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ABSTRACT 

 

 Urbanization modifies the land surface and results in increases to stormwater runoff, 

decreases to infiltration and degraded water quality.  Natural system approaches such as green 

infrastructure use best management practices (BMPs), to mitigate the changes to urban 

hydrology caused by urbanization.  However, patterns of stormwater runoff from urban 

environments are complex, and it is unclear how efficiently green infrastructure will improve 

urban runoff.  To assess the merits of BMPs in urban environments, hydrologic models are used.  

These models are used to study pre and post urban development hydrology, including green 

infrastructure.  But many of these models are applied in urban environments with very little 

formal verification and/or benchmarking.  This presents challenges for communities to have 

confidence in implementing BMPs at larger scales.  These challenges arise from issues of scale, 

heterogeneity of the land surface, and the capability of models to correctly account for these 

complexities. 

 The objective of this dissertation was to assess the effectiveness of distributed green 

infrastructure best management practices (BMPs) on urban hydrology.  Specifically, to evaluate 

the impacts to water quantity and water quality.  This was explored through three studies that 

evaluated (1) the impacts distributed BMPs have on water quantity using a hyper-resolution 

model, (2) an intercomparison between distributed and lumped parameter models to provide 

better understanding and confidence in the use of both to represent BMPs in urban environments, 

(3) incorporation of researched biofiltration media into distributed models and the impacts 

distributed BMPs have on water quality.  Results from the first study (Chapter 2) revealed that a 

nonlinear relationship is seen between the percent of BMP placement and storm intensity.  The 
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results indicate that BMP efficiency varies with spatial location and that type and emplacement 

within the urban watershed may be more important than the total amount of BMPs.   A model 

intercomparison between distributed and lumped parameter models was explored using a set of 

benchmark problems, and a new urban case (Chapter 3).  The intercomparison revealed that the 

use of key model parameters from the distributed model could be incorporated into the lumped 

model to improve performance.  Finally, evaluation of water quality was performed using a 

hyper-resolution distributed model based upon the previous analysis for water quantity and the 

intercomparison (Chapter 4).  The analysis revealed that removal of contaminants from the water 

shed was greatly enhanced by the inclusion of distributed BMPs, but was correlated to the 

capability of the BMP to capture stormwater runoff. Although not all BMPs performed equally 

as the removal efficiency of the BMPs depended upon spatial location, and specified biofiltration 

media.  Biochar/Sand-amended BMPs performed slightly greater than those filled with only 

biochar, but significantly greater than those filled with a sandy-loam.  The main outcome of this 

thesis was the validation of the effectiveness of distributed BMPs in reducing the impacts to 

stormwater runoff caused by modifications to the land surface. 
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CHAPTER 1 

INTRODUCTION 

 

 Hydrology is the study of the Earth’s water cycle.  Urban Hydrology is the study of 

hydrology in urban centers.  The science of urban hydrology has been around for thousands of 

years (Chocat et al., 2001; Delleur, 2003).  As societies, have formed cities there has been a need 

to manage excess rainfall runoff.  During the 1800s to the 1900s empirical equations for open 

channel flow (Manning’s Equation) and rainfall-runoff (Rational Method) were first used.  These 

equations are still used today.  After the 1930’s, scientists began to use analytical techniques to 

describe how a watershed would respond to a rainfall event (Burian et al., 2000).  The use of a 

unit hydrograph, which represented the outflow of a watershed based on 1-inch of direct runoff, 

applied uniformly both spatially and temporally, was introduced and later the use of a synthetic 

unit hydrograph that could be applied in multiple gauged and un-gauged watersheds.  Since the 

1960’s, urban hydrology has focused on a more detailed understanding of rainfall runoff 

characteristics, coupled with environmental concerns, land use constraints, and a vastly 

increasing urban population worldwide (Blackler 2013). 

 Large increases in population growth has led to urban sprawl which presents unprecedented 

challenges on urban infrastructure.  With over 50% of the world’s population residing in urban 

cities, and the variability associated with climate change, urbanization presents stormwater 

management challenges for urban cities.  The changes to the land use associated with the growth 

of urban cities includes removal of vegetation, and increases of impervious surfaces (Barbosa et 

al., 2012; Burns et al. 2012).  These changes reduce infiltration to subsurface aquifers and force 

rainfall to travel overland.  The hydromodifications of the land surface result in excess 
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stormwater pollution, such as increased peak flows, and volumes.  These increases result in 

destabilization of our streams and rivers, increased flooding, reduced aquifer recharge, and 

degradation of receiving water quality (USEPA, 2008; National Research Council, 2009). 

 As a complex and dynamic component of the urban water cycle, stormwater requires careful 

mitigation (Murakami et al., 2009, Eriksson et al., 2007, Olivier et al., 2007, and Haile et al., 

1999).  Traditional stormwater management approaches focus on conveyance, detention ponds, 

and other structural measures to control stormwater runoff.  However, it is recognized that these 

traditional approaches may have little to no impact on channel erosion, localized flooding and 

water quality as they do not address the increased volume of runoff (Bosley II, 2008).  

Recognizing the inefficiencies of these traditional approaches has led to a shift in stormwater 

management from drainage-efficiency to natural systems focus (Burns et al., 2012; Barbosa et 

al., 2012; Gleick, 2003).  The natural system focus, referred to as Green Infrastructure (GI), uses 

best management practices (BMPs) to reduce runoff rates and volumes, increase 

evapotranspiration and increase ground water recharge, and to reduce pollutants in-situ. 

 The use of GI BMPs has become a popular stormwater management approach in urban cities.  

Green Infrastructure BMPs look to create a hydrologically functional system that mimics 

predevelopment hydrology, preserves urban aesthetics while managing and treating stormwater 

in a distributed manner (Dietz, 2007; Bosley II, 2008).  However, we know very little on how 

distributed GI BMPs impact water quantity and quality at larger scales during and after a storm 

event (Newcomer et al., 2014).  Studies have improved individual BMPs over the last two 

decades (Bratieres et al., 2008; Grebel et al., 2013; Herzog et al., 2015), but a lack of knowledge 

of their impact at larger scales on the urban hydrologic cycle, and receiving waters’ quality is 

still a barrier to effectively deploying them (Bhaskar et al., 2015; Lopez and Maxwell, 2016).  
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 The urban environment presents unique features and challenges such as variable land cover 

(buildings, impermeable pavements, landscaped areas, etc.) that make it difficult to accurately 

determine the urban hydrologic cycle (Mejia and Moglen, 2010a; Mejía and Moglen, 2010b; 

Moglen 2009).  Costs of replacing or updating often undersized or aging infrastructure is another 

major challenge (Copeland and Tiemann, 2010; USEPA, 2013).  Decision-making tools and life-

cycle analysis tools are becoming increasingly important to ensure that public agencies maximize 

the benefits of infrastructure decisions (Hendrickson and Horvath, 2014).  Green infrastructure 

BMPs could play a key role in public agencies stormwater management strategies.  To accurately 

assess the merits of BMPs in ultra-urban environments, hydrology models provide efficient 

methods for developing effective engineering criteria and design.   

 Hydrologic models have seen tremendous increases in capabilities as computing capacities 

have increased.  Complex equations that were previously rigorous are now solved implicitly and 

explicitly using computer algorithms (Blackler 2013).  Currently there are two modeling 

approaches used to evaluate urban watersheds, conceptually-based coarse resolution hydrologic 

models and high-resolution physically-based models (Lopez and Maxwell, 2015).  Conceptual 

urban hydrology-hydraulic models typically determine peak flow hydrographs within a 

watershed based on uniform rainfall, the basins size, shape, and percent of impervious land 

cover.  Whereas, physically-based hydrologic models simulate surface and subsurface water 

flow.  Large-scale patterns of stormwater runoff from urban environments are complex and it is 

unclear what the large-scale impacts of green infrastructure are on the water cycle (Mejia and 

Moglen, 2010a; Mejía and Moglen, 2010b; Moglen 2009).  In addition, it is difficult to assess the 

merits of widespread, distributed stormwater infiltration due to a lack of information on the 

impacts of GI BMPs on water quantity and quality at the urban watershed and neighborhood 
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scale.  We can use high-resolution physically based hydrologic models to accurately 

determine/model the urban hydrologic cycle.  These types of models tend to be more dynamic 

and allow for greater flexibility in evaluating and accounting for various hydrologic processes in 

the urban environment that lower resolution conceptual models may lose.  In addition, we can 

use physically-based distributed hydrologic models to evaluate BMP performance, and to 

advance commonly used urban water models. 

 The objective of this dissertation was to assess the impacts of distributed GI BMPs on the 

urban hydrology and water quality.  I accomplished the analysis through three studies that 

evaluated incorporation of BMPs into a high resolution physically distributed hydrology model 

and then analyzed the system behavior for a variety of management approaches, climate forcings 

and urban watershed parameterizations.  The research is organized into the following chapters: 

• Chapter 1:  Water Quantity evaluation of distributed BMPs in an urban watershed. 

• Chapter 2:  Intercomparison of distributed and conceptually-based hydrologic models for  

        urban systems. 

• Chapter 3:  Water Quality evaluation of distributed BMPs in an urban watershed.   

I present a review of relevant literature on these topics in the following section followed by a 

description of the objectives and hypotheses for each chapter of this dissertation. 

1.1 Technical Background 

 This section presents a literature review that formed the basis behind the research.  I 

reviewed the following topics: (1) the use of hydrology models to simulate distributed GI BMPs 

in ultra-urban environments (the effects of distributed GI BMPs on water quantity, and quality), 

(2) intercomparison between high resolution physically based models and conceptually based 

lumped models (modelling capabilities, and simulated processes). 
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1.1.1  Required Model Characteristics for BMPs 

 Hydrology models used to evaluate the capabilities of BMPs need to have the capability to 

address the following criteria.  Green infrastructure BMPs combine hydrologic features of both 

pre and post development, and few available models have the capability to represent the 

complexities of both equally well (Bosley, 2008).  Therefore, models should be able to 

accurately represent the built environment representative of ultra-urban environments, including 

BMPs.   

 Individual BMPs, on a site by site basis, have been shown to mimic pre-development natural 

conditions, reducing the impacts caused by urbanization; but there are still questions that remain 

on the capability of hydrology models to accurately predict BMP impacts at the watershed scale 

(Lopez and Maxwell, 2016; Bhaskar et al., 2015; Jayasooriya, and Ng, 2014; Mejia and Moglen, 

2010a; Mejía and Moglen, 2010b).  Models should have the capability to scale up from smaller 

scales to larger while maintaining accuracy of the modeled environment.   

 Studies have shown spatial distribution and resolution are significant parameters that 

influence model results, especially when considering the distribution of impervious surfaces, 

pervious surfaces, and the distribution of BMPs in a watershed (Bhaduri et al., 2000; Khader, 

and Montalo, 2008; Lee, and Heaney, 2003).  In addition, the use of lumped parameters 

distributed uniformly, prevents a more comprehensive evaluation of the runoff/run-on processes, 

interception and infiltration capabilities of BMPs (Bosley, 2008).  Modeling of GI BMPs, in an 

ultra-urban environment requires spatially distributed modeling at a higher resolution than is 

typical for urban watersheds.      

 The literature indicated that model uncertainty is another challenge, when considering 

modeling distributed BMPs at larger scales.  Modeling urban environments and urban 
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stormwater is complex and requires a lot of unique and different parameters.  Since BMPs are 

typically modeled for future conditions, model calibration is not possible, so the use of a more 

robust physics based model, where parameters can be determined a priori is preferred (Bosely, 

2008).   

 Distributed physically based models provide greater spatial flexibility and accuracy 

representing the built environment, and scale from various resolutions.  The models are 

adaptable to any region, and have a greater flexibility to apply different green infrastructure 

practices, can easily integrate available GIS data, are more physically based and, counter 

intuitively, have fewer lumped parameters that need calibration (e.g. Maxwell and Condon, 

2016).  Despite their capabilities, very few studies have modeled BMPs at larger scales using 

distributed high resolution models (Lopez and Maxwell, 2016).  If we can use distributed high 

resolution models to evaluate the impacts of distributed GI BMPs at larger scales on the 

hydrologic cycle in ultra-urban environments, they could provide additional insight about water 

quality and quantity and provide a physics based approach to apply BMPs within watershed 

master planning. 

1.1.2 Review of Hydrology Models 

 The purpose of this section is to present a review between six different hydrologic models 

considered for simulation of distributed BMPs in an ultra-urban watershed.  The results are 

presented in Table 1.1. 

1.1.2.1 GSSHA 

 The Gridded Surface Subsurface Hydrologic Analysis (GSSHA) is a physically-based, 

distributed-parameter, gridded hydrologic model that simulates the hydrologic response of a 

watershed subject to given hydrological inputs.  GSSHA defines the watershed by dividing the 
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surface into cells that comprise a uniform finite difference grid.  GSSHA calculates processes 

that occur before, during and after a rainfall event for each grid cell and then GSSHA integrates 

the responses from individual grid cells to produce the watershed response.  Major components 

of the model include precipitation distribution, precipitation interception, infiltration, evapo-

transpiration, surface water retention, surface runoff routing, unsaturated zone modeling, 

saturated groundwater flow, overland sediment erosion, transport and deposition, and constituent 

fate and transport for overland flows (Downer and Ogden, 2006). 

 GSSHA applies a two-step explicit finite volume scheme to route overland flow.  GSSHA 

computes flows based on heads (Diffusive Wave Equation), and updates the volumes based on 

the computed flows.  The friction slope is calculated as the difference in water surface elevations 

between cells divided by the grid size (length).  When comparing to the Kinematic Wave 

equation, the use of the Diffusive Wave allows for GSSHA to route water through pits and 

depressions, which is an important aspect when modeling BMPs.  GSSHA uses Manning’s 

Equation to relate flow depth to discharge.  By assuming that the local and convective 

acceleration terms will be minimal when compared to the Kinematic and Diffusive terms, the 

method saves computational time, while producing acceptable results (Downer, 2002a; Downer 

et al., 2000).  GSSHA has the option of using a 1-D formulation of Richards’ equation (RE), or 

using traditional Hortonian Green and Ampt approaches which are simplifications of RE (Hsu, 

Ni and Hung, 2002).  The user can choose between three different versions of Green Ampt (GA).  

The first is the traditional GA (Green and Ampt, 1911), the second is a multi-layer GA, and the 

third is GA with redistribution (GAR) (Ogden and Saghafian, 1997).  Continuous simulations 

use the third approach.   
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1.1.2.2 ParFlow 

 ParFlow (Parallel Flow) is an open source, object-oriented simulation platform that solves 

the mixed form of the variably saturated Richards equation in three dimensions.  ParFlow 

represents overland flow and groundwater-surface water interactions through a free-surface 

overland flow boundary condition, which routes ponded water via the kinematic wave equation 

using a pressure-continuity condition (Kollet and Maxwell, 2006). The model solves the coupled 

overland and subsurface equations in a globally implicit manner using efficient and robust 

Newton-Krylov method with multigrid preconditioning (Ashby and Falgout, 1996; Jones and 

Woodward, 2001).  Simultaneous solution ensures full interaction between surface and 

subsurface flows. ParFlow has been coupled to the Common Land Model (CLM) [Maxwell and 

Miller, 2005; Kollet and Maxwell, 2008b], to the Advanced Regional Prediction System (ARPS) 

(Maxwell et al., 2007), and the Weather Research and Forecasting System (WRF) (Maxwell et 

al., 2011).   

 ParFlow applies a fully-coupled surface and subsurface flow via an overland flow boundary 

condition (Kollet and Maxwell, 2006).  ParFlow uses the kinematic wave equation applied in two 

spatial dimensions.  Similar to GSSHA, ParFlow uses Manning’s Equation to establish a flow 

depth-discharge relationship for overland flow.  The coupled approach adds a flux for subsurface 

exchanges, by assigning a continuity of pressure at the top cell of the boundary between the 

surface and subsurface, such that the Kinematic Wave equation is only active when the top layer 

has a ponded depth and is thus greater than zero (ParFlow Manual; Kollet and Maxwell, 2006).  

ParFlow uses Richard’s Equation to simulate subsurface flows. 
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1.1.2.3 FLO-2D 

 FLO-2D is a physical process gridded model that routes rainfall-runoff and flood 

hydrographs over unconfined flow surfaces or in channels using the dynamic wave 

approximation to the momentum equation.  It has several components to simulate street flow, 

buildings and obstructions, sediment transport, spatially variable rainfall and infiltration, 

floodways and many other flooding details (O’Brien, 2012).   

 FLO-2D applies the full dynamic wave momentum equation to route overland flow.  FLO-

2D solves the St. Venant equations with a central, finite difference numerical scheme.  This 

explicit algorithm solves the dynamic wave equation for the flow velocity across the grid 

element boundary one direction at a time (O’Brien, Julien, and Fullerton, 1993).   The full 

dynamic wave equation is a second order, non-linear, partial differential equation.  FLO-2D 

calculates an initial flow velocity using the diffusive wave equation which uses the average water 

surface slope.  FLO-2D uses this velocity as an initial estimate in the second order Newton-

Raphson tangent method to determine the roots of the dynamic wave equation (James, et al., 

1977).  FLO-2D uses Manning’s Equation to compute the friction slope.  If after three iterations, 

the algorithm fails to converge, the diffusive wave solution is used.  FLO-2D has the option of 

using Green and Ampt, SCS-CN or Horton’s Equation to simulate infiltration (O’Brien, 2012). 

1.1.2.4 EPA-SWMM  

 The EPA Storm Water Management Model (SWMM) is a dynamic rainfall-runoff simulation 

model that computes runoff quantity and quality from primarily urban areas.  SWMM is a 

nonlinear reservoir runoff model based on continuity equation and momentum equations.  The 

runoff component of SWMM operates on a collection of subcatchment areas that receive 

precipitation and generate runoff and pollutant loads.  SWMM tracks the quantity and quality of 
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runoff generated within each subcatchment and the flow rate, flow depth, and quality of water in 

each pipe and channel during a simulation period comprised of multiple time steps (Rossman, 

2010). 

 EPA-SWMM uses a non-linear reservoir method for each subcatchment area.  SWMM 

calculates surface runoff using a method of planes in it applies a water balance equation over the 

subcatchment for each time step.  SWMM divides the subcatchment into pervious and 

impervious planes, based on the parameters input.  Each plane has inflows from precipitation, 

and upstream sub-catchments, and outflows from infiltration, evaporation, and surface runoff.  

The depression storage parameter determines the reservoir capacity.  Overland flow occurs when 

the depression storage depth is exceeded, and SWMM calculates outflow using Manning’s 

Equation (Gironas, Roesner, and Davis, 2009; Rossman, 2010).  Infiltration options in SWMM 

include Horton’s Eq., SCS-CN, and Green and Ampt. 

1.1.2.5 EPA-SUSTAIN 

 The U.S. Environmental Protection Agency (EPA) developed the System for Urban 

Stormwater Treatment and Analysis Integration (SUSTAIN) to support practitioners in 

developing cost-effective management plans for municipal stormwater programs and evaluating 

and selecting best management practices (BMPs) to achieve water resource goals. It includes a 

process-based, continuous-simulation BMP module for representing flow and pollutant transport 

routing through various types of structural BMPs. SUSTAIN simulates certain hydrologic and 

water quality processes that allow users to evaluate runoff volume reduction, peak flow 

attenuation, and pollutant load reduction. Users can select from various algorithms for certain 

processes depending on available data, consistency with coupled modeling assumptions, and the 

level of detail required. SUSTAIN includes a cost database composed of typical BMP component 
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cost data from several published sources for reference purposes. Cost information for any BMP 

can be specified as a function of physical features such as excavation volume, soil media or other 

construction materials, or even aggregated cost per unit volume (Shoemaker, et al., 2009). 

SUSTAIN simulates rainfall-runoff, pollutant and sediment loading, from a built-in model 

(Land) derived from SWMM5 and HSPF.  The processes of runoff, evapotranspiration, 

infiltration and overland flow are identical to SWMM 5 (Lai, et al., 2007). 

1.1.2.6 HEC-HMS 

 HEC-HMS is a basin model with hydrologic elements that the user connects in a dendritic 

network to simulate runoff processes.  The premise behind the model is that a watershed is 

constructed by separating the hydrologic cycle into manageable pieces and constructing 

boundaries around the watershed of interest.  The model is capable of simulating multiple 

mathematical models for representing different energy fluxes.  The model can simulate the 

following processes: Rainfall-Runoff, Infiltration Losses, Evapo-Transpiration (ET), and surface 

retention losses (Scharffenberg, 2013). 

 HEC-HMS includes seven different methods for transforming excess precipitation to surface 

runoff.  Hydrograph methods such as Clark, Snyder and SCS techniques as well as user specified 

unit or s hydrographs.  ModClark is a linear quasi-distributed unit hydrograph method that the 

user can use with gridded rainfall data.  The user can also select the kinematic wave method with 

multiple planes like EPA-SWMM (Scharffenberg, 2013).  HMS has the following options to 

represent infiltration losses:  SCS-CN, Gridded SCS-CN, Exponential, Green Ampt, and Smith 

Parlange. 
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1.2  Objectives and Hypotheses 

 This section summarizes the objectives for the research efforts of this dissertation, and the 

hypotheses tested for each objective.   

1.2.1 Objective 1: Evaluation of distributed BMPs in an Urban Watershed 

 The first research objective was to evaluate the effectiveness of distributed BMPs in an urban 

watershed.  The goal was to determine the impacts a distributed BMP approach has on the 

hydrologic cycle at the watershed/sub-watershed scale.  To achieve this objective, I evaluated the 

following hypothesis: 

Hypothesis 1:  A hyper-resolution distributed model can be modified to incorporate green 

infrastructure BMPs and used to evaluate the impacts on urban hydrology at the 

watershed scale.  Complexities in the urban environment present challenging spatial patterns to 

accurately model, and lumped model parameters tend to over simplify, or ignore all together the 

physical processes of surface runoff flow paths, localized storage and variable infiltration based 

on land use patterns.  It would be beneficial to use a distributed physics based model at a hyper 

resolution to explicitly model the urban environment.  This would enable a more comprehensive 

evaluation of distributed BMPs at larger scales to be completed.  This analysis would enable 

understanding of additional key parameters, spatial patterns, and feasible system configurations.   

 Therefore, I tested this hypothesis with the use of a hyper-resolution distributed model.  I 

performed the evaluation at a high resolution (1m) and included the built urban environment, 

which was modified to incorporate green infrastructure BMPs in underutilized pervious areas.    I 

used multiple storm events and BMP configurations in the analysis, and compared the results to 

existing conditions to determine hydrologic impacts. 
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 I present the results from this study in Chapter 2, and provide insights into the impacts 

distributed BMPs have on the hydrologic cycle in urban environments, and the results motivated 

additional research on the capabilities of BMPs to improve water quality, and to integrate the 

results into more conceptually or lumped models for even more efficiency. 

1.2.2  Objective 2: Model Intercomparison and Integration 

 The second research objective was to evaluate processes represented in conceptual and 

distributed models.  The intercomparison demonstrated the function, capability, and deficiencies 

of conceptual and distributed models, with the goal to more accurately incorporate BMPs within 

conceptual or lumped models to model them at the watershed scale, and correctly capture the 

impacts to the urban hydrology.  To achieve this goal, I tested the following hypothesis:  

Hypothesis 2:  Distributed models can be used to enhance and improve the accuracy of 

modeling BMPs with  conceptual models, by identifying key parameters and model 

functions in each, and incorporating those connections in conceptual models.   Previous 

studies have identified that stormwater is a complex and dynamic component of the urban water 

cycle that requires careful mitigation (Murakami et al., 2009, Eriksson et al., 2007, Olivier et al., 

2007, and Haile et al., 1999).  As previously mentioned, practitioners and researchers use various 

hydrologic models to simulate urban stormwater runoff and the urban hydrologic cycle, however 

they apply many of these models in urban environments with very little formal verification 

and/or benchmarking having been performed (Maxwell et al., 2014).  It would therefore be 

beneficial to evaluate and compare model functions and capabilities using simple benchmark 

tests.  Test cases can be used to validate models, identify key functions and parameters, and 

connections between models. 



14 
 

 I tested the hypothesis using a set of benchmark test cases of previously published solutions 

to evaluate model performance for overland flow, and infiltration (Panday and Huyakorn, 2004; 

Kollet and Maxwell, 2006; Shen and Phanikumar, 2010; Sulis et al., 2010; Sebben et al., 2013; 

Maxwell et al., 2014; Koch et al., 2016).  The results were then compared among the models and 

I determined connections based on model function and key parameters.  The connections 

determined in the intercomparison, and the results from Chapter 2 were then integrated into a 

conceptual model to improve model accuracy of distributed BMPs at the watershed scale.  The 

results are presented in Chapter 3. 

1.2.3  Objective 3: Evaluation of BMPs for Water Quality in an Urban Watershed  

 The third research objective was to evaluate how the use of distributed BMPs in an urban 

watershed impacts water quality.  The goal was to determine the impacts a distributed BMP 

approach has on removal of contaminants at the watershed/sub-watershed scale.  To achieve this 

objective, I evaluated the following hypothesis: 

Hypothesis 3:  A hyper-resolution distributed model can be modified to incorporate 

green infrastructure BMPs and used to evaluate the impacts on water quality; specifically, 

how distributed BMPs with modified biofiltration media can improve removal of trace 

organic contaminants from stormwater runoff .  The unmanaged release of non-point source 

contaminants and their transport across the land surface to receiving waters has resulted in the 

degradation of streams and rivers (Ulrich, 2016; Velleux, 2005; Downer, 2009).  Contaminant 

occurrence and transport conditions in the urban environment is highly heterogeneous and varies 

significantly across small spatial and temporal scales, thus there is a significant need for high 

resolution distributed models capable of modeling contaminants and their transport across the 
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land surface (Velleux, 2005).  It would therefore be beneficial to evaluate and model distributed 

BMPs and their impacts on water quality using a distributed high-resolution model. 

 Therefore, I tested this hypothesis with the use of a hyper-resolution distributed model.  I 

performed the analysis at a high resolution (4 m) and included the built urban environment, 

which was modified to incorporate green infrastructure BMPs in under-utilized pervious areas.   

The analysis consisted of multiple storm events and BMP configurations.  And consisted of a 

base (existing conditions) case, a modified BMP biofiltration conventional media (sand), and a 

BMP biofiltration media of Biochar.  The analysis evaluates each scenario on the capability of 

the distributed system to remove TCPP a trace organic contaminant.  Chapter 4 presents the 

results. 

1.3 Dissertation Organization 

 This dissertation is 5 chapters.  Chapter 1 provides background information and an overview 

of literature on previous relevant studies.  It also outlines the research objectives, hypotheses and 

approaches used for the main body of the dissertation, comprising Chapters 2-4.  Chapter 5 

summarizes the conclusions of the dissertation research, and recommends directions for future 

research.  Chapters 2-4 are manuscripts that are either published, submitted for peer-review, or 

are in the process of being prepared for submission.  The following is a description of each of the 

main body chapters: 

• Chapter 2, “Evaluation of distributed BMPs in an Urban Watershed – High resolution 

modeling for Stormwater Management” by Timothy J. Fry (primary researcher and 

author), Reed Maxwell (Professor at the Colorado School of Mines, principal investigator 

and corresponding author), is in press with the journal of Hydrologic Processes.  This 

paper addresses Objective 1 and Hypothesis 1.  This paper has been submitted to the 



16 
 

journal of Hydrologic Processes and is in press.  Co-Authors communicated verbally 

approval for republication of the manuscript. 

• Chapter 3, “Intercomparison between Distributed and Conceptual Models” by Timothy J. 

Fry (primary researcher and author), Reed Maxwell (Professor at Colorado School of 

Mines, co-author).  This paper is ready for submittal to Hydrologic Processes.  This 

paper addresses Objective 2 and Hypothesis 2.  Co-authors communicated verbally 

approval for republication of the manuscript. 

• Chapter 4, “High Resolution Distributed Modeling for Water Quality in an Urbanized 

Watershed” by Timothy J. Fry (primary researcher and author), Aniela Burant (Post 

Doctorate at Colorado School of Mines, co-author), Bridget Ulrich (co-author) 

Christopher P. Higgins (Professor at Colorado School of Mines, co-author), and Reed 

Maxwell (Professor at Colorado School of Mines, co-author) is ready for submittal in 

Environmental Science: Water Treatment and Technology.  This paper addresses 

Objective 3 and Hypothesis 3.  Co-authors communicated verbally approval for 

republication of the manuscript. 
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CHAPTER 2 

EVALUATION OF DISTRIBUTED BMPS IN AN URBAN WATERSHED – HIGH 

RESOLUTION MODELING FOR STORMWATER MANAGEMENT  

 

Modified from an article in press with Hydrologic Processes1 

Timothy J Fry1,2,3, Reed Maxwell2,4  

 

2.1 Abstract 

 
 The urban environment modifies the hydrologic cycle resulting in increased runoff rates, 

volumes and peak flows.  Green Infrastructure, which uses best management practices (BMPs), is 

a natural system approach used to mitigate the impacts of urbanization onto stormwater runoff. 

Patterns of stormwater runoff from urban environments are complex and it is unclear how 

efficiently green infrastructure will improve the urban water cycle. These challenges arise from 

issues of scale, the merits of BMPs depend on changes to small scale hydrologic processes 

aggregated up from the neighborhood to the urban watershed.  Here, we use a hyper-resolution (1 

m), physically-based hydrologic model of the urban hydrologic cycle with explicit inclusion of the 

built environment.  This model represents the changes to hydrology at the BMP scale (~1m), 

represents each individual BMP explicitly to represent response over the urban watershed.  Our 

study varies both the percentage of BMP emplacement and their spatial location for storm events 

of increasing intensity in an urban watershed.  We develop a metric of effectiveness that indicates 

                                                 
1 Article currently in press with Hydrologic Processes. 
2 Department of Hydrologic Sciences and Engineering, Colorado School of Mines 
3 Primary researcher and author 
4 Corresponding author 
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a nonlinear relationship is seen between percent BMP emplacement and storm intensity.  Results 

indicate that BMP effectiveness varies with spatial location and that type and emplacement within 

the urban watershed may be more important than overall percent. 

2.2 Introduction  

 Urbanization removes vegetation, replaces pervious surfaces with impervious ones (Barbosa 

et al., 2012; Burns et al. 2012) and changes land cover. Precipitation that would typically infiltrate 

may now be forced to runoff, carrying contaminants to downstream ecosystems (Grebel et al., 

2013).  These urban hydromodifications can increase runoff rates, storm volumes, and peak flows 

which in turn erode and destabilize streams, decrease evapotranspiration, reduce ground water 

recharge, increase pollutant loading, and increase temperatures (Bean et al.,2007; Fassman and 

Blackbourn, 2010; USEPA, 2008). 

Stormwater is a complex and dynamic component of the urban water cycle (Murakami et al., 

2009, Eriksson et al., 2007, and Haile et al., 1999).  Traditional stormwater management 

approaches focus on conveyance, detention, and other structural measures to control stormwater 

runoff.  These traditional approaches have little to no impact on channel erosion, localized flooding 

and water quality (Bosley, 2008).  The inefficiencies of these traditional approaches have led to a 

shift in stormwater management from drainage-efficiency, to a natural system approach (Burns et 

al., 2012; Barbosa et al., 2012; Gleick, 2003; Burian et al., 2000; Chocat et al., 2001; Delleur, 

2003).  This natural system focus, referred to as Green Infrastructure, uses best management 

practices (BMPs) to create urban functional systems that mimic predevelopment hydrology, while 

managing and treating stormwater in a distributed manner (Dietz, 2007; Bosley, 2008; Newcomer 

et al., 2014; Roy et al., 2008).  Over the last two decades, studies have developed and improved 

individual BMPs (Bratieres et al., 2008; Grebel et al., 2013; Herzog et al., 2015), but understanding 
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their impact at larger scales remains a barrier to effective deployment (Jayasooriya and Ng, 2014; 

Newcomer et al., 2014, Bhaskar et al., 2015; Lopez and Maxwell, 2016).   Model based studies 

provide efficient methods for discussing complicated hydrologic problems in urban areas that can 

be modified and applied to multiple watersheds versus empirical studies, they have been used to 

study pre and post development hydrological processes, and can assess BMP effectiveness (Yao 

et al., 2016).  However, there are very few distributed models that explicitly include BMPs and 

evaluate their effectiveness at the urban watershed scale (Elliot and Trowsdale, 2007; Bosley, 

2008).  Some of the most common models that incorporate BMPs are MOUSE, MUSIC, SLAMM, 

HEC-HMS, and SWMM.  

Prior studies have found that model results are sensitive to the spatial resolution and spatial 

patterns, particularly of impervious areas and BMPs (Bhaduri et al., 2000; Khader, and Montalo, 

2008; Lee, and Heaney, 2003; Krebs et al., 2014, Bell et al., 2016).  This presents a challenge to 

lumped models that employ uniformly distributed land use parameters and points to the need for a 

more comprehensive evaluation of the runoff/run-on processes, interception, and infiltration 

capabilities of BMPs (Bosley, 2008; Miller et al., 2014; Bell et al., 2016).   Prior studies have also 

identified the need for reduction in model uncertainty (Elliot and Trowsdale, 2007; Bosley, 2008).  

Representing urban stormwater requires many different parameters and conceptually-based 

models frequently lump parameters together.  This approach simulates complex, distributed 

physical processes with effective parameters that are adjusted during calibration to match 

observations.  While calibrated, conceptually-based models have many advantages but it is not 

clear how transferrable these parameters and approaches are to nonstationary future conditions and 

this is one area where more robust physics-based models can provide insight (Maxwell, et al., 

2014, Bosely, 2008). 
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Distributed, physically based models may more accurately represent the built environment, 

and scale from high to low resolutions (Reyes et al 2014).  These models are applicable to a wide 

range of climate, apply green infrastructure practices with greater flexibility, can easily integrate 

GIS data, are more physically based and, counter intuitively, have fewer lumped parameters that 

need calibration (e.g. Maxwell and Condon, 2016).  However, these models need more input data 

and require substantially more computer resources than lumped models.  Despite the advantages, 

few studies have modeled BMPs at the watershed scale using integrated physically based models 

at a high resolution (Lopez and Maxwell, 2016). 

This paper explores the impacts of distributed BMPs on stormwater runoff at the watershed 

scale using a distributed physics-based hydrology model at a hyper-resolution.  We evaluate BMP 

effectiveness across a range of storm intensity, for varying degrees of adoption, and spatial location 

to assist in BMP emplacement within watershed planning using an overall BMP efficiency.  The 

analysis uses the Army Corp of Engineers distributed physics based Gridded Surface Subsurface 

Hydrologic Analysis (GSSHA) model in a sub-watershed of Denver, Colorado at a 1-meter 

resolution.  We include the existing urban environment and explicitly add the spatial distribution 

of BMPs.  In this way, we include complex run-off, run-on relationships.    

2.2.1 Methodology 

We chose GSSHA, a physically-based, fully distributed-parameter, gridded hydrologic model 

for this study.  GSSHA represents lateral flow and infiltration processes within the watershed on 

a finite difference grid (Downer and Ogden, 2006).  GSSHA calculates infiltration, runoff and run-

on processes for each grid cell and then integrates the responses from all grid cells within the 

domain to produce the watershed response.  GSSHA applies a two-step explicit finite volume 

scheme to route overland flow.  GSSHA computes the flows based on heads, and updates the 
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volumes based on the computed flows, this allows GSSHA to route water through pits and 

depressions (Downer, 2002a; Downer et al., 2000), which is a key aspect in physically modeling 

distributed BMPs.   

In order evaluate the effectiveness of Green Infrastructure in a spatially heterogeneous, urban 

watershed we developed a conceptual approach to represent BMPs within the model.  We 

considered bioretention cells and rain gardens for a single storm event (neglecting 

evapotranspiration or under drains) and represented them as depression storage facilities with 

higher infiltration parameters for a designated depth (Elliot and Trowsdale, 2007; Grebel, et al., 

2013; Montalto and Lucas, 2011; Singh and Woolhiser, 2002).  We performed a review of the 

BMP Database (bmpdatabase.org), Urban Drainage and Flood Control District’s (UDFCD) criteria 

manual (UDFCD Vol. III, 2016), and the City and County of Denver Ultra Urban Green 

Infrastructure Guidelines (CCD, 2016) to determine the storage capacity and infiltration design 

parameters.  This analysis represented BMPs as simple street-side bioretention cells, or 

raingardens within private property, that capture, store and infiltrate water.  We describe BMP 

implementation in GSSHA in detail below.  We modeled each BMP with a retention function to 

represent the storage capacity, and modified soils to represent the infiltration capabilities.  In this 

simplified approach, each BMP discharges water either through infiltration to the sub-surface or 

overland once runoff exceeds the storage depth allowing excess water to spill out of the BMP to 

adjacent cells.  GSSHA uses a traditional Hortonian Green and Ampt approach for infiltration that 

is a simplification of Richards’ Equation (Hsu, Ni and Hung, 2002).   

GSSHA allows for individual cells to have unique parameters independent from adjacent cells.  

We recognize the significance of subsurface properties and that they are heterogeneous and 

uncertain.  However, to simplify subsurface complexities, we used the NRCS Soil Survey data to 
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determine the existing conditions soils (soils.usda.gov/survey).  The survey classifies the soils as 

Nunn (clay loam, clay) and defines them as Hydrologic Group C.  This hydrologic soil has low 

hydraulic conductivity (K) values, and is generally not conducive for infiltration.  Even though the 

sub-surface soils may be a limiting factor for long term infiltration capacities, for these proposed 

model simulations we determined to evaluate the full storage (surface and subsurface) capacity of 

the BMPs.  Therefore, we revised the subsurface soil parameter of designated BMPs to increase 

infiltration for a depth of 30.5 cm.  We chose a sandy loam soil to represent average soil conditions 

for distributed BMPs (UDFCD Vol III, 2016).  We provide the Nunn and sandy loam soil 

parameters in Table I.  To simulate the capture and storage capabilities of simplified BMPs, we 

used a retention function.  The retention function stores a specified depth of water on specific cells.  

(Downer and Ogden, 2006; Downer et al., 2008).  We determined the depth of storage based on 

local guidelines for bioretention cells (see Table I).   

2.2.2 Model Parameters and Simulation Scenarios 

The study site chosen for this analysis was a neighborhood within the Berkley Lake watershed 

in Denver Colorado (Figure 1).  The Berkley Lake neighborhood is currently a fully developed, 

mixed use residential and commercial watershed that is in a transition phase in which larger homes 

are replacing smaller homes.  The larger homes encompass the entire lot and results in a reduction 

of green space (CCD, 2013).  The challenge the City of Denver faces is that the current storm 

water infrastructure is undersized or non-existent and will not be able to sustain the anticipated 

growth and modifications to the watershed.  This is a challenge faced by many, and they are 

looking at resilient options to mitigate these trends and impacts to the water quantity and quality 

of the watershed (Barbosa, Fernandes, and David, 2012; Burns et. al., 2012).   
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For this study, we modeled a neighborhood subset area in the upper portion of the watershed.  

We chose this watershed for multiple reasons.  First the area consists of a mix of residential, open 

spaces, and commercial development, and is consistent with many neighborhoods in the Denver 

metro area and emblematic of semi-arid, urban regions in general.  Second the area is at the 

upstream end of the watershed.  We chose this for two reasons: 1) there are no stormwater surface 

inflows, or storm drain inflows, simplifying the modeling to focus only on the effect of BMPs; 2) 

there are only two existing storm drain mains and they are outside of the modeled domain, making 

distributed BMPs an important stormwater management strategy for this basin.  Since the intent 

of this analysis is to evaluate the impact of distributed BMPs on urban hydrology, and to evaluate 

resilient alternatives separate from existing infrastructure, we did not model storm drain 

infrastructure as part of this analysis.   

We modeled the 26.14-hectare sub-watershed- at a 1-meter resolution resulting in 261,422 

model cells.  We assigned elevation data and surface roughness values to each cell based on City 

and County of Denver (CCD) LiDAR data with a native resolution less than 1 meter, and the cities’ 

impervious surface GIS layer. We assigned roughness values based on recommended values both 

in literature and in a calibration study performed in the Denver Metro region for GSSHA, see Table 

I (Engman, 1986; McCuen et al, 1996 and 2002).  A soil infiltration parameter was chosen for 

pervious cells, based on the NRCS soil survey data and the recommended integrated model 

calibration performed for the Denver Metro region, see below under model calibration.  

The model simulates total storm runoff, infiltration and storage under different storm events 

and distributed BMP configurations.  Five different synthetic storms represent the higher 

frequency to lower frequency (2, 5, 10, 50 and 100 year).  We assumed each simulated event to be 

under dry antecedent moisture conditions based upon the soil type and as a single event.  We chose 
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storm events based upon the Urban Drainage and Flood Control District’s criteria for rainfall in 

the Denver metro area (UDFCD Vol. 1, 2016).  The rainfall totals for each 2-hour storm event was 

2-Yr: 27.92 mm, 5-Yr: 39.38 mm, 10-Yr: 45.55 mm, 50-Yr: 66.07 mm, and 100-Yr: 75.46 mm.   

To evaluate the effectiveness of distributed BMPs within the sub-watershed, we performed a 

spatial analysis to replace under-utilized pervious areas with distributed BMPs.  The analysis 

consisted of converting 15-50% of pervious areas to either rain gardens or bioretention cells.  This 

process entailed identifying under-utilized pervious areas within the basin, and converting those 

cells into BMPs.  We identified under-utilized pervious areas as existing pervious areas whose 

main function was aesthetics, i.e. landscape strips along streets.  We used engineering judgement 

to determine these areas based upon visual inspection of the sub-watershed and recommendations 

by local authorities (CCD, 2016; UDFCD Vol. 3, 2016).  The first area identified as under-utilized 

was between the back of curb and the existing sidewalk.  This area was typically 2 meters wide 

and ran the length of the roadways.  We converted each 1-meter cell within the street scape buffer 

area to a linear BMP.  The second area converted to BMPs was an expansion of the street side 

BMPs into front yards (~2 m).  To complete the analysis rain gardens were added to the rear yards 

and existing open spaces (Figure 2a and Figure 2b).  

After completing the spatial location analysis, we converted each model cell to represent a 

simplified bioretention cell (Elliot and Trowsdale, 2007).  We assigned storage values to each cell 

based on CCD Ultra Urban Green Infrastructure Guidelines (CCD, 2016), and then we adjusted 

the infiltration parameters as necessary.  We considered four configurations: (1) converted 15% of 

under-utilized pervious areas to BMPs (streetscapes); (2) converted 25% of under-utilized pervious 

areas to BMPs (front yard areas); (3) converted 35% of under-utilized pervious areas to BMPs 

(rear yard areas); (4) converted 50% of under-utilized pervious areas to BMPs (open spaces).  It 
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should be noted a large-scale conversion of pervious areas may not be feasible from both a 

financial cost as well as willingness by the public (McPherson, 1992).  These larger conversion 

configurations were to provide an upper range of data for the study.   

We evaluated each configuration as independent storm events under dry conditions for the five 

different design storms, for a total of 25 simulations.    Due to the use of a single storm simulation 

for a short duration (2-hour storm and 1-hour recession) we assumed evapotranspiration was 

negligible and therefore did not include it in these simulations. We evaluated change to runoff, 

infiltration and storage under the four configurations and compared to the existing conditions (base 

scenario).  Table I summarizes the parameters we used for the different model configurations and 

their sources. 

2.2.3 Model Calibration and Validation 

 The Berkley Lake watershed currently has no rain or stream gauges with which to calibrate the 

model. However, the use of regional parameters for similar surfaces based on high resolution 

calibrated models has been shown to be effective for ungauged watersheds (Krebs et al., 2013; 

Krebs et al., 2014). Therefore, to build confidence in parameter values used within the GSSHA 

model, we performed a regional calibration and validation analysis for the Denver Metro area.  The 

calibration used four basins for this analysis: Harvard Gulch, Lena Gulch, Weir Gulch, and Little 

Dry Creek.  These watersheds were applicable for this analysis because they have similar land uses 

and surfaces as the Berkley Lake watershed, and are representative of the Denver Metro region.  

These watersheds varied in size, however the grid size used was the same for all calibration efforts 

in the watersheds (4 m).  The use of a smaller grid size has been shown to be more consistent and 

accurate for smaller storm events, similar to this calibration (Molnar and Julien, 2000).  The 

calibration consisted of a literature review to determine initial model parameter estimates for 
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roughness, and infiltration (Engman, 1986; McCuen et al, 1996 and 2002).  The models used these 

values as a baseline within each watershed.  We assigned infiltration and roughness values to each 

cell based on land use types, and soils.  The information was input into GSSHA for each watershed. 

We performed the calibration using Gauge Adjusted Radar Rainfall (GARR) for 10 different 

storms in the 4 different watersheds in the Denver metro area (Enginuity, 2016).  Parameters were 

manually adjusted within each basin as needed until reaching a 98% confidence interval, with a 

final root mean square error of 1.73. We validated the calibrated watersheds using a synthetic 100-

Yr storm event for the 4 different watersheds, and compared the results to the historical 100-Yr 

flooding events for the watersheds.  Figure 3a summarizes the results of the calibration and 

validation.  Also, we performed an analysis and review of the stream gauge hydrographs for each 

storm to validate that the modeled basins and parameters used produced similar discharge 

hydrograph shapes, and total volumes.  Figure 3b is an example of four storms and shows the 

model capability to reproduce the gauged hydrographs.  Similar to Krebs et al., 2014, we found 

that each independently calibrated watershed produced similar model parameters for similar 

surfaces, regardless of the watershed size.  The calibration process neglected conveyance systems 

as part of the analysis performed within each watershed.  While it has been shown that inclusion 

of smaller pipe networks (< 300mm) has minimal impact on the results, larger storm systems may 

or may not result in significant changes to surface parameters (Elliot et al., 2009; Krebs et al., 

2014).    

  The Berkley Lake neighborhood is consistent with the watersheds used in the GSSHA calibration 

analysis.  We transferred the values arrived at through the calibration analysis to the surfaces within 

the modeled sub-watershed for roughness and infiltration parameters (see Table I).   We set 

impervious areas to not infiltrate and pervious area to infiltrate consistent with recommendations 
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from the calibration analysis.  The values used were within the recommended values in the 

calibration analysis.    

2.3 Results and Discussion 

 The analysis simulated a range (15%, 25%, 35%, and 50%) of conversion configurations, a 

defined percentage of unused pervious area converted to BMPs.  Each configuration simulated a 

different rainfall scenario corresponding to return periods of 2, 5, 10, 50, and 100 years.  The 

results compare all the scenarios and configurations to the base case or “existing conditions” 

configuration with no BMP emplacement. In the following sections, we present the BMP urban 

flood reduction effectiveness for spatial location and percent of application under the different 

configurations and storm scenarios. 

2.3.1 Hydrologic performance of BMPs 

Figure 4 shows the hydrologic performance vs. the existing conditions (Peak Flow, Runoff 

Volume, Infiltration, and Floodplain Storage) for each configuration and rainfall scenario.  

Distributed BMPs reduced peak flows in the watershed for all configurations and rainfall 

scenarios.  Figure 4 (A) shows the percent reduction versus the existing conditions for each BMP 

configuration and simulated storm.  The results indicate that distributed BMPs have the largest 

impact on peak reduction for the smaller storm events, with a range of 25-41% reduction under 

the different configurations for the 2-Yr Storm.  This is consistent with previous research of 

individual BMPs or site specific BMPs that has indicated that they are more effective at peak 

reduction for the smaller storm events than the larger storm events (Chapman and Horner, 2010; 

Mentens et al., 2006; Qin et al., 2013; Palla and Gnecco, 2015).  Placement of additional BMPs 

has a nonlinear added benefit for the smaller, more frequent storms.  This varied from previous 

research which found hydrologic performance to be linearly related to increases in BMPs 
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(reductions in impervious surfaces) within a watershed (Gilroy and McCuen, 2009; Kleidorfer et 

al., 2014; Palla and Gnecco, 2015).   The results also show a diminished return for every 

configuration as the storm frequency and intensity increases, which leads to an increase in runoff 

volumes, this indicates that total runoff volume is more significant for the larger storms than peak 

runoff.     

Runoff Volume reductions were found to be consistent with similar studies and ranged from 

10-25% (Palla and Gnecco, 2015).   The percentage reduction is much less than peak flows, this 

indicates that distributed BMPs are more efficient at reducing peak flows than total volume for 

these simulations.  Similar to peak flows the relationship between the amount of BMPs and runoff 

volume reduction is non-linear, and these results vary from previous studies (Kleidorfer et al., 

2014; Palla and Gnecco, 2015).  The results also showed that there is a divergent pattern for the 

larger events from the peak flow reduction pattern, as the change between different recurrence 

intervals is much less and is leveling off or increasing for Configurations 2, 3 and 4.   

Surface storage volumes increased under the different recurrence intervals and modeled 

configurations.  The results indicate that there is a sharp increase in the storage capabilities of 

distributed BMPs as storm intensity increases.  The largest storage increases occurred with 

Configuration 4 (Figure 4 (D)).  Surface storage increased 292-1,146% for Configuration 4 under 

the different simulated storms.  The results indicate, similar to other studies, that the storage 

increase and reduction in runoff volumes provided by distributed BMPs may have a flood 

reduction capability and we review and discuss the results in more detail below (McMahon and 

Adeloye, 2005; Sin et al., 2014; Liu, Chen and Peng, 2014). 

The results for this analysis showed that conversion of under-utilized pervious areas to BMPs 

increases infiltration volumes.  Figure 4 (C) presents increases in infiltration volumes, for the 
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different recurrence intervals.  The results indicate that infiltration increases as storm intensity 

increases and levels off during less intense storms.  This is due to the amount of available storm 

runoff volume.  Hydraulic conductivity, soil saturation, time, available water, and spatial 

distribution of BMPs limits infiltration.  Model simulation time and available water constrain the 

smaller storm events.  During larger storm events, BMPs capture and infiltrate more runoff, as 

there is a greater pressure head available to help drive more infiltration under the same simulation 

time.  But it would be expected that similar to the smaller storm event, infiltration would level off 

due to the constraints listed above.  However, we see a consistent increase in infiltration volume 

which indicates that the larger storm events result in better utilization for the higher percentage of 

distributed BMP emplacement than the smaller storm events. 

2.3.2 Location Analysis of Distributed BMPs  

Studies have shown that the level of spatial resolution incorporated into lumped parameter 

models used to model green infrastructure can influence model predictions, and may be missing 

important information about the spatial arrangement of urban surfaces and BMPs (Bhaduri et al., 

2000; Lee and Heaney, 2003; and Khader and Montalto, 2008; Yao et al., 2016; Bell et al., 2016).  

To evaluate the significance of spatial resolution, spatial patterns and the distribution of BMPs, we 

performed a location analysis.  The analysis consisted of evaluating the individual effectiveness of 

each BMP, to determine why individual BMP performance varied, and to evaluate different BMP 

placement patterns within the watershed.  The results identified more effective BMP placement. 

The individual effectiveness of each BMP was determined by normalizing each BMP based 

on the depth of stored water versus the storm depth.  This approach analyzed the impacts of both 

the spatial location and distribution of BMPs for every configuration and storm simulation.  Figure 

5 shows the metric for the 2-Yr and 100-Yr 15% BMP configuration. The results shown in Figure 
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5 indicate the importance of spatial location and the physics of overland flow from varying surfaces 

(Bosley, 2008; Bell et al., 2016; Yao et al., 2016).  For example, BMPs placed on the south side 

of the streets have a higher rated effectiveness than those placed on the north side.  We concluded 

that this was due to two factors: spatial location based on the topography, and available runoff 

volume.   

Palla, and Gnecco (2015), and Qin et al. (2013) previously identified that rainfall volume limits 

BMPs performance.  However, their analysis did not evaluate BMP performance based on rainfall 

volume, distribution amount, and spatial location.  A review of individual BMP effectiveness as 

shown in Figure 5 indicates that for smaller storm events spatial location plays a much more 

significant factor in BMP performance than for larger storm events.  During a smaller storm event, 

BMPs placed on the south side of the street had much higher effectiveness values, than those 

placed on the north side of the street (Figure 5 (A)).  This was due to the topography of the basin, 

which slopes from south to north.  Therefore, BMPs placed on the south side of the street 

intercepted more runoff than those on the north side of the street resulting in the higher BMP 

effectiveness values.  Under the smaller storm events, we determined that BMPs placed on the 

north side of the street were under-utilized or unnecessary based on their BMP effectiveness value 

(< 0.1).  Based on these results for small storm events, it appears that the spatial location of BMPs 

along critical flow paths is more significant than the number of BMPs placed within the watershed.  

Gilroy and McCuen (2009) found similar results in their analysis of individual sites modeled at a 

high resolution.  During larger storms (Figure 5(B)), such as the 100-Yr event, there is an increase 

in individual BMP effectiveness values versus the smaller storms, especially on the north side of 

the streets. During larger storm events, BMPs intercept more available runoff, indicating that the 

volume of BMPs placed within the watershed is more significant than the spatial location.   The 
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results indicate the importance of considering the frequency and intensity of the storm event, to 

determine whether spatial location or the amount of BMPs is more important for effective 

implementation within a watershed.   

In addition to individual BMP effectiveness, we computed an overall BMP effectiveness ratio 

for each simulation.  The overall BMP effectiveness value was determined by summing all the 

individual BMP effective values (flood depth versus storm depth) multiplied by the individual cell 

size (1m) and dividing by the total area of BMPs in the sub-watershed for each simulation.   Figure 

6 shows the results of this analysis.  The analysis indicates that as the storm intensity increases the 

overall BMP effectiveness increases, and is consistent with previous studies (Palla and Gnecco, 

2015; Qin et al., 2013).  As previously discussed, this is most likely due to the increase in available 

runoff resulting in better utilization of distributed BMPs.  Spatial location appears to have a 

significant impact as we see declines in the overall BMP effectiveness as we increase the area of 

BMPs from 15%-50%, and is consistent with Gilroy and McCuen (2009).  The results indicate that 

an initial spatial location and distribution of 15% BMP placement along the street sides are the 

most efficient, and that additional BMPs while providing some overall value are resulting in lower 

marginal efficiencies.   

To evaluate whether placement of BMPs along the street sides are the most efficient, we 

performed a spatial location comparison.  The analysis consisted of comparing between BMP 

placement along the street sides and placement within backyards.  The analysis consisted of 

comparing the same percentage of converted area to BMPs within the watershed (~5% of study 

area), using the same BMP types and parameters (bioretention cells), while changing the spatial 

location and pattern of BMPs.  Figure 7 shows the spatial location and patterns of the two options 

considered.  The results are shown in Table 2, and indicate the importance the sub-watershed 
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characteristics and spatial patterns of variable land types has on BMP efficiency (Krebs et al., 

2014; Bell et al., 2016; Bosley, 2008; Yao et al., 2015).  The analysis confirms that placement of 

distributed BMPs along preferential flow paths (street side) is more effective.  This indicates that 

a blanket approach to distributed BMPs is less effective, and a more comprehensive plan including 

spatial sensitivities will most likely result in better BMP efficiencies. 

2.3.3 Application - Urban Flooding 

 The results discussed above present important information for planners, and cities to consider 

when implementing distributed BMPs in a watershed.    One example is mitigating the impacts 

caused by urbanization on urban flooding.  Urban flooding presents challenges for planners as it 

endangers life, private property and public infrastructure.  It is also costly to upsize existing 

infrastructure for the larger storms, to mitigate flood damage.  And the impacts of climate change 

may only intensify urban flooding risk due to more frequent weather extremes (Foster et al., 2011; 

Villarreal et al., 2004). 

McMahon and Adeloy (2005) identified that the distribution of storage facilities can influence 

the overall efficiency of the system for flood control.  The results presented indicate that BMPs 

reduced runoff volumes most effectively under configuration 4, and increased storage significantly 

under the larger storm events (Figure 4B and Figure 4D).  Similar to previous studies (Liu et al., 

2014), our results indicate that distributed BMPs will allow for localized storage that could reduce 

urban flooding.  A review of the percent decrease in runoff volume in Figure 4B indicated that the 

smaller storm events see diminished returns with an increase in the amount of BMPs, while the 

largest storm event saw an increase in returns.  We plotted the marginal changes in Storage 

Volumes and Runoff Volumes in Figure 8.  This figure shows similar patterns of marginal changes 

for volume reduction and floodplain storage under each storm event.  However, instead of a linear 
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decline in performance as storm intensity increases (Liu et al., 2014), the results indicate the 

marginal change is non-linear, initially declines and then increases as the amount of BMPs 

increases. We reviewed the sharp diminished return between 15% and 25% conversion of under-

utilized pervious areas to BMPs.  We hypothesize that this decline is due to the spatial location of 

BMPs.    As previously described, we placed BMP within the model first by converting under-

utilized pervious areas along streetscapes and then expanding into front yards.  This expansion 

accounts for the 15%-25% conversion to BMPs.  The marginal analysis indicates that the expanded 

BMP footprints had a decreased marginal response to runoff, when compared to the initial 

placement of BMPs.  This indicates that simply increasing the available interception and storage 

capacity of BMPs is less effective than proper placement, and is similar to the results observed by 

Gilroy and McCuen (2009).  They found that doubling the available volume had minimal returns 

versus proper placement within the watershed.   

To better understand what reductions in volumes and increases in storage represent in the 

watershed, we created and reviewed flood depth difference maps.  Figure 9 shows the difference 

in flood depths between the Existing conditions model and the 2-Yr and 100-Yr storms for 

Condition 2.  The results identify areas that decreased in flood depths and areas that increased in 

flood depths.  For both maps, distributed BMPs reduced flood depths at the basin outfall, with the 

larger reduction shown during the 100-Yr event.  The maps also show consistency in flood depths 

increasing at BMP placement along the roadways, and reductions through private property. The 

results indicate BMPs decrease flood depths along critical flow paths (paths that would result in 

impacts to private property) more effectively by distributed BMPs during the larger storm event 

versus the smaller storm event.  The results indicate that for smaller storm events, which have 

significantly less runoff, that the distributed BMPs are less effective at maximizing storage than 
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for the larger storm events.  This is consistent with the location analysis that highlighted the 

importance of flow paths.  The analysis highlights that the location of distributed BMPs is more 

significant for smaller storm events in which distributed BMPs intercept and store less runoff 

volume than for larger storm events in which there are more flow paths available for interception 

and storage.   

The results present planners with information that distributed BMPs provide retention for the 

watershed and reduce runoff volumes and flood impacts.  It identifies that planners should consider 

location when they consider implementation of distributed BMPs, as these simulations indicated 

that a simple expansion of facilities resulted in diminished returns.  The results also identified that 

15% conversion of under-utilized pervious areas provided the greatest value, especially when 

placed along the street-sides.  The results also indicated that distributed BMPs are more effective 

at flood depth reduction, increased surface storage and increased infiltration volumes for larger 

storms than for smaller storms.  

 

2.4 Conclusions 

In this work, we studied the effects of converted under-utilized pervious areas to BMPs using 

a high-resolution, distributed hydrologic model. We found that BMP emplacement resulted in a 

reduction of the peak and total flows that was not uniformly or linearly related to storm intensity 

and duration.  BMP reduced peak flows more effectively for frequent storms of smaller magnitude 

than for in-frequent storms of larger magnitude, a finding consistent with previously published 

studies (Chapman and Horner, 2010; Mentens et al., 2006; Qin et al., 2013).  The results indicate 

that spatial location has a significant impact on distributed BMP effectiveness, especially for the 

smaller storm events where lower runoff volumes and fewer flow paths are intercepted by BMPs.  
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Individual BMP effectiveness ratios indicate that as storm intensities increase distributed BMP 

effectiveness ratios increase, further highlighting the importance of spatial distribution of green 

infrastructure. Effectiveness ratios for individual BMPs also decreased as the amount of total green 

infrastructure increased.     

Understanding how the spatial configuration of BMPs affects efficiency provides decision 

makers with an additional tool for a more comprehensive approach to stormwater design 

(McCutcheon et al., 2012).  Our results suggest, that if the goal is to reduce peak flows for smaller 

storm events and maximize floodplain storage for flood protection, BMPs placed street side 

provide more reduction than those in front and back yards.  The results highlight that cities can 

incorporate distributed BMPs in multiple ways to help achieve a resilient and comprehensive 

watershed plan.  We limited the results of this analysis to a single storm event, and assumed dry 

antecedent soil moisture conditions.  Continuous rainfall simulation is recommended for 

evaluating BMP performance in the literature (Elliot and Trowsdale, 2007; Bosley, 2008).  

Although GSSHA is capable of continuous rainfall simulation, computational expense and 

computing capabilities limited these model simulations.  Running long term continuous 

simulations was not a capability of the computers used.  Future work should evaluate BMP 

performance using continuous simulation of multiple storms under varying soil moisture 

conditions.  Additionally, distributed integrated models can be used to evaluate BMP 

parameterization in lumped models.  As part of this intercomparison, BMP performance metrics 

might be applied within lumped parameter models to improve their performance and reduce model 

uncertainty.  



36 
 

2.5 Acknowledgments 

Support for this work was funded by the U.S. National Science Foundation Engineering 

Research Center for Reinventing the Nation’s Urban Water Infrastructure (ReNUWIt) (Award 

No. EEC-1028968).  The authors are grateful to Dr. Gerald Blackler for his work on the regional 

calibration of GSSHA, Jeffrey Sickles, Donald Jacobs, Ken MacKenzie, Dr. Mike Nicholas, and 

Enginuity Engineering Solutions for their consultation and assistance. 

 



37 
 

2.6 Figures and Tables 

 

Figure 2.1: The Berkley Lake Watershed (outlined in red and black) with the neighborhood study 
area shaded in red.  Aerial photography is from 2012.  The figure inset is the state of Colorado, 
United States, with the study area located within the City and County of Denver, Colorado 
shown as a red dot. 
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Figure 2.2a: Study area within the Berkley Lake Watershed, 26.14 Hectares.  Green areas 
indicate conversion of an under-utilized pervious area to a Bioretention BMP. (a) 15% 
conversion of the under-utilized pervious areas to BMPs. (b) 50% conversion of the under-
utilized pervious areas to BMPs. Watershed outlet is identified as a red marker. 
 

 

Figure 2.2b: Shows a zoomed in view of Figure 2a with 1 meter cells defined. (a) Represents a 
15% implementation of BMPs. (b) Represents a 50% implementation of BMPs. Spatial 
distribution of impervious, pervious and BMP areas are explicitly defined. 
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Figure 2.3a: GSSHA Denver Metro Regional Calibration Results. GSSHA capability to 
reproduce stream gauge Peak Flows for 4 different watersheds within the Denver region using 
GARR rainfall events (Blackler, 2016). 
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Figure 2.3b: GSSHA Denver Metro Regional Calibration Results. GSSHA capability to 
reproduce stream gauge Hydrographs in 4 different watersheds for 4 different rainfall events 
within the Denver region using GARR rainfall (Blackler, 2016). 
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Figure 2.4: Percent Change versus Existing Conditions for Peak Flows (A), Runoff Volumes (B), 
Infiltration (C), and Storage (D). Peak Flow reductions are greatest for the smaller storm events 
and all configurations have a similar diminishing return pattern. Runoff volume percent of 
reduction are consistent for the different recurrence intervals, and decreases and then increases 
again for the 100-Yr event. Infiltration is consistent with more infiltration occurring under the 
larger storm events.  We see a consistent increase in floodplain storage as the amount of BMPs 
increases and as the storm intensity increases. 
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Figure 2.5: BMP Effectiveness for Configuration 1 under the 2-Yr Storm event (A), and the 100-
Yr Storm Event (B).  BMP Effectiveness are shown in gradients green-yellow-orange-red, with 
green signifying the most efficient BMPs. Overall BMP Effectiveness for Configuration 1 
increased from 27.6% for the 2-Yr event to 45.8% for the 100-Yr event.  BMP Effectiveness 
exhibit indicates significance of spatial location and distribution when considering BMP 
implementation at larger scales. 
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Figure 2.6: Simulation BMP Effective Ratios for all configurations and simulations. Overall 
BMP Effective values increased as storm intensity increased, but varied between configurations.  
This indicates the importance of spatial location and flow paths for BMP efficiency. Results also 
indicate the marginal impact of increasing the amount of BMPs within the watershed. 
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Figure 2.7: Spatial comparison analysis of street side BMPs versus raingardens.  Green areas 
indicate conversion of under-utilized pervious area to bioretention BMPs or raingardens.  (A) 
Represents ~5% conversion of study area to street side BMPs. (B) Represents ~5% conversion of 
study area to raingardens. 
 
 
 

 
Figure 2.8: Marginal changes in simulation results for 2-Yr and 100-Yr storm events for all 
configurations. (a) is the marginal reduction in total runoff volume. (b) is the marginal increase 
in surface storage. 
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Figure 2.9: Flood Depth Comparison Maps for 2-Yr (A) and 100-Yr (B) events for Configuration 
2.  Maximum flood depths were comparison between Existing conditions and Configuration 2. 
Green represents reductions in flood depths and orange represents increases in flood depths.  
Flood depths decrease along flow paths and increase along areas of BMPs. 
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Table 2.1 Parameter Values Used in Configurations 
       

Neighborhood Subset 
Characteristics   Value   Units   Source 

Total Area  261,422  m2  City and County of Denver GIS  
Impervious Areas  137,427  m2  (2014) 
Pervious Areas  123,995  m2   
       

Surface Roughness 
Values             

Impervious Areas  0.015    Engman (1986);  
Pervious Areas  0.04    McCuen et al (1996 and 2002) 
       

Soil Properties             
Hydraulic Conductivity  0.60  cm/hr  Engman (1986); McCuen et al  
Capillary Head  32  cm  (1996 and 2002); Rawls and  
Porosity  0.4  cm3/cm3  Brakensiek (1983 and 1985); 
Residual Saturation  0.165  cm3/cm3  NRCS Soil Survey Data 
Field Capacity  0.09  cm3/cm3  (soils.usda.gov/survey) 
Wilting Point   0.4  cm3/cm3   
Initial Moisture  0.27  %   
       

BMP Characteristics             
Surface Storage Depth  304.8  mm  UDFCD Vol. III (2016) 

      
City and County of Denver GI 
Manual (2016) 

Soil Properties       
Hydraulic Conductivity  1.09  cm/hr  UDFCD Vol. III (2016) 
Capillary Head  11.01  cm   
Porosity  0.412  cm3/cm3   
Residual Saturation  0.041  cm3/cm3   
Field Capacity  0.207  cm3/cm3   
Wilting Point   0.095  cm3/cm3   
Initial Moisture  0.358  %   
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Table 2.2 Spatial comparison between Streetside BMPs and Rain Gardens 

     
 Hydrologic Performance  BMP Placement (15%) 

     Streetside Rain Gardens 

 Rainfall event (2-yr)    
 Peak Flow Reduction 25.00% 16.42% 

 Runoff Volume Reduction 15.50% 6.92% 

 Infiltration Increase 4.86% 3.00% 

 Floodplain Storage Increase 201.96% 76.99% 

     
 Rainfall event (5-yr)    
 Peak Flow Reduction 15.74% 9.14% 

 Runoff Volume Reduction 12.67% 6.09% 

 Infiltration Increase 5.24% 3.84% 

 Floodplain Storage Increase 270.59% 108.69% 

     
 Rainfall event (10-yr)    
 Peak Flow Reduction 13.79% 6.78% 

 Runoff Volume Reduction 11.69% 5.76% 

 Infiltration Increase 5.24% 4.06% 

 Floodplain Storage Increase 303.86% 123.69% 

     
 Rainfall event (50-yr)    
 Peak Flow Reduction 5.53% 3.20% 

 Runoff Volume Reduction 9.83% 5.18% 

 Infiltration Increase 5.05% 3.84% 

 Floodplain Storage Increase 458.09% 219.93% 

     
 Rainfall event (100-yr)    
 Peak Flow Reduction 9.41% 3.01% 

 Runoff Volume Reduction 9.28% 5.03% 

 Infiltration Increase 5.17% 3.97% 

 Floodplain Storage Increase 526.62% 265.04% 
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CHAPTER 3 

INTERCOMPARISON OF PHYSICS-BASED DISTRIBUTED AND CONCEPTUALLY-

BASED HYDROLOGIC MODELS FOR URBAN SYSTEMS 

Modified from an article that is in preparation for submission to Hydrologic Processes 

Timothy J Fry1,2, Reed Maxwell1,3 

3.1  Abstract 

 Stormwater represents a complex and dynamic component of the urban water cycle. 

Hydrologic models have been used to study pre and post development hydrology, including 

green infrastructure.  However, many of these models are applied in urban environments with 

very little formal verification and/or benchmarking. Here we present the results of an 

intercomparison study between three physics-based distributed models (ParFlow, GSSHA, and 

FLO-2D) and one conceptually based parameter model (EPASWMM) based on a series of 

benchmark problems.  The distributed models scale to higher resolutions, allow for rainfall to be 

spatially and temporally input, and solve the shallow water equations.  The conceptual model 

also scales to different resolutions, applies rainfall spatially and temporally, but uses a non-linear 

reservoir method to determine runoff rates and volumes.  Each model accounts for infiltration, 

initial abstraction losses, and solves the coupled equations in a different way.  We performed 

benchmark test cases to evaluate and understand key parameters within each model.   The results 

show similarities between the models for the standard cases for simple overland flow and 1-D 

infiltration.  But as the domain increased in complexity the lumped model diverges from the 

distributed models.  This indicates differences in how the models represent the physical 
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processes and numerical solution approaches used between each.  A new case study is developed 

from an urban watershed that tests the representation of green infrastructure in a lumped model 

and an integrated model. Results from this case study show the lumped model is able to represent 

green infrastructure for small storm events at lower implementation levels. However as both 

storm intensity and amount of green infrastructure implementation increases the lumped model 

diverges from the distributed model and over predicts green infrastructure impacts.  We discuss 

and evaluate parameters, and a process to incorporate the distributed model results within the 

lumped model to improve performance.  The intercomparison identified key model parameters 

and processes in urban hydrology useful for assessing green infrastructure in urban 

environments, and building confidence in their use for communities.   

3.2 Introduction  

 Urbanization presents challenging water resource problems for communities’ worldwide.  

Urbanization has led to land use changes resulting in hydromodifications to the land surfaces 

(Barbosa et al., 2012; Burns et al., 2012).  Due to these impacts, urban hydrology is increasingly 

becoming integrated and interdisciplinary, and there are a growing number of hydrologic models 

being used to address these challenges.  Many of these models are capable of simulating 

integrated surface and subsurface flow with the aim of representing the relevant physical 

processes that influence the hydrologic response at varying scales (Krebs et al., 2014, Maxwell et 

al., 2014, Reyes et al., 2014, Bell et al., 2016). 

A challenge when evaluating physically based coupled models capabilities and accuracy is 

the lack of published analytical solutions (Parlange et al., 1981), and known coupled surface-

subsurface analytical solutions.  There are two options to evaluate model performance: 

1. Compare solutions to observations.   
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2. Compare simulations using benchmark cases and compare results to other published 

solutions (Panday and Huyakorn, 2004; Kollet and Maxwell, 2006; Shen and 

Phanikumar, 2010; Sulis et al., 2010; Sebben et al., 2013; Maxwell et al., 2014; Kollet et 

al 2017).  

The challenge with the first option is that conceptually based models are typically calibrated to 

observations, making exposure of their internal states challenging.  Previous studies found model 

results are sensitive to both spatial resolution and spatial patterns (Bhaduri et al., 2000; Khader, 

and Montalo, 2008; Lee, and Heaney, 2003; Krebs et al., 2014, Bell et al., 2016).  In addition, 

previous studies have also identified the need to reduce model uncertainty (Elliot and Trowsdale, 

2007).  Even though models are calibrated to observations, it is not clear how transferrable these 

parameters and approaches are to nonstationary future conditions (Maxwell, et al., 2014; Bosley, 

2008).  The second option requires accepted and established standard procedures and benchmark 

test cases.   

 There have been several successful intercomparison exercises in the field of hydrology, such 

as the Project for Intercomparison of Land-Surface Parameterization Schemes (PILPS) (e.g., 

Henderson-Sellers et al., 1995; Yang et al., 1995; Chen et al., 1997; Qu et al., 1998; Liang et al., 

1998, Luo et al., 2003), the Distributed Model Intercomparison Project (DMIP) (e.g. Reed et al., 

2004; Smith et al., 2004), and Intercomparison for Integrated Hydrologic Models (IH-MIP) 

(Maxwell et al., 2014; Kollet et al 2017). 

 In this paper, we present the results of an intercomparison performed for integrated and 

lumped urban hydrologic models.  Three of the idealized benchmark test cases presented in 

Maxwell et al., 2014, were used and a new, urban one developed here.  These test cases 

emphasize the role of various model components and their interactions.  The benchmark cases 
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compare the flow components of two new integrated hydrologic models (FLO-2D, and GSSHA), 

and one standard integrated model (ParFlow).  We also include one distributed lumped model 

(EPASWMM).  This study extends the work of Sulis et al. (2010), and Maxwell et al. (2014).  

The guiding principle of this work is similar to those previous studies in which different 

integrated hydrologic models perform standardized benchmark problems to gain an increased 

understanding of the representation of coupled hydrologic processes (Maxwell et al., 2014; 

Kollet et al 2017).  The intercomparison starts with the simple benchmark cases for all the 

models.  Since there is no known solution to these cases, we discuss differences in the results.  

We present a new case study between a fully coupled integrated model (GSSHA) and a 

distributed lumped model (EPA-SWMM) within a real-world site in Denver, Colorado USA.  

This study evaluates each models capability to model green infrastructure within an existing 

urban watershed and the resulting impacts to water quantity.  As with the benchmark test cases, 

no known solution is available for this watershed and simulated implementation of green 

infrastructure.  We compare and discuss the results.  Finally, we present a methodology based on 

the work performed by Fry and Maxwell (in review) to incorporate integrated model results into 

the lumped model parameters to improve performance and accuracy when compared to the 

integrated model.  We discuss and compare the results to provide better understanding and 

confidence in the use of both integrated and lumped hydrologic models to represent green 

infrastructure in urban environments. 

3.3 Description of Models 

3.3.1 ParFlow 

ParFlow (Parallel Flow) is an integrated parallel watershed model that solves the mixed form 

of the variably saturated Richards Equation in three dimensions, and uses a fully coupled 
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approach to resolve the surface-subsurface interactions.  The governing equations for the model 

are the three-dimensional (3D) Richards equation and the kinematic wave approximation of the 

Saint-Venant Equation for overland and channel flow: 

Richard’s Equation:  

�(�)�s

���� − �(�(�)�(�)�)�� − ∇ ∙ ��(�)�(�)(∇� − �(�)�)� = � 

Continuity and Momentum Equations (2-D):  ��s�� = ∇ ∙ (��s) + �r(�) 

�f = �0 

For Richard’s Equation � is the pressure head of water [L], S is the water saturation, Ss is the 

specific storage coefficient, φ is the porosity, � (�) is the hydraulic conductivity, and � is the 

water source [1/T].  For continuity and momentum, v is the depth averaged velocity, �s is the 

surface ponding depth, and �r is inflow rate [L/T].  S0 is the bed slope, and Sf is the friction slope 

(Maxwell et al., 2009). 

A free-surface overland flow boundary condition represents overland flow and groundwater-

surface water interactions, that routes ponded water using the kinematic wave equation using a 

continuity of pressures and fluxes across the land surface (Kollet and Maxwell, 2006; Sulis et al., 

2010).  ParFlow solves the 3D Richards equation using a cell-centered finite difference scheme 

with harmonic averages of the saturated hydraulic conductivity and a one-point upstream 

weighting of the relative permeability function.  The model employs an implicit backward Euler 

scheme for the discretization in time of Richards’ equation.  ParFlow solves the discrete equation 

by a Newton-Krylov nonlinear solver (Asby and Falgout, 1996; Jones and Woodward, 2001).  

The kinematic wave Eqs. (3) and (4) are discretized in space with an upwind finite volume 

scheme and in time with an implicit backward Euler method.  Two types of boundary conditions 
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solve the surface flow equation:  the gradient and critical depth outlet conditions, consisting 

respectively in a prescribed flux and water depth condition (Sulis et al., 2010).  The solver in 

ParFlow allows for excellent parallel scaling and allows simulation of large-scale, highly 

variable problems (Kollet and Maxwell, 2006; Kollet et al., 2010; Maxwell, 2013).  ParFlow has 

been coupled to the Common Land Model (CLM) (Maxwell and Miller, 2005; Kollet and 

Maxwell, 2008b), to the Advanced Regional Prediction System (ARPS) (Maxwell et al., 2007), 

and the Weather Research and Forecasting System (WRF) (Maxwell et al., 2011). 

3.3.2 FLO-2D 

FLO-2D is a physical process model that routes rainfall-runoff and flood hydrographs over 

unconfined flow surfaces or in channels using the dynamic wave approximation to the 

momentum equation.  FLO-2D is a volume conservation model.   FLO-2D routes surface water 

in two dimensions through an integration of the equations of motion and the conservation of 

volume on a structured grid (Woolhiser, 1975; Ponce and Theurer, 1982; O’Brien et al., 1993; 

O’Brien, 2015).  The following equations govern FLO-2D:  

Continuity Equation : �ℎ�� +  
�ℎ��� = � 

Dynamic Wave Momentum Equation (1-D):  

�f = �0 − �ℎ�� − �� − ���� −  
1� ����  

where h is the flow depth [L], V is the depth-averaged velocity [L/T] in one of eight directions, 

S0 is the bed slope [L/L], and i is the excess rainfall intensity [L/T] (O’Brien, 2015). 

The FLO-2D model solves the differential form of the continuity and momentum 

equations with a central, finite difference numerical scheme. This explicit algorithm solves the 

momentum equation for the flow velocity across the grid element boundary one element at a 
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time using the second order Newton-Raphson tangent method to determine the roots of the full 

dynamic wave equation (James, et. al., 1977).  FLO-2D computes friction slope (Sf) using 

Manning’s equation.  The Green-Ampt (1911) equation computes infiltration losses in the model.  

A derivation of the Green-Ampt infiltration modeling procedure can be found in Fullerton 

(1983).  The Green-Ampt equation is based on the following assumptions:  

• Air displacement from the soil has a negligible effect on the infiltration process;  

• Infiltration is a vertical process represented by a distinct piston wetting front;  

• Soil compaction due to raindrop impact is insignificant;  

• FLO-2D neglects the hysteresis effects of the saturation and desaturation process;  

• Flow depth has limited effect on the infiltration processes.  

 FLO-2D has several components to simulate street flow, buildings and obstructions, sediment 

transport, spatially variable rainfall and infiltration, floodways and many other flooding details 

(O’Brien, 2015).   

3.3.3 GSSHA 

Gridded Surface Subsurface Hydrologic Analysis (GSSHA) is a physically-based, 

distributed-parameter, structured grid, hydrologic model that simulates the hydrologic response 

of a watershed subject to given hydro meteorological inputs.  GSSHA uses a uniform finite 

difference grid to divide the watershed.  Processes that occur before, during and after a rainfall 

event are calculated for each grid cell and then the responses from individual grid cells are 

integrated to produce the watershed response.  The governing equations for GSSHA are: 

Manning’s Equation (2-D): 

� =
1� ��2 3� �f

1 2�  

Diffusive Wave Equation (2-D): 
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�f = �0 − ∆�∆� 

Where n is a roughness coefficient, A is the area [L2], R is the hydraulic radius [L], and Sf is the 

friction slope [L/L].  S0 is the land surface slope [L/L] and � is the surface depth [L](Ogden and 

Downer,2006). 

GSSHA uses a two-step explicit finite volume scheme to route 2-D overland flow.  GSSHA 

computes overland flows based on flow depths (heads) and updates volumes based on the 

computed flows.   The algorithms used in GSSHA are simple when compared with more 

sophisticated implicit finite difference and finite element schemes. GSSHA calculates the friction 

slope between one grid cell and its neighbors as the difference in water surface elevations 

divided by the grid size. Unlike the kinematic wave approach, this diffusive wave approach 

allows GSSHA to route water through pits or depressions.  Like FLO-2D, GSSHA uses 

Manning’s Equation to relate flow depth to discharge (Downer, 2002; Downer et al., 2002a).  

Infiltration options in GSSHA include 1-D Richard’s Equation, Green and Ampt, multi-layer 

Green and Ampt, and Green and Ampt with Redistribution (GAR).   For this analysis infiltration 

is simulated using the traditional Hortonian Green and Ampt methods, which are simplifications 

of the Richards Equation in 1-D (Green and Ampt, 1911; Ogden & Saghafian, 1997; Downer and 

Ogden, 2003a).   

3.3.4 EPA-SWMM  

The EPA Storm Water Management Model (SWMM) is a dynamic rainfall-runoff simulation 

model that computes runoff quantity and quality from primarily urban areas.  SWMM is a 

nonlinear reservoir runoff model based on the continuity equation and momentum equations.   

Conservation of Mass: ���� = � − � − � − � 
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Manning’s Equation: 

� =
1.49� ��1 2� (� − �s)

5 3�  

Where i is the rate of rainfall [L/T], e is evaporation rate [L/T], f is the infiltration rate [L/T], and 

q is the runoff rate [L/T].  Manning’s equation is modified where W is the width through which 

runoff flows through the subcatchment area multiplied by the height (d – ds), and the hydraulic 

radius is related to the depth (d – ds) (Rossman, 2016). 

The runoff component of SWMM operates on a collection of subcatchment areas that receive 

precipitation and generate runoff.  SWMM treats each subcatchment area as a non-linear 

reservoir.  SWMM calculates surface runoff using a method of planes in which it applies a water 

balance equation over the subcatchment for each time step.  The subcatchment is broken down 

into pervious and impervious planes, based on the parameters input.  Each plane has inflows 

from precipitation, and upstream sub catchments, and outflows from infiltration, evaporation, 

and surface runoff.  SWMM determines the reservoir capacity with the depression storage 

parameter.  Overland flow occurs when runoff exceeds the depression storage, and SWMM 

calculates outflow using Manning’s Equation (Rossman, 2015; Rossman, 2016; Gironas et. al, 

2009).  Infiltration options in SWMM include Horton’s Eq., SCS-CN, and Green and Ampt.  To 

be consistent with FLO-2D and GSSHA, we chose to use the Green and Ampt method for 

infiltration. 

3.4 Benchmark Simulation Cases 

Numerical experiments represent an essential tool for model intercomparison, and in this 

study, simple experiments explore, as a first step, the similarities and differences between the 

four models.  The test cases involve simple geometries: a sloping plane and a tilted V-catchment 

(Gottardi and Venutelli, 1993; Panday and Huyanakorn, 2004; Kollet and Maxwell, 2006; 
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Kumar et al., 2009; Sulis et al., 2010) with minimal complexity in domain geometry and other 

features (topography, hydraulic and hydrogeologic properties, and atmospheric forcing), but with 

complex physical responses designed to thoroughly compare model behavior (Maxwell et al., 

2014). The simulation cases are:  Infiltration Excess, Tilted V-Catchment, and Slab.  We list a 

summary of all input parameters in Table 1 and provide a summary of each case below.   

3.4.1 Infiltration Excess 

The infiltration excess test case [Sulis et al Maxwell et al] generates runoff using a saturated 

hydraulic conductivity (Ks) that is much smaller than the rainfall intensity. The domain is a 

simple one-dimensional hillslope with a uniform soil depth of 5m and a no flow bottom 

boundary condition (Figure 3.1).  We applied a uniform rainfall of 3.3 x 10-4 m/min for 200 

minutes followed by a 100-minute recession period. 

3.4.2 Tilted V -Catchment 

The tilted V-catchment case evaluates the routing of each model without any infiltration or 

subsurface interactions.  As the name implies the tilted V-catchment (Gottardi and Venutelli, 

1993; Panday and Huyakorn, 2004; Kollet and Maxwell, 2006; Sulis et al., 2010; Maxwell et al., 

2014) is a v-shaped watershed formed by two inclined rectangular planes (800m by 1000m) 

connected by a channel (20m wide) (Figure 3.2).  We applied a uniform rainfall of 1.8 x 10-4 

m/min for 90 minutes followed by a 90-minute recession.  

3.4.3 Slab 

The slab case (Kollet and Maxwell, 2006; Maxwell et al., 2014) evaluates model routing 

capabilities over heterogeneous sub surfaces.  It involves a simple 1-D hillslope with a 

heterogeneous subsurface (Figure 3.3).  This case emphasizes runoff and run-on processes, often 

important in urban systems where permeable and impermeable surfaces are in close proximity 
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(e.g. Reyes et al 2015).  In this simulation, the subsurface has uniform properties and saturated 

hydraulic conductivity (Ks = 6.94 x 10-4 m/min) except for a slab which has a lower saturated 

hydraulic conductivity (Ks = 6.94 x 10-6 m/min).  We located the slab halfway down the slope, 

and designed the simulation to allow for infiltration except for the slab, which will produce 

Hortonian flow. 

3.4.4 New Urban Benchmark Case Study:  Green Infrastructure  

One of the challenges of modeling green infrastructure (GI) in urban environments is the 

heterogeneous arrangement permeable and impermeable surfaces.  Studies have shown that 

lumped parameter models may not account for the variabilities of the urban environment 

(Bhaduri et al., 2000; Lee and Heaney, 2003; and Khader and Montalto, 2008; Yao et al., 2015; 

Yao et al., 2016; Bell et al., 2016).  This case study builds upon a simulation test case presented 

in Fry and Maxwell (in review).  This case study compares the use of a distributed coupled 

model (GSSHA) with a lumped model (EPA-SWMM) to evaluate the impacts of GI on total 

storm runoff (peak flow and volume), infiltration and storage in an urban environment.  Unlike 

the other benchmark test cases, which consisted of simple domains and input parameters, the 

urban model green infrastructure benchmark consists of a highly complex domain with varying 

parameters.  Since the goal of this benchmark case study was to compare the similarities and 

differences in integrated and lumped parameter models, it was decided that only one integrated 

and one lumped model would be analyzed.  The case study uses the same study site previously 

modeled, a neighborhood in the Berkley Lake watershed in Denver, Colorado.  The size of the 

sub-watershed is 26.14 Hectares.  The models include the built environment, which includes a 

mix of residential, commercial and high density residential land uses.  We applied five different 

synthetic storm simulations representing higher frequency to lower frequency events (2, 5, 10, 
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50, and 100 Year).  We assumed each simulated event to be under dry antecedent moisture 

conditions based upon the soil type and as a single event.  We chose storm events based upon the 

Urban Drainage and Flood Control District’s criteria for rainfall in the Denver metro area 

(UDFCD Vol. 1, 2016).  The rainfall totals for each 2-hour storm event was 2-Yr: 27.92 mm, 5-

Yr: 39.38 mm, 10-Yr: 45.55 mm, 50-Yr: 66.07 mm, and 100-Yr: 75.46 mm.  We incorporated 

green infrastructure within under-utilized pervious areas within the domain using the 

methodology described in Fry and Maxwell, 2017.  We converted under-utilized pervious areas 

to GI at the following intervals 15%, 25%, 35%, and 50%.  Input parameters for the domain and 

GI are provided in Figure 3.4 and 3.2.  We implemented GI in EPA-SWMM through the LID 

controls module.  The module allows the user to specify a type of GI, the size of the GI, the 

number of them within the basin, and the amount of impervious area routed to them (Rossman, 

2015).  We modeled green infrastructure in GSSHA using a high-resolution grid (1m), and a 

spatial analysis of under-utilized pervious areas.  We modified each cell to GI using modified 

soil and retention.  For additional information on model set up and parameters used see Fry and 

Maxwell, in review.   

3.5 Results and Discussion 

3.5.1 Infiltration Excess 

The results of the infiltration excess benchmark case are shown in Figure 3.5, and provided 

in Table 3.  The results in Figure 4 show the outflow plotted as a function of time.  The plot 

shows good agreement for the lower Ks value with consistent outflow behavior throughout all 

phases of the hydrograph.  There is much more divergence between the models for the higher Ks 

value.  SWMM produces the largest peak and runoff volumes, with peak outflows differing by 

27% and total volume by 51%.  For both Ks values, the models differed in the prediction of time 
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to reach steady state (as defined by an outflow rate greater than 95% of the peak flow) with a 

maximum difference of 12%, with ParFlow arriving the earliest and SWMM the latest.  The 

maximum difference between the models occurred during the recession curve (evaluated as the 

difference between discharges at 250 min.) and was approximately 34% for the lower Ks value 

and 54% for the higher Ks value.  The recession curve maximum difference occurred between 

GSSHA and SWMM.   

Overall the results indicate the significant differences in each models capability to predict 

excess runoff, especially as the hydraulic conductivity increases, with SWMM predicting the 

least amount of infiltration in both cases.  This is due to the different modeling methods, for 

example SWMM has lumped parameters whereas the other models have distributed parameters.  

Without some form of calibration, we anticipate that a lumped parameter model would diverge 

from a physics-based distributed model, and the results indicate this is the case.  In reviewing the 

distributed models, we see that for the higher Ks value GSSHA under predicts infiltration in the 

rising limb when compared to ParFlow and FLO-2D, produces a similar peak to ParFlow and 

then over predicts infiltration in the recession limb when compared to ParFlow and FLO-2D.  

This would indicate there is a difference in surface-subsurface boundary conditions in GSSHA 

versus ParFlow and FLO-2D, GSSHA requires more surface ponding (head) before the initial 

breakthrough occurs.  FLO-2D on the other hand over predicts infiltration when compared to 

GSSHA and ParFlow, even showing a peak difference of 18%.  This is due to the surface-

subsurface boundary condition in FLO-2D.  FLO-2D assigns a minimum depth of water on each 

cell.  This depth allows FLO-2D to pond water more quickly resulting in a breakthrough of 

infiltration sooner and in a larger amount.   
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3.5.2 Tilted V -Catchment 

 We summarize the results of the tilted V-catchment in Table 3.  The outflow hydrographs are 

shown in Figure 3.6.  The models predict almost identical peak outflow values with the largest 

difference being between FLO-2D and SWMM (less than 1%).  The predicted peak volumes are 

also similar for each model with the greatest difference being between ParFlow and GSSHA 

(~10%).  The greatest difference seen is in the prediction of time to steady state, approximately 

39% (as defined by an outflow area greater than 95% of the value at 90 min) between GSSHA 

and SWMM.  There is greater agreement between the models for the recession curve (difference 

between discharges at 150 min.) than for the rising limb.  The maximum difference for the 

recession curve between the models was approximately 32%, due to SWMM’s divergence from 

the other models.  

The differences in the results are similar to previous studies and are due to the different 

overland and channel routing schemes used by each model (Panday and Huyakorn, 2004; Sulis et 

al., 2010; Maxwell et al., 2014).  Similar to the Infiltration Excess case, we see the greatest 

differences between the conceptual based model and the distributed models.  The distributed 

models all use some form of the St. Venant equations to route overland and channel flow, 

whereas the conceptual model uses a nonlinear reservoir method.  The results indicate that this 

approach, if not calibrated, produces significantly different results versus the distributed models.   

The distributed models are very similar in prediction of peak flows, volumes and hydrograph 

shapes for both the rising limb and recession curve.  The most significant difference in the 

distributed models is in the prediction of time to steady state with a difference of approximately 

17%.  These results are similar to those reported in Maxwell et. al [2014] and significantly less 

than those reported in Panday and Hyakorn [2004]. 
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3.5.3 Slab 

 We provide the outflow results of the slab test case in Figure 3.7, and the summary metrics in 

Table 3.  Inclusion of the low Ks slab causes all the models to have the same basic shape.  

However, there are significant differences in the details of the results.  There are large model 

differences between the prediction of the onset of flow, peak flow and outflow volume.  The 

largest difference between the prediction of the onset of flow occurs between GSSHA and FLO-

2D with GSSHA predicting flow at 96 minutes and FLO-2D predicting flow at 147 minutes.  

This is due to the differences in the models structure.  FLO-2D requires that a minimum flow 

depth be met before the onset of overland flow.  This requires more runoff volume before 

overland flow occurs, thus potentially producing a lag effect.  It was also shown in the 

Infiltration Excess test case that FLO-2D infiltrates more water for higher Ks values producing 

less runoff volume than GSSHA and ParFlow.  Similar to the Infiltration Excess test case FLO-

2D produces a similar peak flow as ParFlow for the lower Ks value.  GSSHA and ParFlow both 

produce similar hydrograph shapes with ParFlow predicting more total runoff and peak runoff.  

This is due to surface and subsurface boundary condition differences as discussed in the 

Infiltration Excess test case.  The recession curve is where model agreement is greatest with 

FLO-2D predicting less runoff due to greater infiltration as discussed in the Infiltration Excess 

test case.  The results do indicate that the model accounts for variable Ks values allowing for 

variable surface/subsurface conditions. 

3.5.4 Summary of Original Benchmark Simulations  

 A review of the results in Table 3 for peak flow, time to peak and volume of runoff indicates 

good correlation between the models for the Infiltration Excess (low Ks), and the Tilted V-

Catchment.  The models diverge under different infiltration parameters.  Even though three of 
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the models use the Green Ampt method for infiltration the models structure and routing methods 

have a significant impact on the results.  These differences point to the challenge of solving 

highly nonlinear runoff/run-on mechanisms (Maxwell 2014).  These runoff processes are quite 

important in the application of GI in urban environments, in which surface and sub-surface 

interactions are more dynamic.  We tend to see better correlation between the integrated models 

than the lumped model, and large divergence between the two model types when the simulated 

domain became more complex and dynamic. 

3.5.5 New Benchmark Case Study:  Green Infrastructure Comparison 

 The Green Infrastructure comparison case produces the greatest model disagreement.  The 

results are shown in Figure 3.8.  As described above this analysis built upon the previous 

modeling analysis completed by Fry and Maxwell (in review).  Their analysis evaluated the use 

of distributed green infrastructure best management practices using an integrated model at a high 

resolution (1m).  Due to the complexities of modeling the urban environment at a high resolution 

with the incorporation of green infrastructure, the analysis only consists of a comparison between 

GSSHA and EPA-SWMM.  The analysis between SWMM and GSSHA compares the results for 

the different percent of under-utilized pervious area converted to green infrastructure (GI) and 

the five different simulated storm events.  As there is no analytical solution or calibration data 

available for the modeled neighborhood, we calibrated the models to each other for the 2-Yr 

storm event under existing conditions (0% GI).  We adjusted the models to incorporate GI under 

varying storm events. 

 The results show an interesting pattern, although the models were calibrated to each other for 

the 2-Yr storm event, results between the models diverged under existing conditions as storm 

intensity increased (Figure 3.8).  This is due to the difference in how each model represents 
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runoff and infiltration, and highlights the need to calibrate conceptual models for each storm 

event.  

 Under each simulation for peak runoff the models diverge significantly with increasing GI, as 

SWMM appears to converge on a minimal peak outflow for the 50% GI simulation (Figure 

3.8A).  Peak discharge diverges 86.7% for the 2-Yr Storm event, and 90.4% for the 100-Yr 

Storm event. Total volume of discharge varies similar to peak discharge for the existing 

conditions simulation especially for the larger storm events (Figure 3.8B).  Similar to peak 

discharge, the total volume of discharge appears to converge towards a minimal volume of 

discharge for the 50% GI simulation, with total discharge volume diverging 89.5% for the 2-Yr 

Storm event, and 91.4% for the 100-Yr Storm event.  Based on the Tilted V-Catchment and 

Infiltration Excess test cases we can reason that SWMM is under predicting the outflow and over 

predicting the infiltration and storage volumes, thus leading to more significant reductions in 

peak discharge and the total volume of discharge than the GSSHA model. 

 A review of Figure 3.8C indicates a significant divergence between the models for 

infiltration, with SWMM predicting significantly more infiltration for all simulations.  The 

models show agreement for the Existing Conditions 2-Yr Storm event, but diverge with 

increasing GI and storm intensity.  Both models show a similar linear pattern of infiltration 

increasing as GI increases.  The major difference is in the calculated amount of infiltration for 

the Existing Conditions scenarios.  The results show that as storm intensity increases the models 

diverge significantly.  The additional amount of infiltration would account for the significant 

amount of runoff reduction divergence, and supports the test case results.   

 Storage increases are shown in Figure 3.8D.  The models show good agreement for the 

existing conditions simulation for all storm events.  The models diverge significantly with 
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increasing GI within the neighborhood.  The models differ by 75.7% for the 2-Yr Storm 

simulations and up to 391% for the 100-Yr Storm simulations.  The conceptual model over 

predicts the capture and storage capability of GI versus the integrated model.   

An overall review of the models indicates that the largest contributing factor is the difference 

in how the models simulate and route runoff.  SWMM’s method of planes is significantly 

different than GSSHA, which physically routes stormwater through the built environment and 

the distributed GI.  SWMM’s method assumes that all water on a plane is completely routed 

through that plane minus abstractions.  Therefore, the GI plane assumes all runoff routed to it is 

captured and treated.  This would account for and explain the large divergence between the 

model results.  GSSHA’s physical routing of runoff accounts for spatial distribution of GI, as 

well as varied flow paths (Fry and Maxwell, in review).   

To validate this assumption, we performed an analysis in which we applied the results from 

Fry and Maxwell (in review) to the lumped model.  This process consisted of using the overall 

BMP Effective Ratios for each simulated event and configuration, in SWMM.  This was done by 

using the GI module in SWMM.  In this module, the user can specify the percent of impervious 

area routed to the designated GI.  Initially, we calculated this value based on the spatial 

distribution of directly connected impervious areas that would be captured by BMPs within the 

sub watershed.  Next, we replaced the directly connected impervious value with the overall BMP 

Effective Ratios.  To do this, we took into account that the overall BMP Effective Ratios 

consider both the pervious and impervious areas of the sub-watershed.  Since SWMM assumes 

only the impervious area is routed to GI, we applied a weighted average of the BMP Effective 

ratios to account for only the percent impervious areas in the sub-watershed.  Also, to more 

accurately represent the BMP Effectiveness Ratios, we calibrated the SWMM model to the 
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GSSHA model for all Existing Conditions.  This eliminated the bias towards divergence due to a 

change in storm intensity.  The results are shown in Figure 3.9. 

Application of the BMP Effective Ratios in SWMM produced results that were more 

significantly consistent with the GSSHA results.  These results validate that spatial location and 

available flow paths are highly significant for distributed BMP Effectiveness at larger scales, and 

are not easily accounted for in lumped models.  The process outlined and applied here provides a 

framework in which modelers account for and apply physical processes at the watershed scale 

within conceptual models.   

3.6 Conclusions 

 This paper presents the intercomparison of three physics-based distributed hydrologic models 

and one conceptual model using a standard set of test problems.  The models compared use a 

range of coupled strategies and varying solution techniques.  Similar to Maxwell et al [2014] and 

Kollet et al [2017] the models produced similar results for the simpler set of test problems with 

the results diverging under more complex simulations.  We draw some specific conclusions from 

this work: 

1. The models showed consistent agreement for the simpler test cases focused more on 

surface flow (tilted V), and 1-D infiltration (infiltration excess, specifically for the low Ks 

value).  The largest differences in these simulations occurred between the lumped model 

and the coupled models.  The distributed models produced similar results typically within 

~5%.  These simple test cases can serve to build model confidence as they cover a large 

range of runoff generating mechanisms often encountered in catchment hydrology 

(Maxwell et al., 2014). 
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2. The models showed significant differences when comparing infiltration excess (high Ks 

value) and the slab test case.    The different solution techniques used by each model and 

the increased complexity of the modeled system led to differences between the models.  

3. A more complex simulation comparing existing neighborhood conditions to proposed GI 

implementation was also completed.  This simulation compared a physics-based 

distributed model to a conceptual model.  The results showed the significant differences 

between how each type of model represents and solves the dynamic system.  These 

results highlight the challenges of using conceptual models to represent complex systems.   

4. We incorporated BMP Effectiveness Ratios (Fry and Maxwell, 2017) that account for the 

dynamics of the environment and physics of flow based on storm intensity to a 

conceptual model to improve GI modeling accuracy.  Applying the BMP Effectiveness 

Ratios to the conceptual model produced results consistent with the distributed model, 

and provide a framework with which conceptual models can account for physical 

processes associated with distributed GI. 

Although there are quantitative differences between the models for the various test cases 

there is qualitative agreement.  While this provides confidence in all of the models in this 

intercomparison, it also provides an important understanding of runoff processes for each model 

and how we can apply these models to more complex simulations.  While distributed models 

require substantially greater computational expense than their conceptual counterparts, they 

appear to provide important insight into green infrastructure.  This class of model is an important 

tool for low impact urban planning. 
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3.8 Figures and Tables

 

 

Figure 3.1: Infiltration Excess test case domain [after Sulis et al., 2010]. 
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Figure 3.2: Tilted V-Catchment test case domain [after Kollet and Maxwell, 2006; Sulis et al., 
2010; Maxwell et al., 2014]. 
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Figure 3.3:  Slab test case domain [Maxwell et al., 2014]. 
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Figure 3.4:  Urban Case domain.  (A) Example set up of urban mask with 15% BMP placement.  
(B) Surface elevations based upon City and County of Denver 2008 Lidar Data. 
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Figure 3.5:  Outflow hydrograph response of Infiltration Excess test case with two values of 
saturated hydraulic conductivity. 
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Figure 3.6:  Tilted V-Catchment outflow hydrographs. 
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Figure 3.7:  Outflow hydrographs for the slab test case. 
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Figure 3.8:  Green Infrastructure comparison results.  GSSHA results are presented in blue, and 
SWMM results are presented in red for each simulation and storm event.  The results are 
presented for:  Peak Runoff (A), Runoff Volume (B), Total Infiltration Volume (C), and Total 
Storage (D). 
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Figure 3.9:  Green Infrastructure comparison results with the BMP Effectiveness Ratios applied 
in SWMM.  GSSHA results are presented in blue, and SWMM with BMP Effectiveness ratios 
are presented in orange for each simulation and storm event.  The results are presented for:  Peak 
Runoff (A), Runoff Volume (B), Total Infiltration Volume (C), and Total Storage (D).  The 
results indicate that application of BMP Effective ratios in SWMM produced results that are 
consistent with GSSHA. 
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Table 3.1: Parameter Values Used in the Configurations     
       

Neighborhood Subset Characteristics   Value   Units   Source 
Total Area  261,422  m2  City and County of Denver GIS (2014) 
Impervious Areas  137,427  m2   
Pervious Areas  123,995  m2   
       

Surface Roughness Values             
Impervious Areas  0.015    Engman (1986); McCuen et al (1996 and 2002) 
Pervious Areas  0.04     
       

Soil Properties             
Hydraulic Conductivity  0.60  cm/hr  Engman (1986); McCuen et al (1996 and 2002) 
Capillary Head  32  cm  Rawls and Brakensiek (1983 and 1985) 
Porosity  0.4  cm3/cm3  NRCS Soil Survey Data (soils.usda.gov/survey) 
Residual Saturation  0.165  cm3/cm3   
Field Capacity  0.09  cm3/cm3   
Wilting Point   0.4  cm3/cm3   
Initial Moisture  0.27  %   
       

BMP Characteristics             
Surface Storage Depth  304.8  mm  UDFCD Vol. III (2016) 
      City and County of Denver GI Manual (2016) 

Soil Properties       
Hydraulic Conductivity  1.09  cm/hr  UDFCD Vol. III (2016) 
Capillary Head  11.01  cm   
Porosity  0.412  cm3/cm3   
Residual Saturation  0.041  cm3/cm3   
Field Capacity  0.207  cm3/cm3   
Wilting Point   0.095  cm3/cm3   
Initial Moisture  0.358  %   
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Table 3.2:  Summary results for Configurations under varying recurrence 
intervals 

      
  Storm Events Simulated 

 2 Yr 5 Yr 10 Yr 50 Yr 100 Yr 
Existing Conditions       

Peak Flow (m3/sec) 1.33 1.88 1.98 2.95 3.29 

Total Discharge (m3) 3,725 6,306 7,710 12,918 15,288 

Total Infiltrated (m3) 3,166 3,643 3,833 3,910 3,839 

Total Storage (m3) 210 225 231 235 229 

      
Configuration 1      

Peak Flow (m3/sec) 1.19 1.70 1.79 2.72 2.97 

Total Discharge (m3) 3,147 5,509 6,798 11,624 13,956 

Total Infiltrated (m3) 3,330 3,833 4,033 4,106 4,071 

Total Storage (m3) 629 831 942 1,333 1,495 

      
Configuration 2      

Peak Flow (m3/sec) 1.11 1.63 1.72 2.64 3.02 

Total Discharge (m3) 3,100 5,269 6,622 11,240 13,465 

Total Infiltrated (m3) 3,381 3,912 4,182 4,249 4,218 

Total Storage (m3) 620 810 969 1,573 1,839 

      
Configuration 3      

Peak Flow (m3/sec) 0.97 1.50 1.61 2.52 2.90 

Total Discharge (m3) 2,922 5,075 6,256 10,647 12,769 

Total Infiltrated (m3) 3,457 4,085 4,330 4,391 4,363 

Total Storage (m3) 722 1,013 1,187 2,025 2,390 

      
Configuration 4      

Peak Flow (m3/sec) 0.92 1.37 1.57 2.43 2.72 

Total Discharge (m3) 2,790 4,822 5,933 10,080 11,844 

Total Infiltrated (m3) 3,497 4,209 4,493 4,466 4,537 

Total Storage (m3) 814 1,142 1,347 2,547 2,969 
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CHAPTER 4 

HIGH RESOLUTION DISTRIBUTED MODELING FOR WATER QUALITY IN AN 

URBANIZED WATERSHED  

Timothy J Fry1,2, Aniela Burant3,4, Bridget Ulrich3,4, Christopher Higgins3,4,   

Reed Maxwell1,4 

4.1 Abstract 

 The urban environment modifies the hydrologic cycle resulting in increased runoff rates, 

volumes and peak flows.  Green Infrastructure, which uses best management practices (BMPs), is 

a natural system approach used to mitigate the impacts of urbanization onto stormwater runoff. 

Patterns of stormwater runoff from urban environments are complex and it is unclear how 

efficiently green infrastructure will improve the urban water cycle. These challenges arise from 

issues of scale, the merits of BMPs depend on changes to small scale hydrologic processes 

aggregated up from the neighborhood to the urban watershed.  Here, we use a hyper-resolution (4 

m), physically-based hydrologic model of the urban hydrologic cycle with explicit inclusion of the 

built environment.  Our proof-of-concept study evaluates the impact BMPs placed along the 

streetscapes of a sub-watershed have on water quality.  Specifically, we evaluate the impact five 

different sub-surface medias have on removal of TCPP.  We see a direct correlation between 

percent reduction of TCPP and runoff reduction.  Results indicate that BMP effectiveness for water 

quality varies with spatial location and that type and emplacement within the urban watershed may 

be more important than overall percent. 

 

                                                 
1 Department of Hydrological Sciences and Engineering, Colorado School of Mines 
2 Primary Researcher and Author 
3 Department of Civil and Environmental Engineering, Colorado School of Mines 
4 Corresponding Author 



81 
 

4.2 Introducti on 

 Changes to the land surface due to urbanization results in degradation to water quality of 

stormwater runoff (Shaw, 1994; Goonetilleke et al., 2005).  Urban stormwater consists of heavy 

metals, petroleum products, different organic matter, nutrients, etc. (Obropta and Kardos, 2007).  

These non-point source pollutants have become a focus of stormwater runoff policies in the United 

States (USEPA 1972) and Europe (Council of the European Communities, 2000).  The United 

States established the National Pollution Discharge Elimination System (NPDES) to reduce 

pollutants from entering receiving streams (Tsihrintzis and Hamid, 1997).  Under the NPDES 

program, Congress added Phase I (USEPA, 1990) and Phase II (USEPA 1999) regulations on 

stormwater that highlight the need to better predict pollutants in stormwater runoff. 

 Green Infrastructure best management practices (BMP) have become a popular tool used in 

urban stormwater management.  These systems mimic natural conditions reducing runoff, 

increasing infiltration and treating stormwater runoff in a distributed manner (Dietz, 2007).  

Bioretention systems are an example of a BMP that captures stormwater runoff, stores it on the 

surface, and increases infiltration.  These systems have shown the capability to remove suspended 

sediments, nutrients and metals (Trowsdale and Simcock, 2011; Hatt et al., 2007), but have been 

less effective at removing trace organic contaminants (TOrCs) (Zhang et al., 2014; Ulrich, 2017).  

One example of a TOrC is Tris phosphate (TCPP).  One option identified to remove TCPP from 

stormwater is the use of amended bioretention sub-surface media to Biochar (Ulrich, 2017).   

 To evaluate BMPs impact on stormwater quality solutions in urban environments, decision 

makers rely upon recommendations provided through stormwater models (Liu, Goonetilleke, and 

Egodawatta, 2012; Letcher et al., 2002; Francey et al., 2010; Obropta and Kardos, 2007).  

Therefore, there is a need for stormwater quality models to accurately represent the existing system 
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and proposed solutions.  Currently many models used for hydrology and water quality rely on 

simplistic or lumped parameters.  However, previous studies have identified that a more detailed 

characterization of the watershed (land use, impervious areas, and rainfall) is needed for 

stormwater quality modelling (Goonetilleke et al., 2005; Nazahiyah et al., 2007; Liu et al., 2012).  

To overcome these deficiencies, we explore the use of a distributed physics based model.   

 This paper presents the outcomes of a proof of concept study which uses a high resolution 

distributed model to evaluate the impacts of distributed green infrastructure best management 

practices on stormwater runoff quality.  It builds upon the work previously completed by Fry and 

Maxwell, 2017, which evaluated the water quantity impacts of distributed BMPs in an urban 

environment.  The analysis uses the Army Corp of Engineers distributed physics based Gridded 

Surface Subsurface Hydrologic Analysis (GSSHA) model in a sub-watershed of Denver, Colorado 

at a 4-meter resolution.  The analysis includes the existing environment and explicitly adds 

distributed BMPs and amended biofilter media parameters using the work completed by Ulrich, 

2017, to evaluate the impacts to the stormwater quality.  Specifically, the model focuses on the 

removal of the trace organic compound Tris (1-Chloro-2-Propyl) phosphate using different types 

of biochar and biochar-sand mixtures (Ulrich, 2017). 

4.3 Methodology 

 We chose GSSHA, a physically-based, fully distributed-parameter, gridded hydrologic model 

for this study.  GSSHA simulates a watershed’s response based on meteorological inputs on a 

finite difference grid (Downer and Ogden, 2006).  GSSHA uses the diffusive wave equation based 

on the Saint de Venant equations and is solved using a finite volume technique.   This technique 

conserves mass and allows for GSSHA to simulate contaminant transport (Downer, 2009).   



83 
 

 GSSHA models contaminants in distinct domains (land surface, subsurface soils, streams, 

reservoirs, and groundwater), and constituents pass between each domain as fluxes (Downer, 

2009).  GSSHA represents transport of contaminants in soils through advection within small 

layers, contaminants in groundwater as a constant concentration, and reservoirs as completely 

mixed reactors (Downer, 2009). Transport of contaminants on the land surface and streams is done 

with the advection diffusive equation (AD) (Downer and Byrd, 2007).  This method transports 

contaminants on a cell by cell basis with the flow of water.      

 �(�)�� +  
�(��)�� +

�(��)�� −  
��� �� ���� � − ��� �� ���� � + �(�) = � 

Where:  

M = mass of constituent 

C = concentration (M/L3) 

V = volume (L3) 

u = flow velocity (L/T) 

D = diffusion coefficient (L2/T) 

K = decay coefficient (1/T) 

S= term for sources and sinks(M/T) 

 The exchange of mass between water that ponds on the surface and the soil column occurs due 

to the concentration gradient between the soil and the surface water.  This flux occurs based on the 

following (Downer, 2009): � = (�� − ��)�� 

Where:  

F=Flux between surface and soils 
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Cp = Concentration ponded on surface(M/L3) 

Cs = Concentration in soil (M/L3) 

K = Decay coefficient (1/T) 

A = Area 

 GSSHA uses the method discussed by Johnson and Gerald (2008) to determine the mass of the 

contaminant distributed between the soil and dissolved in water. The soil water distribution 

coefficient (Kd) (m3/kg) and the soil moisture are represented by the following equation (Downer, 

2009): 

�� =
1θ + ��(1 − �)�� 

Where:  

fd = fraction of the constituent dissolved in the soil layer 

ps = dry soil density (kg/m3) 

ϴ= soil moisture 

The concentration of constituent in the water is then determined by: � = ���� 

Where:  

M = total mass of constituent in soil layer 

V = total volume of soil layer and: � = ��� 

Where: 

D = depth of soil layer (m) 

A = Area (m2) 

 In order evaluate the effectiveness of BMPs to remove TCPP in a spatially heterogeneous, 

urban watershed, we considered bioretention cells for a single storm event (neglecting 
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evapotranspiration or under drains) and represented them as depression storage facilities with 

different biomedia parameters for a designated depth (Elliot and Trowsdale, 2007; Grebel, et al., 

2013; Montalto and Lucas, 2011; Singh and Woolhiser, 2002).  We performed a review of the 

BMP Database (bmpdatabase.org), Urban Drainage and Flood Control District’s (UDFCD) criteria 

manual (UDFCD Vol. III, 2016), the City and County of Denver Ultra Urban Green Infrastructure 

Guidelines (CCD, 2016), and research evaluation on different biochar media (Ulrich, 2017) to 

determine the storage capacity and infiltration design parameters.  This analysis represented BMPs 

as simple street-side bioretention cells, that capture, store and infiltrate water.  We modeled each 

BMP with a retention function to represent the storage capacity, and modified the soils using 4 

different types of biochar (Ulrich et al., 2015), and another case with a sandy loam.  This allowed 

us to evaluate the impact different biofilter medias have on the water quality of the watershed.   

 We used the NRCS Soil Survey data to determine the existing condition soils 

(soils.usda.gov/survey).  The survey classifies the soils as Nunn (clay loam, clay) and defines them 

as Hydrologic Group C.  We used a loamy clay to represent existing soils. As discussed, BMP 

soils were modified using a sandy loam, and four different types of biochar with varying removal 

efficiencies for TCPP (Ulrich, 2017; UDFCD, 2016).  We provide the soil parameters and basic 

model parameters in 4.1.   

 The study site chosen for this analysis was a neighborhood within the Berkley Lake watershed 

in Denver Colorado (Figure 1).  The Berkley Lake neighborhood is currently a fully developed, 

mixed use residential and commercial watershed.  We modeled the 4.44-hectare sub-watershed at 

a 4-meter resolution.  We assigned elevation data based upon the City and County of Denver 

(CCD) LiDAR data, which has a native resolution less than 1 meter.  Surface roughness values 

were assigned based upon CCD GIS data of impervious and pervious surfaces.  Three synthetic 



86 
 

storms were used to represent low to high frequency.  We assumed each simulated event to be 

under dry antecedent moisture conditions based upon the soil type and as a single event.  Each 

rainfall event was simulated for 90 minutes followed by a 630-minute recession.  The rainfall rates 

for each event were 11 mm/hr, 25 mm/hr, and 50 mm/hr.  BMPs were spatially distributed based 

upon the work completed by Fry and Maxwell, 2017.  We placed BMPs spatially in under-utilized 

pervious areas along the streetscapes (Figure 2).  BMP parameters are listed in 4.1. 

 Since this is a proof of concept analysis, TCPP loads were based upon research being 

completed by Burant and Higgins, 2017, in which TCPP in runoff was measured for multiple 

different storms under different land uses, and an event mean concentration (EMC) was 

determined.  To establish our Existing Conditions base case EMC, we used their research as a 

guide.  We loaded the sub-watershed with TCPP and compared the EMC results to theirs for a 

small storm simulation. Once we established a EMC for the base case, we then evaluated the 

impact of adding street side distributed BMPs under varying storm events, and different biofilter 

media for TCPP removal.  

4.4 Results 

 We undertook a comparison of EMCs for the five different biofilter sub-surface medias, and 

results are shown in Figure 3 and provided in 4.2I.  The Biochar-Sand media shows the largest 

TCPP removal efficiency, and the Sandy-Loam the smallest. The results are consistent with 

previous research (Yao et al. 2011; Ulrich et al, 2015) and make sense based on the model 

capabilities.  The Biochar-Sand mixture has the highest Kd values as well as infiltration rates, 

allowing more stormwater to be captured and infiltrated versus the other medias.  As shown this 

would result in the largest removal percentages.  The Sandy-Loam has the lowest Kd value and 

infiltration rates thus resulting in the lowest percent removal.  One interesting result is the Biochar 
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only sub-surface media shows the same percent removal for the minimum and maximum Kd 

values.  Based on the short simulation time of 12 hours, similar Kd values, the same infiltration 

rate, and a simplistic model approach using a 1st order kinetic reaction, it is reasonable that these 

results are similar.  However, the Biochar-Sand media also shows a similar pattern with the max 

Kd value slightly outperforming the min Kd value.  Unlike the Biochar media, the min and max Kd 

values for the Biochar-Sand are two orders of magnitude a part, yet the resulting reduction in TCPP 

is similar.  We believe this is due the amount of runoff BMPs capture based on the spatial patterns 

of the urban landscape, BMP placement and runoff flow paths.  Another interesting result was the 

change in percent removal as storm intensity increased. We anticipated an increase in the removal 

percentage with an increase in storm intensity.  This was based upon previous research (Fry and 

Maxwell, 2017) that showed that an increase in rainfall/runoff resulted in an increase in the capture 

and treatment of stormwater runoff by BMPs.  We saw this with the Medium Storm versus the 

Small Storm, but saw a decrease versus the Large Storm.  These results were investigated further 

and are discussed below. 

 To understand the impacts of spatial patterns and BMP removal efficiency, we first analyzed 

the water quantity reductions under the different storm events, and second analyzed the BMP 

effectiveness to capture stormwater runoff.  Figure 4.3I shows the total discharge and percent 

reductions versus the Existing Conditions base case.  We see that the total volume percent 

reduction is highly correlated to the EMC percent reduction for the Small and Medium storms.  

Based on the results, we can conclude that the BMPs that capture stormwater runoff are performing 

at a high removal efficiency, as the amount of water captured is being treated and removing all the 

captured TCPP.  Therefore, to reduce additional TCPP within the sub-watershed, we would need 

to capture more stormwater runoff.  However, under the Large Storm event we see a reduction in 
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TCPP removal versus the Small and Medium Storm events.  Previous studies have identified that 

spatial location and overland flow paths from varying surfaces impact results (Bell et al., 2016; 

Yao et al., 2015).  To better understand this, we looked at the individual BMP effectiveness to 

capture stormwater runoff.  BMP effectiveness was determined by normalizing each BMP based 

upon the depth of stored water versus the storm depth (Fry and Maxwell, 2017).  Figure 4 shows 

the results of this analysis for the Large Storm event.  The results indicate that most BMPs that are 

intercepting runoff are performing at or near 100% effectiveness, and therefore cannot capture and 

store any additional runoff.  This explains why there is a reduction in percent removal of TCPP 

versus the Small and Medium Storm events.  BMPs limited capture and storage capability verses 

the large amount of runoff reduces the capability for BMPs to treat more of the stormwater. The 

analysis is consistent with the analysis performed by Fry and Maxwell, 2017, in which they 

concluded that the spatial land use patterns, physical flow paths, and BMP location within the 

watershed determine the effectiveness of BMPs to capture and treat stormwater runoff.   

4.5 Conclusions 

 This paper details the outcomes of a research proof-of-concept study undertaken to investigate 

the influence of distributed BMPs on stormwater quality.  The research was completed using a 

hyper-resolution (4 m) distributed physics-based model (GSSHA).  The model explicitly included 

the built environment, and distributed BMPs along the streetscapes in under-utilized pervious 

areas.  BMP sub-soils were modified to treat TCPP using five different media.   The percent 

reduction in TCPP under varying storm events was directly correlated with the amount of runoff 

reduction due to the BMPs, and the sub-surface media.  The analysis shows that the BMPs were 

highly efficient at removing the contaminant of concern, but were limited by the urban specific 

characteristics of the watershed.  These characteristics limit the capability of BMPs to capture all 
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stormwater runoff.  The analysis indicates that the urban specific characteristics of a watershed are 

significant when predicting stormwater quality treatment due to BMPs, and additional key 

parameters should be incorporated into modeling to account for these factors. 
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4.7 Figures and Tables

 

Figure 4.1: The Berkley Lake Watershed (outlined in red and black) with the neighborhood study 
area shaded in red.  Aerial photography is from 2012.  The figure inset is the state of Colorado, 
United States, with the study area located within the City and County of Denver, Colorado 
shown as a red dot. 
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Figure 4.2: Study area within the Berkley Lake Watershed, 4.44 Hectares.  (a) Green areas 
indicate pervious surface areas and red areas represent impervious surfaces. (b) Red areas 
represent impervious surfaces; yellow areas represent pervious areas; cyan areas represent 
conversion of the under-utilized pervious areas to BMPs. Watershed outlet is identified as a red 
marker. 
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Figure 4.3: Model analysis results.  Results show percent reduction of TCPP for different sub-
surface media under different storm events.  
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Figure 4.4: BMP Effectiveness for the Large Storm Event.  BMP Effectiveness are shown in 
gradients green-yellow-orange-red, with red signifying the most efficient BMPs. Overall BMP 
Effectiveness for BMP Effectiveness exhibit indicates significance of spatial location and 
distribution when considering BMP implementation at larger scales. 
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Table 4.1: Parameter Values used in Configurations 
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Table 4.2: Water Quality Model Results   

   

Small Storm 

 EMC (ng/L)  % Reduction 
Existing Conditions 1,258 N/A 

   
Biochar-Min 656 47.85% 

   
Biochar-Max 656 47.85% 

   
BiocharSand-Min 624 50.40% 

   
BiocharSand-Max 620 50.70% 

   
Sandy Loam 860 31.63% 

   

Medium Storm 

 EMC (ng/L)  % Reduction  
Existing Conditions 1,242 N/A 

   
Biochar-Min 545 56.09% 

   
Biochar-Max 545 56.09% 

   
BiocharSand-Min 462 62.80% 

   
BiocharSand-Max 461 62.88% 

   
Sandy Loam 815 34.41% 

   

Large Storm 

 EMC (ng/L)  % Reduction 
Existing Conditions 1,361 N/A 

   
Biochar-Min 742 45.47% 

   
Biochar-Max 742 45.47% 

   
BiocharSand-Min 613 55.01% 

   
BiocharSand-Max 600 55.90% 

   
Sandy Loam 1,012 25.65% 
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Table 4.3: Water Quantity Model Results   

   
Small Storm 

 Total Discharge (m3)  % Reduction 
Existing 
Conditions 709 N/A 

   
Biochar-Min 371 47.61% 

   
Biochar-Max 371 47.61% 

   
BiocharSand-Min 345 51.36% 

   
BiocharSand-Max 345 51.38% 

   
Sandy Loam 483 31.89% 

Medium Storm 

 Total Discharge (m3)  % Reduction 
Existing 
Conditions 3,580 N/A 

   
Biochar-Min 1,650 53.90% 

   
Biochar-Max 1,650 53.90% 

   
BiocharSand-Min 1,368 61.80% 

   
BiocharSand-Max 1,365 61.88% 

   
Sandy Loam 2,362 34.02% 

 Large Storm  
 Total Discharge (m3)  % Reduction 

Existing 
Conditions 10,109 N/A 

   
Biochar-Min 6,416 36.53% 

   
Biochar-Max 6,416 36.53% 

   
BiocharSand-Min 5,265 47.92% 

   
BiocharSand-Max 5,252 48.05% 

   
Sandy Loam 7,863 22.23% 
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CHAPTER 5 

CONCLUSIONS 

 

 Green Infrastructure BMPs are a promising stormwater management strategy used to reduce 

the impacts caused by urbanization on the hydrologic cycle.  However, the effectiveness of 

distributed BMPs to reduce urban runoff and improve water quality was missing important 

information prior this dissertation.  The objective of this dissertation was to assess the 

effectiveness of distributed green infrastructure BMPs on urban hydrology.  Specifically, to 

evaluate the impacts to water quantity and water quality.  The goal of the work described in 

Chapters 2 through 4 was to improve our understanding of distributed BMP impacts to water 

quantity and quality in urban environments, model capabilities to include BMPs, and to 

understand important parameters used to model BMPs.  The results of each of these studies is 

summarized in the following section, with a discussion of the outcomes and broader importance 

in stormwater management presented after.  The final section of the thesis discusses the 

recommendations for future work. 

5.1 Summary of Findings 

 The following is a summary of the results for each objective in this dissertation. 

5.1.1 Objective 1: Evaluation of distributed BMPs in an Urban Watershed 

      The first research objective described in Chapter 2 was to evaluate the effectiveness of 

distributed BMPs in an urban watershed.  The goal was to determine the impacts a distributed 

BMP approach has on the hydrologic cycle at the watershed/sub-watershed scale.  The approach 

for this research was novel in that it used a fully distributed physics based model at hyper-
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resolution to account for the built urban environment and explicitly placed BMPs at the sub-

watershed scale.  The hypothesis and findings of this study are discussed below: 

Hypothesis 1:  A hyper-resolution distributed model can be modified to incorporate green 

infrastructure BMPs and used to evaluate the impacts on urban hydrology at the 

watershed scale.  Evaluation of this hypothesis consisted of using GSSHA, a physics-based, 

fully distributed-parameter, gridded hydrologic model.  The analysis was performed at a high 

resolution (1 m) and included the built urban environment, which included incorporation of 

green infrastructure BMPs in under-utilized pervious areas.    I used multiple storm events and 

BMP configurations in the analysis, and compared the results to existing conditions to determine 

hydrologic impacts.  The most significant findings of this work are: 

• BMP emplacement resulted in a reduction in peak flow and total flow that was not 

uniform or linearly related to the storm or amount of BMPs.  The results did support 

previous research that BMPs reduce peak flows more effectively for frequent storms of 

smaller magnitude than for in-frequent larger storms.   

• Individual and Overall BMP Effective ratios were determined.  Individual values vary 

with spatial location; indicating that type and placement within the urban watershed may 

be more important than the total amount of BMPs.   

5.1.2 Objective 2: Model Intercomparison and Integration 

 The second research objective described in Chapter 3 was to evaluate processes represented 

in conceptual and distributed models.  The intercomparison demonstrated the function, 

capability, and deficiencies of conceptual and distributed models, with the goal to more 

accurately incorporate BMPs within conceptual or lumped parameter models, and correctly 

capture the impacts to the urban hydrology.  The approach of this study was novel in that it 
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sought to incorporate results from a physics-based distributed model into a conceptual or lumped 

parameter model to improve its capability to account for the spatial patterns of impervious, 

pervious and BMPs in an urban watershed.  Thus, advancing these models to more accurately 

capture the impacts BMPs have on urban hydrology.  The findings from the hypothesis for this 

study are presented below:  

Hypothesis 2:  Distributed models can be used to enhance and improve the accuracy of 

modeling BMPs with conceptual models, by identifying key parameters and model 

functions in each, and incorporating those connections in conceptual models.   To test this 

hypothesis, benchmark test cases were used to evaluate both physics-based distributed models 

and conceptual or lumped parameter models. To incorporate results from distributed models into 

conceptual models, required creation of a new urban benchmark test case.  The most significant 

findings of this work include: 

• The models showed consistent agreement for the simpler test cases focused more on 

surface flow, and infiltration.  These simple test cases can serve to build model 

confidence as they cover a large range of runoff generating mechanisms often 

encountered in catchment hydrology (Maxwell et al., 2014). 

• The models showed significant differences when comparing infiltration excess, and the 

slab test case.    The different solution techniques used by each model and the increased 

complexity of the modeled system led to differences between the models.  

• A new more complex benchmark simulation comparing existing neighborhood conditions 

to proposed GI BMP implementation was also completed.  This simulation compared a 

physics-based distributed model to a conceptual model.  The results showed the 

significant differences between how each type of model represents and solves the 
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dynamic system.  These results highlight the challenges of using conceptual models to 

represent complex systems.   

• We incorporated BMP Effectiveness Ratios that account for the dynamics of the 

environment and physics of flow based on storm intensity to a conceptual model to 

improve GI modeling accuracy.  Applying the BMP Effectiveness Ratios to the 

conceptual model produced results consistent with the distributed model, and provide a 

framework with which conceptual models can account for physical processes associated 

with distributed GI. 

5.1.2 Objective 3: Evaluation of BMPs for Water Quality in an Urban Watershed  

 The third research objective presented in Chapter 4 was to evaluate how distributed BMPs in 

an urban watershed impacts water quality.  The approach of this study was novel because it used 

a distributed, physics based model at a hyper-resolution that included explicitly the built 

environment and distributed BMPs to evaluate their capability to remove contaminants at the 

watershed/sub-watershed scale.  The hypothesis and findings of this study are discussed below: 

Hypothesis 3:  A hyper-resolution distributed model can be modified to incorporate green 

infrastructure BMPs and used to evaluate the impacts on water quality; specifically, how 

distributed BMPs with modified biofiltration  media can improve removal of trace organic 

contaminants from stormwater runoff.  This study consisted of using GSSHA, a physics-

based, fully distributed-parameter, gridded hydrologic model.  I performed the analysis at a high 

resolution (4 m) and included the built urban environment, which was modified to incorporate 

green infrastructure BMPs in under-utilized pervious areas.   The analysis consisted of multiple 

storm events and BMP configurations.  The BMP configurations consisted of placing BMPs 

along the streetscapes and modifying the sub-surface media.  The analysis evaluates each 
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scenario on the capability of the distributed system to remove TCPP a trace organic contaminant. 

The most significant findings of this work include: 

• A physics-based distributed model can be used to evaluate the impacts distributed BMPs 

have on water quality at the sub-watershed scale. 

• The analysis shows that BMPs were efficient at removing the contaminant of concern, 

but were limited by the urban specific characteristics of the watershed.  

• The analysis indicates the models limited capability to account for complex reactions that 

occur within the BMPs, as we saw little to no change for different Kd values. Additional 

key parameters should be incorporated into models to improve kinetic reaction 

capabilities. 

5.2 Outcomes 

 There are several important outcomes that arose from the research described in Chapter 2, as 

well as a few challenges that remain in understanding the impacts of distributed BMPs at the 

watershed scale.  A distributed, physics-based model at a hyper-resolution (1 m) analyzed the 

impacts BMPs have on water quantity at a sub-watershed scale.  The model included the existing 

urban features and explicitly included BMPs.  The results were consistent with previous 

research, that BMPs reduce peak flows and total flows, but the results were not uniform or 

linearly related to the storm or the amount of BMPs.  This indicates the importance of spatial 

patterns and location.  Building upon that, I assigned BMP Effective Ratios for each BMP.  

These ratios identified the efficiency of each BMP to capture, store and infiltrate stormwater.  

The individual values varied depending on the spatial location of each BMP.  These results 

indicate that the type and placement within the urban watershed are more important than the total 
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amount of BMPs.  An important challenge that still needs to be considered is the computational 

limitations of using a distributed model at a hyper-resolution.   

 The importance of spatial patterns, and limited computational capability identified in 

Chapter 2 highlighted the need to better understand different model capabilities and functions to 

be able to identify key parameters that can be applied within conceptual or lumped-parameter 

models.  To address these questions, I performed a rigorous model intercomparison.  The 

analysis discussed in Chapter 3, and identified important model capabilities, and key parameters 

in distributed and conceptual models.  The most significant outcomes of this work were the 

creation of a new urban benchmark test case, and incorporation of a key parameter determined in 

a distributed model into a conceptual model to improve accuracy.  The urban case evaluated 

model capabilities to include distributed BMPs within the modeled domain.  This analysis 

consisted of using both a distributed and conceptual model.  Initially the distributed and 

conceptual models diverged significantly under the same model parameters.  BMP Effectiveness 

Ratios that account for the dynamics of the environment were incorporated into the conceptual 

model to improve BMP modeling accuracy.  Applying the BMP Effectiveness Ratios to the 

conceptual model produced results consistent with the distributed model, and provide a 

framework with which conceptual models can account for physical processes associated with 

distributed GI.   

 The efforts described in Chapter 4 were undertaken to address the impact distributed 

BMPs have on water quality.  This was a proof-of concept analysis, that incorporated additional 

research previously performed by others.  Currently, I am unaware of any research that has been 

performed using a distributed, physics-based model at a high resolution (4 m) to model 

distributed BMPs at a sub-watershed scale to evaluate impacts to water quality.  Specifically, the 
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removal of trace organic compounds, such as TCPP.  The most significant outcome of this 

analysis was to perform the proof-of concept analysis described above applying previous 

research on contaminant loading and removal of TCPP within the model.  The results indicate 

that BMPs were efficient at removing the contaminant of concern, but were limited by the urban 

specific characteristics of the watershed.  

5.3 Broader Implications 

 In conclusion, the results of this dissertation have important implications for efforts to 

improve urban hydrology and water quality.  Over the last two decades, there has been many 

studies to develop and improve individual BMPs (Bratieres et al., 2008; Grebel et al., 2013; 

Herzog et al., 2015), but a lack of understanding of their impacts at the watershed scale remains a 

barrier to effective deployment (Jayasooriya and Ng, 2014; Newcomer et al., 2014, Bhaskar et 

al., 2015; Lopez and Maxwell, 2016).  To overcome this barrier, models are used, but prior 

studies found that model results are sensitive to both the spatial resolution used and the spatial 

patterns of the urban environment, particularly of impervious areas and BMPs (Bhaduri et al., 

2000; Khader, and Montalo, 2008; Lee, and Heaney, 2003; Krebs et al., 2014, Bell et al., 2016). 

The research in this dissertation addresses many of the questions surrounding the impacts of 

distributed BMPs at larger scales.  The use of a distributed high resolution model revealed the 

importance of spatial location and BMP efficiency.  A new methodology for incorporating BMP 

Effectiveness Ratios into lumped parameter models produced more consistent results in these 

models than the use of impervious area.  Understanding the importance of spatial configuration 

of BMPs, and incorporating it into modeled systems provides decision makers with an additional 

tool to use for a more comprehensive approach to stormwater design (McCutcheon et al., 2012). 
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5.4 Recommendations for Future Work 

 Continue to assess the effectiveness of distributed BMPs.  As the research stated, the 

BMPs modeled were a simplified bioretention cell.  Additional research should include 

additional model parameters and to fully represent the bioretention cell.  Additional components 

should include the use of evaporation and transpiration, elevation changes, as well as different 

sub-surface media, and underdrains.  Also, instead of a uniform type of BMP a more 

heterogenous approach of different BMPs should be reviewed. 

 A full spatial analysis of optimal BMP locations.  A simplified approach to evaluate BMP 

Effectiveness under different BMP configurations was performed.  Additional research should be 

undertaken to determine optimal spatial locations for BMP placement.  As this research indicated 

the spatial location is highly correlated to the BMP Effectiveness, and should be included in any 

optimization of BMPs.  This tool would be extremely helpful for decision makers to more 

effectively incorporate BMPs within Stormwater Master Planning. 

 Improve modeling of water quality and the simplified advection-diffusion reaction 

equations.  As research continues to evaluate more complex contaminants, and treatments, 

hydrology models need to adapt and include more robust water quality equations.  Currently 

many of the hydrology models use simple 1st order kinetic reaction equations that correlate 

highly to the amount of runoff captured.  Additional research should be done that includes add-

ons that allow for greater water quality evaluations. 

 Model multiple contaminants of concern.  The proof-of-concept completed for water 

quality focused on biochar based sub-media and TCPP removal.  Going forward additional 

research should include a host of different contaminants, and evaluation of multiple 

contaminants within the same simulation.  
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