
ABSTRACT

BOLTON, ELIZABETH RAMSEY. Resource Trading Markets: Applying Agent-Based Models
to Test New Paradigms for Water Security. (Under the direction of Dr. Emily Berglund).

Global water resources are growing increasingly stressed. Ensuring water security re-

quires new paradigms and innovative approaches to water resource management. Market-

based water trading systems are one such paradigm that have received renewed interest.

An effective water trading market can increase water efficiency and reduce the negative eco-

nomic impacts that stem from water use restrictions. This research develops agent-based

modeling (ABM) frameworks to demonstrate the potential performance of water micro-

trading markets. Micro-trading refers to the transfer of small amounts of resources between

households and has not been widely explored as a potential source of water savings. First, an

ABM framework for a smart technology-enabled harvested rainwater micro-trading system

is developed. The ABM is loosely coupled with a hydraulic network of a dual-reticulated wa-

ter distribution system for non-potable water. Next, an ABM framework of a micro-trading

system in a shallow groundwater aquifer is developed. Building models to support analysis

of groundwater management strategies can be limited by data scarcity, so this research

presents a new approach to develop a discrete element groundwater flow model using

publicly available remote-sensed datasets. Finally, the rainwater micro-trading system ABM

is coupled with a groundwater aquifer. The hydraulic feasibility and the potential water-

and energy-saving performance of the two systems are then compared.
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CHAPTER

1

INTRODUCTION

Water resources are growing increasingly stressed around the globe. According to the

United Nations World Water Development Report, roughly 3.6 billion people (47% of the

global population), live in areas that suffer water scarcity at least one month each year,

and that number is projected to grow to 57% of the population by 2050 (United Nations

2020). Ensuring water security requires new paradigms and innovative approaches to water

resource management. Market-based water systems offer a possible solution to water

overuse. Water has been historically undervalued as a resource in most societies, as it

is usually considered a free good with a price that is contingent only on extraction and

treatment costs (Mitchell 1984). The undervaluation of resources often leads to frivolous

use and waste. Viewing water as a commodity, or a raw material with a cash value associated,
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has been shown to improve water use ef�ciency (Razzaq et al. 2019). The idea of tradeable

property rights for environmental management of a common good was �rst proposed by

Dales (1968) and has been applied to a variety of environmental common goods, including

air quality, water quality, and water supply. It is theorized that resources will migrate to

the highest value when trading is enabled (Coase 1960; Rosegrant et al. 1995). Several

case studies have shown that tradeable policies can outperform more traditional policy

instruments, including taxes and voluntary best management practices (Johansson 2005;

Young and Karkoski 2000).

Two types of markets have shown signi�cant promise in increasing water sustainability:

commodity markets and permit markets. Constructing a water commodity market, in which

quantities of water can be bought and sold among consumers, has the potential to improve

water sustainability. The potential applications of a water commodity market are limited

by equity and social justice concerns, since access to water is considered a human right

(United Nations General Assembly 2010). However, for non-essential end uses, such as

lawn irrigation, a water commodity market may help improve water use ef�ciency. The

use of permit markets may also encourage water use ef�ciency by encouraging users to

view it as a limited resource. In a permit market, property rights to common pool resources

are granted through a permitting system to water consumers. Assigning formal property

rights to common pool resources can directly link individual economic incentives with

environmental and social objectives (Libecap 2009). For example, limits on the number of

water abstraction permits can encourage users to implement conservation measures to

maximize the utility of water withdrawals. Consumers can buy and sell permits from other

stakeholders to meet their demands.

Although economists have endorsed the concept of market mechanisms for water

management for over 60 years, the implementation of water markets has been limited.

A critical barrier to their adoption is the irreversibility of changes to water institutions.
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Once an institution is substantially changed, reverting back to its previous form is often

prohibitively expensive. Consequently, water resource managers desire substantial evi-

dence that a new market trading system will be an improvement over existing management

frameworks (Murphy et al. 2000). Simulation approaches provide a way to test market

solutions and demonstrate water ef�ciency through exploring scenarios. Agent-based

models (ABMs), which simulate individual-level behaviors and interactions to generate

system-level results, can be applied to test and improve market systems in silico , prior to

implementation in practice (McCabe et al. 1991). The research presented in this dissertation

explores the performance of novel market-based water programs using a simulation-based

approach. Speci�cally, this research conceptualizes, develops, and simulates micro-trading

water markets. Micro-trading refers to the transfer of small amounts of resources between

households and has not been widely explored as a potential source for water ef�ciency

improvements. Trading is supported through smart water metering and distributed ledgers,

such as blockchain, to support micro-transactions, and smart markets use computer algo-

rithms to optimally allocate resources based on supply and demand (McCabe et al. 1991).

Micro-trading is simulated in this research using an ABM approach. Agents represent

households that buy and sell harvested rainwater. This research evaluates the performance

of micro-trading programs where consumers can convey shared water via water reuse

infrastructure and a shallow groundwater aquifer. Markets are evaluated based on water

and energy savings.

Chapter 2 presents an ABM framework to represent a community of households that

participate in rainwater trading. Households are represented as agents, with parameters

and rules to specify behaviors including collecting rainwater, exerting water demands, and

buying and selling water. Household agents act as prosumers, who harvest rainwater and

pump it onto a water reuse infrastructure network, or consumers, who purchase harvested

rainwater from the prosumer households. The ABM is loosely coupled with a hydraulic
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simulation model of a dual-reticulated water distribution system that delivers non-potable

water for residential irrigation purposes. The simulation model is applied for a virtual test

case to evaluate the hydraulic feasibility of a rainwater micro-trading smart market, based

on volume of water traded, energy consumption, water quality (represented as water age),

and pressure throughout the pipe network. Simulation results demonstrate that for critical

adoption levels, both water and energy are conserved.

The dual-reticulated system used for water conveyance in Chapter 2 has several limita-

tions that may prevent its implementation in areas well-suited for a micro-trading network.

First, it relies on a centralized non-potable water distribution network, which is an expen-

sive investment if that infrastructure has not already been built or �nanced. Second, the

rainwater-harvesting system does not include water treatment processes for rainwater

pumped into the network, which raises concerns about water quality within the system.

Finally, the network requires sellers to expend signi�cant energy at households to pump

rainwater into the network, which may discourage seller participation in the network. Chap-

ters 3 and 4 of this dissertation explore the water ef�ciency improvements of a decentralized

rainwater micro-trading network that instead relies on a groundwater aquifer as its means

of water supply and storage.

In Chapter 3, a new methodology is introduced for developing groundwater aquifer

models using publicly available remote-sensed datasets. Building models to support analy-

sis of management strategies can be limited by data scarcity. Many regions of the world

that are water-scarce are located in resource-constrained communities, which leads to

data-scarcity. These regions can bene�t from novel methods to manage water resources,

but may not have access to monitoring equipment and computational resources to de-

velop groundwater resources. In this chapter, a discrete element groundwater �ow model

is developed using publicly available remote-sensed datasets. A 2-dimensional discretized

groundwater �ow model is developed to incorporate irrigation estimates using publicly
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accessible global datasets. Irrigation is calculated using the soil moisture balance equation

and remotely sensed soil moisture, precipitation, and temperature data from the Global

Land Data Assimilation System (GLDAS). Satellite data from the Gravity Recovery and

Climate Experiment (GRACE) are processed using GLDAS data and used to determine

the change in hydraulic heads. A simulation-optimization inverse modeling approach is

applied to estimate hydraulic conductivity values in the groundwater model using spatio-

temporal water table values based on GRACE data. The regional scale groundwater model

is applied to the Khabour River sub-basin in Syria and Turkey, where data availability has

been impacted by government secrecy and civil war.

Chapter 4 extends the ABM presented in Chapter 2 to simulate a micro-trading program

that is facilitated via a groundwater system. The ABM that was developed in Chapter 2 is

loosely coupled with a discrete groundwater �ow model. Agents are each assigned a well,

where they can contribute to the aquifer through recharge or withdraw water from the

aquifer using a well pump. Consumers pump the volume of water that is purchased at their

well, and prosumers recharge the aquifer by the same amount at the well that is located at

their property. The performance of the rainwater micro-trading smart market is evaluated

in this chapter based on the ability of the trading system to sustain groundwater resources

and save energy. The results presented in this chapter support results demonstrated in

Chapter 2 and demonstrate the advantages of a micro-trading market. This research �nds

that a micro-trading market that allows consumers and prosumers to trade via a pipe

network or a groundwater aquifer can improve water and energy ef�ciency.

Finally, Chapter 5 explores the overarching contributions of this research and provides

suggestions for future extensions of this work.
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CHAPTER

2

A SMART WATER GRID FOR

MICRO-TRADING RAINWATER:

HYDRAULIC FEASIBILITY ANALYSIS

2.1 Abstract

Water availability is increasingly stressed in cities across the world due to population growth,

which increases demands, and climate change, which can decrease supply. Novel water

markets and water supply paradigms are emerging to address water shortages in the urban
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environment. This research develops a new peer-to-peer non-potable water market that

allows households to capture, use, sell, and buy rainwater within a network of water users.

A peer-to-peer non-potable water market, as envisioned in this research, would be enabled

by existing and emerging technologies. A dual reticulation system, which circulates non-

potable water, serves as the backbone for the water trading network by receiving water from

residential rainwater tanks and distributing water to households for irrigation purposes.

Prosumer households produce rainwater by using cisterns to collect and store rainwater and

household pumps to inject rainwater into the network at suf�ciently high pressures. The

smart water grid would be enabled through an array of information and communication

technologies that provide capabilities for automated and real-time metering of water �ow,

control of infrastructure, and trading between households. The goal of this manuscript is

to explore and test the hydraulic feasibility of a micro-trading system through an agent-

based modeling approach. Prosumer households are represented as agents that store

rainwater and pump rainwater into the network; consumer households are represented as

agents that withdraw water from the network for irrigation demands. An all-pipe hydraulic

model is constructed and loosely coupled with the agent-based model to simulate network

hydraulics. A set of scenarios are analyzed to explore how micro-trading performs based on

the level of irrigation demands that could realistically be met through decentralized trading;

pressure and energy requirements at prosumer households; and pressure and water quality

in the pipe network.

2.2 Introduction

Urban water utility systems around the world are increasingly pressured by limited water

resources, growing urban demand, and impacts from climate change. The United Nations

projects that by 2025, 1.8 billion people will be living in regions with absolute water scarcity,
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and two-thirds of the world population could be living under water stressed conditions

(United Nations 2020). Supply-side strategies for urban water management are limited in

water-scarce regimes, because they require large investments to construct new infrastruc-

ture and develop new resources. Demand-side strategies, on the other hand, extend existing

resources by reducing demands through conservation campaigns, pricing strategies, and

restrictions. Demand-side strategies that rely on continued demand reduction, however, are

ultimately limited by hardened demands that cannot be reduced further. As water scarcity

in urban centers increases with population growth and climate change, new technologies,

advanced management strategies, and diverse water sources must emerge to create new

ef�ciencies in water supply and use. Innovative programs can utilize new technologies and

data that have emerged as part of smart cities initiatives (Berglund et al. 2020). For example,

smart meters provide capabilities to collect sub-hourly water �ow and consumption data

in real-time (Giurco et al. 2018), and automated control systems operate infrastructure

components remotely and ef�ciently (Munir et al. 2019; Page et al. 2019; Palleti et al. 2018).

This manuscript explores a novel management strategy for improving water ef�ciency

in urban areas by supplementing non-potable purposes of the total demand using alterna-

tive water sources. A smart water grid is presented here as a water network that is shared

by multiple diverse users, who can either produce or consume water. The concept pre-

sented in this manuscript builds on an existing dual reticulation system, which pumps

non-potable reclaimed water back to a community via a second parallel pipe network

and reduces demands for high quality treated water, as compared with a conventional

urban water cycle (Figures 2.1a and 2.1b). We propose that the existing non-potable water

network can be used as a smart water grid to facilitate micro-trading, where households

can exchange water within a peer-to-peer network. Households generate water through

rainwater harvesting, put rainwater “back on the grid” by pumping water into the non-

potable water infrastructure system, and purchase water from neighbors by withdrawing
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water from the pipe network. Smart technologies, such as smart meters, blockchain, smart

contracts, and automated infrastructure would provide the necessary capabilities to allow

real-time trading within a smart water grid. Within a smart city paradigm, a rainwater

micro-trading program re-envisions the urban water cycle by allowing households to act as

prosumers, who produce and sell water within their community (Figure 2.1c). By allowing

households to trade rainwater, a new ef�ciency is introduced in the water cycle that offsets

requirements to treat and pump reclaimed water from a centralized facility. This offset can

create energy savings and save reclaimed water for use in other non-potable applications.

In the energy sector, micro-trading has been demonstrated as a viable market for de-

centralized resource production, in which households can generate energy through solar

photovoltaic cells, store energy in batteries, and sell and transmit excess energy to neighbors

through existing power distribution infrastructure (Hansen et al. 2020; Monroe et al. 2020).

Micro-trading water has a number of nuanced constraints that may limit its adoption by

utilities and community members. For example, new infrastructure at households is needed

to enable storage, sensing, treatment, and trading water, and household participation may

vary based on climate and economics. The research presented in this manuscript focuses

on the performance of centralized infrastructure and takes a simulation-based approach

to evaluate effects on water savings, energy savings, nodal pressure, and water quality.

Reclaimed water networks are designed to maintain pressures and �ows, and performance

of a smart water grid may decrease due to new �ows associated with produced water. The

ability of prosumers to contribute water to a non-potable water network is facilitated by

household-level pump systems, and the introduction of these decentralized �ows into a

pipe network affects �ows and pressures in the network. High pressures in the network

can limit the contribution of water from households that must overcome pressure heads

through small pumps, and low pressures may emerge in times of low production and high

demands. This research also evaluates savings in energy and water associated with a smart
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water grid. Micro-trading can reduce demands for produced reclaimed water, resulting in

water savings. The energy required to run household pumps across a network, however,

must be compared with the energy requirements of treating and pumping water from a

centralized facility.

The goal of this manuscript is to explore the feasibility of a smart water grid based

on the performance of the centralized infrastructure and energy demands. This research

develops a simulation framework that couples agent-based modeling and hydraulic models

to test energy consumption, water consumption, and nodal water pressure in a smart

water grid. Agent-based models simulate the individual behaviors and interactions of a

population of agents to explore emergent system-level dynamics (Holland 1995, 2000).

Agent-based modeling has been applied in water resources management to simulate a

population of water consumers as agents with the purpose of exploring the emergence of

system-level performance due to micro-level interactions (Berglund 2015). A few studies

couple agent-based models with hydraulic simulation to explore how changes in household

demands affect system-level performance, such as pressure and �ow directions (Kandiah

et al. 2016; Sha�ee and Zechman 2013; Zechman 2011). Further, agent-based modeling has

been applied to simulate markets for trading natural resources (Berglund 2015; Huang and

Ma 2016; Zhang et al. 2013), and recent research applied agent-based modeling to simulate

how households trade solar generated energy in a peer-to-peer energy market (Monroe et al.

2020). In the formulation developed in this research, consumer households are simulated as

agents that exert irrigation demands, and prosumer households are simulated as agents that

store rainwater, and pump rainwater into a pipe network. A hydraulic model is developed of

a reclaimed water network that serves a small community of non-potable water consumers

and prosumers. Output from the agent-based model speci�es �ows into and out of the

water network at each node, and these outputs are used as negative and positive demand

patterns for the hydraulic model. The modeling framework is applied for an illustrative
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case study that was developed based on realistic infrastructure data. Water consumption,

nodal pressure, and energy consumption are evaluated for the network of water users for

scenarios with and without micro-trading. System performance is tested for 126 scenarios

across different climates and concentrations of prosumers to explore how precipitation

and participation affect feasibility. Results demonstrate that a smart water grid is feasible,

generating energy and water savings that vary in magnitude based on local climate and the

level of community participation.
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(a) Conventional urban water infrastructure

(b) Dual reticulation system

(c) Smart water grid

Figure 2.1: (a) Conventional urban drinking water, wastewater, and stormwater systems.
(b) A dual reticulation system closes the loop in the urban water cycle by treating wastewater
and providing it for non-potable household uses. Ef�uent �ows from the wastewater facility
are reduced. (c) A smart water grid increases water ef�ciency in the urban water cycle by
allowing households to contribute rainwater to the dual reticulation system. Ef�uent and
stormwater �ows are reduced.
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2.3 Background

2.3.1 Dual Reticulation Networks

Only a fraction of water used for urban purposes needs to be potable quality, and reclaimed

water can serve as an alternative water source for non-potable applications (Okun 1997).

Reclaimed water is wastewater that has been treated to levels lower than potable water

quality and can be used for nonpotable applications, including washing, cooling, gardening,

toilet �ushing, and lawn irrigation (U.S. Environmental Protection Agency 2012). Reclaimed

water can be provided to a large group of consumers through a dual reticulation system,

which includes two parallel pipe networks: the primary water network distributes potable

water, and the secondary network conveys reclaimed water (Grigg et al. 2013). A centralized

utility typically manages water reclamation programs to ensure that treatment standards are

met and to distribute reclaimed water. Dual reticulation programs have been implemented

at cities in the United States, Japan, and Australia (Hambly et al. 2012). Reclaimed water

products can help conserve high-quality water produced by utilities for essential purposes.

Dual reticulation systems impose high capital costs, but costs can be offset by a reduc-

tion in demands that are exerted on aquifers and surface water sources, leading to improved

ecosystem health and drought resilience (Hess and Collins 2019). While it is dif�cult to

quantify the externalities in a cost-bene�t analysis of non-potable water systems (Grant

et al. 2012; Molinos-Senante et al. 2012), dual reticulation systems can offset the use of

potable water, creating savings in utility energy costs for water treatment (Barker et al. 2016).

Energy savings can be suf�cient to offset the capital costs required for building a dual pipe

infrastructure (Stillwell et al. 2011). Dual reticulation systems may also create bene�ts by

reducing the need for infrastructure investment for the main potable system (Kandiah

et al. 2019) and systematically encouraging conservation by adding new value to water.
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The cost-bene�t analysis of dual reticulation systems, however, can vary widely based on

the characteristics of a location, such as infrastructure design, topography, energy sources,

quality of source water, and existing infrastructure (Kavvada et al. 2016). The distance

between users and a water reclamation plant and the amount of uphill pumping can limit

the feasibility of dual systems. A study of four U.S. cities that recycle water found that there

were signi�cant economic barriers to implementing dual-reticulation systems. Challenges

were cited including diminishing returns due to the lack of additional large consumers of

nonpotable water near the treatment plant; commitments to return treated ef�uent for

instream �ows; more ef�cient options for selling recycled water for cooling and industrial

processes; and lack of clear and convergent regulations around water reuse programs (Hess

and Collins 2019).

2.3.2 Rainwater Harvesting Systems

Rainwater harvesting systems can be installed at the household level to capture roof runoff,

providing an alternative source to meet non-potable water demands (Bawden 2009). Har-

vesting rainwater is a millennia-old agricultural practice, with increasing implementation in

modern cities with large population demands including Adelaide and Addis Ababa (Bawden

2009; Herslund et al. 2018). Rainwater harvesting is used widely because it provides easy

collection with low cost, treatment, and maintenance requirements (Imteaz et al. 2015).

Captured rainwater can be applied on-site or on a larger scale for community purposes,

and communal rainwater tanks may be economically feasible (Cook et al. 2013). Rainwater

harvesting may be feasible for individual users, subject to the speci�c water demand and

roof area (Berwanger and Ghisi 2014; Imteaz et al. 2015), but its economic feasibility may

be limited for some households because it does not provide a continuous supply of water

and needs to be supplemented with other sources (Jung et al. 2015). As an alternative
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source, however, rainwater can provide signi�cant volumes of water, and it is estimated

that up to 80% of rainfall could be harvested from urban rooftops in the U.S (Lee et al. 2018).

For example, a study of California water indicates that recycling irrigation runoff water

(priced at $0.43–1.21 per 1,000 gallons) was a cost-effective alternative to using the region's

municipal water ($2.39–2.91 per 1,000 gallons) (Pitton et al. 2018). Rainwater harvesting

has other bene�ts and it can reduce stormwater infrastructure costs by reducing peak �ows.

Liang et al. (2019) showed that implementing smart rainwater harvesting systems reduces

peak system �ows by 35% to 85%.

There are practical limitations and costs that prevent the transition to the wide-scale

use of rainwater infrastructure. Rainwater harvesting is shown to have long payback peri-

ods before bene�ts outweigh costs, with economic returns that are very sensitive to local

policy, water quality concerns, and government rebates (Campisano et al. 2017; Imteaz

and Moniruzzaman 2018). Grants from local initiatives and environmental agencies can

reduce capital costs. For example, rebates of $0.50 per gallon of installed tank capacity were

used to incentivize rainwater harvesting in Barbados (Campisano et al. 2017). The costs

and bene�ts indicate that green infrastructure solutions have market value and should be

strongly considered, though the economics of purchasing tanks and pumps, as required in

the smart water grid, may need economic incentives to encourage wide-spread adoption.

The system that is proposed in this research creates a new ef�ciency in the use of rainwater

by providing the means to share rainwater within a community and creating a reliable

source of non-potable �ows by integrating rainwater harvesting within a reclaimed water

reticulation system.
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2.3.3 Micro-trading in Water Markets and Smart Technologies

Economists have argued that scarce water can be allocated more ef�ciently through water

markets, rather than through centralized control (Grafton et al. 2011). Large-scale water

rights markets have been operating for decades among utilities and agricultural users

(Garrick et al. 2013), and new markets that trade conserved water are emerging as a strategy

for demand-side management to create value and incentivization around conservation

activities (Gonzales et al. 2017; Rinaudo et al. 2016). Decentralization of water services is

seen as an approach to support a sustainable future for urban water management (Leigh and

Lee 2019; Sharma et al. 2010), where water can be supplied or treated at small-scale plants,

rather than at centralized locations. Ef�ciencies may be gained through decentralized

systems because water or wastewater does not need to be transported over long distances,

and resources can be re-used to meet demands on-site. A few studies explore decentralized

markets for water supply that allow trading among households. Haddad (2000a) proposed

a cap-and-trade water program among residential end-users, where a cap is used to grant

each customer with use-rights to available water. Water conservers could sell or rent unused

use-rights, and customers would be heavily penalized for using water in excess of their use-

rights. Water customers would call a toll free number to execute transfers through a specially-

trained broker. Haddad's micro-trading system was criticized based on the complexities of

making initial allocation of use-rights to users; expected sizeable transaction costs; lack

of household expertise and willingness to engage in a market; and impact of a water-use

market on economic development in the area (Agthe and Billings 2000; Haddad 2000b).

More recently, a decentralized water supply system was developed in Western Australia,

in which consumers contribute recycled water, including stormwater and greywater, to

a groundwater resource through garden bores (Fornarelli et al. 2019). By contributing

recycled water, consumers become prosumers and gain credits in their water use accounts.
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The program is enabled through smart meters, which record water consumption and

contributions at 10-minute intervals, and the shallow aquifer provides a pathway in the

urban water cycle among households and the utility.

The viability of micro-trading has been enabled by the emergency of blockchain tech-

nology in water markets. Blockchain technology is an information and communications

technology (ICT) capable of addressing some of the challenges in implementing peer-to-

peer markets (Mengelkamp et al. 2018). A blockchain is a distributed ledger that provides

a platform for digital transactions without a trusted third-party organization (Nakamoto

2008; Xu et al. 2017). Data structures are both immutable and cryptographically veri�able,

promising security, accuracy, authentication and traceability of transactions (Andoni et al.

2019). Blockchain can also reduce transaction costs associated with third-party brokers,

though some fees may be necessary to maintain critical centralized infrastructure (Monroe

et al. 2020). Smart contracts can be used with blockchain, where smart contracts work

as simple scripts encoded on the blockchain that contain prede�ned directions for au-

tomating work�ows on recorded data and �nalizing settlement of �nancial transactions

between buyers and sellers (Christidis and Devetsikiotis 2016). Smart contracts automate

micro-trading to allow rapid reconciliation between consumers and prosumers and reduce

the time and associated cost of trading, which may increase participation. As an emerg-

ing technology, blockchain has applications in water resources management, supporting

data sharing among utilities with assurances of con�dentiality and commercial sensitiv-

ity; linking �owmeter sensor data with water resources mapping, billing, and operations;

facilitating trading and tracking of water credits among large-scale users; allowing house-

holds to buy water in a market of competitive water providers; and serving as a stable

currency to enhance security of water supply (Aquatech 2018; Pee et al. 2018; Sobrinho

et al. 2019). Blockchain provides a ledger system that can support peer-to-peer markets for

micro-trading water, and a few examples exist to date. Melbourne, Australia, has proposed
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a rainwater micro-trading program that would be under-girded by blockchain technologies

(Aquatech 2018). The program would assign apartments with a quota of free rainwater

from a communal tank, and excess rainwater would be conveyed to a large water recycling

plant to supply treated water for non-drinking uses (Carey 2017; South East Water 2020). In

another example, a proof-of-concept model was developed to simulate blockchain-enabled

trading of virtual water among homes, where water could be sold by low-consuming house-

holds to households that want to exceed a daily limit on water consumption (Alcarria et al.

2018). Similar to Haddad's cap-and-trade system (2000a), customers would trade water

rights. Whereas Haddad's program would allow customers to trade water on a monthly

or seasonal basis, the market proposed by Alcarria et al. (2018) relies on smart meters,

blockchain, and smart contracts, and the functionality of these technologies would allow

customers to make daily decisions about trading water.

The smart water grid proposed in this research would rely on smart connected technolo-

gies, similar to the systems described above. Smart water meters are needed to record the

exact �ow rate and time of consumed and produced water. Water that is available during

times of peak demands is inherently of higher value than water that is available at times

of low demand. Prosumers can invest in large tanks to store water and release it during

periods of high consumption, and precise meters are needed to record high resolution of

trades. Automated infrastructure components, such as digitally operated pumps and valves,

are needed to update �ows into the network from prosumers when a trade is negotiated.

Blockchain and smart contract technologies are needed to support micro-trading. Unlike

other micro-trading systems described above, however, the smart water grid relies on a

centralized pipe network to convey traded rainwater among households, and the focus of

this research in on a feasibility analysis to explore how the hydraulics of the pipe network

would be affected by decentralized buying and selling of rainwater. The feasibility of a

smart water grid will also be affected by the availability and functionality of smart tech-
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nologies, including blockchain and smart contracts, and the effects of bene�ts and costs of

infrastructure, new technologies, and water and energy savings on market ef�ciency. While

market ef�ciency and smart technologies are not included in the modeling framework that

is described in this research, they should be explored in future research to further test the

feasibility of the smart water grid.

2.3.4 Agent-based Modeling for Water Infrastructure

Agent-based modeling simulates the behaviors and micro-interactions of a population

of autonomous and heterogenous agents to model and study system-level phenomena

(Holland 1995, 2000). Agent-based modeling has been applied to simulate a range of water

resources planning problems by representing water users, stakeholders, and decision-

makers as agents to capture decisions and behaviors around water use, water supply,

wastewater services, and stormwater runoff (Berglund 2015). Agent-based models have

been applied to represent a population of residential water users that adapt their water

consumption based on economics, climate, policies, and social in�uence (Athanasiadis

et al. 2005; Darbandsari et al. 2017; Galán et al. 2009; Giacomoni et al. 2013; Giacomoni

and Berglund 2015; Kanta and Zechman 2014; Kanta and Berglund 2015; Koutiva and

Makropoulos 2016, 2017; Mashhadi Ali et al. 2017; Schwarz and Ernst 2009). These models

simulate household decisions to use water and reduce consumption by adopting water-

ef�cient technologies and restricting water use. Some frameworks couple agent-based

modeling with the water supply system to capture feedbacks between the availability of

water resources and decisions to conserve water (Giacomoni et al. 2013; Giacomoni and

Berglund 2015; Kanta and Zechman 2014; Kanta and Berglund 2015; Mashhadi Ali et al.

2017). Other agent-based models couple a population of agents with hydraulic simulation

of a water distribution system to evaluate how network �ows are impacted by changing
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demands. Models capture water use changes during a water supply contamination event,

based on exposure to the contaminant, communication from public of�cials, and social

in�uence of peers (Monroe et al. 2018; Sha�ee et al. 2018; Sha�ee and Berglund 2016, 2017;

Sha�ee and Zechman 2013; Strickling et al. 2019; Zechman 2011, 2013). Another set of

studies uses agent-based modeling coupled with hydraulic simulation to evaluate how

�ows in a reclaimed water network and a potable water network change as customers adopt

or resist water reuse programs (Kandiah et al. 2016, 2017, 2019). Agent-based modeling has

also been applied to model trading within natural resource markets, where agents use cost

information to seek trades, negotiate, and adapt their preferences for trading permits with

other agents. A few modeling studies couple an agent-based model with a water quality

simulation model to assess water quality impacts of permit-trading strategies on river and

estuary systems (Berglund 2015; Zhang et al. 2013). Other agent-based models capture the

decisions of polluters to bid and sell permits in an emissions market, and these models are

applied to assess the effect of trading on air quality (Huang and Ma 2016; Peng et al. 2019).

More recently, an agent-based modeling was applied to simulate peer-to-peer markets by

modeling households as agents that buy and sell energy in a residential smart energy grid

(Monroe et al. 2020). In the research presented in this manuscript, agent-based modeling is

loosely coupled with hydraulic simulation modeling to assess network performance metrics

that are affected by agent behaviors to trade water. A simple market is simulated, where

consumer agents buy rainwater when it is needed for irrigation, and prosumer agents meet

demands when they have rainwater that is stored. The price of rainwater is not considered

in this simulation, because the focus of the model is on the hydraulic feasibility of the

network when trades are made. Additional research is needed to develop cost information

and simulate how households make decisions to participate, bid, and execute micro-trades

in a rainwater market.
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2.4 Agent-based Modeling Framework

The modeling framework presented in this research loosely couples an agent-based model

with a hydraulic simulation model (Figure 2.2). The agent-based model represents house-

holds as either consumers, which purchase water and withdraw it from the system, or

prosumers, which pump collected rainwater into the network when a buyer has committed

to purchase the water. Prosumer water input and consumer demands are used to mod-

ify an input �le for the hydraulic simulation, which calculates water �ows and pressures

in the pipe network based on production and consumption of water at households. The

agent-based model is described following the Overview Design Details (ODD) protocol

(Grimm et al. 2006). The ODD protocol provides a clear and succinct approach to describe

agent-based models by describing purpose, entities, state variables, and scales as part

of the Overview; process overview and design concepts as part of the Design; and input,

initialization, implementation, and submodels as part of the Details.

Figure 2.2: Agent-based modeling framework couples consumer and prosumer agents
with a reclaimed water network. Image credit: Water Tank by Carlos Ochoa from the Noun
Project.
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2.4.1 Overview

Purpose

The purpose of the agent-based model is to simulate rainwater trading among consumer

and prosumer agents facilitated through a reclaimed water network and to evaluate how wa-

ter resources, energy consumption, and hydraulic performance of the network are affected

by micro-trading.

Entities, State Variables, and Scales

Agents represent individual prosumer and consumer households. Each consumer agent

is assigned a lawn area to calculate irrigation demand and is assigned a time of day for

exerting demand. Prosumer agents are each assigned a rainwater tank volume capacity, a

catchment area, and a small pump with a given exit pipe diameter, length, and roughness

coef�cient to add harvested rainwater to the hydraulic network. Parameters are used as

input to the model (Table 4.1). State variables are updated dynamically (Table 4.2). For each

prosumer, tank storage is updated due to precipitation, �ushing requirements, and water

released into the network. The model operates on an hourly time scale.

Three system-level state variables are used to represent the depth of hourly precipitation

(Pt ), total precipitation depth over the preceding 24-hour period ( BP24), and the time step

at which rain begins ( T R).

Process Overview and Scheduling

The following steps are executed at each hourly time step, t , of the simulation. The execution

time step is labeled t E . The agent-based model requires hourly precipitation ( Pt ) as input.

Step 1. Update system-level state variables. Based on the value of Pt , the values for BP24

and T R are updated. The precipitation over the preceding 24-hour period ( BP24) is a binary
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Table 2.1: Parameters for consumer and prosumer agents

Agent Parameter Description Setting for
case study

Consumer T I c Time of day for irrigation de-
mand

Section 4.2.3 & Figure 2.3
(Willis et al. 2011)

Consumer D I Daily irrigation demand Equation 2.8
Consumer f Irrigation factor 1.0
Consumer k Crop factor 0.7
Consumer E T Evapotranspiration 281.25 mm / month
Consumer r Effective rainfall
Consumer � Household density 721 housing units / km 2

Consumer U Ratio of unpaved land 0.9
Consumer L Irrigable area of lawn 494.9 m 2 (Equation 4.2)
Consumer &
Prosumer

A Roof area 46.5 m2 (NAHB 2010)

Prosumer F Required �rst �ush 1.62 liters / m2

Prosumer V Rainwater harvesting tank ca-
pacity

5392 liters (Duraplas 2020)

Prosumer dp Diameter of exit pipe at house-
hold pump

19.05 mm

Prosumer Lp Length of exit pipe at household
pump

2.74 m

Prosumer Cp Roughness coef�cient of exit
pipe at household pump

100

Table 2.2: State variables for consumer and prosumer agents

Agent State Variable Description Calculation
Prosumer St ,g Rainwater storage Step 2
Prosumer V Ft ,g Flushed volume Step 2
Consumer Dt ,c Hourly demand Step 3
Consumer CQt ,c Flows received from centralized

system
Step 4

Consumer &
Prosumer

T Wt ,c ,g Traded rainwater Step 4

Prosumer Qt ,g Flow from household pump Step 4
Consumer W At ,c Water age at node in the network Step 6
Prosumer h t ,g Pressure at node in the network Step 6
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variable that takes a value of one if there is a precipitation greater than zero in 24-hour

period before the execution time:

BP24 =

8
><

>:

1, if
P t E � 1

t = t E � 24 Pt > 0

0, otherwise

(2.1)

where t is the time step and t E is the current execution time step. Rain time, T R, is

the �rst time step when the precipitation is greater than zero if the precipitation over the

preceding 24-hour period is zero.

T R = t E , if Pt E
> 0 & BP24 = 0 (2.2)

Step 2. Prosumer agents update rainwater storage values. Each prosumer agent g calcu-

lates rainwater storage volume, St ,g , at time t based on the runoff from the roof catchment

and the volume of water �ushed for the �rst �ush diversion:

St ,g = min (V , St � 1,g + Pt � A � V Ft ,g ) (2.3)

where A is the roof area; V is the capacity of the rainwater tank; and V Ft ,g is the volume of

water �ushed from the rainwater tank at time step t for agent g . Prosumers can accumulate

a maximum volume of water equivalent to the capacity of the rainwater tank ( V ); any

excess volume is released as runoff. If no precipitation falls in the previous 24 hours before

a distinct rain event begins, the prosumer agent is required to discard a �rst �ush volume.

The volume of rainwater that should be �ushed ( V Ft ,g ) ensures that a prosumer agent

�ushes a volume equal to F � A after the rain event begins, where F is the required �rst

�ush rate, and A is the roof area. The agent can �ush the total volume ( F � A) over multiple

time steps, if needed.
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V Ft ,g =

8
><

>:

min (St ,g , F � A �
P t E

t =T R V Ft ,g ), i f
P t E � 1

t =T R V Ft ,g < F � A

0, o t he r w i s e

(2.4)

Step 3. Consumer agents exert irrigation demands. If no precipitation fell in the previous

24 hours (BP24 = 0), each consumer agent c exerts a daily irrigation demand ( D I ) at time

step T I c . The hourly demand exerted by each consumer agent c is assigned using Equation

4.7:

Dt ,c =

8
><

>:

D I , i f t = T I c & BP24 = 0

0, otherwise

(2.5)

The value of D I is calculated to initialize the model, as described in Section 2.4.4.

Step 4. Prosumer and consumer agents trade rainwater. Each consumer agent with non-

zero demand at time step t is randomly paired with a prosumer agent with St ,g > 0. A

consumer agent c receives traded water ( T Wt ,c ,g ) from prosumer agent g up to its de-

mand, Dt ,c . If the consumer agent has a non-zero volume of unmet demand, it is randomly

matched with other prosumer agents until the total volume of traded water it receives is

equal to Dt ,c or until no prosumers have stored rainwater. For time steps when prosumers

cannot meet consumer demands, consumer demands are met using water that was re-

claimed through the centralized treatment plant. The �ow ( Qt ,g ) that a prosumer pumps

into the network at each time step is the sum of traded water ( T Wt ,c ,g ) that is purchased by

consumer agents.

Qt ,g =

Ct ,gX

c=1

T Wt ,c ,g (2.6)

where Ct ,g is the number of consumers that prosumer g supplies at time step t . The to-

tal volume of water purchased by consumer agent c is supplemented by �ows from the
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centralized system ( CQt ,c ) at time step t to meet its demand:

Gt ,cX

g=1

T Wt ,c ,g + CQt ,c = Dt ,c (2.7)

where Gt ,c is the number of prosumers that sell water to consumer agent c at time step t .

Step 5. Increase time step. In this step, t E = t E + 1. The agent-based model is executed to

simulate trades for a total of T time steps to simulate a one-month period. If the simulation

time is reached (e.g., t E = T ) go to Step 6. Otherwise, go to Step 1.

Step 6. Execute hydraulic simulation model. The data set of negative demands ( Qt ,g for

all prosumers) and positive demands ( Dt ,c for all consumers) are used as input for the

hydraulic simulation model. Section 2.4.4 details the method for running the hydraulic

simulation model.

Step 7. Calculate hydraulic effects and energy consumption for the infrastructure system.

Methods for calculating energy consumption and water age are described in Sections 2.4.4

and 2.4.4, respectively.

2.4.2 Design Concepts

Decision-making

Agents use simple heuristics to make decisions. Prosumer agents are uniformly sampled to

meet consumer water demands until consumer water demands are met or no prosumers

have rainwater remaining in their tanks. Consumer agents do not use information about

network location, amount of available water, or cost associated with purchasing water to

select a prosumer agent for trading. Prosumers are simple reactive agents and release water

when matched with consumer agents.
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Stochasticity

There is little stochasticity in consumer and prosumer behaviors. Households in the network

are randomly assigned as consumer and prosumer agents, and consumer agents select

among prosumers with uniform probability to buy water.

Sensing

Consumer agents know the volume of water that is stored by each prosumer agent, and

both consumer and prosumer agents have exact information about precipitation depths.

Interaction

Consumer and prosumer agents exchange water directly. Trades are not constrained by

spatial location, and any prosumer agent can trade with any consumer agent. Consumer

agents do not interact with other consumer agents, and prosumer agents do not interact

with other prosumer agents.

2.4.3 Details: Initialization, Input, and Implementation

The agent-based model is initialized with 2016 households, using a pre-speci�ed ratio of

prosumers to consumers. Parameter values are speci�ed in Table 4.1. Values for the �rst

�ush volume as reported in literature (Gikas and Tsihrintzis 2012) and rainwater harvesting

regulations (Lawson et al. 2009; Texas Water Development Board 2005) vary in the range

of 0.11-1.02 liters/ m2. The value used in the prosumer model represents a conservative

estimate of �rst �ush. All tanks are empty at the beginning of the simulation, and the

number of hours since the previous �ush is set to 24, which forces prosumer agents to �ush

tanks before beginning trades. Each prosumer agent is assigned a household pump model,

with a pump ef�ciency of 75%. Consumer households are each assigned a time of day to
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Figure 2.3: Consumer agents are assigned a value for T I c using the distribution of values
shown here.

irrigate their lawns ( T I c ), derived from the diurnal irrigation pattern for dual-reticulated

systems reported by Willis et al. (2011). For each discrete value of T I c , Figure 2.3 speci�es

the number of consumer agents that are randomly selected from the pool of consumer

agents without replacement and assigned the selected value for T I c . For example, if the

consumer agent pool consists of 100 agents, then T I c = 19 for 21 randomly selected agents.

The agent-based model requires hourly precipitation data as input, which is needed to

calculate demands and trades at hourly intervals.

The agent-based model is implemented in Multi-Agent Simulator Of Neighborhoods

(MASON), a Java-based discrete-event multi-agent simulation library (Luke 2011). The code

is published by Ramsey (2020). The output from MASON was used to create input for the

hydraulic simulation submodel, which is described below.
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2.4.4 Details: Submodels

Consumer Daily Irrigation Demand Submodel

The consumer daily demand volume, D I , is calculated using the outdoor water demand

model (Jacobs and Haarhoff 2004).

D I =
f � L � ((k � E T) � r )

d a y s
(2.8)

where f is an irrigation factor indicating frequency of watering; L is the irrigable lawn area

(m2); k is a crop coef�cient; E T is evapotranspiration (mm / month); r is effective rainfall

(mm / month); and d a y s is the number of days per month. Effective rainfall represents the

precipitation that penetrates the soil and thereby reduces the water demand of plants. It is

calculated as a function of total measured monthly rainfall Pmont h (mm / month) (Jacobs

and Haarhoff 2004), as:

r =

8
>>><

>>>:

Pmont h if Pmont h < 25mm

0.504� Pmont h + 12.4 if 25 � Pmont h � 152mm

89.0 if Pmont h > 152mm

(2.9)

The monthly demand value is converted and reported as a daily demand. The irrigation

factor ( f ) is set at 1.0, because it is assumed all households that opt to connect to the system

are frequent irrigators. The crop coef�cient ( k ) is set as 0.7 to represent lawn. The value of

L (irrigable lawn area) is calculated as

L = (
1

�
� A) � U (2.10)

where the household density is � (unit per m 2), roof area is represented as A (m2), and the

ratio of unpaved land is U (dimensionless).
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Hydraulic Simulation Submodel

The pipe network is simulated using EPANET, which is a software application that calculates

the movement and fate of drinking water constituents within water distribution systems

(Rossman 2000). Each household (consumer or prosumer agent) is represented in the net-

work using three nodes: one node represents the street-level, metered connection to the

non-potable water network; a second node represents the irrigation demand node; and

a third node represents the negative demand node that allows a household to contribute

rainwater to the network. The negative demand node represents an onsite rainwater har-

vesting tank and a pump that is used to put rainwater back into the network. The dataset

of negative demands, or positive �ows into the network ( � Qp ,t ), are placed at negative

demand nodes, corresponding to each prosumer and time step. The dataset of positive

demands (Dc,t ) are placed at irrigation demand nodes, corresponding to each consumer

and time step. Demands are used to modify the EPANET input �le, and the hydraulic model

is run for a one-month period to calculate network �ows and pressure values.

Energy Consumption Submodel

Energy requirements for the water infrastructure network are based on three energy com-

ponents: energy consumed by prosumers to pump rainwater into the network ( Ep r o s ume r s ),

energy used to pump water from the centralized treatment plant ( Es y s t e m), and energy

required to treat wastewater ( Et r e a t ). The total energy required by the system ( Et o t a l ) is the

sum of the three components. Energy is reported in kilowatt hours (kWh).

The energy consumed by the prosumers to pump water into the network is calculated

as:

Ep r o s ume r s =
GX

g=1

TX

t =1


 � Qt ,g � h t ,g � � t (2.11)
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where 
 is the speci�c weight of water (kN / m3); Qt ,g is the �ow rate of pumped water from

prosumer g, as de�ned above (m 3/ s); h t ,g is the pressure head at the negative demand

node for prosumer g at time step t , which is the head required by the pump (m); G is the

number of prosumers in the system; T is the number of simulated time steps; and � t is the

time step, or one hour in this application.

The energy consumed to pump water from the centralized system is calculated as:

Es y s t e m =
TX

t =1


 � QS,t � H t � � t (2.12)

where QS,t is the �ow rate of water pumped from the reservoir to the system (m 3/ s); H t

corresponds to the head (m) gained by the pump at time step t .

The volume of reclaimed water that is offset by rainwater contributions can result in

energy savings through a reduction in the volume of water that must be treated. Treating

water to high standards is energy intensive, and supplementing the reclaimed water network

with rainwater decreases the volume of wastewater that water treatment facilities need

to process for household consumption. The energy required to treat wastewater can vary

based on in�uent water quality, facility hydraulics, and treatment processes employed, and

a value of 0.343 kWh/ m3 is adopted in this study Barker et al. (2016). The energy required

to treat wastewater is calculated as:

Et r e a t = et r e a t � VO (2.13)

where VO is the total volume of treated water that is pumped into the system over the

simulated time; and et r e a t is the unit energy required to treat wastewater (0.343 kW h =m 3).
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Water Age Submodel

The water age of the system is a surrogate metric for water quality (Marchi et al. 2014).

Water age is calculated using water quality calculations in EPANET, which are executed at

small time steps to reduce error. The weighted water age is calculated using Equation 2.14

at consumer nodes across the network.

W AS =

P C
c=1

P TW A

t =1 bc,t � Dc,t � (W Ac,t � W Al im )
P C

c=1

P TW A

t =1 Dc,t

(2.14)

where W AS is the weighted average water age above the limit for the system (hours). The

acceptable limit for water age ( W Al im ) is 48 hours (Marchi et al. 2014). W Ac,t represents

the water age at consumer node c and time step t , reported in hours. The binary variable

bc,t represents if the water age at node c and time step t exceeds the limit, where kc,t = 1 if

the water age is greater than the limit, and kc,t = 0 otherwise. The time step for calculating

water quality is 15 minutes, and the total number of time steps ( TW A) is 2880 for simulation

of a 30-day month.

2.5 Virtual Network: Wolfpack City

“Wolfpack City” was developed as a virtual non-potable water distribution network (Figure

4.2) with realistic hydraulic design parameters and is used in this research to simulate

a micro-trading program. It is assumed that each household receives potable water to

meet high-quality end uses via a separate potable water system that is not modeled in this

framework; simulations for Wolfpack City are speci�cally for non-potable water supply and

demand. Wolfpack City represents a population of 2016 households, which exert irrigation

demands based on rainfall and evapotranspiration. One demand is exerted as a constant

�ow (0.0078 m 3/ s or 125 GPM) to represent an industrial demand, such as a cooling process.
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2.5.1 Non-potable Network System

Household elevations in Wolfpack City range from 282 to 312 meters (Figure 4.2). The

source represented by a reservoir with a head of 297 meters is a reclaimed water treatment

plant and pumps water to the network using a set of pumps and a tank. The pump station

includes a main pump and eight additional parallel pumps that are controlled by the water

level of the tank. The main pump delivers up to 0.0227 m 3/ s and a gained head of around 56

meters. The parallel pumps operate to meet the intermittent demand exerted by consumers

and deliver up to 0.050 m 3/ s each. The pump ef�ciency is simulated as 75%. The tank is

initialized at full capacity.

2.5.2 Climate Data

Local climate data is needed to initialize rainwater harvesting tank storage and irrigation

demand values for Wolfpack City. We selected the location of Wolfpack City based on the

maximum potential rainwater yield at various locations across the U.S. using Equation 2.15

(Bhattacharya and O'Neil 2009):

Y = C � L A � RT � Pann (2.15)

where Y is maximum potential rainwater harvesting yield; C is a runoff coef�cient, assigned

a value of 0.75 (Bhattacharya and O'Neil 2009); L A is land area; RT is the percent of land

cover which is rooftop; and Pann is average annual precipitation. The percent rooftop

is calculated based on land area, housing density, and average roof size (United States

Geological Service 2020; NAHB 2010). We estimated the potential rainwater harvesting yield

at 10 locations that are spread across regions of the the U.S. using publicly available land

cover data (United States Geological Service 2020) and thirty year precipitation averages
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Figure 2.4: Wolfpack City water model. Each terminal node represents 18 households,
which are represented using three nodes each: a meter node, positive demand node, and
negative demand node.

(University 2004). Cities that were included in the analysis are Baltimore Maryland, Branson,

Missouri, Dallas, Texas, Denver, Colorado, Fargo, North Dakota, Phoenix, Arizona, Raleigh,

North Carolina, San Diego, California, and Seattle, Washington. Cities that report the highest

value for Y are Seattle (24.1 million m 3), Dallas (13.5 million m 3), and Phoenix, Arizona

(12.2 million m 3). The maximum potential rainwater harvesting yield for all 10 sites are

located in Appendix A.

Seattle, Washington, was selected as a climate region for Wolfpack City, and observations
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of precipitation and evapotranspiration in April 2020 are used to create climate scenarios.

The data used in this study was recorded at USGS Station 12113346 for Springbook Creek

at Orillia, WA (United States Geological Service 2020). During April 2020, evapotranspira-

tion was recorded as 281.25 mm / month. Seattle's household density ( � ) is 721 housing

units / km 2, and other parameters needed for the agent-based model, such as roof size and

ratio of unpaved land to total land area, are determined using national averages (Table

4.1) (United States Geological Service 2020; NAHB 2010). Using Equation 4.2, consumer

irrigable lawn area ( L I ) is calculated as 494.9 m2.

2.5.3 Modeling Scenarios

A set of scenarios are developed to explore the performance of the smart water grid for

variations in model characteristics. This analysis explores changes in the number of house-

holds that join the market as prosumers to assess how many prosumers are needed to

meet demands exerted by consumers. The participation of households as prosumers varies

from 0% to 100% of the total number of households by increments of 5%. Households are

randomly assigned as prosumer and consumer agents to meet the scenario de�nition. This

analysis also explores changes in precipitation, as precipitation is expected to affect the

amount of rainwater traded. Higher depths of rainfall and more frequent precipitation

events lead to greater volumes of water stored, but reduce the amount of water needed

for irrigation, as consumers do not exert demands immediately following precipitation

events. Precipitation scenarios are explored where the depth of rainfall at each hourly time

step is multiplied by a factor of 0.5, 1.0, 2.0, 3.0, 4.0, and 5.0. The total number of time

steps with precipitation greater than zero is held constant to maintain consistency across

simulations; for example, if 5.0 mm is recorded during the �rst hour of Seattle's April 2020

precipitation data, then a total of 15.0 mm falls during that time step in a scenario with a
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precipitation factor of 3P. Evapotranspiration ( E T) values are held constant throughout

all scenarios. According to the Blaney-Criddle equation, E T is correlated with temperature,

wind, and daylight hours, which we assume as constant across all precipitation scenarios

(Doorenbos and Pruitt 1977). A total of 126 scenarios (six precipitation settings and 20 pro-

sumer settings) are generated, and scenarios are labeled as the percentage of households

that participate as prosumers in the market and the factor used to adjust rainfall depths.

Each scenario was simulated over the one-month horizon using MASON, which required

approximately 40 seconds to run using a 3.1 GHz Dual-Core Intel Core i5. Output from the

agent-based model was used to create the input �le depicting the demands of that scenario

for EPANET, which required approximately 6.7 minutes when run using a 2.9 GHz 4-Core

Intel Xeon W-2102.

2.6 Results

The results presented below demonstrate the dynamics of water storage, water consump-

tion, energy consumption, and hydraulic performance for an example scenario. Subse-

quently, the performance of the ABM and the network across all scenarios are reported and

explored.

2.6.1 Scenario 20%-1P

Scenario 20%� 1P simulates rainfall using Seattle's April 2020 precipitation data ( 1P),

and 20% of agents (403 of 2016 total agents) are initialized as prosumers. The time series

plots of precipitation, irrigation demands and volume of traded rainwater pumped into

the network are shown in Figure 2.5. The simulated horizon includes six distinct rainfall

events of varying volumes, followed by a reduction in immediate irrigation demands. The
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reduction of irrigation demands represents that consumers do not exert irrigation demands

within 24 hours of a rainfall event. Traded rainwater injections into the reclaimed water

network spike after this 24 hour period. The highest peaks in irrigation demand each day

correspond with the irrigation patterns shown in Figure 2.3, peaking at hour 19 (or 7:00

pm) each day. A total of 525 m 3 of harvested rainwater are pumped into the system during

the simulation, which is the equivalent of the daily water demand exerted by 141 consumer

households (8.7% of consumers). The volume of rainwater that is traded is a small fraction

(less than 1%) of the total volume of water consumed, as shown in Table 2.3. The �ows

of water produced at the treatment plant and consumed at nodes for Scenario 20%� 1P

are simulated using EPANET (Figure 2.6), demonstrating that the network satis�es exerted

demands without signi�cant excess production; the difference in water produced and water

consumed is 7% of the water consumed (Table 2.3). For this scenario, six of the nine pumps

are turned on to meet demands. The centralized system maintains a minimum production

volume when consumer demands are zero to meet the constant demand of 0.0079 m 3/ s (or

20,477 m3 over the one-month period).

The energy consumed for system-level pumping, reclaimed water treatment, and pro-

sumer pumping for Scenario 20%� 1P are calculated and compared with the energy re-

quired for Scenario 0%� 1P (no prosumers) in Table 2.3 to allow examination of energy

savings between scenarios with and without rainwater trading. The energy consumed by

prosumers for household-level pumping increases by 41 kWh when 20% of households

function as prosumers, compared with Scenario 0%� 1P. Residential demands are 20%

lower in Scenario 20%� 1P, due to the number of consumers that switch to prosumers.

The increase in energy for household pumping corresponds to a decrease in energy con-

sumed by system-level pumping and treatment. There is a decrease of 2409 kWh in energy

consumed by system-level pumps for Scenario 20%� 1P, and a total reduction of energy

consumption of 11% when compared with Scenario 0%� 1P. Unit energy consumed is
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Figure 2.5: Precipitation, irrigation demand volume, and traded rainwater volume for
Scenario 20%� 1P

calculated as the total energy required per unit volume of water produced by both central-

ized and decentralized processes (Table 2.3). Unit energy provides an assessment of the

energy ef�ciency of the system. The unit energy for Scenarios 20%� 1P and 0%� 1P are

the same value (0.37 kWh/ m3), and the the addition of 403 prosumers to the network does

not impact energy ef�ciency of meeting demands.

Pressure is affected by reductions in consumer demands and the injection of water at

terminal nodes through household-level pumping. The maximum pressure in the network

occurs when no demands are exerted and is the same value for Scenarios 0%� 1P and

20%� 1P. As shown in Table 2.3, the minimum pressure when 20% of households are

prosumers is slightly increased, compared to Scenario 0%� 1P. The distribution of pressures

at a time step with low pressures is shown in Figure 2.7. The time step shown is 9pm on a day

that is preceded by 24 hours without rainfall, and pressures remain at or near the minimum
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Figure 2.6: EPANET output reports �ow of water produced by the treatment facility and
�ow of water consumed at nodes for Scenario 20% � 1P.

(7 m). In the central area of the city, elevations cover a 30 m range, and the pressures are

around 20 m at nodes that are located at high elevations. The southern section of the

network is at a lower elevation, and pressures remain in the range of 25-35 m during this

period of relatively low pressure.

Water age is calculated for Scenarios 20%� 1P and 0%� 1P using Eqn. 2.14, calculated

over all irrigation nodes, and is reported to explore water quality. It is expected that the

water age of Scenario 20%� 1P would be higher than the water age of Scenario 0%� 1P,

because the injection of water at households may increase the residence time of water in

the system, and there are fewer agents consuming water in the network. The water age of

Scenario 20%� 1P is marginally less than the water age of Scenario 0%� 1P (a difference
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Table 2.3: Metrics reported for Scenarios 0% � 1P and 20%� 1P

Scenario
0%� 1P

Scenario
20%� 1P

Volume of water consumed (m 3) 187,679 154,269
Volume of water produced (m 3) 183,895 164,015
Volume of traded rainwater (m 3) 0.00 525.06
Energy consumed by prosumer pumping ( Ep r o s ume r s ) (kWh) 0.00 40.97
Energy consumed by system-level pumping ( Es y s t e m) (kWh) 20,836 18,427
Energy consumed by treatment ( Et r e a t ) (kWh) 47,307 42,193
Total energy consumed ( Et o t a l ) (kWh) 68,143 60,661
Unit energy consumption (kWh / m3) 0.37 0.37
Water age (W AS) (hours) 20.15 19.23
Minimum pressure (m) 3.00 6.30
Maximum pressure (m) 70.71 70.71

of less than 1 hour). This difference may be due to the process of calculation. The water age

is calculated only at consumer nodes, and there are fewer households acting as consumers

in Scenario 20%� 1P, leading to a marginal reduction in water age. In addition, the age

of water entering the system due to household-level pumping is initialized at zero hours,

which does not account for the time that the water resides in the household-level rainwater

harvesting tank.

2.6.2 Performance Analysis across all Scenarios

The total volume of traded rainwater, total number of trades, and percentage of irrigation

demand met for each of the 126 scenarios (six levels of precipitation and 21 levels of pro-

sumers) are shown in Figure 2.8. For all scenarios where no agents are prosumers (0%) or all

households are prosumers (100%), no trades occur because of the homogeneity of agents.

For all other scenarios, an increase in rainfall volume corresponds to an increase in volumes

of trades (Figure 2.8a) and number of trades (Figure 2.8b). During higher precipitation
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volume scenarios, prosumer agents can harvest higher volumes of rainwater, which allows

some consumer agents to satisfy demands through trading. For higher precipitation, the

peaks in volume and number of trades correspond with lower percentages of prosumer

agents. During scenarios with precipitation volume 1P, for example, the maximum vol-

ume of traded rainwater corresponds with a prosumer ratio of 80%, compared to 50%

for precipitation volume 4P. This is because for lower rainfall depths, a higher number

of prosumers are needed to participate in the market to offest the demand exerted by a

consumer. The highest number of trades occur for scenarios with precipitation volume

1P. Consumer agents buy rainwater from multiple prosumers at each time step to meet

demands, leading to a high number of trades (Figure 2.8b). At low precipitation depth,

0.5P, the number of trades is relatively low, because prosumer agents are unable to harvest

higher volumes of rainwater, resulting in reduced ability to trade. The volume of rainwater

that is traded decreases for higher numbers of prosumer agents because fewer agents are

consumers to exert demands. The system does not meet total irrigation demands for any

of the 126 scenarios (Figure 2.8c), however, because irrigation demands of consumers are

substantially higher than harvested rainwater volumes. Across all precipitation volumes,

the highest percentage of demand that is met through trading occurs when 95% of agents

are prosumers.

EPANET simulations were used to evaluate energy consumption, pressure, and water

age. The amount of energy consumed by household-level pumping (Figure 2.9a) follows

the same pattern as the volume of traded rainwater (Figure 2.8a) with the highest consump-

tion of energy at high rainfall depths and around 50% prosumers. Scenarios with lower

percentages of prosumer agents and low rainfall volumes require more system-level energy

consumption (Figure 2.9b). System-level energy is orders of magnitude greater than energy

consumed by household-level pumping, and there is a large reduction in system-level en-

ergy requirements for higher numbers of prosumers. This trend emerges because prosumer
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agents do not irrigate, which reduces the energy requirements of pumping from decen-

tralized locations. Energy consumed for treatment is high for this system, approximately

twice the energy required for pumping. Treating wastewater to non-potable standards is an

energy-intensive activity, and these numbers re�ect that cost. In this research, we assume

that the volume of wastewater is treated to match the unmet demands in the systems, and

the energy cost of treating excess wastewater that is not needed for reuse is not included

in this framework. However, wastewater that is released to the environment or used for

other recycling purposes would also need to be treated, and a holistic assessment of the

interconnections between water, wastewater, and reclaimed water systems may use an

alternative approach to holistically account for energy costs. Based on the sum of energy

requirements for the smart water grid system (Figure 2.9d), a higher numbers of prosumers

lead to higher savings in energy.

The system's unit energy is calculated as the energy consumed by three processes

(household-level pumping, system-level pumping, and treatment) per unit volume of water

produced by the centralized system and prosumer pumping (Figure 2.10). Unit energy

is used to represent the ef�ciency of the system in meeting demands. For scenarios of

high percentages of prosumers and high precipitation depths, the water contributed by

prosumers reduces the amount of water required by the centralized system, leading to

higher energy ef�ciency. For example, unit energy generally increases across 1P scenarios,

which corresponds with the reduction in treatment and pumping energy shown in Figures

2.9c and 2.9b. Household-level pumps inject water in the network at peak demand times,

which offsets the need to use the additional pumps that operate in parallel to the main

pump. As a result, the number of pumps that operate to provide water from the centralized

system decreases with increasing numbers of prosumers (9 pumps are needed for 0-5%

prosumers; 7 pumps: 10-15%; 6 pumps: 20-25%; 5 pumps: 30-40%; 4 pumps: 45-60%; 3

pumps: 65-80%; 2 pumps: 85-95%; and 1 pump: 100%). Further, pumping water from
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terminal nodes in the network requires less energy than pumping from the centralized

treatment plant, as there is less head loss to overcome when the water is pumped from

near-by terminal nodes.

Unit energy does not increase monotonically across the 1P scenarios, however, because

of the infrastructure complexities of water production. For some 1P scenarios, water pro-

duction exceeds demands on the centralized system by up to 18%, while in others, water

production drops to 91% of the demand exerted on the centralized system (that is, total

demand minus the demands that are met by household-level pumping). In cases where

the water demanded exceeds the water produced by the centralized system, the water

storage tanks meet the remaining demand because they are initialized at full capacity. At

80% prosumers, the system reaches a minimum unit energy, and, subsequently, the energy

required per unit volume increases with increasing percentages of prosumers. This trend

mirrors the change in volume of traded rainwater across scenarios of increasing numbers

of prosumers 2.8a, which also peaks at 80% prosumers. When consumers comprise less

than 20% of agents, they demand less water than prosumers produce when tanks are full.

Because low volumes of water are traded and the bulk of demand is at the constant demand,

which is met by the centralized system, the system requires higher unit energy. Higher

precipitation depths ( 2P, 3P, 4P, and 5P scenarios) lead to improved energy ef�ciency

because prosumers can produce more water to offset demands. Increasing the volume

of water that can be provided by prosumers increases bene�ts to both water and energy

savings through the smart water grid.

The minimum and maximum pressure across all consumer irrigation nodes and over

all time steps are reported for each scenario. The minimum pressure across the scenarios

varies between 5.0 and 30 meters of head (Figure 2.11), while the maximum pressure

is approximately the same at around 50 m for all scenarios. The minimum pressure is

low at high numbers of consumers (low percentage of prosumers). Scenarios where the

43



minimum pressure values fall below 7 m (approximately 10 psi) may be considered as

infeasible because the pressure is not high enough to meet irrigation purposes. For 1P

rainfall scenarios, scenarios are infeasible until the percentage of prosumer agents reaches

around 30%. When the number of prosumers is lower than 30%, consumers require a large

volume of water from the centralized system, and pressures in the central part of the system

drop to values less than 7 m. With higher precipitation depths, the amount of water that is

provided by prosumer agents increases, resulting in relatively higher minimum pressure

values. For higher precipitation scenarios, prosumers contribute high volumes of water,

leading to increasing pressure. For example, for 5P rainfall scenarios, approximately 15%

of agents need to be prosumers to ensure a feasible system.

As the number of prosumers increases, there are bene�ts in energy savings and meet-

ing pressure requirements, as shown above. There is, however, an expected drop in water

quality based on the residence time of water in the network. As the system has intermittent

consumption for irrigation purposes, water age increases in scenarios with high precipita-

tion values and high percentages of prosumers (Figure 2.12). Water age values represent the

average number of hours exceeding the water age requirement of 48 hours, and this number

is between 20 and 30 hours when the percentage of prosumers is less than 80%. The effect

on water age does not grow signi�cantly until the percentage of prosumers reaches 80%,

and water age increases dramatically with additional prosumers. Tradeoffs among water

age, energy consumption, and pressure may govern how a water micro-trading market

should be designed. Results show for 1P scenarios, that water saving is at a maximum

at 80%; unit energy is minimum at 80%; pressure requirements constrain the network to

function only if 30% or more households join as prosumers; and water age requirements

may constrain the percentage of prosumers to less than 80%.
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Figure 2.7: Lowest nodal pressures for Scenario 20%� 1P at 9:00pm on a day with no
rainfall in the previous 24 hours.
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(a) Volume of traded rainwater

(b) Total number of trades

(c) Percent of consumer demand met via trades

Figure 2.8: Total volume of traded rainwater ( m 3), total number of trades, and total per-
centage of irrigation demand satis�ed by traded rainwater across 126 scenarios of varying
rainfall depth and percentage of prosumer agents.
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(a) Prosumer pumping energy consumption (b) System-level pumping energy consumption

(c) Treatment energy consumption (d) Sum of Energy Consumption

Figure 2.9: Energy consumption for (a) prosumers for pumping water at households, (b)
system-level pumping, (c) treatment of water at the treatment plant, and (d) the sum of
energy consumption for prosumers, system-level pumping, and water treatment.

Figure 2.10: Energy consumed per unit volume of water produced. Energy is calculated as
the sum of all three energy expenditures: household-level pumping, centralized pumping,
and treatment. Produced water is calculated as the sum of water produced by the centralized
system and the water produced by prosumer agents.

47



Figure 2.11: Minimum head (m) across consumer nodes for all scenarios

Figure 2.12: Water age calculated for all scenarios using Equation 2.14.
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2.7 Discussion

This study proposes and tests the hydraulic feasibility of a smart water grid for micro-

trading rainwater through a peer-to-peer non-potable water market that allows residential

households to capture, use, sell, and buy rainwater within a network of water users. In this

research, we explore the impact of the depth of rainfall and the distribution of consumers

and prosumers on the performance metrics that are used to evaluate the hydraulic feasibility

of the smart water grid. In related research, an agent-based modeling framework was

developed to explore how the numbers of prosumers and consumers affect performance

of a peer-to-peer household-level energy trading market, and results demonstrated that

the presence of too many prosumers in the market led to market inef�ciencies (Monroe

et al. 2020). In the smart water grid, however, the volume of water that is required by

consumers for irrigation is much higher than the volume of water that is produced by

prosumers. Prosumers could not completely satisfy consumer demands for any of the

simulated scenarios, and production from the centralized system was required to meet

demands.

The volume of water that is produced by prosumers drives the performance of the smart

water grid, with respect to both water and energy savings. The total volume of traded water

increases and the energy required to pump demands decreases for scenarios with higher

numbers of prosumers and higher rainfall depths, leading to a more energy ef�cient system.

The energy requirements at households to pump water from rainwater tanks is lower than

the energy required at the system level to pump the same volume of water from the water

treatment plant. Pumping water from the central treatment plant requires the operation of

extra parallel pumps, which are not needed when prosumers contribute water to the system.

In addition, water that is pumped into the network at terminal nodes by prosumers does

not need to overcome headlosses or elevation losses when consumer nodes are located
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nearby. Energy savings are also associated with treating smaller volumes of wastewater to

nonpotable standards. In this model, the ef�ciencies of household pumps and systems

were assumed to be equal (75%). Household pumps, however, may more realistically have

lower ef�ciency than large pumps, which would change the analysis of energy consumption.

The model developed in this research does not account for energy requirements of onsite

treatment that could be required at prosumer households to treat rainwater. It is expected,

however, that treatment of rainwater to meet nonpotable standards would require much

less energy than treatment of wastewater. Pressure and water quality constraints are also

explored in this research, as they are affected by increased trading and show tradeoffs based

on the number of prosumers. For the simulations conducted in this research, consumer

and prosumer agents are assigned randomly at nodes across the network, and the results

are speci�c to one random realization. Further research can explore how clustering of

consumer or prosumer agents at nodes in the network could affect pressure, energy, and

water age through multiple realizations of initializing consumer and prosumer agents.

In this research, rainfall and evapotranspiration data that are used to simulate demands

are from the Seattle, WA, USA area, and we explore how higher precipitation can lead to

a more ef�cient market. The modeling framework presented in this manuscript uses the

theoretical outdoor water demand model, which may overestimate the amount of water

required by households. Other climates may lead to differences in rainwater exchanges,

and new methods for estimating irrigation may be needed to more accurately represent

household behaviors.

2.7.1 Smart Technologies

The system that is conceptualized in this research would be possible through smart tech-

nologies that can record and account for water �ows and peer-to-peer transactions in
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real-time. Smart water �ow meters are needed to sense and record water contributed to and

withdrawn from the water network at each household on sub-hourly time steps. AMI that

includes smart water �ow sensors can allow urban water managers to accurately and contin-

uously account for non-potable water use and pumping (Beal and Flynn 2015). Blockchain

technologies can be applied to create a ledger to record transactions between peers, and

smart contracts can be built on top of a distributed ledger to facilitate settlement of water

trades. Automated valves and pumps would be needed to automatically execute trades by

releasing water at the household into the network. The integration of these technologies

creates a smart water grid that enables new water and energy savings through decentral-

ized water sources. These technologies were not modeled as functioning entities in this

framework, and future research can explore how these technologies would be adopted and

would function in a smart water grid. Introducing this array of new technologies can create

new vulnerabilities to failure that may occur due to internet disruption, power outages,

and malfunctioning controllers. Fail-safe protocols and technological solutions are needed

to account for loss of water or trades that are not ful�lled.

2.7.2 Semi-Centralized Infrastructure

The smart water grid is a semi-centralized system and relies on both decentralized and

centralized infrastructure to provide diverse sources of non-potable water. A pre-existing

dual reticulation system is required as part of the envisioned system to circulate non-potable

water that is generated at lower water quality for end uses such as irrigation and �ushing

toilets. Constructing a secondary pipe network within an existing water supply system

is typically cost-prohibitive, and implementation of the smart water grid may be better

incorporated into new systems, such as the network that is conceptualized for Fisherman's

Bend near Melbourne, Australia (South East Water 2020). A smart water grid for micro-
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trading rainwater could also be implemented using a shared aquifer (Fornarelli et al. 2019)

or water trucks to provide conveyance of traded water. Micro-trading rainwater can also

use a water rights structure, where households buy the rights to use rainwater from a

community source. Rainwater harvesting provides a sustainable source of water by recycling

runoff; however, rainwater is an unreliable source, and it is likely that rainwater would be

unavailable at times when irrigation water is needed most, such as droughts. By taking

a semi-decentralized approach that incorporates rainwater tanks into a reclaimed water

network, diverse sources are utilized to meet potable demands. Diverse portfolios of water

sources can lead to reliable water supply systems (Boryczko and Rak 2020), and the smart

water grid would meet demands during low rainfall by circulating reclaimed water and

reusing rainwater when it is available. Other bene�ts of decentralized water management

associated with a smart water grid may include offsetting household energy costs (Grubic

et al. 2020) and reducing stormwater �ows (Liang et al. 2019).

2.7.3 Peer-to-peer Markets and Cost-Bene�t Analysis

Criticisms of Haddad's early depiction of micro-trading (2000a) argued that households may

not have the expertise, interest, or time to trade water (Agthe and Billings 2000). Haddad ar-

gued that households regularly make complex decisions around �nances and could readily

bid on water prices (Haddad 2000b). A smart water grid would involve transaction costs and

costs associated with rainwater tanks and smart meters, creating considerable economic

barriers. Research around a peer-to-peer energy trading market found that households

were engaged in bidding on energy, but they became disengaged due to the structure of

transaction costs that created market inef�ciency (Monroe et al. 2020). The buy-in for

consumers to invest in rainwater cisterns and pumps could contribute to challenges in

implementing a smart grid, as researchers have demonstrated that the payback period
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of rainwater harvesting systems alone can be 20-30 years (Imteaz et al. 2015; Paudel and

Imteaz 2019). Water resources are projected to become increasingly scarce (United Na-

tions 2015), however, and a study conducted in India suggests that people, particularly

in drought-prone areas, may be willing to invest in rainwater harvesting systems or other

creative and environmentally-friendly water alternatives (Ramsey et al. 2017). As described

above, rainwater harvesting alone provides an intermittent source of water, and the cost-

bene�t analysis of purchasing a rainwater harvesting tank and pump to join a smart grid

would be altered, because participants are granted access to continuous water supply. It is

expected that micro-trading could function as an ef�cient market in a water-scarce urban

environment. Further analysis is needed to explore the cost and bene�ts associated with

the economics of the infrastructure and participation in the water market. The agent-based

model can be extended in further research to capture economic decisions of households to

join the market and to buy and sell water. New modeling mechanisms can be included in

the framework to capture the interplay among demands, climate, trading adaptations, and

infrastructure performance.

2.7.4 Water Quality

Water reuse programs have historically been challenged in garnering public support, due

to the "yuck factor", or perception that treated wastewater is dirty or unsafe (Dolnicar et al.

2011; Garcia-Cuerva et al. 2016). Water quality of water withdrawn through the smart water

grid should be managed to mitigate public health risks and enhance positive perceptions

of water quality. The quality of rainwater is generally accepted as high enough for irrigation

and toilet �ushing, especially when �rst �ushing is used to remove contaminants that

are washed off of roofs (Campisano et al. 2017; Gikas and Tsihrintzis 2012). The quality

of harvested water is expected to degrade, however, as the water moves through a pipe
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network and is stored in a tank. We include a �rst �ush diversion that would improve the

quality of water entering the network, but further research is needed to better represent the

quality of water that is pumped from rainwater harvesting tanks and the fate and transport

of contaminants in the network. Filtration and treatment systems can be installed at the

point-of-entry, and research is needed to explore how to enhance household expertise

in the operation and maintenance of treatment technology. For example, new research

explores how real time control of the operation of bio�lters can improve microbial removal

from stormwater (Shen et al. 2020).

2.8 Conclusions

Smart water sensors can be integrated with water distribution infrastructure, distributed

ledger technology, smart contracts, and automated control to support novel decentralized

water markets to improve water savings in urban environments. This research demon-

strates how a semi-decentralized water supply system can create water and energy savings

by deploying existing smart city technologies and decentralized infrastructure within a

centralized reclaimed water distribution system. In this research, we report the feasibility of

a reclaimed water system that is augmented by prosumers, who pump harvested rainwater

into the network at decentralized nodes. We construct an all-pipe hydraulic model for a

hypothetical community to simulate demands exerted for non-potable uses at households

and to evaluate hydraulics in the dual reticulation network. An agent-based modeling

approach is developed to simulate household behaviors, including storing, pumping, trad-

ing, and withdrawing non-potable water. The agent-based model is loosely coupled with

hydraulic modeling, and negative and positive demands of prosumers and consumers are

used to modify input to the pipe network model. The simulation framework is applied

using climate parameters for a location in the northwest U.S., which was selected based on
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the potential yield expected from rainwater harvesting, and a theoretical outdoor water

demand model is used to simulate irrigation demands at households. Multiple scenar-

ios are explored to demonstrate the feasibility of peer-to-peer non-potable water trading,

and tradeoffs among the volume of traded water, energy savings, satisfaction of pressure

constraints, and water quality are explored. The smart water grid is a complex system,

and energy outcomes emerge based on reductions in the volume of water required by

households, the volume of water provided by prosumers, and the dynamics of centralized

water distribution infrastructure. The water and energy ef�ciency of scenarios depends on

the reduction in the volume of water that is provided by the centralized system through

traded rainwater. Higher volumes of water produced by prosumers increases both water

and energy savings. Analysis demonstrates that there is a lower bound on the number of

households that should participate as prosumers to meet pressure requirements, and an

upper bound on prosumers to protect water quality. This research develops a novel water

management system design to further the use of decentralized infrastructure and smart

city technologies in improving the sustainability of the built environment.
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CHAPTER

3

GROUNDWATER MODEL DEVELOPMENT

IN IRRIGATED DATA-SCARCE

ENVIRONMENTS USING PUBLICLY

AVAILABLE DATASETS
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3.1 Abstract

Groundwater �ow models typically require extensive local data, including hydraulic head

measurements from wells, climate data, lithological data, and pumping rates. The �nan-

cial and logistical challenges of obtaining requisite data often limit the development of

groundwater models in poor regions. In particular, obtaining accurate data on groundwater

pumping for irrigation is dif�cult because it requires extensive monitoring infrastructure.

This research develops and demonstrates a methodology to use global datasets in the

construction of groundwater models at the sub-basin scale in irrigated areas where data

is unavailable or unattainable. A 2-dimensional discretized groundwater �ow model is

developed to incorporate irrigation estimates using publicly accessible global datasets.

Irrigation is calculated using the soil moisture balance equation and remotely sensed soil

moisture, precipitation, and temperature data from the Global Land Data Assimilation

System (GLDAS). Satellite data from the Gravity Recovery and Climate Experiment (GRACE)

are processed using GLDAS data and then used to determine the change in hydraulic

heads at the center of 1 °by 1°grid cells over time. Boundary conditions are taken from a

HydroSHEDs derived database of river widths and depths. Out�ow is determined using the

Hydrological Modeling and Analysis Platform (HyMAP). A simulation-optimization inverse

modeling approach is applied to estimate hydraulic conductivity values in the groundwater

model using spatio-temporal water table values based on GRACE data. The regional scale

groundwater model is applied to the Khabour River sub-basin in Syria and Turkey, where

data availability has been impacted by government secrecy and civil war.
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3.2 Introduction

Globally, irrigation accounts for over 70% of all freshwater withdrawals, and nearly half of

those withdrawals come from groundwater (Siebert et al. 2010). The ubiquity of groundwa-

ter irrigation has contributed to the over-exploitation of most major aquifers in arid and

semi-arid regions, with some water tables dropping as much as 40 mm per year (Famiglietti

2014). Groundwater models are critical in these areas because they allow water resource

managers to explore the responses of groundwater to changes in climate and human be-

haviors, which can aid in the development of water resource management policies.

Groundwater model development traditionally requires a large amount of data, includ-

ing piezometric head and aquifer properties (e.g. hydraulic conductivity and speci�c yield)

that must be collected at multiple local sites. However, many overexploited aquifers (such

as the Northwest Saharan, the Arabian, and the Northwestern Indian aquifers) underlie

nations that either lack the capacity to collect adequate data or withhold data for political

and security reasons (Varady et al. 2012; Famiglietti 2014). Within the Middle East, for

example, public data on stream�ow, precipitation, and evapotranspiration are only inter-

mittently collected in the Tigris-Euphrates watershed. Although more complete datasets

for the Middle East have been collected, they are classi�ed and unavailable for public use

(Voss et al. 2013).

Advances in remote sensing technology have expanded the amount of data available in

previously data-scarce regions. In particular, the Gravity Recovery and Climate Experiment

(GRACE) has enabled space-based detection of changes in terrestrial water storage (TWS).

The twin GRACE satellites collected time-variable gravimetric measurements from 2003

to 2012, which can be used to calculate changes in global water storage (Greicius 2012).

Many studies have used GRACE data to monitor or evaluate groundwater changes in data-

scarce regions, including Ethiopia (Abiy and Melesse 2017), California's Sacramento and
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San Joaquin River Basins (Famiglietti et al. 2011), Northern China (Feng et al. 2013) and

the Middle East and North Africa (Lezzaik and Milewski 2018). GRACE data have also been

used to evaluate, validate and re�ne groundwater models (Xie et al. 2020; Scanlon et al.

2018; Tangdamrongsub et al. 2015; Doll et al. 2014; Van Dijk et al. 2011; Niu et al. 2007) and

land water storage models (Ouma et al. 2015; Deus et al. 2013; Grippa et al. 2011).

Although multiple studies use GRACE data to validate groundwater studies, very few

have calibrated models using GRACE data. Of the groundwater models of data-scarce re-

gions, the majority of calibration methodologies used piezometric head data collected from

local observation wells (Burghof et al. 2018; Ebrahimi et al. 2016; Asmael et al. 2015; van

Camp et al. 2013; Wu et al. 2011). This is likely due to the scale limitations of GRACE data

and the error inherent in converting GRACE spherical harmonic coef�cients into piezo-

metric head estimates. In a study exploring how remote sensing data can aid development

of groundwater models, Brunner (2007) argued that GRACE data should only be applied

to verify models, but not to calibrate them because of their poor spatial resolution. An

early study suggested that GRACE estimates of terrestrial water storage only be used for

areas larger than 150,000 km2 (Swenson et al. 2006). Subsequent work has substantially

improved GRACE spatial resolution through applications of various post-processing tech-

niques, and studies now indicate that GRACE data can be used for a catchment area of

approximately 63,000 km 2 with 2 cm of error (Vishwakarma et al. 2018). Despite these

improvements, locally gathered piezometric head data are less subject to error than their

GRACE counterparts.

In areas where observation wells are inaccessible or where governments refuse to share

data, however, GRACE-derived measurements may be the only piezometric head data

available. Two existing studies use GRACE data as part of a calibration process to overcome

data scarcity. Both studies rely on data collected locally, one using in situ head data as part

of the calibration process (Sun et al. 2012) and another using locally collected hydraulic

59



conductivity data (Hu and Jiao 2015). For regions where such data is dif�cult to obtain,

such as Syria, these approaches are of limited utility.

Additionally, even in regions where local hydrologic data are available, irrigation data are

often dif�cult to obtain due to a lack of groundwater monitoring networks (Giordano and

Villholth 2007). In California's Sacramento and San Joaquin River Basins, for instance, a lack

of adequate monitoring infrastructure and substantive reporting requirements prevented

analysis of groundwater depletion until the GRACE mission provided key data (Famiglietti

et al. 2011). Consequently, irrigation data is often either assumed or ignored during ground-

water model development. In the Dar es Salaam aquifer in Tanzania, for example, irrigation

assumptions were made based on interviews with well owners (van Camp et al. 2013). In

other studies, crop types are used to estimate irrigation demands (Xie et al. 2020; Pokhrel

et al. 2015). These approaches do not account for variations in behaviors in response to

climate or cultural practices such as �ood irrigation, which is popular in many regions in

Syria (Hole 2009), and can lead to either an over- or under-estimation of both groundwater

abstraction and groundwater recharge from irrigation.

This research is a high-risk, high-reward approach to modeling groundwater dynamics

in heavily irrigated regions that are otherwise impossible to model because of data scarcity.

The paper is structured as follows. First, we describe a novel approach to calibrating a

two-dimensional discrete element coupled irrigation- groundwater �ow model using only

globally available data and an inverse modeling approach. The model is then applied to is

the Khabour River Sub-Basin, which underlies much of al-Hasakeh governorate in Syria. A

combination of data scarcity and civil war has limited the development of groundwater �ow

models in the region, despite its heavy reliance on groundwater and surface water irrigation.

The performance of the model is then presented and evaluated. The paper concludes with

lessons learned and suggestions for future approaches to the data scarcity in groundwater

problem.
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3.3 Materials and Methods

To incorporate irrigation into the groundwater model, we must �rst estimate irrigation

rates. We do this using an inverse modeling approach based on the soil moisture balance

equation. The irrigation model uses a hybrid global and local optimization approach to

match model output with precipitation data to identify irrigation model parameters. Next,

we develop a groundwater model that uses the withdrawals for irrigation output as input.

Fig. 3.1 illustrates the relationship between data sources, inputs, and outputs. All code is

implemented in Python, and the optimization algorithms used are from the SciPy Optimiza-

tion package ( https://docs.scipy.org/doc/scipy/reference/optimize.html ).

Figure 3.1: Diagram of groundwater model and irrigation model inputs and outputs. Data
from GLDAS is used to calculate irrigation as an output, which is used as input to the
groundwater model, along with HydroSHEDs, HyMAP and DEM data.
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3.3.1 Irrigation Model

In a balanced system, total soil moisture is equivalent to the amount of water that enters

the system (e.g. precipitation and irrigation) minus the amount that exits the system (e.g.

evapotranspiration). Therefore, we estimate the amount of irrigation applied to the soil

using a modi�ed soil moisture balance equation as presented by Brocca et al. (2018). The

unmodi�ed soil moisture balance equation is given as:

nZ
dS(t )

d t
= p (t ) + i (t ) � g (t ) � s r (t ) � e(t ) (3.1)

where n is soil porosity (dimensionless); Z is the depth of the soil layer (mm); S(t ) is the

relative soil moisture (dimensionless); t is time (in days); p (t ) is the precipitation rate

(mm / day); i (t ) is the irrigation rate (mm / day); g(t ) is the drainage rate; s r (t ) is surface

runoff rate (mm / day); and e(t ) is the actual evapotranspiration rate (mm / days).

The drainage rate has a power law relationship with relative soil moisture (Brocca et al.

2015), as given by:

g(t ) = Ks � S(t )3+ 2
� (3.2)

where Ks (mm / days) is the saturated hydraulic conductivity; � is the pore size distribution

index (dimensionless); and S(t ) is the relative soil moisture (dimensionless). The actual

evapotranspiration rate is modeled as a product of relative soil moisture and the potential

evapotranspiration rate, E Tpo t (t ) (mm / day), as follows:

e(t ) = E Tpo t (t ) � S(t ) (3.3)

The empirical value of potential evapotranspiration can be computed through a mod-

i�cation of the Blaney and Criddle relationship as presented by Doorenbos and Pruitt
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(1977):

E Tpo t (t ) = Kc [� 2+ 1.26(0.46Ta (t ) + 8.13)] (3.4)

where Ta (t ) is air temperature (C °), and Kc is a dimensionless correction factor for the

empirical nature of Eq. 3.4.

By assuming a negligible surface runoff rate, s r (t ) falls out of the equation (Brocca

et al. 2015). Z � = Z n (mm) is applied to represent the soil layer's water capacity (mm), and

Equation 3.1 is transformed to:

i (t ) = Z � dS(t )

d t
+ KsS(t )3+ 2

� + E Tpo t (t )S(t ) � p (t ) (3.5)

Using Eq. 3.5, the irrigation rate is estimated as a function of soil moisture, air temp, precip-

itation, and four calibration parameters ( Z � , Ks, � , and Kc ).

Figure 3.2: Irrigation model calibration process.
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We use Eq. 3.5 to calibrate the model against precipitation data by assuming irrigation is

not applied for days on which precipitation occurs (i.e., i (t ) = 0 when p (t ) > 0). We remove

all observed precipitation data points in which p (t ) = 0, leaving only the days during where

p (t ) > 0, and drop the irrigation term for model calibration. The equation becomes:

p (t ) = Z � dS(t )

d t
+ KsS(t )3+ 2

� + E Tpo t (t )S(t ) (3.6)

when i (t ) = 0. The parameter values Z � , Ks, � , and Kc are optimized to minimize the root

mean square error (RMSE) between the modeled precipitation and observed precipitation

at every cell and time step (when p (t ) > 0), diagrammed in Fig. 3.2). RMSE is calculated as:

RM SE =

v
t P n x

t =0(pmod e l (t ,i , j ) � po b s e r v e d(t ,i , j ))2

n x
(3.7)

where n is the number of observations; p (t ) > 0; x is the number of cells considered in

the model; pmod e l (t ,i , j ) is the value of Equation 3.6 calculated at time t for cell (i , j ); and

po b s e r v e d(t ,i , j ) is the observed precipitation at time t for cell (i , j ). We apply an evolutionary

algorithm to conduct a search for global optima, followed by the local minimization Nelder-

Mead algorithm to re�ne the solution. The bounds for optimization are shown in Table 3.1.

The value of Z � is bounded between 0 and 100 mm because it is the product of the soil layer

depth ( 100mm ) and porosity, which ranges between 0 and 1. The value of Ks is bounded

between 100 and 1600, which are the empirical saturated conductivity values of clay and

sand, respectively. The value for � is a ratio and must range between 0 and 1. The value for

Kc is bounded between 0 and 3 because it is a small empirical correction factor.

Values for precipitation, air temperature, and soil moisture (0-10 cm depth) are taken

from the Global Land Data Assimilation System (GLDAS) Noah Land Surface Model V.2.1

(GLDAS-NOAH V.2.1) (Rodell et al. 2004). GLDAS has a spatial resolution of 0.25°� 0.25°and
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a temporal resolution of 3 hours. Datasets can be downloaded at https://disc.gsfc.

nasa.gov/datasets/GLDAS_NOAH025_M_2.1/summary.

We use the re�ned parameters to calculate daily irrigation estimates for each cell using

Equation 3.5. We assume that irrigation is not signi�cant if the ratio of modeled monthly

irrigation and observed monthly precipitation is low, and the modeled data points are

�ltered to remove values where i (t )=p (t ) < 1.0. The remaining irrigation values are used as

input data for the groundwater model.

3.3.2 Groundwater Model

The 2-dimensional discrete groundwater model (lateral �ow only) developed here is based

on the principle of mass balance (Fan et al. 2007). The amount of water entering each cell

must be equal to the amount of water exiting the cell or entering storage. For steady state

�ow, the groundwater mass balance is given by:

d Vg

d t
= � x � y Ri , j +

X
Qi + � i , j + � j

� Qr (3.8)

where Vg (m3) is the volume of groundwater stored in the column at cell (i , j ); � x and

� y are the width and height of each grid cell, respectively; Ri , j (m/ month) is the net

recharge at cell ( i , j ); Qi + � i , j + � j
(m3/ month) is the lateral �ow to or from neighboring cell

(i + � i , j + � j ); and Qr (m3/ month) is the out�ow to or in�ow from rivers, lakes, or other

surface water bodies. The value for Qr is assumed equivalent to the base�ow of streams

and rivers, which is calculated as the minimum �ow across the dataset for each cell. We use

stream�ow data obtained from the Hydrological and Modeling Analysis Platform (HyMAP),

a river routing scheme available through the Land Information System framework ( https:

//lis.gsfc.nasa.gov ), to calculate Qr (Kumar et al. 2006; Peters-Lidard et al. 2007).

HyMAP provides estimates of stream�ow, surface water extent, and storage in rivers and

65



�oodplains (Getirana et al. 2012).

Lateral �ow (Fig. 3.3) between neighboring cells is calculated according to Darcy's Law:

Qi + � i , j + � j
= w T

• h i + � i , j + � j
� h i , j

l

‹
(3.9)

where w is the width of the �ow cross section (m); T is the aquifer transmissivity (m 2/ month);

h i , j is the head at the center of cell ( i , j ); h i + � i , j + � j
is the head at the center of cell (i + � i , j + � j );

and l is the distance between the centers of cell (i + � i , j + � j ) and cell ( i , j ). T is assumed

uniform and isotropic throughout the aquifer. It is assumed that grid cells are square,

l = � x = � y along x and y , and l = � x
p

2 along the diagonal. The width of �ow is as-

sumed equal in all eight directions; the square grid cells are replaced for �ow calculations

by octagons of the same surface area (Fig. 3.3b), which gives the width of �ow as:

w = � x
p

0.5t an (�= 8) (3.10)

For transient �ows, Equation 3.8 differentiates to

sy

d h i , j

d t
= Ri , j �

Qr +
P

Qi + � i , j + � j

� x � y
(3.11)

where sy is the signi�cant yield of the aquifer. Recharge is calculated at each cell as a

function of time-delayed precipitation, air temperature, and irrigation as:

Ri , j (t ) = a1pi , j (t � � 1) + a2pi , j (t � � 2) + a3Ta i , j (t ) + a4I (t ) + a5 (3.12)

where a1, a2, a3, a4, and a5 are site speci�c parameters. Irrigation estimates, I (t ), are gen-

erated by the irrigation model and then aggregated to 1 °by 1°cells. Precipitation and air

temperature data come from GLDAS-NOAH V.2.1.
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(a) (b)

Figure 3.3: Flow between grid cell (i , j ) and neighboring cells

The northern boundary is set as a no-�ow boundary. The eastern, western, and southern

boundaries are assumed equal to the sum of the elevation of bordering cells and the depth

of the rivers bounding the aquifer. Elevation data was taken from the Advanced Spaceborne

Thermal Emission and Re�ection Radiometer (ASTER) Digital Elevation Model (DEM) V003

(https://cmr.earthdata.nasa.gov/search/concepts/C1299783579-LPDAAC_ECS.

html ). The elevation of the center of each grid cell is assumed to be the average elevation

of the entire cell. Data on river depths was taken from a HYDROSheds-derived database

(Andreadis et al. 2013).

To estimate the initial head values of the model, the simulation is run for 10,000 time

steps without recharge, Ri , j , or in�ow / out�ow, Qr . Next, the model is run twice with all

terms included to set the initial h i , j values for all cells in the model.

We apply an evolutionary algorithm to �nd the parameter values a1, a2, a3, a4, and a5

that minimize the system's modi�ed Nash-Sutcliffe Ef�ciency ( mN SE) between the model
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outputs and observed data. The mN SE quanti�es the difference between modeled and

observed values by:

mN SE = 1�

P n
i =1(Oi � Pi

Oi
)2

P n
i =1(Oi � O

O
)2

(3.13)

We use mN SE instead of the more common Nash-Sutcliffe Ef�ciency because it was

developed to reduce the Nash Sutcliffe Ef�ciency's tendency to more heavily weight a

model's accuracy at high �ow conditions than at low �ow conditions (Krause et al. 2005;

Herrera et al. 2010).

Figure 3.4: Groundwater model calibration process.

We use data taken from GRACE to calculate changes in groundwater's estimated height.

NASA and GFZ's GRACE program launched two satellites, which were in operation from

2003 to 2012. One satellite, nicknamed Tom, followed the second, Jerry, in orbit as they both

monitored changes in their distance to each other. Changes in their distance correspond

to changes in Earth's gravitational pull, which is caused by changes in terrestrial water
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storage (� TWS). The changes in gravity are converted to � TWS by applying a series of

spherical harmonic equations and �lters. The resolution of the data is 1 °� 1°. The GRACE

data used here are supplied by the GRACE Plotter. Because of the uncertainty inherent in

the conversion process, multiple datasets are available. To account for this error, we average

the values provided by the CSR, GFZ, and JPL datasets to calculate � TWS in a manner

consistent with the literature (Lezzaik and Milewski 2018).

To convert changes in TWS to changes in groundwater, we must remove all other changes

in moisture: surface water, soil moisture, plant canopy, and snow-water equivalent.

� T W S = � G W + � SW + � SM + � P C + � SW E (3.14)

Assuming that surface water body masses do not �uctuate signi�cantly in mass, the

equation becomes:

� G W = � T W S� � SM � � P C � � SW E (3.15)

We use GLDAS-NOAH V.2.1 data on soil moisture, plant canopy moisture, and snow-

water equivalent in an approach consistent with the literature (Ouma et al. 2015).

Table 3.1: Optimization algorithm settings for both irrigation and groundwater models

Irrigation Parameters Groundwater Parameters
Parameter Bounds Parameter Bounds

Z � 0 - 100 a1 0 - 0.1
Ks 100 - 1600 a2 0 - 0.1
� 0 - 1 a3 -0.1 - 0.1
Kc 0 - 3 a4 -0.5 - 0.5

a5 -0.1 - 0.1
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3.4 Case Study: Khabour Sub-Basin

The model is applied for the Khabour River sub-basin. The sub-basin has a surface area of

nearly 36,000 km2, 66% of which lies in Syria, 28% of which lies in Turkey, and 6% of which

lies in Iraq. The study area is discretized into a 1.0° � 1.0°grid, as shown in Fig. 3.5.

Figure 3.5: Outline of the Khabour River sub-basin. The darker orange shows the al-
Hassakeh Province outline. The blue lines demarcate the 1 °� 1°cells used for the ground-
water model calibration, and the black lines demarcate the 0.25 °� 0.25°cells used for the
irrigation model calibration.

The basin has a seasonal Mediterranean climate, with hot, dry summers; cool, wet

winters; and a limited natural growing season in the spring months. The northern part

of the basin receives approximately 400 mm of rainfall per year, while the southern part

receives <150 mm per year, with a steep precipitation gradient between the two sections.
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Part of the basin lies within the Fertile Crescent, which possesses productive soils and

Figure 3.6: Monthly precipitation averaged across the basin. The annual average is repre-
sented by the blue line.

adequate rainfall, but outside this region, precipitation is widely variable. Consequently,

farmers often irrigate even traditionally rain-fed crops in the winter when they can afford

to do so and must rely solely on irrigation for summer crops (Hole 2009). Twenty-nine

percent of agricultural land is irrigated in Syria (Erian et al. 2010). Of the 1341 hectares of

irrigated land in Syria, 54.20% is irrigated solely by groundwater, and 45.79% is irrigated by a

combination of surface water and groundwater (Frenken 2009). The sub-basin is bounded
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to the north by the South Mardin Fault Zone and the southern limit of the Derik-Mardin

Uplift; to the south, the sub-basin is bounded by the Sinjar Trough in Iraq, where geographic

formations reach their thickest point and then are severed by an anticline, suggesting a

southern groundwater �ow direction; the eastern boundary is the Jagh-Jagh River; and the

western boundary is the Balikh River (UN-ESCWA and BRG 2013). The elevations for each

cell and the surrounding boundary conditions are shown in Figure 3.7.

Figure 3.7: Average elevation in each cell in the aquifer (in meters). The black box shows
the bounds of the groundwater model; the cells outside of the bounds show the elevation
used to calculate the head at the boundary conditions.
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3.5 Results

The model was calibrated using data from 16 December 1998 to 15 December 2008 and val-

idated for 16 December 2008 to 16 December 2011. The mean daily observed precipitation

for the calibration time period is 1.74 mm / day, with a standard deviation of 4.17 mm / day.

Non-negligible ( >0.01 mm/ day) precipitation fell on 56.0% of the days (2055 of 3669 days).

3.5.1 Modeled Precipitation

The RMSE for modeled precipitation is 3.15 mm / day, which is 81.03% of the average daily

precipitation. When aggregated by month, the model captures the seasonality trends of

the data, but frequently underestimates peak rainfall and overestimates days with low

precipitation levels. For example, the model predicts 62.54 mm of precipitation in April

2011, while the observed precipitation value is 120.8 mm. This is likely due to a mass

precipitation event (51.4 mm) that occurred within a 48-hour span between 3 and 4 April.

Table 3.2: Optimized parameters for the study aquifer

Irrigation Parameters Groundwater Parameters
Parameter Value Parameter Value

Z � 100.00 mm a1 1.00� 10� 3

Ks 491.11 mmd � 1 a2 6.40� 10� 4

� 1.00 a3 1.24� 10� 4 mmonth � 1 °C� 1

Kc 6.14� 10� 2 a4 2.42� 10� 5

a5 1.58� 10� 2 mmonth � 1

The calibrated parameter values are shown in Table 3.2. Two of the parameters identi�ed,

Z � and � , are equal to the upper bounds of the search and are physically infeasible. Z �

represents the product of the width of the soil layer, 100mm, and the soil porosity, n . The
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parameter limit identi�ed is equal to the width of the soil layer, indicating that the porosity

of the layer is 1.0 (i.e., that 100% of the soil is a pore). Similarly, the pore size distribution

index, � , is equal to 1.00, indicating that 100% of the pores within the soil have a radius

larger than one micron.

Figure 3.8: Monthly modeled and expected precipitation, averaged across the basin.

The square error outputs were disaggregated temporally and spatially to examine the

error distribution. The square error for each data point is sorted by month in 3.9. Square

error increases during the winter months, when precipitation is highest.

Geospatially, the square error of the model validation is concentrated in the northern

region of the model, and heavily in the northwestern corner (Figure 3.10). We attribute this
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variation to the Taurus Mountains, which overlap the study region in that corner, as well as

the higher precipitation levels in the northern part of the basin.

Figure 3.9: Irrigation Algorithm error decomposed temporally. Each point shows the mag-
nitude of the square error between modeled and observed precipitation for each grid cell at
the given time step. The call out box shows the mean and standard deviation of the square
error.

The highest error occurs on February 3, 2006 (63.6 mm in cell 36.375 °42.875°). The

model predicts 12.92 mm of rainfall at that cell, as compared to the observed rainfall of

76.52 mm. The model error was high for all cells that day ( � =33.79 mm and � =14.5mm),

likely due to the high average precipitation (44.94 mm) and its variability throughout the

basin (� =15.49mm).
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Figure 3.10: Irrigation Algorithm error decomposed geospatially, showing the the mean
square error between modeled and observed precipitation for all time steps at each grid
cell.
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Geospatially, the square error of the model is concentrated in the northern region of the

model, and heavily in the northwestern corner. The highest RMSE in the aquifer occurs in

37.875°42.875°(4.58 mm), which has the 7th highest precipitation rate (1.50 mm / day) in the

model. The cell with the highest precipitation (1.55 mm / day), 37.875°2.375°, has the 4th

highest RMSE, at 4.07 mm/ day. Regions with higher precipitation have the highest overall

error, and the region that has the highest precipitation lies in the northwest corner where

part of the Taurus mountain range lie.

3.5.2 Modeled Irrigation

The average irrigation rates decrease from north to south and increase west to east. The

average irrigation rates per cell (Figure 3.11) range from 13.5 mm / month in the southwest

part of the basin, 36.0 °40.0°, to 27.6 mm / month for the northeastern most corner, 37.0 °42.0°.

Figure 3.11: Irrigation rates (mm / month) for each grid cell in the basin.

Since actual irrigation rates are unknown, evaluating the model estimates is dif�cult.
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We use two approaches here to explore the estimates. First, the average irrigation rates are

compared to average precipitation rates (Figure 3.12). Irrigation rates are highest in the

winter months, which is the primary cropping season in the region. Irrigation estimates are

low when precipitation is low in the summer, which is likely an underestimation. During

the winter months, however, irrigation rates have an inverse relationship with precipitation

values. Irrigation rates are generally higher during drier months, and are lower when more

rain falls.

Figure 3.12: Monthly irrigation rates compared to monthly precipitation rates.

3.5.3 Groundwater Model

Figure 3.13 compares the modeled rate of head change for the center of each grid cell in

the basin to that observed via GRACE data. The model captures a seasonality trend within

the basin, capturing increases in head during winter months when precipitation is high
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and decreasing during the summer when precipitation is low. However, the magnitude

of the changes in head do not correspond to those calculated from GRACE data, which

appears considerably noisier than the model output. During 2003 and 2011, the model

shows disturbances, with small increases (0.03-0.06 m / month) in d h
d t along the southern

boundary, and larger decreases (0.1-0.13 m / month) in d h
d t along the eastern boundary

during both events. During early to mid-2003, the GRACE-calculated d h
d t values show a

rapid �uctuation between heads throughout the basin, but the model does not capture

those dynamics.

Figure 3.13: Calculated rate of head change for each grid cell in the basin, as compared to
GRACE-calculated changes in estimated water height.

The modeled head values at the center of each grid cell are shown in Fig. 3.14. Within

the western half of the basin, head remains within a meter of its initial value throughout

the simulation. The head along the eastern border, on the other hand, declines roughly

2.8 meters between 2007 and 2011 in the north and 2.4 meters in the south. This decline
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corresponds to a severe drought period between 2006 and 2011. The modeled heads for

36°40°, 36°41°, 36°42°, and 36°43° are all higher than the elevations (386.4, 412.4, and 370.9

m, respectively), which is an infeasible solution.

Although the head values are too high in the southern part of the basin model to be fea-

sible, the �ow directions within the region are consistent with observations from the region

(Figure 3.15). The groundwater �ow model shows a southern �ow gradient, which has been

previously observed (UN-ESCWA and BRG 2013). Some mounding occurs within the model

at the northern boundary as a consequence of the no-�ow boundary implementation.

Figure 3.14: Modeled head for each grid cell in the basin. The y-axes all have the same
scale and re�ect differences in elevation.

3.6 Discussion and Lessons Learned

This research presents a new approach for calibrating a groundwater model for a heavily

irrigated region, using only publicly available, remote-sensing based datasets. The model

comprises two sub-models: an irrigation sub-model and a groundwater �ow sub-model.
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Figure 3.15: Groundwater �ow directions as determined by calculated head at the �nal
time step, December 2011. The black dots denote the centers of the grid cells.
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The irrigation sub-model uses soil moisture, precipitation, and temperature data from

the GLDAS-NOAH model to estimate irrigation rates based on a modi�ed soil-moisture

balance equation. These irrigation values are used as input for the groundwater model to

estimate heads throughout the groundwater system. In addition, the groundwater model

uses precipitation data from GLDAS, stream�ow data from HyMAP, and river depths from

HydroSHEDs. The groundwater model is calibrated against GRACE data, which calculates

shifts in global water mass. The approach is the �rst of its kind and, because it relies only

on publicly available datasets, it can be applied for any region, regardless of data scarcity.

Both sub-models report high error and converge to solutions that are physically infeasible.

Some insights and lessons learned were acquired through this research that can be used

in future studies that seek to develop groundwater models in data-scarce environments.

Lessons learned are summarized as follows.

3.6.1 Minimize data variability

The performance of the inverse-modeling approach used in this research is affected by

variability in data. The irrigation sub-model, for example, was not able to accurately predict

precipitation events that were greater than one standard deviation higher than average. To

create a precipitation record that matches the frequency of high precipitation events, the

inverse approach drives the soil porosity and saturated hydraulic conductivity to the upper

limit of the calibration bounds on these parameters. The variability of the ground elevation

across the aquifer also affects the performance of the modeling. The eastern and western

constant head values are each set as the sum of the average elevation in each 1 °x 1°cell and

the calculated water height in the Jagh-Jagh River and Balikh River rivers, respectively. Part

of the Taurus Mountain Range lies in the northeastern corner of the aquifer, which creates a

large head gradient from northeast to southwest. This large head gradient creates a �ow rate
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between cells that is two orders of magnitude larger than the highest rate of recharge. The

inverse groundwater modeling approach calibrates parameters in the recharge function

to minimize the difference between observed and modeled changes in head. Since the

changes in head due to the elevation differential are larger than those created by recharge,

the model does not �nd parameters that can capture the changes in head due to recharge.

It is recommended that future research can test the applicability of the methodology

that is developed in this research for aquifers with less data variability. For example, an

aquifer that is overlain by topography that is uniform, such as a plateau or plains region,

may be more accurately captured by the modeling approach. Other regions with more

consistent rainfall may also serve as better candidates for this approach.

Future research can also explore a hierarchical optimization approach, in which the

problem is divided into sub-problems. For example, irrigation sub-models can be created

and applied separately to sections of the aquifer with distinct rainfall patterns. Another

approach would aggregate precipitation values for a longer time horizon, either weekly or

monthly, to reduce variability in precipitation. This approach would generate weekly or

monthly irrigation �ows, and a coarse temporal resolution of �ow data may affect the per-

formance of the groundwater model. Where large variability in elevation exists, researchers

may bene�t from establishing a constant head or no-�ow boundary around cells with

outlier elevations. This model consists of only eight 1 °x 1°cells, and removing a row of cells

would further limit its applicability.

3.6.2 Identify alternative datasets

This model relies heavily on GLDAS-NOAH outputs, which is itself a model that draws

from several forcing datasets. Although it generates high quality, high resolution estimates

for precipitation, temperature, and soil moisture, they are still modeled values and are

83



subject to bias and error (Chen et al. 2013; Jiménez et al. 2011). The performance of both

sub-models may have been improved by using other remote sensing datasets. Another

potential sources for global soil moisture data is the NASA-USDA SMAP Global Soil Moisture

Dataset (https://smap.jpl.nasa.gov/ ). Potential sources of precipitation data are

the CPC Merged Analysis of Precipitation (CMAP) (Xie and Arkin 1997), or the Global

Precipitation Climatology Project (GPCP) (Adler and Negri 1987). Future research can

explore how datasets with low error can minimize the propagation of error through the

irrigation and groundwater sub-models.

3.7 Conclusions

This research presents a novel approach to develop an irrigation-groundwater model using

only publicly available datasets and applies it to the aquifer underlying the Khabour River

Sub-Basin. The model consists of two sub-models: an irrigation sub-model and a ground-

water �ow sub-model. The irrigation sub-model uses soil moisture, precipitation, and

temperature data to estimate irrigation rates based on a modi�ed soil-moisture balance

equation. These irrigation values are then fed as input to the groundwater model. The

groundwater model also takes in precipitation data, stream�ow data, elevation, and river

depths. The groundwater model is calibrated against GRACE data, which calculates shifts

in global water mass. Multiple studies use GRACE data to validate groundwater studies, but

few have calibrated groundwater models using GRACE data. The use of GRACE data for

calibration poses dif�culties because of their poor spatial resolution, and GRACE data may

be appropriately used for large areas. Some research has substantially improved GRACE

spatial resolution through applications of various post-processing techniques, and studies

now indicate that GRACE data can be used for smaller catchment areas. This study applied

GRACE data for calibration and �nds that the characteristics of the data and the case study
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limit the performance of the model. Other studies that use GRACE data for groundwater

calibration also apply locally collected data as part of the calibration process. For regions

where local data is dif�cult to obtain, such as Syria, these approaches are of limited util-

ity. This research takes a novel approach to calibrate groundwater models. The approach

developed here relies only on publicly available datasets and can be applied to simulate

groundwater �ows in regions that are data-scarce. The approach generates results with

signi�cant error, but may be improved with higher quality and higher resolution data.
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CHAPTER

4

A SMART WATER GRID FOR

MICRO-TRADING RAINWATER WITHIN

AN AQUIFER: GROUNDWATER

HYDRAULIC FEASIBILITY ANALYSIS
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4.1 Introduction

A new potential to achieve urban ef�ciency and sustainability have emerged with smart

city technologies, which are enabled through Information Communication Technology

(ICT) and include sensors, big data analytics, actuators, and blockchain (Berglund et al.

2020). Smart infrastructure programs utilize smart city technology to improve the delivery

of resources and services needed by an urban population (Berglund et al. 2020). New smart

city programs have been developed to speci�cally improve urban water resources and

infrastructure, and some of these programs take advantage of high-resolution consumption

data that is reported hourly by smart meters at households. For example, dynamic water

pricing programs can shift peak demands and conserve energy (Alghamdi 2021); leak de-

tection approaches can reduce water loss in pipe networks and post-meter (Stephens et al.

2020); and new designs for creating management districts within water distribution net-

works can improve pressure management (Brentan et al. 2018; Pesantez et al. 2020). Many

smart programs rely on water utilities to implement technologies and data analytics, and

these programs improve centralized water treatment, distribution, and wastewater disposal.

Decentralizing water services, on the other hand, can save energy, reduce infrastructure

costs, and increase system adaptability and resiliency (Bieker et al. 2010; Newman 2001;

Tsegaye et al. 2020). Smart programs that advance or improve decentralized infrastructure

and services, however, have been explored to a limited extent.

Some concerns associated with micro-trading have been addressed through the po-

tential application of smart cities technologies. First, the overhead costs of conducting

water trade transactions lie in 1) facilitating high volumes of trade contracts among a

large population, and 2) collecting the volume and resolution of data necessary to ensure

contract compliance. The advent of blockchain technology and advanced metering infras-

tructure have ensured the technical feasibility of micro-trading markets. Blockchain acts as
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a distributed, secure ledger to enable digital transactions without requiring involvement

of a trusted third-party organization. This platform enables the use of smart contracts,

which allow the rapid �nalization of �nancial transactions between users (Asharaf and

Adarsh 2017). Advanced metering infrastructure such as smart water meters can then be

used to ensure contract compliance. Smart meters collect accurate high-resolution water

consumption data, which has already been used for urban water pricing and demand

management (Cominola et al. 2015; Rougé et al. 2018). Blockchain technology and smart

meters undergird several current micro-trading program proposals. For instance, a rainwa-

ter harvesting and micro-trading program has been proposed in Fisherman's Bend district

in Melbourne, Australia. The system would collect water for the community in a roof-top

cistern, and residents would be assigned a corresponding quota of rainwater that can be

subtracted from their water bill. The water would be sent to a water recycling plant, treated,

and then sent back to the site to be used for non-potable uses (of Victoria 2018). Other

examples of micro-trading programs are more nascent, such as a proof-of-concept model

to simulate trading of virtual water between low-demand and high-demand households

(Alcarria et al. 2018). Second, growing water scarcity may have improved public perceptions

of water markets. Surveys have shown that water scarcity increases stakeholder openness

to water trading markets (Keenan et al. 1999; Rahimova et al. 2016). Increased media cov-

erage of water scarcity has also been shown to increase residential water conservation

behaviors, regardless of water use restrictions (Quesnel and Ajami 2017). Thus, residential

water consumers may be interested in participating in a micro-trading market if given the

opportunity. Finally, if a micro-trading system is based on market demands rather than a

cap-and-trade approach, managers would not need to allocate water use rights or concern

themselves with the economic impediments of the system.

Ramsey et al. (2020) introduced a micro-trading market in which participants can

produce their own water to sell. In that research, a coupled agent-based model and hydraulic
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network model simulates a harvested rainwater micro-trading system integrated with a

reclaimed water distribution network. The design of the system may not be well suited

for many locations that could bene�t from a micro-trading program. First, it relies on a

centralized non-potable water distribution network, which limits its applicability beyond

communities that can afford the investment needed to construct a second pipe network,

parallel to the drinking water system. Second, the rainwater-harvesting system does not

include water treatment processes for rainwater pumped into the network, which raises

concerns about water quality within the system. Finally, the network requires sellers to

expend signi�cant energy to pump rainwater into the network, which may discourage seller

participation in the network.

This manuscript proposes and explores an alternative rainwater micro-trading system

that operates within a groundwater aquifer, which addresses limitations associated with

the micro-trading system that is based on a recycled water pipe network. The use of ground-

water recharge for sustainable management of urban water resources was introduced by

Fornarelli et al. (2019), who demonstrated a credit-debit system, in which households con-

tribute rainwater to a groundwater system through backyard recharge wells. A credit-debit

system eliminates the reliance of consumers and prosumers on a centralized network,

reduces water quality issues via groundwater percolation, and reduces the entry costs for

prosumers to participate in the network. The aquifer serves as the conveyance system and

does not require infrastructure investment beyond drilling shallow wells. The groundwater

system serves as an environmental buffer that can naturally clean stormwater, which may

be contaminated in the runoff process. Prosumers can contribute rainwater to recharge

wells without the need to pump water or overcome pressure. The goal of this research

is to explore the performance of a groundwater-based micro-trading system based on

groundwater resources and energy demands. An agent-based model (ABM) of a rainwater

trading system, previously presented in Chapter 2, is extended here and coupled with a
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groundwater �ow model. ABMs simulate a population as a set of agents to explore the emer-

gence of system-level dynamics as a result of micro-scale behaviors and interactions. In the

ABM developed in this research, water consumers meet irrigation demands by purchasing

rainwater from prosumers, who use gravity-fed recharge systems to in�ltrate water into the

aquifer. Consumers pump the corresponding volume of water from the aquifer through

garden bores, or backyard wells. A simple groundwater model of an uncon�ned aquifer is

developed to explore how a micro-trading system may impact an aquifer. The modeling

framework is applied to a virtual case study developed using realistic consumer behavior

data and aquifer parameters. Water consumption, aquifer head, and energy consumption

are evaluated for the decentralized network using a set of 11 scenarios that explore vary-

ing ratios of consumers to prosumers. A series of sensitivity analyses are then conducted

to test the model performance against different agent behaviors, hydraulic parameters,

and climate scenarios. The results demonstrate the feasibility of a decentralized rainwater

micro-trading system that generates energy and water savings.

4.2 Agent-based Modeling Framework

The modeling framework presented in this research loosely couples an ABM with a

groundwater �ow model (Figure 4.1). The ABM represents households as either prosumers

or consumers. Prosumer agents harvest rainwater and sell it to consumer agents. Once the

water is purchased, prosumer agents recharge it to the aquifer. Consumer agents buy water

from prosumer agents to satisfy as much of their irrigation demand as possible. Consumer

agents pump all requisite demand out of the aquifer. Each household is assigned a pumping

or recharge well simulated in the groundwater model. After the ABM is executed, consumer

demand and prosumer supply are modeled as abstraction and recharge, respectively, at

corresponding wells. As in Chapter 2, the ABM is described following the Overview, Design,
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Figure 4.1: Coupled Agent-Based Model and Groundwater Model Framework.

and Details (ODD) protocol (Grimm et al. 2006).

4.2.1 Overview

Purpose

The purpose of the ABM is to simulate rainwater trading among consumer and prosumer

agents in an aquifer to evaluate the interaction and emergence of micro-trading, energy

consumption, and aquifer dynamics.

Entities, State Variables, and Scales

Each agent represents either an individual consumer or prosumer household. Consumer

agents are each assigned a lawn area. Each prosumer agent is assigned a rainwater tank

capacity and a catchment area. Both prosumers and consumers are assigned geographic

coordinates that remain static throughout the simulation. Consumers are assigned a small
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pump to extract water from the aquifer. The parameters used as input to the model are

listed in Table 4.1. State variables, which are updated dynamically, are listed in Table 4.2.

For each consumer, irrigation demand is updated at the beginning of each calendar month

based on precipitation, evapotranspiration and lawn area. For each prosumer, tank storage

is updated due to precipitation, �ushing requirements, and water pumped into the aquifer.

The model operates on a daily time scale.

Table 4.1: Parameters for consumer and prosumer agents

Agent Parameter Description Setting for
case study

Consumer f Irrigation factor 1.0
Consumer k Crop factor 0.7
Consumer � Household density 721 housing units / km 2

Consumer U Ratio of unpaved land 0.9
Consumer L I Irrigable area of lawn 494.9 m2 (Equation 4.2)
Consumer & Pro-
sumer

A Roof area 46.5 m2 (NAHB 2010)

Consumer & Pro-
sumer

zc & zp Elevation Figure 4.2

Prosumer F Required �rst �ush 1.62 liters/ m2

Prosumer V Rainwater harvesting
tank capacity

5392 liters (Duraplas
2020)

Process Overview and Scheduling

The model executes on a daily time step, t E , beginning at the start of the calendar year.

Prosumers harvest rainwater and enter the groundwater market synchronously. Consumers

update their daily irrigation demand and decide whether to irrigate synchronously, and

enter the groundwater market asynchronously. The equations used for each step are given
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Table 4.2: State variables for model, consumer agents, and prosumer agents

Agent State Variable Description Calculation
Consumer Dt ,c Daily irrigation demand Step 1
Consumer & Prosumer T R Time of last rainfall Step 2
Prosumer St ,g Rainwater storage Step 3
Prosumer V Ft ,g Flushed volume Step 3
Consumer D I Irrigation decision variable Step 4
Consumer & Prosumer T Wt ,c ,g Traded rainwater Step 5
Consumer & Prosumer TE Execution time step Step 6
Consumer Qc,t Flow rate of pumped water Step 7
Consumer & Prosumer hc,t & hp ,t Head at well Step 7
Consumer Ec,t Energy consumption Step 7

in Section 4.2.4. Step 1 occurs once each calendar month, Steps 2-6 occur on a daily time

step, and Step 7 occurs at the end of the simulation.

Step 1: Consumer agents update daily demand. At the beginning of each calendar month,

consumer agents update their daily demand for that calendar month. For example, at

t E =1 (corresponding to January 1), consumer agents calculate and update their irrigation

demands based on precipitation and monthly evapotranspiration. The remaining steps are

executed at every daily time step.

Step 2: Model updates time step of last rainfall. The model stores the time step on which

the most recent rainfall event has occurred.

Step 3: Prosumer agents collect rainwater. Each prosumer updates its water storage as

a function of precipitation, its roof area, its rainwater tank capacity, and its required �rst

�ush volume to maintain water quality.

Step 4. Consumer agents decide whether to irrigate their lawns. If no precipitation falls in

the previous time step, each consumer agent exerts a daily irrigation demand, as calculated

in Step 1.
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Step 5: Agents trade water. Prosumer agents with available supply and consumer agents

with unmet irrigation demand are randomly matched. Consumers purchase either as much

water as necessary to meet their needs, or all water available from its matched prosumer.

Consumers continue to iterate through prosumers with available water until they satisfy

their need or all available water is consumed.

Step 6: Model increases time step. The agent-based model begins the next time step. The

is executed to simulate trades for a total of T time steps. If the simulation time is reached

(e.g., t E = T ) go to Step 6. Otherwise, go to Step 1.

Step 7: Model executes groundwater �ow simulation model. The data set of irrigation

demands and recharge are used as input for the groundwater �ow simulation model. Section

4.3 explains the interactions between the ABM and the groundwater �ow simulation model.

Step 8: Consumer agents calculate energy consumption. Consumer agents consume

energy to pump groundwater out of the aquifer. The amount of energy expended is a

function of the volume of irrigation demand, elevation, and the aquifer head at their well.

Prosumers use gravity-fed in�ltration to recharge the aquifer and do not consume any

energy during the process.

4.2.2 Design Concepts

Decision-making

Agents make decisions using simple heuristics. Consumer agents decide to irrigate their

lawn based on whether it has rained the previous time step. Prosumer agents are uniformly

sampled to meet consumer water demands until consumer water demands are met, or until

no harvested rainwater is available for purchase. Consumer agents do not use information

about the amount of available water or cost associated with purchasing water to select a

prosumer agent for trading. Prosumers are simple reactive agents and release water when
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matched with consumer agents.

Stochasticity

Consumer and prosumer behaviors exhibit little stochasticity. Households in the network

are randomly assigned as consumer and prosumer agents. Consumer agents randomly

select prosumer agents with available water supply to purchase water.

Sensing

Consumer agents and prosumer agents have no prior knowledge of any other agents'

irrigation demand or available supply until they agree to trade. Once they enter into a trade

agreement, consumer agents know the exact volume of water available from the prosumer,

and prosumer agents know the exact consumer demand. Both consumer and prosumer

agents have exact information about precipitation depths to calculate their respective

demand and supply.

Interaction

Consumer and prosumer agents exchange water directly. Consumer agents only interact

with prosumer agents; no interaction between homogeneous agents occurs. Trades are

unconstrained by spatial location, and any prosumer agent with available water supply

can trade with any consumer agent with an irrigation demand.

4.2.3 Details: Initialization, Input, and Implementation

The agent-based model is initialized with 2016 households, using a pre-speci�ed ratio

of prosumers to consumers. Parameter values are speci�ed in Table 4.1. Values for the

�rst �ush volume as reported in literature (e.g., Gikas and Tsihrintzis 2012) and rainwater
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harvesting regulations (Texas Water Development Board 2005; Lawson et al. 2009) vary

in the range of 0.11-1.02 liters / m2. The value used in the prosumer model represents a

conservative estimate of �rst �ush. All tanks are empty at the beginning of the simulation,

and the number of days since the previous �ush is set to 2, which forces prosumer agents

to �ush tanks before beginning trades. The agent-based model requires daily precipitation

data and monthly evapotranspiration data as input. Precipitation data is used by consumer

agents to calculate daily demands and prosumer agents to calculate available water supply.

Evapotranspiration data is used by consumer agents to calculate daily irrigation demands

for the month.

The agent-based model is implemented using the Mesa package, a Python-based

discrete-event multi-agent simulation library (Kazil et al. 2020). The output from Mesa is

used to create input for the groundwater �ow simulation submodel, which is described in

detail in Section 4.3.

4.2.4 Details: Submodels

Calculate Daily Irrigation Demand: The consumer daily demand volume, D I , is calculated

at the beginning of each calendar month using the outdoor water demand model proposed

by Jacobs & Haarhof (2004):

D I =

8
><

>:

f � L � ((k � E T)� r )
d a y s , if k � E T � r

0, otherwise

(4.1)

where f is an irrigation factor indicating frequency of watering; L I is the irrigable lawn area

(m2); k is a crop coef�cient; E T is evapotranspiration (mm / month); r is effective rainfall

(mm / month); and days is the number of days per month. The irrigation factor f is set at

1.0, because it is assumed all households participating in the market are frequent irrigators.
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The value of L I , the irrigable lawn area, is calculated as:

L I = (
1

�
� A) � U (4.2)

where � is household density (unit per m 2), A is roof area (m 2), and U is the ratio of unpaved

land to overall land area (dimensionless). The crop coef�cient k is set as 0.7 to represent

lawn. Effective rainfall represents the precipitation that penetrates the soil and meets

some crop water demand. It is calculated as a function of total monthly rainfall Pmont h

(mm / month) (Jacobs and Haarhoff 2004) by:

r =

8
>>><

>>>:

Pmont h if Pmont h < 25mm

0.504� Pmont h + 12.4 if 25 � Pmont h � 152mm

89.0 if Pmont h > 152mm

(4.3)

Update Time of Rainfall: The model stores the time step of the most recent rainfall event,

rain time, T R, as:

T R = t E , if Pt E
> 0 & Pt E � 1 = 0 (4.4)

where t E is the current execution time step and Pt E � 1 is the precipitation for the previous

time step.

Collect Rainwater: Each prosumer agent, g , calculates the volume of stored rainwater, St ,g ,

at time t as:

St ,g = min (V , St � 1,g + Pt � A � V Ft ,g ) (4.5)

where A is the roof area; V is the maximum capacity of the rainwater tank; and V Ft ,g is

the volume of water �ushed from the rainwater tank at time step t for agent g . Prosumers

can accumulate water over multiple time steps until they reach the maximum capacity of

their rainwater tanks ( V ). All excess volume is released as runoff. If precipitation has not
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fallen on the previous time step, i.e. Pt E � 1=0, the prosumer disposes of a �rst �ush volume,

(V Ft ,g ) to maintain water quality. The �rst �ush volume is equal to F � A, where F is the

required �rst �ush rate, and A is the roof area. The agent can �ush the total volume ( F � A)

over multiple time steps if required.

V Ft ,g =

8
><

>:

min (St ,g , F � A �
P t E

t =T R V Ft ,g ), if
P t E � 1

t =T R V Ft ,g < F � A

0, otherwise

(4.6)

Decide to Irrigate: If no precipitation falls in the previous time step, ( Pt E � 1=0), each con-

sumer agent c exerts a daily irrigation demand ( D I ), as calculated in the Calculate Daily

Irrigation Demand submodel. The daily demand exerted by each consumer agent c is

assigned using Equation 4.7:

Dt ,c =

8
><

>:

D I , if P(t E � 1) = 0

0, otherwise

(4.7)

Trade Rainwater: Each consumer agent with non-zero demand at time step t is randomly

paired with a prosumer agent with available supply, St ,g > 0. A consumer agent c receives

traded water ( T Wt ,c ,g ) from prosumer agent g up to its demand, Dt ,c . If the consumer agent

has a non-zero volume of unmet demand, it randomly selects other prosumer agents until

the total volume of traded water it receives is equal to Dt ,c or until no available supply

remains. For time steps when prosumers cannot meet consumer demands, consumer

agents meet their remaining demands by pumping groundwater. The �ow ( Qt ,g ) that a

prosumer recharges at each time step is the sum of traded water ( T Wt ,c ,g ) that is purchased

by consumer agents.
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Qt ,g =

Ct ,gX

c=1

T Wt ,c ,g (4.8)

where Ct ,g is the number of consumers that prosumer g supplies at time step t . The to-

tal volume of water purchased by consumer agent c is supplemented by groundwater

(G W Qt ,c ) at time step t to meet its demand:

Gt ,cX

g=1

T Wt ,c ,g + G W Qt ,c = Dt ,c (4.9)

where Gt ,c is the number of prosumers that sell water to consumer agent c at time step t .

It is assumed that all sold rainwater in�ltrates into the ground within a single time step.

Consume Energy: The energy requirement (in kWh) for consumer agent c at time step t is

calculated as:

Ec,t =

 � � t � Qc,t � (zc � hc,t )

�
(4.10)

where 
 is the speci�c weight of water (kN / m3); Qc,t is the �ow rate of pumped water for

consumer c at time t , as de�ned above (m 3/ s); zc is the elevation of consumer c relative to

the datum (m), hc,t is the aquifer head at the well of consumer c at time t (m), and � is the

ef�ciency of the consumer's pump.

4.3 Groundwater Flow Simulation

The groundwater �ow model is written in Python in the FloPy package (Bakker et al.

2016). FloPy allows for the development and integration of MODFLOW models with other

Python-based scripts. In this research, FloPy was used to develop a MODFLOW-2005 model

of a simple uncon�ned aquifer. The aquifer's speci�c yield ( sy ) and horizontal and vertical
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hydraulic conductivity ( k x ,y and kz , respectively) remain constant across all cells. Each

household agent is assigned a well in the center of a cell, and only one agent may occupy

each grid cell. Consumer demands are represented as negative pumping rates at the corre-

sponding well (ft 3/ day). Similarly, prosumer supply is represented as a positive pumping

rate (ft 3/ day). These pumping rates are used as input to the Well (WEL) Package to gener-

ate a set of daily stress periods for the duration of the model simulation. For example, a

year-long simulation would consist of a set of 365 stress periods with a length of one day.

Daily recharge is calculated as a �xed percentage of the daily precipitation rate, and then

used as input to the Recharge (RCH) package. Precipitation and recharge are assumed to

be uniform throughout the aquifer. The Direct Solver (DE4) package is used to solve the

�nite difference equations for each stress period. The budget discrepancy limit is set at

1.0% to allow the solver �exibility in solution determination.

4.4 Virtual Network: Wolfpack City

The ABM and groundwater model are applied to a virtual network, “Wolfpack City".

Wolfpack City was initially developed as a virtual non-potable water distribution network

to simulate a micro-trading program between households connected by a pipe network

(Ramsey et al. 2020) and is described in Chapter 2. This research recon�gures Wolfpack

City as a community of 2016 households that rely on groundwater to meet residential

irrigation requirements. Agents are clustered around a population center in the northeast

corner of the aquifer and are assigned elevations between 30.0 and 192.7 feet above a

datum, corresponding with the locations and elevations in the original Wolfpack City water

distribution network (Figure 4.2). It is assumed that each household receives potable water

to meet high-quality end uses via a separate potable water system that is not modeled in

this framework; simulations for Wolfpack City are speci�cally for lawn irrigation supply
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and demand. Agents are located at the center of the corresponding grid cell, and only one

agent can occupy a grid cell (i.e. agents do not overlap).

Figure 4.2: Wolfpack City Location of Agents and Elevation Relative to a Datum (in feet) in
Wolfpack City.
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4.4.1 Local Climate Data

The ef�cacy of a rainwater system depends on the availability of rainwater for trading.

The site for this research was selected out of ten available sites based on its maximum

potential rainwater yield ( Y ). Maximum potential rainwater yield is estimated by:

Y = C � L A � RT � Pa (4.11)

where C is a runoff coef�cient, assigned a value of 0.75 (Bhattacharya and O'Neil 2009); L A is

the total land area; RT is the percent of land cover which is rooftop; and Pa is average annual

precipitation. The percent rooftop is calculated based on land area, housing density ( � ), and

average roof size. The site values for L A and � were obtained from publicly available land

cover data (United States Geological Service 2020). The national average roof size was used

for all sites (NAHB 2010). Thirty year precipitation averages were obtained from the PRISM

Climate Group at Oregon State University (University 2004). The ten sites evaluated for

this research are: Baltimore, Maryland; Branson, Missouri; Dallas, Texas; Denver, Colorado;

Fargo, North Dakota; Phoenix, Arizona; Raleigh, North Carolina; San Diego, California; and

Seattle, Washington. Of the sites, Seattle, Washington has the highest potential rainwater

yield ( Y = 24.1 million m 3). The calculated maximum potential yields for all ten sites are

given in Appendix A.

WolfPack City's climatological, geographical, and hydrological data is based on Seattle

because of its potential rainwater harvesting yield. Seattle climatological data was also used

in Chapter 2, which allows for easier comparison between the performance of the rainwater

trading networks. Daily precipitation data collected at Renton Municipal Airport (Weather

Bureau Army Navy identi�er #94248, located at 47 °29' 34.8”N 122°12' 51.84” W) were used to

run the simulation for January 1, 2000 to December 31, 2020. The data used were provided

by the Midwestern Regional Climate Center's cli-MATE application (Midwestern Regional
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Climate Center 2022). Monthly evapotranspiration rates were collected from the Global

Land Data Assimilation System (GLDAS) Noah Land Surface Model V.2.1 (GLDAS-NOAH

V.2.1) (Rodell et al. 2004).

Consumer demand is based on irrigable lawn area ( L I ), which is calculated by Equation

4.2 using household density, roof area, and the ratio of unpaved land to total land area.

Seattle's household density ( � ) is 721 housing units / km 2. Values for roof size and ratio of

unpaved land to total land area are determined using national averages (Table 4.1) (United

States Geological Service 2020; NAHB 2010). Wolfpack City's consumer irrigable lawn area

(L I ) is calculated as 494.9 m2. All consumer agents are assigned a pump ef�ciency of 75%.

4.4.2 Hydrologic Data and Design

Agents in Wolfpack City recharge and withdraw from Wolfpack Aquifer, a shallow un-

con�ned aquifer. Wolfpack Aquifer is based on hydrological parameters from the Puget

Sound Aquifer (which underlies Seattle). The Puget Sound Aquifer primarily consists of

alluvial, glacial, and interglacial sediments from the Quaternary age. These glacial tills vary

widely in grain size, which creates a range of hydraulic conductivity and speci�c yield values.

Horizontal hydraulic conductivity, k x ,y , in the Puget Sound Aquifer range between 0.0002

to 53.0 ft / day (Vaccaro et al. 1998). The Wolfpack Aquifer k x ,y value is set in the middle of

this range at 15 ft / day. Vertical hydraulic conductivity svalues, kz , for glacial till are one to

two orders of magnitude smaller than k x ,y (Vaccaro et al. 1998). We conservatively assume a

kz value of 0.015 ft/ day for the Wolfpack Aquifer. The speci�c yield of till also varies widely,

from 6.4% to 34.2% (Morris and Johnson 1967). Wolfpack Aquifer has a speci�c yield of 25%,

consistent with previous studies in the Puget Sound Aquifer (Vaccaro et al. 1998). Recharge

in the Puget Sound aquifer ranges between 0 to 70 in / yr, with an average recharge rate of

27 in/ yr, which is 51% of the annual precipitation (53 in) in the region (Vaccaro et al. 1998).
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This study conservatively assumes a daily recharge rate equal to 20% of daily precipitation

values.

The MODFLOW representation of Wolfpack Aquifer consists of one layer, 148 rows,

and 82 columns. The 12,136 cells have uniform widths and lengths of 100 feet. Boundary

conditions are set within the Basic (BAS) Package. The eastern and western boundaries

have constant heads of 0.0 and 10.0 feet, and the northern and southern boundaries act as

no-�ow boundaries. The bottom of the aquifer is set as a no-�ow boundary with a depth of

40.0 feet below the datum. The top of the aquifer is set at 20.0 feet above the datum, and

the depth to the top of the aquifer is assumed 10.0 feet at the lowest elevation and 162.7

feet at the highest elevation.

4.5 Modeling Scenarios and Sensitivity Analysis

A set of scenarios are developed to explore the impact of the trading network on the ground-

water table. The �rst set of scenarios, referred to as the Base Case scenarios, explores the

changes in the number of households that join the market as prosumers to assess the

impacts of harvested rainwater sales on aquifer dynamics. The participation of households

as prosumers ranges from 0% to 100% of the total number of households in increments of

10%. For instance, in the Base Case – 20% Consumer Scenario (BC-20), 20% of agents pump

water from the aquifer to irrigate their lawn, while 80% of the agents harvest rainwater to

sell to consumer agents.

The locations of all agents are randomized prior to the simulation. The assignment

of prosumer status remains consistent between Base Case scenarios, in which a higher

percentage of agents adopt prosumer status. For example, if Agent A is located at grid cell

(i , j ) and behaves as a prosumer in the BC-30 scenario, Agent A remains at cell (i , j ) and

behaves as a prosumer for all Base Case scenarios with a consumer ratio � 30% (BC-0, BC-
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10, BC-20, and BC-30). Hydrologic parameters for Wolfpack Aquifer are held constant for all

Base Case simulations, and historical precipitation and evapotranspiration values are used

as model inputs. The performance of each simulation is measured by identifying changes

in aquifer head and the energy expended by consumer agents to pump groundwater. Each

scenario was simulated over the 21-year horizon using Mesa and FloPy, which required

approximately 47.7 minutes per simulation using a 2.80 GHz 11th Gen Intel(R) Core(TM)

i7-11657.

A series of sensitivity analyses are then conducted to determine how the model responds

to changes in agent behavior distributions and hydrologic parameters. First, a set of 30

simulations are run for each base case scenario with randomly generated realizations of the

placement of consumers and prosumers (BC-10, BC-20, BC-30, BC-40, BC-50, BC-60, BC-70,

BC-80, and BC-90, a total of 270 simulations). For each of these 270 simulations, the agent

behaviors were randomized. BC-0 and BC-100 were not included in this analysis because

agents behave as all prosumers or all consumers, respectively. Next, the model response

to varying horizontal and vertical hydraulic conductivity values, k x ,y and kz , is explored.

Finally, the model performance with a dry climate dataset is examined and contrasted with

the base case scenarios.

4.6 Results

The results presented here demonstrate the dynamics of water storage, water consump-

tion, energy consumption, hydraulic head and �ow changes across all scenarios. First,

results for an example Base Case Scenario are presented. The model performance across

all Base Case Scenarios is explored, and �nally, this research evaluates the responses of

the model to changes in agent behavior distributions, hydraulic conductivity changes, and

climate.
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Example Scenario: BC-70

Base Case Scenario – 70% (BC-70) initializes 70% of agents (1,412 of 2016 agents) as

consumers and 30% (604 agents) as prosumers. The average annual precipitation over the

21 years is 30.4 inches (Figure ??. Roughly 49.6% of this precipitation (15.1 in per year) falls

during the late fall and winter months, between November and February. Consumer agents

exert no irrigation demand during these months because the precipitation rates exceed

the adjusted evapotranspiration rates ( k � E T < r in Equation 4.1). Irrigation demand is

highest in the summer, averaging 29.5 megaliters (ML) (one million liters) per summer

month (June-August). The irrigation demand signi�cantly exceeds supply during these

months. Time series plots of met versus unmet demand are shown in Figure 4.4. Prosumers

harvest rainwater and immediately sell it to a few consumer agents. The remaining demand

exerted by consumers must be met through pumping water at private wells. The total

amount of water traded in the simulation is 201.2 ML, which comprises 8.6% of the total

irrigation demand (2342.4 ML).

The aquifer-wide mean head decreases by 2.13 feet (from 14.30 to 12.17 feet) over the

simulated time horizon (Figure 4.5). The model is sensitive to changes in precipitation.

Higher levels of precipitation increase aquifer recharge and decrease irrigation demand,

while lower levels of precipitation decrease recharge and increase irrigation demand. The

head increases by 10.6 inches between November and December 2006 (14.82 to 15.71 feet),

the wettest month of the simulation (11.6 inches). Similarly, the aquifer head decreases 1.17

feet (13.34 feet to 12.17) feet between 2018 and 2020, corresponding to the driest period of

the simulation (annual precipitation of 19.69, 19,12, and 17.50 inches for 2018, 2019, and

2020, respectively).

To account for the localized distribution of the agent population, the aquifer was divided

into quadrants (Figure 4.6) for further analysis. Quadrant I-IV correspond to the northwest,

106



(a) Daily precipitation rate (in / day)

(b) Annual precipitation rate (in / year)

Figure 4.3: Precipitation rates in Wolfpack City for the simulation. (a) Daily (in / day) and
(b) annual (in / year) rates are shown.
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(a) Daily irrigation demand for BC-70 scenario (ML / Day), full simulation

(b) Daily irrigation demand for BC-70 scenario (ML / Day), one simulation year

Figure 4.4: Daily Irrigation Demand for Base Case- 70% Consumers (BC-70) Scenario, in
megaliters per day, (a) from January 1, 2000 to December 31, 2020 and (b) from January 1
to December 31, 2000. Demand met through trading is shown in blue, while the demand
not met through trading is shown in orange.
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Figure 4.5: Average basin-wide head in Wolfpack Aquifer over time for the BC-70 Scenario.
The linear regression equation is in ft / day.

Figure 4.6: The Wolfpack Aquifer divided into four quadrants for analysis. Quadrant I is
the northwestern corner, Quadrant II the northeastern, Quadrant III the southwestern, and
Quadrant IV the southeastern.
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northeast, southwest, and southeast corners of the aquifer, respectively. The head at the

center of each of the quadrants is shown in Figure 4.7. All quadrants experience a decrease

in head over the simulation, but the rate of decline varies between them. Quadrant II, which

underlies the population center, experiences the largest head change during the simulation,

declining 3.46 feet (18.62 feet at t E =0 and 14.16 at t E = 7671) over the 20-year time horizon.

The head in the southern quadrants (III and IV) decrease at a lower rate, dropping 2.00 feet

(13.52 to 11.52) and 1.82 feet (17.62 to 15.80 feet) between the beginning and end of the

simulation.

Potentiometric surface maps for Wolfpack Aquifer also re�ect this localization of head

changes in Quadrant II. Potentiometric surface maps represent groundwater levels at a

discrete time point across an aquifer. Figure 4.9 shows the head distribution for the be-

ginning ( t E =0), �rst year ( t E =365), 10-year midpoint ( t E =3835), and end (t E =7670) of the

simulation. At the 10-year midpoint of the simulation, the head has a similar distribution

with a 0.7 feet increase within the highest head contours. This increase in head can be

attributed to the high aquifer recharge rates in 2007 and 2008. By the end of the simulation,

the groundwater �ow dynamics shift signi�cantly. The highest potentiometric contour

(15.1 feet) no longer runs north to south, but instead is bifurcated into two separate zones.

Similarly, groundwater no longer �ows only east and west, but also �ows south from Quad-

rant II and north from Quadrant IV. This change in head and groundwater �ow is caused by

agents' pumping behavior and reduced recharge because of periods of low rainfall.
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Figure 4.7: Head (ft) in Quadrants I-IV for the BC-70 Scenario.
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(a) t E =0 (b) t E =3836

(c) t E =3835 (d) t E =7670

Figure 4.9: Piezometric head distribution in Wolfpack Aquifer (a) at initialization ( t E =0),
(b) after one year ( t E =365), (c) after ten years (t E =3835), and (d) at the end of the simulation
(t E =7670).
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The total energy consumed throughout the 21-year simulation is 241,196.2 kWh, an an-

nual average of 8.13 kWh per capita. Here, per capita refers to consumer agents only. Pro-

sumers are not included in this average because they do not expend energy in the simula-

tion. Annual per capita energy use ranges between 4.61 kWh / agent/ year in 2001 to 11.6

kWh/ agent/ year in 2018. Per capita energy use is closely related to water demand, which is

also at its lowest in 2001 (45,113L per consumer agent) and highest in 2018 (110, 481.6L per

consumer agent). Water and energy demands are lowest in 2001 because of high precip-

itation volumes and frequency in the summer. A total of 6.81 inches of rain fell between

May to September 2001 on 28.1% (43) of the days. In contrast, water and energy demands

are highest in 2018 because of low precipitation volumes and frequencies. A total of 1.62

inches fell between May and September on 16.3% (25) of the days. The close relationship

between energy and water demands can be seen in Figure 4.10. The volume of water is the

key driver for energy demands within the system.

Figure 4.10: Energy and Water Demand per year for the BC-70 Scenario.
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The required amount of energy to pump a unit volume of water, or the energy unit cost of

water, has a direct inverse relationship with the aquifer head (Figure 4.11). As the mean

head decreases, water must be pumped from deeper in the aquifer. The energy unit cost of

water increases from an annual average of 102.2 kWh / ML in 2000 to 105.5 kWh / ML in 2020.

Annual average unit energy costs are lowest in 2006 and 2007 (101.4 and 101.9 kWh / ML,

respectively), when head in the basin is at its highest. Unit cost of water also increases

steadily each irrigation season, as pumping decreases the head of the aquifer.

Figure 4.11: Unit Energy Cost of Water (kWh / ML) compared to the mean aquifer head
over time in the BC-70 Scenario. Unit Energy Costs of Water are only calculated for days
when water is pumped (i.e., when p (t E )=0).

Performance Analysis Across All Base Case Scenarios

The total number of trades, volume of traded water, and percent of irrigation demand met

for each of the 11 Base Case Scenarios (ranging from 0% to 100% Consumers by increments

of 10%) are shown in Figure 4.12. For all scenarios where all agents are homogeneous (0%

consumers or 100% consumers), no trades occur. As the numbers of consumers decrease

and the number of prosumers increase, more supply is available for purchase, leading to
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higher trade volumes for most of the scenarios. However, trade volumes peak in the BC-30

scenario at 344 ML. When the market has a 10% consumer concentration, consumers are

able to meet much of their demand through trades (82%), but the highest trade volumes

occur in the BC-30 scenario, with 344 ML of water traded. Similarly, the number of trades

peaks in the BC-50 scenario. As more consumers seek to meet their irrigation demands,

they conduct more water trades. However, as the number of prosumers decreases, so does

the supply.

The mean head in the aquifer is shown for BC-0 through BC-100 in Figure 4.13. The diver-

gence in head values begins after the �rst year of the simulation, and grows throughout the

20 years. During rainy seasons, such as 2006 and 2007, the differences in head increases

at a faster rate. The impact of the consumer percentage accumulates through the simula-

tion, resulting in a difference of 1.11 feet between BC-0 and BC-100 at the �nal step of the

simulation.

As the number of consumers increases, more water is pumped out of the aquifer, raising

the energy expended per consumer agent and the energy unit cost of water. The great-

est increase in energy expended occurs between BC-10 and BC-20, an increase of 4.93

kWh/ agent, as a result of doubling the volume of water pumped. The mean energy and unit

energy decrease between BC-60 and BC-80, before increasing to 103.50 kWh / ML at BC-90.

This dynamic illustrates the sensitivity of the model to the elevation of the consumer agents,

as illustrated in Figure 4.14. The average elevation of the consumer agents peaks at BC-60,

which is an artifact of the randomized agent distribution during the model initialization.

Consumer agents at higher elevations require more energy to pump water from the aquifer.

117



(a) Volume of Traded Water (ML)

(b) Total Number of Trades

(c) Percent Demand Met

Figure 4.12: BC-10 through BC-90 scenario results for (a) total volume of traded water
(ML) (b) total number of trades between agents (c) percentage of irrigation demand met
through trading. BC-0 and BC-100 are not included in this analysis because they do not
conduct any trades.
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Figure 4.13: Average Head in Wolfpack City for all base case scenarios (BC-0 to BC-100)
.
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(a) Mean Annual Energy Consumption (kWh / consumer agent / year)

(b) Energy unit cost of water (kWh / ML)

Figure 4.14: (a) Annual per capita energy use (kWh / consumer agent / year) and (b) Energy
unit cost of water (kWh / ML) for BC-10 through BC-100 Scenarios compared to average
consumer elevation. B-0 is not included because no agents consume energy to pump water.

To explore the impacts of the trading market on agent energy consumption, the simulation
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