next hydrograph to a 

minimal error. 

4 

I try to have several stations around the area so you could compare 

data B/T the stations. Hopefully you would be able to observe the 

impacts of development, different land use & land cover on streams. 

5 

mostly the same way it was incorporated into this course, but maybe 

slightly more focus on the overall end result. 
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F. APPENDIX F. 2013 and 2014 engineering education assessment data. 

The following tables contain the assessment questions and example responses that were 

used in developing Chapter 5.  Tables F.1 and F.2 contain the pretest and posttest information 

from the spring and fall 2013 Virginia Western Community College courses, and Tables F.3 and 

F.4 contains the pretest and posttest information from the spring 2014 Virginia Tech hydrology 

course. These surveys were approved by the Virginia Tech Institutional Review Board. 

Table F.1. VWCC Spring 2013 Pretest Questions and Example Responses 

Questions Example Responses 

The water flowing in the Roanoke 

River ultimately drains into _______ 
1 Smith Mountain Lake 

2 Chesapeake Bay 

3 North Carolina ocean output 

4 Applaching Mountain 

5 Smith Mountain Lake 

The water flowing at the LEWAS Site 

(Blacksburg) ultimately drains into 

_______ 

1 Claytor Lake 

2 Chesapeake Bay 

3 Gulf of Mexico 

4 Mountains 

5 New River 

How can this system help you learn 

the effects of man-made activities on 

water quality and quantity in a 

watershed? 

1 help use how to control the water flow 

2 

I don't know, it seems kinda given a project abou twater quality 

will make one learn about water quality 

3 

If certain amounts of man-made pollutants are this far from its 

final destination it can then be determined how polluted the 

water may become 

4 

By monitoring the measurements over a period of time, the 

measurements can be used to interpred the effects of activities of 

how that relates to water quality and quantity 

5 

Allows us to learn what water is being polluted with + how we 

can stop it. 

How can this system help educate you 

about sustainable development? 

(Sustainable development is defined as 

"Development that meets the needs of 

the present without compromising the 

ability of future generations to meet 

their own needs." ) 

1 So we just used it as nature 

2 Again it seems uilt in to the project is what will help me learn 

3 

By teaching me how o read and monitor water quality and 

preserve or better it. 

4 

By monitoring environmental impacts, you create a more 

sustainable and stable system. 

5 

It will allow us to prevent future problems in the river, so we can 

still have healthy stream. 

1 equipment. 
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Questions Example Responses 

What difficulties do you anticipate in 

your two week assignment to monitor 

the water quantity, quality and weather 

parameters? 

2 finding and working with a partner, I would prefer to go it alone 

3 

The quality will need imprevement and the water quantity will 

depend on weather parameters 

4 Not sure 

5 weather conditions. Ununsual. 

How can this system be used to 

educate the public (who won’t have 

your hands-on experience) about 

sustainable development? 

1 don't trash the river 

2 

First off what system, second if you want to inform the people, 

make some youtube ads that use big scary words on something 

3 

It can teach them what quality the water is and possible 

imprevementes that can be made 

4 

Proper measurement + documentation provide reliable 

information for public education. 

5 

By using the data we collect and showing what is in the water as 

a result of nearby activities. 

 

Table F.2. VWCC Spring 2013 Posttest Questions and Example Responses 

Questions Example Responses 

The water flowing in the Roanoke River 

ultimately drains into _______ 
1 Atlantic Ocean 

2 Atlantic Ocean 

3 Atlantic Ocean 

4 Atlantic Ocean 

5 Pacific Ocean 

The water flowing at the LEWAS Site 

(Blacksburg) ultimately drains into _______ 
1 Gulf of Mexico 

2 Gulf of Mexico 

3 Mississippi River 

4 Gulf of Mexico 

5 Gulf of Mexico 

How did this system help you learn the 

effects of man-made activities on water 

quality and quantity in a watershed? 

1 Everything was normal about the water 

2 It let me learn how different activities effect the water ways. 

3 

Urban areas have increase run-off. Farming can have negative 

impacts. 

4 

The man-made activities made real, measureable differences in 

the water quality in our watershed. These differences can have 

a huge effect on organism survival. 

5 

By explaining how impervious surfaces cause expanded water 

flow. 

How did this system help educate you about 

sustainable development? (Sustainable 

development is defined as "Development 

that meets the needs of the present without 

compromising the ability of future 

generations to meet their own needs." ) 

1 Too short of a time to help. 

2 

Keeping the rivers pollutant free and making urban areas more 

environmentally friendly. 

3 

I don't feel that we covered sustainable development other than 

the effect on non-sustainable development. 

4 Not much 

5 We must minimize our effects on the environment. 
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Questions Example Responses 

What difficulties did you experience in your 

two week assignment to monitor the water 

quantity, quality and weather parameters? 

1 Not enough time. 

2 The weather 

3 Cold weather. Time management. Computer issues 

4 None 

5 finding time to go 

How were these difficulties different from 

the difficulties that you expected to 

experience when you began the assignment? 

1 Time consuming 

2 It was supose to be nice outside. 

3 Pretty much expected all that I got. 

4 Expected scheduling issues 

5 wind --> mud 

How can this system be used to educate the 

public (who don’t have your hands-on 

experience) about sustainable development? 

1 let them know the water is in good shape 

2 It can teach them about the different readings. 

3 

Show how our actions really do impact the ecosystem around 

us. 

4 

Trend data in the form of graphs as well as education effects 

can help the public become aware of the problem. 

5 By explaing its need 

In your own words, contrast how water flow 

and quality are monitored at the LEWAS 

site in Blacksburg and at your field site in 

Roanoke. 

1 Water flow is higher at Roanoke 

2 different 

3 Blacksburg-little. Roanoke-big. 

4 

The LEWAS site has an integrated monitoring system, sending 

many readings per day remotely with reduced human error. 

Our testing was limited and resulted in human error as we 

tested the site in person. 

5 

The LEWAS site uses prcise equipment, we used imprecise 

estimations. 

What value, if any, do you see in real-time 

monitoring of water quantity and quality? 
1 more accurate reading. 

2 See how we are impacting the environment. 

3 

Monitoring water quality seems essential in public awareness 

to local water source safety. 

4 Observing impacts of small scale events over time. 

5 More accurate data. 

 

Table F.3. Spring 2014 Hydrology Pretest Questions and Example Responses 

Questions Example Responses 

What value, if any, do 

you see in real-time 

monitoring of water 

quantity and quality? 
1 

The monitoring can assist in obtaining up-to-data pertaining to activities which 

are going on within the watershed (such as the construction of the new 

engineering building and how it has affected the water quality) 

2 

I see great value. The only way to tell weather a newly installed BMP is 

operating as expected is to monitor it. Without said monitoring no proof or data 

that supports the success of a BMP would exist which could create unrest in 

critical stakeholders who expect immediate results. Without the stakeholders, 

TMDLs and other water improvement measures will never last.  
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Questions Example Responses 

3 

Real-time monitoring should aid in understanding sources of pollution and 

effects of development. 

4 Investigate pollution and runoff issues 

5 

Being able to see the changing characteristics of a stream in response to changes 

in the environment 

How can this system help 

you learn hydrologic 

concepts? 
1 

LEWAS can teach hydrologic concepts through visual and numerical models 

relating specific events to specific results 

2 

The LEWAS system can help me learn hydrologic concepts by enabling my 

interaction with real datasets and by forcing me to understand the physics behind 

the data so that I can ensure that it is reasonable. 

3 

It should cement the concept of a watershed as well as confirm concepts learned 

in the classroom environment. 

4 

It provides hands on learning opportunities that are more engaging than 

classroom lectures. 

5 Being able to observe and quantity characteristics of a stream 

What types of unusual 

water quality events 

might this system detect? 1 

It might detect the increase or decrease in conductivity and turbidity associated 

with precipitation events, and how these events affects the aquatic life & 

ecosystem. 

2 

Increased salinity via conductivity such as snow melt in urbanized areas. 

Temperature increase from summer rain events. Suspended solids during nearby 

construction. 

3 

Salinity increases after rain events wash de-icers off the roads. A drunk person 

peeing just upstream. 

4 water main breaks. Construction pollution. Storm events (rain or snow). 

5 Strong thunderstorms, rainy season, pollution 

Describe three limitations 

of the LEWAS system. 

1 

It is limited to Stroubles Creek which is quite contaminated to start with. It is 

stationary within the creek and cannot monitor multiple stations along the creek. 

2 It ain't perfect. 

3 

maintenance. No multi-platform. Water quality data is measured at only one 

point. 

4 

Parts could break down and effect the operation. Only gives one sample. 

Requires constant supervision. 

5 only observes one location. Can be affected by environment/people. 

How can this system be 

used for advancing 

research questions 

relevant to hydrology? 
1 

As mentioned above, it can be used to determine how construction and 

precipitation events within the watershed (along with many other factors) play a 

role in the water quality and health of the aquatic ecosystem.  

2 

This system can supply the data needed to begin answering question about 

hydrology. 

3 

By monitoring a very urban watershed, understanding & seeing the impacts that 

might otherwise be considered too small or insignificant can be achieved. 

4 Measure snow melt and model runoff from it. 

5 It will provide data valuable to addressing questions. 
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Questions Example Responses 

Describe the relationship 

between water quantity 

and pH during and after a 

rain event. 

1 

Water quantity increases and depending on the pH of the rain, the waters pH 

could increase or decrease. 

2 

I believe that the pH of a water body during a rainfall event increases, peaks, 

then gradually returns to equilibrium. 

3 unsure 

4 

Unusually pH is more acid (pH 7-1) during and after a rain event, and water 

quantity increases during and decreases after rain. 

5 After a rain event, the quantity should increase and the pH should decrease. 

What are the typical and 

extreme values of water 

flow at the LEWAS site 

in cfs? 

1 I am not sure. 

2 Typical: 24 cfs. Extreme: more than 24 cfs. 

3 typical --> 0.5 cfs. Extreme --> 5.0 cfs 

4 typical flow = 5 cfs. Extreme flow = 20 cfs. 

5 Typical: 1 cfs. Extreme: 5 cfs 

What would be the added 

value of a product that 

delivers live and/or 

historical remote system 

data (visual, 

environmental, 

geographical, etc.) to end 

users regardless of the 

hardware (desktop, 

laptop, tablet, 

smartphone, etc.) and 

software (Windows, 

Linux, iOS, Android, 

etc.) platforms of their 

choice? 

1 

It would allow users to connect certain events to the certain water quality data 

and consciously determine how to better handle water monitoring. 

2 

The added value would be in the increased accessibility of the data to a wider 

end user audience. The other added benefit with portable devices is data 

availability in the field or on the road. 

3 

Being able to see the action of the rain event and the reactions of the water 

systems can be more revealing than just data in an excel sheet. 

4 The average citizen could benefit from a product that is multi-platform. 

5 

Everyone would be connected to the LEWAS and people could get constant 

updates. 

What difficulties can you 

anticipate in your one 

week assignment to 

monitor the water 

quantity, quality and 

weather parameters? 

1 Extremely high amounts of water flow from the melting snow. 

2 Coordinating meeting times and doing too well. 

3 none. 

4 Water quality will be difficult because of snow melt and reading the flood stage. 

5 Being able to make it to the site every day to observe. 

 

Table F.4. Spring 2014 Hydrology Posttest Questions and Example Responses 

Questions Example Responses 

What value, if any, do 

you see in real-time 

monitoring of water 

quantity and quality? 
1 

I see great value in real-time monitoring. Monitoring is an essential step in 

validating TMDLs and other environmental programs as well as in maintaining 

stakeholder support in such programs. Additionally, it aids in the development of 

better watershed models. 

2 Catch storms as they happen. Analyze data from long time periods. 

3 

Real-time monitoring is useful for water quantity & quality since it allows for 

immediate & up to date information regardless of where you may be in the world. 
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Questions Example Responses 

4 

You can become more detailed in how even small events affect water quantity + 

quality. 

5 The ability to link effects and their potential causes. 

How can the LEWAS 

system help you learn 

hydrologic concepts? 
1 

Having the ability to compare real time data to observed climate conditions 

reinforces the causitive nature of meteorology and hydrology. 

2 It connects theory with reality on the ground. 

3 It can be used in direct relation to what we conceptually do in class.   

4 

It demonstrates how rainfall events effect the hydrologic quanity and quality 

aspects of a watershed 

5 

LEWAS can aid understanding hydrologic concepts through real time data 

acquisition and display. 

What types of unusual 

water quality events 

might this system 

detect? 

1 High durability, temperature spikes, DO fluctuations, etc. 

2 

Treated water being dumped into the creek. Chlorine levels over the EPA limit. 

Snow melt. Quick storms. 

3 

It is capable of detecting a large spectrum of things resulting from high flow 

events, runoff events, etc., and their relationship to the quality in the receiving 

watershed 

4 Show storms, flash floods, long periods of rainfall 

5 Pollutant spills, heat flashes from summer pavement 

Describe three 

limitations of the 

LEWAS system. 

1 

1) The physical components are subject to physical & environmental damage 

including freezing, trash, sharks, etc. 2) The sensors/software has the potential to 

be bugging or otherwise innacurate. 3) The system is only able to measure 

quality/quantity at 1 location. 

2 

It is hard to measure extremely high flows. Sedimentations and debris can disrupt 

measures. Water quality is measured at only one point. 

3 

Power running out if solar panel is covered (snow). Could have a better way to 

measure water depth behind weir. 

4 not a 24/7 system, can be disturbed by mother nature 

5 

During large rain events, stream stage is difficult to attain. Trash buildup on the 

station can mess with readouts. Sediment buildup  in channel can throw off 

tubidity values. 

How can this system be 

used for advancing 

research questions 

relevant to hydrology? 
1 

24/7 data collection allows for the capturing of significant / unusual storm events 

or other events of interest, which could prove very useful for many different 

directions or research. 

2 

Urban problems of sedimentation can be studied as correlated to storms. Snow 

melt studies. 

3 

By operating 24/7 it can be used towards research in matching secific 

events/occurences with stream parameters. 

4 Can help answer questions like: how does construction / E?SL Perform  

5 

Find trents between storm events/flow and water quality parameters. Tesr 

hydrograph modelling against observed conditions. 

Describe the 

relationship between 

water quantity and pH 

during and after a rain 

event. 

1 

What is typically observed when the water quantity increases (likely due to a large 

storm event) is the pH drops. This is due to the dilution of Hydrogen in the water 

due to the excess quantity of H2O. 

2 

Water qualtity decreases during a rain event and recovers afterwards. The pH also 

decreases during a rain event and recovers afterwards. So they are directly 

proportionally related. 
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Questions Example Responses 

3 

Water quantity increases while pH decreases, whereas they subside back to normal 

levels. 

4 water quantity increases + pH decreases 

5 during: quantity = low, PH = high; after: quantity  high, PH = low 

What are the typical and 

extreme values of water 

flow at the LEWAS site 

in cfs? 

1 

Typical: 0.0-0.2 cfs 

Extreme: > 0.2 cfs 

2 

typical water flow = 1cfs 

extreme  water flow = 10cfs 

3 Extreme values are 300+ cfs while normal values are around 10-20 cfs 

4 typical was 1-2 cfs extreme was around 5-6 cfs 

5 

typical 0.05 - 0.20 cfs 

extreme 5 - 20 cfs 

What difficulties did 

you experience in your 

one week assignment to 

monitor the water 

quantity, quality and 

weather parameters? 

How were these 

difficulties different 

from the difficulties that 

you expected to 

experience when you 

began the assignment? 

1 

Dfficulties: reading the stage of the weir, bugginess in some of the sensors. I 

expected more issues with the weather (stormy, cold, etc) 

2 

The flow went too high to measure on the Friday of our measuring week due to 

snow melt. Yes, I did not expect them to happen. 

3 

The difficulties I encountered were reading accurate water depths in the poor 

lighting behind the weir. They were no different than what was expected. 

4 

Making time to get visual data during storm events was difficult - making time to 

get our several times per day. 

5 

I thought the difficulties would be with reading the stick. I did not expect there to 

be days with unaccessible data. 

If you were designing a 

hydrology course, in 

what way(s), if any, 

would you incorporate a 

system similar to 

LEWAS into the 

course?  Why? 

1 

I would design a single or multipart lab/field trip around LEWAS & the data. 

Similar to the HW assignment in this class, but in larger groups and more 

extensive. 

2 I would incorporate LEWAS just like this class here. 

3 

I would like for the class to monitor the stream @ the LEWAS site but as well up 

stream from the site & compare the differences in qualtity/quantity. It would be 

good/useful for the students to understand how the steam quality can vary within a 

watershed 

4 

Maybe rather than just one week do a longer time period so all groups are 

quaranteed to see the effect of a rainfall event 

5 

If possible I would try to use it to illustrate concepts such as tc, pollutant travel. 

Use dye to track water as it flows through watershed. 

 

 

 

 

 

 


