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Abstract 

SIMULATION OF ECONOMIC FRAMEWORKS FOR AN URBAN STORMWATER 
PROGRAM USING AN AGENT-BASED MODELING PLATFORM 

Seth Brown, Ph.D. 

George Mason University, 2019 

Dissertation: Dr. Celso Ferreira, Dr. Mark Houck 

 

The U.S. Environmental Protection Agency (EPA) considers urban stormwater 

runoff as the only major growing source of water pollution across many parts of the 

United States today. The need for investments in stormwater management infrastructure 

is significant and growing. Pressures to drive implementation of green stormwater 

infrastructure (GSI) on private properties is a significant factor in the overall need for 

investment. This allocation of resources requires the use of incentives to motivate private 

property owners to consider adopting GSI. The use of incentives demands an 

understanding of topics such as how parcel owners gain information on incentives 

programs, the value of GSI, and decisions based on adopting innovative technologies, 

such as GSI. This study presents a methodology for a generalized approach to simulate 

GSI adoption across a large urban area referred to as the Green Infrastructure Social-

Spatial-Adoption (G-SSA) model. The G-SSA methodology incorporates decision-

making dynamics, social and spatial influencing algorithms, economic and financial 



 
 

considerations, and diffusion of innovation considerations. A conceptual G-SSA model is 

developed and explored with model output reflecting expected and observed behavior 

related to temporal and spatial GSI adoption patterns. Model sensitivity analysis 

highlights the significance of social and spatial model elements to overall GSI adoption 

rates and pattern. An applied G-SSA model is developed and explored to simulate the 

complex emergent patterns for GSI adoption across a specific cityscape (Washington, 

DC). The applied G-SSA model output was consistent with expected model behavior as 

well as observed and document GSI adoption patterns in Washington, DC. In addition, 

model exploration suggests that investment in public outreach/engagement throughout 

the duration of the program is critical; those who adopt GSI prior to the start of market-

based program implementation should be leveraged for early success in GSI adoption 

growth, highly-innovative areas should be leveraged to ensure success in GSI adoption in 

early phases of a program, and single-family residential properties in areas with 

depressed property values is critical to long-term GSI adoption rates due to reduced 

opportunity costs associated with GSI implementation.     
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Chapter One: Introduction 

Communities are in need of cost-effective and innovative strategies for 

stormwater management infrastructure investments. This need is driven by the fact that 

stormwater pollution is the only major increasing or fast-growing source of water 

pollution across much of the country including sensitive waterbodies such as the 

Chesapeake Bay and Puget Sound (U.S. Environmental Protection Agency, 2012). The 

focus of the research presented in this dissertation is on the development of a 

methodology and modeling platform, the Green Stormwater Infrastructure Social-Spatial 

Adoption (G-SSA) model, which simulates the voluntary adoption of green stormwater 

infrastructure (GSI) on private property in response to a market-based incentive program.     

1.1 Background 

1.1.1 Urban stormwater runoff 

The physical drivers behind increased pollution levels are associated with 

pollutants that are washed off the landscape by stormwater runoff.  Additional impacts 

are generated when combined sewer systems (CSS), which are designed to convey both 

sanitary and stormwater flows concurrently, are overwhelmed and lead to the discharge 

of raw or partially-treated sewage to receiving waters. In both instances, the underlying 

cause for increasing runoff is tied to our urban footprint. The U.S. Environmental 

Protection Agency (EPA) expects between 800,000- 1,000,000 acres of newly developed 
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land to be generated annually over the next 25 years, which represents less than one 

percent of the current total developed land area in the United States (U.S. EPA, 2012; 

U.S. Department of Agriculture, 2009). Impacts from existing impervious cover have 

been driving stormwater-related pollution since the onset of urbanization. Regulations 

addressing urban stormwater runoff were promulgated for the first time in 1990 (U.S. 

EPA, 2005). A significant amount of urbanization in the United States occurred prior to 

this time, which leaves major portions of existing developed land area discharging 

stormwater runoff that is not adequately managed or treated (Ritchie & Roser, 2018).             

In reaction to this significant and growing source of water pollution, regulations at 

the Federal, state, and local levels continue to become more stringent, creating the 

demand for higher levels of treatment of runoff. The reaction by the regulatory sector is 

driving an increase in stormwater infrastructure investment needs.  The 2008 EPA Clean 

Watershed Needs Survey (U.S. EPA, 2019) which provides most current information 

regarding funding gaps in the clean water sector, identified approximately $100,000,000 

worth of needs in the stormwater sector across the United States over the next 20 years. 

This amount represents a 67% increase over needs identified 4 years earlier. It is clear 

that needs in this sector are significant and rising rapidly.  

While a recent effort by the EPA to define a national performance standard has 

been suspended, states continue to develop more sophisticated stormwater requirements.  

EPA noted that 18 states currently use a runoff retention-based standard, which reflects 

the new focus in stormwater management to capture and retain runoff on-site either 

through infiltration or capture/harvesting and on-site use (U.S. EPA, 2016). This new 
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approach is a reflection that the paradigm of treatment of runoff generated in urban areas 

by convey/collect/detain/release is not adequately addressing the impacts of urban 

generated runoff as evidenced by the increasing pollutant loads from stormwater-

generated flow.    

1.1.2 Green stormwater infrastructure 

The new field of retention-based stormwater management is known by many 

names, including “green infrastructure” and “low impact development;” however, this 

document will refer to this approach as “green stormwater infrastructure” (GSI). The use 

of GSI and retention-based standards are on the rise across the United States, but these 

approaches are still considered novel or innovative in most areas (U.S. Government 

Accountability Office, 2017). The basis of the interest in GSI from the stormwater and 

wet weather sector is based upon the premise that retaining water on-site is more cost-

effective in addressing issues such as combined sewer overflows (CSO), treats the 

pollution within runoff while replenishing groundwater resources, reduces erosion of 

headwater streams, and provides ancillary benefits, such as improved air quality, 

enhanced property values, and improved social well-being (Kloss, 2008; Konrad, 2003; 

Vingarzan & Taylor, 2003). 

1.1.3 Incentive-based programs for green stormwater infrastructure 

 Considering that GSI functions best by retaining stormwater runoff at the site 

level, that there is a growing need to implement urban retrofits, and that most of the 

property in the United States is privately owned (U.S. Bureau of the Census, 1991), it is 

clear that methods to effectively incentivize the management of runoff from existing 
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impervious areas on private properties are needed. This issue is multiplied for regulated 

entities who cannot meet regulatory requirements by implementing GSI on publicly-

owned land alone. Challenges associated with GSI adoption by private property owners 

include needed capital for design and construction of GSI practices, technical knowledge 

to implement and maintain these practices, and ongoing funds to ensure the functionality 

of these practices (University of Maryland Environmental Finance Center, 2013). Beyond 

these needs is the recognition that policy challenges exist when private land is used to 

meet regulatory requirements in the public domain. For this reason, some municipalities 

are investigating the use of incentive-based programs to address the significant amount of 

stormwater runoff treatment required in permits. Understanding how incentive-based 

programs will behave requires a method of analysis reflecting the disparate and varying 

nature of decision-making by individuals, which can be inconsistent and driven by 

monetary as well as non-monetary factors.   

1.1.4 Decision-making dynamics, innovation adoption and social/spatial 
influences 
 
 The use of incentives to drive GSI implementation influences the need to 

understand how individuals make decisions. Many options exist when considering the 

basis for decision-making in socio-economic models, with the theory of planned behavior 

(TPB; Ajzen, 1991) representing a good fit for the research presented in this effort. The 

basis of TPB is that behavioral intent for a specified action of interest is associated with 

personal beliefs and opinions, the amount of social support or lack thereof, and the ability 

and agency to perform the action of interest. Placed in the context of TPB, these factors 

are attitude, social norms, and perceived behavioral control. Applications of the TPB to 
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understand decision-making associated with infrastructure adoption have been made in 

other sectors, with clean energy as an example (Rai & Beck, 2015), as well in the 

environmental context, including GSI implementation (Mancha, Yodir, & Muniz, 2014; 

Shaw, Chenoweth, Heiberger, & Dearlove, 2011).      

 Components of decision-making include awareness of a topic or an issue, an 

opinion on a topic, and socialization dynamics. These factors often evolve over time, 

which can be captured in computational processes to simulate social and spatial 

influences. The Relative Agreement (RA) algorithm is one of many that can be used to 

simulate opinion dissemination across a modeling environment (Meadows & Cliff, 2012). 

By applying approaches, such as the small world theory, as well as neighboring 

externalities and locational influences, significant aspects of social and spatial dynamics 

related to GSI adoption can be simulated.  

 The use of GSI is becoming increasingly popular in the stormwater sector; 

however, it is still considered an innovative practice that is used relatively sparingly, 

especially in the context of adoption by private property owners via an incentive-based 

program (Brown & Sanneman, 2017). Based upon the relative scarcity of GSI adoption 

currently occurring, it is likely that future and ongoing adoption patterns will follow a 

“diffusion of innovation” (DoI) pattern (U.S. Government Accountability Office, 2017). 

This assumption is based upon logistic growth in GSI adoption similar to that 

experienced in other environmental innovations, such as the adoption of recycling 

behavior and solar photovoltaic system adoptions (Rogers, 2003).   

1.1.5 Cellular automata and agent-based modeling  
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 Simulating GSI adoption on private properties is complex, as there is a need to 

integrate elements of social theory, DoI dynamics, economic behavior, spatial influences 

and both heterogenous populations and physical/landscape factors. This integration 

requires a modeling approach with the capacity to capture these complexities. Agent-

based modeling (ABM) is a useful modeling approach in applications where complex and 

non-deterministic dynamics drive emergent patterns within a system (Axelrod & 

Tesfatsion, 2006). The field of computational social science has arisen to simulate how 

large populations of decision-makers behave, and what patterns emerge based upon 

varying initial conditions by using tools such as cellular automata (CA) and ABM. CA 

models are a specific type of ABM that can simulate spatial interactions associated with 

landscape-oriented features, such as land use and property owner characteristics, and 

capture endogenous dynamics of the status and properties of cells changing at each 

modeling time step (Verburg, Kasper, Pontious, & Veldkamp, 2004; White & Engelen, 

2000). The use of ABM is consistent with the type of investigation needed for analysis of 

investment policies and strategies associated with the GSI adoption at the site level by 

private property owners.    

1.2 Motivation for Research 

 Innovative market-based programs to incentive private property owners to adopt 

GSI have been established in a variety of forms; however, the dynamics of these 

programs have not been investigated beyond a single neighborhood or by using static 

assumptions and projections of adoption. This lack of exploration has left the field with a 

number of gaps in understanding and knowledge. 
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 Currently, there is no modeling platform that simulates GSI adoption for a large-scale 

program and across multiple neighborhoods within an urban area/city; 

 There is a limited understanding on how to capture decision-making related to GSI 

adoption by varying populations and sociodemographic segments. 

 Efforts to utilize ABM for GSI adoption simulation address small-scale areas and are 

customized to specific locations, but there are no generalized approaches that can be 

easily transferred or adapted to varying contexts. 

 No methodologies or models have been developed that integrate dynamics, such as 

opinion evolution, information dissemination, awareness growth through public 

outreach/engagement, social and spatial influences, DoI dimensions, and social 

networks.   

1.3 Research Goals and Objectives 

 The overarching goals of this dissertation were to develop a generalized 

methodology to simulate the dynamics of GSI adoption across a city-wide landscape in 

the context of a market-based incentive program, to develop and explore a conceptual-

oriented model using the generalized methodology, and finally, to apply this conceptual-

based model to a place-based framework, such as a specific city.  

 Objective 1. To investigate social theory and socio-economic modeling 

alternatives and develop a modeling platform and methodology that can simulate 

behavior of private parcel owners in the context of an incentive program that generates 

financial rewards for the adoption of green stormwater infrastructure. 
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 Objective 2. To explore the computational mechanisms of the generalized model 

framework based upon the developed methodology from Objective 1 as well as 

investigate the variability of the G-SSA model output, analyze the sensitivity of key input 

parameters of this model, and use a multi-scenario method with the goal of gaining an 

understanding of model dynamics. 

 Objective 3. To apply the G-SSA to a real-world setting, validate model 

performance with place-based dynamics and documented GSI adoption spatial and 

temporal behavior, and investigate scenario-based policy outcomes based upon model 

output.   

 The next four chapters of this dissertation are comprised of three manuscripts 

developed with the intent to submit to peer-reviewed journals and a conclusion section.  

Chapter 2 discusses the motivation for research, explores technical aspects of needed 

model components, presents a generalized modeling methodology, and validates the 

methodology through observed output from model application and comparing to expected 

dynamics in order to achieve Objective 1. In Chapter 3, detailed computational processes 

critical to the developed modeling methodology presented in Chapter 2 are discussed 

along with an exploration of the sensitivity of various model parameters, and presents an 

investigation of model behavior under varying conditions using hypothetical scenarios to 

meet the goals associated with Objective 2. Chapter 4 presents information on actual 

market-based GSI incentive program, describes how the generalized modeling 

methodology is applied to this real-world setting, compares model output to observed 



9 
 

information and develops general policy recommendations for future consideration to 

satisfy Objective 3.   

 The first paper will be submitted to the Journal of Environmental Economics and 

Management. The second paper will be submitted to Environmental Modelling and 

Software. The third paper will be submitted to the ASCE Journal of Sustainable Water in 

the Built Environment.   
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Chapter Two: Conceptual Ex-Ante Simulation for Green Stormwater 
Infrastructure Adoption on Private Property Using Agent-Based 

Modeling 

 
Abstract 

This chapter presents the Green Stormwater Infrastructure Social Spatial Adoption (G-

SSA) model, a cellular automata agent-based model that simulates the behavior of private 

property owners responding to incentives to adopt on-site green stormwater infrastructure 

(GSI). Concepts such as small-world social networks, opinion dissemination and 

diffusion of innovation are used to capture dynamic social, spatial and temporal aspects 

of green stormwater infrastructure adoption. Demographic information, site constraints, 

GSI practice type and costs, and financial incentive information are integrated into 

modeling rules that influence adoption dynamics. A methodology is presented that 

describes how these concepts have been translated into an agent-based modeling platform 

that provides the opportunity to explore modeling dynamics and output. A generalized 

city comprising common neighborhood types is the context for modeling, which provides 

a template for incentive-based simulations for other urban landscapes facing stormwater 

runoff challenges on privately-held properties. Model output confirms the viability of the 

methodology presented and produces results that inform future efforts to explore the G-

SSA model in greater detail. Initial findings show that the G-SSA model generates output 

consistent with GSI adoption patterns observed in innovative GSI incentive programs.     



11 
 

 
2.1 Introduction 

2.1.1 Chapter overview 

 This chapter provides a description of a modeling framework, the G-SSA model, 

which simulates the adoption of GSI practices by private property owners. This approach 

includes technical areas, such as economic behavior, agent-based modeling (ABM), 

stormwater management, and computational analysis. Modeling elements are presented 

as well as an overview of the synthesis of these elements into the modeling environment. 

A series of indexes and metrics created specifically for the G-SSA model is introduced 

and discussed. Data sources and assumptions are described and the G-SSA model 

construct is presented. An application of the G-SSA model based upon hypothetical 

conditions is presented to confirm the model behavior is consistent with expectations 

based upon the model construct. Finally, modeling results are presented and discussed to 

highlight significant dynamics of model output and behavior.   

 Readers should note the terminology used in this document associated with 

private properties both in the physical and the computational context. Specifically, the 

term “parcel” will be used to refer to private properties in the physical context while the 

term “cell” will be used to describe private properties in the computational context. The 

term “site” is used in the context of a “project site” that connotes the technical 

dimensions of features or characteristics of a parcel associated with stormwater runoff or 

GSI practices.        
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2.1.2 Stormwater runoff, urban retrofits and incentive programs  

 Communities are in need of cost-effective and innovative strategies for 

stormwater management infrastructure investments. This need is driven by the fact that 

stormwater-driven impacts increased peak flow volumes and discharges in urban 

waterways. Additionally, stormwater runoff generates elevated pollutant loads from 

stormwater-driven sources that leads to degraded aquatic ecosystems and endangers the 

safety of people, property and infrastructure across the country (O’Driscoll, Clinton, 

Jefferson, Manda, & McMillan, 2010; Paul & Meyer, 2001). Stormwater-driven impacts 

and associated pollution is the only major increasing or fast-growing source of water 

pollution across much of the country, including sensitive waterbodies such as the 

Chesapeake Bay and Puget Sound (U.S. EPA, 2012). The physical drivers behind these 

increasing pollution levels are associated with pollutants that are washed off the land 

surface by stormwater runoff. A landscape comprised primarily of impervious surfaces, 

which is closely associated with typical urban development, leads to increased flooding, 

reduced air and water quality, loss of aesthetic value, and increased temperatures through 

the “urban heat island” effect (Kloss, 2008; Konrad, 2003; Vingarzan & Taylor, 2003). 

Additional impacts are generated when combined sewer systems (CSS), which are 

designed to convey both sanitary and stormwater flows concurrently, are overwhelmed 

and lead to the discharge of raw or partially-treated sewage to receiving waters. In both 

instances, the underlying cause for increasing runoff is tied to our urban footprint.  

 Investments to reduce impacts related to urban runoff are made by constructing or 

installing stormwater management practices on publicly- and privately-owned and 
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controlled land, most commonly to meet a regulatory requirement. For example, a 

municipality may construct stormwater infrastructure to meet Total Maximum Daily 

Load (TMDL) requirements or stormwater regulations based upon a National Pollutant 

Discharge Elimination System (NPDES) and Municipal Separate Storm Sewers (MS4) 

permit. Another example is that a land developer or a homebuilder would construct 

stormwater infrastructure to meet regulations based upon the amount of runoff generated 

by a land development site.  

 Historically, these requirements have targeted primarily “greenfield” 

development, which is urbanization of areas previously not developed. Increasingly, 

however, MS4 permits are requiring that municipalities treat runoff from a portion of 

existing untreated developed land. This dynamic is forcing communities to increase 

investments in constructing stormwater management infrastructure by retrofitting areas to 

provide treatment for runoff from areas where runoff is currently not captured or treated. 

An example is the requirement by the Maryland Department of the Environment (MDE) 

for MS4 permit holders to retrofit 20% of untreated impervious areas (MDE, 2014). 

These requirements can generate the need to implement urban retrofits on large volumes 

of impervious cover, such as Prince George’s County, MD, which is required to treat 

15,000 impervious acres to meet regulatory requirements by 2025 (U.S. EPA, 2018).  

 A significant portion of impervious cover in urban areas is located on private 

properties. For instance, over 50% of the properties in an area targeted for stormwater 

infrastructure investments by New York City Department of Environmental Protection 

are privately owned, which is forcing the Department to develop strategies to implement 
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stormwater management retrofit projects on private properties (National Resources 

Defense Council, 2017; New York City Department of Environmental Protection, 2017). 

While investments in stormwater management can be readily made by municipalities on 

publicly-owned land, the need to implement stormwater retrofits on private parcels is 

more challenging. On public lands, a municipality can build stormwater infrastructure as 

needed; however, the implementation of urban retrofits on private properties cannot be 

mandated.  

 In response to these constraints, communities are employing programs that use 

incentives and market-based approaches to spur the adoption of stormwater infrastructure 

on privately-owned parcels. These incentives are estimated to be offered by over half of 

all stormwater utilities in the United States. Typically, these incentives are based upon a 

requirement for a private parcel owner to adopt or install a specified stormwater 

management control (SMC) or meet a specific performance threshold (e.g., reduce total 

suspended solids by 80% or capture/retain the first 1 in of runoff generated by the site) 

according to Kumar and White (2018). Incentives in this context commonly take the form 

of technical assistance, a reduction in a stormwater fee, a subsidy/cost-share arrangement, 

or a combination of all of these (Kumar & White, 2018).  

 The response to stormwater-focused incentives is often low and not well 

understood (Doll & Lindsey, 1999; Parikh, Taylor, Hoagland, Thurston, & Shuster, 

2005). In a study of seven Illinois communities with a stormwater fee and rebate type of 

incentive program, it was found that participation rates in these incentive programs were 

five percent or lower in all cases (Village of Winnetka, 2013). Similarly, approximately 
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6,500 of the 275,000 households, or approximately two percent, have engaged in 

Washington, DC’s RiverSmart stormwater incentive program since 2009 (Water Words 

That Work, 2015).  

 In an attempt to overcome low participation rates in stormwater incentive 

programs, some communities are experimenting with innovative market-based 

approaches. Two examples include Philadelphia Water Department’s (PWD) private-

sector oriented grant program and a credit-based stormwater retention trading programs 

in Washington DC,   

 PWD started to charge for stormwater services in the 1960’s based upon water 

use (PWD, 2011). The basis of water consumption for stormwater fees was used due to 

the ease of quantification, but it created disparities between runoff-generation volumes 

and fees paid on stormwater (PWD, 2011). For instance, a small manufacturing entity 

with minimal impervious cover who uses large amounts of water would pay significantly 

more than a used car dealer who uses little water but generates high volumes of runoff 

from a parking lot. To enhance the equity associated with stormwater fees, PWD 

transferred a water usage-based fee to a parcel-based fee for stormwater services that 

established a rate for non-residential parcel owners based upon the amount of impervious 

cover at the parcel level (National Resources Defense Council, 2012). For some non-

resident private parcel owners, this fee is significant. To incentivize these fee payers to 

adopt retention-based SMCs, PWD established the provision that up to 80% of the fee 

could be eliminated assuming the installed practice met the requirements of controlling at 

least the first inch of stormwater runoff on site (PWD refers to this level of treatment as 
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“greening” of impervious cover). This “big stick, big carrot” approach generates a 

substantial opportunity for private third parties to invest in urban SMC retrofits. To 

catalyze action behind this opportunity, PWD launched a program that pays private 

entities to implement SWM retrofits on non-residential properties (PWD, 2018). The 

benefit to parcel owners is a significantly reduced stormwater fee and an enhanced 

aesthetic quality for properties that can increase parcel value. Adoption of GSI on private 

properties through this program is helping PWD meet their regulatory goal of “greening” 

10,000 acres within their combined sewer shed.  

 Washington DC’s Department of Energy and the Environment (DOEE) also uses 

an incentive-based approach to promote the adoption of GSI on private parcel. Rather 

than use a subsidized grant program, this approach uses a trading mechanism as well as a 

credit/rebate program to drive the program (DOEE, 2019a). The program, known as the 

Stormwater Retention Credit (SRC) program, is the first credit trading program in the 

United States whose currency is stormwater retention. The SRC trading program requires 

that developers meet half of their regulatory requirement of capturing 1.2 in of runoff on-

site; however, the remaining 0.6 in of runoff can be met through the purchase of SRCs. 

SRCs are generated by parcel owners retaining more than is regulatorily required on their 

site. The owners who generate SRCs can then sell them to those who need SRCs to meet 

regulatory needs. In addition, the installation of retention-based SMCs can generate up to 

a 55% reduction of the stormwater fee administered by DDOE. It should be noted that 

SRCs can be generated by land developers treating more than is regulatory required as 
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well as parcel owners with no regulatory obligations providing any level of retention-

based treatment.       

 While the policies and rules associated with innovative incentive stormwater 

programs can be clear and well-established, uncertainties regarding stormwater fees and 

credits currently exist. Similarly, the understanding of balance of credit supply and 

demand in a trading-based approach in this nascent and unique program are difficult to 

predict (Federal City Council, 2015; NRDC, 2012). Modeling approaches have been 

developed that simulate GSI adoption in the context of incentives at the neighborhood 

level (Montalto et al., 2014; Zidar et al., 2017). However, no current methods or models 

are available to simulate the behavior and patterns associated with the decision-making 

paradigm of private parcel owners across a cityscape in the context of the SRC market or 

those similar to it.  

 Two forms of simulation for dynamics of policy analysis regarding practice 

adoption are available: ex-post and ex-ante (Mostafavi, Abraham, & DeLaurentis, 2011). 

Ex-post analysis is based upon hindcasting, and therefore focuses on data analysis after 

an observed, studied or monitored event has occurred. This type of analysis is best 

applied to static systems or policy analysis of constructs with large data sets associated 

with policy outcomes. To contrast, ex-ante analysis is a forward-looking approach that is 

used to provide a greater understanding of a complex system’s or framework’s behavior, 

especially those systems or frameworks with limited applications. This approach 

considers a variety of modeled outcomes through analyses across a variety of parameter 

values, scenarios, and conditions (Bankes, 2002). The topic of incentive-based 
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approaches to drive retention-based GSI practice adoption on parcels is new and has a 

high degree of complexity. The lack of data on market-based incentive programs for GSI 

adoption limits the ability to perform ex-post analysis and points to research that is 

focused on ex-ante analysis.   

 The objective of this paper is to introduce the G-SSA model and to describe the 

methodology used to develop this model. This ex-ante simulation and visualization 

framework utilizes an ABM platform. The context of the modeling is based upon a 

market-based program approach that uses financial incentives to encourage the 

investment of GSI practices. Incentives require that one or multiple SMCs within a 

family of retention-based SMCs available be implemented at the parcel level. The 

methodology presented here is based upon a need to understand and integrate several 

technical areas of study and practice. Specifically, the methodology assembles aspects of 

behavioral economics associated with GSI adoption, fundamentals of GSI practices, 

diffusion of innovation dynamics, opinion formation and propagation, small-world 

network dynamics, and GSI incentive and market-based policies. Specifically, this study 

contributes to three streams of research: (1) GSI practices and implementation on private 

properties, (2) social and spatial influences on GSI adoption by private parcel owners in 

an incentive-based context, and (3) the methodology of developing an agent-based 

model/cellular automata framework to simulate GSI adoption across a city-wide 

landscape. 
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2.2 Background 

 The basis of the interest in GSI in the stormwater and wet weather sector is based 

upon a variety of characteristics associated with implementation of GSI practices. For 

instance, in many circumstances, retaining water on-site through the use of GSI is more 

cost-effective in multiple applications than traditional gray infrastructure options, such as 

the use of underground storage tunnels or tanks. These applications include such as 

reducing CSOs, treating the pollution within runoff, replenishing groundwater resources, 

and reducing erosion of headwater streams. In addition, GSI provides additional benefits 

such as improved air quality, enhanced parcel values, and improved social well-being 

(American Society of Landscape Architects, 2013). This dissertation document will refer 

to the family of SMCs that are employed to meet the goals of the GSI approach as “GSI 

practices.” The use of these practices and retention-based standards are on the rise across 

the United States, but they are still considered novel or innovative approaches in most 

areas (Government Accountability Office, 2017).  

 When presenting information on GSI, the U.S. EPA (2014b) states that this type 

of infrastructure, “uses vegetation, soils, and natural processes to manage water and 

create healthier urban environments” (p.2). The universe of GSI practices varies between 

regulated entities, but there are common categories that have emerged. Table 2-1 

provides a brief definition of common GSI practices. 

 A central goal of GSI is to retain runoff at the site level to reduce the impacts of 

urban stormwater runoff impacts in downstream areas. Considering that a majority of the 

land in the United States is privately held (U.S. Bureau of the Census, 1991), it is clear 
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that the motivation to treat stormwater at the site level drives the necessity to locate GSI 

on private parcels as well as on public parcels. While the national average of private land 

ownership is approximately 60%, some states in the Mid-Atlantic, such as Virginia and 

West Virginia, have over 80% of land in private control, and other states, such as 

Maryland and Delaware, with over 90% of privately-held land (U.S. Bureau of the 

Census, 1991). While implementation of GSI on private parcels by land developers is a 

logical extension of the nature of land development work (which is usually done on 

privately-owned parcels), the motivation for public entities to implement GSI on private 

land is exacerbated for those who cannot meet regulatory requirements by implementing 

GSI on publicly-owned land alone (NRDC, 2015).  

 

Table 2.1 Summary of Green Stormwater Infrastructure Practices (adapted from U.S. 
EPA, 2014a) 
 

GSI practice Definition 

Downspout disconnection The disconnecting of rooftop or building drainage lines that 
tie directly to underground storm or combined sewer systems 
in order to direct runoff to on- or near-site retention through 
rainwater harvesting or infiltration practices 

Rainwater harvesting Practices capturing of runoff generated from impervious 
areas (most commonly rooftops) in a storage facility, such as 
a cistern 

Rain garden (bioretention) Small vegetative-based facilities that capture and infiltrate 
runoff either to underdrain systems or directly to shallow 
groundwater systems that provide water quality treatment  

Planter box Bio infiltration-based structures with vertical walls normally 
located in transportation corridors or parking areas 
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Table 2.1 (Continued) 
 

 

GSI practice Definition 

Bioswale Channels lined with grass or vegetation with a relatively flat 
longitudinal slope (normally < two percent) and flat side-
slopes (normally < 1:3) that can include subsurface filter 
media systems for enhanced water quality treatment 

Permeable pavement Pavement systems that provide the capacity for water to soak 
through paved areas and be stored in underground zones for 
detention or retention purposes 

Green Roof Vegetative-based coverings of rooftop areas. These practices 
are generally categorized as being extensive or intensive in 
profile, with the former being considered “thin” and the latter 
having a more robust profile  

 

 Challenges associated with GSI adoption by private parcel owners include needed 

capital for design and construction of GSI practices, technical knowledge to implement 

and maintain these practices, and ongoing funds to ensure the functionality of these 

practices (University of Maryland Environmental Finance Center, 2013). Beyond these 

needs is the recognition that policy challenges exist when retrofitting of already-

developed private land is used to meet regulatory requirements in the public domain. 

These challenges are primarily due to a lack of ability to mandate GSI investments on 

these privately-held parcels. For this reason, an increasing number of municipalities are 

investigating the use of incentive-based programs to address the significant amount of 

stormwater runoff treatment required in permits (Brown & Sanneman, 2017). 

Understanding how incentive-based programs evolve requires a method of analysis 

reflecting the disparate and varying nature of decision-making by individuals. 

Assumptions of classic economic theory reflect that people are idealized decision-makers 

who are completely rational, consistently profit-seeking, and static in their decision-
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making (Simon, 1959). However, the dynamics of actual human behavior is that decision 

makers are often irrational, inconsistent and driven by both financial as well as non-

financial factors. 

2. 2. 1 Social and spatial aspects	

 The ability to simulate GSI adoption requires an understanding of how decisions 

are made by individual parcel owners and how these individuals influence each other 

regarding the adoption of an innovative technology (GSI in this case). Further, this 

understanding includes what macro-level patterns of adoption emerge under a variety of 

initial conditions reflecting differing policy scenarios, programmatic conditions, and 

economic assumptions. For this research, the behavior of interest centers around factors 

that affect the decision-making of individual private parcel owners when considering the 

adoption of GSI on-site.  

 An assumption for this research is that decisions are made in the context of 

incentives provided, such as a rebate or discount on a stormwater fee, the generation of a 

monetary credit, or both, by adopting GSI on-site. Additionally, other financial 

advantages (e.g., energy savings gained, cost avoidances) and non-monetary benefits 

associated either with personal or social beliefs (e.g., aesthetic quality, environmental 

ethic, conformity with social norms), or ecosystem services (carbon sequestration, 

microclimate control, social well-being) are assumed to play into decision-making as 

well.  

 The research presented addresses three aspects of social and spatial dynamics 

related to GSI adoption: (1) how individuals intend to behave based upon decisions-
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making factors, (2) how information spreads through a population, and (3) how 

innovative practices or approaches are adopted by a population. Details regarding the 

specific methods to measure these aspects are outlined in this section starting with 

behavioral intent.   

2.2.1.1 Theory of planned behavior  

 The field of behavioral science and economics that attempts to address questions 

regarding decision-making patterns in both fiscal and non-fiscal contexts is referred to as 

behavioral economics (Cialdini, 2018). Individual-level behavioral economics in this 

research is rooted in the theory of planned behavior (TPB), which has become one of the 

most influential approaches to predict human social behavior (Rivis & Sheeran, 2003). 

As Equation 2.1 shows, the TPB posits that one’s personal beliefs (attitude, AT) 

regarding a potential action taken along with social pressure (social norms, SN) and 

perceived behavioral control (PBC), which refer to one’s perception of the ease or 

difficulty of performing an action or behavior, taken together represent behavioral 

intention (BI) (Armitage & Christian, 2003).  

  BI = f 𝐴𝑇, 𝑆𝑁, 𝑃𝐵𝐶         Eq. (2.1) 

 An assumption of TPB is that the stronger the intention in a behavior, the more 

likely that action will be taken reflecting this intention (Ajzen, 1991). Additionally, the 

TBP posits that intention is an immediate antecedent of actual behavior (Ajzen & 

Fishbein, 2005). Mancha et al. (2014) proposed a variation of TPB focused on 

environmental issues referred to as the Environmental TPB (or ETPB). The results of this 

work showed that all three TPB variables (attitude, norms, behavioral controls) were 
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statistically significant in their relationship with behavioral intent on environmental 

issues and suggests that the construct of the ETPB is a good representation of the 

relationship between TPB variable and behavioral intent. Shaw et al. (2011) utilized the 

TPB construct to gain understanding on factors influencing the adoption and care of on-

site bioretention facilities in a suburban Wisconsin community. A significant finding 

from this research is that the TPB approach provides statistically-significant relationships 

between decision factors and intent providing useful insights on on-site GSI adoption.   

2.2.1.2 Diffusion of innovation and social network dynamics 

    As with other innovative technologies and approaches, the expected growth for 

GSI implementation is to follow a logistic growth pattern that follows three common 

phases: an initial or “infancy” phase, a growth stage, and a maturity stage. This growth 

pattern was first described by Beal and Bohlen (1957) for innovation adoption in the 

agricultural industry along with the profiles of individual types associated with dominant 

activities in each phase (e.g., innovators, early adopters, etc.). This type of growth has 

been observed in many other fields, including public health, information technology, and 

education (Rogers, 2003). In the environmental sector, logistic growth has occurred in the 

municipal waste recycling sector (U.S. EPA, 2012) and is currently occurring for 

photovoltaics and wind energy adoption (Schilling & Esmundo, 2009). This growth 

pattern is often referred to as “diffusion of innovation” (DoI; Rogers, 2003).  

The basis of DoI dynamics is focused on interpersonal communication within a social 

network to spread information and opinions. This social behavior is also described as the 

“small-world network” effect (Dodds, Muhamad & Watts, 2003). This phenomenon is 
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based upon research showing that social networks composed of local (geographically 

and/or socially close) contacts comprise a large majority (90% or more) of social 

interactions, and therefore influence decision-makers (Watts & Strogatz, 1998). The 

small-work network dynamics are driven by the premise that adoption of an innovation 

by earlier adopters may reduce the uncertainty surrounding the efficacy and performance 

of the innovation for nearby potential adopters. This tendency to gage risk through peer 

input regarding innovation adoption outcome is referred to as a “threshold model” 

(Granovetter, 1978).  

2.2.1.3 Opinion dissemination 

 Opinions related to the support of environmental issues, and support of 

stormwater investments specifically, influence on-site GSI adoption rates (Water Words 

That Work, 2015). Other factors that are associated with tendencies for 

favorable/unfavorable opinions are associated with demographics and patterns of 

altruistic investments as well as past behavior related to responses in the context of 

incentives for on-site GSI investments. For instance, a study of Washington, DC’s GSI 

incentive program, RiverSmart, highlights the demographic profile of residential parcel 

owners who have engaged with the program through GSI adoption based upon cost-

sharing incentives. The most common profile for those who engaged in the program were 

middle-aged and middle-class professionals living in a single-family home with a small 

household who are financially responsible and secure and have an interest in the 

environment (Water Words That Work, 2015).  
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 Opinions regarding new programs and ideas disseminate through populations 

through social interactions as well as through public information campaigns and similar 

methods. An example of this dynamic is based upon another finding from the RiverSmart 

program that that word-of-mouth was the top information transfer mechanism that drove 

awareness of the program to households throughout the District (Water Words That 

Work, 2015). A method of capturing the dynamics of DoI through opinion propagation 

associated with social engagement through an assumed small-world network is the 

“Relative Agreement” (RA) algorithm (Deffuant, Weisbuch, Amblard, & Faure, 2002a). 

This algorithm utilizes areas of opinion agreement/disagreement between two decision-

makers as well as the relative strength/weakness of opinions to estimate the influence of 

opinions between individuals within a defined sphere of influence.  

 The RA algorithm quantitatively computes the amount of agreement and 

disagreement between two individuals engaging in information sharing based upon an 

opinion on an issue of interest as well as the strength of opinions. The result of these 

computations describing this interaction is the movement of one of the individuals 

towards the other in the context of opinion. In other words, an individual with a weak 

opinion who disagrees with a strongly-opinionated individual will be “nudged” to be in 

closer agreement with the strongly-opinionated individual. If both individuals have 

agreeing opinions, the opinion of the weakly-opinionated individual will become stronger 

due to the influence of the strongly-opinionated individual.  

 Lim (2017) studied the spatial patterns associated with RiverSmart on-site GSI 

adoption over a 5-year period and found that adoptions occurred in a clustering pattern. 
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Specifically, the results of this study found that social influence is a significant pathway 

to on-site GSI adoption, and that this pathway is likely to follow a three-phase pattern.  

The first phase reflects growth in adoption occurring through innovators who adopt GSI 

with no/few influences or incentives. The second phase follows a pattern where new GSI 

adoptions are more likely to occur in proximity to the first adopters in the first phase. The 

third phase shows new growth occurring proximate to previous adoptions (whether they 

are initial adopter or not). It should be noted that Lim found that the clustering occurs in 

social demographic patterns that outweigh physical site attributes, which illustrates the 

relative strength of social aspects related to GSI adoption.        

 A component of information transfer and opinion dissemination/evolution in the 

context of GSI adoption dynamics goes beyond social interactions. Significant work has 

been done in the solar photovoltaic (PV) sector to understand the patterns of solar PV 

adoption by residential households. Rode and Weber (2006) describe the dynamics of 

“spatial imitation” (i.e., “I adopt solar PV because others have done so in my area.”) as 

greatly increasing the explanatory power of research on solar PV adoption based solely 

on spatial proximity to other adopters. Further, these researchers note that this imitation is 

spatially localized and that, “spatial proximity facilitates imitative behavior” (Rode & 

Weber, 2006, p.47). Work by others has produced similar findings in the solar PV 

adoption sector (Bollinger & Gillingham, 2012; Muller & Rode, 2013; Graziano & 

Gillingham, 2015; Rai & Robinson, 2013). The nature of GSI and solar PV are similar, as 

both are conspicuous types of environmentally-oriented infrastructure. Considering this 
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similarity, the dynamics associated with GSI can be expected to parallel the spatial 

influences solar PV adoption.    

2.2.2 Agent-based modeling applied to green stormwater infrastructure 

 Since decision-making in the context of GSI adoption in this study focuses on 

private parcel owners, a modeling approach that can capture the dynamics of a large 

heterogeneous population of decision-makers is required. One approach that is well-

designed for this type of application is agent-based modeling, which has unique 

advantages for simulating a “bottom-up” system by focusing on individuals who make 

decisions at the micro-level and may lead to macro-scale patterns (Robinson et al., 2007).  

The field of computational social science has arisen to simulate how large populations of 

decision-makers behave, and what patterns emerge based upon varying initial conditions 

by using tools such as cellular automata (CA) and ABM (Epstein & Axtell, 1996). CA 

models are similar to ABM platforms; however, they are limited to cells (normally part of 

the “environment” in an ABM system) that has various possible “states” and exist and 

behave within spatial arrangements referred to as “neighborhoods.” These neighborhoods 

are computationally-defined as a collection of cells in various spatial arrangements 

(Epstein & Axtell, 1996) and should not be confused with neighborhoods in the social 

community-oriented context. In this document, neighborhoods associated with ABM or 

CA-oriented topics will be referred to as “computational neighborhoods.” To contrast, an 

area within an urban having consistent demographics and other characteristics will be 

referred to as “urban neighborhoods.”      
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ABMs are modeling frameworks that comprise “agents” or decision-makers who interact 

with their environment and other agents when taking action in a system (Epstein & 

Axtell, 1996). Agents in this context may be individuals, groups, firms, or companies 

who are identified and given decision-making properties that affect how various types of 

agents interact (Epstein & Axtell, 1996). An ABM environment is the context in which 

the agents are placed. For instance, for an ABM that simulates school/pod behavior of 

fish, the fish would be agents (with various species represented by differing agent types) 

and the water would be the environment in which the agents are placed. Generally, 

ABMs are structured through rules of interaction between agents and their environment. 

These interactions are often formalized by equations or otherwise specified through 

interaction or engagement rules, such as “if-then” or other similar logical operations 

(Helbing & Balietti, 2011). 

 Zidar et al. (2017) and Montalto et al. (2014) developed ABM approaches to 

explore GSI adoption in the context of the City of Philadelphia. These studies included 

GSI adoption algorithms based upon site suitability, socioeconomic information, and 

financial aspects of parcel owners in a single urban neighborhood. Findings from this 

work illustrates the applicability of utilizing ABM approaches in simulating GSI 

adoption.  

 The G-SSA model presented in this research differs in many ways to these 

studies, most significantly in the scope of application. Work by Zidar et al. (2017) and 

Montalto et al. (2014) focused on one urban neighborhood (Point Breeze) in the 

Philadelphia area, and the various elements of the model, such as GSI practices to be 
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used and socio-demographic aspects, were tailored to this area. In addition, this area was 

residential, thus limiting GSI adoption dynamics to residential properties only. The Point 

Breeze study model construct included elements of social and spatial influences on GSI 

adoption that were more appropriately adapted for a localized context. In contrast, the G-

SSA model considers a variety of diverse urban neighborhood types across a city-wide 

scope modeling environment that includes both residential and non-residential properties. 

Further, the G-SSA model utilizes social/spatial algorithms to capture these dynamics 

across a larger area. Lastly, the G-SSA model was developed to be more readily adapted 

to other location as well as varying initial conditions, which facilitates the ability for 

stormwater program managers to analyze varying scenarios when considering a number 

of policy options.   

2.3 G-SSA Conceptual Model Framework  

 Tayouga and Gagne (2016) found that education/awareness and financial 

incentives were among the leading factors in green infrastructure adoption. Johansson 

(2011) described how spatial diffusion plays a role in understanding patterns of 

leadership in energy and environmental design (LEED) building adoption and 

construction following a “neighborhood effect” and that these patterns follow a normal 

distribution of individuals with varying levels of innovativeness (Morrill, 1972).  Further, 

the role of proximity when adopting innovative practices was explored by Grattet, 

Jenness, and Curry (1998). This chapter focuses on the integration of these disparate 

model elements into an ABM-based modeling platform, the G-SSA model.  
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Specifically, the G-SSA model represents a synthesis of algorithms and computational 

processes that account for dynamics associated with parcel owner decision-making, 

social and spatial influences, and physical/site and parcel owner financial attributes. This 

model provides a platform to simulate on-site GSI adoption across a city-wide landscape 

in both a spatial and a temporal context. Figure 2-1 illustrates the differing parameters in 

this context and how each contributes to the G-SSA conceptual model framework.   

 

 

 Figure 2.1. G-SSA Concept Model Elements 

 

2.3.1 Agent-based modeling environment 

 A variety of ABM platforms are available to assist users in the development of 

ABMs with some functioning as open source and others as proprietary. Similarly, the 
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complexity and robustness vary by modeling platform. The ABM in this research uses the 

Netlogo 5.3.1 modeling platform (Wilensky, 1999), which is an open source model. The 

benefits of this platform include a graphical tool that facilitates quick and easy 

construction of models, a strong set of modeling libraries, and the flexibility to adapt the 

model construction.  

 The ABM uses a modeling environment that is comprised of cells and agents. The 

cells represent privately owned parcels in an urban landscape. The model environment is 

comprised of cells, most of which represent residential and non-residential parcels and 

some which act as boundaries that demarcate differing “sectors” in the model.  These 

sectors represent differing urban neighborhoods with each having unique socioeconomic 

profiles and differing land use distributions. These sectors will be explained in greater 

detail later in the paper. Only cells representing parcels are engaged in computational 

analysis.   

 The agents in this model represent public outreach agents who have the goal of 

making residents of the urban landscape aware of the option to adopt GSI on-site in the 

context of a potential financial incentive or set of incentives. These incentives include the 

potential to reduce parcel owner stormwater fees and the possibility of generating 

revenue based upon the sale of stormwater retention credits based upon implementation 

of on-site GSI practices. During each model timestep, parcel owners can decide to 

implement, keep maintaining, or stop maintaining GSI practices.  
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2.3.2 Conceptual G-SSA model set-up  

 The conceptual G-SSA model uses an initialization routine to establish initial 

conditions during which cells are populated with data based upon model-established 

parameters as well as user-defined parameters. Some of these attributes are fixed while 

others adjust throughout a model run. Initial conditions for the G-SSA model establish 

information for each cell in the modeling environment related to physical and 

site/property information, social and economic information, and a series of indexes used 

in computational analyses associated with GSI adoption decision-making dynamics.   

2.3.2.1 Physical/site information 

Several attributes associated with site and parcel characteristics are assigned to cells at 

model initialization. Land uses in the model includes both residential (low-density to 

high-density) and non-residential (including commercial, office, institutional, industrial 

and mixed-use). Parcel sizes are defined in acres and are assigned to cells through the use 

of the log-normal distribution reflecting the distribution of a major U.S. city 

(Washington, DC). This distribution was used based upon findings by Fialkowski and 

Bitner (2008) that parcel size distributions in U.S. cities follow this distribution in the 

context of the G-SSA modeling context. All land uses are based upon the same 

distribution. The log-normal distribution uses a form defined by Equations 2.2 through 

2.4, with an average parcel size across all parcels in Washington, DC (to be 

approximately 0.96 acres with a standard deviation (of 2.36 resulting in an M of -1.02 

and an S-value of 1.40.    

M = ln() – (/2)     Eq. (2.2) 
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   S = ()0.5     Eq. (2.3)   

    = ln(1 + ( /)        Eq. (2.4)   

             

 Impervious acreage is based upon land use types per TR-55 (USDA 1986) for all 

land use types except for mixed-use (not listed in TR-55). The value for mixed use is 

based upon the State of California’s Guide for the California Impervious Surface 

Coefficients (Washburn, Yancey, & Mendoza, 2010).  

 Each cell is populated with information assuming that it has the potential to be 

retrofitted with GSI, so a GSI practice is selected for each cell at model set-up. GSI 

practice type is limited by land use type. Specifically, land use types industrial, office, 

commercial, high-density residential and mixed use are limited to green roofs, rainwater 

harvesting or permeable pavements. Low-density, low-medium density and institutional 

are limited to bioswales, bioretention, permeable pavements or downspout 

disconnections. Medium-density residential are limited to downspout disconnections and 

flow-through planters. Within these parameters, the assignment of GSI practice for each 

cell is randomly generated.  

 Sizing of GSI practices are based upon impervious acres treated on-site and the 

footprint required to retain the volume generated by the site. For instance, a green roof is 

assumed to have a ratio of 1:1, as it is assumed to cover the entire rooftop area for 

treatment, while rainwater harvesting and downspout disconnections require no space, 

resulting in a value of 0. Flow-through planters, bioretention facilities, and bioswales are 

sized at five percent of treated impervious area, and permeable pavement can treat up to 
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5:1 for a run-on ratio, so it is to be sized at 20% of total impervious area. These ratios are 

at, or below, a number of municipal guidance documents and associated research (PWD, 

2018; Minnesota Pollution Control agency, 2018; Iowa Stormwater Education 

Partnership, 2018). The GSI practice footprint plays a significant role in defining 

opportunity costs associated with GSI implementation. 

2.3.2.2 Financial/costing information  

Attributes associated with financial information are also established for cells at model 

initialization. For some attributes, the information is assigned directly to cells; however, 

other attributes are associated with physical or site features, which requires that 

physical/site features are assigned prior to financial information generation. For instance, 

fees for stormwater services are assumed to be based upon the use of equivalent 

residential units (ERUs), a metric representing the average impervious area for a 

residential parcel in a jurisdiction. Western Kentucky University’s (WKU) 2018 

Stormwater Utility Survey listed the median ERU as 2900 ft2 with a standard deviation of 

8900 ft2 and an average monthly charge per ERU as $5.34 for U.S. cities. The WKU 

survey also noted that a tiered ERU-based fee structured is most commonly-used in the 

United States. This tiering is based upon the type of residential parcel, with non-

residential properties charged based upon total impervious cover. The conceptual G-SSA 

model uses an ERU unit of 2900 ft2 and $5.34/month for an ERU rate (specifically, the 

fee is the ERU rate multiplied by the number of ERUs). Note that the ERU rate can be 

specified by the model user. Fees for non-residential and high-and medium-density 

residential properties are based upon total impervious area, which is converted to total 
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ERUs (determined by dividing total impervious acreage by 2900 ft2) and then multiplied 

directly by the ERU rate. For low- and low/medium-density residential properties, the 

tiered rate structure is: 

 Properties with less than 2900 ft2 of impervious cover are considered to 

have one-half of an ERU.  

 Properties with total impervious area between 2900 and 8900 ft2 reflect 

one ERU. 

 Properties with more than 8900 ft2 have two ERUs. 

 Over half of all stormwater utilities in the U.S. utilize some type of fee reduction 

based upon an action taken by the parcel owner. Typically, the action required for fee 

reduction is based upon an adoption of stormwater practices on-site. The most common 

rate for fee reduction is between 25- 50% (Kumar & White, 2018). The G-SSA concept 

model defaults to 50% reduction, which can be changed by the user.    

 A significant element of the incentive offered to private parcel owners in the 

model is to generate revenue based upon GSI adoption. GSI adoption credits generate 

revenue for the parcel owner based upon a base credit price, which is user-defined, 

multiplied by the demand-supply ratio at the current time-step (this ratio is explained in 

the model execution section of the chapter). The G-SSA model uses a default base credit 

price of $1.50. This value is below the lower end for the price of a credit of retained 

stormwater runoff in the Washington, DC. SRC program based upon previous 

transactions, which is the only similar metric available (DOEE, 2019a). This is a value 

that can be changed by the user at model initialization.  
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 GSI costs include a cost per area treated for capital cost and an opportunity cost, 

which is tied to land value and computed as the land value multiplied by the BMP 

footprint. Default capital costs are based upon Philadelphia Water Department costs 

(National Resources Defense Council, 2013) and are expressed in terms of cost per 

impervious area treated. These unit costs can be specified by model users, and it should 

be noted that unit costs can be differentiated between residential and non-residential 

properties. In the G-SSA model, the costs per impervious acres treated for both 

residential and non-residential properties are listed in Table 2-2. 

 Note that the GSI practice costs considered in the model for initial GSI adoption 

include the capital costs as well as opportunity costs. Opportunity cost is taken from 

research by Thurston (2012) who utilized hedonic analysis to estimate the per square foot 

cost for a lot as a portion of total parcel value in the Cincinnati, OH area. This same 

relationship was used in this analysis, as it is the only available information providing 

this relationship between parcel value and GSI practice opportunity costs. GSI operations 

and maintenance (O&M) costs are assumed to be a randomized percentage of total GSI 

costs between 5- 10%, consistent with current literature (Thurston, 2012).  

 Lastly, cells are assigned an average household income following an assumption 

of a normal distribution within each sector based upon an identified mean value 

representing each sector, or neighborhood type, defined within the modeling 

environment. A number of differing types of statistical distributions are used to describe 

income distribution within a community, including normal, lognormal and gamma 

(Bandourian, McDonald, & Turley, 2002). For the ease of computation and 
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acknowledgment of the varying statistical distribution of incomes at the local level, it was 

assumed that income is normally distributed in the G-SSA model. This assumption has 

also been made by other researchers (Shellooe, 2013). The mean incomes for each sector 

are based upon literature documenting average incomes for varying urban neighborhoods 

(Urban Land Institute, 2017).  The statistical parameters used in the model are listed in a 

later section of this chapter.   

   

 Table 2.2. GSI Practice Capital Costs 

GSI practice Cost per impervious acre treated 

Bioretention $4.11 

Downspout disconnection $0.35 

Flow-through planter $5.90 

Permeable pavement $5.17 

Bioswale $1.20 

Green roof $30.00 

Rainwater harvesting $3.28 

 

2.3.2.3 Model indexes 

 A series of indexes in the conceptual G-SSA model utilized for computational 

processes are defined and assigned to cells at model initialization. The use of indexes aids 

in the effort to compare input values with user-defined thresholds. In addition, indexes 
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efficiently summarize input values that are tied to the critical model elements. These 

indexes were created by the researcher for the specific utilization in the G-SSA model. 

The definition for these indexes is provided in this section along with a justification of 

index context and construct.   

 Education and awareness regarding an innovative environmental technology is a 

major factor in the process of adoption (Tayouga & Gagne, 2016). To capture the logistic 

growth curve dynamics of DoI, the G-SSA model utilizes an Innovation Index (II) that is 

based upon parcel owner age and level of education. This index is expressed 

mathematically in Equation 2.5. The basis of this index is factors used are consistent with 

those associated with levels of innovation (Rogers, 2003). Weightings consistent with the 

literature are used to develop the II, as noted below: 

        II = 0.5*(A) + 1*(B) + 2*(G)                Eq. (2.5) 

Variable A is the median age within the household of the neighborhood type (normalized 

within the universe of urban neighborhood types). Variables B and G reflect the 

percentages (as ratios) of the population within the urban neighborhood type with a 

bachelors and a graduate degree, respectively.  

 Each model initialization uses the II values for each sector/neighborhood type as a 

mean value and an assumed normal distribution within each sector to assign II values for 

each cell. This value remains fixed through the duration of the model run.  As previously 

noted, innovativeness has been found to be normally distributed within populations 

(Morrill, 1972). The specific statistical parameters used for II values are listed in a later 

section in this chapter.  
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 A fundamental aspect of the TBP social theory is personal opinion. The G-SSA 

model recognizes the many factors affect personal opinions. For instance, opinions can be 

influenced by socioeconomic, cultural and regional differences (Johansson, 2011). In a 

dynamic context, proximity to innovative environmental technologies can positively 

influence opinions of “green” investments through a “neighboring” effect. It should be 

noted that this influence is space/location-based not socially-based (Grattet et al., 2014; 

Montalto et al., 2014; Zidar et al. 2017).    

 To capture the opinion of private parcel owners, the G-SSA includes an Opinion 

Index (OI) that comprises initial values that remain fixed throughout the model execution 

along with other values that vary throughout the model run. OI is also influenced through 

social interactions by following small-world assumptions and the RA algorithm to 

provide the mechanism for the influence of opinions from parcel owner to parcel owner 

(i.e., from cell to cell). Information regarding model dynamism is presented in the model 

execution section of this chapter.  

The OI value is established initially for each cell at model initialization and is defined as: 

                   OI = B + I + S + N      Eq. (2.6) 

The maximum value of OI is 1.0, with the variables B, I, S and N each being defined by a 

maximum value that represents the amount of influence each variable has on opinion 

dynamics. The selection of maximum values for variables was defined by judgement of 

the researcher based upon a review of the literature. The variables are dimensionless 

which allows for the additive form used. The use of dimensionless variables in an 

additive context allows for flexibility of future research efforts to add or remove variables 
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and adjust ranges as additional research efforts may suggest. It is assumed that future 

efforts will ensure that the variables are dimensionless, normalized and sum to 1.0, 

consistent with the methodology developed and presented here.   

 The variable B represents a baseline value ranging between 0- 0.15 that is 

randomly assigned to all cells using a uniform distribution. The variable I represents the 

influence of the financial background (income) of those sociodemographic groups with a 

tendency for higher opinions and engagement on environmental issues. This variable has 

a minimum value of 0.05 and is further defined by an additional value between 0- 0.15 

randomly assigned to cells following a uniform distribution. The additional value is only 

available for those parcel owners who are more likely to have favorable opinions of GSI 

adoption, which are middle income owners of single-family properties and highly 

innovative non-residential private parcel owners. The variable S is associated with the 

sector a cell is located within to reflect the cultural norms of the sector. The value of S is 

defined as a minimum of 0.10 plus an additional 0- 0.20 based upon the specific sector, 

with more highly innovative sectors providing higher values within that range. The 

variable N is a dynamic value reflecting a localizing neighborhood influence based upon 

the number of surrounding cells who have adopted GSI. The initial value for N for all 

cells is 0 with N increasing in value for those cells who experience GSI adoption near 

them. More detailed computational information on these values and processes are 

described in Chapter 3.    

 A practical limitation for GSI implementation is the many potential conflicts to 

constructing GSI practices, such as existing infrastructure, poorly-draining soils, and 
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high-groundwater levels. The spatial distribution of limiting factors for GSI practices is 

very challenging or nearly impossible to predict, especially in the context of urban 

watersheds as these areas have higher potential for limitations overall compared with 

suburban or rural landscapes (Montalto et al., 2014). A value ranging from 0- 1 that 

represents the physical and site characteristics that could potentially limit the 

implementation of GSI, which is referred to as the Constraints Index (CI). The 

conceptual G-SSA model uses an assumed mean for CI of 0.5 and a standard deviation of 

0.17, consistent with the assumption of a normal distribution for site limitations when 

assigning this value to all parcels. The assumption of a normal distribution is based upon 

best professional judgement of the researcher that many sites have some limitations, but 

few have either no constraints or a prohibitively high number of constraints. With this 

said, other distributions would be reasonable to consider. For instance, the 

unpredictability of site constraints suggests that the use of a uniform distribution for CI 

would be a reasonable assumption. The exploration of this, and other distributions, is a 

potential area of future research. It should be noted that CI is dimensionless with a lower 

number reflecting fewer constraints.   

 The amount of control a parcel owner has on the ability to adopt GSI is measured 

by the perceived behavioral control parameter. In the model, this parameter is defined by 

relative income and site constraints. Specifically, relative income is measured by a 

“Wealth Index” (WI), which is defined as: 

                               WI = A / M      Eq. (2.7) 
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The variable M represents the highest annual income of all income values assigned to 

cells in the model environment and A reflects the annual income of the parcel owner 

assigned to the cell of interest (per 2010 U.S. Census data).  

An index to reflect perceived behavioral control (PBCI) is established to capture the 

multi-faceted challenges related to GSI implementation, which is defined as: 

                         PBCI = WI - CI      Eq. (2.8) 

The background factors associated with the TPB context include factors varying from 

education, age, and income to knowledge, values, life experiences, and culture (Fishbein 

& Ajzen, 1975). The indexes presented here capture many of these facets as a basis to 

simulate the adoption of GSI in a city landscape. For instance, the II incorporates age and 

education, while the OI and PBCI reflect dimensions based upon income, values, and 

culture that are often influenced by the neighborhood or sociodemographic area in which 

a person lives. Decision-making is a significant component to the G-SSA, and the various 

indexes presented are critical in capturing the key aspects of this process.  

2.3.2.4 User-specified inputs 

 Several user-defined input parameters have been discussed, including the ERU 

rate, the stormwater fee rebate, the base credit price, and GSI practices costs. Several 

other parameters are defined by model users prior to model initialization. This flexibility 

facilitates the ability to not only understand the sensitivities of various parameters but 

also explore differing scenarios that can help to inform the shaping of policies related to 

stormwater incentive programs.  
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 The Innovation Threshold is used to determine the level of awareness of parcel 

owners regarding the incentive program, as informed by the II value. Increasing this 

threshold requires that parcel owners have a higher level of innovativeness prior to 

gaining awareness of the incentive program. Similarly, the OI value ranges between 0- 1, 

and this represents the level of opinion a parcel owner needs to have in order to have a 

“favorable” opinion of GSI adoption as defined by the OI value. The default value is 0.5, 

which reflects a scenario where one needs only to have an opinion that is moderately 

positive in order to be considered “favorable.” The higher the threshold value, the higher 

the opinion a parcel owner must have before they are considered to have a “favorable” 

opinion. This threshold is critical to GSI adoption, as a parcel owner must have a 

favorable opinion of GSI adoption prior to taking action to adopt.  

 The Constraints Threshold is associated with the CI value, and the default for this 

threshold is 0.5, which represents that half the sites are generally favorable to GSI 

implementation. A lower threshold value for constraints reflects an area that has 

generally fewer constraints, while a higher value would reflect an area with high amounts 

of clay soils, high seasonal groundwater tables or other constraints.  

 Another user-defined parameter is the number of innovators, which sets the 

number of parcel owners who have adopted GSI prior to the incentive program initiation. 

An assumption is that a standard incentive program (fee reduction, subsidy, or cost-share) 

is in place prior to the introduction of market-based innovation associated with model 

initialization. This assumption is consistent with patterns observed in locations like 

Washington, DC and Philadelphia. A pre-existing non-market incentive program 
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provides an opportunity for highly innovative parcel owners to adopt GSI prior to the 

initiation of the market-based incentive program. The literature shows that standard 

stormwater incentive programs drive program engagement rates of two to five percent. 

Following this pattern, the default is for two percent of the total number of private parcels 

in the G-SSA model environment to have adopted GSI at model set-up.   The cells with 

GSI implemented at model initialization are those with the highest II values compared 

with the rest of the parcel owners in the model initialization population.  

A critical component of identifying demographic groups who may or may not more 

readily adopt GSI is based upon the definition of “middle income earners.” The upper 

and lower limits defining middle income are based upon one standard deviation above 

and below the mean of the overall population annual income assuming a normally 

distributed population, as previously noted. This information can be easily determined by 

defining this range through an analysis of federally-adjusted gross income (FAGI) 

associated with U.S. census information and can be input by the model user to define the 

upper and lower limits of middle-income earners.  

 The G-SSA model is primarily a CA model; however, there is one agent type that 

is included in the model, which is public outreach agents. The purpose of these agents is 

to educate/inform private parcel owners regarding the existence of the innovative/market-

based stormwater incentive program. The operation of these agents is explained in greater 

detail in the subsequent section; however, a simplified description is that these agents 

randomly move to cells at each model timestep. If a cell is visited by a public outreach 

agent, they are assumed to be informed of the incentive program, which reduces a 
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significant barrier to GSI practice adoption. In the G-SSA model, the default is for one 

public outreach agent to be actively engaged in outreach.    

 A major driver for urban GSI retrofits is associated with land 

development/redevelopment pressure in a region. The G-SSA model incorporates 

redevelopment into the framework by including a user-defined redevelopment rate 

parameter. For cities such as San Diego, Philadelphia, and Washington, DC, a benefit for 

using an innovative/market-based approach is to provide flexibility for the development 

community (City of San Diego, 2018; DOEE 2013; PWD, 2018; City of San Diego, 

2018). For cities such as these, as with most mature cities (e.g., Chicago, Seattle, 

Milwaukee), a redevelopment rate of one percent is common (Center for Neighborhood 

Technology, 2007). This rate represents the amount of properties that are developed or 

redeveloped in a given area annually.  

 In the context of market-based stormwater incentive programs, redevelopment 

activities generate potential demand/need for credits associated with stormwater 

management requirements. As an example, a developer who redevelops a parcel in an 

urban area is likely required to meet stormwater treatment requirements. Using a 

traditional program, this developer may have up to three options. One option is to meet 

the requirement on-site. A second options is to attempt to obtain a waiver. A third option 

often available as well is to pay into a pool or a fund that the city uses to invest in 

stormwater management on the behalf of the developer. The third option noted above is 

often referred to as an in-lieu fee (ILF) program since the payment from the developer to 

the city is made in lieu of an investment on their own site.  
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 In a market-based incentive program, a developer has the added option to 

purchase credits from a pool of credits generated by others. It is assumed that developers 

act as logical firms by purchasing the lowest-cost option available to them. Also, it is 

assumed that developers can purchase credits to meet all regulatory obligations. The 

default used for the redevelopment rate in the conceptual G-SSA model is one percent to 

reflect a mature city’s characteristic. A lower rate would generate less demand (and the 

converse being true), which would have impacts on the credit market, as is described in 

the subsequent section.  

 A phenomenon associated with innovative and conspicuous environmental 

technologies is a “neighboring” influence that raises awareness of the technology as well 

as informing opinions. Neighboring is integrated into opinion evolution as well as 

opinion influencing. The aspect of neighboring influence captured through the use of the 

Neighbors Threshold parameter. The computational dynamics of this parameter is 

presented in detail in the following section. The Neighbors Threshold is a user-defined 

setting is associated with the number of cells surrounding a center cell that has adopted 

GSI. For instance, one way a parcel owner can become aware of the incentive program is 

by having a certain number of surrounding cells who have already adopted GSI on-site. If 

the threshold is set to 2, there needs to be 2 or more neighbors with adopted GSI on-site 

in order for the parcel owner to be computationally considered to be aware. The G-SSA 

model Neighbors Threshold is defaulted to 1.  

 Financial investments are typically analyzed through the use of payback analysis. 

This analysis, in the context of the G-SSA model, represents the number of years needed 



48 
 

to recoup an initial outlay. For instance, if the capital costs for a GSI practice is $50,000, 

and the revenue associated with credits generated by this practice is $10,000 per year, the 

payback is 5 years. The default value for a parcel owner to self-invest is 7 years and the 

value for others to invest is 10 years. These values are based upon adoption of solar 

panels and related investments (Rai &McAndrews, 2012). It should be noted that dollar 

figures used in this analysis in this model do not consider inflation nor do stormwater 

fees increase over time. These assumptions assume that costs and fees are relatively equal 

over time. Future research efforts may consider more dynamic financial and costing 

elements. 

 A critical parameter associated with the RA algorithm is Mu ( which impacts 

the speed of convergence/activity of the algorithm. The value associated with this 

parameter ranges between 0-0.5, with higher values driving more activityLiterature 

suggests that a value of 0.5 is appropriate for modeling applications (Deffuant, Huet, 

Bousset, Henriot, & Weisbuch, 2002b).  

2.3.3 Model execution 

Model execution in the conceptual G-SSA model is done through a series of program 

modules that work in a sequential fashion to provide a model result. Output from the 

model is GSI adoption across the modeling environment. Each module provides a critical 

function in model performance.  

2.3.3.1 Overview of modules 

 The Initial Conditions module establishes the starting point for the conceptual G-

SSA model by utilizing model defaults and user-inputs to establish initial model 



49 
 

conditions. This module is only activated once per model run, after which the five 

remaining modules are activated. These five modules cycle over the model run, which is 

defined as 360 timesteps represented as months (30 years total). This model period was 

chosen as it coincides with common stormwater and wet weather regulatory terms and 

the average estimate of lifespan for GSI practices (Center for Neighborhood Technology, 

2018). As Figure 2-2 illustrates, after model initialization, the five modules remaining 

modules are engaged sequentially and are looped over teach timestep until model 

termination occurs at 30 years. At each timestep, public outreach agent(s) randomly visit 

parcels to increase awareness of the incentive program.    

 

 

Figure 2.2. G-SSA Model Modules 
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 Current state module. Subsequent to model initialization (initial conditions 

module); modeling execution involves an initial check on existing conditions across the 

landscape regarding GSI adoption. This module specifically reviews if GSI currently 

exists on a parcel (cell), and if so, whether efforts made to maintain it are financially 

advantageous. If no GSI exists on a parcel, the subsequent modules are executed to 

determine if GSI should be adopted for that parcel. If GSI does exist, an analysis is 

performed to compare the O&M costs with the benefits gained from the GSI investment. 

If the return on investment is greater than the O&M costs, GSI is assumed to be 

maintained and no other modules are activated. This analysis is performed for each parcel 

during each timestep.  

 Decision-influencing module. Social and spatial influences are significant 

dynamic elements in the G-SSA model. Social influences are made through the RA 

algorithm, as previously described. This influence is experienced by a subset of parcels 

during each timestep. The basis for this limited set of influencers is a reflection of the 

relatively infrequent social engagements expected that would focus on GSI adoption. 

This subset represents approximately 8.3% of all parcels, and over a single model run 

each parcel will experience an influencing event once per year on average. Spatial non-

social influences are considered for all parcels at each timestep, as spatial influences are 

based solely upon visual input and not dependent upon social interactions. Spatial 

influencing is computationally manifest through the “neighboring” algorithm, which 

automatically increases the opinion level for any parcels surrounding those who have 

adopted GSI on-site.     
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 Decision informing module. If the parcel has GSI adopted on-site no further 

computations occur for that parcel in terms of decision-making. For parcels without 

adopted GSI on-site, a series of decision-making parameters are checked. The initial 

consideration is the awareness that each parcel owner has of the GSI-based incentives 

being offered. Awareness in this context is based on the amount of contact with public 

outreach agents as well as the II of the parcel owner and number of neighboring parcels 

with adopted GSI on-site. A secondary consideration in this module that targets parcel 

owners who are aware of the GSI incentive program is the OI value held by parcel 

owners, which is compared with the Opinion Threshold. It should be noted that OI values 

evolve over the course of a model run. The implication of this dynamism is that a parcel 

owner may have an unfavorable opinion over many timesteps before being positively 

influenced enough to become favorably opinionated on GSI adoption. For those parcel 

owners who are aware of the GSI incentive program and have a favorable opinion, the 

next step is to consider making a decision.      

2.3.3.2 Decision-making module 

Parcel owners who are supportive of GSI adoption have a decision to make – whether to 

consider self-invested adoption or seek outside financial support. The basis for this 

decision is on the PBCI and CI values as well as the payback period. The payback 

computation is based upon an analysis of GSI practice cost and credit revenue generated 

at that timestep. A dynamic aspect of the model is the supply and demand of credits. The 

basis for tying the credit-to-supply ratio to credit price is based upon the assumption that 
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a surplus of demand will increase the value of this limited resource (stormwater credits), 

while an oversupply of credits will dampen the value of credits.   

 As development or redevelopment occurs across the modeling environment, land 

developers who are required to meet stormwater management regulations are assumed to 

seek credits from the pool of available credits. In this way, development/redevelopment 

drives the market by increasing the amount of demand. The level of this type of demand 

is driven by the redevelopment rate defined by the user (defaulted to one percent). The G-

SSA model allows for additional municipal sector demand; however, the default does not 

include this additional demand. Credit supply is generated by parcel owners who choose 

to adopt GSI on-site voluntarily. The ratio of demand-to-supply is computed at each 

timestep, and this ratio is multiplied by the base credit price (default is $1.50), such that a 

perfectly balanced demand-to-supply condition would result in a cost per credit of $1.50. 

As demand increases, the cost for credits increases as well, and as the value of credits 

increases, the payback calculation becomes more and more favorable to parcel owners.  

 If the PBCI and CI values are favorable, but the payback period for self-

investment is longer than the user-defined threshold (defaulted to be 7 years in the 

conceptual model), the parcel owner will not be ready to decide to adopt GSI on his/her 

own. If self-investment by the parcel owner is not possible, the model checks to see if the 

payback period is less than the threshold value for outside financial support (which is 

defaulted to 10 years).   

  For the Decision module and based upon the algorithms in each timestep, the 

parcel owner decides to either adopt GSI or to not adopt GSI on-site. After this decision 
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is made, the G-SSA cycles back to the Current State module for another run. G-SSA 

model execution results in a landscape of GSI adoption across the modeling environment. 

Figure 2-3 illustrates a summary of property owner decision-making routines.  

 

 

Figure 2.3. Detailed Property Owner Decision-Making Routine Used in G-SSA Model 
 

 G-SSA Conceptual Model Case Study  

 In order to illustrate the applicability of the G-SSA conceptual framework, a 

version of the model using a generalized case study is presented. The model construct is 

not targeted at one specific city, rather, it is set up to approximate demographics and 

characteristics common to urban landscapes commonly found in cities in the United 

States. Specifically, the conceptual G-SSA model environment is comprised of five 

“sectors” that are based upon a subset of the six “neighborhood types” identified by the 
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Urban Land Institute (ULI) using factors such as population density, employment 

density, housing type, home values, rent levels, vacancy rates, employment rates, and the 

amount of new apartment development (ULI , 2018). These neighborhood types are 

summarized as:   

 Economic center.  Areas where office buildings outnumber residential buildings 

often located in the historical urban cores of cities (e.g., Bellevue, Seattle). 

 Emerging economic center. Rapidly emerging areas in zones with high 

(re)development rates where industrial and low-density residential land uses dominate 

(e.g., Southpark, Charlotte).  

 Stable neighborhood.  Historically working-class neighborhoods with diverse 

residential types/styles that are generally affordable; hence the forces of gentrification are 

significant in these areas in many cities (e.g., East Nashville).  

 High-end neighborhood. Dominated by single-family housing, these areas 

reflect high-value properties that includes walkable commercial/shopping districts and 

mixed-use landscapes (e.g., The Avenues, Salt Lake City). 

 Mixed-use district. Areas with high-density residential and upscale retail often 

located near major employment core areas (e.g., Uptown, Dallas) 

 Challenged neighborhood. Blighted residential areas with relatively low value 

properties, aging infrastructure and minimal new development (e.g., Phillips, 

Minneapolis). 

 The decision to use specifically five sectors was based upon the desire to develop 

a model that can potentially integrate all of the five different innovation populations into 
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the modeling environment: innovators, early adopters, early majority, late majority, and 

laggards (Rogers, 2003). In addition, two of the ULI-identified neighborhood types 

(Mixed-Use District and Emerging Economic Center) have similar characteristics, so the 

Emerging Economic Center was not included if the G-SSA model. Lastly, the use of five 

sectors allows for a geometry that accommodates an urban core area surrounded by other 

neighborhoods.  The use of this configuration facilitates the potential spatial and social 

influencing from an urban core (economic center) neighborhood on surrounding areas in 

terms of innovation and information dissemination, which is a significant and consistent 

dynamic in many cities (ULI, 2018). The sectors-neighborhood relationship is listed 

below and is shown in Figure 2-4 in the context of the G-SSA modeling environment.   

 

 

Figure 2.4. G-SSA Conceptual Model Sectors and Neighborhood Types 

 

Sector 1 
High‐End 
Neighborhood 

Sector 2 
Stable  

Neighborhood 

Sector 4 
Challenged 

Neighborhood 

Sector 3 
Mixed‐Used 
 District 

Sector 5 
Economic 
Center 
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 The distribution of a variety of attributes, such as average annual income, land 

use, and parcel size is established in each sector to match the corresponding 

neighborhood type for each model initialization. For instance, the properties of Sector 1 

in each model initialization is based upon information reflecting the conditions of a high-

end neighborhood. While each model set-up provides a consistent distribution of 

attributes, the spatial pattern of these attributes is random and differs with each model 

set-up.   

 To customize the G-SSA conceptual framework to this case study, specific 

information had to be gathered, synthesized and placed into the modeling context. The 

distribution of land use is based upon the description provided in the ULI report (2018). It 

should be noted that the ULI report does not provide specific information on the 

distribution of land use types by sector/neighborhood. This lack of detailed info allowed 

for the ability to create land use mixes for each sector/neighborhood customized to 

explore research questions and dimensions.  

 The average household income used in the model is also based upon the ULI 

report (2018). The range defining middle income is $46,711-$97,409, which was 

determined by analyzing the average household incomes for the neighborhood types 

associated with the ULI study. The use of the ULI report information reflects the 

hypothetical nature of the conceptual G-SSA model. While it is envisioned that a version 

of the G-SSA model applied to a single urban area (e.g., Washington, DC) would utilize 

census-based data for income and other demographic data, the conceptual model reflects 

a compilation of generalized neighborhoods common to U.S. cities. Lastly, the 
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information used to develop an II value for each sector also has basis in the ULI report. 

The default value of 0.89 is based upon one standard deviation above the mean of 

representative sector II values. Income and II values by sector are listed in Table 2-3.  

 

 
Table 2.3. Average Household Income and Average Innovation Index Value by 
Sector/Neighborhood Type 

Sector / 
Neighborhood 

Type 

Average Annual 
Household Income 

Standard 
Deviation for 

Income 

Average 
Innovation Index 

Value 

Standard 
Deviation 

for 
Innovation 

Index Value 

Sector 1 / 
High-End 

Neighborhood 
$86,800 $29,512 0.55 0.18 

Sector 2 / 
Stable 

Neighborhood 
$52,700 $17,918 0.63 0.21 

Sector 3 / 
Mixed-Used 

District 
$86,000 $29,240 0.83 0.28 

Sector 4 / 
Challenged 

Neighborhood 
$37,900 $12,886 0.56 0.19 

Sector 5/ 
Economic 

Center 
$96,900 $32,946 0.97 0.33 

 

2.4.1 Expected model behavior and output 

 The G-SSA model was executed 100 times using the default values outlined in 

this paper with output values averaged at each model timestep, and the model behavior 

was contrasted with expected model output. Aspects of GSI adoption reviewed include 

total GSI adoption and percentage of GSI adoption (both within each sector and across 

the entire modeling environment), the rate of GSI adopt by sector and overall, and the 
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amount of GSI adoption clustering. The last parameter (clustering) in this analysis is 

associated with the number of cells surrounding a central cell with adopted GSI on-site 

who also have adopted GSI. A GSI “Cluster Number” (CN) for the G-SSA model is 

defined as: 

                                                CN = 
∑

∑
∗ 9    Eq. (2.9) 

Where: 

 P represents a cell (parcel) in the modeling environment, 

 P (total) represents the total number of cells (parcels) in the modeling 

environment, 

 GSIp denotes a cell (parcel) with adopted GSI, 

 CNp represents the Cluster Number of each cell (parcel) in the modeling 

environment as defined in Equation 2.10, and 

 Ng refers to the number of cells (parcels) immediately adjacent to a cell with 

adopted GSI (i.e. GSIp) that also have adopted GSI (i.e., other GSIp cells). 

CNp = 0.111*(Ng+1)                                   Eq. (2.10) 

Equation 2.10 is used when the Ng value ranges between 0- 7.  However, for 

computational purposes, when Ng is 8 (which is the largest number it can be), the CNp 

value is assumed to be 1 (rather than 0.999). This reflects a more accurate computational 

value for this metric. For instance, 1 divided by 9 is 0.111, which is the CNp value for a 

completely isolated greened cell (i.e., Ng = 0), and 8 divided by 9 is 0.888 for a greened 
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cell with 7 surrounding greened cells (i.e., Ng = 7). However, 9 divided by 9 would be 

0.999 if using Equation 2.10, when it is actually 1.    

 The CN value reflects the “clumpiness” of GSI adoption. To illustrate, the 9 x 9 

matrix shown in the right side of Figure 2-5 represents the least clustered (and most 

isolated) array of parcels with adopted GSI. The CN value for this matrix is 1. To 

contrast, the CN value for the matrix in the left side of Figure 2-5 is 7.71 (assuming the 

matrix does not wrap around to opposite edges). If the matrix could wrap around, the 

entire matrix would be comprised of cells with CNp values of 1 and resulting CN value of 

9. The significance in understanding the clustering of GSI adoption is related to the 

diminished value of isolated and low-levels of GSI investments as well as the potential to 

harness clustering for more overall GSI adoption (York, Goharian, & Burian, 2015).   

 

 

Figure 2.5. Matrix with Minimum Clustering and Maximum Clustering (Non-Wrapping 
Matrix) 
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 Anticipated model output results and model behavior are focused on patterns of 

GSI adoption growth spatially and temporally.  In addition, the location of GSI growth 

and level of adoption by sector are critical outputs, especially in the context of varying 

model defaults and user-input parameters. For instance, it is expected that sectors with 

higher II values will have higher rates of GSI adoption and that overall growth in GSI 

adoption will reflect logistic growth. Because a recent regulatory target for a number of 

municipalities is set at managing 20% of existing untreated impervious cover, there is a 

question whether GSI adoption using a market-based approach can reach this goal 

through voluntary on-site GSI adoption. Lastly, the literature suggests that GSI adoption 

clustering is a driver for overall GSI adoption, which motivates the question on the 

modeling output reflecting that the rate and nature of GSI adoption parallels the scale of 

GSI clustering per the GSI Cluster Number.    

2.4.2 Model behavior analysis 

 The output from the G-SSA model provides informative results that are generally 

consistent with expectations for this example. Table 2-5 provides a summary of total 

impervious acres treated by adopted GSI as well as the percentage of impervious cover 

treated by adopted GSI (note that the percentages for sectors reflect the percentage 

treated within the context of that sector, not in the context of the entire modeling 

environment). The II values for each sector are provided as well for reference.  

 As expected, the percentage of GSI adoption is relatively high for Sector 5, as this 

is a highly innovative sector. The percentages of GSI adoption is higher in both Sectors 2 

and 4 compared to Sector 5, which is likely due to greater opportunities for lower-cost 
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GSI implementation associated with residential properties (especially low-density 

residential). A similar pattern arises as the lowest percentage of GSI adoption occurs 

within sector with the second highest II value (Sector 3). This is likely due to those 

sectors with relatively high percentages of low and low-medium density residential 

having generally higher GSI adoption rates overall. To contrast, Sector 3 has relatively 

few residential properties, other than low amounts of medium- and high-density 

residential areas.  

This pattern of residential properties driving higher rates of GSI adoption in the model 

output is likely a result of the fact that many GSI practices associated with non-residential 

properties in dense urban areas are not cost effective. Examples of these practices include 

green roofs and rainwater harvesting systems. In contrast, lower-cost GSI practices are 

available on residential properties that have more open space and opportunities for 

landscape-based GSI practices, such as bioswales, bioretention, and especially downspout 

disconnections. These patterns were included in the model, which drives more cost-

effective opportunities to residential spaces, generally.   

Another factor at play may be associated with opportunity cost, which is based upon 

parcel value. For instance, Sectors 1 and 4 have similarly low II values; however, the 

higher GSI adoption rates in Sector 4 may reflect the more favorable financial conditions 

associated with investments on relatively low-valued parcels.  Similar patterns emerge for 

total impervious acres treated with adopted GSI; however, the total value for Sector 5 is 

the lowest overall. The reason for the low number of impervious acres treated in Sector 5 

is likely due to the relatively small size of this sector compared to all other sectors. This 
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would also help to explain the relatively high percentage of GSI adoption in Sector 5. It 

should be noted that the overall percentage of impervious cover treated by GSI adoption 

of 34.5% is above the threshold of 20% previously discussed as a potentially common 

regulatory urban retrofit goal.   

 A review of Figure 2.6 also reveals interesting model behavior. As expected, the 

overall growth of GSI adoption (the solid green line on each graph) follows the initial 

segments of a logistic growth curve (infancy and growth); however, the last phase 

(maturity) is not reflected in the model output. This suggests that growth may likely 

continue beyond the model period of 30 years. The mid-point of the model run (180 

months) is noted on both figures to highlight the relatively long infancy period associated 

with overall GSI adoption patterns. This suggests that growth maturity may be realized 

within the modeling period if the infancy period could be shortened through a variety of 

options. Specific options to reduce the infancy periods includes an increased number of 

public outreach agents early in the program, enhanced credit prices for credits purchased 

early in the program, or a strong municipal demand at the program outset to drive 

demand more aggressively in the early portion of the program. It is also interesting that 

growth in impervious acres treated by GSI adoption for Sector 5 and overall track closely 

until the mid-point of the program. Clearly, Sector 5 led the way and influenced other 

sectors to participate in the program. It is also clear that Sector 5, being highly innovative 

and higher incomes, acts as a catalyst for the program overall. Leveraging this dynamic 

more constructively may also be helpful in reducing the infancy phase of the growth 

curve overall.    
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 Another modeling expectation was that the CN would increase as GSI adoption 

increases, and Figure 2.7 shows this to be true. The initial growth in Sector 5 GSI 

adoption coincides with the immediate jump in CN values in the first 2 years of the 

program. Another interesting pattern is the linear growth in CN between months 20 and 

180 and 180 through the end of the model period, with an inflection occurring at 180.   

 

 Table 2.4.  G-SSA Conceptual Modeling Output Summary After Full Model Run 
 (Time = 360 months) 
 

Sector 

Percentage of 
Impervious Acres 

Treated by Adopted 
GSI 

Total Impervious 
Acres Treated by 

Adopted GSI 

Innovation 
Index 

1 26.8 18.8 0.55 
2 44.6 30.4 0.63 
3 23.7 23.1 0.83 
4 44.9 27.7 0.56 
5 40.9 23.4 0.97 

All 34.5 120.4 - 
 

 

 Figure 2.6. Time vs. Percentage Impervious Cover Treated with GSI Adoption 
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 The approximate slopes before and after timestep 130 months is telling. 

Specifically, the slope between 70-130 months is 0.35%, while the slope beyond 130 

months is more than approximately double this slope (0.9%). This abrupt change 

coincides with the transition from infancy to growth phases in GSI adoption overall. The 

dynamics of clustering clearly plays a significant role in overall adoption, as illustrated 

by Lim (2017). Initial G-SSA modeling reflects these dynamics as well. Lim suggested a 

three-phase evolution in cluster growth. Figure 2-7 shows an immediate increase in 

cluster size within the first year of the program, with a slower yet still aggressive growth 

phase until year 2, after which cluster growth becomes less aggressive. This may follow 

the pattern of clustering identified by Lim.     

 

 

  Figure 2.7. Time vs. GSI Cluster Number 
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2.5 Conclusion 

 The drivers for adoption of GSI on private properties are significant and growing. 

The limited ability to use command-and-control methods by regulators and public sector 

stakeholders to meet urban stormwater retrofit requirements in some programs has 

created the need for creative solutions. One example is the use of market-based 

approaches that provide incentives for private parcel owners to adopt GSI on-site and 

provide O&M services as well. While the forms of incentives can vary from stormwater 

fee reduction to subsidy payments to tradable credits revenues generated, the dynamics 

related to economic behavior of properties owners in the context of an incentive-based 

program are not well known or understood currently. The modeling methodology 

presented in this paper provides a conceptual basis to simulate this behavior using agent-

based modeling.   

 The model presented in this chapter brings together several concepts in an attempt 

to simulate the adoption of GSI on private parcels. Using publicly-available demographic 

data as well as social theory and behavioral economic relationships based on sound 

literature, the G-SSA model synthesizes well-established decision-making and socially-

based opinion dissemination routines to simulate GSI adoption. This simulation 

illustrates how market-based GSI adoption may evolve temporally to meet regulatory 

goals for urban retrofits facing many communities today. The results of modeling 

presented in this chapter provide consistent and expected performance, which supports 

the underlying assumptions and routines used in the model-development process.  
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The G-SSA model provides a platform for specific locations where mandates require 

increased GSI adoption in the future, such as Washington, DC, Milwaukee, or Seattle, to 

use model simulation to investigate targeted questions of importance. These questions 

may be associated with policies associated with GSI programs, such as fee level, amount 

of incentive, or public outreach/engagement investments associated with incentive 

programs. Additional opportunities exist for these cities to assess issues associated with 

socially-based and behavioral economics-oriented processes that underlay the dynamics 

of GSI adoption. Potential future work that can be facilitated through the use of the G-

SSA model in these areas is described below.     

 Model output highlights areas of further study and policy engagement. For 

instance, what role does opportunity cost play in GSI adoption, and how does clustering 

relate to other modeling parameters and how does it vary across sectors? These questions, 

and many others, highlight the need for further investigation in the nascent field of ABM 

and market-based dynamics in the stormwater field.      

 The overall utility of the approach presented here is to initiate the discussion on 

better understanding private parcel decision-making in incentive-based GSI programs. It 

is hoped that the use of G-SSA model simulation will further encourage stormwater 

program managers to consider novel approaches to addressing impervious cover that is 

located on privately-owned properties.  

 The conceptual modeling presented in this chapter represents an initial step in the 

evolution of ABM-development efforts to simulate incentive-based programs for GSI 

programs. Many questions remain as do areas of further exploration and investigation. 
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For example, it is not fully understood which factors dominate in the ABM presented in 

this chapter. Would adding municipal demand to the development/redevelopment 

demand alter the dynamics of the program, and if so, how much and in what ways? How 

would changing thresholds for opinion, innovation, and constraints impact model 

behavior and output? Similarly, how would adding public outreach agents change GSI 

adoption rates and patterns? Could the number and nature of these agents vary over time 

to become more effective? Could we better leverage innovative areas, such as Sector 5, to 

provide overall enhanced GSI adoption? These issues may be addressed through efforts 

such as sensitivity analysis and further model investigation.  

 Beyond computational dynamics, there are policy issues that can be addressed. 

For instance, would the model behavior for place-based version of the G-SSA reflect 

similar dynamics to the conceptual model? For areas/sectors with lagging GSI adoption, 

could public outreach efforts focused here enhance social equity in incentive programs? 

Recent work by Locke and Grove (2016) focusing on urban forest and green space 

patterns in Baltimore, Maryland and Washington, DC highlighted the need to tailor 

public outreach and engagement uniquely to varying areas and communities based upon 

geodemographic market segmentation. Could public outreach and engagement tailored in 

this way be more effective in areas with lower rates of GSI adoption?  

 More work is needed to refine the details and potential applications of the 

modeling presented in this chapter. Considering the increased interest in market-based 

programs in the stormwater sector, this work will be well-valued and has the potential to 

provide significant positive impacts to the sector.    
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Chapter Three: An Agent-Based Model of On-Site Private Property Green 
Stormwater Infrastructure Adoption 

 

Abstract 

The impacts from urban runoff generated from existing impervious areas is driving the 

need for nature-based stormwater retrofits on both public and private parcels. This paper 

reports on a simulation platform that focuses upon the investment of green stormwater 

infrastructure (GSI) on private property at the parcel level. The proposed method of 

analysis is based upon the development of a cellular automata (CA)-based, agent-based 

model (ABM) referred to as the Green Stormwater Infrastructure Social-Spatial Adoption 

model (G-SSA). This model utilizes socio-economic theory, driven by computational 

algorithms, to simulate social and spatial influences impacting on-site GSI adoption on 

private parcels in the context of market-based incentive programs led by municipal 

stormwater departments. The version presented in this paper is based upon a hypothetical 

city; however, the G-SSA model has the potential for real-world application as well. An 

analysis of model output variability and parameter sensitivity was performed to explore 

model stability and behavior. Several modeling scenarios were explored producing 

results suggesting: (1) market-based programs can gain cost efficiencies over traditional 

options for parties to meet stormwater regulatory compliance, (2) clustered adoption of 

GSI follows important and distinct patterns in incentive-based programs, and (3) 
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modeling factors associated with social and spatial influences and dynamics are 

significant in the context of GSI adoption.     

3.1 Introduction 

3.1.1 Chapter Overview 

This chapter utilizes the methodology developed in Chapter 2 to develop a conceptual-

level model to simulate the adoption of green stormwater infrastructure (GSI) by owners 

of private parcels across a city-wide landscape. The methodology used is based upon a 

framework referred to as the Green Infrastructure Social Spatial Adoption (G-SSA) 

model. A detailed discussion is provided to explain the details of computational routines 

and mechanisms that underly the G-SSA model. The model output stability is analyzed 

and is shown to produce consistent results within 100 replicates. A sensitivity analysis is 

performed to explore the relationship between all user-defined inputs and GSI adoption 

resulting in stormwater retrofits capturing, treating and retaining runoff generated from 

existing impervious areas with no existing stormwater management provided currently. 

Four modeling scenarios were developed based upon results of the sensitivity analysis. 

Scenarios are defined as hypothetical urban areas with differing conditions in experience 

with GSI adoption as well as innovativeness and support for environmental issues. 

Scenarios were analyzed through G-SSA model application using 100 replicates. Finally, 

model output is presented and discussed along with suggestions of future work.   

3.1.2 Model elements 

 Urban stormwater runoff is the leading pollution source for 13% of all impaired 

rivers and streams, 18% of all impaired lakes, and 32% of all impaired estuaries (U.S. 
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EPA, 2002). The driving factor impacting these waters is the amount of developed land 

and associated impervious surfaces, such as roadways, sidewalks and rooftops (Water 

Environment Federation, 2013). Approximately 100 million acres of developed land 

exists in the United States today, with an anticipated 800,000 to 1 million acres 

developed each year over the next 25 years (U.S. EPA, 2012). In addition, several parts 

of the country are experiencing an increasing amount of high-intensity storm events and 

overall greater rainfall depths (Walsh et al., 2014). The synergistic effect of increasing 

urbanization and high-intensity rainfall events is an overall growing trend of urban runoff 

impacts.   

 Practices used to combat these impacts are referred to as green stormwater 

infrastructure (GSI). A recent survey of U.S. communities highlighted that while all 

communities surveyed use GSI on publicly-controlled space and encourage or require the 

use of GSI on private parcels, only five percent of regulated areas is targeted for GSI on 

average (U.S. Government Accountability Office, 2017). One path towards increased GSI 

implementation is through adoption of GSI practices on privately-held parcels through 

incentive programs.   

 A current challenge in addressing urban stormwater retrofits is finding 

opportunities for GSI investments on private parcels. The challenge results from the 

increase in retrofit requirements associated with regulatory requirements and 

sustainability goals, and the relative shortage of publicly-owned or controlled land in 

urban areas (U.S. Bureau of the Census, 1991). This requires the use of incentives to 

motivate private property owners to consider adopting GSI. The use of incentives 
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requires an understanding of dynamics, such as how parcel owners gain information on 

incentives programs value GSI, and make decisions on adopting innovative technologies. 

In addition, the context of urban areas drives influences between parcel owners in 

multiples ways that may impact GSI adoption patterns, rates, and volumes. This paper 

presents a method that incorporates these and other dynamics to simulate GSI adoption 

on private parcels.   

 Specifically, the G-SSA model is a simulation platform based upon ABM and CA 

dynamics. It simulates the adoption of GSI by private parcel owners in urban areas. The 

technical basis and methodology behind the G-SSA model was presented in Chapter 2 

along with an application of modeling to illustrate the functionality of the methodology. 

This paper builds upon previous work by exploring complex computational aspects of the 

G-SSA model as well as investigating the stability, parameter sensitivity and various 

modeling scenarios to gain insights on model behavior.        

3.2 Background 

 The purpose of the G-SSA model is to simulate the adoption of GSI practices on 

private parcels in the context of an incentive program led by a local government. The 

dynamics associated with the management and adoption of infrastructure is complex 

(Bernhardt & McNeil, 2008). The capacity and utility of ABM and CA tools to simulate 

these dynamics has been explored and presented by others (Moglia, Podkalicka, & 

McGregor, 2018). This type of modeling approach is in contrast to a deterministic, 

equation-based method of analysis, which may be well-suited to physical systems that 

follow consistent and predictable patterns of behavior. Helbing and Baleitti (2011) noted 
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that ABM approaches are well suited for simulating socio-economic systems, which can 

also include environmental markets or incentive-based programs for GSI adoption. One 

reason for this is due to the non-deterministic nature of these types of systems. As noted 

by Epstein and Axtell (1996), ABM-type modelling is well-designed to capture the 

behavior of non-deterministic systems.   

 The goal of the G-SSA model is to provide input and guidance for decision 

makers to assist them in designing an effective program to encourage GSI adoption by 

private parcel owners. The G-SSA model simulates the reality-based (non-idealized) 

behavior of parcel owners and the decision-making environment over an extended time 

period. The results reveal the patterns and outcomes of those individual and local 

decisions that emerge at the macro level under varying initial conditions.   

An advantage of this approach is the ability to capture the dynamics of bounded 

rationality decision-making (Meyer, Tilebein, & Simon, 2009). Differences between 

homo economicus (perfectly knowledgeable/informed and rational deciders using 

optimization for decision) and homo pyschologicus (imperfect deciders who follow 

“satisficing” rather than optimization in decision-making) was investigated by Jager and 

Janssen (2002) to illustrate the value of ABM in this context.  

 Additionally, the ability to treat decision-makers not as a monolithic group, but a 

heterogeneous population of individuals with varying levels of motivations (greed, 

altruism, ethics, etc.) and risk aversion is another advantage of ABM when investigating 

socio-economic systems (Epstein & Axtell, 1996). Bradbury (2002) also pointed out that 

complex systems, such as economies and ecosystems, are inherently unpredictable and 
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that modeling such systems should be considered an exploration of the system, not a tool 

for prediction. Considering these insights, the purpose of the G-SSA model, as with many 

ABMs, is to focus on better understanding the behavior of the system of interest rather 

than the predictive results produced. However, careful analysis of these results can 

inform decision-making regarding systems or programs, such as incentive-based GSI 

efforts, in order to achieve improved outcomes.       

 The version of the G-SSA model presented in this paper reflects information and 

conditions consistent with a hypothetical generalized urban landscape; however, the G-

SSA model can be adapted to specific cities and locations. The distinct areas defined in 

the modeling environment are referred to as “sectors” that mirror spatially-based 

socioeconomic segmentation that commonly occurs in urban areas in the United States 

(ULI, 2018) as described in Chapter 2 and as listed in Table 3-1 and shown in Figure 3-1.   

 Research by others illustrates the relevance of focusing on GSI adoption at the 

urban neighborhood level. Locke and Grove (2016) explored the dynamics of the 

adoption of green space and urban tree canopy in varying sociodemographic urban 

neighborhoods and found that adoption patterns in these areas can differ significantly. 

The G-SSA modeling output is “greened” parcels (i.e., those who have adopted GSI 

practices on-site) with analysis parameters of interest being the temporal and spatial 

patterns of GSI adoption as well as overall GSI adoption over a fixed period. These 

patterns of GSI adoption are specifically observed for private parcels in the defined 

distinct urban areas (neighborhoods), which can inform how incentive programs can be 
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designed to increase overall effectiveness as well as address socioeconomic equity across 

the urban landscape. 

 

 
Table 3.1. Dominant U.S. Urban Neighborhood Types (Source: Urban Land Institute, 
2018) 
 

Neighborhood Types Characteristics 

Economic Center 
Commercial, office and high-density residential 
district; high income area; located in urban cores 
often 

Emerging Economic 
Center 

Primarily low-density residential and industrial; area 
of likely gentrification 

Stable Neighborhood 
Working class residential area; affordable housing; 
area of likely gentrification 

High-End Neighborhood 
Low-density and high-value residential; high income 
area with some commercial and mixed-use areas 

Mixed-Use District 
High-density residential with upscale retail; often 
located near major employment core areas 

Challenged Neighborhood 
Medium/high-density residential; low-income; aging 
infrastructure, minimal development, low property 
values 

 

3.2.1 Model elements 

 The G-SSA model is comprised of two major components as noted in Figure 3-2, 

physical and financial properties associated with private parcels, and information related 

to computations, influences, as well as decision-making dynamics for private parcel 

owners.    

Physical and financial information includes specifics such as the parcel size; the land use 

and impervious cover on the parcel; the potential of GSI adoption on the parcel as well as 



75 
 

specific GSI types appropriate for the parcel, household income, and stormwater-related 

fees and potential revenues associated with GSI adoption. For the conceptual version of 

the G-SSA model, the establishment of this information is based upon the distinct urban 

neighborhood in which a parcel is located with the exception of parcel size as well as GSI 

site constraints. The applied G-SSA model (presented in Chapter 4) defines parcel size by 

urban neighborhood type, but site constraints are still assigned regardless of parcel 

location. The basis for assigning site constraint independently from urban neighborhood 

is based upon the general unpredictability of site constraint factors. Detailed information 

on the definition of physical and financial information as well as behavioral and decision-

making information is provided in Appendices A-C. 
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      Figure 3.1. Sector Configuration and Income, Age and Land Use and Innovation- 
      Related Information 

 

 

  Figure 3.2. G-SSA Model Components 
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 Influencing and decision-making information is based upon three elements that 

collectively simulate the dynamics associated with on-site GSI adoption on private 

parcels in an urban setting. These aspects are: (1) diffusion of innovation (DoI), (2) 

theory of planned behavior (TPB), and (3) spatial and social influences. As described in 

Chapter 2, these elements are integrated into the GSS-A model through computational 

and quantitative algorithms and mechanisms. In some instances, model aspects are based 

upon an index that quantitatively captures the social nature of a parcel owner, such as the 

level of opinion on GSI adoption. For other dynamics, the model utilizes algorithms to 

simulate the spatial influencing associated with GSI adoption in a given area. Information 

associated with influences and decision-making are established and assigned in a similar 

manner to physical and site information, as most of this information is related to urban 

neighborhood type in which a cell is located.   

 In this CA ABM, referred to as the G-SSA model, one agent type exists to 

simulate public outreach and engagement related to the GSI incentive program. The three 

influencing and decision-making model elements (diffusion of innovation, theory of 

planned behavior, social/spatial influences), along with physical and financial 

information and public outreach agent dynamics, ultimately influence patterns and 

outcomes associated with GSI adoption.   

 3.3 Method  

3.3.1 Computational aspects associated with spatial and social influences 

 The advantage of using a cellular automata-oriented ABM approach for the G-

SSA model is the capacity for modeling platforms to capture interactivity dynamics 
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between agents and cells. This is crucial in the context of GSI adoption. Information in 

Chapter 2 demonstrated that social and spatial influences can play a significant role in the 

simulation of GSI adoption across a cityscape. The aspects of the G-SSA model that 

capture these influences were outlined in Chapter 2, and these include the Opinion Index 

(OI), the Relative Agreement (RA) algorithm, and neighboring influences. A deeper 

investigation into the computational mechanisms that drive these modeling aspects can 

provide insights into the dynamics and influences of these aspects.    

 As noted in Chapter 2, the OI is defined for each parcel owner as listed in Equation 3.1. 

𝑂𝐼  𝐵 𝐼 𝑆 𝑁       Eq. (3.1) 

 All variables in Equation 3.1 are dimensions and are normalized to generate a 

maximum value of 1.0 for OI. The ranges for each variable as well as the details on how 

these ranges were defined is presented in Chapter 2. Additional information on how each 

variable is defined is also provided in the previous chapter.   

 While variables B, I, and S are defined at model setup and initialization and 

remain unchanged throughout the simulation, the variable N is dynamic throughout the 

model run duration. The adjustments in N translates to OI is adjusting as well. The 

dynamics of N is based upon the RA algorithm as well as neighboring influence 

dynamics. These details are described in the remainder of this section.   

Socially-driven information dissemination (i.e., “word of mouth”) was identified as a 

prime mode of growth for new adopters of GSI in the Washington, DC RiverSmart 

program (Water Words That Works, 2015). These social dynamics associated with 

stormwater incentive programs have been recognized in other jurisdictions, such as 
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Minneapolis, MN; Raleigh, NC; and Coralville, IA (University of North Carolina, 2017). 

While the RiverSmart (Water Words that Works, 2015) and other programs identified are 

not credit-based programs, the general nature of the programs are similar to credit-based 

programs. Specifically, both credit-based and non-credit-based programs provides 

incentives for GSI adoption on private parcels through some type of financial and 

assumed non-financial benefit. Considering these dynamics, the G-SSA model captures 

social transfer of information based upon “word-of-mouth”, or social network-based 

dynamics, to inform opinion dissemination dynamics throughout an urban landscape.   

 The method used to simulate this dynamic in the G-SSA model is the RA 

algorithm. This computationally-based method is similar to the approach used by 

Robinson, Stringer, Rai, and Tondon (2013) to capture social information transfer related 

to solar PV adoption by residential parcel owners in Austin, TX. Deffuant et al. (2002a) 

illustrated this approach in a conceptualized manner through a hypothetical situation 

where one individual (agent 𝑖) with opinion 𝑋  and uncertainty 𝑢  influences another 

individual (agent 𝑗) with opinion 𝑋  and uncertainty 𝑢 . Agreement is determined and 

opinion of agent 𝑗 is adjusted accordingly. Figure 3.2 and Equations 3.2 through 3.9 

illustrate the computational details associated with this process. 
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Figure 3.3. Relative Agreement Algorithm (Adapted from: Deffuant et al., 2002a) 
 

Consider opinion segments: 

𝑆  𝑋 𝑈 , 𝑋 𝑈                                        Eq. (3.2) 

𝑆  𝑋 𝑈 , 𝑋 𝑈                                                           Eq. (3.3) 

Note that the total width of 𝑆  equals 2𝑈  (with 𝑆  having the same relationship with 2𝑈 ). 

Agreement between agent 𝑖 and 𝑗 (which is not symmetric) is defined as the overlap of 𝑆  

and 𝑆  minus the non-overlapping part. The overlapping width is referred to as ℎ . The 

non-overlapping width for this case is the total opinion segments attributed for agent 𝑖 

(2𝑈 ) minus the overlapping width (ℎ ). Equation 3.4 through 3.9 provide the 

mathematical expression of the RA algorithm.         

 Overlapping width is: 

ℎ min 𝑥 𝑢 ,   𝑥 𝑢 max 𝑥 𝑢 ,   𝑥 𝑢   Eq. (3.4) 

 Non-overlapping width is: 
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𝑛ℎ 2𝑢  ℎ        Eq. (3.5) 

 The agreement is the overlap minus the non-overlap: 

ℎ  𝑛ℎ  ℎ 2𝑢  ℎ 2 ℎ 𝑢               Eq. (3.6) 

 The relative agreement (RA) is the agreement divided by the length of the 

segment 𝑆 , (recalling that 𝑆  equals 2𝑢 ):   

𝑅𝐴   1      Eq. (3.7) 

Assuming overlap is greater than the uncertainty of the influencing agent, the opinion of 

Agent 𝑗 is updated by the amount of relative agreement where μ is a constant parameter 

between 0 and 0.5 that controls the speed of the dynamics. Note that if ℎ  ≤ 𝑢 , there is 

no influence of 𝑖 on 𝑗. 

  𝑥  𝑥 𝜇 1 𝑥 𝑥      Eq. (3.8) 

Similarly, the uncertainty of Agent 𝒋 is updated as well: 

  𝑢  𝑢 𝜇 1 𝑢 𝑢      Eq. (3.9) 

 In this approach, both opinions and uncertainties are affected during interactions. 

Note that the influence of opinions is asymmetric and weighted by uncertainty such that 

agents with low uncertainty (confident opinions) have more influence than agents with 

high uncertainty (less confidence in opinions). As noted by Meadows and Cliff (2012), 

this asymmetry is consistent with the intuition that uncertain people will likely not be as 

convincing to others as one with strong opinions.   

 The RA algorithm represents the mode of opinion transfer between individuals. 

However, this method does not inform the spatial or social nature of these dynamics. In 
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other words, the RA method explains how opinion is transferred between two individuals, 

but it does not explain which two individuals are most likely to be engaged in 

information transfer. As Hamill and Gilbert (2009) highlighted, it is common for social-

based simulation models to require an underlying understanding of a social network. An 

assumption used in the G-SSA model is that information transfer occurs following the 

“small world phenomenon”, which states that most information in social contexts occurs 

between short-distance nodes (Watts & Strogatz, 1998).   

As with the use of the RA algorithm, Robinson et al. (2013) utilized small world 

dynamics when modeling solar PV adoption at the residential level. The implication of 

this assumption in the context of the G-SSA model is that between 90- 99% of RA 

interactions occur locally with the remaining balance occurring between non-local 

constructs. As noted, the value of Mu (μ) is an interaction parameter that influences the 

degree of communication intensity. Accordingly, Deffuant et al. (2002a) stated that an 

increase in the value of Mu for the RA algorithm drives a more dynamic opinion transfer 

modeling environment.  

 The G-SSA model uses spatial and other computational algorithms based upon a 

Moore neighborhood construct. A Moore neighborhood is a specific type of 

computationally-based relationship using CA that bases relationships between a central 

cell and the eight surrounding cells. This is in contrast to a Von Neumann computational 

neighborhood. Figure 3-4 illustrates the differences, with gray cells being those used in 

computational analysis in each case.           
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  Figure 3.4. Moore and Von Neumann Computational Neighborhoods 

 

 Figure 3.5 illustrates how the RA algorithm influences the OI values of cells. The 

values shown in Figure 3.5 reflects a scenario where Parcel Owner X, who has an OI 

value of 0.55 and has the potential to influence Neighbors 1- 8 between times Z and Z+1. 

In instances where the neighbor has a higher OI value, there is no influence, and therefore 

no change in the OI value. This is illustrated by Neighbors 2, 4 and 8. In instances where 

the OI value for neighbors is lower, the influence can occur. Note that the further away 

the OI values, the more significant the influence. For instance, Neighbor 5 has an OI 

value of 0.52, just slightly below the OI value of 0.55 held by Parcel Owner X. In this 

case, the OI value adjusts by increasing from 0.52 to 0.54, a 0.02 increase overall. In 

contrast, Neighbor 1 has an OI value of 0.10 that increases to 0.33 due to the influence 

from Parcel Owner X, which is an increase of 0.33. It should be noted that the OI value 

for Parcel Owner X does not change from time Z to Z+1.       
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Figure 3.5. Illustration of Influence Provided by the Relative Agreement Algorithm 

 

 Considering the conspicuous nature of both solar PVs and GSI practices, an 

assumption of the G-SSA model is that spatial influences on adoption for GSI are similar 

to solar PV and other conspicuous innovations. Further, the model reflects that spatial 

influences are based upon both social interaction and visual impacts for these types of 

innovations (i.e., GSI, solar PVs). While the RA algorithm provides information transfer 

through social networks, the G-SSA model incorporates additional spatial/neighboring 

effects by increasing the opinion of parcels in proximity to those with GSI practices 
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installed. This proximity influence is referred to as the Neighboring GSI influence and is 

intended to capture non-social spatial influences.   

 Figure 3.6 illustrates how the Neighboring GSI influence effect is accounted for 

in the G-SSA model. The mechanism for the Neighboring GSI influence is for parcels 

with adopted GSI to increase the OI of those parcels within their Moore computational 

neighborhood simply based upon proximity. This influence is on a parcel owner, as 

opposed to from a parcel owner. In this way, the direction of the Neighboring GSI 

influence is the opposite of the RA algorithm.   

 As noted in Chapter 2, the Neighboring (N) variable is a component of the OI and 

has a total maximum value of 0.35. Because the context of the Neighboring GSI 

influence is a Moore neighborhood, the total influence of any single parcel on any other 

single parcel is 0.04375, which reflects a potentially-equal distribution of influence 

across all eight parcels in a Moore neighborhood that is surrounding a central parcel 

(0.35/8 = 0.04375). In Figure 3.6, Parcel Owner X is potentially influenced by all eight 

surrounding parcels. The way a parcel can share its 0.04375-share of influence on Parcel 

X is by meeting two conditions: (1) it must have GSI adopted, and (2) it cannot have 

influenced Parcel X during previous timesteps.   

 In the example provided, the conditions for the eight neighboring parcels is 

provided for timesteps Z and Z+1. Neighbors 1 and 3 do not have GSI adopted on site, so 

they cannot influence Parcel X. Neighbor 5 does have GSI adopted; however, it has 

already influenced Parcel X in previous timesteps. The remaining neighbors (2, 4, 6-8) 

however, can influence Parcel X. Because there are five total influencing parcels, the 
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total influence during timestep Z+1 is 0.218. Note that Parcels 2 and 5-8 cannot influence 

Parcel X in future timesteps during the model run. This prohibition on future influence is 

based upon the assumption that one cannot be influenced repeatedly by the same parcel. 

The computational basis is to avoid a “runaway” GSI Neighboring influence that would 

continue to increase the OI value far above the maximum value of 1.       

 

 

 Figure 3.6. Illustration of GSI Neighboring Influence 
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3.3.2 Model computational process  

 As outlined in Chapter 2, prior to model initialization, the G-SSA model user 

must define all user-based parameters. These parameters are listed in Appendices D and 

E along with a description, definition, and data sources and default settings used in the 

conceptual G-SSA model. A subset of the user-based parameters defines thresholds 

associated with indexes established for the G-SSA model setting. Users can modify 

threshold values to modify how index values impact GSI adoption decisions. For 

example, the opinion threshold value defines the level above which opinions held by 

parcel owners on GSI adoption are considered favorable. Opinion favorability is required 

before a parcel owner would consider adopting GSI. If the opinion threshold is increased 

relative to the value used in previous model runs, it is likely that adoption rates will 

decrease. This is due to fewer parcel owners who meet or exceed the higher opinion 

threshold value.    

 Other user-defined parameters as associated with financial information, such as 

the unit cost of GSI practices, the bounds of middle-income levels, and the credit price 

for a gallon of retained runoff. Remaining user-defined parameters include the number of 

public outreach agents in the model environment, the redevelopment rate experienced 

across the modeling environment, and the value of Mu () that controls the intensity of 

social interactions in the RA algorithm.   

 The second step in model set-up is for the G-SSA model to populate all parcels in 

the model with values for all variables used in the simulation. Some of the information 

populating the model environment is based upon or influenced by the user-based 
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parameters while others are generated independently. The details on how values are 

defined and populate the model landscape is provided in Appendices A-C.   

 Once initial conditions have been established, model execution begins the process 

of iteratively simulating GSI adoption across the modeling landscape. As noted in 

Chapter 2, this process is captured in a series of modules that sequentially run through a 

series of “if-then” statements to determine a final outcome for each parcel in each 

timestep. The decisions made for each parcel are to adopt GSI or not to adopt GSI. 

Additionally, if a parcel owner has previously adopted GSI, this owner has to decide 

whether to continue to maintain the GSI practice or to abandon this effort.    

 Another aspect of the G-SSA model set-up to consider is that variables are 

determined assuming that GSI adoption will occur. For instance, a parcel that has not 

adopted GSI will have information associated with a selected GSI practice type as well as 

the potential revenue gained through GSI adoption. The purpose of identifying a potential 

GSI practice for each parcel is to enable the potential for each parcel to adopt GSI if the 

parcel owner decides to do so. In instances where the parcel owner does not decide to 

adopt GSI, the potential GSI practice identified for the site is not implemented. If 

adoption does occur, information related to the GSI practice identified for the parcel is 

engaged and utilized in the model.   

 After model setup, the G-SSA model iterates over a series of loops through a 

model run. At each timestep, all parcel owners go through a decision-making process that 

is captured quantitatively through a series of computational modules. This process is 

summarized in the following section and is illustrated in Figure 3.7.  
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Figure 3.7. Parcel Owner Decision-Making Process 

 

3.3.3 Stability of G-SSA model  

 An analysis of the stability of model is based upon the coefficient of variation 

(CV), defined as shown in Equation 3.10. 
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 𝐶          Eq. (3.10)  

 

Where (n) is the standard deviation and (n) is the mean of a data set with a population 

of n. An analysis that captures the average CV value over an increasing number of model 

replicates can be used to identify the minimum number of runs required for a consistent 

and stable model output (Lorscheid, Heine, & Meyers, 2012). Typically, an increasing 

number of model replicates is associated with CV values that do not change. The number 

of replicates required to reach the point where there is no change in CV values reflects 

the minimum number of replicates needed for producing model output in model analysis 

(Lorscheid et al., 2012).   

 The G-SSA model was executed using a series of differing model run sample sets 

(replicates) using baseline values as shown in Table 3.2. The output measured in each 

replicate is the percentage of impervious cover treated by adopted GSI throughout the 

duration of the model run (30 years). The choice of this model output for this analysis is 

due to the fundamental nature of “greened” impervious acres (areas treated by adopted 

GSI) in the context of the G-SSA model. Measuring and observing patterns in the spatial, 

temporal and volume of GSI adoption is based upon the consistency of GSI adoption as a 

model output.  

 The mean and standard deviation was determined for replicate sets between 5 and 

100. Figure 3.8 shows that the CV for each number of replicates. Further analysis was 

performed to provide additional context on model stability. Specifically, the standard 
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deviation and the variance values corresponding to the CV values associated with the 

analysis described above were determined and are also provided shown in Figure 3.8. 

 A review of Figure 3.8 reveals that CV values are relatively high and inconsistent 

for smaller replicate sets. However, CV values quickly drop to a range between 0.50 and 

0.60 and further stabilize after approximately 80 model runs to be consistently below 

0.50.  After 90 runs, there is no change in CV values over three consecutive replicate 

sizes (90, 95, 100), which is an indication of stability (Lee et al., 2015). The values of 

standard deviation and variance shown in Figure 3-8 provide further evidence that the 

model provides consistent and stable outputs. Specifically, both values (standard 

deviation and variance) decrease with increased numbers of replicates used. This trend 

suggests that the mean value becomes increasingly more representative of the replicate 

set used to generate the mean value as the size of the replicate sets increases. Considering 

that CV values remain unchanged between 90-100 replicates and that variance and 

standard deviation decrease with larger replicate sets suggests that output is stable at, and 

above, 100 replicates.   
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Table 3.2. Baseline Condition Variable Settings 

Variables Values Variables Values Variables Value 

Opinion Threshold 0.5 Number of 
public outreach 

1 
Number of 
innovators 

13 

Innovation Threshold 0.89 Redevelopment 
rate 

1.00% 
ERU rate $5.34 

Neighbors Threshold 1 
Payback-self 7 

Rebate 50% 

Constraints Threshold 0.5 
Payback-other 10 

Credit 
price 

$1.50 

Mu 0.5     

 

 

Figure 3.8. Coefficients of Variation, Standard Deviation and Variance for G-SSA 
Model for Baseline Conditions 
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3.3.4 Sensitivity Analysis for G-SSA Model  

 A sensitivity analysis of the model was performed using the one-factor-at-a-time 

(OFAT) method as this method has been shown to be preferred for agent-based models 

(Broeke, Voorn, & Ligtenberg 2016). A total of 13 variables were selected for OFAT 

analysis. Three differing values were selected for each variable, resulting in 39 different 

initial conditions to be tested. The G-SSA model was run 100 times for each set of initial 

conditions to ensure convergence occurs for model output. The range of values for each 

of the 13 variables was selected to reflect those most likely to be considered for scenario 

analysis. The number of variables for sensitivity analysis was based upon the total 

number of variables that can be defined by the model user. The mean value at each model 

time step associated with the 100 replicate model run outputs was determined for each 

configuration, with model output being represented by total impervious acres treated by 

adopted GSI at each timestep. Table 3-3 lists the low, mid and high-end ranges for the 

OFAT analysis along with averaged model final output for each input parameter 

combination.   

 Table 3.4 lists the differences between output values associated with each input 

parameter combination. To illustrate, in Table 3.3, the low end of the range tested for 

Opinion Threshold is 0.25 and the resulting total impervious acres treated at the end of 

the model run (30 years) is 141.6. Similarly, the middle of the range tested is 0.50 with 

model output being 114.3 impervious acres treated, and the high-end of the range (0.75) 

results in 4.8 imperious acres treated with adopted GSI. Table 3.4 has a similar construct. 

For example, the lower, middle, and upper ends of the range tested for Opinion Threshold 
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(0.25, 0.50, 0.75) is listed to the left of the percentage change in model output (total 

impervious acres treated by adopted GSI) between two conditions. To illustrate, the 

percentage change in model output between Opinion Threshold of 0.50 and 0.25 is 27.3, 

which is a 25% reduction compared to the model output for mid-range value for Opinion 

Threshold (114.3). Similarly, the change in model output between upper end and mid-

range values of Opinion Threshold is a 2275% reduction, and the change in model output 

between upper and lower ends of the Opinion Threshold values tested is a 2844% 

reduction. The parameters are listed in Tables 3.3 and 3.4 in order of descending 

sensitivity over the entire range used for each parameter.    
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Table 3.3. Sensitivity Analysis Variables and Model Outputs by Input Conditions 

Variables 

Sensitivity Analysis Values and Model Outputs 

Range 
Low-
End 

Total 
Impervious 

Acres 
Treated 

Range 
Midpoint 

Total 
Impervious 

Acres 
Treated 

Range 
High-
End 

Total 
Impervio
us Acres 
Treated 

Opinion Threshold 0.25 141.6 0.5 114.3 0.75 4.8 
Neighbors 
Threshold 

0 161.4 1 104.6 2 6.3 

Number of Public 
Outreach Agents 

0 36.1 1 120.0 2 159.2 

Mu 0.00 6.5 0.25 16.2 0.50 122.1 
Innovation 
Threshold 

0.71 153.0 0.89 124.9 1.13 76.2 

Number of 
Innovators 

7 89.9 13 111.5 26 143.8 

Payback-Other 6 95.5 10 113.1 14 127.4 
Redevelopment 

Rate 
0.50% 107.5 1.00% 108.2 1.50% 122.4 

Credit Price 0.75 105.2 1.50 109.7 2.25 119.8 
Constraints 
Threshold 

0.25 129.9 0.50 104.8 0.75 117.0 

ERU Rate $1.00 123.3 $5.34 120.3 $12.00 115.1 

Rebate 25% 120.2 50% 117.2 75% 119.0 

Payback-Self 3 113.3 7 120.0 11 111.7 

  

 Three variables (Opinion Threshold, Neighbors Threshold, Mu []) were found to 

be highly sensitive to model input over the range analyzed. This high sensitivity reflects 

the importance of these factors in simulating GSI adoption decision-making and 

social/spatial influences of GSI adoption. Two parameters (Number of Public Outreach 

Agents, Innovation Threshold) exhibit a moderate amount of sensitivity. Two parameters 

(Number of Innovators, Payback-Other) reflect low sensitivity dynamics. Four 

parameters (Redevelopment Rate, Credit Price, Constraints Threshold and ERU Rate) 
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exhibit minimal but measurable sensitivity, and the two remaining parameters (Rebate 

and Payback-Self) have an overall lack of sensitivity. 

  

 

 The amount of sensitivity varied inconsistently across the range of values 

analyzed. The degree of sensitivity is defined by the researcher as falling into subjective 

ranges, including high, moderate, low, minimal, and no discernable sensitivity. 

Specifically, high sensitivity is a variable that exhibits a degree of model output change 

over the input range tested (high to low) that is 1000% or higher. Moderate sensitivity is 

Table 3.4. Sensitivity Analysis Variables and Degrees of Sensitivity 
 

Variables 

Sensitivity Analysis Values and Differences in Model Output Results 

Range 
Low-End 

Midpoint-
Low 
Delta 

Range 
Midpoint 

High-
Midpoint 

Delta 

Range 
High-End 

High – 
Low 
Delta 

Opinion Threshold 0.25 - 24% 0.50 - 2275% 0.75 - 2844% 
Neighbors 
Threshold 

0 - 54% 1 - 1549%  2 - 2444% 

Mu 0.00 + 149% 0.25 + 654% 0.50 + 1865% 
Number of Public 
Outreach Agents 

0 + 233% 1 + 33% 2 + 341% 

Innovation 
Threshold 

0.71 - 64% 0.89 - 23% 1.13   - 101% 

Number of 
Innovators 

7 + 24% 13 + 29% 26 + 60% 

Payback-Other 6  + 18% 10 + 13% 14 + 33% 
Redevelopment 

Rate 
0.50% + 0.7% 1.00% + 13% 1.50% + 14% 

Credit Price 0.75 + 4% 1.50 + 9% 2.25 + 14% 
Constraints 
Threshold 

0.25 - 24% 0.50 + 10% 0.75 - 11% 

ERU Rate $1.00 - 2% $5.34 - 4% $12.00 - 7% 

Rebate 25% - 3% 50% + 2% 75% - 1% 

Payback-Self 3 + 6% 7 - 7% 11 - 1% 
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output change that is between 100- 900%. Low sensitivity is output change is defined as 

output change that is between 25- 100%. Minimal sensitivity is defined as output change 

that is between 10-25%, and no discernable sensitivity is less than 10% overall model 

output change.   

Parameters with higher levels of sensitivity are associated with social and spatial 

dynamics. This illustrates the relative importance of these parameters compared with 

those that are associated with supply/demand, financial drivers, and site characteristics. 

The dynamics of GSI adoption associated with financial aspects in the G-SSA model as a 

toggle between conditions where GSI adoption is seen as financially advantageous and 

not financially advantageous. This is in contrast to a relation between increased financial 

returns and higher levels of GSI adoption that is continuous in nature. In other words, if 

GSI adoption is not financially advantageous at all, there will be no adoption. If GSI is 

financially advantageous to any degree, the potential to GSI adoption is provided and is 

based upon the social/spatial and diffusion of innovation influences on decision-making. 

Model sensitivity focusing on model dynamics, such as temporal or spatial patterns, can 

be revealing. The outputs for each timestep for two of the most sensitive parameters, 

Opinion and Neighbors Thresholds, are shown in Figure 3.9. These illustrate the varying 

nature of sensitivity throughout a model run. One example is the relatively small 

difference in GSI adoption between conditions with Opinion Threshold values of 0.50 

and 0.25 compared with the very large difference in GSI adoption between conditions 

with threshold values of 0.75 and 0.50. These differences in model output change 

significantly by the end of the modeling period, as the difference in GSI adoption at 
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timestep 360 months between Opinion Threshold value 0.75 and 0.50 is significantly 

smaller than between 0.75 and 0.50. The extreme form of logarithmic growth associated 

with GSI adoption for a low Opinion Threshold value reflects that adoption will occur 

quickly for a large number of parcel owners, with a sharp decline after which slow 

growth in overall adoption occurs. To contrast, a model run with a relatively high 

Opinion Threshold value exhibits almost no GSI adoption over the entire modeling 

period, which also does not reflect realistic dynamics. The value of 0.5 for OI generates 

an initial amount of low linear growth that transitions into an aggressive growth phase 

midway through the modeling period, which is more consistent with expected growth 

patterns. 

 Experience and intuition suggest that model dynamics for Opinion Threshold 

values of 0.25 and 0.75 do not reflect realistic adoption patterns for innovative 

technologies. This model behavior does not reflect of the veracity G-SSA model, as a 

lower Opinion Threshold value should logically create conditions where GSI adoption 

rates are more aggressive in volume and temporally. Similarly, a higher Opinion 

Threshold value should dampen GSI adoption rates. In this way, the G-SSA model 

reflects expected behavior. The implication of this model behavior is that this exploration 

has helped to identify input values that generate modeling output reflecting behavior 

anticipated in reality. Figure 3-10 provides the cumulative estimated impervious acres 

treated through the market-based SRC trading program between program inception 

(2013) and 2017 (DOEE, 2019b). Impervious acres listed in Figure 3-10 are generated 

from a listing of SRCs (gallons) sourced from DOEE and converted to impervious acres 
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following DOEE stormwater management guidelines. This growth pattern rivals a 

logistic growth curve, which suggests that Opinion Threshold values of 0.25 and 0.75 

should not be used in most instances where logistic growth is expected. Because the 

current research is focused on the adoption of an innovative/emerging practice, it is 

reasonable to expect that logistic growth curve patterns would reflect reality.  

 

 

Figure 3.9. Impervious Acres Treated with GSI - Sensitivity Analysis Results 
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Figure 3.10. Cumulative Impervious Acres Treated in Washington, DC through 
Stormwater Retention Credit Trading Program (Source: DOEE, 2019b) 

 

A G-SSA model with no limits on neighboring influences (i.e., Neighbors Threshold = 0) 

generates growth that is classically logistic in nature, which reflects the infancy, growth 

and maturation dynamics associated with diffusion of innovation (DoI) patterns.  

However, with a threshold value of 1, the growth pattern exhibits moderate exponential 

growth while a value of 2 generates very little GSI adoption overall. A conclusion to 

draw from these dynamics is that assumptions related to overcoming neighboring 

influences should be considered in the context of DoI dynamics. This is due to the 

connection between increased barriers on neighboring influences and more diminished 

DoI patterns, generally. Therefore, observed data on adoption that suggests growth that is 
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logistic rather than exponential can inform how much of a barrier on neighboring 

influences should be integrated into G-SSA modeling.        

3.4 Results 

 Gaining an understanding of model sensitivities as well as the number of 

replicates required to obtain consistent outputs for the G-SSA model enables the ability to 

further explore modeling dynamics. Two dimensions of investigation utilized in this 

exercise are based upon varying modeling scenarios as well as location (sector). Scenario 

exploration is based upon hypothetical conditions that could arise in communities as well 

as general assumptions on modeling conditions. Exploration is focused on highly 

sensitive model parameters. These conditions include varying levels of investment in 

public outreach/engagement, the level of opinion needed to reach a “favorable” opinion 

state, or the amount of neighboring influencing that is observed or presumed for a 

community.  

 The dimension of sector analysis is associated with the roles played by varying 

neighborhood types in the context of level of innovation, opinion, and spatial influence. 

The information provided in Chapter 2 provides initial findings associated with the role 

of highly innovative sectors and how these areas can effectively catalyze GSI adoption 

levels and rates across the model environment. Deeper exploration of these dynamics can 

inform policies that can be customized to differing neighborhood types for improved or 

enhanced outcomes.  

 Model outputs of interest in these analyses will be GSI adoption rates, levels, and 

spatial patterns. Specifically, the role of clustered growth will be considered, as both 
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observed and simulated dynamics suggest that spatial dimensions of GSI adoption are 

critical in overall understanding of adoption rates and levels.   

3.4.1 Scenario background information 

 Multiple scenarios were modeled and analyzed to compare and contrast the 

differing output and simulation dynamics of the G-SSA model. This exploration was 

performed to gain insights on the nature of the relationships between model variables and 

outputs. In addition, the scenario analysis highlights the relationships between multiple 

parameter settings and how differing settings impact model outputs overall as well as 

temporally. A total of four scenarios are explored that reflect a range of characteristics 

related to experience with GSI implementation, innovativeness, and levels of opinion on 

environmental topics. A summary of parameter values and associated information is 

shown in Table 3.5.  

 Scenario 1 is the baseline model which reflects information presented in this 

paper and as described in Chapter 2. Scenario 2 reflects a community that is generally 

progressive and innovative, has no history of GSI adoption in the past through incentive-

based approaches, has no budget for public outreach or engagement regarding a new 

incentive-based GSI adoption program being introduced, and requires higher levels of 

neighboring influence before adoption is likely to occur. These conditions are reflected 

through lower opinion and Innovation Threshold values (because the community is 

considered progressive and innovative), a lower number of initial GSI adoptions (as 

defined by “Number of Innovators” of 7 rather than the baseline value of 13, and a 

Neighbors Threshold value of 2 rather than 0 to reflect the limited neighboring influences 
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(meaning that two or more cells in a computational neighborhood are required before a 

parcel owner will become aware and more supportive of GSI adoption).  

 Scenario 3 reflects an urban area with a relatively high population of parcel 

owners who have adopted GSI through past incentive programs, that has a long history of 

GSI adoption and familiarity with GSI (reflected by the value of 0 for Neighbors 

Threshold), and that has a mature and robust public outreach and engagement program. 

While there are innovators in this urban area, there is an overall lack of innovativeness 

across the cityscape (reflected in the higher Innovation Threshold), and the familiarity 

with GSI has created supporters of GSI as well as detractors of these practices due to 

early failed efforts to implement GSI that led to localized flooding and property damage 

in a number of areas. The negative view of GSI by a significant portion of the population 

is reflected in the higher Opinion Threshold. 

 Scenario 4 is a community that is similar to Scenario 1 with the exception of a 

slightly more negative view of GSI adoption through past experience that also reduces 

neighboring barriers, as reflected by the slightly increased Opinion Threshold to address 

the former and the value of 0 for Neighbors Threshold to address the latter.  

    

Table 3.5. Parameter Settings for Scenarios 

Parameters Scenario 1  Scenario 2 Scenario 3 Scenario 4 

Opinion Threshold 0.50 0.40 0.60 0.55 

Neighbors Threshold 1 2 0 0 
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Table 3.5. (Continued) 

Parameters Scenario 1  Scenario 2 Scenario 3 Scenario 4 

Number of Public Outreach 1 0 2 1 

Mu 0.5 0.5 0.5 0.5 

Innovation Threshold 0.89 0.71 1.13 0.89 

Number of Innovators 13 7 26 13 

Payback-Other 10 10 10 10 

Redevelopment Rate 1.0% 1.0% 1.0% 1.0% 

Credit Price 1.50 1.50 1.50 1.50 

Constraints Threshold 0.5 0.5 0.5 0.5 

ERU Rate $5.34 $5.34 $5.34 $5.34 

Rebate 50% 50% 50% 50% 

Payback-Self 7 7 7 7 

 

3.4.2 Scenario Analysis  

 Output for each scenario was determined by running the G-SSA model using 

settings consistent with each scenario 100 times to determine an average value at each 

timestep for each scenario and for each sector and the modeling environment overall. 

Results are presented in this section to show the total acres of GSI adoption and in some 

cases, the percentage of parcels which have adopted GSI. Table 3-6 provides a summary 

of total impervious acres treated by GSI in each sector, the percentage of total “greened” 
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impervious acres located within each sector and overall and the Cluster Number (CN) as 

defined in Chapter 2. Figure 3-11 shows the temporal pattern of the number of 

impervious acres controlled by GSI. In addition, this figure shows the percentage of 

impervious cover treated by GSI adopted on private parcels compared with the total 

amount of impervious cover overall for all scenarios over the modeling period. Figure 3-

11 shows the same information listed for each sector.   

 As expected, model output differs for Scenarios 1 and 4, which generate high 

rates of GSI adoption compared with Scenarios 2 and 3. Scenarios 1 and 4 track closely 

for the first 10 years of the program (~120 months); however, after this point, Scenario 1 

GSI adoption accelerates at a faster pace than Scenario 4. This delay is likely due to the 

time required for opinion dissemination and program awareness to occur. However, once 

dissemination reaches the point where is it deemed an “approving” level (i.e., at or above 

the Opinion Threshold set for the model), GSI adoption occurs in a self-reinforcing loop 

that drives up opinions of neighboring parcels and growth in GSI adoption accelerates 

aggressively. Because the Opinion Threshold is lower for Scenario 1 than for Scenario 4, 

growth in GSI adoption occurs earlier and more aggressively as more parcels are 

available for GSI adoption overall. It should be noted that the lack of a Neighbors 

Threshold (level set at 0 for Scenario 4) does not limit the dynamics of DoI. This explains 

why the Scenario 4 curve is a more pronounced exponential growth curve compared to 

Scenario 1, which is more linear.  

 For Scenario 2, the lower Opinion Threshold should ideally increase overall GSI 

adoption, but the higher Neighbors Threshold dampens this adoption rate. The results 
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show the increased Neighbors Threshold has overwhelmed the increased GSI adoption 

that would be associated with the reduced Opinion Threshold. The lack of public 

outreach agents further dampens GSI adoption as does a reduced number of initial 

innovators even with a reduced Innovation Threshold. This allows for fewer innovative 

parcel owners to enter into potential GSI adoption throughout the duration of the 

modeling period. A driver for strong initial growth for Scenario 2 is that the low Opinion 

Threshold and low Innovation Threshold values create a wide window of opportunities 

and those few that can pass the Neighbors Threshold are quickly adopted, but growth 

stops quickly and becomes stabilized. 

 

Table 3.6. Summary of Impervious Acres Treated and Cluster Number by GSI by Sector 
and Scenario 

Scenario 1 (Baseline) 

 
Sector 1 
Acres / 

% 

Sector 2 
Acres / % 

Sector 3 
Acres / % 

Sector 4 
Acres / % 

Sector 5 
Acres / % 

Total  
Acres / 

% 
Cluster 

# 

18.8 ac 30.4 ac 23.4 ac 27.7 ac 20.4 ac 120.4 ac   
26.8% 44.6% 23.7% 44.9% 40.9% 34.5% 5.0 

Scenario 2  

 
Sector 1 
Acres / 

% 

Sector 2 
Acres / % 

Sector 3 
Acres / % 

Sector 4 
Acres / % 

Sector 5 
Acres / % 

Total  
Acres / 

% 
Cluster 

# 

0.6 ac 2.7 ac 0.7 ac 0.1 ac 3.5 ac 7.5 ac     
0.8% 4.0% 0.8% 0.1% 7.1% 2.2% 2.4 
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Figure 3.11. Total Impervious Cover and Percentage Treated by GSI Across All Sectors 
by Scenario 

 

 The increased Opinion Threshold for Scenario 3 dampens GSI adoption as does 

the increased Innovation Threshold. However, the reduced Neighbors Threshold, 

increased public outreach engagement, and initial innovators have the potential to 

increase GSI adoption. The overall reduced GSI adoption for this scenario tracks with 

Table 3.6. (Continued) 
 

Scenario 3 

Sector 1 
Acres / 

% 

Sector 2 
Acres / % 

Sector 3 
Acres / % 

Sector 4 
Acres / % 

Sector 5 
Acres / % 

Total  
Acres / 

% 
Cluster 

# 
4.6 ac 4.5 ac 4.3 ac 2.0 ac 5.0 ac 20.4 ac 

6.2% 6.9% 4.6% 3.0% 10.8% 5.9% 1.9 

Scenario 4 

Sector 1 
Acres / 

% 

Sector 2 
Acres / % 

Sector 3 
Acres / % 

Sector 4 
Acres / % 

Sector 5 
Acres / % 

Total  
Acres / 

% 
Cluster 

# 
18.1 ac 24.5 ac 28.7 ac 21.7 ac 15.8 ac 108.8 ac 

25.3% 36.2% 28.9% 35.1% 33.8% 31.3% 4.0 
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that of Scenario 2 for a majority of the model runs, thus illustrating the dampening effects 

overpowering the enhancing effects, similar to Scenario 2. However, at approximately 

240 months (20 years) into the program, a noticeable increase in adoption occurs for this 

scenario, which does not occur for Scenario 2. GSI adoption is dampened in this scenario, 

which is likely due to the relatively high Opinion Threshold value. This dampening due 

to the Opinion Threshold is eventually overtaken by the increased level of awareness and 

opinion due to increased public engagement agents.  

Other evidence for the impact of public engagement agents is seen in the CN values, 

which are listed by timestep per scenario in Figure 3-12. Also listed are “Cluster Ratio” 

(CR) values. CR is the ratio of parcels that have adopted GSI that are outside of the 

Moore neighborhoods of all parcels who had adopted GSI at the model setup (in the G-

SSA model, these are referred to as number of innovators) divided by those parcels which 

are located within these Moore neighborhoods. The CR metric is used to gauge the role 

played by initial adopters of GSI in overall GSI adoption across the modeling 

environment. Figure 3.13 also shows the evolution of the ratio of stormwater credit costs 

divided by the cost of using an in-lieu fee (this is a proxy for cost efficiency gained by the 

market-based approach).  
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 Figure 3.12. Total Impervious Cover Treated by GSI by Sector and Scenario 
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Figure 3.13. Cluster Number and Cluster Ratio Values for All Scenarios; Ratio of Credit 
Revenues / In-lieu Fee Costs by Scenario and Cost per Impervious Acre Treated 

 

3.4.2.1 Cluster growth dynamics 

 Generally, growth of GSI adoption occurs most efficiently through clustered 

growth. Thus, a higher adoption rate usually tracks positively with a higher CN. 

However, this pattern does not apply for Scenarios 2 and 3. The former produces a total 

amount of impervious acres of treated through GSI adoption of 7.5 with a CN of 2.4. To 

compare, Scenario 3 produced a total amount of acreage treated through GSI equal to 

20.4 (more than 2.5 times that of Scenario 2 overall), but Scenario 3 has a final CN of 

1.9. This inconsistent behavior is likely due to two factors. First, the Neighbors Threshold 

for Scenario 2 is at the level of 2, which drives clustered growth centered near the 

minimum CN value. Secondly, Scenario 3 likely exhibits growth primarily due to public 

engagement agent contact, which is done in a random fashion in a cell-by-cell manner, 
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and not based upon any metric of proximity. A larger reliance of GSI adoption growth 

based upon public outreach/engagement compared with clustering will naturally drive a 

lower CN value. In both instances (Scenario 2 or 3), relying primarily on one mode of 

growth (clustering or public outreach/engagement) leads to dampened overall growth.  

 Contrasts to this one-mode growth are seen in Scenarios 1 and 4. For both 

scenarios there is allowance for both modes of growth. Specifically, both have public 

outreach agents included in each respective model. Also, Scenario 1 uses a moderate 

Neighbors Threshold value of 1 for Scenario 1, which drives the growth in clustering 

while Scenario 4 experiences some natural clustered growth even with no neighboring 

threshold barriers. The combination of a slightly lower Opinion Threshold and moderate 

neighboring threshold value enhances clustering growth and GSI adoption growth 

overall.    

 CN values represent an average across the entire modeling environment. A 

comparison of CN values over time by scenario shows that cluster growth occurs initially 

more rapidly for Scenario 2 than even for Scenario 4. Scenario 4 eventually resulted in 

five times as many impervious acres managed through GSI adoption than produced by 

Scenario 2.  

  Initially, small clusters based upon innovators at model set up drives GSI 

adoption. Because Scenario 2 has a lower Innovation Threshold, this growth is more 

aggressive early in the model run for all scenarios with the exception of Scenario 1. 

Eventually, Scenario 2 plateaus at just below 2.5 for a cluster number. This reflects that 

no additional growth occurs because clustering is stifled due to the high Neighbors 
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Threshold requiring at least two neighboring parcels to have adopted GSI in order for a 

parcel owner with no GSI to consider adoption. Scenario 3, on the other hand, is not 

limited in terms of cluster growth. Eventually opinions rise high enough to overcome the 

relatively high level needed to overcome the higher Opinion Threshold where cluster 

growth occurs. This results in an increase of CN values between months 180 or 240 and 

the end of the model run.   

 As with the CN value, the CR metric produces outputs that informs clustering 

dynamics. Figure 3.13 shows that Scenario 1 has a strong initial increase in CR values 

through the first 18 months of the program followed by an uneven decline in values 

through approximately month 160. After this point, the flattened line near value of CR = 

0.95 through approximately month 200 suggests a period where the amount of GSI 

adoption growth clustered around initial GSI adopters and those away from initial 

adopters is similar. This period coincides with the initiation of a significant increase in 

growth of GSI adoption for Scenario 1. After this point, there is a decline in CR value 

through the end of the model run.  

 Scenario 4, which has similar properties as Scenario 1 in terms of GSI 

implementation growth and output follows a similar pattern, though at lower values. 

Rather than peaking during initial growth at a CR value of 1.4, Scenario 4 GSI 

implementation reflects adoption that is less clustered, as shown by the maximum value 

of 0.5 for CR. Similar to Scenario 1, there is a decline after the initial peak. Unlike 

Scenario 1, the CR values associated with Scenario 4 declines more gradually and with 

less volatility. There is a mild plateauing that occurs between approximately month 70 
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and month 100. The differences in these curves illustrate the strong role that initial 

clustered growth plays for Scenario 1. This growth is primarily driven by a Neighbors 

Threshold value of 1 while the growth for Scenario 4 is driven more by less-clustered 

growth. This characterization is consistent with Scenario 1 having a higher CN value 

throughout the modeling period. The period of transition from low growth in GSI 

adoption to increased GSI adoption for both Scenarios 1 and 4 occurs roughly between 

months 140 through 200. During this period, the trend in CR values for Scenario 4 in this 

period starts to accelerate downward. This suggests that growth for Scenario 4 during this 

phase is not primarily driven by clustering near initial GSI adopters.   

 The CN value for Scenario 2 tracks similarly to Scenario 4, though it is more 

volatile. One difference is slight growth in CN values from approximately month 90 

through 200, which suggests that clustered growth dominates growth during this period. 

This is likely due to the Neighbors Threshold value of 2, which encourages clustered 

growth, generally, but it also inhibits growth significantly overall. Scenario 3 has an 

increase initially similar to Scenarios 1 and 4 with a peak near 0.70 where growth flattens 

through month 160, after which CN values gradually decline to a final value of 0.62. It is 

likely that the initially moderate peak near 0.70 is due to a relatively high amount of 

initial GSI adopters with relatively high values of Opinion and Innovation Thresholds 

confining growth to highly innovative sectors (primarily Sectors 5 and 3). By confining 

growth within these sectors, it is likely that clustered growth occurred not due to the 

Neighbors Threshold value (set at 0 for this scenario). More likely this is due to the 
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limited number of parcels aware of the incentive program and with a favorable opinion of 

GSI implementation.  

3.4.2.2 Cost efficiency of market-based approach 

 An advantage of using market-based approaches for GSI adoption is the potential 

for cost efficiency. Figure 3.12 shows the ratio of stormwater retention credit revenues 

divided by the potential in-lieu fee costs for each timestep by scenario. The in-lieu fee 

costs were determined by multiplying an assumed in-lieu fee of $3.50 per gallon of 

stormwater runoff retained. The ratio expresses the cost savings associated with the 

purchase of stormwater retention credits by consumers of credits when compared to the 

option of paying the in-lieu fee.  

 The ratios associated with the scenarios varies between 0.35 and 0.73, generally, 

which illustrates the cost efficiencies for the options of purchasing stormwater retention 

credits rather than pay an in-lieu fee. For all scenarios, the ratios are initially relatively 

low. This is due to a lack of initial demand for credits. Recall the indexed credit price, 

which reflects the retail credit price for purchasers, is the credit price multiplied by the 

demand/supply ratio. The G-SSA model uses the demand/supply ratio as a proxy for 

credit cost level as it reflects classic demand-supply relationships to cost as well as allows 

for an initial lag period where demand is low. This initial low demand is consistent from 

interviews with land developers, who are likely purchasers of stormwater retention 

credits in a credit-based market. This same stakeholder group tends to avoid entrance into 

a new, untested, and generally unknown market until the risks and unknowns have been 

reduced over time (Federal City Council, 2015).  
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 For Scenario 2, initial costs are relatively low compared with other scenarios most 

likely due to the reduced Opinion and Innovation Threshold values. This allows for 

sectors with lower property values (and reduced opportunity costs associated with GSI 

adoption) to be more likely to implement GSI practices initially. Scenario 3 has relatively 

high initial costs as early GSI adoption is limited to parcels that are highly innovative and 

supportive (in terms of opinion) of GSI implementation, and these areas traditionally 

have higher property values.  

 Scenarios 1 and 4 follow similar growth patterns, though the costs for the former 

are consistently higher through the modeling period. This is likely associated with the 

Neighbors Threshold value for Scenario 1 set at 1 while Scenario 4 uses a value of 0. 

Requiring GSI adopters to have at least one neighbor with GSI implementation limits 

initial adoptions with early innovators, who are likely located in areas with higher 

property values.  

 For both Scenarios 1 and 4, cost ratios increase linearly until a peak occurs for 

both between 240 and 260 months after which cost ratios decrease. This pattern is likely 

associated with early GSI adoption occurring in areas that are highly innovative but also 

have relatively high property value costs, which increases opportunity costs. After 

opinion transfer and public outreach has occurred for a number of years there is a general 

increase in awareness and enhancement of opinions on GSI adoption. Under these 

conditions, areas with lower innovation and depressed property values enter into GSI 

adoption at a significant scale, which starts to reduce the cost ratio, generally. This 

reduction in cost also signals a potential oversupply of credits compared to the demand 
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overall. It is likely that early adopting sectors, such as Sectors 5 and 3, are in the 

maturation phase of growth, while other sectors are entering into an aggressive growth 

phase.  

3.4.3 Sector analysis 

 Table 3-7 provides a breakdown of the number of impervious acres treated 

through GSI adoption by percentage of total GSI adoption by sector. Figure 3-13 

illustrates the percentage of GSI adoption within each sector and overall for all scenarios. 

The information listed in Table 3-7 shows that similar patterns of GSI adoption emerge 

for Scenarios 1 and 4, both of which have significantly higher overall GSI adoption than 

Scenarios 2 and 3. For Scenarios 1 and 4, adoption is relatively low in Sector 5, which is 

counter to expectation because this is a highly innovative sector with parcel owners who 

have generally high opinions of GSI adoption.  

 

Table 3.7. Percentage of Total Impervious Acres Treated through GSI Adoption by 
Sector 
  Scenario 1 (Baseline) = 120.4 impervious acres treated by GSI total 

Sector 1 % 
of Total 

Sector 2 % 
of Total 

Sector 3 % 
of Total 

Sector 4 % 
of Total 

Sector 5 % 
of Total 

15.6% 25.2% 19.4% 23.0% 16.9% 

Scenario 2 = 7.5 impervious acres treated by GSI total 
Sector 1 % 

of Total 
Sector 2 % 

of Total 
Sector 3 % 

of Total 
Sector 4 % 

of Total 
Sector 5 % 

of Total 
7.9% 35.5% 9.2% 1.3% 46.1% 
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 However, this sector is smaller in size than Sectors 1 through 4, which explains 

how the percentage of impervious acres treated through GSI adoption within Sector 5 is 

consistently high for all scenarios, but makes up a relatively low amount overall for 

Scenarios 1 and 4. It is not surprising that the contribution of GSI adoption from Sector 1 

is relatively low for Scenarios 1 and 4 because it has both high property values as well as 

a relatively low average II.  

 The distribution of GSI adoption by sector varies significantly for Scenarios 2 and 

3. The low overall GSI adoption for Scenario 2 explains the extremely high contribution 

from Sector 5, as this sector is consistently the leading sector in early GSI adoption. The 

low contribution from Sector 4 in Scenario 3 is likely associated with the increased 

Innovation Threshold value (as Sector 4 has the lowest average II value of all sectors). 

This also explains why Sector 5 (highest II value) contributes the most in terms of GSI 

adoption in Scenario 3 as well as Sector 3 (relatively high II value) having a relatively 

high amount of GSI adoption. Sectors 1 and 2 contribute at levels similar to Sector 3 in 

Table 3.7. (Continued) 

Scenario 3 = 20.4 impervious acres treated by GSI total 
Sector 1 % 

of Total 
Sector 2 % 

of Total 
Sector 3 % 

of Total 
Sector 4 % 

of Total 
Sector 5 % 

of Total 
22.6% 22.1% 21.1% 9.8% 24.5% 

Scenario 4 = 108.8 impervious acres treated by GSI total 

Sector 1 % 
of Total 

Sector 2 % 
of Total 

Sector 3 % 
of Total 

Sector 4 % 
of Total 

Sector 5 % 
of Total 

16.6% 22.5% 26.4% 19.9% 14.5% 
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terms of GSI adoption in Scenario 3 most likely due to relatively high OI values 

compared with Sector 4, overall.         

 Figure 3.14 provide the percentage of GSI adoption within each sector as well as 

over the entire modeling environment broken down by scenario. Scenarios 2 and 3 

generate a small amount of overall GSI implementation, each following a different 

growth pattern. Each with the influence of differing sectors providing some explanatory 

dynamics. As with all scenarios, early and overall adoption is driven by GSI 

implementation in Sector 5. The relatively low number of initial innovators populating 

the landscape with GSI in Scenario 2 creates a condition where the impact of early and 

overall adoption associated with Sector 5 becomes even more significant. Specifically, 

Sector 5 drives a strong and early surge in GSI adoption that quickly plateaus following a 

logarithmic growth pattern. A similar pattern of growth exists for Sector 2, which is 

surprising as one might expect that Sector 3 would play a more significant role in growth 

of adoption due to a higher II value. However, Sector 3 has limited residential parcels, 

especially low and low/moderate residential. This limits growth for this sector compared 

to Sector 2, which is moderately innovative. Sector 2 also has a high volume of 

residential parcels and relatively low property values, thereby making implementation in 

this sector attractive. The strong role played by Sector 2 in Scenario 2 GSI adoption 

growth also explains the lower costs for GSI implementation, as previously discussed.  

 Scenario 3 begins with a high number of initial innovators with adopted GSI, with 

a majority located within Sectors 5 and 2. The little growth that occurs for this scenario 

through month 260 is provided primarily through adoption in Sector 5. However, Sectors 
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1 and 2 contribute significantly beyond this point, which drives overall growth from 

month 280 to the end of the modeling period. This late surge in growth is attributed to 

public outreach engagement and opinion dissemination along with a lack of Neighbors 

Threshold barrier. The high values for OI and II limit the growth that does occur and 

delays the initiation of this growth as well.    

 

 

Figure 3.14. Percentage of Impervious Cover Treated by Adopted GSI by Sector and 
Overall for Scenarios 1 through 4 

 

 As has been noted, Scenarios 1 and 4 have similar overall GSI adoption growth 

patterns. This pattern can be summarized as an infancy stage of up to 180 months 

followed by an increase in adoption at a linear rate similar to the growth phase often seen 

in a classic logistic growth curve. In both scenarios, Sector 5 is a strong early adopter of 
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GSI with a logarithmic growth curve pattern. Sectors 2 and 4 eventually overtake Sector 

5 in overall adoption. This may be because Sectors 2 and 4 both have high volumes of 

residential parcels and relatively low property values, which are strong factors for 

accelerated GSI adoption.  

 The increased values of Opinion Threshold for Scenario 4 dampen adoption in 

Sectors 2 and 4. Both of these sectors contribute significantly in the second half of the 

model run for Scenario 1, which shows the potential for these sectors to contribute to GSI 

adoption overall. The dampened contribution from Sectors 2 and 4 in Scenario 4 drives 

the reduced overall GSI adoption for this scenario compared with Scenario 1. It is 

interesting to note that Sector 3 plays a significant role in overall GSI implementation 

growth in Scenario 4, which is likely due to the increased Opinion Threshold value 

dampening early adoption in less innovative sectors along with a lack of a Neighbors 

Threshold barrier. Sector 1 is outcompeted in Scenario 1 by less innovative sectors (2 and 

4) who have high residential volumes.  

3.5 Discussion 

 Within the array of highly sensitive parameters, the extreme sensitivity of Opinion 

and Neighbors Thresholds along with the computational parameter, Mu () highlights the 

significance of social and spatial influences. Model output suggests that outreach and 

engagement to raise awareness and provide enhanced understanding of GSI incentive 

programs is clearly an important component in an incentive program. Similarly, the 

dynamics associated with DoI patterns is key to understanding temporal adoption 

behavior over time. However, these elements are secondary to social and spatial 
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influences overall. This suggests that policies that can enable and leverage efforts to 

encourage social and spatial influences should be considered. This assumes that the 

conditions established by GSI incentive program policies generate financially 

advantageous investments for GSI adoption. Investment in public outreach also has a 

very strong positive influence on overall adoption, which supports programs which 

engage in strong outreach programs with individual parcel owners.  

 Clustering of GSI adoption and overall growth of GSI adoption have close ties. 

Lim (2017) noted three modes of growth for GSI implementation in the context of an 

incentive-based GSI implementation program. The first mode is the growth of initial 

adopters, followed by a growth of adoption directly influenced by (and in proximity to) 

initial adopters. A third and final mode is where implementation occurs within the sphere 

of influence of previous adopters, whether or not they were initial adopters. In this 

context, a CR value above 1 means that a majority of GSI implementation occurs due to 

clustering around an initial GSI adopter, and a value below 1 signifying a higher volume 

of adoption outside of these computationally-defined neighborhoods.  

 The slope and direction of change in tracking CR values over time in a model run 

is informative as well. Specifically, an increasing slope over time means that growth in 

GSI adoption is being driven primarily by clustering around initial adopters. Conversely, 

a decreasing slope (even if above the value of 1) suggests that the dominant growth 

occurs beyond the computational neighborhood of initial GSI adopters. One would expect 

that an initial growth in GSI adoption would likely occur both in proximity to initial 

adopters as well as beyond. At some point a saturation of GSI adoption by those parcels 
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in proximity to initial adopters would occur, after which growth in GSI adoption would 

predominantly occur beyond the immediate proximity of initial adopters.  

 Overall, the three-phase trend of GSI implementation observed by Lim (2017) is 

generally found in the G-SSA model with initial adoptions at model setup followed by 

sharp growth over a brief period of time in the immediate proximity of initial adopters, 

followed by beyond-neighborhood growth. The specific pattern of growth varies by 

scenario, but it is clear that for those scenarios with high GSI implementation outputs (1 

and 4), there are three distinct phases.    

 An advantage in using a market-based approach is the potential to take advantage 

of cost efficiencies to drive overall cost savings for the same amount of implementation. 

Overall, it is clear that allowing the use of credits following the assumptions in the G-

SSA model can lead to cost savings of 25% or more. This is a compelling level of cost 

efficiency that is sorely needed for an activity (urban GSI retrofits) that is historically 

challenging to expand to common use in many U.S. cities due to high costs and long 

project delivery times (Lueckenhoff & Brown, 2015). The market signals used in the G-

SSA model based upon demand/supply levels facilitate the ability to integrate market 

dynamics in the modeling environment. Enabling purchasers to respond to market signals 

furthers the capacity to gain cost efficiencies.  

3.6 Conclusion 

 This chapter presents a methodology to simulate the adoption of GSI on private 

parcels in an urban environment when presented with financial incentives. This 

methodology is based in decision-making dynamics and accounts for aspects of adoption 
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such as awareness of GSI and any incentive program, opinions for/against GSI or the 

program, level of innovativeness, financial capacity, and payoff periods. Physical aspects 

of parcels are also included in the simulation methodology. These include parcel size, 

land use type, impervious cover percentage and acreage, GSI practice type used, 

stormwater runoff, and volume retained.  

 Financial information associated with the incentives used in the simulation 

include an estimated annual economic income based upon census data associated with 

documented characteristics of typical urban neighborhoods in the United States. The G-

SSA model also incorporates information such as stormwater fees generated on a site, the 

amount of potential fee reduction based upon GSI practice adoption, costs associated 

with GSI adoption and maintenance, revenue potential associated with stormwater 

retention credits generated on a parcel associated with GSI practice used, and payback 

period. Socialization of GSI adoption is integrated into the modeling through neighboring 

influences and opinion transfer through word-of-mouth and small-world/social network 

algorithms.  

 A sensitivity analysis based upon key parameters identified the level of impact 

these input variables have on model output after identifying the number of model runs 

required for a stable and consistent output. Results from this analysis illustrate the high 

sensitivity of parameters related to social and spatial influences as well as DoI dynamics.  

 Four modeling scenarios were analyzed based upon insights gained from the 

sensitivity analysis. The results from the scenario analysis show that growth curves 

associated with GSI adoption follow a variety of patterns, such as logarithmic, linear, and 
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logistic growth often associated with DoI dynamics. In addition, the pattern of growth by 

spatial clustering of GSI adoption in proximity to initial GSI adopters that has been 

documented in a real-world program, is mirrored in G-SSA model simulation output.  

It was expected that logistic growth for GSI implementation across the entire modeling 

environment would occur in one or more modeling scenarios; however, no scenario 

reflected a full mature/saturated growth phase. This suggests that higher rates of adoption 

are possible overall if the infancy phase of growth could be shortened, as no scenarios 

produced significant growth rates in GSI adoption until the midpoint of the modeling 

period (180 months). This long delay is attributed primarily to the use of parcel-by-parcel 

public engagement as well as word-of-mouth and social network assumptions associated 

with information/awareness levels as well as opinion dissemination. Efforts to shorten the 

infancy phase should be considered. This can be done by relying on efforts to better 

leverage the potential to gain additional early adopters based upon proximity to initial 

GSI adopters as well as other social and spatial dynamics.  

 Future modeling efforts will focus on applying the G-SSA model to a place-based 

application. In this context, the practical capacity to use G-SSA will be explored through 

a developed methodology to move from conceptual to applied. In addition, policy-

oriented analyses can be performed to better understand the dynamics of place-based G-

SSA modeling with a potential to inform the structures and approaches used by cities for 

the development of market-based programs to incentivize GSI adoption on private 

parcels.  
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 Areas for refinement in the G-SSA modeling methodology include the integration 

of empirically-based data via Likert-style surveys or similar data gathering to define 

population attributes related to decision-making factors and dynamics (i.e., TPB 

parameters). Another future research topic is an exploration into differing trading 

algorithms as well as utility functions that may capture transactions and benefits in more 

dynamic ways. Integrating the G-SSA approach into a geospatially-based platform (i.e., 

GIS system) is also a future goal and will provide enhanced value in practical 

applications.  
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Chapter Four: Policy Implications for Incentive Programs Targeting On-Site 
Adoption of Green Stormwater Infrastructure on Private Property:  Insights 

Gained through the Green Stormwater Infrastructure Social Spatial Adoption 
Model 

 
Abstract 

This research presents an application of a cellular automata style (CA), agent-based 

model (ABM), the Green Stormwater Infrastructure Social-Spatial Adoption (G-SSA) 

model.  This platform simulates the adoption of GSI practices by private parcel owners 

across a cityscape. The G-SSA model is based upon decision-making dynamics founded 

on economic behavior and socioeconomic-based principles such as the Theory of Planned 

Behavior (TPB) and Diffusion of Innovation (DoI). Social and spatial influences are 

integrated into the model through the Relative Agreement (RA) algorithm along with 

small-world network assumptions. The G-SSA model is applied to simulate GSI adoption 

in the context of a novel market-based approach used by Washington, DC’s, Department 

of Energy and the Environment which promotes the use of tradeable stormwater retention 

credits. Model output suggests that a significant amount of GSI adoption can be driven 

through a market-based trading program for stormwater retention. Cost efficiency may 

also be gained through this market-based approach when compared to an in-lieu fee 

option. Modeling results also confirm a multi-phase pattern of clustered adoption that has 

been observed in the District of Columbia. Lastly, model dynamics illustrate the key role 

played by highly innovative urban neighborhoods as a driving force for early GSI 
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adoption that can spur high rates of adoption in less innovative areas due to a reduced 

opportunity cost penalty for on-site GSI practice adoption. 

 Readers should note that the terms “ward” and “sector” are used in this chapter in 

similar ways. In this context, “ward” refers to the eight wards of the District of Columbia.  

“Sector” refers to areas in the G-SSA model that represent urban neighborhoods. To 

clarify, the term “ward” is used when describing the attributes of one of the eight wards 

within the District of Columbia. The term “sector” is used when discussing the 

components and/or computational elements or dynamics of the model. Similarly, the 

terms “cell,” “parcel” and “property” are used to refer to the locations where GSI 

adoptions could occur. The term “cell” is used when discussing this location as an 

element of the model in a computational sense. The term “parcel” is used in reference to 

the actual/physical location (not in a model) where GSI adoption has/could occur. 

Finally, the term “property” is used when discussing the value of the parcel (e.g., “the 

property value”).  

4.1 Introduction 

4.1.1 Chapter overview 

 This chapter builds upon the methodology presented in Chapter 2 that provides a 

framework for simulating the adoption of green stormwater infrastructure (GSI) on 

private parcels and a conceptual-level model based upon this methodology in Chapter 3. 

This model, referred to as the Green Stormwater Infrastructure Social Spatial Adoption 

(G-SSA) model, captures decision-making dynamics for GSI adoption associated with 

financial and non-financial motivations to simulate the spatial and temporal patterns of 
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GSI adoption. The scale of the G-SSA model spans multiple urban neighborhoods to 

ensure that modeling simulation includes socioeconomic diversity. This variance in 

demographics and neighborhood characteristics creates complex emergent trends that 

become manifest at a macro-scale.   

 This chapter moves the conceptual G-SSA model into the “real world” by 

applying this framework in a specific location; Washington, DC. An overview of the new 

and innovative market-based trading program led by the District Department of Energy 

and the Environment (DOEE), the Stormwater Retention Credit (SRC) program, is 

presented as a contextual backdrop. Information on the transition from conceptual to 

applied modeling is presented. Modeling stability is examined, and multiple modeling 

scenarios are explored. Results from scenarios are presented with a discussion on the 

implications of results for the District of Columbia and beyond. Future work and research 

are described to further the efforts of this research.   

4.1.2 The need for stormwater retrofits 

 The need for investments in stormwater management infrastructure is significant 

and growing. The 2008 EPA Clean Watershed Needs Survey (U.S. EPA, 2010), which 

provides information regarding funding needs in the clean water sector, identified 

approximately $100 billion of needs in the stormwater sector across the United States 

over the next 20 years (EPA, 2012). This amount represents a 67% increase over needs 

identified 4 years earlier (U.S. EPA 2010). Investments in stormwater management are 

based upon the physical impacts (erosion, flooding) and water quality impacts (pollution) 

experienced in urban areas and waterways. The drivers associated with these impacts are 
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developed land, and more specifically, impervious cover on these lands, which includes 

rooftops, roadways, sidewalks, parking lots and other impermeable surfaces. The increase 

of developed land and impervious cover leads to a disruption in the hydrologic water 

cycle by generating excessive amounts of surface runoff at the cost of a reduced volume 

of precipitation entering into shallow and deep groundwater systems. This disruption not 

only washes pollution stored on developed land and impervious surfaces, such heavy 

metals and nutrients. In addition, excess runoff also scours headwater streams leading to 

infrastructure impacts and large sediment pulses delivered downstream, floods public and 

private lands leading to billions of dollars of economic losses (Water Environment 

Federation, 2013), and overwhelms urban drainage systems and combined sewer systems 

leading to billions of gallons of raw or partially-treated wastewater delivered to urban 

waters annually.  

Due to the recognition of the adverse impacts of detention on receiving waters, as well as 

a desire to meet broad watershed goals in stormwater management efforts, the recent goal 

in the stormwater management sector has focused on the retention of urban runoff 

(National Resources Council, 2009). The use of GSI in the urban environment provides 

this retention-based performance. Additionally, GSI has been shown to mitigate the 

effects of urbanization by not only reducing runoff through infiltration but also reducing 

airborne particulates, reducing energy costs, lowering ambient air temperatures, and 

enhancing the social and economic value of urban areas (Currie and Bass, 2008; Miller 

2007; Wise 2007; Wise et al., 2010). When presenting information on GSI, EPA states 

that this type of infrastructure, “uses vegetation, soils, and natural processes to manage 
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water and create healthier urban environments” (U.S. EPA, 2014b, p.2). Commonly used 

GSI practices include bioretention facilities, permeable pavements, green roofs, and 

rainwater harvesting.    

 The EPA expects between 800,000 and 1,000,000 acres of newly developed land 

to be generated annually over the next 25 years (EPA, 2012). While even the low end of 

this range is a significant amount of developed land area, this represents an annual 

expansion of less than one percent of the approximately 100 million acres of developed 

land area in the United States today (U.S. Department of Agriculture, 2009). Roughly 

25% of this developed land, or 25 million acres, is composed of impervious cover, and a 

majority of this area was constructed prior to the promulgation of federally-mandated 

regulations requiring management of runoff from developed land. Hence, large areas of 

developed land and impervious surfaces lack stormwater management treatment of any 

kind.   

 Due to the ongoing impacts of existing untreated areas, communities across the 

nation are setting goals for urban retrofits that are tied to regulatory drivers or 

sustainability goals (Natural Resources District Council, 2012). The most common 

regulatory drivers associated with these investments is tied to Clean Water Act (1972) 

programs associated with the National Pollution Discharge Elimination System 

(NPDES), specifically the combined sewer overflow control policy as well as the 

Municipal Separate Storm Sewer System (MS4). For instance, the City of Philadelphia 

established a goal of capturing the first inch of runoff from 10,000 acres of impervious 

cover within its combined sewer system in order to abate major combined sewer 
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overflows (PWD, 2014). Similarly, the Maryland Department of the Environment (MDE) 

established a regulatory goal for large stormwater communities to retrofit 20% of 

currently untreated impervious cover (MDE, 2014).  Lastly, the Seattle Public Utilities 

(SPU) established a goal to provide retention of 700 million gallons of stormwater runoff 

annually by 2025 through retrofitting of existing developed areas as well as new and 

redevelopment activities addressing new developed areas (Seattle Public Utilities, 2018). 

The retention goal set by SPU establishes a target to be reached by 2025 for total capacity 

for implemented GSI to capture and retain runoff within a given year.      

 With a majority of land in the United States held privately, the opportunities for 

GSI retrofits on public lands is limited (U.S. Bureau of the Census, 1991). With an 

increasing need to locate GSI retrofits on private properties, strategies to drive these 

investments are needed. Implementing urban GSI retrofits on private lands requires the 

use of incentives to motivate parcel owners to adopt GSI practices on-site rather than 

command-and-control approaches (Brown & Sanneman, 2017). A variety of incentives 

are used in stormwater programs today, including reductions/discounts on stormwater 

fees, grants, direct financing/cost-sharing programs, and awards/recognition programs 

(EPA, 2009). Studies focusing on stormwater fee discounts have found that 

approximately half of surveyed stormwater utilities confirmed that they include an 

incentive program in their stormwater program (Kumar & White, 2016, 2018).            

 The rise in demand for innovative and effective incentive programs to drive GSI 

implementation on private properties creates a challenge for stormwater program 

managers who wish to understand the dynamics, outcomes and patterns associated with 
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these innovative programs. A simulation platform, the G-SSA, was developed to explore 

these dynamics on city-wide landscape. The methodology behind the G-SSA model 

utilizes demographic, economic, physical, technical, and environmental information to 

simulate GSI adoption across multiple urban areas (neighborhoods) with diverse 

backgrounds and compositions.   

 Chapter 2 details the theory and architectural framework for the G-SSA model 

while Chapter 3 explores model sensitivity and modeling scenarios to gain insights on 

modeling behavior. Both of these efforts were based upon a hypothetical urban 

landscape. This paper transfers the concept-level G-SSA model into a “real world” 

setting by applying the methodology to a specific context, the Washington, DC. SRC 

trading program. Modeling dynamics are investigated as are scenarios to gain insights on 

policies and assumptions regarding a market-based SRC market. Specific areas of interest 

include the spatial nature of GSI adoption, the roles of varying urban neighborhood types 

on GSI adoption, and the impacts of modeling assumptions for population characteristics 

associated with innovativeness and opinions on GSI adoption, among other dynamics.   
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4.2 Background  

4.2.1 Urban stormwater runoff in Washington, DC 

 In the District of Columbia and surrounding areas, urbanization has changed the 

landscape over the past 300 years, but more recently this area has experienced an 

increased rate of urbanization. Figure 4-1 shows the increased spread and intensity of 

urbanization and associated impervious surfaces between 1984- 2010 with the current 

total impervious cover within the boundary of DC equaling 16,997 acres or 43.4% of the 

total area within the District (DOEE, 2013).  Over this time, there has been an increase in 

combined sewer overflows (CSOs) in combined sewer areas and an upward trend in the 

degradation of headwater streams an urban water quality associated with MS4 areas. 

These dynamics have also led to a continuous decline in the overall quality of the 

Chesapeake Bay (Chesapeake Bay Foundation, 2018).  
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Figure 4.1. Impervious Cover Area and Intensity in Washington, D.C. Area in 1984 (left) 
and 2010 (right) (Source:  LANDSAT data, NASA, 2016) (Darker areas represent 
impervious surface intensity) 

 

 
 In 2012, the DOEE adopted an updated MS4 permit that included an aggressive 

1.2-in retention requirement for development and redevelopment projects (DOEE, 2013). 

In addition to integrating retention-based practices associated with land development 

activities, DOEE committed to providing 1.2 in of retention for 18,000,000 ft2 (413.2 ac) 

of untreated impervious surfaces (DOEE, 2013) by the end of the permit term (2017), 

which represents approximately 2.4% of the total impervious cover within the District.   

4.2.2 GSI Incentive programs in Washington, DC 

 GSI adoption based upon incentives is well-documented in the case of 

Washington, DC’s RiverSmart program (Words That Work, 2015). Lim (2017) studied 

the spatial and temporal patterns of GSI adoption in this program between 2009-2014. 

Specifically, the study focused on the nature of properties and parcel owners who adopted 

GSI, the tendency for clustering of GSI adoption within specified radii of existing GSI 
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adoptions, the change in these clustering patterns over time, and the manner in which 

those who adopted GSI became aware of the incentive program over time. Lim found: (1) 

those who adopted GSI held property with intermediate levels of impervious cover (lower 

and higher rates of imperviousness showed lower rates of adoption, specifically; (2) the 

higher median incomes generally was associated with increased participation; and (3) 

non-white neighborhoods were more likely to adopt GSI than other neighborhoods.  

Finally, Lim likened the pattern of adoption to other environmentally-oriented 

technologies or behaviors, such as solar panel adoption and water or energy conservation.   

The study by Lim also focused on patterns of awareness of the RiverSmart (Water Words 

That Work, 2015) program for GSI adopters, and found this awareness was more 

associated with a personal or social relationship (i.e., social network) with a previous GSI 

adopter (friend or family member), than with other forms of communication (flyers, 

internet/website, print media, email). Specifically, a survey focusing on awareness of the 

program found that in 2009, approximately 20 respondents learned of the program from 

social network contact while 10 or fewer respondents learned of the program from any 

other form of communication.  By 2014, the number of social network sources of 

program awareness grew by over 500% to over 100 respondents while all other forms of 

communication resulted in 25 or fewer respondents being made aware. In other words, 

approximately half of initial program awareness was associated with non-social network 

forms of communication; however, after 5years, these communication forms composed 

no more than approximately 20% of all methods resulting in potential GSI adopters 
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becoming aware of the program. It should be noted that Lim did not correlate spatial 

patterns to communication patterns associated with awareness.   

 A study focusing on the RiverSmart program (Water Words That Work, 2015) 

and found the demographic profile of the typical GSI adopter to be a middle-class 

professional who owns a moderately-sized single-family home, has a small family or no 

children, is interested in the environment, is financially secure and gives to charities. In 

addition, the the study found that financial assistance alone was not a significant 

motivator; however, a combination of financial assistance and technical assistance was 

required to provide sufficient motivation for GSI adoption. A finding from this study 

concurs with the Lim (2017) study regarding the significance of social network word-of-

mouth regarding program awareness. Other findings include: the need for GSI practice 

maintenance, training, and support for private parcel owners who adopt GSI; 

socioeconomic diversification of GSI adopters is needed for a successful incentive 

program; and this type of initiative would likely require active promotion and investment 

to go beyond social network (i.e., “word-of-mouth”) influences.   

 To provide flexibility to allow owners/developers of regulated sites to meet 

regulatory requirements, a market-based program, the SRC program, was established in 

2014. A fundamental feature of the SRC program is that, after achieving a minimum of 

50% of stormwater runoff volume retained on site, site owners have the option to use off-

site retention in the form of SRCs purchased from the private market, or to pay an in-lieu 

fee to DOEE. As with other market-based approaches, SRCs are expected to be more cost 
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efficient than traditional stormwater management programs and therefore more 

commonly used than in-lieu fee.   

 DOEE’s program is designed to provide flexibility for regulated sites while 

maximizing the benefit to District waterbodies (Van Wye, 2016). Specifically, it is 

anticipated that buyers of credits will consist of developers/owners of sites in the urban 

core/downtown area while credits are expected to be generated outside the urban core 

area. In this context, credit generators are generally expected to be located in areas 

outside the CSS area, and in areas where opportunity costs are low, such as in socio-

economically challenged areas.   

 The defining characteristic differentiating these two areas, beyond demographics, 

is the drainage system. Urban runoff within the CSS area is directed to a collection 

system that conveys both sanitary and runoff flows. Outside this area, runoff flows 

through a series of inlet structures and pipes (MS4). These two areas demarcate system 

control and regulatory requirements, as the CSS area is the purview of the District of 

Columbia Water and Sewer Authority while the MS4 area is the jurisdiction of DOEE.  

Washington, DC comprises eight wards, which are political jurisdictions within the city 

government. There is a significant amount of socio-economic and demographic diversity 

between wards in terms of wealth, income, age, unemployment rate, and education level 

(DOEE, 2010).  Figure 4-2 provides graphical information on the CSS/MS4 boundary as 

well as ward spatial information.    
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Figure 4.1. District of Columbia Combined Sewer Areas and City Boundary (adapted 
from DOEE, 2010) and Washington, D.C. Wards 

 

 The distribution of volume retention gained through the SRC program is intended 

to benefit the environment by providing protection to non-tidal headwater streams of the 

Anacostia River. These waters are more susceptible to the impacts of flashy urban flows 

that can be managed through retention-based practices, such as GSI. Similarly, the urban 

core area coincides with the coverage of the CSS, which collects and conveys sanitary 

and surface runoff flows to a downstream wastewater treatment system. Areas outside the 

core convey urban drainage directly to receiving waters. Urban runoff in the CSS area 

that is not released in a CSO will receive treatment prior to discharge to receiving waters. 

The increased vegetative cover associated with GSI practices expected to be used by SRC 

generators will increase property values, reduce urban heat island effects, enhance public 

health, and provide a greater aesthetic value to these areas (Van Wye, 2016).   

 There are a number of ways that SRCs can be generated. A private parcel owner 

or a land developer who engages in activities that trigger stormwater requirements may 



139 
 

decide to provide treatment beyond the minimum requirement and take credit for this 

additional treatment by placing this excess stormwater retention on the SRC 

clearinghouse for purchase (DOEE, 2019a). A parcel owner who is not engaging in these 

triggering activities can generate SRCs for any stormwater retention implemented.  

Generating SRCs may produce revenue based upon the market value of these credits once 

they are purchased, but this does not preclude parcel owners from receiving a stormwater 

fee reduction. Similarly, subsidies provided by DOEE for specified practices adopted 

(green roofs, for example) can be gained along with SRCs and a fee reduction. In this 

way, financial incentives can be “stacked” in an additive manner.   

 SRCs are only approved after a review by DOEE to ensure that DOEE standards 

were followed and that the GSI has been implemented correctly. SRCs are valid on an 

annual basis; however, they can be generated and certified for 1-, 2-, or 3-year periods.  It 

is the responsibility of the parcel owner to provide the required maintenance for the SRCs 

to remain valid. A parcel owner may wish to end their SRC commitment, which would 

free them from maintenance obligations (DOEE, 2019c).   

 Nearly 2 million SRCs have been purchased between 2014-2017, that 

cumulatively has generated over 80 acres of untreated impervious cover (DOEE, 2019b). 

The in-lieu fee is set at $3.50 per SRC, and DOEE has recently established a purchase 

guarantee program set for between $1.85 and $2.00 per SRC, depending upon location 

within the District of Columbia – these values provide an SRC value floor (purchase 

guarantee) and ceiling (in-lieu fee). The average annual SRC value has varied from 

$1.85-2.27 per SRC (Clements, Raucher, & Henderson, 2018). It is anticipated by DOEE 
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that 30% of impervious cover in the MS4 area will be retrofitted by 2040, or 

approximately 25 years after the start of this program (DOEE, 2017). Programs exist 

under certain circumstances for DOEE to provide a site evaluation to estimate the 

potential of SRCs to be generated.  In addition, there is a listing of SRC “aggregators” 

provided by DOEE, which are groups interested in purchasing SRCs in bulk from SRC 

generating projects.   

4.2.3 Overview of the G-SSA Model 

 To simulate GSI adoption, the G-SSA model integrates aspects of social theory, 

behavioral economics, innovative technology adoption patterns, GSI technical 

dimensions, urban demographics, and computational social science. As outlined in 

Chapter 2, the primary output of the G-SSA model is GSI adoption by private parcel 

owners.   

 The G-SSA model includes components from Diffusion of Innovation (DoI), the 

Theory of Planned Behavior (TPB), the Relative Agreement (RA) algorithm, neighboring 

influences, and the small world theory, as explained in Chapter 2 and 3. The G-SSA 

model utilizes a series of indexes to capture model components such as level of 

innovation and decision-making. These indexes include the Innovation Index (II), 

Opinion Index (OI), Wealth Index (WI), Constraints Index (CI), and Perceived 

Behavioral Control Index (PBCI), all of which are defined in Chapter 2.   

Model initialization for the G-SSA establishes starting conditions based upon a mixture 

of user-defined parameters and fixed inputs as outlined in Chapter 2. Data utilized at 

model initialization include physical/site information, demographics, and computational 
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parameters. This information is used to define the modeling environment as well as to 

populate data fields associated with cells and agents. Cells represent private parcels that 

are owned by parcel owners, and agents are defined in the G-SSA model as public 

outreach/engagement officials who inform parcel owners about the SRC program.  The 

model environment is segmented into five sectors, which represent differing urban 

neighborhoods.  

 After model set up, parcel owners’ decision-making process is simulated using 

conditional statements and expressions in iterative fashion over 360 months. Public 

outreach agents randomly visit parcel owners at each model timestep as well. G-SSA 

model output is GSI adoption and model results are recorded through spatial, locational, 

and temporal dimensions. To clarify, the term “locational” refers to the location of a cell 

in the context of sector, while “spatial” refers to influences between cells based upon 

properties, such as opinions and GSI adoption status. Specific metrics include Cluster 

Number (CN) which reflects the prevalence of GSI adoptions occurring within proximity 

to cells who have also adopted GSI; Cluster Ratio (CR) which represents the amount of 

GSI adoption that has occurred immediately adjacent to a cell with that was an initial 

adopter of GSI compared with those who have adopted outside of this immediate 

proximity. Market-based cost efficiency is defined as the cost savings gained for those 

engaged with the SRC trading market to retain a gallon of stormwater runoff compared to 

the cost per gallon for utilizing the in-lieu fee option.  

 The G-SSA model defined and explored previously in Chapters 2 and 3 is based 

upon a generalized and non-specific urban area and will be referred to in this paper as the 



142 
 

“conceptual G-SSA model.”  In contrast, the model version described and explored in 

this paper is based upon an applied context of the conceptual G-SSA model, and this 

version will be referred to as the “applied G-SSA model”.             

4.3 Applying the G-SSA Model to Washington, DC  

 The conceptual G-SSA framework forms a basis for application to a real scenario 

like Washington, DC. The conceptual G-SSA model runs in a cellular automata (CA), 

agent-based modeling (ABM) environment. Chapter 3 explored the conceptual G-SSA 

model and found performance to be consistent with expected outcomes while also 

revealing some model behavior insights for future exploration.   

 While the conceptual G-SSA model provides a pathway to simulation, it is based 

upon a hypothetical city with a diverse set of neighborhood types.  The applied G-SSA 

model is constructed and explored to illustrate the place-based potential for the G-SSA 

methodology. The Washington, DC area has many attributes that make it an appropriate, 

perhaps ideal, area for an initial application of the G-SSA model. The DOEE has a 

history of GSI-focused incentive programs, and it has an innovative market-based GSI 

retrofit program currently in place. The District of Columbia has diverse socio-economic 

demographics that will support illustration of the variability of GSI adoption in various 

contexts. Therefore, the applied G-SSA model presented in this paper is based upon the 

Washington, DC area; however, it should be noted that the G-SSA framework and 

conceptual model can be applied to other urban areas in a similar manner.   

 Many of the policies used in the SRC program have been mirrored in the applied 

G-SSA model; however, there are some departures. The use of a floor for SRC values is 
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assumed in the applied G-SSA model; however, the specific manner of this credit price 

floor differs from the current “price lock” policy used in the SRC that varies the credit 

price floor by area. A significant difference between the SRC program and the applied G-

SSA model is the allowance for credit purchasers to obtain 100% of required credits 

through the purchase of available SRCs in the model. This differs from the current DC 

program policy that limits SRC purchases to 50%.  For purposes of this initial application 

of the G-SSA model, this particular difference was ignored. The model can be modified 

to accommodate this difference or any other constraints that may exist in a particular 

location.   

4.3.1 Applied G-SSA model context and elements  

 The conceptual G-SSA model defines model sectors by neighborhood types as 

defined by the Urban Land Institute (ULI;2018). These neighborhood types are based 

upon urban areas found in a cross section of cities across the United States.  Examples 

include Midtown Atlanta, GA (economic center); the Carmel neighborhood of 

Indianapolis, IN; (emerging economic center), the Fells Point neighborhood of Baltimore, 

MD (mixed-use district); the Elmwood Village neighborhood of Buffalo, NY (high-end 

neighborhood); the Boyle Heights area of Los Angeles, CA (stable neighborhood); and 

the Fifth Ward of Houston, TX (challenged neighborhood). ULI also presents 

information on the distribution of neighborhood types across a single region, specifically, 

the Washington, DC area. This information was used to map the DC wards to 

neighborhood type, which presented a pathway to transition from the conceptual G-SSA 
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model to the applied G-SSA model. Table 4-1 maps out the association between ward 

and neighborhood type per the ULI.   

 

  Table 4.1. Washington, DC Wards per Urban Land Institute   
  Neighborhood Types (ULI, 2018) 

Ward Neighborhood Type 

1 Mixed-Use 

2 Economic Center 

3 High-End Neighborhood 

4 High-End/Stable Neighborhood 

5 Stable Neighborhood 

6 Mixed-Use / Emerging Economic Center 

7 Challenged Neighborhood 

8 Challenged Neighborhood 

 

 Table 4-1 illustrates the diversity of neighborhood types in the District of 

Columbia. This diversity is similar to many other communities and is consistent with the 

G-SSA conceptual applied model. Note that the G-SSA model presented in this research 

is limited to using five model sectors. This number is not fixed, as the G-SSA modeling 

methodology does not prescribe sector geometry. However, the configuration of using an 

odd number of sectors (five in this case) allows for a geometry reflecting an urban core 

sector surrounded by sectors using a symmetrical layout and uniform size.  This 
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configuration has the advantage of reflecting common elements of urban areas (e.g., 

urban core) as well as ease of computation and lack of biasing for or against any single 

sector outside of the urban core. As has been previously suggested, future work for the G-

SSA model will be to migrate the modeling into a geospatial modeling environment (i.e., 

GIS-based system) that would eliminate the need for arbitrary decisions on sector 

geometry.   

 The five wards used in the applied G-SSA model are shown in bold italicized 

print in Table 4-1. The wards chosen for inclusion in the model represent a diversity of 

socioeconomic populations within the District of Columbia. Those wards not included (1, 

4, 7) are similar to those integrated into the applied G-SSA model, as noted by Table 4.1. 

This redundancy suggests the lack of inclusion of these wards does not diminish the 

capacity of the applied G-SSA model to generally reflect socioeconomic diversity within 

the District of Columbia. Figure 4-3 provides an illustrative representation of the 

configurations of sectors used in the G-SSA model along with information regarding the 

corresponding ward/sector and neighborhood type for each modeling sector.   
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 Figure 4.3. Applied G-SSA Sectors, D.C.  Wards and Neighborhood Types 

 

 The goal of the applied G-SSA model, as outlined in this chapter, is to illustrate 

the capacity to apply the general G-SSA model methodology to a specific location. While 

model output may highlight interesting dynamics related to GSI adoption in the 

Washington, DC area, the goal of the applied G-SSA model presented here is not to 

suggest District-wide policies for consideration. Rather, the goal is to illustrate the ability 

to utilize the G-SSA methodology in a place-based context. Further, this research is 

intended to inform a gained understanding of GSI incentive decision-making in a city-

scape in a general sense.    

 The applied G-SSA model integrates DoI dynamics by defining II values through 

census-based and other publicly available information broken down by ward as opposed 

to utilizing generalized data for these factors as was used for conceptual G-SSA model. 

Similarly, the indexes associated with decision-making dynamics are based upon local 

Sector 1 
Ward 3 
High‐End Neighborhood 

Sector 2 
Ward 5 

Stable Neighborhood 

Sector 4 
Ward 8 

Challenged Neighborhood 

Sector 3 
Ward 6 
Mixed‐Used District 

Sector 5 
Ward 2 

Economic Center 



147 
 

data sets and reflect conditions associated with the District of Columbia. The driving 

computational algorithm defining social influence in the conceptual G-SSA, the RA 

algorithm, as well as the assumption of small world social network dynamics, are valid 

for the applied G-SSA model. Lim (2017) notes that the leading information diffusion 

mechanism identified for the RiverSmart GSI incentive program (Water Words That 

Work, 2015) was word-of-mouth/social engagement in the Washington, DC area.  

 While the conceptual G-SSA model initialization establishes conditions reflecting 

a generalized hypothetical urban area, the applied G-SSA model initialization establishes 

conditions in the context of the District of Columbia. Specifically, attributes, such as 

average annual income, land use, and parcel size are established in each sector to match 

the corresponding ward for each model set up. For instance, the properties of Sector 1 in 

each model set up is based upon information reflecting the conditions of Ward 3.   

While each model set-up provides a consistent distribution of attributes, the exact spatial 

pattern of these attributes differs with each model set-up with the exception of sector 

configuration. The distribution of attributes differs for various cell properties. For 

instance, the distribution of land use is defined by a percentage of parcels by sector while 

the distribution of II values is based upon a sector-wide average value and an assumed 

normal distribution. This variation in spatial distribution brings in uncertainty and 

stochastic into the modeling dynamic. Further stochastic dimensions of the modeling 

occur through multiple pathways offered for cells at each model timestep. Policies are 

then analyzed through multiple model runs using a specified set of user-input parameters 

to identify multiple, equally-likely outcomes. These outcomes are then analyzed to 
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understand the relationship between input parameters and model results to inform 

policies.   

 Specific information on initialization values, physical and site information, 

demographic and financial information, index values, and user-defined parameters is 

provided in Appendices A-E. To observe a visual representation of summarized data on 

land use type distribution as well as general sociodemographic information for each 

modeling sector, see Figure 4-4. The configuration of modeling sectors differs from the 

actual geography of the ward represented. However, the general location of sectors is 

similar to the arrangement of the wards they represent. For instance, Ward 3 is located in 

the northwest section of the District, while Ward 8 is located in the southeast section of 

the city. An important feature of the arrangement provided is having an urban core sector 

(Sector 5) that has the potential to influence other sectors. An arrangement of sectors that 

is geographically accurate is desirable for high-level modeling efforts. However, the 

arrangement associated with the model version presented in this chapter provides enough 

locational alignment to consider results from the modeling as informative for basic policy 

analysis and deeper understanding of modeling dynamics in the place-based context.    

Property values are required as inputs to the model. Ratios were determined for each 

sector based upon average property value of the ward/sector corresponding to the sector 

divided by lowest average property value (Ward 8/Sector 4 in this case). In addition, 

Ward 6/Sector 3 was found to represent average value across all wards, so the property 

values for all land use types found for Ward 6/Sector 3, based upon public and real estate 

data bases, such as DC Government Open Data DC Platform (2018), Trulia (2018), 
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Loopnet (2018) , were then used to scale the average property values for all land use 

types up or down based upon the Sector 4/Ward 8-based ratio.  Finally, property values 

determined for each cell were then used to estimate opportunity costs associated with the 

footprint required for a GSI practice adopted on a parcel. 

 Figure 4-5 provides detailed information on II values for sectors in the applied G-

SSA model. These values were determined as defined Chapter 2, but utilized different 

data sets from the conceptual G-SSA model. A normal population distribution was 

assumed based upon the average II sector values. This assumption was made based upon 

a lack of data on innovation distribution in the District of Columbia as well as literature 

suggesting the tendency for populations to generally exhibit a normal distribution for 

innovativeness. An II value is assigned to each parcel owner based upon the average II 

value for the sector in which the parcel is located and an assumed normal distribution 

within the sector.  
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Figure 4.4. District of Columbia Wards and Computation Sectors; Demographic 
Background; Dominant Land Use; Innovation Profile 

 

 Information regarding some modeling parameters requires additional context.  

Regarding the definition of middle-class income for the model, these values are 

determined through 2010 census data, which showed that the average annual income 

across the District is approximately $144K for 2018 (DC Health Matters, 2018). As with 

the conceptual G-SSA model, a normal distribution was assumed for income distribution 

for the ease of computation. However, Bandourian, McDonald & Turley (2002) suggest 

that this distribution in specific cities likely reflect other types of standard distributions 

Sector1 (Ward 3) 
Population 
- Middle-age population 
- High education level 
- Upper income 
Dominant Land Use 
- Low-Density Res (60%) 
- Med Density Res (6%) 
- High Density Res (3%) 
- Institutional (17%) 
- Commercial (4%) 
Innovation Profile 
- Early Adopter 

Sector 2 (Ward 5) 
Population 
- Middle/Older-age population 
- Moderately low education level 
- Lower-middle income 
Dominant Land Use 
- Low-Density Res (24%) 
- Low-Med Density Res (28%) 
- Med Density Res (7%) 
- Industrial (10%) 
- Institutional (17%) 
- Commercial (12%) 
Innovation Profile 
- Late Majority 

Sector 3 (Ward 6) 
Population 
- Middle-age population 
- Moderately high education level 
- Middle income 
Dominant Land Use 
- Low/Med Density Res (45%) 
- Med Density Res (13%) 
- High Density Res (4%) 
- Institutional (5%) 
- Commercial (20%) 
- Office (7%) 
Innovation Profile 
- Early Majority 

Sector 4 (Ward 8) 
Population 
- Young population 
- Low education level 
- Lower income 
Dominant Land Use 
- Low-Density Res (15%) 
- Low/Med Density Res (15%) 
- High Density Res (3%) 
- Med-Density Res (39%) 
- Commercial (7%) 
- Institutional (7%) 
Innovation Profile 
- Late Majority 

Sector 5 (Ward 2) 
Population 
- Young/Middle-age population 
- High education level 
- Upper-middle income 

Dominant Land Use 
- Low/Med-Density Res (23%) 
- Med-Density Res (8%) 
- High-Density Res (5%) 
- Mixed-Use (3%) 
- Office (21%) 
- Institutional (20%) 
- Commercial (14%) 

Innovation Profile 
- Innovator 
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(lognormal, gamma, Pareto). Customization of the G-SSA model can include an 

investigation into the actual distribution of a subject location and easily integrated into 

the G-SSA environment. Future research will include the ability to utilize multiple 

distributions for income. For the current research, a normal distribution with one standard 

deviation below and above the mean provides the approximate values of $95K and 

$193K for default thresholds for low and upper annual incomes. The data sources include 

the Urban Land Institute (2018) and DC Health Matters (2018). Lastly, the use of an 

annual redevelopment rate of one percent for Washington, DC is consistent with the 

projected values for “mature” cities, such as Milwaukee, Chicago and Seattle (Center for 

Neighborhood Technology, 2007).   

 

 

 Figure 4.5. Innovation Indices by Sector and Associated Statistical Values 

 



152 
 

4.4 Applied G-SSA modeling results and analysis  

4.4.1 Results 

 The applied G-SSA model was executed 100 times with the output values 

averaged for each timestep to ensure consistent output. Chapter 3 included an analysis of 

the stability of model output for the conceptual G-SSA model. Following this same 

approach, the applied G-SSA model was analyzed for stability with results consistent 

with the conceptual G-SSA stability. Figure 4-6 shows the coefficient of variation (CV), 

standard deviation and variance over a range from 5 to 100 replicates. As with the 

conceptual G-SSA model, the CV value declines as the number of replicates increase and 

stabilize within 100 replicates. Similarly, the standard deviation and variance decrease 

with an increase in replicates, which illustrates the reduction in model output variability 

with increased replicates.  

 The user-defined parameters are listed in Table 4-2 and modeling results are listed 

in Table 4.3. Specifically, the average value over 100 runs of the percentage of 

impervious cover managed by adopted GSI is listed along with the maximum, minimum 

and standard deviation of these values. Lastly, the number of acres of impervious cover 

treated through GSI adoption that corresponds with the average percentage is also 

provided. Outputs from these runs are generally consistent with expectations as well as 

being informative for the development of policies associated with GSI adoption 

incentive-based programs in Washington, DC and beyond. Minimum values for all 

sectors show that on rare occasions no adoption occurs at all, which reflects conditions 

when supply always outpaced demand making the market-based option an unattractive 



153 
 

option to meet regulatory requirements. However, the relatively low standard deviation 

shows that the spread of output data is reasonable.      

 

 

Figure 4.6. Coefficients of Variation, Standard Deviation and Variance for Applied G-
SSA Model for Baseline Conditions 

 

  Because the central purpose of the G-SSA model is to simulate the adoption of 

GSI by parcel owners, initial analysis is focused on this output. As previously noted, 

DOEE predicts that 30% of untreated impervious cover will be retrofitted using GSI 

through the SRC trading program. The G-SSA model suggests that this target may be a 

reasonable target, as the total GSI adoption by the end of the model period is well above 

the target projected by DOEE, as listed in Table 4.3.  However, it should be noted that the 



154 
 

G-SSA model is not a predictive model and model refinement is needed to further 

enhance the model performance.   

 

Table 4.2. Applied G-SSA User-Defined Input Settings 

Variables Values Variables Values Variables Value 

Opinion 
Threshold 

0.5 
Number of 

Public 
Outreach 

1 
Number 

of 
innovators 

13 

Innovation 
Threshold 

1.49 
Redevelopment 

Rate 
1.00% 

ERU rate $27.85 

Neighbors 
Threshold 

1 Payback-Self 7 
Rebate 10% 

Constraints 
Threshold 

0.5 Payback-Other 10 
Credit 
price 

$1.50 

Mu 0.5     
 
 

    In addition, Table 4-3 shows that the contribution of GSI adoption by sector 

varies widely, with Sector 4 reflecting an adoption rate driving retrofits to nearly 60%of 

existing untreated impervious area. Total impervious acres treated through adopted GSI 

tracks well with percentage treated with the exception of Sector 5, which has a relatively 

high percentage of impervious area retrofitted (40.9%) with a relatively low total 

impervious acreage retrofitted (13.1). This seeming contradiction is due to the relatively 

limited number of parcels within Sector 5 compared to Sectors 1 through 4.   
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Table 4.3. Percentage of Impervious Acres Treated and Total Impervious Acres Treated 
by Adopted GSI 

 
Percent of Impervious Area Treated by GSI  

Sector Average % 
from Range 

Maximum 
% in Range 

Minimum
% in Range 

Standard 
Deviation of 

% Values 

Acres 
Impervious 

Area Treated 
by GSI 

1 47.2 82.9 0 14.2 18.8 

2 24.7 47.5 0 14.1 12.8 

3 38.4 68.1 0 15.7 17.9 

4 59.3 90.1 0 22.6 26.4 

5 40.9 81.6 0 14.1 13.1 

Total 40.2 56.9 0 8.6 89.1 

 

 The amount of GSI adoption on residential and non-residential properties can be a 

critical topic for GSI incentive programs. These totals are shown by sector and overall in 

Table 4.4. Note that these values represent percentages within the context shown. For 

instance, 85.5% and 50.0% of impervious acres on residential and non-residential total 

properties within the sector are treated with adopted GSI, respectively. A consistent 

pattern showing higher adoption of GSI on residential areas, with over 80% of residential 

impervious acres treated with adopted GSI compared to approximately 30%for non-

residential areas.        
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Table 4.4. Percentage of Residential and Non-Residential Impervious Acres Treated by 
GSI 

Sector 
Percentage of 

Residential Impervious 
Area Treated by GSI 

Percentage of Non-
Residential Impervious 
Area Treated by GSI 

1 86 50 

2 65 17 

3 80 24 

4 89 23 

5 81 45 

Total 82 30 

 

 While information reflecting GSI adoption by the end of the modeling period is 

insightful, the G-SSA model provides the capacity to simulate adoption dynamics 

temporally. Figure 4.7 provides the percentages of impervious area and the total 

impervious acres treated by GSI by sector and overall, respectively. These graphs 

illustrate the uneven rate of GSI adoption as well as the differing rates of adoption 

between sectors. The temporal pattern of percentages of residential and non-residential 

areas treated by GSI are also shown in Figure 4.7, and these also illustrate the unevenness 

of GSI adoption by location and over time. 

 Other outputs beyond GSI adoption were captured in model simulations. A 

premise of the use of market-based approaches in the environmental sector is the ability 

to meet environmental and/or regulatory goals in a more cost-efficient manner. An 

assumption used throughout model development is that those who purchase SRCs are 
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profit-seeking, and therefore, will purchase credits when these are less expensive than 

other options. In the context of the G-SSA model, the other option is to pay into an in-

lieu fee (ILF) fund. Cost efficiency in the context of the G-SSA model is therefore the 

amount below the ILF used in the model. The IFF is assumed to be $3.50 per gallon.   

 

  

Figure 4.7. Applied G-SSA Model Percent GSI Adoption and Impervious Acres Treated 
by GSI by Sector and Overall as well as for Residential and Non-Residential Properties 
by Sector and Overall 

 

 The results for the applied G-SSA model show a cost using the credit market at a 

price that is approximately 35% of the ILF rate of $3.50. Figure 4.8 shows that the ratio 

of SRC over ILF has an initial spike near 0.45 and quickly drops and stabilizes near 0.35. 

Considering the $3.50 cost for ILF, the SRC costs are near $1.12 in this context. The 
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driver of credit value in the G-SSA model is the amount of demand relative to supply of 

credits. Figure 4-8 also shows the variability of the demand/supply ratio, which is 

generally between 0.75- 0.3 suggesting that the demand for credits is consistently 

stronger than supply. The general pattern for this ratio is to increase until the revenues 

generated by credits make investment financially attractive.  

  

 

Figure 4.8. GSI Cluster Number, Cluster Ratio, Demand/Supply Ratio, and SRC/In-lieu 
Fee Cost Ratio over the Modeling Period 

 

 Two metrics described in Chapters 2 and 3 related to the spatial nature of GSI 

adoption are the Cluster Number (CN) and the Cluster Ratio (CR). The CN value 

captures the tendency for GSI adoption to occur in a clustering pattern. Generally, it is 

expected that clustering should increase as GSI adoption grows, and this pattern is 



159 
 

reflected in the modeling output. The CR metric describes the amount of GSI adoption 

that occurs in the immediate proximity of those parcels which adopted GSI due to an 

early incentive program (reflected in the G-SSA model as “greened” properties at model 

setup) divided by the amount of GSI adoption that occurs beyond the proximity of initial 

adopters. The change in the CN number and CR values over the duration of the modeling 

period are shown in Figure 4.8. How the CN changes over time reflects the relationship 

between GSI adoption and clustered adoption. Specifically, an increase in CN over time 

indicates that clustered adoption is driving overall adoption while the converse (reduction 

in CN over time) indicates that GSI adoption is occurring in an isolated/non-clustered 

pattern over time. A line with no slope for CN indicates that clustered and non-clustered 

adoption is occurring at approximately the same rate. Similarly, an increase in CR over 

time indicates that GSI adoption is occurring more aggressively within the computational 

neighborhood of initial adopters of GSI than beyond these neighborhoods. A decrease in 

CR indicates the opposite; beyond-computational neighborhood growth is dominant. A 

no-slope line indicates that growth within and beyond computational neighborhoods of 

initial GSI adopters is occurring at roughly the same rate.            

4.4.2 Applied G-SSA output analysis 

 The results generated by the applied G-SSA model provide many insights on GSI 

adoption generally as well as for the Washington, DC, SRC program.  An expectation for 

adoption is for the pattern to generally occur in a logistic growth fashion, consistent with 

other patterns of innovation adoption. Model results reflect this expectation in some 

aspects but confound this dynamic in other areas. For instance, the two more highly 
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innovative sectors (1 and 5) exhibit growth patterns of GSI adoption that is logarithmic 

rather than logistic, generally, while the remaining sectors exhibit a growth pattern more 

consistent with traditional logistic growth. The resulting growth curve for the entire 

modeling environment is a mix of both logarithmic and logistic in fashion.   

 The differing temporal patterns of growth of the sectors generate interesting 

findings. For instance, it is generally not unexpected that the two least innovative sectors 

(2, 4) do not exhibit high growth rates of GSI adoption until the program has been 

operating for over10 years. Similarly, it is not surprising that a moderately innovative 

region (Sector 3) exhibits quicker engagement in GSI adoption than Sectors 2 and 4.  

However, an expected behavior is the relatively high rate of adoption in Sector 4, which 

is an area with delayed GSI adoption growth that eventually drives the highest rates of 

adoption overall. This is in contrast to Sector 2, which also exhibits delayed growth in 

adoption; however, the growth seen in this sector is muted compared to Sector 4 and all 

other sectors.   

 A reason for this delay is due to the combination of innovativeness and 

land/property value. Sectors 2 and 4 have similarly low innovativeness; however, the 

property values in Sector 2 are significantly higher than in Sector 4. This difference in 

property values between sectors creates a disparity in opportunity costs associated with 

GSI adoption. While Sector 4 is limited by innovativeness, the ability to generate GSI 

adoption is not compromised permanently. In contrast, Sector 2 is burdened by not only 

low innovation but relatively high land values and opportunity costs. It is likely that 

neither of these late-adopting sectors would have exhibited much growth at all without 



161 
 

the early and aggressive adoption by Sectors 1 and 5. Considering the central location of 

Sector 5, it is clear that the strong early growth in this sector eventually drives adoption 

growth in other sectors. Future research could include efforts to reduce the 

innovativeness of highly innovative sectors to better understand the implication of overall 

growth in the context of a lack of a sector that drives early and strong rates of GSI 

adoption. 

 Patterns related to residential and non-residential GSI adoption are similar to 

those seen overall. For instance, Sectors 1 and 5 exhibit logarithmic growth for both 

residential and non-residential GSI adoption while other sectors are generally logistic in 

growth. However, the dominance of Sectors 1 and 5 in the rate of overall non-residential 

GSI adoption compared with the remaining sectors helps to explain the aggregate growth 

curve for non-residential GSI adoption reflecting a logarithmic growth pattern. Similar 

logarithmic growth occurs for GSI adoption on residential properties for Sectors 1 and 5; 

however, the logistic growth seen in Sectors 3 and 4 eventually approximately matches or 

exceed rates in Sectors 1 and 5. Growth in adoption percentages in Sector 2 matures well 

below the adoption percentages for all other sectors. The aggressive growth in residential 

GSI adoption for Sectors 2 through 4 is likely due to the relatively high volume of 

residential properties in these sectors compared to Sectors 1 and 5.    

The logarithmic-logistic hybrid-style of GSI adoption growth may be beneficial for GSI 

market-based incentive programs, if understood. Logarithmic growth is common to 

phenomena where immediate aggressive growth occurs followed by a rapid decrease in 

growth rate that then continues. Logistic growth, often associated with adoption of 
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innovative technologies and practices, has a period of slow growth followed by a rapid 

increase in growth that then resembles logarithmic growth. A premise of logistic growth 

in the context of innovation adoption is that the small number of highly-innovative 

individuals (innovators/early adopters) whose early adoption during an “infancy” stage 

can eventually help to drive higher rates of adoption for innovative practices or 

technologies (Rogers, 2003).   

 If areas within a cityscape are highly innovative, such as Sectors 1 and 5 in the 

applied G-SSA model, these areas can be leveraged through early adoption of GSI to help 

“seed” the landscape and potentially enhance overall GSI adoption. In other words, 

highly innovative sectors can, in effect, “pull along” other areas that are less innovative, 

so the overall growth pattern for a community may resemble logistic growth (or hybrid 

logarithmic-logistic growth) that is the product of differing growth patterns throughout 

the cityscape. Understanding how these differing communities embrace innovative 

practices, such as GSI, as well as influence each other is key to successful overall GSI 

adoption in the context of incentive programs.     

 The growth curve for CN values is logarithmic with a sharp initial increase that 

begins to decay within the first year or two of the program with growth continuing to 

slow until a pattern of slow linear growth occurs after month 120. The dynamics of CR 

values differs from the pattern for CN values. An initial spike in CR approaching 3.7 is 

followed by a sharp decline by the second or third year of the program after which a 

nearly-linear decay in CR values occur starting near the value of 0.5 and approaching 

0.14 by the end of the modeling period.    
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 The dynamics for CN and CR may have ties to previously-documented clustering 

dynamics observed for GSI adoption. Lim (2017) noted multiple phases in clustering in 

GSI adoption in the RiverSmart program (Water Words That Work, 2015), with the 

initial phase associated with the increase in GSI adoption by highly innovative 

individuals followed by clustered growth in proximity to first adopters of GSI, and a final 

phase where growth occurred beyond immediate proximity of first GSI adopters. A 

similar pattern is seen in the applied G-SSA output. Initial CN values are low (near the 

value of 1), which reflects adoption has occurred or is occurring at an individual scale 

with no or little clustering occurring. This condition is reflected computationally in the G-

SSA model by “seeding” the landscape with GSI adoption at model set up.   

 For Washington, DC, the RiverSmart (Water Words That Work, 2015) program 

has led to adoption of GSI on approximately two percent of parcels (DOEE, 2013), which 

occurred prior the start of the SRC trading-based incentive program. In the applied G-

SSA model, an initial seeding of approximately two percent of parcels was used. This 

seeding represents the initial phase identified by Lim (2017), so in this way, this phase 

was not observed in the modeling output, rather, generated as an initial condition. The 

immediate and rapid growth in CN value at the start of the program illustrates that growth 

in clustering in proximity to first GSI adopters is concurrent with overall GSI adoption 

growth.   

 The relatively high CR values near the start of the program highlight the strong 

growth in GSI adoption in proximity to initial GSI adopters. In essence, clustering 

defines the GSI adoption growth. As GSI adoption growth slows and transitions from 
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logarithmic to a more traditional logistic growth pattern, the growth in CN and CR values 

drop precipitously. The transition in CR values dropping significantly to a more stable 

linear pattern near the 3-year mark (36 months) after program initiation suggests the 

period of influence for initial GSI adopters is within 3 years, which is consistent with the 

findings from Lim (2017).   

4.4.3 Applied G-SSA scenario analysis 

 The applied G-SSA model has the flexibility to consider varying modeling 

assumptions and input parameters to consider the impacts of varying starting conditions 

on GSI adoption patterns and scale. Scenario 1 reflects baseline conditions with 

Scenarios 2 through 4 reflecting modeling conditions based upon the outcomes associated 

with varying assumptions or policy changes for the District of Columbia. Table 4.5 

provides parameter settings for the various scenarios being analyzed.    

 Scenario 2 represents assumptions where there are no barriers to overcome when 

considering the influence of neighboring parcels on GSI adoption, which is reflected in 

the value of 0 for the Neighbors Threshold parameter. In addition, this scenario assumes 

that the public outreach budget is eliminated, leaving no public outreach agents available 

to inform residents of the SRC program. Lastly, Scenario 2 assumes that the definition of 

favorable opinion is higher than the baseline value, reflected in an Opinion Threshold 

value of 0.55 compared to 0.50 for the baseline scenario.   
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Table 4.5. Applied G-SSA Modeling Scenarios   

Variables Scenario 1 
(Baseline) 

Scenario 2 Scenario 3 Scenario 4 

Opinion Threshold 0.5 0.55 0.45 0.60 

Innovation Threshold 1.49 1.49 1.19 1.49 

Neighbors Threshold 1 0 1 0 

Constraints Threshold 0.5 0.5 0.5 0.5 

Mu 0.5 0.5 0.5 0.5 

Number of Public Outreach 1 0 2 2 

Redevelopment Rate 1.00% 1.00% 1.00% 1.00% 

Payback-Self 7 7 7 7 

Payback-Other 10 10 10 10 

Number of Innovators 13 13 13 13 

ERU Rate $27.85 $27.85 $27.85 $27.85 

Rebate 10% 10% 10% 10% 

Credit Price $1.50 $1.50 $1.50 $1.50 

 

 Scenario 3 assumes that the neighboring barriers are the same as baseline; 

however, rather than eliminating the public outreach budget compared to the baseline 

conditions, the budget is doubled, which is reflected by having two public outreach 

agents. Also, this modeling scenario assumes that to reach a favorable opinion of GSI 

adoption is easier than the baseline scenario, and similarly, it is easier for parcels owners 
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to be considered highly innovative (with an Innovation Threshold value lowered from 

1.49 to 1.19 when considering baseline and Scenario 3 conditions).   

 Scenario 4 assumes that parcel owners have to reach a higher level of opinion 

compared to all other scenarios in order to reach a level that is considered to be favorable 

in terms of GSI adoption. Similar to Scenario 2, there is an assumption that the 

neighboring influence regarding GSI adoption is immediate and does not require that a 

certain number of neighbors adopt GSI before consideration for a parcel owner to do so 

as well. Also, similar to Scenario 3, there is a strong public outreach budget.  

4.4.3.1 Scenario modeling output findings  

The results of testing all four scenarios highlights similarities and differences in 

outcomes. These values are listed in Table 4.6, which specifically lists the total amount of 

GSI adoption that occurred over the modeling period in each sector and by scenario as 

well as a similar breakdown listing the amount of impervious acres within each sector 

and across the entire modeling environment treated by GSI due to adoption associated 

with the stormwater incentive program. In addition, the final CN number and CR values 

are provided in Table 4.6.    

 When viewing final output only, some basic conclusions can be drawn. First, it is 

clear that all scenarios analyzed produce significant GSI adoption rates, which are 

defined as being above 20% in the context of the applied G-SSA model. While all 

scenarios are above 20% total GSI adoption overall, Scenarios 1 and 2 produce results 

that are consistent with the classic logistic growth. These scenarios follow a growth curve 

that is initially modest in growth followed by a more aggressive growth period. After this 



167 
 

aggressive growth, a maturation/saturation of growth occurs that is reflected by a 

reduction in overall growth near the end of the modeling period. Scenarios 3 and 4 results 

suggest that GSI adoption may be potentially close to 50%. This is a much higher 

adoption rate compared to the status quo level of participation in traditional stormwater 

incentive programs, which literature shows is often between two and five percent. The 

GSI adoption rate for the RiverSmart (Water Words That Work, 2015) program is two 

percent. The minimum goal for adoption in the modeling analysis was 20%, so all 

scenarios exceed this minimum. Similarly, the modeling results for GSI adoption rates 

exceed the DOEE estimate of 30% of impervious area in the District being addressed 

through the SRC program by 2040 (DOEE, 2019b).   

 

Table 4.6. Summary of Impervious Acres Treated and Cluster Number by GSI by Sector 
and Scenario 

Scenario 1 (Baseline) 

Sector 1 
Acres / % 

Sector 2 
Acres / % 

Sector 3 
Acres / % 

Sector 4 
Acres / % 

Sector 5 
Acres / % 

Total  
Acres / % 

Cluster # / 
Cluster 
Ratio 18.8 ac 12.8 ac 17.9 ac 26.4 ac 13.1 ac 89.0 ac 

47.2% 24.7% 38.4% 59.3% 40.9% 40.2% 5.9 / 0.14 

Scenario 2 

Sector 1 
Acres / % 

Sector 2 
Acres / % 

Sector 3 
Acres / % 

Sector 4 
Acres / % 

Sector 5 
Acres / % 

Total  
Acres / % 

Cluster # / 
Cluster 
Ratio 17.4 ac 8.7 ac 15.1 ac 25.9 ac 10.7 ac 77.8 ac 

42.6% 16.0% 33.6% 60.3% 34.4% 35.0% 5.5 / 0.12 

Scenario 3 

Sector 1 
Acres / % 

Sector 2 
Acres / % 

Sector 3 
Acres / % 

Sector 4 
Acres / % 

Sector 5 
Acres / % 

Total  
Acres / % 

Cluster # / 
Cluster 
Ratio 38.7 ac 21.5 ac 23.2 ac 31.7 ac 13.2 ac 109.1 ac 

49.4% 38.7% 51.9% 70.4% 44.6% 49.2% 6.2 / 0.11 
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 A second conclusion is the relative volatility of GSI adoption that occurs in Sector 

2 across the scenarios analyzed. This can be seen in Table 4.7 as the total impervious 

acres treated with GSI go from 8.7 to 21.5 in Sector 2 for Scenarios 2 and 3, respectively.  

With Sector 2 parcel owners having a diminished level of innovation and favorable 

opinions generally, it is reasonable to expect a diminished amount of GSI adoption when 

the Opinion Threshold value is raised from 0.50 to 0.55 when moving from baseline 

(Scenario 1) to Scenario 2 conditions. However, Scenario 4 has an even higher Opinion 

Threshold value (0.60) than Scenario 2, yet produced over twice as much GSI-treated 

impervious acres. This can be explained by Scenario 4 having an enhanced level of 

public outreach investment, which illustrates the power of public outreach to drive 

adoption in more challenging areas, such as Sectors 2 and 4.   

 It should be noted that the CN and CR values are generally similar for all 

scenarios; however, slightly higher CN values are associated with the two scenarios 

producing the most adoption overall (Scenarios 3 and 4) compared with Scenarios 1 and 

2. CR values are almost identical, which suggests that a review of temporal trends may be 

enlightening compared to static final output numbers. 

Table 4.6. (Continued) 

Scenario 4 

Sector 1 
Acres / % 

Sector 2 
Acres / % 

Sector 3 
Acres / % 

Sector 4 
Acres / % 

Sector 5 
Acres / % 

Total  
Acres / % 

Cluster # / 
Cluster 
Ratio 2.0 ac 21.5 ac 21.6 ac 30.2 ac 14.4 ac 108.8 ac 

53.4% 38.8% 45.2% 66.3% 46.5% 48.1% 6.1 / 0.12 
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 When considering temporal trends, it is helpful to review graphs expressing 

behavior over a set amount of time. Figure 4.9 shows the percentage of impervious cover 

treated by adopted GSI across the modeling environment by modeling scenario. This 

graphic shows how Scenarios 1 and 2 follow a similar growth pattern overall, which is a 

small/low amount of initial adoption (logarithmic growth), followed by an infancy stage 

through ~140 months (Scenario 1) or ~210 months (Scenario 2), after which a growth 

phase occurs, followed by a maturation phase occurring near the end of the modeling 

period. This growth pattern for both is logistic, generally. The delay in infancy/growth 

between 1 and 2 is likely due to the higher Opinion Threshold value for 2 and the lack of 

public outreach, which slows the opinion evolution process.   

 

Table 4.7. Percentage of Total Impervious Acres Treated through GSI Adoption by 
Sector 
 

Scenario 1 (Baseline) = 89.1 impervious acres treated by GSI total 

Sector 1 % 
of Total 

Sector 2 % 
of Total 

Sector 3 % 
of Total 

Sector 4 % 
of Total 

Sector 5 % 
of Total 

21.1% 14.4% 20.1% 29.7% 14.7% 

Scenario 2 = 77.8 impervious acres treated by GSI total 
Sector 1 % 

of Total 
Sector 2 % 

of Total 
Sector 3 % 

of Total 
Sector 4 % 

of Total 
Sector 5 % 

of Total 
22.4% 11.2% 19.4% 33.3% 13.8% 

Scenario 3 = 109.1 impervious acres treated by GSI total 
Sector 1 % 

of Total 
Sector 2 % 

of Total 
Sector 3 % 

of Total 
Sector 4 % 

of Total 
Sector 5 % 

of Total 
18.0% 19.7% 21.3% 29.1% 12.1% 

Scenario 4 = 108.8 impervious acres treated by GSI total 

Sector 1 % 
of Total 

Sector 2 % 
of Total 

Sector 3 % 
of Total 

Sector 4 % 
of Total 

Sector 5 % 
of Total 

19.3% 19.8% 19.9% 27.8% 13.2% 
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 Scenarios 3 and 4 follow differing growth patterns than Scenarios 1 and 2. 

Scenario 3, having lower Opinion Threshold and Innovation Threshold values, as well as 

a Neighbors Threshold value of 1, and 2 public outreach agents, has an expectedly high 

overall GSI adoption. The initial spike in GSI adoption is likely driven by clustered 

growth across the whole modeling environment, with a moderate decline in adoption rate 

occurring as GSI adoption becomes more dependent upon information dissemination and 

opinion evolution across the city. This strong adoption rate eventually matures ~ 110 

months after which this rate enters a “maturation” phase.   

 

 

Figure 4.9. Impervious Acres and Percentage of Impervious Acres Treated by GSI by 
Scenario 

 

 Scenario 4 has a much different GSI adoption pattern with the lowest amount of 

initial adoption rate increase of all scenarios. This is likely due to the value of 0 for 

Neighbors Threshold and the high Opinion Threshold value (0.60). There is then a long 

infancy phase through ~210 months. The rate of GSI adoption during infancy for this 
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scenario is stronger than the rate during the infancy phase in Scenarios 1 and 2, which is 

most likely due to the higher amount of public outreach. The growth phase for Scenario 4 

is also more aggressive than the growth phases for Scenarios 1 and 2 with an indication 

of maturation occurring at the end of the model run period. The pattern of delayed 

infancy/growth/maturation phases is likely due to the relatively high Opinion Threshold 

value, as opinion evolution is needed before adoption to occur, and with a high Opinion 

Threshold value, this evolution takes more time than with other scenarios. However, the 

strong public outreach does lead to stronger overall adoption.    

 Overall, the modeling results suggest that initial growth is driven by Neighbors 

Threshold and clustered growth, but long-term growth is more significantly dependent 

upon factors such as public outreach, Opinion Threshold and Innovation Threshold. With 

strong outreach, GSI adoption will continue to occur and the rate of this growth will be 

dependent upon the available universe of potential GSI adopters. The size of this universe 

of potential adopters is directly tied to the levels set for Opinion Threshold and 

Innovation Threshold values. Relatively low values for both thresholds will increase the 

overall number of potential GSI adopters compared with higher threshold values.    

4.4.4 Applied G-SSA sector analysis 

 An added dimension of analysis focusing on how each sector exhibits differing 

patterns of GSI adoption for the various scenarios is informative. Figures 4.10 and 4.11, 

which illustrate the patterns of GSI adoption over time based upon both sector and 

scenario, are helpful when considering the dynamics played by ward/sector as well as 

modeling scenario assumptions.   



172 
 

 Sectors 1 and 5, being highly innovative and generally having high opinions 

related to GSI, have similarly aggressive GSI adoption rates. For both sectors, Scenarios 

1-3 exhibit logarithmic growth curves with initial and strong adoption rates that quickly 

mature as the potential parcels for GSI adoption become saturated. In the same way, both 

sectors reflect a less aggressive adoption rate for Scenario 4. The growth for Scenario 4 in 

Sector 5 is logarithmic, albeit more diminished in initial GSI adoption, but producing an 

overall higher ultimate adoption than any other scenario. The high adoption for Scenario 

4 is due to the high level of public outreach efforts and the many parcels with relatively 

high opinion levels and levels of innovation. Sector 1 GSI adoption pattern for Scenario 4 

follows a more logistic growth curve pattern. This is likely due to the slightly less 

innovative characteristic of Sector 1 compared with Sector 5, which required some 

evolution in information dissemination and opinion evolution before adoption rates 

increased significant. However, the ending adoption rate for Scenario 4 in Sector 1 was 

eventually higher than all other scenarios in this sector.   

 The GSI adoption rates for Sectors 2 and 3 are similar to each other. In both 

sectors, Scenario 3 follows a logarithmic growth patterns, as shown in Figure 4-11, while 

Figure 4-10 shows that both scenarios (3 and 4) exhibit a logistic growth pattern overall.  

For Scenarios 1, 2, and 4, there is little adoption in Sector 2 until nearly year 10 (month 

120), as this sector is less innovative than Sector 3. Opinion evolution and information 

dissemination were needed before GSI adoption occurred in this sector for all of these 

scenarios (1, 2, 4).   
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Figure 4.10. Percentage of Impervious Cover Treated by GSI by Sector and Shown by 
Modeling Scenario 
 

  

 After year 10 (~ month 120), the growth phase for these scenarios (1, 2, 4) 

occurred, with Scenario 4 exhibiting the most aggressive growth. Figure 4.10 illustrates 

that maturation in the overall GSI adoption for Scenario 2 occurs near 300 months, as 

evident by the flattening of the growth curve at this time period. This maturation in 

growth of overall GSI adoption occurs for Scenarios 1 and 4 at a later time period closer 

to the end of model run. The differences between Sectors 2 and 3 in terms of scenario 

dynamics is that the more innovation and favorable opinion nature of Sector 3 leads to 

higher rates of adoption overall as well as earlier adoption.   

 Sector 4 is the only sector where all scenarios exhibit a logistic growth pattern.  

The timing for each scenario to transition from infancy to growth stage is directly 
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associated with the Opinion Threshold value for each scenario, with higher Opinion 

Threshold values driving this transition back further in time.   

 The slopes of the growth phases for Scenarios 2 and 4 in Sector 4 are parallel, 

which is likely due to both having Neighbors Threshold values of 0. There is a maturation 

near month 320 for Scenario 2 while Scenario 4 growth continues through to the end of 

the model run. The reason for the continued growth in Scenario 4 is due to the high 

amount of public outreach (value of 2) driving growth for this scenario all the way 

through the model run. To contrast, growth for Scenario 2 declined into a maturation 

phase since there was no investment in public outreach associated with this scenario.  

 Land use patterns that vary between sectors also play a role in adoption rates and 

overall adoption. Generally, there are more low-cost options available for single-family 

residential than for other land use types. Single-family residential areas have more 

opportunities for landscape-based GSI practices. Sectors 1, 3, and 4 are dominated by 

residential land use while Sectors 2 and 5 have higher rates of non-residential land uses.   

Sector 2 has the lowest overall adoption rate by percentage of impervious acres within the 

sector most likely due to fewer residential parcels and being a “late majority” (generally 

low innovation) population. Sector 5 has such high innovation characteristics that rates 

here are higher than in Sector 2, but still lower than Sector 4, which has the lowest 

innovation profile. However, significant residential area and lower property values in 

Sectors 2 and 4 reduce opportunity costs. The result of reduced opportunity costs in these 

sectors results in relatively high rates of adoption in Sectors 2 and 4 compared to Sector 

1. This difference is property values explains the inconsistency in adoption rates between 
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Sectors 2 and 4 compared with Sector 1 even though both have high residential parcel 

populations.    

  

 

Figure 4.11. Percentage of Impervious Cover Treated by GSI Within Each Sector by 
Modeling Scenario 
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 As a take away, more highly innovative and favorably opinionated sectors have 

earlier and generally more aggressive GSI adoption rates, and these sectors provide the 

majority of overall GSI adoption in the early stage of the program. However, the role 

played by residential properties in areas with lower property values, which are generally 

located in less innovative sectors, becomes dominant after highly innovative sectors drive 

early GSI adoption. The mechanism leading to this dominance is tied to factors 

associated with information dissemination and opinion evolution.      

4.4.5 Applied G-SSA spatial and cost efficiency analysis 

 Two additional dimensions of analysis focus on spatial patterns associated with 

GSI adoption across the modeling landscape as well as cost saving efficiency. Figure 4-

12 lists information on CN and CR values as well as the total costs associated with GSI 

adoption through the SRC program compared to the costs associated with the ILF option.    

Regarding spatial patterns, an initial observation is that all scenarios follow a similar 

general pattern for CR values; there is an initial spike that occurs within the first 3months 

of program start followed by a decline through the end of the model run. Scenario 1 has a 

relatively high initial spike of 3.65 while all other scenarios have initial spikes less than 

1. The trend of declining maximum CR values over time is consistent with the declining 

Opinion Threshold values for Scenarios 4, 2, and 3. Specifically, these scenarios have 

respective values of Opinion Threshold values of 0.6, 0.55, and 0.45, and corresponding 

maximum CR values of 0.72, 0.51, and 0.37. However, Scenario 1 does not follow this 

trend. This scenario has an Opinion Threshold value of 0.50, so it would be reasonable to 
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expect a maximum CR value between 0.37 and 0.51. However, the maximum CR value 

for Scenario 1 is 3.65. This anomaly requires further exploration and explanation.   

 A computational relationship exists between CR values and levels of Opinion 

Threshold, Innovation Threshold and Neighboring Threshold. These relationships will be 

presented assuming all other parameters are fixed. For instance, the relationship between 

an input parameter and the resulting CR value is analyzed by varying the values of this 

input parameter assuming all other parameters are held constant. High Opinion Threshold 

drives higher initial CR values as there less overall adoption, which increases the 

importance of initial GSI adopters. Higher Neighbors Threshold values drive higher CR 

values as this this threshold it drives clustered growth overall. Lower Innovation 

Threshold values mean lower CR values as it opens up more adoption overall (i.e., 

adoption is less dependent upon initial adopters). 

 The relationships presented in the previous paragraph not only assumes impacts in 

isolation (i.e., all other parameters are held constant) but that all relationships are linear 

and that synergies between changes in multiple parameters do not exist. However, it is 

evident that synergies do exist and that relationships are not linear. Specifically, Scenario 

1 is the only scenario to have an Innovation Threshold value of 1.49 and a Neighbors 

Threshold value of 1. All other scenarios have lower values for each of these. The 

synergy between these two parameters for Scenario 1 drives a high amount of GSI 

adoption near initial GSI adopters compared with other scenarios because the higher 

Neighbors Threshold value drives more clustering, generally, and the higher Innovation 

Threshold value drives this clustering to occur in more highly innovative areas. 



178 
 

 

Figure 4.12. Cluster Number, Cluster Ratio, and SRC/ILF Ratio Values throughout the 
Modeling Period 

 

 These areas are generally co-located with initial GSI adopters, so there is a 

reinforcing between these two parameters that a greater driver than the influence of 

Opinion Threshold.    

A central question regarding spatial patterns for GSI adoption is the evolution of 

clustered growth. Specifically, is the three-phase growth for adoption noted by Lim 

(2017) reflected in the applied G-SSA model, and if so, what conditions drive this type of 

growth? Scenario 1 (baseline) suggests a period of ~29 months for dominant growth near 

initial adopters, which is similar to the 3-year period of this phase observed by Lim.  

Other scenarios reflect early dominance of clustering near initial GSI adopters.  This 

dominance is reduced generally within 5 years for all modeling scenarios, as all CR 
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growth curves drop below 50% by this time, suggesting that a majority of growth occurs 

beyond initial adopters after this point. It should be noted that all CR values drop 

significantly and eventually converge to values approaching 0.10, which suggests that 

eventually 90% of growth occurs far beyond initial adopters in later phases of incentive 

programs.   

 A review of final model outputs reveals that Scenarios 1 and 3 produce the 

highest CN values by the model termination, which suggests how Neighbors Threshold 

drives clustering (since Neighbors Threshold = 1 for Scenarios 1 and 3 and Neighbors 

Threshold = 0 for Scenarios 2 and 4). Temporal dynamism highlights other interesting 

behavior regarding clustered growth.     

 Scenario 3 has the highest initial growth in CN, then dips before stabilizing and 

growing slowly. This suggests that strong initial growth for this scenario is tied closely to 

clustered growth while the high level of public outreach (value of 2), which drives 

growth in GSI adoption independent of spatial influences, likely becomes the dominant 

growth mechanism during this dip. This impact from strong public outreach is more 

significant for Scenario 3 due to the low Opinion Threshold and Innovation Threshold 

values lowering the barrier to adoption potential overall.   

 Scenario 4 also has high public outreach but has a very high (relative) Opinion 

Threshold value, which limits the impact of public outreach on compared to Scenario 3.  

The value of 0 for Neighbors Threshold explains the low initial CN values for Scenario 4. 

This relationship is due to the lack of a clustering forcing mechanism that is imposed on 

scenarios with a Neighbors Threshold of 1 or higher. However, the synergy between 
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other neighboring/spatial influences (such as the neighboring parameter in the Opinion 

Threshold), and a robust and consistent public outreach/engagement program illustrates 

that clustered growth can occur without this forcing mechanism. The impact of this 

synergy drives a GSI adoption rate beyond the GSI adoption rates reached by both 

Scenarios 1 and 2. This is further evidence of the value of ongoing public outreach 

engagement efforts.  

 Scenarios 1 and 2 are similar in CN growth, generally, with Scenario 1 having an 

initially higher amount of CN likely due to a Neighbors Threshold value of 1 (while 

Scenario 2 has a Neighbors Threshold value of 0). The public outreach of 1 for Scenario 

1 keeps driving the growth in adoption through clustering; however, it is interesting to 

note that Scenario 2, having a higher Opinion Threshold and no public outreach support, 

still experiences growth in CN. This shows that Neighbors Threshold has more of an 

impact initially and that growth due to word-of-mouth opinion and information 

dissemination later drives clustered growth organically regardless of Neighbors 

Threshold value (unless Neighbors Threshold is very high, of course).   

Overall, Neighbors Threshold drives clustered growth initially, but other factors such as 

public outreach, and Opinion Threshold /Innovation Threshold dominate the nature of 

CN growth eventually. It should be noted that these dynamics are most clearly illustrated 

with Scenarios 3 and 4, which both eventually have very high GSI adoption, but with 

very different pathways to reach those endpoints.   
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4.5 Discussion  

A number of specific findings are evident from the modeling analysis.  Most 

significantly, the framework presented in Chapters 2 and 3 captures the basic dynamics of 

a hypothetical urban area and that this approach can be successfully transferred to an 

applied context for a specific location/city. The implication of this finding is that a 

computational tool to simulate city-wide GSI adoption can inform stormwater program 

managers as they consider market-based incentive programs to drive more GSI adoption.   

Another finding is the scale of adoption that may potentially be obtained. The output 

from the applied G-SSA model suggests that GSI adoption through a market-based 

incentive program has the potential to retrofit 20% or more of existing impervious cover 

within an urban area over the life of a program. The rising demand to implement urban 

retrofits using GSI will likely drive more interest in developing and adopting innovative 

approaches to incentivize GSI adoption. Market-based programs are strong candidates for 

growth in this context.   

 How clustered GSI adoption occurs is critical to understanding overall GSI 

adoption rates and scale. The applied G-SSA model identifies a multi-phase pattern of 

clustering that is similar to observations of GSI adoption in the Washington, DC, area.  

The consistency between simulated and observed dynamics suggests that the G-SSA 

model approach accurately captures spatial/clustering GSI adoption patterns. The strong 

tie between early GSI adoption and clustered adoption is clear, especially when 

considering the role existing GSI adoptions (prior to the initiation of a new incentive 

program) can play. These findings suggest that a focus should be made to strategically 
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establish GSI adoptions through a more traditional incentive approach that will 

effectively become “hubs” of GSI adoption in early stages of a new market-based GSI 

incentive program.  This “one-two punch” approach may aid programs in their effort to 

achieve early success. To achieve long-term growth of GSI adoption, it is clear that 

sustained investments in public outreach/engagement are needed.   

 Along with seeding the cityscape with GSI adoption prior to the initiation of an 

innovative incentive program, consideration should be made to identify the best locations 

for the initial seeding. Neighborhoods that are highly innovative have the capacity to 

“jump start” a market-based program, so it would be critical to seed these areas with early 

GSI adoption.   

 On the other hand, seeding GSI adoption in less innovative areas may help to 

bring socioeconomic balance for GSI adoption across a cityscape. While modeling 

suggests that less innovative areas can play a significant role in overall GSI adoption due 

to lower property costs thereby reducing opportunity cost barriers to GSI adoption, the 

timing of adoption in these areas tends to be later in the program compared to more 

highly innovative areas. This lag is due to the need for information and opinions to spread 

across the cityscape. Efforts to focus more public outreach/engagement in these areas 

may reduce this timing and drive higher rates of GSI adoption overall. Similarly, policies 

that reward investments in GSI adoption in lower-income areas through enhanced credit 

value or other similar approaches should also be considered.   

 It was expected that overall growth in GSI adoption would mirror a logistic 

growth curve pattern. Simulation results confirm this pattern is likely to occur when 
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considering an overall cityscape; however, specific areas and neighborhoods will likely 

have significantly different patterns. For instance, highly innovative areas may 

experience logarithmic growth as these innovative parcel owners may decide to adopt 

GSI relatively quickly/early in the program. However, GSI adoption growth will 

slow/taper off due to limited number of innovators and early adopters, limitations due to 

site constraints or other similar limiting dynamics. Areas where adoption occurs later, 

such as in less innovative areas dominated by residential properties, are more likely to 

exhibit a more classically logistic growth function. If the infancy stage is prolonged in 

certain areas, the delay in the growth may limit the capacity for the area to reach 

maturation, which would limit overall GSI adoption.   

 Lastly, cost efficiencies associated with market-based approaches are often 

assumed, and this dynamic was also evident in G-SSA modeling output. The estimated 

costs for GSI adoption compared with an ILF option vary throughout the program 

duration; however, cost reductions may be as high as 50% or greater when using a 

market-based approach. It should be noted that more refinement is likely needed in the 

area of cost efficiency before overall cost savings should be estimated; however, one 

conclusion is that costs can be reduced significantly when providing a choice for those 

who need to meet regulatory requirements to meet stormwater management goals.   

When considering the results of the applied G-SSA model, specific assumptions should 

be considered. For instance, the G-SSA model currently assumes a consistent decision-

making process for residential and non-residential parcel owners. It is likely that these 

processes and the priorities associated with decision-making regarding GSI adoption for 
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these two populations will differ. Another modeling assumption is that 75% of initial GSI 

adopters (those who have seeded the landscape with GSI prior to market-based incentive 

program initiation) are located on residential properties. Work is needed to better 

understand this assumption. Lastly, a significant assumption used in the G-SSA model is 

that SRC purchasers can obtain up to 100% of requirements through SRCs. This is a 

critical departure from the existing policy of the SRC program, which limits SRCs 

purchased to meet requirements for a single site to 50%.   

4.6 Conclusions and Future Work 

 The G-SSA conceptual framework, which integrates the areas of behavioral 

economics, decision-making, DoI, social and spatial influences, and market-based 

dynamics, is a system designed to simulate GSI adoption on private parcels in an urban 

landscape. The conceptual G-SSA model moved the framework into a modeling 

environment using generalized information based upon a hypothetical cityscape 

composed of U.S.–based dominant neighborhood types. The framework and the 

conceptual model, both proposed and explored in Chapters 2 and 3, are limited in a 

practical, place-based context. The applied G-SSA model presented and analyzed in this 

paper, addresses this shortcoming.   

 The applied G-SSA model, based upon Washington, DC’s innovative market-

based stormwater retention program, illustrates the applicability of the G-SSA conceptual 

framework to specific cities. The applied model successfully incorporates 

sociodemographic, physical, financial, and policy-based information from the 

Washington, DC area and the SRC program. The model output is generally consistent 
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with expectations related to the rate and location of GSI adoptions on private parcels as 

well as providing additional insights that illustrate the ability of cellular automata-style 

ABM platforms to capture macro-scale emergent patterns.   

Work is needed in several areas to refine the G-SSA modeling approach. Differentiating 

decision-making dynamics between residential and non-residential parcel owners will 

help to further the development of this modeling system. Integrating empirically-based 

information, such as Likert-style surveys following the TPB paradigm, will enhance the 

place-based aspect of the G-SSA model. Focusing survey efforts on differing 

neighborhood and socioeconomic groups in a cityscape will provide sorely needed 

granularity in simulating behavioral economic dynamics associated with GSI adoption. 

Exploring the possibility of integrating advanced algorithms for trading and utility 

functions to capture profit seeking motivations may enhance the market-based aspects of 

the G-SSA model. Testing the impacts of various distributions used in the model for 

aspects such as income, parcel size and innovativeness would increase the flexibility in 

applying the G-SSA model to a variety of locations.  Lastly, placing the modeling 

environment in a geographically-based context (e.g., geographic information system) can 

better capture spatial influences.    
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Appendix A 

Physical and Site Information 

 

 
 

Parcel Variable Description/Definition Comments 
Land Use Type Includes residential and non-

residential land use types 
Definition of land use distribution is based upon 
Urban Land Institute (2018).  Distribution of land use 
within the modeling is environment is based 
sector/neighborhood type with location of parcels 
randomly assigned in each model run.   

Impervious Cover 
Percentage 

Value between 0 and 1 reflecting 
percentage of parcel covered by 
impervious surface.   

Impervious acreage is based upon land use type per 
TR-55 (USDA, 1986) for all land use types except for 
mixed-use (not listed in TR-55).  The value for mixed 
use is based upon the State of California’s Guide for 
the California Impervious Surface Coefficients 
Washburn, Yancey, & Mendoza, 2010).  

Parcel Size Units are in acres   Assigned based upon log-normal distribution 
associated with Washington, D.C. parcel size 
distribution.  Log-normal distribution determined 
based upon analysis of parcel sizes in Washington, 
D.C.  Source of data is Washington, D.C.’s “Open 
Data DC” platform that provides GIS information in 
various areas (District of Columbia, 2015).  Use of 
log-normal distribution for parcel size distribution 
consistent with Fiakowski and Bitner (2008) findings.  
Can be adapted to any urban location.    

Impervious Acreage; 
Gallons Runoff 
Generated 

Integer reflecting total acres of 
parcel covered by impervious 
surface; Units for runoff is gallons 
generated in 1” storm event. 

Determined by multiplying impervious cover 
percentage by parcel size.  Values is used to estimate 
runoff generated in 1” storm event, which is used to 
estimate potential credits generated by the site by 
multiplying gallons by current credit price in for 
current timestep.    

GSI Practice 
Information 

Includes GSI practice type, 
estimated footprint (in square feet), 
capital, annual maintenance and 
opportunity costs (in dollars) 

GSI practice is selected based upon land use type, 
which defines estimated footprint and costs.  Note that 
each land use has an array of possible GSI practice 
types with specific BMP randomly selected for each 
parcel based upon land use type 
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Appendix B 

Financial Information 

 

 

Parcel Variable Description/Definition Comments 
Annual Income Based upon census-defined 

Federally Adjust Gross Income 
(FAGI). Unit is in dollars.  

Parcels are assigned an annual income based upon an 
average income for sector in which the parcel is located 
via an assumed normal distribution across each 
respective sector.  Average household income per urban 
neighborhood type per ULI (2018) used for average 
income in corresponding sector.    

Property Value Unit is in dollars Definition of land use distribution is based upon 
average home values per ULI (2018) by urban 
neighborhood type for residential properties.  Non-
residential property values are based upon National 
Association of Realtors (2013).    

Stormwater Fee Units are in dollars.  Based upon 
national average per Western 
Kentucky University (2018) 

This value is $5.34 per Equivalent Residential Unit 
(ERU).  This value is determined by multiplying total 
fee by number of ERUs.   

Potential Fee 
Reduction and Credit 
Generation 

Units are in dollars.  Defined as 
maximum potential reduction of 
stormwater fees based upon parcel 
and GSI practice properties 

Fee reduction is set at 50%, which is cited as a common 
level of fee reduction for stormwater utilities across the 
U.S. (Kumar & White, 2018). 

Equivalent Residential 
Units (ERUs) 

Number of ERUs associated with 
the parcel. Based upon national 
average per Western Kentucky 
University (2018) 

Number of ERUs defined as 2900 ft2 of impervious 
cover and set as series tiers for residential properties as 
noted in Chapter 2.  ERUs for non-residential properties 
tied directly to the impervious cover.   
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Appendix C 

Behavioral and Decision-Making Information Indexes 

 
 

Parcel Variable Description/Definition Comments 
Opinion Index A value with an initial value 

between 0 and 0.65 based upon 
sector demographics with a max 
value of 1 

Opinions evolve throughout the duration of the 
model run through Relative Agreement Algorithm 
and neighboring dynamics. 

Uncertainty Index Set as inverse of opinion index Uncertainty evolves similarly as opinion 

Innovation Index  Based upon sector, census-
based Federally Adjusted Gross 
Income (FAGI), and a 
randomly-assigned baseline 
number 

Most significant factor is sector, reflecting strength of 
innovation and demographics, followed by income, 
and a baseline is provided to inject stochastic 
dynamics.  Parcels assigned an innovation index 
using a normal distribution with the average value 
assigned by sector.   

Constraints Index Defined as a randomly 
distributed number between 0 
and 1 

Represents the reality of site constraints related to 
stormwater management, including difficult soil 
conditions, existing infrastructure, or limited 
footprint on site 

Perceived Behavioral 
Control Index 

Defined as wealth index minus 
constraints index 

Intended to reflect the ability to pay for services 
(wealth) and overcome significant site constraints 

Payback Index Defined as the total BMP cost 
divided by the sum of credit 
revenue plus maximum fee 
discount 

This number represents the approximated number of 
years before initial investment is repaid. 

Wealth Index Defined as a ratio between 0 
and 1 based up FAGI of parcel 
divided by max FAGI of all 
parcel owners in the modeling 
environment 

Factor provides scale of relative wealth  

 
  



189 
 

 

 

Appendix D 

User-Defined Modeling Parameters - Thresholds 

 

Parameter Description/Definition Comments 
Neighbors Threshold Value between 0 and 8 that 

represents the number of parcels in 
a Moore neighborhood 
surrounding a parcel that has 
adopted GSI 

The default is set to 1.  This represents the 
threshold needed for parcels to consider adopting 
GSI.  

Innovation Threshold Defines the level of innovativeness 
for decision-making process 

Default set at 0.89, which defines the threshold 
between Early Adopters and Innovators 
populations based upon an assumed normal 
distribution using innovation indices for sectors in 
the model 

Payback Threshold for 
Self/Other 

Integer value.  Defines the level of 
payback for self-investment and 
outside investment  

Default is set for 7 and 10 for self and outside 
investment, respectively.  These values are based 
upon study on payback periods for solar panels 
found the average payback period for clean energy 
investments ranges from 7 and 10 years.  In 
addition, a majority of decision making was made 
using payback period, making this a key financial 
parameter (Rai & McAndrews, 2012).           

Constraints Threshold Value between 0 and 1. Defines 
the level above which sites fall for 
easy GSI implementation.   

Default is 0.5, which assumes half of sites have 
challenging conditions.  Decision-making process 
considers site constraints. 

Opinion Threshold Value between 0 and 1. Defines 
the level above which opinions are 
considered favorable for GSI 
implementation.   

Default value is 0.5.  This value is compared with 
the opinion held by parcel owners, which adjusts 
over time.   
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Appendix E 

Model Environments-Wide User-Defined Modeling Parameters  

 

Parameter Description/Definition Comments 
GSI Practice Costs Unit costs for GSI practice available for 

use in the model 
The data for these costs is taken from a report 
focusing on GSI retrofit costs in the Philadelphia 
area (NRDC 2013), which is a city with a long track 
record on GSI retrofits  

Upper/Lower Middle 
Annual Income 
Levels 

Defines thresholds defining middle 
income earners per Urban Land Institute 
(2018).  Defined as one standard 
deviation above and below the mean for 
each neighborhood/sector.   

The number of innovators adopting GSI in the 
model is associated with middle-income families 
living on single-family residential parcels.   

Credit Price and 
Indexed Credit Price 

Credit floor price and actual credit price.  
Both are in dollars. 

Credit floor price set at $1.50; Indexed credit price 
is credit floor price multiplied by supply/demand 
ratio at each model time-step 

Mu Controls the speed of convergence for 
Relative Agreement algorithm with a 
range between 0 and 0.5 

Default is set at 0.5 

Redevelopment Rate A ratio ranging between 0 and 1 that 
reflects a percentage of randomly 
selected parcels redeveloped in an 
average year 

Default is set to 1%, which is consistent with the 
findings of the CNT document (2007), which notes 
that three cities studied (Milwaukee, Chicago and 
Seattle) all redevelop at rates “of roughly 1%”  

Public Outreach 
Agents 

Value between 0 and 10 and represents 
the number of public outreach agents 
that provide information/awareness on 
the stormwater incentive program 

Default is set to 1.  Engagement with randomly-
selected parcel owners on a monthly basis. Repeat 
engagement is allowed.     

Number of Innovators Assigns the number of parcel owners 
who have adopted GSI at model 
initialization.   

Default is set to 13, which is roughly 2 percent of 
the total number of parcels in the modeling 
environment.  This amount reflects a common 
amount of adoption associated with traditional 
stormwater incentive programs.  The algorithm 
splits the selection of residential/non-residential 
selections by 75%/25%.   

Rebate Amount Percentage (expressed as a ratio) 
potential reduction in fee for parcel 
owners based upon GSI adoption. 

Default is set to 50% (0.50). 
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