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ABSTRACT 

Sustainable, robust, and resilient water resources planning and management (WRPM) has 

emerged as a major concern, not only for decision makers and water utilities but also for 

academic researchers.  A water resources system is very complex since its enormous number and 

diverse components are connected and interrelated.  To establish effective management and 

planning for the water resources system, decision makers and planners can disaggregate large 

water resources systems into multiple scales based on geographical boundaries and the 

management and planning goals. 

 Arizona’s water resources system can be divided into basin, state, planning area, and 

local planning area scales.  Each scale requires a different approach and models depending on the 

WRPM goals.  This dissertation takes a comprehensive view of sustainable, robust, and resilient 

WRPM for multi-scale Arizona water resources systems (state, planning area, and local planning 

area scales). 

 This dissertation is composed of three studies with four journal articles that address 

sustainable, robust, and resilient WRPM.  First, for the state and planning area scale, a large 

food-energy-water system model is developed for Arizona using a system dynamic modeling 

approach.  Using the model, effectiveness of potential alternatives including graywater reuse, 

rainwater harvesting, demand reduction, and groundwater importation that promise sustainable 

water use are evaluated. 

 Second, at the regional planning area scale, impacts of various strategies on the 

robustness and resilience of regional water supply system (RWSS) during major component 

failure for a region in southwest Tucson, AZ are assessed.  The strategies include (1) restricting 

water demand, (2) constructing pipelines as alternative water supply pathways, (3) building 
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water tanks as backup water storages, and (4) maintaining the Central wellfield as a backup 

source.    

 Finally, the impact of network topology within water distribution system (WDS)/water 

distribution network (WDN) on (1) the accuracy of the first-order second-moment (FOSM) 

approximation when it is employed as a nodal pressure head uncertainty estimation method and 

(2) WDN robustness and resiliency.  To that end, a quantitative WDS classification scheme that 

classify a WDS based on its function and network topology are developed.  Using the 

classification scheme, network topology within WDS is identified and used for the analyses. 
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1. INTRODUCTION 

Throughout history, human beings have been eager to acquire reliable and high-quality of water 

for municipal, agricultural, and industrial water consumptions.  Water has always been crucial to 

human health, economic, and social development and management.  To efficiently manage and 

plan water resources, decision makers and planners create strategies and policies within water 

resources planning and management (WRPM) processes.  These strategies and policies should be 

evaluated with careful, precise, and accurate analysis, otherwise they may cause severe damage 

to community health and societal well-being.  For example, Central Arizona Project (CAP) was 

constructed between 1973 and 1993 spending $4 billion construction cost to deliver annual 1.5 

million acre-feet (MAF) of Colorado River water from Lake Havasu to central and southern 

Arizona (Central Arizona Project 2015).  The CAP has not only been a reliable water source but 

it also contributed in excess of $1 trillion in Arizona’s gross state product (James et al. 2014).  

Poor WRPM in Flint, Michigan, on the other hand, resulted in Flint residents being exposed to 

drinking water with dangerously high levels of lead starting from April 2014 (Lin et al. 2016). 

 WRPM refers to activities of planning, developing, distributing, and merging the 

optimum use of water resources.  The primary objective of WRPM is to integrate the relevant 

knowledge in engineering and social sciences to create theoretical and practical solutions for 

resolving issues related to water resources (Dyck 1990).  WRPM typically is involved in 

modeling and analyzing water resources systems to consider issues as follows: 

• Policies and strategies for water resources development, conservation, and 

management 

• Long-term planning of multi-scale, -purpose, and -source water resources system 

• Water infrastructure planning and management 
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• Generation of alternatives, screening and selection of project alternatives 

• Multi-criteria decision analysis in water resource system design and operation 

  

1.1. Multi-Scale Water Resources Planning and Management 

Water resources systems can be very complex due to the number and diverse components that 

are connected and interrelated.  To accomplish effective management and planning for the water 

resources system, decision makers and planners often develop simplified models to discover the 

effect of alternative assumptions and operating rules.  To that end, decision makers and planners 

consider various dimensions of the problem including space, aspect, and time while planning and 

managing water resources (Dyck 1990). 

 The spatial dimension is related to the geographical scale of a project based on policy, 

economic or political development, region, state, and river basin.  This dimension determines the 

physical and institutional boundaries and the appropriate WRPM scale and procedures.  Once the 

scale of the project is determined, the functional requirements and goals must be adequately 

defined based on aspect dimension including political, economic, regal, and environmental 

control and protection (Dyck 1990).  Lastly, the temporal time dimension is considered.  Since 

WRPM is an on-going process, it is performed in sequential iterative steps.  The appropriate time 

step is selected depending on desired accuracy and computational cost.  For example, the water 

management models may use one-month time steps according to the dynamics within the year 

(Draper et al. 2003; Kirby et al. 2013; Randall et al. 1997) or daily/hourly time steps can be used 

for real-time operation use based on the dynamics of the relevant processes (Malekmohammadi 

et al. 2010; Niewiadomska‐Szynkiewicz et al. 1996; Unver and Mays 1990; Yeh et al. 1979).   
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Figure 1. Multi-scale water resources systems 

 It is necessary to consider Arizona’s WRPM at four interdependent scales based on its 

spatial dimension as: basin, state, planning area, and local planning area.  Colorado River flows 

drive allocations to the state (basin scale) that, in turn, are distributed among in-state users (state 

scale), with implications on planning decisions (e.g., Arizona Department Water Resources 

(ADWR) planning area scale).  Options such as re-allocation of water or large-scale 

infrastructure (ocean desalination), cut across scales.  Planning tools must acknowledge these 

interactions and find a coordinated approach to solution of the multi-scale problem.  

 Planning areas are partitioned into local planning areas.  At the local scale, existing 

regional water supply systems (RWSS) including infrastructure such as water/wastewater 

treatment plants, recharge facilities, reservoir, and water distribution system (WDS) and network 

(WDN) can be modelled and used to assess local water resources.  For example, at local planning 

area scale, the impact of decentralized wastewater treatment plant on robustness and resilience of 

Basin and State Scale

Local Planning Area Scale

Regional Water Supply System

Water Distribution System/Network

Planning Area Scale
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RWSS can be analyzed using  a RWSS model (Hwang et al. 2013; Hwang et al. 2014; Hwang et 

al. 2015; Lan et al. 2015) or local WDS/WDN can be designed and assessed.  

 Using multi-scale water resources system planning and management approach described 

above, Arizona’s water resources systems are represented at four scales to create WRPM goals 

and solutions at each scale (Figure 2).  At the basin scale, the Colorado River water is allocated 

among states and Mexico based on legal rights and, during periods of shortage, political 

decisions.  Difficulties arise due to uncertainties in areas of climate, population, and economic 

growth.  States distribute water among multiple water planning areas based on legal and political 

rights.  Further, at this scale, water transfer between states should be considered.   

The state can be further divided into specific geographical study area (planning area 

scale) based on possible short-term and long-term solutions available to meet the water supply 

imbalances (Arizona Department of Water Resources 2014).  At times, this requires new 

infrastructure and potential water conservation programs to establish sustainable water use.  

Lastly, local planner receive water within planning area based on demand subject to supply 

constraints.  When well-managed the entire process results in water security and economic 

efficiency.  
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Figure 2. Multi-scale water resources planning and Management  

1.2. Sustainability, Robustness, and Resilience of Water System 

In recent decades, the importance of sustainability, robustness, and resilience have been 

emphasized and studied in the field of civil engineering (Bocchini et al. 2013), in particular in  

WRPM (Diao et al. 2016; Greco et al. 2012; Huizar et al. 2017; Hwang et al. 2014; Hwang et al. 

2015; Jung et al. 2013; Jung et al. 2016; Klise et al. 2017; Lan et al. 2015).  Sustainability is 

related to long term planning of system while robustness and resilience is for withstanding 

disturbances due to terrorism, natural disaster, deterioration, infrastructure aging, and excessive 

demand condition and subsequent recovery from failures.  Further, the importance of 

environmental flows or ecological water requirements are emphasized to maintain healthy 

aquatic ecosystems.  These phenomena made the goals and objectives of WRPM becoming more 

complex over recent decades. 

 Sustainability, robustness, and resilience have been terms increasingly used in a range of 

domains including ecology, psychology, and WRPM.  This dissertation proposal employs 

sustainability, robustness, and resilience concepts developed under the National Science 
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Foundation project Resilient Sustainable Interdependent Infrastructure-Engineering Frontiers for 

Research and Innovation (EFRI-RESIN) and the University of Arizona research group. 

 Sustainability indicates water resources or water system ability to satisfy long term needs, 

taking into account future supply and demand conditions (Lansey 2012).  In general, 

sustainability can be divided into three categories: user, source and system.  User sustainability 

represents the fraction of cumulative user demand that is met over time.  User sustainability 

shows a cumulative record of performance of system users.  Source sustainability can be defined 

as the ratio of total recharge to total withdrawal from a source.  These sustainability terms can be 

written for individual users and sources.  Summing supplies and demands for users provide the 

system-wide sustainability, and it is called as system user sustainability.  System source 

sustainability can be computed in a similar manner.  Finally, the product of system user and 

system source sustainability is defined as system sustainability (Huizar et al. 2017). 

 Robustness is the ability of system to maintain functionality in the presence of stresses 

that are within the expected range of condition.  The EFRI-RESIN definition of robustness 

(Lansey 2012) is “the robustness of a system to a given class of disturbances is defined as the 

ability to its function when it is subject to a set of disturbances of this class.” Huizar et al. (2017) 

proposed a set of robustness metrics for water systems as follows: 

• Functionality: fraction of demand that is satisfied over time 

• Availability: fraction of time periods during which the system or system element is in 

a satisfactory state 

• Reliability: Probability of maintaining a satisfactory state for a period of arbitrary 

length 
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 Resilience measures the ability of a system to withstand abnormal disruptions and to 

recover efficiently from the damage attributed by such disruption.  Lansey (2012) defined 

infrastructure resilience as “the ability to gracefully degrade and subsequently recover from a 

potentially catastrophic disturbance that is internal or external in origin.” Four system properties 

should be addressed in order to quantify resilience.  The four properties are (Bruneau et al. 2003; 

Lansey 2012): 

• Robustness: ability of a system to maintain its full function when it suffers from 

significant disturbance 

• Redundancy: capability of a system to satisfy demand in the event of disturbance 

• Resourcefulness: ability of a system to identify problems and respond to a failure 

event by applying material and human resources during the recovery process 

• Rapidity: the speed at which resources are deployed and satisfactory functionality is 

reached 

 Huizar et al. (2017) also introduced a set of resilience metrics for water systems 

addressing four resilience properties: 

• Volumetric severity: the volume of water demand that is not met during a single 

failure divided by the demand during the final period of failure  

• Repair rate: represents the speed at which a system recovers after failure (the 

probability of returning to a satisfactory state from a failed condition).  Repair rate is 

the inverse of the mean time to recover.  

• Maintainability: probability of recovering from a failed state within specific time 

periods 

• Availability: Fraction of time periods during which the state is satisfactory  
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(a) Robust and not resilient water system  

 

(b) Not robbust and resilient water system 

Figure 3. Functionality/volume of water versus time 

 Figure 3 graphically shows the difference between robust and resilient systems.  The pair 

of plots show the functionality (green dots), available water supply (blue lines), and 

threshold/water supply (dotted red lines) of two water systems over time.  Functionality is the 

system performance level.  Water supply systems’ fraction of functionality can be a fraction of 
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demand that is satisfied over time.  Figure 3(a) is capable of providing enough water to users.  

However, when an unexpected disturbance occurs causing in failure that reduces the system 

functionality remarkably and the time to repair is long.  Thus, the water system is robust as the 

functionality is maintained but the disturbance occurs the system is not robust. 

 On the other hand, the system represented as Figure 3(b) is not robust as the functionality 

frequently drops below the threshold.  However, when the large disturbance occurs the depth of 

failure as well as the failure magnitude (i.e., grey area in Figure 3) is smaller with shorter 

recovery time compared to Figure 3(b).  Thus, this system is less robust but more resilient than 

the water system represented by Figure 3(a). 

  

1.3. Problem Statement 

This dissertation focuses on current WRPM issues from sustainability, robustness, and resilience 

perspectives for three different scale water systems: statewide, regional, and local WDS by 

addressing several approaches to efficiently increase the sustainability, robustness, and resilience 

of three systems.  The following sub-sections will discuss issues that need to be addressed within 

each system. 

 

1.3.1. Statewide Food-Energy-Water System Model 

The Colorado River Basin (CRB) is a critical water source for seven states, Arizona, California, 

Colorado, New Mexico, Nevada, Utah, and Wyoming (Figure 1).  It provides water for 

municipal supply for 30 million people and for irrigation water supply to approximately 4 

million of acres of land.  The CRB is also the principal water source to for hydroelectric power 
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plants with a total capacity of 4.2 gigawatts including Hoover and Glen Canyon Dams (U.S. 

Bureau of Reclamation 2012). 

 The CRB is divided into upper and lower basins that are managed and operated under 

Colorado River Compact.  The compact allocates each basin to use up to 7.5 MAF of river water 

annually.  Among the upper basin states (Colorado, New Mexico, Utah, and Wyoming), 

Colorado has the largest annual allotments of 3.36 MAF while California has the largest annual 

allotments of 4.40 MAF among the lower basins states (California, Arizona, Nevada) (U.S. 

Bureau of Reclamation 2008). 

 Nowhere in the United States is the projected imbalance between water supply and 

demand greater than in the CRB.  The Bureau of Reclamation (BOR) Colorado River Basin 

Study (U.S. Bureau of Reclamation 2012), the first of its kind, focuses upon the entire basin, 

with imbalance in supply and demand projected to be over 3.2 MAF by 2060.  The implications 

of water shortages are most pressing for Arizona and, in particular, central Arizona.  The 

compromise leading to federal construction of the CAP requires the recipients of CAP water, 

including the Phoenix and Tucson metropolitan areas to accept water rights that are junior to 

other deliveries of Colorado River water.  As a consequence, the CAP supply will be the first to 

be reduced in times of shortage.  ADWR’s Strategic Vision for Water Supply Sustainability 

(Arizona Department of Water Resources 2014) concludes that Arizona could face an annual 

water supply imbalance in the next decades of about 1 MAF, nearly 15% of the total available 

supply. 

 Water plays a critical role in the welfare of society in Arizona and affects the livelihood 

of every human.  Water is critical to Arizona due to its effect on the productivity and economical 

success of the State’s water use sectors, including agricultural and industrial sectors.  For 
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example, Arizona’s agriculture is vital to state’s economy‒agribusiness such that its total 

contribution to Arizona’s state gross domestic product was $7.3 billion in 2011 (Kerna and 

Frisvold 2014).  Also, the agricultural water use sectors consumed average 5.61 MAF of water 

between 2001 and 2005, nearly 75% of Arizona’s total water use (Arizona Department of Water 

Resources 2010).  Further, between 2001 and 2005, Arizona’s power plants generated annual 

average of 65,500 billion watt hours electricity inducing annual average revenue of $4.83 billion 

(U.S. Energy Information Administration) while consuming annual average 69,410 acre-feet 

(AF) of water (Arizona Department of Water Resources 2010). 

 Identification and development of long-term water supply plans are imperative for the 

sustainability and long-term economic and environmental health of the state.  To that end, 

ADWR (Arizona Department of Water Resources 2014) and Blue Ribbon Panel on Water 

Sustainability (Arizona Corporation Commission 2010) have identified the problem scope and a 

set of potential alternatives, neither developed implementable plans and comprehensive models 

to test the effectiveness of the potential alternatives.  Since water supply impacts are not isolated, 

tools to support water resources decision making must also assess their impacts on the highly 

interdependent energy and food sectors.  Therefore, a food-energy-water (FEW) planning and 

management tool for the state of Arizona is needed.   

   

1.3.2. Identifying Strategies to Improve Robustness and Resilience of a RWSS 

A typical RWSS consists of various sources (surface and ground water), infrastructures 

(water/wastewater treatment plants, pump stations, and surface water recharge facilities), and 

users (agricultural, industrial, and municipal).  System elements are connected and interrelated in 

complex networks.  RWSS components are designed to dependably deliver high quality water 
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through pipelines, canals and the distribution system to users.  RWSS capacities are generally 

determined based on anticipated future population growth, water source availability, and climatic 

conditions (Chung et al. 2008). 

 Given the importance to the community health and societal well-being, a RWSS must be 

robust and resilient.  Robustness and resilience are becoming distinct topics in several different 

fields of research, but it has yet to be implemented in water resources and in particular to 

RWSSs.  For example, Hwang et al. (2013) and Hwang et al. (2014) analyzed resilience of 

RWSS with various system configurations (i.e., location of decentralized wastewater treatment 

plant) to identify the most resilient system structure and critical infrastructure components that 

affect RWSS resilience.  Further, Hwang et al. (2015) demonstrated resilience-based failure 

mode effects and criticality analysis (FMECA) for conducting risk management during RWSS 

planning.  Suggestions (i.e., constructing decentralized wastewater treatment plant and 

maintaining central well filed as a backup water supply) were provided that improve the 

resilience of system under the most critical failure mode identified during the FMECA process.  

Kang and Lansey (2012(a); 2012(b)) applied scenario-based robust and multi-objective 

optimization for the design water and wastewater infrastructure for RWSS considering demand 

uncertainty.  More recently, Lan et al. (2015) proposed a scenario-based robust optimization 

model for the design of a RWSS considering the risk of facility failure.  No study has been 

conducted that analyzes the impact of tank capacity on RWSS robustness and resilience.     
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1.3.3. WDS/WDN and Network Topology 

1.3.3.1. Need of WDS/WDN Classification Scheme 

A WDS consists of nodes (e.g. demand nodes, tanks, and reservoirs) and edges (e.g. pipes, 

pumps, and valves).  WDNs are limited to the pipe network while WDSs include pumps and 

tanks as well as the piping network.  Further, the model representation of the system may include 

all components or be a simplified near equivalent (all-pipe vs skeletonized networks).  WDSs 

have been classified based on a graphical network representation that can lead to biases 

(Cembrowicz 1992; National Research Council 2006).  Although visual inspection method is 

generally effective in identifying branch systems, grid and loop systems topology are similar and 

often undistinguishable without additional data.  These classification is more complicated as 

models become larger and more complex.  A rigorous and quantitative WDS classification 

scheme thus is necessary for WDS researchers and practitioners to support a range of analysis 

and develop general guidance for system designers and managers. 

 

1.3.3.2. Network Topologic Impact on Accuracy of First-Order Second-Moment Approximation 

A WDS is modeled based on the network topology, physical characteristics of its components, 

water consumption, and operation rules to simulate its behavior under a range of conditions, and 

to model WDS controls in response to system stresses.  However, model results are not certain, 

in part, because the WDS model parameters are not known exactly.  The input parameters are 

particularly uncertain (nodal demand and pipe roughness) since their values are based on field 

measurements and engineering judgment.  Generally, however, those data are often regarded as 

deterministic for WDS model development leading to model predictions over or under estimating 

field conditions and, potentially, to poor decisions. 
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 To overcome this issue, over the last three decades, uncertainty analysis techniques have 

been applied to WDSs to quantify and estimate uncertainties.  In general, these techniques can be 

classified as analytical or approximate approaches.  The use of these techniques depends on the 

availability of information, model complexity, and the type and accuracy of desired results (Tung 

and Yen 2006).  Since WDS models are based on complex functions whose uncertainty features 

cannot be assessed analytically, approximation methods are often used including Monte Carlo 

simulation (MCS) and probabilistic point estimation methods such as first-order second-moment 

(FOSM) approximation method and Latin hypercube sampling (LHS).  All are intended to 

estimate the statistical moments of the underlying random process. 

 Approximation methods have been used to assess WDS and WDN reliability and in 

optimal design methods that consider input uncertainty.  Wagner et al. (1988) estimated WDS 

reliability using MCS while considering random pipe and pump failures to evaluate their effects 

on nodal pressure heads.  Bao and Mays (1990) considered the uncertainties in future water 

demands, required pressure heads, and pipe roughness to estimate the nodal and system 

hydraulic reliabilities by applying MCS.  Araujo and Lansey (1991) examined FOSM as an 

alternative scheme.  Later, Xu and Goulter (1998) presented a FOSM based WDN reliability 

assessment.  They accounted for the uncertainties in nodal demands, pipe capacities, and 

reservoir/tank levels.  The mean values of pressure heads were obtained from the deterministic 

solution of the WDN model. 

More recently, Kang et al. (2009) tested the accuracy of approximation methods, FOSM 

and LHS, with MCS for evaluating model outputs, including nodal pressure, water age, and 

chlorine concentration using the Austin network.  They considered the input parameters, pipe 

diameter and roughness coefficient, nodal demands, and bulk and wall decay coefficients to 
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examine the effect of input uncertainty on model output.  They showed that the FOSM provides 

reasonable accurate uncertainty estimates for pressure heads while it performed poorly when 

estimating chlorine concentrations under unsteady conditions.  Despite the use of the FOSM in 

WDS model output estimation, to date a rigorous assessment of its accuracy for a broad set of 

network and network topology has not yet been completed.  Therefore, it is necessary to conduct 

a comprehensive analysis of the FOSM to investigate the factors affecting the accuracy of FOSM 

when used to estimate the uncertainty of nodal pressure head in a WDS for three uncertainty 

analysis applications. 

 

1.3.3.3. Impact of Network Topology on Robustness and Resilience of WDS/WDN 

The relationship between topology and hydraulic performance (reliability, resilience, and 

robustness) is strong.  For example, a break in a branched network puts all consumers 

downstream out of service.  In fully looped networks, however, each demand node can be 

supplied from the source(s) through at least two independent paths.  Two supply paths are called 

as independent if they do not have a pipe in common.  Thus, network topology can be an 

indicator of connectivity and is related to avoiding mechanical failure but does not address 

hydraulic conditions. 
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Figure 4. Schematic of transmission-looped and distribution-gridded WDN 

 The level of connectivity between transmission and distribution subsystems likely also 

plays a role in WDN resilience.  A transmission-looped and distribution-gridded networks are the 

type commonly employed in practice (Figure 4).  It can incorporate loop feeders (dashed lines in 

Figure 4), that distribute the flow from the transmission mains to distribution sub-systems.  

Stronger connections between the transmission and distribution sub-systems may be more 

resilient than weaker connections and may have implications on district management area 

(DMA) design. 

 A critical factor during a pipe failure and repair is the ability to isolate the failure.  

Tension exists between system operators responsible for maintenance, exercising and repair of 

isolation valves and system designers with the goal of reducing the number of customers affected 

by a pipe failure.  No definitive rule or approach is available for locating isolation valves.  Some 

utilities apply the N or N-1 rules at each pipe junction in which valves are placed adjacent to the 

node in all (N) or all but one connected pipe, respectively.  Several researchers have begun to 
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attempt to optimize valve locations (Creaco et al. 2010; Giustolisi and Savic 2010; Ozger and 

Mays 2004).  

Research that examines these relationships while considering pipe break isolation using 

valves is lacking.  To that end, study that assessing the relationship between network 

topology/degree of interconnectivity and system resilience under pipe failures considering pipe 

break isolation using valves is necessary.   

 

2. PRESENT STUDY 

2.1. Dissertation Outline 

The primary goal of this dissertation is to study sustainable, robust, and resilient WRPM on three 

different scale water systems: statewide, regional, and local water distribution system by 

addressing several approaches to efficiently increase the sustainability, robustness, and resilience 

of three systems.  This dissertation is comprised of three studies with four journal articles in 

Appendices A to D (Figure 5).  The first study introduces a statewide FEW model for Arizona.  

Detailed summaries of the methods and conclusions are given below. 

 The first paper (Appendix A) presents various strategies on the robustness and resilience 

of RWSS during major component failure for a region in southwest Tucson, AZ.  RWSS 

robustness is quantified using functionality (ratio of supply to demand) while resilience of 

RWSS is estimated based on user severity (maximum functionality loss) and volumetric severity 

(total water deficit during the failure as a fraction of demand at the end of failure).  Economic 

losses due to water deficit also are calculated.  A Linear Programming (LP) model determines 

the optimal regional flow allocation while minimizing operation and maintenance costs 
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 In the second paper (Appendix B), a system characteristics and graph theory based WDS 

model classification scheme that is based on system function and topology is proposed.  

Although visual inspection method is generally effective in identifying branch systems, grid and 

loop systems topology are similar and often undistinguishable without additional data.  These 

classification is more complicated as models become larger and more complex.  Here, WDS 

models are characterized based on its purpose and network layout from its physical and 

topological properties. 

 

Figure 5. Sequence of studies and articles 

 The third and forth articles use the network classification scheme introduced by the 

second article (Appendix B).  In the third paper (Appendix C), the accuracy of FOSM 

(alternative approximation scheme for uncertainty analysis in WDS) is evaluated using 21 

WDSs.  Finally, impacts of number of valves, network topology, and level of connectivity 
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between transmission and distribution sub-systems on network robustness and resilience are 

investigated by the forth article (Appendix D). 

 

2.1.1. Study 1: Arizona Value Integrated Food-Energy-Water Model  

To accelerate ARizona Value INtegrated Food-Energy-Water (ARVIN-FEW), a FEW planning 

and management tool for the state of Arizona, regional agriculture/energy/water system 

dynamics (SD) models are developed using GoldSim (Kossik and Miller 2009) and linked to 

form the state model.  SD model consists of water and energy networks, and agriculture is 

included within the water network as shown from Figure 6.  In a SD model, points indicate 

system components while arcs represent water and power transmission lines, irrigation canal for 

agriculture systems.  A water network includes aquifers, reservoirs, recharge facilities, 

water/wastewater treatment plants, booster stations, transmission line.  A power grid contains 

power plants, substation, and transmission line.  

 

Figure 6. Schematic of general water, energy, and agriculture network 
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 Total 151 communities are identified.  It is then reduced to 70 communities with over 

5,000 residents in 2010.  These 70 communities are modeled individually based on existing 

water infrastructures.  Also, 44 power plants, 21 mines, more than 750,000 acres of agricultural, 

and nearly 10,000 miles of transmission lines are identified.  Nodes and arcs can be added for 

alternative and conservation plans such as local water reuse, conservation, rainwater harvesting, 

and ag-urban transfers. 

 A monthly time step is applied for a 41-year planning period (from 2010 to 2050).  Using 

the developed SD models, “what-if” analyses are conducted with different combinations of 

water, energy, and agriculture management and infrastructure alternatives so that stakeholder and 

modelers can gain insight into sustainable and robust solutions.  Sensitivity analysis can be 

conducted for a variety of system parameters over expected ranges including population and 

water demand parameters (growth rate, per-capita water use, and spatial demand distributions).  

 To populate the data needs and projections are critical and require substantial time and 

effort to collect.  A publicly available comprehensive long-term water and energy demand 

forecasts have been completed at the state level complementing earlier spatial population 

predictions.  Mining and power plant water demands are obtained from the Arizona Corporation 

Commission and US Energy Information Administration (USEIA) (US EIA 2017), respectively.  

A description of procedures for compiling such data in Arizona can be found in United States 

Geological Survey (USGS) Scientific Investigations Reports (Konieczki and Heilman 2004; 

Tadayon 2005).  Information for current or planned water-energy infrastructure are collected 

from major power utilities’ (APS, SRP, and TEP) integrated resource plans. 

 Constraints on the permissible flow on arcs, demands for all electric and water users 

including varying water demands for electricity generating facilities as a function of production, 
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and lower bounds on releases for environmental purposes are included in the model.  Mass 

balance constraints are written for each water storage facility (aquifer) and incorporate the 

capacity of the facilities.   

 

Figure 7. Overall modeling structure showing necessary data, management/infrastructure 

alternatives, and final modeling results 

 Our approach to integrated FEW decision support and planning has been summarized in 

Figure 7.  ARVIN-FEW SD and optimization models will share data such as quantity of 

available water sources, FEW demand projects, and FEW network structures.  However, the 

optimization model will require several cost functions (gray input blocks in Figure 7) including 

new infrastructure construction and maintenance costs, marginal costs (economic value of water) 
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of agricultural, municipal, and industrial water.  Using these cost functions, optimized flow 

allocation, infrastructure costs, and management decisions can be determined (gray results 

blocks in Figure 7). 

 

2.1.2. Study 2: Analysis of Strategies to Improve Robustness and Resilience of a RWSS 

 

Figure 8. Schematics of the water supply system (darker pressure zones correspond to higher 

elevation zones; black circles represent components under failure scenarios) 

In this study, 25 preventive actions are created based on strategies include (1) restricting water 

demand, (2) constructing pipelines as alternative water supply pathways, (3) building water tanks 

as backup water storages, and (4) maintaining the Central wellfield (CWF) as a backup source.   

A Linear Programming (LP) flow allocation model is employed to represent a proposed RWSS 

on the southwest side of Tucson, AZ (Figure 8).  The model determines the optimal flow 

allocation within the RWSS that minimizes cost under normal operations and during failure 

scenarios.   

 RWSS robustness is quantified using functionality (ratio of supply to demand) while 

resilience of RWSS is estimated based on user severity (maximum functionality loss) and 
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volumetric severity (total water deficit during the failure as a fraction of demand at the end of 

failure).  Economic losses due to water deficit also are calculated.  

 Based on the analysis results, the following results are observed: 

• If restrictions are enacted on outdoor water use during the failure, the user severity 

(the maximum functionality loss) and volumetric severity (ratio of total water 

shortage during the failure period to the demand at the end of failure) is decreased. 

• RWSS resilience is also enhanced if tanks and pipelines with appropriate capacities 

are constructed.  The CWF option, however, does not alleviate functionality losses 

under FS1 since it cannot deliver water to Zones C, D, E, FS, GS, HS, and I.   

• Trade-off functions show that large capacity tanks provide higher 

robustness/resilience benefits than pipelines but require significantly more investment 

• Finally, the failure timing and time to repair were also important factors and should 

be investigated through sensitivity analysis.  

• Evaluation of other major component failures showed that one solution did not 

resolve all failure conditions and examination of a range of failure states would be 

helpful to decision makers.  To alleviate all impacts of this rare major disruption, 

costs to add storage and/or redundant flow paths are extremely large.  Here, among 

the 14 preventive actions, PA16 (18,927 m3 (5 million gallon) tanks, 914 mm (36 in.) 

pipeline connecting the north and south Zone F, and CWF) is determined as the most 

compelling action to minimize detrimental impacts but at a high cost.    
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2.1.3. Study 3-1: WDS Classification Using System Characteristics and Graph Theory Metrics 

This paper proposes a WDS model characteristics and graph theory based WDS classification 

scheme that is based on system function and topology.  To determine the parameter(s) that are 

the best WDS descriptors, the efficacy of the network structure parameters in classifying WDS is 

examined.  Further, the shortcomings for those parameters that distinguish system types are 

identified. 

 The following results are obtained in this study: 

• A WDS classification is developed to categorize a WDS into seven categories 

(transmission branch, transmission dense-loop, transmission sparse-loop, distribution 

branch, distribution hybrid, distribution dense-grid, or distribution sparse grid).  

Using the WDS classification method, twenty-six systems were classified using this 

scheme and visual comparisons to identify and validate thresholds for the metrics that 

allow a WDS to be categorized as one of seven types.   

• In our method, system function is first categorized based on a length weighted 

average pipe diameter, �̅�.  The WDS is then classified based on the degree of 

branching using a new parameter defined as the branch index, BI.  This index is 

applied to the full system and the underlying transmission system. 

• The degree of looping and a second level of classification is based on the meshedness 

coefficient, MC, but only after the network is reduced to eliminate nonessential 

nodes.  Other graph theory metrics are highly correlated with the MC and do not 

provide substantially different information to warrant inclusion in the classification 

scheme. 
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• Although we contend that graph theory metrics are not appropriate for quantifying 

redundancy or robustness of WDS, a set of relatively uncorrelated network metrics 

can be identified and used to classify WDSs.   

 

2.1.4. Study 3-2: Accuracy of FOSM Approximation for Uncertainty Analysis of WDS 

A comprehensive analysis of FOSM is conducted to investigate the factors affecting the accuracy 

of FOSM when used to estimate the uncertainty of nodal pressure head in a WDS for three 

uncertainty analysis applications: calibration, abnormality detection, and design.  Further, this 

study provides results that support definitive conclusions on it effectiveness for WDSs.  Here, the 

MCS and FOSM for calibration and abnormality detection are grouped as Case 1 while the 

uncertainty analysis for WDS design is categorized as Case 2.   

 For this study, uncertainties in input parameters, nodal demands, peak demand factors, 

and pipe roughness coefficients, are considered and various assumptions are made depending on 

the uncertainty analysis application.  The same uncertainty levels are used for Cases 1 and 2 for 

pipe roughness coefficients and we are assuming that the pipe roughness coefficients are 

uncorrelated in space.  Uncertainties in nodal demands and peak demand factors, however, are 

treated differently in the two cases.  WDS calibration and abnormality detection (Case 1) 

consider demands averaged over a short period of time so they are uncorrelated in space.  On the 

other hand, for system design (Case 2) nodal demands are assumed to be cross-correlated in 

space since system design consider demands averaged longer time steps. 

MCS and FOSM approximation analyses are conducted for twenty-one real and 

hypothetical WDSs to identify the critical factors that affect FOSM accuracy including peak 

demand conditions, network topology, the pipe size, and uncertainty analysis application types.  
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Two networks (Anytown and Austin) are optimal designs and the remainder were designed by 

engineering judgement.  

 The components of the FOSM approximation were examined individually (mean, 

standard deviation and derivative linearity).  Further, system normality was examined by 

applying the two sample Kolmogorov–Smirnov test to the lower-half of the pressure head 

probability distribution obtained by MCS.  Finally, tail predictions were studied by comparing 

the FOSM predictions with MCS results.  Based on that analysis the following results are 

observed: 

• For most system types, the normality assumption for nodal pressure head is accepted 

and FOSM provides acceptable uncertainty estimates when it is used for different 

applications. 

• Very good uncertainty estimations for the nodal pressure heads are obtained even for 

peak demand conditions.  The branched systems, however, are less linear and FOSM 

performs poorer compared to grid and loop systems.  

• The accuracy of FOSM is not dependent on the pipe size.  Thus, the most critical 

factor affecting the FOSM accuracy appears to be network topology. 

 

2.1.5. Study 3-3: Failure severity and Risk Analysis of WDN Considering Network Topology  

In last decades, the resilience of WDN has become a distinct topic, but it has yet to be 

implemented in assessing the relationship between the network topology/sub-network 

connectivity and WDN resiliency.  To that end, this study investigates the impact of three factors 

on the robustness and resilience of WDN during single pipe failures: (1) number of valves, (2) 

topology of transmission mains in a water distribution network (WDN) (Case 1), and (3) level of 
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connectivity between transmission and distribution sub-networks (Case 2).  WDN resilience is 

quantified using nodal and system severity (minimum ratio of supply to demand during the 

analysis period) while risk is estimated using customers’ risk for out of service (product of 

likelihood of pipe failure and number of customers out of service).   

 A base WDN is created for a 23.3 km2 (9 mi2) residential area in Tucson, AZ.  First, the 

impact of number of valves is assessed based on severity and risk analyses under randomly 

generated valve location.  The results are compared with the N and N-1 valving rules.  For Case 

1, two transmission-branched and six transmission-looped networks, modified based on the base 

network, are used.  For Case 2, eight networks with different number of feeders connecting the 

transmission and distribution sub-systems are used.  Trade-off functions demonstrate the 

relationship between the WDN resilience and the network topology, level of connectivity 

between transmission and distribution sub-networks, or number of valves.   

 Based on the severity and risk analyses the following results are obtained: 

• WDN resiliency is firmly affected by valve density (VD) (ratio of number of valves 

to number of pipes) 

• The transmission loop is more resilient and robust than the transmission branch 

networks since the transmission loop networks 

• More notable hydraulic failures observed from the transmission branch networks than 

the transmission loop network 

• Robustness and resilience of WDN are improvement significantly when more than 

one feeders are used.  
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3. UNIQUENESS AND CONTRIBUTION OF RESEARCH 

This work is novel and provides a contribution of knowledge through aspects of research 

described in the four appendices.  The following unique contributions have resulted from this 

dissertation.  

 

3.1. Study 1 

(1) Arizona’s first statewide food-energy-water system dynamics model 

 This novel modeling approach allows expansion over time by non-researchers to adapt to 

problem conditions including infrastructure changes and new forecasts for FEW systems.  No 

previous tool was developed for the state that can be disaggregated to the ADWR planning level 

scale.  Further, a comprehensive integrated database of energy, water, and agricultural 

infrastructure and demands was compiled.  

The model allows interactive plan exploration of specific policy/infrastructure decisions 

effect and examination of optimal solutions in post-optimization sensitivity analyses or 

catastrophic disturbance assessments.  Using this model, we can provide answers to the question: 

What are the best strategies to meet water and energy demands over time for municipal 

communities and the agricultural industry in the presence of uncertain future population growth, 

climate, individual and institution perception, and technological development?  In addition, this 

research will complete a critical first step towards an encompassing approach to water 

infrastructure planning and management that will eventually fully consider water demand 

management, evolving climate predictions and long-term water resources quality. 

 

(2) GoldSim Modeling framework 
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 To accelerate development of a future ARVIN optimization model, regional FEW system 

dynamics models are developed using GoldSim (Kossik and Miller 2009) and linked to form the 

state model.  GoldSim is graphical and object-oriented computer simulation program.  GoldSim 

uses icons, called elements, to represent the components of the system being modeled.   GoldSim 

is particularly well-suited to large water resources system planning and management since it is 

designed to facilitate the construction of large and complex models.  Further, it allows users to 

conduct sensitivity analyses system parameters over expected ranges including population and 

water demand parameters (growth rate, per-capita water use, and spatial demand distributions). 

 

(3) FEW management and alternatives 

 The Goldsim-based ARVIN-FEW is capable of investigating the benefits of alternative 

solutions for FEW systems.  Potential alternative solutions for the food system are irrigation 

efficiency improvement and alternative crop patter.  For the energy system, demand management 

and increasing transmission capacity are alternative solutions.  Finally, for water system, options 

for water conservation and infrastructure development are imbedded in the model. 

 

(4) Agricultural water use estimation 

 Monthly agricultural water use is estimated for specific crops based on reference 

evapotranspiration using meteorological data obtained from the Arizona Meteorological Network 

(AZMET), a near-real time information system that provides weather-based information to 

Arizona’s agricultural and horticultural producers (Brown and Russell 1996), basal crop 

coefficient, function of crop type and stage of growth, are used.  Irrigated agricultural lands are 
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identified using crop-specific land cover classification product, Cropland Data Layer (CDL), 

developed by the National Agricultural Statistics Service (NASS) (Boryan et al. 2011). 

 

(5) Sustainability index 

 Each groundwater sub-basin’s long-term time varying ability to provide water is defined 

using Huizar’s (2017) sustainability index that represents the number of years of water available 

for use in a given point of time.  The sustainability index is a comprehensive high-level metric 

that allows stakeholder and modelers to easily understand the “what-if” simulation results. 

 

3.2. Study 2 (Appendix A)   

(1) Realistic LP model 

 The building block of this analysis is the realistic model representation of the RWSS that 

was validated by local water officials.  A unique aspect of this model is that losses are accounted 

on each arc.  Losses include 3% evaporation from the recharge basin pools (3%) and from pipes 

(10%).  The total system loss is a percentage of the total demand and was provided by utility 

officials.  Realistic cost functions (Woods et al. 2012) are applied to reflect the cost of 

groundwater pumping, water, and wastewater treatment, and general distribution to users.  User 

demand patterns used for the LP model are based on Tucson’s monthly water demand in 2011.   

 

(2) Resilience benefits and economic costs of preventative actions  

 RWSS resilience is quantified using volumetric severity or the ratio of the volume of 

water demand that is not satisfied within a single failure mode to the demand at the end failure 

period (Huizar et al. 2017).  Larger volumetric severities indicate more severe failures.  Twenty-
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five preventive actions are tested using this index to illustrate their resilience benefits.  To show 

total benefit induced by the preventive actions, their construction/implementation costs and 

economic losses due to water shortage are evaluated.   

 

3.3. Study 3-1 (Appendix B) 

(1) A quantitative water distribution system classification scheme is developed 

 A rigorous WDS classification scheme is not available and needed by WDS researchers 

and practitioners to support a range of analyses and develop general guidance for system 

designers and managers.  The proposed WDS classification scheme can provide baselines when 

investigating the impact of network topology on the suitability of uncertainty and resilience 

analyses and optimization techniques.  

 

(2) Inadequateness of graph theory metrics for quantifying system resilience 

 Graph theory system structure metrics can be used to classify system topology and to 

provide a means for and assist in comparisons between systems.  However, as shown in this 

paper, these structure metrics are inadequate for measuring system redundancy and resilience, in 

particular, if graph theory metrics are used without considering the WDN hydraulic behavior. 

 

3.4. Study 3-2 (Appendix C) 

(1) Uncertainty analysis applications 

 The adequacy of FOSM accuracy is examined for three WDN applications: calibration 

assessment, abnormality identification, and system design.  Depending on application type, 

uncertainty levels and cross correlations between nodal demands increases are treated differently. 
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Alternative applications have not been addressed in uncertainty analysis or generally within the 

WDN field. 

 

(2) Comprehensive analysis of FOSM  

 Critical factors (system stress, network topology, and pipe diameter) that affect FOSM 

accuracy are identified in a novel study.  For most system types, the normality assumption for 

nodal pressure head is acceptable and FOSM provides satisfactory uncertainty estimates when it 

is employed in different applications.  For most networks, very good uncertainty estimations for 

the nodal pressure heads are obtained even for peak demand conditions.  The branched systems, 

however, are less linear and FOSM performs poorer compared to grid and loop systems.  

Moreover, the accuracy of FOSM is not dependent on the pipe size.  Thus, the most critical 

factor affecting the FOSM accuracy appears to be network topology. 

 

3.5. Study 3-3 (Appendix D) 

(1) Pipe break isolation using isolation valves  

 In practice, if a WDN pipe fails, before repairing the pipe the water utility must first 

locate and close nearby valves.  Thus, during repair, a portion of the network will be out of 

service.  The utility’s goal is to minimize the break’s impact by isolating the smallest area or 

fewest customers.  For this study, three-step graph theory based algorithm developed by Zhuang 

et al. (2012) is used to determine valves for pipe break isolation 

 

 

 



42 

 

(2) MCS to randomly locate valves 

 No definitive rule or approach is available for locating isolation valves.  Some utilities 

apply the N or N-1 rules at each pipe junction in which valves are placed adjacent to the node in 

all (N) or all but one connected pipe, respectively.  Without a well-defined rule for defining 

isolation valve locations, it is assumed that valves were located based on engineering rules of 

thumb based on the average number of valves per pipe.  A MCS approach is applied to locate the 

valves based on the defined valve density (the average number of valves per pipe).  Optimization 

of valve locations could be applied to minimize the impact but is not the goal of this study and, 

as demonstrated, it may not have a notable change.   

  

(3) Quasi-pressure driven analysis 

 EPANET (Rossman 2000) is based on demand-driven analysis in which the nodal 

demands are always satisfied, regardless of the nodal pressure head.  To account for the actual 

flows supplied to customers under abnormal conditions, the quasi pressure-driven analysis from 

Wagner et al. (1988) is employed and the available nodal demand is calculated. 
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4. CONCLUSIONS AND FUTURE WORK 

Sustainable, robust, and resilient water resources planning and management (WRPM) has 

emerged as a major concern, not only for decision makers and water utilities but also for 

academic researchers.  A water resources system is very complex since its enormous number and 

diverse components are connected and interrelated.  To establish effective management and 

planning for the water resources system, decision makers and planners can disaggregate large 

water resources systems into multiple scales based on geographical boundaries and the 

management and planning goals.  

 Arizona’s WRPM can be divided into four interdependent scales based on its spatial 

dimension as: basin, state, planning area, and local planning area.  Colorado River flows drive 

allocations to the state (basin scale) that, in turn, are distributed among in-state users (state 

scale), with implications on planning decisions (e.g., ADWR planning area scale).  Options such 

as re-allocation of water or large-scale infrastructure (ocean desalination), cut across scales.  

Planning tools must acknowledge these interactions and find a coordinated approach to solution 

of the multi-scale problem.  Lastly, planning areas are partitioned into local planning areas.  At 

the local scale, existing regional water supply systems (RWSS) including infrastructure such as 

water/wastewater treatment plants, recharge facilities, reservoir, and water distribution system 

(WDS) and network (WDN) can be modelled and used to assess local water resources.   

 This dissertation focuses on three different scale water systems: statewide, regional, and 

local.  Based on the defined functional requirements and goals for each water system, adequate 

models and analysis techniques are developed and used.  First, ARizona Value INtegrated Food-

Energy-Water (ARVIN-FEW) is developed as a result of Study 1.  ARVIN-FEW does not only 

benefit Arizona but also will help to incorporate simplified representations of California and 
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Nevada within our modeling effort, acknowledging the importance of inter-state cooperation to 

regional infrastructure planning.  ARVIN-FEW’s method is sufficiently general for transfer to 

other states/regions to help decision makers while planning and managing water resources.   

 Study 1 has laid the foundation for future studies which may include: 

• Extension of ARVIN-FEW to consider uncertainty in areas of climate, population, 

and economic growth. 

• Use ARVIN-FEW in Failure Mode Effect Criticality Analysis (an alternative risk 

assessment method) framework to better inform decision makers on potential 

resilience vulnerabilities. 

• Developing ARVIN-FEW optimization model based on ARVIN-FEW system 

dynamics model. 

• Estimating economic value of agricultural, municipal, and industrial water uses.  We 

have initiated this task starting from the agricultural and municipal water uses. 

 The second study assessed the effectiveness of twenty-five preventive actions by 

investigating a five days failure at the pump station using a Linear Programming (LP) flow 

allocation model is employed to represent a proposed RWSS on the southwest side of Tucson, 

AZ.  In this next demonstration setting, the failure timing, demand (as a function of population 

growth and water use), and supplies are assumed to be certain.  The next step in this line of 

research is to conduct Monte Carlo simulation to consider those parameters as uncertain.  

Determining the optimal tank and pipeline sizes under failure scenarios (i.e., tri-level 

optimization) is another useful next research direction.  Further, investigating the optimal water 

demand reduction percentage including household outdoor water demand, household indoor and 

commercial outdoor water demands could be assessed using the marginal costs of the various 
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uses.  Finally, this study focuses on two resilience characteristics, robustness and redundancy.  

Future work should investigate the other two resilience characteristics, resourcefulness and 

rapidity, on RWSS resiliency. 

 For the third study, the impact of network topology on the accuracy of first-order second-

moment approximation method and WDN robustness and resiliency are investigated.  To 

identify underlying network topology within a WDN, the quantitative system characteristic and 

graph theory-based WDS classification scheme was used.  The third study explore that network 

topology plays a critical role on the accuracy of FOSM and system robustness and resiliency.  

Additional investigation is needed especially for third sub-study to extend the study’s approach 

to consider multiple pipe and valve failure due to catastrophic event.  Further, this study focuses 

on two resilience characteristics, robustness and resourcefulness.  Future work should inspect the 

other two resilience characteristics, redundancy and rapidity, on WDS resiliency. 
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ABSTRACT 

This study explores the impact of various strategies on the robustness and resilience of regional 

water supply system (RWSS) during major component failure for a region in southwest Tucson, 

AZ.  To alleviate the functionality losses due to the failure, strategies include (1) restricting 

water demand, (2) constructing pipelines as alternative water supply pathways, (3) building 

water tanks as backup water storages, and (4) maintaining the Central wellfield as a backup 

source.  RWSS robustness is quantified using functionality (ratio of supply to demand) while 

resilience of RWSS is estimated based on user severity (maximum functionality loss) and 

volumetric severity (total water deficit during the failure as a fraction of demand at the end of 

failure).  Economic losses due to water deficit also are calculated.  A Linear Programming (LP) 

model determines the optimal regional flow allocation while minimizing operation and 

maintenance costs. Tradeoff functions are developed to demonstrate the relationship between 

RWSS resilience and cost.  A range of component repair times (failure duration) and failure 

mailto:hweehwnag@email.arizona.edu
mailto:lansey@email.arizona.edu
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timings are also examined.  This study is useful illustration of the merit of including resilience in 

infrastructure decision-making. 

 

Author keywords: Regional water supply system; linear programming; Robustness; Resilience; 

Economic losses 

 

INTRODUCTION 

A regional water supply system (RWSS) is a complex network composed of several sources 

(surface, ground, and reclaimed water), physical components (water/wastewater treatment plants, 

pump stations, storage tank, and water distribution networks), and users (agricultural, industrial, 

and municipal).  It is intended to supply water to satisfy the users’ demands with adequate water 

quality.  As a critical infrastructure, the RWSS plays a key role in protecting public health, 

promoting economic prosperity, and ensuring a good quality of life.  It must be robust and 

resilient to withstand disturbances due to natural disaster, terrorist attack, system aging, and 

excessive demands.  

 Robustness and resilience are becoming distinct topics for critical infrastructure including 

water distribution (Diao et al. 2016; Greco et al. 2012; Jung et al. 2013; Jung et al. 2016; Klise et 

al. 2017), power (Gholami et al. 2017; Lin and Bie 2017; Lloret-Gallego et al. 2017; Ouyang and 

Duenas-Osorio 2014; Rose et al. 2007), and transportation systems (Adjetey-Bahun et al. 2016; 

Cox et al. 2011; Ip and Wang 2011; Ta et al. 2009; Zhang et al. 2015).  For a RWSS, Hwang et 

al (2013; 2014) analyzed RWSS resilience considering decentralized wastewater treatment plants 

to identify the best decentralized wastewater treatment plant locations.  Further, Hwang et al. 

(2015) demonstrated the use of resilience-based failure mode effects and criticality analysis 

(FMECA) for conducting risk management in RWSS planning.  The effect of alternative 
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improvements (i.e., constructing decentralized wastewater treatment plant and maintaining 

central well field as a backup water supply) on the system resilience were examined under the 

most critical failure mode identified during the FMECA process.  Kang and Lansey (2012(a); 

2012(b)) applied scenario-based robust and multi-objective optimization to the design water and 

wastewater infrastructure for RWSS considering demand uncertainty.  More recently, Lan et al. 

(2015) proposed a scenario-based robust optimization model for the RWSS design considering 

the risk of facility failure. 

 To our knowledge, no studies have been conducted that analyzes the impact of water 

demand reduction and tank/pipeline capacities on RWSS robustness and resilience as conducted 

here.  To that end, a Linear Programming (LP) flow allocation model is employed to represent a 

proposed RWSS on the southwest side of Tucson, AZ.  The model determines the optimal flow 

allocation within the RWSS that minimizes cost under normal operations and during failure 

scenarios.  Based on the analysis results, the following questions are addressed: 

1. What strategies can improve the RWSS resilience? 

2. How do RWSS robustness and resilience change with the improvements in system 

redundancy (reducing water demand, installing storage tanks, pipeline to add redundant 

water path, and maintaining groundwater source)? 

3. How is RWSS robustness and resilience affected by percentage reductions in water 

demand, storage tank sizes, and pipe flow capacities?   

4. What is the relationship between system resilience and the improvement strategies’ 

costs? 

5. How is resilience affected by the component time to repair (failure duration) and failure 

timing? 
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DEFINITION OF RESILIENCE FOR REGIONAL WATER SUPPLY SYSTEMS 

To perform a valid comparison, we begin by defining robustness and resilience.  According to 

Hashimoto et al. (1982), resilience represents the rapidity of the system recovery after a failure 

event.  Conceptually, they defined resilience as the likelihood that a system will recover from a 

failure, once a failure has occurred in the system.  Mathematically, they defined it as the 

probability of recovery from failure in a single time step.  A more resilient system has a higher 

probability of recovery.  This definition has inspired several studies.   For example, Vogel and 

Bolognese (1995) used this definition to develop relationships for reservoir system resilience.  

Fowler et al. (2003) and Sandoval-Solis et al. (2010) used this definition to examine the 

resilience of the Yorkshire, UK water resource system against alternative climate change 

scenarios and evaluated and compared alterative water management policies.  An alternative 

mathematical measure of resilience was suggested by Moy et al. (1986) as the maximum failure 

(shortage) duration. 

 A comprehensive measure of resilience should be able to estimate a system’s ability to 

avoid failure as well as to recover quickly.  However, Hashimoto et al. (1982) only considers 

system’s ability to recover.  For example, if one failure mode generated more severe impact than 

another failure mode although the two failure modes have the same probability of recovery, 

which system is more resilient?  To resolve this limitation, Lansey (2012) described four system 

properties should be addressed in water systems to quantify resilience inspired by Bruneau and 

Reinhorn (2006).  The four properties are: 

• Robustness: ability of a system to maintain its full function when it suffers from 

significant disturbance 

• Redundancy: capability of a system to satisfy demand in the event of disturbance 
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• Resourcefulness: ability of a system to identify problems and respond to a failure 

event by applying material and human resources during the recovery process 

• Rapidity: the speed at which resources are deployed and satisfactory functionality is 

reached 

 In RWSSs, robustness reflects the ability of the entire system to withstand damage and 

disruptions.  Robustness can be enhanced by increasing the component capacity or developing 

robust system maintenance program.  Redundancy can be measured by the extent that alternative 

path water can be transported to the users if some components lose function.  RWSS redundancy 

can be improved if additional transmission lines and add backup storage tanks are installed.  

Resourcefulness is related to the availability of materials, supplies, repair crews, and other 

resources to restore functionality.  Thus, resourcefulness can be improved by developing 

diagnostic and damage detection methodologies and maintain trained repair crew for sufficient 

failure identification and repair and extra water resources.  Finally, rapidity can be strengthened 

by using online system to identify component failures quickly or properly training and locating 

repair crew and supplies for fast response (Lansey 2012). 

 

Robustness and Resilience Metrics for Regional Water Supply System 

Based on these concepts, Huizar et al. (2017) introduced a set of robustness and resilience 

metrics for water systems addressing four resilience properties.  The following section describes 

metrics applied here.  Functionality describes the state of a system by relating the ability of the 

system to provide a service relative to the demand placed upon it.  Here, it is defined as the ratio 

of supply water relative to the user demand or: 
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Functionalityt = 𝑓𝑡 =

𝑆𝑡
𝐷 𝑡

 (1) 

where 𝑆𝑡 is the volume of supplied water to users during time 𝑡 and 𝐷𝑡 is the volume of users 

water demand.  

 Resilience should encompass failure magnitude and duration.  Thus, the minimum 

functionality for an event is defined as user severity (i.e., Hashimoto et al.’s resilience).  Severity 

indicates the maximum functionality degradation during the failure period or: 

 User Severity = min
𝑡0<𝑡<𝑡𝑓

𝑓𝑡 (2) 

where 𝑡0 and 𝑡𝑓 denote time at which failure occurs and end, respectively. 

 Volumetric severity represents the volume of water demand that is not met during the 

failure period (𝑡𝑓 − 𝑡0) divided by the demand at the final time step (𝐷𝑡𝑓) or:   

 

Volumetric Severity =
∑ 𝑋𝑡
𝑡𝑓
𝑡=𝑡0

𝐷𝑡𝑓
 (3) 

where 𝑋𝑡 is the volume of water that is not met. 

 For the case shown in Figure 1, blue line represents the available water for RWSS users. 

User demand is represented by red dotted line.  Until 𝑡0, there is excessive water supply.  During 

this period, functionality equals 1.0 since all demands are satisfied.  However, available water 

decreases beginning at 𝑡0 and water shortages occur until sufficient water supply is available to 

fulfill demand.  Here, the severity is represented by the depth of functionality loss at 𝑡0.  The 

failure’s volumetric severity is denoted by the gray area.  In Huizar et al. (2017), functionality is 

used to quality system robustness.  Furthermore, severity and volumetric severity are 

characterized as resilience indicators along with the time to repair.  The recovery time or time to 
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repair is a function of system resourcefulness in developing and the rapidity of responses.  In this 

application, the impact of repair times is evaluated in a sensitivity analysis. 

 

METHODOLOGY 

To assess robustness and resilience, the above resilience metrics are evaluated for a RWSS under 

a set of disturbance scenarios.  Disturbances are also imposed on the RWSS with additional 

infrastructure (tank storage, pipeline capacity, and an additional wellfield supply) and demand 

reductions to assess the benefits of their impact relative to their cost.  To perform those 

evaluations, a simulation-optimization network flow model for a portion of the City of Tucson 

RWSS was developed.  The model’s goal is to minimize the cost of satisfying water demands.  

The following section introduces the disturbances that were assessed.    

 

Linear Programming RWSS Model  

A network flow model is an arc/node model representation with arcs defining conveyance 

systems (canal or pipe line).  Nodes are locations of interest such as a junction of two arcs, 

demand centers, or facilities such as water/wastewater treatment plants, recharge facilities, and 

pump stations.  Variable nomenclature is summarized in Table 1. 

 

Objective Function 

The objective function consists of costs for normal operations and for operations during failure 

scenarios.   

Minimize ∑ ∑𝑐𝑖𝑗𝑡𝑞𝑖𝑗𝑡
𝑜

𝑡∈𝑇(𝑖,𝑗)∈𝐴

+ ∑ ∑ 𝑐𝑖𝑗𝑡𝑞𝑖𝑗𝑡
𝑓

𝑡∈𝑇𝑓(𝑖,𝑗)∈𝐴

+∑𝜎𝑖𝑡𝜃𝑖𝑡𝑓
𝑓

𝑖∈𝑈

 (4) 
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Optimal Water Allocation at Normal Operation 

Objective function (Eq. 5) is the first summation in Eq. 4 and minimizes the cost of treating and 

distributing water to users from the available sources under normal operations.   

 Minimize ∑ ∑𝑐𝑖𝑗𝑡𝑞𝑖𝑗𝑡
𝑜

𝑡∈𝑇(𝑖,𝑗)∈𝐴

 
 

(5) 

 Subject to   

 − ∑ 𝑞𝑖𝑗𝑡
𝑜

{𝑗:(𝑖,𝑗)∈𝐴}

+ ∑ 𝜇𝑗𝑖𝑞𝑗𝑖𝑡
𝑜

{𝑗:(𝑗,𝑖)∈𝐴}

= 𝑏𝑖𝑡, 𝑖 ∈ 𝑁𝑆;  𝑡 ∈ 𝑇 (6) 

 𝑊𝑖𝑡−1
𝑜 + ∑ 𝜇𝑗𝑖𝑞𝑗𝑖𝑡

𝑜

{𝑗:(𝑗,𝑖)∈𝐴}

− ∑ 𝑞𝑖𝑗𝑡
𝑜

{𝑗:(𝑖,𝑗)∈𝐴}

= 𝑊𝑖𝑡
𝑜 , 𝑖 ∈ 𝑆, 𝑡 ∈ 𝑇 (7) 

 𝑉𝑖𝑡−1
𝑜 + ∑ 𝜇𝑗𝑖𝑞𝑗𝑖𝑡

𝑜

{𝑗:(𝑗,𝑖)∈𝐴}

− ∑ 𝑞𝑖𝑗𝑡
𝑜

{𝑗:(𝑖,𝑗)∈𝐴}

= 𝑉𝑖𝑡
𝑜 , 𝑖 ∈ 𝑆𝑇, 𝑡 ∈ 𝑇 (8) 

 ∑ 𝑞𝑖𝑗𝑡
𝑜

{𝑗:(𝑖,𝑗)∈𝐴}

≤ 𝑃𝑖𝑡 , 𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 (9) 

 ∑ 𝜇𝑗𝑖𝑞𝑗𝑖𝑡
𝑜

{𝑗:(𝑗,𝑖)∈𝐴}

≤  𝑅𝑇𝑖𝑡,          𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 (10) 

 ∑ 𝜇𝑗𝑖𝑞𝑗𝑖𝑡
𝑜

{𝑗:(𝑖,𝑗)∈𝐴}

≤ 𝐶𝑖𝑡,    𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇 (11) 

 0 ≤ 𝑞𝑖𝑗𝑡
𝑜 ≤ 𝑄𝑖𝑗𝑡,   (𝑖, 𝑗) ∈ 𝐴, 𝑡 ∈ 𝑇 (12) 

 

Each node 𝑖 ∈ 𝑁𝑆 is associated with quantity 𝑏𝑖 that represents the net water supply or demand 

rate. 𝑏𝑖 is negative, positive, and zero for supply, demand and transit nodes, respectively.  𝑊𝑖 , 𝑖 ∈

𝑆 denotes aquifer storage for node 𝑖 if node 𝑖 ∈ 𝑆. 𝑉𝑖, 𝑖 ∈ 𝑆𝑇 denotes tank storage for node 𝑖 if 

node 𝑖 ∈ 𝑆𝑇. 𝑃𝑖 , 𝑖 ∈ 𝑁 is the pumping capacity for node 𝑖 and 𝑅𝑇𝑖 represents the treatment 

capacity if 𝑖 is a treatment plant or recharge facility.  For each arc (𝑖, 𝑗) ∈ 𝐴, 𝑄𝑖𝑗𝑡 denotes the 
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pipeline capacity and 𝜇𝑖𝑗 denotes the loss multiplier to account for water leakage.  The decision 

variables 𝑞𝑖𝑗𝑡
𝑜  are the flows from node 𝑖 through node 𝑗 at time 𝑡 and  𝑐𝑗𝑖𝑡 is the unit cost for 

carrying flow from node 𝑖 through node 𝑗 at time 𝑡. 

 The objective function (Eq. 5) means the total operational cost over normal operation 

time.  Constraints (Eqs. 6-8) represent conservation of mass for non-storage, storage nodes, tanks 

respectively while Eqs. 9-11 are the capacity bounds on the total flow that may enter and/or 

leave certain nodes.  Eq. 11 bounds the total flow into a node the tank storage capacity and Eq. 

12 restricts flow to be non-negative and less than the link capacity.  

 

Optimal Water Flow Allocation under Failure Scenario 

 Minimize ∑ ∑ 𝑐𝑖𝑗𝑡𝑞𝑖𝑗𝑡
𝑓

𝑡∈𝑇𝑓(𝑖,𝑗)∈𝐴

+∑𝜎𝑖𝑡𝜃𝑖𝑡𝑓
𝑓

𝑖∈𝑈

 
 

(13) 

 Subject to   

 ∑ 𝑞𝑖𝑗𝑡
𝑓

{𝑗:(𝑖,𝑗)∈𝐴}

− ∑ 𝜇𝑗𝑖𝑞𝑗𝑖𝑡
𝑓

{𝑗:(𝑗,𝑖)∈𝐴}

− 𝜃𝑖𝑡
𝑓
|{𝑖∈𝑈,𝑡=𝑡𝑓}  = 𝑏𝑖𝑡,   𝑖 ∈ 𝑁𝑆;  𝑡 ∈ 𝑇𝑓 (14) 

 𝑊𝑖𝑡−1
𝑓

+ ∑ 𝜇𝑗𝑖𝑞𝑗𝑖𝑡
𝑓

{𝑗:(𝑗,𝑖)∈𝐴}

− ∑ 𝑞𝑖𝑗𝑡
𝑓

{𝑗:(𝑖,𝑗)∈𝐴}

= 𝑊𝑖𝑡
𝑓
 𝑖 ∈ 𝑆, 𝑡 ∈ 𝑇𝑓 (15) 

 𝑉𝑖 𝑡−1
𝑓

+ ∑ 𝜇𝑗𝑖𝑞𝑗𝑖𝑡
𝑓

{𝑗:(𝑗,𝑖)∈𝐴}

− ∑ 𝑞𝑖𝑗𝑡
𝑓

{𝑗:(𝑖,𝑗)∈𝐴}

= 𝑉𝑖𝑡
𝑓
,   𝑖 ∈ 𝑆𝑇, 𝑡 ∈ 𝑇𝑓 (16) 

 ∑ 𝑞𝑖𝑗𝑡
𝑓

{𝑗:(𝑖,𝑗)∈𝐴}

≤ 𝑃𝑖𝑡 ,   𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇𝑓 (17) 

 ∑ 𝜇𝑗𝑖𝑞𝑗𝑖𝑡
𝑓

{𝑗:(𝑗,𝑖)∈𝐴}

≤  𝑅𝑇𝑖𝑡, 𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇𝑓 (18) 

 ∑ 𝜇𝑗𝑖𝑞𝑗𝑖𝑡
𝑓

{𝑗:(𝑖,𝑗)∈𝐴}

≤ 𝐶𝑖𝑡,   𝑖 ∈ 𝑁, 𝑡 ∈ 𝑇𝑓 (19) 
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 0 ≤ 𝑞𝑖𝑗𝑡
𝑓
≤ 𝑄𝑖𝑗𝑡(1 − 𝛿𝑖𝑗𝑡

𝑓
),   (𝑖, 𝑗) ∈ 𝐴, 𝑡 ∈ 𝑇𝑓 (20) 

 𝛿𝑖𝑗𝑡
𝑓
∈ {0,1}, 𝛿𝑖𝑗𝑡

𝑓
{
1   if (𝑖, 𝑗) is failed
0           otherwise

 (21) 

Here, objective (13) is to minimize the water shortage across all users during the failure 

condition. In the objective function (eq. 13), 𝜎𝑖𝑡 denotes a penalty cost for water shortage to user 

i and time t.  The constraints in this section are almost identical to those in the optimal normal 

water allocation model with the addition of the Eq. 21 that accounts for pipe failure with the 

binary variable, 𝛿𝑖𝑗𝑡
𝑓

, for an arc (𝑖, 𝑗) failure.  If arc (𝑖, 𝑗) is failed, a value of one is assigned to 

𝛿𝑖𝑗𝑡
𝑓

 else it is given a value of zero. 

 

Unit Cost 

Unit costs are either given from local water officials (here by Tucson Water and Pima County 

Wastewater) for water or wastewater treatment costs or for pumping approximated using the 

general horsepower pump equation as: 

 𝑃𝐻𝑃 = 𝐻
𝑄 ∙ 𝑓𝑝𝑒𝑎𝑘

3960 ∙ 𝑒𝑝𝑢𝑚𝑝 ∙ 𝑒𝑚𝑜𝑡𝑜𝑟
 (22) 

In Eq. 22, 𝐻 is the head supplied by the pump in feet; 𝑓𝑝𝑒𝑎𝑘 is a peaking factor;  𝑄 is the flow in 

gallon per minute; 𝑒𝑚𝑜𝑡𝑜𝑟 is pump motor efficiency;  𝑒𝑝𝑢𝑚𝑝 is pump hydraulic efficiency;  𝑃ℎ𝑝 is 

the required power for peak flow in horse power.  For this study,  𝑓𝑝𝑒𝑎𝑘 is assumed to be one 

while 𝑒𝑚𝑜𝑡𝑜𝑟 and 𝑒𝑝𝑢𝑚𝑝 are 90%.  The energy consumption is multiplied by the unit energy cost 

($0.08/kWhr) to determine total energy cost.  A 4% discount rate is applied to the unit costs to 

compute the present worth of the operation costs over time. 

  



65 

 

APPLICATION 

Tucson Regional Water Supply System 

The application system is known as the RESIN planning area is located on the southwest side of 

Tucson, AZ.  The RESIN area is composed 19 pressure zones separated by 33.5 m (110 ft.) in 

elevation (Figure 2) denoted in alphabetical order starting from with Zone C.  For this study, 

seven pressures zones from Zone C to Zone I are considered and 10 subzones.  The LP model 

computes the optimal allocation of potable and non-potable water that minimizes the operational 

cost for a 41-year period at a daily time step (from 2010 to 2050).  The model is solved using 

MATLAB (Moler 1982) with IBM ILOG CPLEX (IBM ILOG CPLEX 2009). 

 Population estimates were taken from multi-year WISP planning studies (Water & 

Wastewater Infrastructure, Supply & Planning Study (Take et al. 2009)).  WISP was initiated by 

the local governments and gives the more conservative or “High” population estimate used here. 

Based on population estimates for each zone and for each year, demands are calculated using the 

standard planning value, per capita use of 511 liters per capita per day (lpcd) (135 gallons per 

day (gpcd), used by Tucson Water for municipal and commercial areas.  The 52% of total 

demand is assumed to be for potable uses and the remaining 48% is non-potable consumption.  

These percentages are based on 76 lpcd (20 gpcd) for commercial outdoor use, 265 lpcd (70 

gpcd) for household indoor use, and 170 lpcd (45 gpcd) for household outdoor use.  Outdoor 

water use and irrigation are assumed to be consumptive uses.  Potable water sources can supply 

both potable and non-potable user demands depending on water availability and cost. Non-

potable supplies are only acceptable for non-potable uses. 

 Water demands vary following a monthly demand pattern that is based on 2011 records 

from Tucson Water (Table 1).  The proportion of the monthly demand to the annual demand is 
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assumed to follow the pattern of proportional demands from 2011.  Growth and demand 

projections are based on ongoing regional planning study for the Tucson Active Management 

Area. 

 A schematic of the centralized system sources and connections from sources is shown in 

Figure 3Error! Reference source not found..  CAP water is taken from the canal and delivered t

o one of the three recharge facilities; Central Avra Valley Storage and Recover Project 

(CAVSARP), Southern Avra Valley Storage and Recovery Project (SAVSARP), and Pima Mine 

Road Recharge Project.  Water from CAVSARP is sent to Hayden-Udall Water Treatment Plant 

(HUWTP) for chlorination before being supplied to the Martin Reservoir (MR).  Water from 

SAVSARP is chlorinated in Plant 9 WTP and piped to MR. 

 An additional transmission line was constructed at SAVSARP and activated in 2013.  

This transmission line connects to the main CAVSARP transmission line before continuing to 

HUWTP.  The point where the two waters mix is referred to as the CAVSARP Interconnect.  

The water that reaches HUWTP is chlorinated before being boosted the Clearwell Reservoir 

(CWR) near the top of the Tucson Mountains.  From CWR, water flows eastward through a 

series of pressure reducing valves. 

 Water recharged at PMR is not extracted for direct use as this facility is meant for long 

term storage.  Chemical analysis of Santa Cruz Wellfield (CWF) withdrawals, however, has 

demonstrated that recharged waters move laterally through this aquifer zone.  Water extracted 

from SCWF is chlorinated at the well head and boosted to MR.  The potable source mixture at 

MR is checked for chlorine concentration and, if necessary, the flow is re-chlorinated before 

being delivered to the Zone C interconnection point.  The interconnect represents a large water 

main where MR and CWR flows mix.  From this point, water can then be sent to the RESIN area 
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through the Zone C entrance or it can be boosted up via the Kolb booster station to enter the 

RESIN area from the northern portion of Zone F (Houghton area). 

 Any reclaimed water from the RESIN area is collected in the sewer interceptor lines 

(Figure 3) and flows to the Roger Road Water Reclamation Facility (RRWRF) for secondary 

treatment.  In 2014, the RRWRF was replaced with the Agua Nueva Water WRF (ANWRF).  If 

the inflow is greater than the plants treatment capacity excess is diverted to the Tres Rios WRF 

(formerly named the Ina Road WRF) and released to the Santa Cruz river after treatment.  

RRWRF effluent can be dechlorinated and released into the Santa Cruz river, sent to Tucson 

Water Reclamation Facility (TWRF) for tertiary treatment, or sent to the Sweet Water Recharge 

Facility (SWRF) to be recharged and used when needed to meet non-potable water demands.  

Recharged water pumped out of SWRF is also sent to TWRF for treatment.  TWRF acts as the 

main distribution center for reclaimed water in Tucson.  Much like the Zone C Interconnect, 

reclaimed water from this facility can either be pumped to the RESIN Zone C inlet via the 

Mission booster or pumped up to the northern Zone F inlet. 

 Potable supply can be directly distributed from the Zone C interconnect to serve both the 

potable and non-potable demands in that zone or it can be sent to the main tank in that zone.  A 

single main tank is located at the highest point of each zone or sub-zone.  From this zonal tank, 

residual supply after the first zones demands have been met is boosted to the next highest zone 

(Zone D).  This supply can be used for direct distribution to meet the demand in Zone D, or 

pumped to that next zone’s tank.  This stair-stepping process is repeated until flow reaches the 

final zone (Zone I). 

 Non-potable supply follows a similar progression.  The difference being that non-potable 

supply can only be used to meet non-potable demand.  This system boosts flow between zones 
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with pump stations and does not use reservoirs.  The other main system component shown in 

Figure 3 is the sewage return system.  Water is only reclaimed after potable use under the 

assumption that potable demand is purely indoor use.  Further, it is assumed that 98% of this 

water will be returned via gravity flow (at no cost) to the RRWRF for treatment.  Within the 

model, reclaimed water is collected, treated and redistributed within a single year.   

The northern Zone F inlet is necessary due to a system divide created by Interstate 10 (I-10) that 

splits zones F, G, and H into two sub-zones.  This zonal divide is depicted in Figure 3.  For 

identification purposes, the zonal names have been appended by either an N (northern sub-zone) 

or an S (southern sub-zone). 

 

Resilience Performance Goals 

The performance goal for this study is to reduce functionality losses (water shortage) during 

hazard events.  To have a resilient RWSS, we must be able to respond and adapt to stresses and 

shocks that pose a risk to the security of our water supply by employing adequate strategies.  To 

diminish functionality losses due to major component failure, the following strategies can be 

implemented to mitigate impacts while enhancing system robustness and resilience. 

 

 

Restrictions on Household Outdoor Water Use 

Water restrictions can be a key tool for responding to the infrastructure failure.  The community 

is generally supportive of water restrictions with reasonable limits on how often and for how 

long they are in place.  Since indoor water use has a higher economic value than outdoor use 

(Jenkins et al. 2003), restrictions are only applied to household outdoor water demand, such as 
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water gardens, washing cars, and filling swimming pools.  For this study, four outdoor water 

demand reduction rates, 10%, 30%, 60%, and 100%, are employed to examine the relationship 

between the amount of demand cut and system robustness/resilience. 

 

Transmission Pipes to Connect the North and South Area 

A series of transmission pipes can be installed between the northern and southern sub-zones.  

The lengths of pipes connecting Zone FN and FS (Pipe FN-FS), GN and GS (Pipe GN-GS), and 

HN and HS (Pipe HN-HS) are 5.47 km (3.40 mi.), 2.62 km (1.63 mi.), and 1.19 km (0.74 mi), 

respectively.  For this study, it is assumed that 200 m (656 ft) of horizontal boring is needed to 

install the pipelines under I-10. 

 Clark et al. (2002) developed equations to estimate the cost considering material and 

installation as:  

 𝑦 = 𝑎 + 𝑏(𝑥𝑐) + 𝑑(𝑢𝑒) + 𝑓(𝑥𝑢) (23) 

where y = unit pipe cost ($/ft); x = pipe diameter in inches; u = indicator variable; and a, b, c, d, 

e, and f are component-specific parameter values estimated using regression analyses.  Total pipe 

construction costs are the sum of base installation cost, trenching and excavation, embedment, 

backfill, compaction, horizontal boring, and traffic control costs.  Costs for valve, fittings, and 

hydrants are also considered. 

  Using the pipe construction cost parameters (Table 3) and Eq. 23, the unit pipe 

construction costs ($/m) for eight diameters are computed based on the design criteria and 

conditions in the RESIN area, and summarized in Table 4 that is scaled by the length to compute 

the pipeline costs.  The maximum allowable flow rates transported through these pipes are 
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calculated based on their diameters and typical maximum water flow velocity of 1.52 m/s (5 

ft/s). 

  

Storage Tanks 

Water storage tanks can provide system resilience, supply reliability, maintain pressure, equalize 

pumping,  reduce transmission main sizes and improve operational flexibility and efficiency 

(Mays 2000).  To investigate the impact of storage tank efficiency on the robustness and 

resilience of RWSS, five candidate tank capacities including 3,785 m3 (1 million gallons (MG)), 

7,571 m3 (2 MG), 11,356 m3 (3 MG), 15,142 m3 (4 MG), and 18,927 m3 (5 MG) are considered.  

The minimum water level in tank is determined based on the criteria from City of Tucson (City 

of Tucson 2006) and U.S. Fire Administration (Hickey 2008). 

 Tank costs include capital and operation and maintenance (O&M) costs and is 

determined by: 

 𝐶𝑡𝑎𝑛𝑘,𝑡𝑜𝑡𝑎𝑙 = 𝐶𝑡𝑎𝑛𝑘,𝑐𝑎𝑝𝑖𝑡𝑎𝑙 + 𝐶𝑡𝑎𝑛𝑘,𝑂&𝑀 = (𝑐𝑡𝑎𝑛𝑘 × 𝑉𝑡𝑎𝑛𝑘) + (𝑐% × 𝐶𝑡𝑎𝑛𝑘,𝑐𝑎𝑝𝑖𝑡𝑎𝑙) (24) 

where 𝐶𝑡𝑎𝑛𝑘,𝑡𝑜𝑡𝑎𝑙 is the total tank cost ($) and 𝐶𝑡𝑎𝑛𝑘,𝑐𝑎𝑝𝑖𝑡𝑎𝑙 is the capital cost for building a 

storage tank with capacity 𝑉𝑠𝑡𝑜𝑟𝑎𝑔𝑒 (gallon).  𝑐𝑡𝑎𝑛𝑘 is the cost of storage tank capacity ($/gallon). 

𝑐% is tank O&M costs fraction of capital cost.  For this study, 𝑐𝑡𝑎𝑛𝑘 and 𝑐% values of 0.80 

$/gallon and 1% of the capital cost, respectively, are used based on engineering judgment. 

 

Central Wellfield 

For many years Tucson’s primary water resource was groundwater from the Central wellfield 

(CWF).  However, overpumping resulted in significant aquifer overdraft and subsidence issues.  

CWF has been replaced by CAP water.  However, Tucson Water sees value in maintaining and 
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periodically exercising the 152 CWF wells/pumps that can produce 397 million of liters per day 

(105 MG per day) as long-term backup potable supply (Tucson Water 2017).  Groundwater from 

the CWF can be pumped to the RESIN area through the Zone C interconnection point.  Cost to 

lift CWF water from the aquifer to the well head ($35/million liters or $132/million gallons) 

were included in the model to reflect CWF water delivery costs.  

  

Preventive Actions 

Preventive action is defined as an action taken to eliminate or mitigate the causes of potential 

defect (i.e. injury, property damage, system damage etc.) or other undesirable situation to prevent 

its occurrence (International Organization for Standardization 1994).  With the strategies 

explained above, a total 25 preventive actions were defined (Figure 4).  To obtain realistic trade-

off functions between the system resilience and costs to implement the preventive actions, real 

costs are required.  Since actual cost for reducing household outdoor water demand (marginal 

economic value of outdoor water use) is not known for this area, the outdoor demand reduction 

is excluded from the preventive actions. 

  

Failure Scenarios 

Of particular interest, here is failure of large infrastructure system components with very low 

and, often undefined, probabilities of occurrence.  A failure scenario is determined based on the 

risk-based FMECA on the network (Hwang et al. 2015).  That analysis revealed that Zone C 

interconnection point pump station failure (presented by a black circle with FS1 in Figure 3), 

FS1, is the most critical component in the system since the most serious water shortage occurs 

when it fails.  To cope with this worst-case scenario, FS1 is assumed to occur in 2030, the 
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middle of simulation period, to provide sufficient time to stabilize the model before and after a 

component failure.  The failure is assumed to occur in June as it has highest water demand.  

Further, it is assumed that FS1 can be repaired in five days (time to repair is five days). 

 Based on the results with the worst-case scenario, several preventive actions can be 

identified that significantly improve the RWSS robustness and resilience.  The identified 

preventive actions’ effectiveness on other failures are examined by employing the next four most 

critical failure scenarios (Hwang et al. 2015) (Zone C Tank (FS2), Zone D Tank (FS3), HUWTP 

(FS4), and CWR (FS5) ).   

 

Economic Value of Municipal Water Use for Tucson 

Component failures may cause economic losses due to water shortage.  To quantify the 

economic losses, penalty functions are necessary for residential water use.  In this study, we 

adapted the approach of Jenkins et al. (2003) by deriving an equation for the estimation of 

consumer willingness to pay to avoid water supply interruption.  To that end, the monthly 

average price elasticity values between 2001 and 2010 given in Clarke et al. (2017) are used. 

  

RESULTS AND ANALYSIS 

Under the normal operations condition, all water demands in the RESIN area are met with $188 

million of overall system operation cost.  However, under FS1, seven pressure zones (Zones C, 

D, E, FS, GS, HS, and I) including the southern sub-zones face total water shortage of 628,000 

m3 (166 MG) with reduction of $100 thousand in overall system cost for the five days failure 

period.  To quantify the economic losses due to water shortage, the piece-wise linear penalty 
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function for water demand in June 2030 is computed and shown in Table 5.  Using the penalty 

function the shortage induces $697 thousand of economic losses. 

 As noted in Figure 5, all potable water demands other than the northern sub-zones are not 

satisfied under FS1.  Since the reclaimed water from TWRF can be conveyed to Zone C through 

the Mission booster station; 47% of non-potable water demands in Zones C, D, E, FS, GS, HS, 

and I are met.  Due to its stair-stepping water supply mechanism, non-potable water demands of 

the lower pressure zones (C and D) are fulfilled first (Figure 5).  However, the non-potable water 

demands for higher pressures zones (FS, GS, HS, and I) cannot be satisfied.  This observation 

confirms that the water shortage can be alleviated with the household outdoor water demand 

reduction since more non-potable water can be conveyed to non-potable users in Zones E, FS, 

GS, HS, and I. 

 Functionality under the failure scenario without the preventive actions (base case) is 

shown (Figure 6).  At this condition, the RWSS functionality (ratio of supply to demand) (and 

user severity) falls to 0.37.  The diminished functionality remains at that level until the failure is 

fully repaired after five days.  The failure induces volumetric severity (total water deficit during 

failure as a fraction of demand at the end of failure) of 3.13.  In other words, the total shortage is 

equivalent to 3.13 times a daily June demands in 2030.   

 

System Response with Outdoor Water Demand Reduction 

As expected, reducing outdoor water demand use can be a valuable tool to improve RWSS 

robustness and resilience (Figure 6(a) and Table 6).  The RWSS becomes more robust with 

larger demand reductions.  For example, user severity (the minimum functionality) increases 

from 0.37 to 0.40, 0.44, 0.54, and 0.56 with 10%, 30%, 60%, and 100% reductions in household 



74 

 

outdoor water demand, respectively.  Further, volumetric severity decreases from 2.99, 2.79, 

2.30, and 2.18 with 10%, 30%, 60%, and 100% reductions in household outdoor water demand, 

respectively.  Consequently, the economic losses decrease with larger demand reductions.  The 

insight for decision makers is that to a degree impacts of failures can be mitigated by non-

structural alternatives.   

 

System Response with Pipes Connecting the North and South Pressure Zones 

The robustness and resilience indicators for the RWSS with Pipe FN-FS, GN-GS, and HN-HS 

are calculated by using Eqs. 1 and 3, are presented in Figures 6(b), (c), and (d) and Table 7.  As 

expected, functionality losses become smaller with larger pipe diameters.  However, if pipe flow 

capacity exceeds the available water that can be transported from the north to south, no 

additional improvements are gained with larger installed pipes.  For example, volumetric 

severities remain at 1.64 if the diameter of pipe FN-FS is greater than or equal to 914 mm (36 

in.).   

 Pipe location also plays key role in mitigating the impact due to FS1.  For example, the 

volumetric severity declines to 1.64 for large pipes between Zone FN and FS.  If similar pipes 

are constructed between Zones GN and GS or Zones HN and HS, the volumetric severity can 

only be decreased to 1.96 or 2.24, respectively, since potable water is not permitted to be 

transported from higher pressure zones to lower pressure zones. 

  

System Response with Storage Tanks 

Storage tanks significantly improve robustness and resilience under FS1.  Compared with the 

functionality plots for the household outdoor demand reduction and pipelines, the storage tanks 



75 

 

enhance robustness of system in a unique way.  For example, the functionality plots with the 

outdoor demand reduction and pipelines (Figures 6(a-d)) show that the degraded functionality is 

constant during the failure.  For example, for Pipe FN-FS with 914 mm (36 in.) diameter, the 

functionality is reduced to 0.67 and return to 1 after FS1 is repaired.    

 Tanks, on the other hand, compensate for water delivery shortages and the maximum user 

severity (the minimum functionality during the failure period) may not occur during an FS1 

failure depending upon the tank size (Figure 6(e)).  After the tank is depleted during the failure, 

functionality drops to the minimum functionality observed in the base case.   For example, with 

18,927 m3 (5 MG) tanks, the functionality is degraded to 0.75 (Figure 6(e)) at the first day of 

FS1.  Then, it is reduced to 0.52, and all water stored in the tanks are distributed during the 

second day of the failure.  Consequently, the functionality becomes 0.37 at the third day. 

 In this RWSS, if total storage capacity of the eight tanks exceeds daily demand of 

216,768 m3 (57 MG), the volumetric severity decreases.  For example, if 3,785 m3 (1 MG) 

storage tanks are installed in each pressure zone (total 37,854 m3 (10 MG)), the volumetric 

severity is 3.04 under FS1 with the economic losses of $676 thousand.  If 18,927 m3 (5 MG) 

tanks are installed, the volumetric severity decreases to 2.60 (Table 8) with the economic losses 

of $572 thousand.  

 

Trade-Off Curve for Tanks and Pipelines 

Figure 7 shows the economic tradeoff between pipelines/tanks construction costs and volumetric 

severity as the surrogate measure for RWSS resilience.  As expected, higher infrastructure 

investments improve system resilience and lower volumetric severity.  For the pipelines (Figure 

7(a)), volumetric severity and pipe construction costs have a linear negative relationship.  
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However, as noted, no benefits are accrued if the pipe construction cost is greater than the 

limiting pipe size noted above.  Volumetric severity and tank construction costs shows a 

relatively flat negative linear relationship (Figure 7(b)).  In this RWSS, the marginal costs and 

absolute costs to achieve similar robustness benefits are lower for additional pipelines than for 

tanks. 

   

System Responsive with All Preventive Actions 

To identify the most effective preventive action (PA) to withstand FS1, 25 volumetric severity 

values are obtained from the LP model and volumetric severity versus total cost (Figure 8) and 

economic versus total cost (Figure 9) are plotted.  Almost all preventive actions reduce the 

volumetric severity and economic losses under FS1 except PA2 (CWF).  Fourteen preventive 

actions (PA3, 7, 8, 10, 13, 14, 16, 17, 19, 20, 21, 22, 23, and 25) reduce the volumetric severity 

approximately 54% (Figure 8).  However, PA costs varied dramatically. PAs 3, 10, 13, 14, 22, 

23, and 25 cost less than $12 million while over $43 million is needed to implement PAs 7, 8, 

16, 17, 19, 20, and 21.   

 The effectiveness of the 14 PAs is further examined under different component failures 

(FS2, 3, 4, and 5) and summarized in Figure 10.  It is noteworthy that although CWF is not 

beneficial for reducing volumetric severity under FS1, FS2, and FS3, it is able to eliminate water 

shortage under FS4 and FS5 (PA10, 16, 17, 22, and 23).  PA16 with a cost of $46.4 million has 

the smallest volumetric severity across all failure scenarios.  The second lowest cumulative 

severity, however, is PA10 with total cost of only $6 million.   
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System Responses with Failure Timing and Recovery 

Since demand follows an annual cycle, failure timing is impacts volumetric severity.  Also, since 

volumetric severity embodies the total undelivered demand, the time to repair (failure duration) 

also affects its magnitude.  To examine these effects, the volumetric severity is computed as a 

function of time to repair and failure timing for PA16 in planning years 2020, 2030, 2040, and 

2049 for FS1 (Figure 11).   

 To this end, the timing of FS1 was varied from the 1st to 365th day of the planning year 

and with time to repair ranging from one day to five days. As seen in the 3-D plot (Figure 11(a)), 

the volumetric severity varies with the monthly demand levels as seen by the height of the plot 

and the failure duration when the plot begins to rise. All demands are satisfied if the failure 

duration is less than two days (indicated by a red line in Figure 11(a)) in all months and no 

impacts would be felt for four days in the lowest demand month, December.  The largest 

volumetric severity occurs in June that has the highest demand (Table 2).  Similar patterns are 

observed for 2030, 2040, and 2049 under the same failure scenarios but more extreme water 

shortages are predicted as the water demands increase over time.  

 For FS1, volumetric severity has a strong positive linear relationship with failure duration 

(time to repair).  Longer failure durations induce larger volumetric severities.  Further, 

volumetric severity is affected by the timing of failure.  For example, although the same failure 

occurs with the same failure duration, the volumetric severity is largest in June.  In other words, 

the failure becomes more critical if it occurs under stressed conditions (recall that the monthly 

peak demand is about 216 million liters per day (57 MG per day) in June in 2030).  In addition, 

volumetric severity is (linear/nonlinear) with the daily demand level as induced by annual 

fluctuations.   
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CONCLUSIONS AND DISCUSSIONS 

The aim of this study is to investigate the impact of four strategies: demand reduction, water 

tank, pipelines to add redundant water path, and the Central wellfield as an alternative backup 

water source, on regional water supply system (RWSS) robustness and resilience during major 

component failures.  To determine flow distribution under failure scenarios, a Linear 

Programming (LP) flow allocation model was developed. 

 First, the effectiveness of 25 preventative actions were examined by investigating a five 

days failure at the pump station near the Zone C interconnection point (FS1).  This pump station 

is the only water path that conveys water from the centralized system to Zones C, D, E, FS, GS, 

HS, and I.  If restrictions are enacted on outdoor water use during the failure, the user severity 

(the maximum functionality loss) and volumetric severity (ratio of total water shortage during 

the failure period to the demand at the end of failure) is decreased.  RWSS resilience is also 

enhanced if tanks and pipelines with appropriate capacities are constructed.  The Central 

wellfield (CWF) option, however, does not alleviate functionality losses under FS1 since it 

cannot deliver water to Zones C, D, E, FS, GS, HS, and I.   

 Second, trade-off functions show that large capacity tanks provide higher 

robustness/resilience benefits than pipelines but require significantly more investment.  Finally, 

the failure timing and time to repair were also important factors and should be investigated 

through sensitivity analysis.  

 Evaluation of other major component failures showed that one solution did not resolve all 

failure conditions and examination of a range of failure states would be helpful to decision 

makers.  To alleviate all impacts of this rare major disruption, costs to add storage and/or 

redundant flow paths are extremely large.  Here, among the 14 preventive actions, PA16 (18,927 
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m3 (5 million gallon) tanks, 914 mm (36 in.) pipeline connecting the north and south Zone F, and 

CWF) is determined as the most compelling action to minimize detrimental impacts but at a high 

cost.    

 Few utilities have likely assessed extreme event scenarios during system design.  The 

approach described here, possibly in the FMECA framework, provides a mechanism to 

determine means of identifying options to mitigate extraordinary disturbances while balancing 

perceived risks and cost.  Multiple unique events should be considered as one solution is unlikely 

to ameliorate the effects of all disturbances.  

 In this next demonstration setting, the failure timing, demand (as a function of population 

growth and water use), and supplies are assumed to be certain.  The next step in this line of 

research is to conduct Monte Carlo simulation to consider those parameters as uncertain.  

Determining the optimal tank and pipeline sizes under failure scenarios (i.e., tri-level 

optimization) is another useful next research direction.  Further, investigating the optimal water 

demand reduction percentage including household outdoor water demand, household indoor and 

commercial outdoor water demands could be assessed using the marginal costs of the various 

uses.  Finally, this study focuses on two resilience characteristics, robustness and redundancy.  

Future work should investigate the other two resilience characteristics, resourcefulness and 

rapidity, on RWSS resiliency. 
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Table 1. Nomenclature 

Indices and sets 

N Set of nodes 𝑖 in the water supply system, , 𝑖 ∈ 𝑁 

ST Set of storage tank nodes, 𝑆𝑇 ⊂ N 

S Set of recharge facility, 𝑆 ⊂ N 

NS Set of non-storage nodes, 𝑁𝑆 ⊂ 𝑁 

U Set of user nodes, 𝑈 ⊂ 𝑁 

A Set of arcs 

𝑖, 𝑗 Upstream and downstream node identifiers, respectively 

T Set of time periods, 𝑡 ∈ 𝑇 

Tf Set of time period when some arcs fails. 

{𝑡𝑓} Failure period 

Parameters 

𝑐𝑖𝑗𝑡 Operational cost for carrying unit flow from node 𝑖 to node 𝑗 at time period 𝑡  

𝜎𝑖𝑡 , 𝜎𝑖𝑡𝑓
𝑓

 
Penalty cost for water shortage for user 𝑖 under normal operation and failure 

scenarios 

𝑑𝑖𝑡 Demand for user node 𝑖 at time period 𝑡 
𝜇𝑖𝑗 Arc(𝑖, 𝑗) loss factor 

𝑃𝑖𝑡 Pumping capacity for node 𝑖 at time period 𝑡  
𝑅𝑇𝑖𝑡 Treatment/recharge capacity for node 𝑖 at time period 𝑡  
𝐶𝑖𝑡 Storage tank capacity for node 𝑖 at time period 𝑡 
𝑄𝑖𝑗𝑡 Pipeline capacity for arc (𝑖, 𝑗) at time period t under normal operation and failure 

scenario, respectively 

𝛿𝑖𝑗𝑡
𝑓

 Failure indicator. If arc(i,j) fails it is 1, otherwise, 0 

Decision variables 

𝑞𝑖𝑗𝑡
𝑜 , 𝑞𝑖𝑗𝑡

𝑓
 Flow on arc (𝑖, 𝑗) at time period 𝑡 under normal operation failure scenario, 

respectively 

𝑉𝑖𝑡
𝑜, 𝑉𝑖𝑡

𝑓
 Storage for node 𝑖 at the end of time period 𝑡 under normal operation and failure 

scenario, respectively, 𝑖 ∈ 𝑆𝑇 

𝑊𝑖𝑡
0 𝑊𝑖𝑡

𝑓
 Storage for node 𝑖 at the end of time period 𝑡 under normal operation and failure 

scenario, respectively, 𝑖 ∈ 𝑆 

𝜃𝑖𝑡𝑓
𝑓

 Water shortage for user node i at time   
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Table 2. Tucson, AZ monthly water demand pattern (2011) 

Month Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Portion of 

Water Total 

Use (%) 

6.86 6.68 7.86 8.36 9.53 10.5 9.73 9.83 8.72 8.56 6.97 6.40 
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Table 3. Pipe construction cost parameters (Clark et al. 2002) 

  Parameters values  
Parameters Type a b c d e f Indicator variable 

Pipe material Ductile Iron -44 0.33 1.72 2.87 0.74 0 52 (Pressure class rating) 

Trenching and excavation Sandy gravel soil with 1:1 

side slope (8 – 144 in.) 

2.9 0.0018 1.9 0.13 1.77 0 6 (Trenching depth) 

Embedment First class and ordinary 1.6 0.0062 1.83 -0.2 1 0.07 0 (Ordinary bedding) 

Backfill and compaction Sandy native soil with 1:1 

side slope 

-0.094 -0.062 0.73 0.18 2.03 0.02 6 (Trenching depth) 

Valve, fitting, and hydrant Medium spacing 9.8 0.02 1.8 0 0 0 No indicator variables 

Horizontal Boring – 504 2 1.5 0 0 0 No indicator variables 

Traffic Control Moderate traffic 

conditions 

0.76 0.0031 1.4 0 0 0 No indicator variables 

  



88 

 

Table 4. Pipe construction costs 

Diameter (mm) 305 457 610 762 914 1,219 1,372 1,524 

Cost without horizontal boring ($/m) 270 391 544 729 941 1,448 1,740 2,056 

Cost with horizontal boring ($/m) 2,870 3,299 3,818 4,416 5,091 6,626 7,486 8,404 
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Table 5. Penalty functions for municipal water use in June 2030 

Water not Delivered (AF) 116 232 348 465 581 697 

Economic Losses ($ thousand) 119.2 241.9 368.1 497.9 631.6 769.1 
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Table 6. Volumetric severity with percentage reduction in household non-potable outdoor water 

demand 

% reduction (%) 10 30 60 100 

Volumetric Severity 2.99 2.79 2.30 2.18 

Economic Losses ($ thousand) 664.4 616.7 502.0 454.9 

Note: volumetric severity and economic losses for the base condition is 3.13 and $697 thousand, 

respectively  
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Table 7. Volumetric severity with varying pipe diameter 

Pipe 

Diameters (mm) 

305 457 610 762 914 1,219 1,372 1,524 

FN-FS 2.94 2.71 2.39 1.97 1.64 1.64 1.64 1.64 

GN-GS 2.94 2.71 2.38 1.96 1.96 1.96 1.96 1.96 

HN-HS 2.94 2.71 2.38 2.24 2.24 2.24 2.24 2.24 

Note: FN-FS indicates a pipeline connecting Zones FN and FS 

GN-GW indicates a pipeline connecting Zones GN and GS 

HN-HS indicates a pipeline connecting Zones HN and HS 

volumetric severity for the base condition is 3.13  
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Table 8. Volumetric severity with varying storage tank capacity 

Capacity (m3) 3,785 7,571 11,356 15,142 18,927 

Volumetric Severity 3.04 2.94 2.84 2.73 2.60 

Economic Losses ($ thousand) 676.5 652.4 628.4 602.6 572.2 

Note: volumetric severity and economic losses for the base condition is 3.13 and $697 thousand, 

respectively 
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Figure 1. Schematic of functionality (left vertical axis) assuming constant demand and volume of 

water (right vertical axis) versus time    
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Figure 2. Application study area layout bounded by purple lines  
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Figure 3. Schematics of the water supply system (darker pressure zones correspond to higher elevation zones; black circles represent 

components under failure scenarios)  
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Figure 4. Preventive action trees 

Note: Tanks denotes construction of 18,927 m3 (5MG) tank in each pressure zone 

CWF represent maintaining the Central Wellfield 

Pipe FN-FS, GN-GS, and HN-HS are construction of 314 mm (36 in.) pipe between Zone FN 

and FS, GN and GS, and HN and HS, respectively  
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Figure 5. Water demand and shortage between June 1, 2030 and June 4, 2030 due to FS1  
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(c) 

 

(d) 

 

 
(e) 

 

Figure 6. Functionality over time varying (a) household outdoor demand reduction rate, pipe 

capacities of (b) Pipe FN-FS, (c) GN-GS, (D) HN-HS, and (e) storage tank under FS1 
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(a) (b) 

Figure 7. Trade-off functions between volumetric severity and (a) pipe and (b) tank costs under 

FS1  
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Figure 8. Volumetric severity versus the total cost of 25 preventive actions under FS1 (black 

circles indicate preventative actions with significant severity reductions - PA3, 7, 8, 10, 13, 14, 

16, 17, 19, 20, 21, 22, 23, and 25)  
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Figure 9. Economic losses versus the total cost of 25 preventive actions under FS1 
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Figure 10.  Volumetric severity of 14 selected preventive actions under FS1, FS2, FS3, FS4, and FS5 and total cost 

0

10

20

30

40

50

60

0

0.5

1

1.5

2

2.5

3

3.5

Base PA3 PA7 PA8 PA10 PA13 PA14 PA16 PA17 PA19 PA20 PA21 PA22 PA23 PA25

T
o

ta
l C

o
s

t 
($

M
)

V
o

lu
m

e
tr

ic
 S

e
v

e
ri

ty

Preventive Actions

FS1 FS2 FS3 FS4 FS5 Total Cost



103 

 

  

(a (b) 

  

(c) (d) 

Figure 11. Volumetric severity as a function of time to repair and failure timing in (a) 2020, (b) 

2030, (c) 2040, (d) 2049 
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Appendix B: Water Distribution System Classification Using System Characteristics and 

Graph Theory Metrics  
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ABSTRACT 

This paper proposes a system characteristics and graph theory based water distribution system 

(WDS) model classification scheme that is based on system function and topology.  Various 

parameters are examined to determine the most adequate parameter(s) for describing WDS.  The 

classification scheme is applied to one hypothetical and twenty-five real systems.  The primary 

indicator to classify a WDS function (transmission or distribution networks) is the length 

weighted average pipe diameter.  The average nodal demand and the histogram of total length of 

each pipe diameter are applied as secondary measures.  A new parameter defined as the branch 

index (BI) is used to further classify a branched network by estimating the degree of branching 

within a WDS.  The degree of looping and a second level of classification is based on the 

meshedness coefficient (MC), but only after the system is reduced to eliminate nonessential 

nodes.  BI values are compared with other system structure metrics in the literature including link 

density (LD), average node degree (AND), MC, and clustering coefficient (CC).  To that end, 

Pearson correlation coefficients are computed across the set of other metrics for the twenty-four 
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systems.  The correlation analysis reveals that several graph theory system structure metrics are 

highly correlated. 

 

Author keywords: Water distribution system model classification; Graph theory; Water 

distribution system function; Water distribution system topology. 

 

INTRODUCTION 

A water distribution system (WDS) consists of nodes (e.g. demand nodes, tanks, and reservoirs) 

and edges (e.g. pipes, pumps, and valves).  Water distribution networks (WDNs) are limited to 

the pipe network while WDSs include pumps and tanks as well as the piping network.  Further, 

the model representation of the system may include all components or be a simplified near 

equivalent (all-pipe vs skeletonized networks).  WDSs have been classified based on a graphical 

network representation that can lead to biases (Cembrowicz 1992; National Research Council 

2006).  Although visual inspection method is generally effective in identifying branch systems, 

grid and loop systems topology are similar and often undistinguishable without additional data. 

These classification is more complicated as models become larger and more complex.  Here, we 

focus on characterizing the WDS model based on its purpose and network layout from its 

physical and topological properties. 

 In terms of system function, WDS can be distinguished as transmission and distribution 

systems (Mays 2003).  Transmission mains are analogous to highways with few exits while 

distribution pipes are similar to smaller roads with turnoffs to homes and buildings.  

Transmission mains are designed to transport larger quantities of water from the source to the 

treatment plant and from plant to the distribution system and are generally not directly connected 
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to customer meters.  Distribution pipes have smaller diameters to serve a relatively small area 

and are tapped with service lines for individual consumers.  Transmission main systems (Fig. 

1(a)) often consist of single-series transmission mains or large loops while distribution systems 

(Fig. 1(b)) are often composed of a complex network of highly interconnected pipes.   

 A WDS can be defined as a transmission or distribution main network based on whether 

pipes are tapped to provide flow to individual customer connections.  Although taps can be 

installed in any diameter pipe, they are rarely installed in pipes with diameters greater than 406 

mm (16 in) (i.e., transmission mains).   Usually only pipes with diameters less than 305 mm (12 

in) are connected to customer meters (Mays 2003). 

 Based on its topology, a WDS can be classified as a branch, grid or loop system 

(Hoagland et al. 2015; Mays 2003).  As shown in Fig. 2(a), branch systems convey water into an 

area through a transmission main that branches into smaller distribution pipes.  These pipes may 

terminate as dead ends.  Branch systems have little or no redundancy but may be necessary to 

deliver water for site-specific topographic conditions or to maintain water quality.  Grid systems 

are highly interconnected so water withdrawn at any point can arrive from several pipes 

depending upon the hydraulic conditions (Fig. 2(b)).  Transmission systems may consist of 

multiple loops often with low loop density or multiple nodes in series (looped systems) (Fig. 

2(c)) (Mays 2003).  A WDS can be modeled as an all-pipe system by including every pipe in the 

system.  For some purposes, a WDS will be represented as a simplified/skeletonized system (Fig. 

1(a)) by not including all pipes and attempting to maintain the hydraulic behavior of the original 

all-pipes system.  In many cases, the simplified system is limited to transmission mains. 

 A WDS can be mapped as undirected graph with edges that have capacities and nodes 

with demands.  For this reason, graph theory concepts have been widely applied by many WDS 
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researchers (Deuerlein 2008; Di Nardo et al. 2013; Diba et al. 1995; Giustolisi and Savic 2010; 

Jacobs and Goulter 1989; Jun and Loganathan 2007; Jung et al. 2016; Kessler and Shamir 1989; 

Perelman and Ostfeld 2011; Price and Ostfeld 2015; Price and Ostfeld 2016; Torres et al. 2017; 

Tzatchkov et al. 2008; Yazdani and Jeffrey 2011; Yazdani et al. 2011; Zhan and Yang 2010; 

Zhuang et al. 2012).  Several graph theory metrics have been applied to quantify the robustness 

and redundancy of WDS.  For example, Yazdani and Jeffrey (2011) and Yazdani et al. (2011) 

quantified two metrics based on network structure using connectivity as robust and looping for 

redundancy indicators.  As discussed later in this paper, the authors contend that these metrics 

are of limited value as reliability, resilience, or robustness measures as they do not consider 

hydraulic conditions, pipe size and materials, and isolation valve locations.  Although graph 

theory concepts have been intensively studied, limited work has been devoted to WDS 

classification that is a more suitable application.   

 To that end, this paper proposes a WDS model characteristics and graph theory based 

WDS classification scheme that is based on system function and topology.  To determine the 

parameter(s) that are the best WDS descriptors, the efficacy of the network structure parameters 

in classifying WDS is examined.  Further, the shortcomings for those parameters that distinguish 

system types are identified. 

 

NEED FOR A WDS MODEL CLASSIFICATION SCHEME 

We contend that a rigorous WDS classification scheme is necessary for WDS researchers and 

practitioners to support a range of analyses and develop general guidance for system designers 

and managers.  A scheme would provide baselines when investigating the impact of network 
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topology on the suitability of analyses and optimization techniques.  Some examples are 

discussed below and a set of other possible questions are included in the conclusions. 

 Hwang et al. (2017) have shown that the accuracy of the first-order and second-moment 

(FOSM) analysis method is affected by network topology when estimating the uncertainty in 

nodal pressure head predictions.  By comparing FOSM and Monte Carlo simulation results, it is 

clear that FOSM is inappropriate for branched systems and performance improves with grid and 

loop density.   A classification scheme identifies the set of models for which FOSM can be 

appropriately applied. 

 Identifying the best optimization scheme for WDN design is likely more complex than a 

single approach for all networks as is normally posed.  The effectiveness and efficiency of 

alternative optimization algorithms when designing a WDN are likely impacted by the network 

topology.  Ant Colony optimization (Ostfeld and Tubaltzev 2008), for example, may be more 

efficient for branched systems or branched transmission systems within a full network because of 

the foundation of the algorithm.  Past comparisons examine a few systems without recognizing 

their basic structure.  The classification scheme permits more precise comparisons to be 

completed and more focused conclusion to be developed. 

 In terms of system functionality and the engineering judgement introduced to network 

design, we need to understand how different types of systems behave with respect water delivery 

to develop general system design guidance.  For example, a branched transmission system may 

be linked with a dense grid distribution system as the smaller pipes can provide a ‘secondary’ 

transmission system while a sparse grid may be linked with a looped transmission network as the 

additional capacity is not needed.  Topography and engineering judgement will drive these 

design decisions but understanding their impact is critical.  Further, skeletal models avoid the 
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necessity of solving an all-pipe model when only a portion of the network is of interest at a 

detailed level which is most often the case. System behavior relationships may also suggest 

network topology dependent skeletonization schemes that maintain system head loss-flow 

relationships (e.g., Price and Ostfeld (2012)). 

 System reliability/robustness/resiliency, in particular, will be impacted by alternative 

layouts and structures and understanding the link between networks classification and resilience 

metrics would be invaluable for guiding engineering decisions.  In addition, the various 

combinations of transmission and distribution classes may also infer benefits to network 

disaggregation to demand management areas.  Work is progressing in this area and could benefit 

by classifying the application systems.  For example, Jung et al. (2016) developed univariate and 

multivariate linear reliability models by fitting a linear regression line based on the scatter plots 

of the reliability measures and system characteristic indicators and graph theory metrics for 

network connectivity and robustness.  More recently, Torres et al. (2017) investigated WDS’s 

topological effects on WDS performance using graph theory and statistical model. 

  

METHODOLOGY 

Water Distribution System Classification based on System Function 

The primary factor to distinguish between transmission and distribution mains is pipe function.  

To classify pipes based on their functions, detailed plans are necessary to determine if they are 

tapped to individual meters.  Without that information, we assume that pipe function is correlated 

with pipe diameter and nodal demands.  This assumption is intended to indirectly represent the 

magnitude of flows expected to be delivered by the system. 
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Length Weighted Average Pipe Diameter 

To classify WDSs as transmission and distribution-dominated systems, we propose to use the 

length weighted average pipe diameter (�̅�): 

  
�̅� =

∑ 𝐷𝑘𝐿𝑘
𝑚
𝑘=1

∑ 𝐿𝑚
𝑘=1 𝑘

 (1) 

where 𝐷𝑘 is the diameter of pipe 𝑘, and 𝐿𝑘 is the pipe length of pipe 𝑘. 𝑚 is the number of pipes 

in the WDS.  Supporting justification can be provided by the nodal demand and the distribution 

of pipe diameters.  The latter is particularly helpful for smaller systems in which mid-size pipes 

(e.g., 300 mm) may serve as transmission mains. 

 

Water Distribution System Classification based on System Topology 

Identifying Branched Edges 

A WDS is an undirected graph, 𝐺(𝑁, 𝐸), defined by a set 𝑁 of 𝑛 nodes and a set 𝐸 of 𝑒 

undirected edges of 𝐺 according to graph theory.  In graph theory, an edge connects two nodes.  

These two nodes are said to be incident to that edge or equivalently that edge is incident to those 

two nodes.  The node degree refers to the number of edges that are incident to a node.  For 

example, a node of two node degree is incident to two edges (Newman 2010).  To be consistent 

with the general terms used for WDS, control valves, pipes, and pumps are denoted as edges 

while demand junctions, tank, and reservoir are represented as nodes. 

 The first distinction of system topology is the network’s branchedness based on the 

number of edges in branches.  To identify the set of branched edges, nodes with node degrees 

equal to one are determined (e.g., nodes A, B, C, D, E, F, and G in the example network in Fig. 

3).  The edges connected to these nodes are branched edges (shown with dashes in Fig. 3).  The 

number of these nodes (seven in Fig. 3) is equivalent to the number of branched edges and those 
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edges are removed from the network.  Using the partially reduced network from the previous 

step, the node degrees for all nodes are then computed and nodes with node degree equal to one 

are identified (Nodes H and I).  The number of such nodes (two in the example) is added to the 

previous number of branched edges.  These nodes and their connected edges are removed from 

the network and new node degrees are computed.  These steps are then repeated until no nodes 

have node degrees equal to one.  The number of nodes removed is equal to the number of 

branched edges, eb, (in the example WDN, eb = 9 = 7 + 2). 

  

Graph Theory System Structure Metrics 

Several graph theory metrics have been applied in the WDS literature or may be useful to WDS 

classification. 

 

Link Density 

Link density (LD) is the most basic indicator of the overall linkedness or sparseness of the 

structure of a network and is calculated by: 

    
𝐿𝐷 =

2𝑒

𝑛(𝑛 − 1)
 (3) 

where 𝑛 and 𝑒 are number of nodes and edges, respectively.  In general, LD is used to describe 

the proportion of actual to potential connections in a network (Newman 2010).  A network with  

higher LD is more connected compared to a network with lower density, and thus the graph can, 

in general, resist more edge failures (Chakraborty et al. 2013).   
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Average Node Degree 

Average node degree (AND) is the average of the node degrees (number of edges connected to a 

node) of all nodes in an undirected graph (Newman 2010).  It can be shown to be equal to ratio 

of two times the number of edges to the number of nodes or:   

  
𝐴𝑁𝐷 =

1

𝑛
∑𝑁𝐷𝑖

𝑛

𝑖=1

=
2𝑒

𝑛
 (4) 

where 𝑁𝐷𝑖 is the node degree of node 𝑖.  Thus, a network with a high AND indicate high 

redundancy since water can be delivered to a node through additional paths.  AND was used by 

Yazdani and Jeffrey (2011) as a basic measure of connectivity to indicate the overall sparseness 

of network configuration. 

  

Meshedness Coefficient 

Meshedness coefficient (MC) measures connectivity of network by evaluating the number of 

cycles (loops) in comparison with the potential maximum number of cycles.  A larger MC 

corresponds to a more connected network (Buhl et al. 2006).  MC is computed as: 

  
𝑀𝐶 =

𝑒 − 𝑛 + 1

2𝑛 − 5
 (5) 

MC has been used as a redundancy measure to capture the degree of looping in a WDS (Yazdani 

and Jeffrey 2011; Yazdani and Jeffrey 2012; Yazdani et al. 2011).  It ranges between 0 for tree-

like networks and 1 for mesh-like networks (Buhl et al. 2006).  

 

Clustering Coefficient 

Clustering coefficient (CC) measures the probability of adjacent networks nodes being 

interconnected and describes the tightness of connected communities.  CC is calculated as the 
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ratio of the observed number of closed triangles (3-edge loops) to the maximum possible number 

of closed triples in the graph or: 

  
𝐶𝐶 =

3 × Number of triangles

Number of connected triples
 (6) 

where a connected triple is three nodes h, i, and j with edges (h, i), (i, j), and (h, j).  Thus, CC for 

a network is 0 representing the absence of triangles in a network while increasing the triangle 

density results in higher CC.  CC has been used as a WDS redundancy indicator (Yazdani and 

Jeffrey 2011; Yazdani et al. 2011).   

 

Correlation Analysis 

To examine the independence or lack thereof between the above metrics, we apply correlation 

analysis to determine the strength of a linear relationship between two variables.  The Pearson 

correlation coefficient is widely employed to measure the strength of linear relationships 

between pairs of variables and is computed as: 

  
Pearson correlation coefficient =

∑ (𝑋𝑖 − �̅�)(𝑌𝑖 − �̿�)
𝑠
𝑖=1

√∑ (𝑋𝑖 − �̅�)2
𝑠
𝑖=1 √∑ (𝑌𝑖 − �̅�)2

𝑠
𝑖=1

 
(7) 

where 𝑠 is sample size;  𝑋𝑖 and 𝑌𝑖 are the 𝑖th sample values of the variable 𝑋 and 𝑌, respectively;  

�̅� and �̅� are the sample means 𝑋 and 𝑌, respectively (Montgomery and Runger 2010).   

 We develop Pearson correlation coefficients for the metrics noted above for a set of 

WDSs.  The value of correlation coefficient varies between -1 and +1.  Correlation coefficients 

equal to ±1 implies there is a perfect correlation between two variables.  If there is no linear 

correlation or weak linear correlation, a correlation coefficient approaches 0.  A correlation 

coefficient greater than 0.8 is generally described as strong, whereas a correlation less than 0.5 is 

generally described as weak.  
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Node Reduction Algorithm 

LC, AND, and MC are only functions on the number of network nodes and edges.  A difficulty in 

examining the pipe networks is that nodes may be added within an edges to represent demands 

but these nodes do not contribute to the network structure and often appear in series within a 

loop.  For the purposes of network classification these are described as nonessential nodes.  For 

example, the networks in Figs. 4(a) and (b) have the same four-loop structure.  The degree of 

loops/grids within the network, thus, should be the same for the two networks.  However, from 

Example 1’s MC is four times larger than Example 2’s MC due to the multiple nodes connected 

in series to form the loops. 

 To overcome this concern, a node reduction algorithm was developed to remove the 

nonessential nodes and edges and the metrics are compared for the full and reduced networks.  

Nonessential nodes and edges are deleted to simplify loops/grid so that the loops/grids consist of 

a minimum number of nodes and edges.  Nodes are removed if they appear in series and do not 

branch to other edges outside the loop of interest (circled nodes in Example 1 and 2, Fig 4(a) and 

(b), respectively).  To determine nonessential nodes, the node degrees are determined for the 

complete network.  Branch edges and nodes (reservoir and the dashed-pipe connected with the 

reservoir in Example 1 and 2) are then removed following the logic described above.  Next, each 

node i (Node in the new network with node degree equal to two is identified (Node A and circled 

nodes in Example 1 and 2), as are nodes h and j that are connected to node i.  Node i and the 

edges connected to node i are removed from the system and replaced by an edge connecting 

nodes h and j if node i was not connected to a branched edge(s) that was deleted in the branch 

removal process (circled nodes in Example 1 and 2).  Checking if a node is a nonessential node 
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is easily made by comparing the node degree of the node in the original network and after 

removing branches.  

 This process continues until all nodes with node degree equal to two have been checked 

and, if necessary, removed.  The final network is described as the reduced network.  The 

complete flowchart implementing the network reduction algorithm is given in Fig. 5. 

After reducing the Example 1 and 2 networks (Fig. 4(a) and (b)), the MC for the example 

networks 1 and 2 are the same as both networks reduce to the network shown in Fig. 4(c). It is 

noteworthy that Node A in Example 1 and 2 that has a node degree equal to 2 in the branchless 

system is not removed since its node degree was three before removing branched nodes and 

edges.  As a consequence, Node A is retained and the Example 1 and 2 networks have the same 

MC value of 0.57. 

     

Branch Index 

Characterizing a WDS as a branched or looped system is a critical step because these two 

systems have different hydraulic and water quality behavior.  By examining several simple 

systems using the graph theory metrics (see immediately below), none adequately make that 

distinction for a broad set of systems.  Following on Hoagland et al. (2015), we introduce the 

branch index (BI), the ratio of branched edges to the number of branched edges plus number of 

edges in the reduced network or: 

𝐵𝐼 =
𝑒𝑏

𝑒𝑟 + 𝑒𝑏
 (2) 

where 𝑒𝑟 and eb denote the number of edges in the reduced network and the number of branched 

edges, respectively.  BI is similar to Hoagland et al. (2015) branched system classification, but 



117 

 

avoids the issue of edges in series within a loop.  By relating the BI to the reduced network, it 

embodies the underlying loop-branch structure that defines the system type. 

 To verify the value of and need for BI, Table 1 lists the system structure metrics and BI 

for the Example WDNs in Figs. 4(a)-(d), and Figs. 6(a) and (b).  Dashed edges denote branched 

pipes and circled nodes are nonessential nodes that are removed by the network reduction 

algorithm.  The numbers in the parentheses are the ratio of branch pipes to total pipes that are 

used by Hoagland et al. (2015) for identifying branched systems. 

From Table 1, other than the BI, the system structure metrics do not distinguish between the 

branch or grid/loop systems.  For example, although Example 2 (Fig. 4(b)) consists of four loops, 

its MC value is equal to Example 4’s (Fig. 4(d)) MC.  The BI can distinguish a system based on 

its topology as looped/gridded versus branched, e.g., Example 2 has larger BI than Example 4.   

 The effectiveness of BI can also be demonstrated using the networks in Fig. 6(a) and (b).  

From visual inspection, the topologies of Example 5 and 6 networks are branched with six 

branched pipes and one loop.  As such, the value of a metric to identify their topologies should 

be the same or nearly the same.  The BIs for Example 5 and 6 are computed as 0.67 (Table 1).  

However, the ratios of branch pipes to total pipes (Hoagland et al. 2015) for Example 5 and 6 are 

0.60 and 0.38, respectively.  Thus, network reduction overcomes the issue of pipes in series 

within a loop and provides a better descriptor of the network structure. 

 

WATER DISTRIBUTION SYSTEM CLASSIFICATION SCHEME 

The foci of this effort are to (1) examine the efficacy of the above parameters in classifying 

WDS’s and to determine the parameter(s) that are the best WDS descriptors and (2) to identify 
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the breakpoints for those descriptors that distinguish network types.  This section summarizes 

our WDS classification scheme that identifies seven WDS categories (Fig. 7). 

This scheme is intended to be applied to transmission and distribution systems.  Thus, the 

scheme excludes service lines (less than 25 mm (1 in.)) to individual customers.  To develop this 

scheme and document the classification parameters and their bounds, the above metrics were 

computed and compared for 26 systems and a set of discriminating analyses were completed.  

This work is described in context of the classification scheme so is presented in the next section.   

 The classification scheme first distinguishes the WDS based on its function using �̅� 

(Level 1 in Fig. 7).  The WDS is defined as a transmission system indicating that transmission 

mains are dominant in the system if its �̅� is greater than or equal to 305 mm (12 in.).  The WDS 

is classified as a distribution system indicating that distribution mains are dominant in the system 

if its �̅� is less than 305 mm (12 in.).  The histogram of total length of each pipe diameter and 

average nodal demands are then used to verify the result obtained based on �̅�.   

 The 305 mm (12 in.) threshold is based on experience and input from other researchers 

and practitioners.  It is based on the pipe size above which pipes are generally not tapped with 

customer connections.  This lower bound is appropriate for most WDSs.  However, it is not a 

good indicator for all systems and judgment should be applied in extreme cases. 

 After the WDS is classified by function, the system is categorized by its topology.  

Consider a transmission system (left side of Fig. 7), transmission systems can be branched or 

looped based on the BI.  If the transmission system’s BI is greater than or equal to 0.5 or less 

than 0.5, it is defined as a branched or looped transmission system, respectively.  These and all 

cutoffs are subjectively based on review of the set of test systems.  The defined threshold, 
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however, is consistent with Hoagland et al. (2015).  Modifying the thresholds will likely have 

limited value. 

 A looped transmission system is further classified as a dense- or sparse-looped system 

based on its MC.  The limitations and justification for using MC are given in the next section.  

Applying MC as the indicator for the degree of looping requires that the nonessential nodes be 

removed from system using the network reduction algorithm.  After the transmission systems are 

reduced, MCO-R (MC for the reduced original system) is computed.  If the MCO-R is greater than 

or equal to 0.2, the transmission loop system is densely looped; otherwise the system is defined 

as a sparse-looped transmission system. 

 Distribution systems are classified as branched, hybrid, or gridded (right side of Fig. 7).  

A hybrid system topology is not dominated by a branched system nor is it highly gridded.  Based 

on the systems examined here, we propose the following BI ranges for distribution branch, 

hybrid, and grid as greater than or equal to 0.5, between 0.4 and 0.5, and less than 0.4, 

respectively.   

 Finally, a grid system is classified as a sparsely or densely gridded system using the MCO-

R.  If the MCO-R is greater than or equal to 0.2, the system is a distribution dense-grid system; 

otherwise it is a distribution sparse-grid system.  The topology of the transmission mains within a 

distribution systems can be classified following the procedures for transmission systems shown 

above if necessary.   

 

APPLICATION OF CLASSIFICATION SCHEME 

Study Systems 
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Twenty-six WDSs (twenty-three real systems with two perturbations and one hypothetical 

model) were classified to test the proposed scheme.  A summary of the names and characteristics 

of each system is given in Table 2 and system schematics are presented in Fig. 1, Fig. 2, and the 

supplemental materials (Figs. S1-S21). 

 The study WDSs include Kentucky (KY) systems (Figs. 1(b), 2(a), 2(b), S1-12) are from 

the Kentucky statewide WDS database developed by the Kentucky Infrastructure Authority 

(Jolly et al. 2014); a portion of the city of Austin, Texas WDS (Fig. 1(a)) taken from Brion and 

Mays (1991); WG (Fig. S13) an example system that is available from WaterGEMS (Bentley 

Systems Incorporated 2006); GW1 (Fig. 2(c)) and GW2 (Fig. S14) are real networks introduced 

in Kang and Lansey (2011), and GW1 is a skeletonized version of the all-pipe model, GW2; 

Anytown (Fig. S15) is a hypothetical network that is slightly modified from the network 

proposed by Walski et al. (1987); WCR (Fig. S16) introduced by Lippai (2005); Net3 (Fig. S17) 

is an example system that is distributed with EPANet 2.0 (Rossman 2000); the Hanoi trunk 

network (Fig. S18) (Fujiwara and Khang 1990) is analyzed with pipe sizes from the least-cost 

design of Savic and Walters (1997);  the New York City primary water supply tunnel (NYT) 

system (Fig. S19) with pipe sizes from Dandy et al. (1996).  Network 2 (Fig. S20) is a 

benchmark network for sensor design (Ostfeld et al. 2008);  J-City (Fig. S21) is a real system 

located in J-Province, South Korea.  A portion of the J-City system was used by Yoo et al. 

(2015).  It is notable that from inspection and knowledge of systems, Austin, GW1, Anytown, 

Hanoi, and NYT are high level abstraction of the full system.  In addition, Network 2 and J-City 

are all-pipe WDSs.  Networks parameters for the original and reduced networks are listed in 

Table 3 and 4, respectively.  The network structure metrics of the reduced transmission mains 
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within the distribution systems are summarized in Table 5.  The WDS classifications are 

summarized in Table 6. 

 

Analysis of Graph Theory Metrics  

Table 7 lists the Pearson correlation coefficients for BI and the system structure metrics 

computed based on the original system structure (Table 4).  The numbers in the parentheses are 

the Pearson correlation coefficients without the transmission systems.  For both cases, the 

highest correlation coefficients of 0.99 are observed between AND and MC.  Barthélemy (2011) 

demonstrated that this result is expected as MC approaches AND for large systems.  Thus, for 

large systems, AND embodies the same information as MC. 

 In addition, CC is highly correlated with AND and MC.  To investigate this observation, 

scatter plots for AND versus CC and MC versus CC are created (Fig. 8(a) and (b)).  As seen, the 

hypothetical highly skeletonized Anytown network appears as an outlier that significantly biases 

the relationship leading to high correlation coefficients.  These strong correlations fade when the 

transmission systems are excluded as shown as the numbers in the parenthesis in Table 7 and 

Fig. 8(c) and (d). 

 No strong correlations exist among other system structure metrics. In particular, CC has 

no significant correlation with BI (Table 7).  BI is negatively correlated with the system structure 

metrics for the analyzed systems.  The highest and lowest correlation coefficients between BI 

and the system structure metrics are -0.70 (with AND) and -0.09 (with LD), respectively, when 

all systems are used to compute the correlation coefficients.  Thus, it appears that BI provides 

unique information related to system branchedness and justifies its use as the branch 

classification parameter.   
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However, the distribution systems’ AND and MC are significantly inversely correlated with BI.  

In general, transmission systems are highly skeletonized systems.  Therefore, the transmission 

systems tend to provide small AND and MC even for looped system due to edges in series within 

a loop as demonstrated by GW1, Hanoi, and NYT.  On the other hand, the distribution systems 

represent the network in detail with dense loops.  Therefore, correlations between (BI and AND) 

and (BI and MC) increase when transmission systems are not considered. 

 Pearson correlation coefficients between the system structure metrics are also computed 

from the reduced networks modified by the network reduction approach (Table 8).  After the 

Anytown, GW1, Hanoi, and NYT networks are reduced, these networks are no longer outliers.  

Since the network sizes are reduced significantly, the relationship between ANDO-R and MCO-R is 

not retained.  Compared to the correlation analysis results from the original systems, strong 

relationships exist between (LDO-R and MCO-R), (LDO-R and CCO-R), and (CCO-R and MCO-R).  As 

the systems are reduced to contain the minimum number of nodes and edges to form loops and 

grids, LDO-R, CCO-R, and MCO-R become larger and highly correlated.  Since LD, CC and MC 

provide similar information, to retain consistency with previous concepts for network 

redundancy MCO-R is selected as the metric for the degree of looping in our classification 

scheme.  The following section discusses selection of metric thresholds for various system types. 

 

Selection of Classification Parameter Ranges 

The weighted average pipe diameters, �̅�, of the study systems range from 117 mm (4.6 in.)  in 

KY12 to 3,471 mm (136.7 in.) in the NYT network.  Austin, GW1, Anytown, Net3, Hanoi, and 

NYT are classified as transmission systems since their �̅�’s are greater than 305 mm (12 in.) and 

all others are distribution-dominated systems (Table 3).  Histograms of the total length of each 
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pipe diameter for the study systems area are included in the supplemental materials (Fig. S22-

47).  At the extremes, 99.7% of total length of pipes in KY12 is less than 305 mm (12 in.) in 

diameter while 82% of the Austin system pipes is greater than or equal to 305 mm (12 in.).   

For reference, the average nodal demands of the distribution systems (Table 3) are between 2 

liters per minute (LPM) for KY12 and 28 LPM for WCR.  These average nodal demands are 

approximate water demands for 4 and 70 people, respectively, based on 575 liters per capita per 

day (152 gallons per capita per day - the average US per capita water use (United Nations 

Development Programme 2006).  The smallest and largest average nodal demands among the 

transmission systems are 77 LPM from GW1 (an equivalent of 193 people) and 180,627 LPM 

from NYT (an equivalent of 452,000 people).  The average nodal demand values reinforce the 

WDS classification based on pipe function using �̅�. 

 As noted earlier, a threshold of 0.5 on BI is used to identify branch systems for 

transmission and distribution systems.  This assumption is confirmed by visual inspection. For 

example, the BI of KY9 (Fig. S8), KY10 (Fig. S9), KY11 (Fig. 2(a)), KY12 (Fig. 1(b)), and 

KY15 (Fig. S12) are greater than or equal to 0.5 and would generally be identified as branched 

systems by WDS modelers. 

 We define an intermediate classification of a hybrid system or a mix between branch and 

grid layouts.  Since only distribution systems use the term grid, grid and hybrid systems are 

applicable only for distribution systems.  Visually, KY13 (Fig. S10) appear to be grid systems, 

however, significant branching also appears in the WDSs.  For example, 40% of edges in KY13 

are located in branches (Fig. S10). 

 An upper bound on BI of 0.4 appears appropriate to identify a grid system based on the 

selection of the hybrid system and observation of the remaining systems (KY1-8, KY13-14, WG, 
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GW2, WCR, Network 2, and J-City).  Distribution grid systems are comprised of a significant 

number of loops within the systems.  Most of the distribution grid systems contain more than 100 

independent loops except KY3, KY5, and KY6 that contain 94, 75, and 94 independent loops, 

respectively. 

 MC has been commonly used to assess pipe redundancy as it is the ratio of loops in the 

system to the maximum number of loops possible for the number of the given nodes and edges.  

For this reason, MC is selected as the indicator of the degree of looping over CC as CC detects 

only triangular loops or grids within a system.   

 Fig. 9 is a plot of BI (Table 3) and MC (Table 4) values for all study systems.  Generally, 

branched systems should have lower MCs compared to gridded and looped systems.  However, 

the MC for KY10 (distribution branch system) is 0.07 which is larger than the MC of GW1 

(transmission dense-loop), Hanoi (transmission dense-loop), and NYT (transmission dense-

loop).  This shortcoming limits the utility of MC as a general classification or redundancy metric, 

especially, to distinguish between branch and grid/loop systems.  However, the GW1, Hanoi, 

NYT and other systems include loops with multiple demand nodes in series (generally these are 

high level transmission systems) will skew the value of MC. 

 Therefore, to estimate the degrees of loop or grid, the MCO-R are calculated for the 

reduced networks.  As shown from Table 4, the difference between MC and MCO-R is substantial, 

in particular for GW1, Hanoi, and NYT; reinforcing the need for the network reduction 

algorithm to measure the degree of looping or gridding.   

 Based on a review of the classified WDSs, if MCO-R is greater than or equal to 0.2, the 

systems are identified as a dense loop or grid system.  Of the distribution systems, KY2, KY3, 

KY6, KY7, KY14, WG, GW2, and WCR are classified as dense-grid systems. This category is 
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verified by inspection of the systems that shows these systems contain denser grids compared to 

the other distribution systems. 

 Finally, the topologies of the transmission mains within the distribution systems are 

identified.  All of distribution systems contain branched transmission mains except KY14 (Fig. 

S11) and GW2 (Fig. S14).  GW2 is an all-pipe network with the transmission mains equivalent 

to GW1 (Fig. 2(c)).  Therefore, MCT-R for GW2 should be equal to MCO-R for GW1.  MCT-R for 

GW2 and MCO-R for GW1 are 0.28 (Table 3 and 5) defining a transmission dense-loop system. 

 

SYSTEM CLASSIFICATION AND RESILIENCE 

Our contention is that graph theory system structure metrics can be used to classify system 

topology and to provide a means for and assist in comparisons between systems.  However, the 

graph theory system structure metrics are inadequate for measuring system redundancy and 

resilience, in particular, if these metric are solely used without considering the hydraulic 

behavior of WDS.  Zhuang et al. (2012) presented a comprehensive analysis of WDS resilience 

and showed that it was dependent upon the magnitudes of services losses due to hydraulic failure 

and mechanical failure, failure isolation, pumping adaptations, and repair times.  None of these 

factors is expressed in graph theory based indicators that are limited to providing measures of 

potential alternate pathways to deliver flow.   

 Relative pipe size and condition affect the ability to deliver flow with adequate pressure, 

as do the availability of multiple sources and pump operation flexibility.  Likely most important, 

valves are critical to limiting the area of isolated during a pipe break repair.  The extent of an 

isolated area that affects the hydraulic capacity of the remaining WDS may be larger in a dense 

grid if valves are not ubiquitous in the system.  Further, if valves were located in pipes in 
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connecting the series of nodes within a loop, the reduction technique applied above would not be 

appropriate and, as shown, without reducing the system, the metrics do not provide robust 

indicators of the degree of looping.  An extreme case is the Hanoi transmission system that has 

only three loops.  If valves are installed in each pipe, the system would be very resilient while 

graph theory metrics suggest it is quite unreliable.  These inadequacies strongly suggest that 

hydraulic analyses be the basis for WDN and WDS resilience.   

 It is understandable that we try to employ representative metrics to describe complex 

relationships, particularly when computation times are an issue as during optimization studies.  

Given the strong and weak correlations between several graph theory-based metric shown here 

for real systems, care should be taken to select the most appropriate metric to provide the desired 

performance. 

 

CONCLUSIONS AND FUTURE WORK 

As WDS researchers develop and apply optimization and analyses techniques, the 

appropriateness of these methods may be affected by system complexity.  For example, we have 

shown that the accuracy of uncertainty approximation techniques is affected by system topology  

(Hwang et al. 2017).  Visual inspection is inadequate for classification.  Therefore, the purpose 

of this paper is to present a quantitative WDS classification scheme to categorize WDS models 

based on their function and topology.  Using the WDS classification method, twenty-six systems 

were classified using this scheme and visual comparisons to identify and validate thresholds for 

the metrics that allow a WDS to be categorized as one of seven types.   

 Although we contend that graph theory metrics are not appropriate for quantifying 

redundancy or robustness of WDS, a set of relatively uncorrelated network metrics can be 
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identified and used to classify WDSs.  In our method, system function is first categorized based 

on a length weighted average pipe diameter, �̅�.  The WDS is then classified based on the degree 

of branching using a new parameter defined as the branch index, BI.  This index is applied to the 

full system and the underlying transmission system.  The degree of looping and a second level of 

classification is based on the meshedness coefficient, MC, but only after the network is reduced 

to eliminate nonessential nodes.  Other graph theory metrics are highly correlated with the MC 

and do not provide substantially different information to warrant inclusion in the classification 

scheme. 

 With a classification scheme, a number of practical questions may be addressed that are 

related to system types.  For example, is WDS resilience considering cut set approaches and pipe 

break isolation (e.g., Zhuang et al. (2012)) correlated to the system type?  Do gridded 

distribution systems with branched transmission systems provide the same level of security as 

looped transmission system? As much optimization work and algorithm testing in this field has 

focused on transmission systems, can distribution and transmission systems be designed 

independently or are their hydraulics/reliability strongly related for some WDS classes?  Are 

alternative optimization schemes more appropriate for minimizing cost for different system 

types?  We encourage research to address these and other questions that are related to WDS 

function and topology. 
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Table 1. Network structure metrics for Example 1, 2, and 3 networks 

Networks n e eb er LD AND MC CC BI 

Example 1 10 13 1 9 0.29 2.60 0.27 0 0.10 (0.08) 

Example 2 30 33 1 9 0.08 2.20 0.07 0 0.10 (0.03) 

Example 3 6 9 0 9 0.60 3 0.57 0.47 0 

Example 4 10 10 7 3 0.22 2 0.07 0.25 0.70 (0.70) 

Example 5 10 10 6 3 0.22 2 0.07 0 0.67 (0.60) 

Example 6 16 16 6 3 0.13 2 0.04 0 0.67 (0.38) 

Note: The numbers in the parentheses are the ratio of branched pipes to total pipes introduced by 

Hoagland et al. (2015) 

n = number of nodes 

e = number of edges 

eb = number of branched edges 

er = number of edges in the reduced network 

LD = link density 

AND = average node degree 

MC  = meshedness coefficient 

CC = clustering coefficient 

BI = branch index  
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Table 2. Water Distribution System Characteristics  

Network 

No. of 

pipes 

No. of 

nodes 

No. of 

pumps 

No. of 

tanks 

No. of 

reservoirs 

No. of 

valves 

Total demand 

(LPM) 

KY1 984 856 1 2 1 0 5,195 

KY2 1,124 811 1 3 1 0 5,500  

KY3 366 269 5 3 3 0 5,282 

KY4 1,156 959 2 4 1 0 3,944 

KY5 496 420 9 3 4 0 5,969 

KY6 644 543 2 3 2 1 4,313 

KY7 603 481 1 3 1 0 4,025 

KY8 1,614 1325 4 5 2 0 6,486 

KY9 1,270 1242 17 15 4 56 3,529 

KY10 1,043 920 13 13 2 5 5,690 

KY11 846 802 21 28 1 15 4,598 

KY12 2,426 2347 15 7 1 22 3,607 

KY13 940 778 4 5 2 0 6,206 

KY14 548 377  5 3 4 0 2,743 

KY15 662 659 13 8 2 28 3,888 

Austin 91 67 7 1 1 0 43,627 

WG 250 176 2 1 1 0 3,210 

GW1 251 232 0 0 1 0 10,644 

GW2 1,274 935 0 0 1 0 10,645 

Anytown 39 20 0 0 1 0 37,142 

WCR 1,144 1,347 6 0 4 4 31,453 

Net3 117 92 2 3 2 0 11,567 

Hanoi 34 31 0 0 0 0 332,333 

NYT 42 19 0 0 0 0 3,427,754 

Network 2 14,822 12,523 4 2 2 5 63,887 

J-City 9,106 6,523 1 2 2 0 428,675 

Note: LPM = liters per minute  
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Table 3. Graph theory metrics after network reduction of the 24 study networks 

Network �̅� (mm) eb er BI MCO-R LDO-R ANDO-R CCO-R �̅� (LPM) 

KY1 206 294 468 0.39 0.19 0.008 2.74 0.07 6 

KY2 145 224 872 0.20 0.27 0.005 3.05 0.06 7 

KY3 242 50 289 0.15 0.25 0.016 2.99 0.08 21 

KY4 178 346 683 0.34 0.17 0.005 2.68 0.11 4 

KY5 220 159 286 0.36 0.19 0.013 2.74 0.06 15 

KY6 203 199 325 0.38 0.20 0.012 2.79 0.08 9 

KY7 196 170 357 0.32 0.25 0.012 2.96 0.07 9 

KY8 243 494 1001 0.33 0.19 0.004 2.77 0.07 5 

KY9 121 751 441 0.63 0.10 0.006 2.38 0.11 3 

KY10 143 452 458 0.50 0.19 0.008 2.74 0.11 7 

KY11 147 513 260 0.66 0.12 0.012 2.46 0.14 7 

KY12 117 1191 485 0.71 0.13 0.006 2.50 0.16 2 

KY13 218 357 545 0.40 0.19 0.007 2.75 0.10 9 

KY14 269 79 424 0.16 0.31 0.012 3.21 0.07 8 

KY15 137 444 177 0.71 0.12 0.017 2.44 0.04 7 

Austin 460  22 65 0.25 0.30 0.075 3.10 0.10 928 

WG 170 25 195 0.11 0.33 0.028 3.28 0.08 20 

GW1 307 1 55 0.02 0.28 0.083 2.97 0.11 77 

GW2 189 8 1018 0.01 0.24 0.004 2.97 0.20 17 

Anytown 356 2 36 0.05 0.69 0.265 4.24 0.41 1,955 

WCR 242 187 665 0.22 0.23 0.006 2.90 0.10 28 

Net3 455 24 73 0.25 0.24 0.057 2.86 0.10 196 

Hanoi 656 7 9 0.44 0.33 0.429 2.57 0.40 10,733 

NYT 3,471 4 5 0.44 0.67 0.833 2.50 0.75 180,627 

Network 2 212 3,669 6,971 0.34 0.17 0.001 2.69 0.15 7 

J-City 247 769 7,346 0.09 0.26 0.001 3.05 0.09 70 

Note: �̅� = length weighted average pipe diameter; eb = number of branched edges 

er = number of edges in the reduced network; BI = branch index 

LDO-R = link density of the reduced network; ANDO-R = average node degree of the reduced network 

MCO-R = meshedness coefficient of the reduced network; CCO-R = clustering coefficient of the reduced network 

�̅� = average nodal demand; LPM = liters per minute
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Table 4. Network structure metrics calculated based on the original structure of study networks 

Network LD AND MC CC MCO-R − MC 

KY1 0.003 2.29 0.07 0.009 0.11 

KY2 0.003 2.76 0.19 0.042 0.08 

KY3 0.010 2.66 0.18 0.045 0.07 

KY4 0.003 2.38 0.10 0.049 0.07 

KY5 0.006 2.32 0.09 0.024 0.10 

KY6 0.004 2.34 0.09 0.021 0.10 

KY7 0.005 2.49 0.12 0.024 0.13 

KY8 0.002 2.42 0.11 0.033 0.08 

KY9 0.002 2.01 0.03 0.029 − 

KY10 0.002 2.23 0.07 0.016 0.12 

KY11 0.003 2.04 0.03 0.036 − 

KY12 0.001 2.06 0.02 0.018 0.11 

KY13 0.003 2.40 0.10 0.057 0.09 

KY14 0.008 2.85 0.22 0.040 0.09 

KY15 0.003 1.98 0.03 0.003 − 

Austin 0.042 2.64 0.23 0.000 0.07 

WG 0.016 2.85 0.22 0.022 0.11 

GW1 0.009 2.15 0.04 0.000 0.24 

GW2 0.003 2.71 0.18 0.078 0.06 

Anytown 0.186 3.81 0.51 0.348 0.18 

WCR 0.002 2.36 0.09 0.001 0.14 

Net3 0.026 2.41 0.12 0.029 0.12 

Hanoi 0.069 2.13 0.05 0 0.28 

NYT 0.221 2.10 0.06 0 0.61 

Network 2 0.0002 2.29 0.09 0.018 0.08 

J-City 0.0004 2.77 0.20 0.050 0.07 

Note: LD = link density  

AND = average node degree  

MC = meshedness coefficient  

CC = clustering coefficient 

MCO-R = meshedness coefficient of the reduced network  
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Table 5. Network structure metrics of the reduced transmission main networks 

Network BIT LDT-R ANDT-R MCT-R CCT-R 

KY1 0.93 – – – – 

KY2 0.55 – – – – 

KY3 0.96 – – – – 

KY4 0.96 – – – – 

KY5 0.66 – – – – 

KY6 0.53 – – – – 

KY7 0.52 – – – – 

KY8 0.71 – – – – 

KY13 0.81 – – – – 

KY14 0.47 0.13 3.12 0.33 0.29 

WG 0.85 – – – – 

GW2 0.02 0.08 2.97 0.28 0.11 

WCR 0.71 – – – – 

Network 2 0.82 – – – – 

J-City 0.89 – – – – 

Note: BIT = branch index of transmission mains 

LDT-R = link density of the reduced transmission mains 

ANDT-R = average node degree of the reduced transmission mains 

MCT-R = meshedness coefficient of the reduced transmission mains 

CCT-R = clustering coefficient of the reduced transmission mains  
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Table 6. Network classification summary 

  Network topology 

Network Network function Transmission Distribution 

KY1 D B SG 

KY2 D B DG 

KY3 D B DG 

KY4 D B SG 

KY5 D B SG 

KY6 D B DG 

KY7 D B DG 

KY8 D B SG 

KY9 D − B 

KY10 D − B 

KY11 D − B 

KY12 D − B 

KY13 D B H 

KY14 D DL DG 

KY15 D − B 

Austin T DL − 

WG D B DG 

GW1 T DL − 

GW2 D DL DG 

Anytown T DL − 

WCR D B DG 

Net3 T DL − 

Hanoi T DL − 

NYT T DL − 

Network 2 D B SG 

J-City D B DG 

Note: T = transmission network 

D = distribution network 

DL = dense-loop network 

B = branch network 

H = hybrid network 

DG = dense-grid network 

SG = sparse-grid network  
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Table 7. Pearson correlation coefficients for branch index and network structure metrics based on 

the full network structure of the study networks with and without (in parenthesis) the 

transmission networks 

 Metrics LD AND MC CC BI 

LD 1 − − − − 

AND 0.32 (0.55) 1 − − − 

MC 0.41 (0.56) 0.99 (0.99) 1 − − 

CC 0.48 (0.02) 0.80 (0.49) 0.82 (0.52) 1 − 

BI -0.09 (-0.42) -0.70 (-0.90) -0.65 (-0.88) -0.35 (-0.41) 1 

Note: Pearson correlation coefficients between 1.0 and 0.8 are in bold.  

LD = link density  

AND = average node degree  

MC = meshedness coefficient  

CC = clustering coefficient  

BI = branch index  
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Table 8. Pearson correlation coefficients for branch index and network structure metrics for the 

study networks after network reduction 

 Metrics LDO-R ANDO-R MCO-R CCO-R 

LDO-R 1 − − − 

ANDO-R -0.02 1 − − 

MCO-R 0.77 0.61 1 − 

CCO-R 0.96 0.05 0.78 1 

Note: Pearson correlation coefficients between 1.0 and 0.8 are in bold. 

LDO-R = link density of the reduced network 

ANDO-R = average node degree the reduced network 

MCO-R = meshedness coefficient the reduced network 

CCO-R = clustering coefficient the reduced network  
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(a) Transmission network (Austin) (b) Distribution network (KY12) 

 

Fig. 1. Schematics of transmission and distribution systems (406 mm (16 in) ≤ 𝐷𝑟𝑒𝑑, 

305 mm (12 in) ≤ 𝐷𝑏𝑙𝑎𝑐𝑘 < 406mm (16 in), 𝐷𝑔𝑟𝑎𝑦 < 305 mm (12 in) 
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(a) Branch (KY11) (b) Grid (KY1) (c) Loop (GW1) 

 

Fig. 2. Schematics of branch, grid, and loop networks (406 mm (16 in) ≤ 𝐷𝑟𝑒𝑑, 

305 mm (12 in) ≤ 𝐷𝑏𝑙𝑎𝑐𝑘 < 406mm (16 in), 𝐷𝑔𝑟𝑎𝑦 < 305 mm (12 in) 
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Fig. 3. Branched pipes identification of a simple network 
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(a) Example 1 

(Four 4-pipe loops) 

(b) Example 2 

(Four 10-pipe loops) 

 

 
(c) Example 3 

(One 4-pipe loop and three 3-pipe loops) 

(d) Example 4 

 

Fig. 4. Simple water distribution networks (a) Example 1 (with loops composed of four nodes), 

(b) Example 3 (with loops composed of ten nodes), (c) Example 3 (reduced network of Example 

1 and 2), and (d) Example 4 (branch network). Dashed edges are branched pipes and the nodes 

surrounded by circles are nodes removed by the network reduction algorithm 
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Fig. 5. Flowchart of network reduction algorithm   
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(a) Example 5 (b) Example 6 

Fig. 6. Simple water distribution networks (a) Example 5 (with six branched pipes and a loop 

composed of four nodes) and (b) Example 6 (with six branched pipes and a loop composed of ten 

nodes). Dashed edges are branched pipes and the nodes surrounded by circles are nodes removed 

by the network reduction algorithm
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Fig. 7. Water distribution network classification flowchart 
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(a) AND versus CC (b) MC versus CC 

  

(c) AND versus CC (d) MC versus CC 

Fig. 8. Scatter plots of (a) average node degree (AND) versus clustering coefficient (CC), (b) 

meshedness coefficient (MC) versus clustering coefficient (CC), (c) AND versus CC (without 

transmission systems), and (d) MC versus CC (without transmission systems) 
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Fig. 9. Scatter plot of branch index (BI) versus meshedness coefficient (MC) obtained from the 

original study networks 

 

  

Branch

Loop, Hybrid, or Grid

AnytownGW1

NYT

H
a
n

o
i

KY10



150 

 

Appendix C: Accuracy of First-Order Second Moment Approximation for Uncertainty 

Analysis of Water Distribution Systems 
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ABSTRACT 

This study performs an extensive investigation to explore critical factors that affect the accuracy 

of the first-order second-moment (FOSM) approximation when it is employed as a nodal 

pressure head uncertainty estimation method for a water distribution system (WDS).  The 

applicability of FOSM for WDS calibration, abnormality detection, and network design is 

examined.  Uncertainties are considered in nodal demands, peak demand factors, and pipe 

roughness coefficients.  To quantify the accuracy of FOSM, results are compared with those 

from Monte Carlo simulation (MCS).  The accuracy of FOSM is tested based on WDS peak 

demand conditions, topology, and pipe diameter by applying it to twenty-one real and 

hypothetical WDSs.  Results reveal that FOSM provides acceptable variances estimation of 

nodal pressure heads compared to MCS as well as the extreme values of 1st and 99th percentile 

nodal pressure heads when it is employed for the three applications.  In addition, accurate 
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uncertainty estimations are obtained from FOSM even under the peak demand conditions.  

FOSM accuracy is lower for branched system relative to looped and gridded systems and 

independent of the pipe size.  

 

Author keywords: Uncertainty analysis; First-order second-moment approximation; Monte 

Carlo simulation; Uncertainty analysis applications; Peak demand factors; Network topology 

 

INTRODUCTION 

A water distribution system (WDS) is critical to community health and societal well-being as it 

intends to deliver high quality drinking water to users at adequate pressure.  A WDS is modeled 

based on the network topology, physical characteristics of its components, water consumption, 

and operation rules to simulate its behavior under a range of conditions, and to model WDS 

controls in response to system stresses.  However, model results are not certain, in part, because 

the WDS model parameters are not known exactly.  The input parameters are particularly 

uncertain (nodal demand and pipe roughness) since their values are based on field measurements 

and engineering judgment.  Generally, however, those data are often regarded as deterministic 

for WDS model development leading to model predictions over or under estimating field 

conditions and, potentially, to poor decisions. 

 To overcome this issue, over the last three decades, uncertainty analysis techniques have 

been applied to WDSs to quantify and estimate uncertainties.  In general, these techniques can be 

classified as analytical or approximate approaches.  The use of these techniques depends on the 

availability of information, model complexity, and the type and accuracy of desired results (Tung 

and Yen 2006).  Since WDS models are based on complex functions whose uncertainty features 
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cannot be assessed analytically, approximation methods are often used including Monte Carlo 

simulation (MCS) and probabilistic point estimation methods such as first-order second-moment 

(FOSM) approximation method and Latin hypercube sampling (LHS).  All are intended to 

estimate the statistical moments of the underlying random process. 

 Approximation methods have been used to assess water distribution network (WDN) and 

WDS (here, we distinguish between WDN that is limited to the pipe network and WDS that 

includes pumps and tanks as well as the network) reliability and in optimal design methods that 

consider input uncertainty.  Wagner et al. (1988) estimated WDS reliability using MCS while 

considering random pipe and pump failures to evaluate their effects on nodal pressure heads.  

Bao and Mays (1990) considered the uncertainties in future water demands, required pressure 

heads, and pipe roughness to estimate the nodal and system hydraulic reliabilities by applying 

MCS.  Araujo and Lansey (1991) examined FOSM as an alternative scheme.  Later, Xu and 

Goulter (1998) presented a FOSM based WDN reliability assessment.  They accounted for the 

uncertainties in nodal demands, pipe capacities, and reservoir/tank levels.  The mean values of 

pressure heads were obtained from the deterministic solution of the WDN model. 

 More recently, Kang et al. (2009) tested the accuracy of approximation methods, FOSM 

and LHS, with MCS for evaluating model outputs, including nodal pressure, water age, and 

chlorine concentration using the Austin network.  They considered the input parameters, pipe 

diameter and roughness coefficient, nodal demands, and bulk and wall decay coefficients to 

examine the effect of input uncertainty on model output.  They showed that the FOSM provides 

reasonable accurate uncertainty estimates for pressure heads while it performed poorly when 

estimating chlorine concentrations under unsteady conditions.  Despite the use of the FOSM in 
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WDS model output estimation, to date a rigorous assessment of its accuracy for a broad set of 

network and network topology has not yet been completed. 

 For the optimal designs of WDN and WDS, uncertainties in demand, pressure heads, and 

pipe roughness were first explicitly considered by Lansey et al. (1989) in a chance constrained 

model for the minimum cost design of WDN.  Xu and Goulter (1999) later used a probabilistic 

hydraulic model to account for uncertainty in nodal demands and pipe capacity.  A first order 

reliability method based algorithm, known as the advanced FOSM approximation method, was 

used to estimate the capacity reliability of WDN.  Kapelan et al. (2005(a)) proposed two 

uncertainty estimation approaches for the stochastic least cost design of WDN.  Their integration 

method used a fast numerical integration method to quantify the uncertainties, while LHS was 

applied as an approximate MCS method.  Their study revealed that neglecting demand 

uncertainty in WDN design might cause significant under-design. 

 All of the aforementioned approaches presumed that nodal demands are independent 

random variables.  To address spatial and temporal correlations between nodal demands, 

Kapelan et al. (2005(a)) introduced a multi-objective optimization method for WDN design 

assuming that the nodal demands are correlated random variables.  Filion et al. (2007), also 

assumed that nodal demands are strongly correlated in space, and investigated the impact of 

cross correlation in demand on the hydraulic reliability and capital cost of WDS.  They showed 

that WDS hydraulic reliability and capital cost are sensitive to the level of cross correlation 

between nodal demands.  Therefore, an assessment of cross correlation may be important in 

obtaining an economical design.  However, field data should be collected to justify the 

magnitude of spatial correlations in deviations from the expected temporal demands over the 
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short term; this is particularly true at high demand levels as correlations are embedded in demand 

factors. 

 In their study of three uncertainty based WDS optimization formulation, Jung et al. 

(2013) assumed that nodal demands and pipe roughness coefficients follow the normal 

distribution with a specific coefficient of variance (CV), and used the FOSM as an uncertainty 

quantification method.  Creaco et al. (2014) critiqued the WDN design methods mentioned 

above for their practicality since these methods are performed for one static (steady) condition 

(i.e. at the daily peak demand or fire flow conditions) and normally systems are constructed in 

phases or in response to demand changes.  Creaco et al. (2014) proposed a method to optimize 

the phasing of constructing pipelines in new sites or in parallel to existing pipelines.  They 

designed for the projected peak hourly demand and assumed that the demand increases linearly 

without uncertainty over a period of 100 years. 

 Various uncertainties exist for the analysis and design of hydraulic engineering systems 

such as natural variability, model uncertainties, parameter uncertainties, data uncertainties, and 

operational uncertainties (Jung and Lansey 2014).  Among these uncertainties, this study follows 

on the research path described above and focuses on parameter uncertainties considering the 

prediction of uncertainty for given network and demand condition.  To that end, we investigate 

the accuracy of FOSM for estimating the WDS nodal pressure head uncertainty.  Uncorrelated 

model parameter uncertainties  nodal demands, peak demand factors, and pipe roughness  are 

evaluated using FOSM and MCS.  Based on that analysis the following questions are addressed: 

1. Does FOSM adequately predict (a) output variance and (b) prediction intervals of nodal 

pressure heads relative to MCS if FOSM is employed for WDS calibration, abnormality 

identification, and design? 
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2. Does FOSM accuracy change in response to system stresses (base, max day, and hourly 

peak demand conditions)? 

3. Does FOSM accuracy vary depending upon the network topology (branched, gridded, or 

looped networks)? 

4. How significantly does the accuracy of FOSM change with system pipe diameter? 

5. Are FOSM predictions acceptable for different uncertainty analysis applications? 

To answer these questions, EPANET (Rossman 2000) is used to perform demand driven 

hydraulic simulations for steady conditions with 21 WDSs found in the literature with varying 

network characteristics. 

 

UNCERTAINTY ANALYSIS APPLICATIONS 

Although significant research has been conducted in assessing the accuracy of techniques for 

estimating WDS model prediction uncertainties, the need for such analyses in practice has not 

been fully discussed.  We identify three applications: 

1. Calibration assessment/data collection design and model accuracy under extreme 

conditions 

2. Abnormality identification 

3. System design (expected conditions vs. discrete scenarios) 

These applications give rise to several common concerns regarding input parameter: the degree 

of their uncertainty, the probability distribution that they follow, and their interactions (i.e., 

correlations).  

 WDS model calibration employs inexact field measurements of head and pipe flow to 

estimate uncertain demand and pipe parameters.  Measurements are usually sparse and field 
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demand conditions most often do not cover the full range expected to be placed on the system.  

The level of predictive uncertainty can drive decisions to collect more data and improve the 

calibration (Vertommen et al. 2014).  Extrapolating to estimate a calibrated WDS’s expected 

performance and its potential range of variability under extreme conditions is a valuable exercise 

in assessing the degree of confidence of the system and impact of design or operation decisions 

(e.g., (Vertommen et al. 2014)).  Generally, these analyses are performed for current or near term 

conditions. 

 Abnormality identification such as a pipe break or identifying the presence and location 

of an unexpected closed valve is likely addressed under normal operating conditions by 

comparing model predictions with field measurements.  The sensitivity of those disturbances 

may be small and often undetectable (Jung and Lansey 2014).  However, the arguments given 

above regarding the input parameters also apply here and are likely stronger with respect to 

demands since system inflows are normally measured that will reduce the nodal demand 

uncertainty compared to a forecasted condition. 

 The final application of uncertainty analysis is a predictive application to design using 

approaches such as chance constraint optimization or other robustness indicators.  Forecasting 

demands and potential pipe roughness values suggests higher uncertainties. 

 With respect to the concerns noted above, given that most measurement data are normally 

distributed, WDN model parameters are also expected to follow that distribution.  The demand is 

comprised of numerous individual uses, and the use of a normally distributed nodal demand is 

reasonable unless field data suggests otherwise.  Pipes likely follow a log normal distribution or 

another one tail distribution since they have a physically bounded upper range. 
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 Water demands across the WDSs are correlated in space depending on averaging time 

step.  The degree of cross correlation between nodal demands increases if longer average time 

steps are used (Moughton et al. 2006; Vertommen et al. 2014).  In general, the calibration and 

abnormality detection applications use the demand data temporally averaged over short period 

while the design application employs the demand data aggregated with longer time step.  For the 

calibration and abnormality detection applications, therefore, the demand is assumed to be 

uncorrelated.  On the other hand, the demand is assumed to be correlated for the system design 

application.   

 Pipe may be grouped and result in a common fully correlated parameter for all pipes in a 

group.  Pipe roughness may also be similar in pipes with common material, age, and flow rates 

or numerically related because of the calibration exercise.  We neglect pipe roughness correlation 

in this analysis due to the lack of concrete information for the networks examined or literature 

data to support other assumptions. 

 

METHODOLOGY 

The methodology to address the noted questions consists of uncertainty analysis methods, peak 

demand factors, graph theory based network structure metrics to estimate the degrees of 

branching and looping, and length-weighted average pipe diameter.  A detailed description of 

these components is given in the following subsections. 

 

Parameter Uncertainty  

Three parameters that affect model output are considered as uncertain in this study.  Spatial and 

temporal nodal demands are inherently uncertain due to random water use.  Therefore, the water 
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demand and peaking factors need to be considered as uncertain variables.  Pipe roughness 

increases due to encrustation over time as unknown rates.  Thus, pipe roughness is also 

uncertain. 

 Parameter uncertainty is introduced based on the probability distribution of each 

parameter.  Nodal demand, demand peaking factors, and roughness are assumed to follow the 

normal distribution defined by the mean (𝜇) and standard deviation (𝜎) corresponding to each 

uncertainty level.  To provide a valid comparison basis between systems, uncertainty levels are 

defined as a constant coefficient of variation (𝐶𝑉 = 𝜎/𝜇). 

 

Monte Carlo Simulation 

Monte Carlo simulation (MCS) is an enumeration-based procedure for estimating the uncertainty 

of a system’s output given uncertainty of the model input.  In MCS, the system response of 

interest is repeatedly measured under various system parameter sets generated from the known or 

assumed probabilistic distributions.  Although computationally intensive, it offers a practical 

approach to the uncertainty analysis because the random behavior of the system response can be 

probabilistically duplicated (Tung and Yen 2006).  Many WDS researchers have applied MCS 

(Bao and Mays 1990; Hobbs and Beim 1988; Tolson et al. 2004; Wagner et al. 1988; Xu and 

Goulter 1998).  MCS advantages are (Gardner and O’Neill 1983): 

• It is not limited to any specific type of probability distribution. 

• Linearization of mathematical model expression is not required as in the FOSM analysis. 

• Sources of model error must be explicitly considered as well as the sources of intrinsic 

and information errors. 

• It can be quickly implemented without sophisticated mathematical manipulation. 
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However, MCS may require copious function evaluations.  If the computing power is available, 

MCS is the most practical and viable uncertainty analysis method; otherwise, it can be expensive 

and time consuming as in the case of optimal WDS design. 

 To validate the potential error induced by system linearization, a MCS using the 

EPANET is performed.  In this simulation, a random standard normal deviate is generated for 

each parameter related to WDS nodes and pipes.  The nodal demand and pipe roughness 

coefficients corresponding to this random number are derived from the appropriate normal 

distribution as defined by their means and variances.  EPANET calculates the nodal pressure 

heads under the assumption that the demands are fully satisfied.  This process is repeated and 

nodal pressure heads from each simulation recorded until a specified number of trials are 

completed or a convergence criterion is met. 

 

First-Order Second-Moment (FOSM) Method 

FOSM reduces the computational effort to approximate output uncertainty.  It estimates the 

model uncertainty by approximating the system model using a Taylor series expansion.  When 

model parameters are independent, the variance of the model output W can be approximated as 

(Tung and Yen 2006): 

  VAR[𝑊] = 𝑠𝑡𝐷𝑥𝑠 (1) 

where 𝑠 = ∇𝑥𝑊(𝜇𝑥) is a K-dimensional vector of the sensitivity coefficients at mean of 

parameters.  Sensitivity matrix elements are the gradients of the model output with respect to a 

model parameter.  𝐷𝑥 = diag(𝜎1
2, 𝜎2

2,⋯ , 𝜎𝐾
2) is a 𝐾 × 𝐾 diagonal matrix of variances of the 

model parameters (Tung and Yen 2006).  The FOSM method requires 𝐾 + 1 function 
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evaluations consisting of the analysis of the base condition and perturbations of the 𝑚 model 

parameters (Jung et al. 2013). 

  Once the algebraic analysis has been performed, the numerical calculations of FOSM are 

relatively simple.  FOSM decomposes the variance of each output into the sum of the input 

contributions.  FOSM generally provides poor estimation of the output statistical parameters of 

nonlinear systems since it is based on a first-order truncated Taylor series approximation.  FOSM 

may also provide unreliable estimates for the tail of the output distribution since it only provides 

the output mean and variance (Morgan et al. 1992). 

 

Normality Test 

Exceedance and non-exceedance probabilities describe the likelihood of a specified nodal 

pressure head being greater than or less than defined values, respectively.  To determine these 

likelihoods, a probability distribution must be assumed and validated or exceedance or non-

exceedance probabilities can also be estimated based on the histogram of MCS results.   

Here, we test the normality of model outputs using the MCS data set based on visual inspection 

and a statistical test.  For visual inspection, a quantile-quantile (Q-Q) plot is created using the 

MCS results.  The plot shows the sample quantiles of X versus theoretical quantiles from a 

normal distribution.  If the distribution of X is normal, the data will appear linear on the plot. 

 Some of the nodal pressure head histograms tend to be slightly negatively skewed since 

nodal pressure heads have an upper bound that approaches the source head when energy losses 

become small.  As a result, the hypothesis of normality using the nodal pressure head histogram 

is prone to be rejected when goodness-of-fit tests such as chi-square and Kolmogorov-Smirnov 

tests are conducted.  Since the low pressure tail is primary concern here, the two-sample 
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Kolmogorov-Smirnov (K-S) test is employed to confirm our normal distribution assumptions on 

low nodal pressure head tail.  This test was first introduced by Smirnoff (1939) and Kolmogoroff 

(1941).   

 Two-sampled K-S test is a nonparametric hypothesis test that evaluates the difference 

between the cumulative distribution functions (CDFs) of two sample data vectors over the range 

of x. The two-sided test uses the maximum absolute difference between the CDFs of the 

distribution of the two data vectors, and its statistics 𝐷∗ is given by: 

 𝐷∗ = max
𝑥
(|�̂�1(𝑥) − �̂�2(𝑥)|) (2) 

where �̂�1 and �̂�2 are the empirical CDF of the first and second sample, respectively.  The null 

hypothesis for the test is that the both samples are from the same continuous distribution.  This 

hypothesis test is rejected if the p-value of the test is smaller than significance level of the 

hypothesis test (α).  𝐷∗ is used to calculate two-sampled K-S test p-values that are based on the 

method described in Kendall (1946).  We tested whether the observed nodal pressure heads in 

the left tail of histogram is derived from the normal distribution by conducting two sample K-S 

tests with α is 0.05.  

 

Prediction Interval Analysis 

The mean, standard deviation, and lower and upper bounds of the 98% prediction interval of 

nodal pressure heads are computed by MCS and FOSM.  The upper and lower bounds of MCS 

are measured at the 99th and 1st percentiles of observed nodal pressure heads, respectively.  

Since FOSM outputs are assumed to follow the normal distribution (visual inspection and 

statistical tests will confirm this assumption), the lower and upper bounds for these methods are 

obtained using the standard normal deviate corresponding to the 98% cumulative probability 
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level (2.33).  The upper and lower bounds are then mean nodal pressure head plus/minus 2.33 

times standard deviation (𝜇 ± 2.33𝜎), respectively.  

 

Error Indexes 

Three error indexes are applied to judge the accuracy of FOSM relative to MCS.  Assuming that 

MCS provides true output statistics, the mean percent error (𝐸𝜇𝑖) stands for the difference 

between the exact and predicted mean pressures from MCS and FOSM, respectively and is 

defined as: 

 
𝐸𝜇𝑖 =

|(𝜇𝑖)FOSM − (𝜇𝑖)MCS|

(𝜇𝑖)MCS
× 100 (3) 

where, (𝜇𝑖)FOSM and (𝜇𝑖)MCS are the mean for FOSM and MCS for node i, respectively. 

The standard deviation percent error (𝐸𝜎) represents the relative difference of predicted standard 

deviation for FOSM and MCS and is expressed as: 

 
𝐸𝜎𝑖 =

|(𝜎𝑖)FOSM − (𝜎𝑖)MCS|

(𝜎𝑖)MCS
× 100 (4) 

where, (𝜎𝑖)FOSM and (𝜎𝑖)MCS are the standard deviation for FOSM and MCS for node i, 

respectively.  

 Because FOSM primarily generates a mean and variance, it might not obtain reliable 

estimates for the tail of the output distribution.  FOSM accuracy in the tail of distribution for 

nodal pressure head is evaluated by comparing the 1st and 99th percentile pressures of MCS and 

FOSM.  The error between the p (1st and 99th) percentile nodal pressure heads at node i is 

defined as: 

  
(𝐸𝑖)p =

|(𝑃𝑖)FOSM,p − (𝑃𝑖)MCS,p|

(𝑃𝑖)MCS,p
× 100 =

(∆𝑃𝑖)p

(𝑃𝑖)MCS,p
× 100 (5) 
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where  (𝑃𝑖)FOSM,p is the p percentile of pressure head at node i from a normal distribution curve 

obtained based on the mean and standard deviation from FOSM.  (𝑃𝑖)MCS,p is the p percentile of 

pressure head for node i from a histogram of pressures head at node i computed by MCS.  (∆𝑃𝑖)p 

is the absolute error or difference of (𝑃𝑖)FOSM,p and (𝑃𝑖)MCS,p at node i.  (∆𝑃𝑖)p is used to check 

the difference in pressure heads at lower and upper tails.  The numerator of these equations may 

also be of interest as the relative error does not consider the magnitude of the uncertainty.   

 

Demand Factor 

Most WDSs are capable of meeting the average day conditions.  However, pressure deficiencies 

may result when a system is stressed due to higher demands.  Demands vary seasonally, daily, 

and hourly.  The highest water demand of the year during any 1 or 24 hour period is defined as 

hourly peak demand (HPD) and max day demand (MDD), respectively. 

 The MDD and HPD can be determined based on historical water use data.  If 

representative data for water use is unavailable, peaking factors can be used.  The MDD peaking 

factors for municipal WDS (the multiple of the average day demand) vary between 1.60 and 2.20 

while the HPD peaking factor ranges from 2.25 to 3.20 in municipal systems based on the size 

and characteristics of the community.  Smaller communities have larger peaking factors because 

they are prone to have higher levels of flow variation due to the higher potential impact of 

individual events on the overall demand placed on the WDS (Linsley et al. 1992). 

 Equations for the MDD and HPD factors have been developed to predict WDS demands 

in the absence of reliable historical water use data (DVGW and German Technical and Scientific 

Association for Gas and Water 2009; Harmon 1918; Mutschmann and Stimmelmayr 2013; 

Ontario Ministry of the Environment 2008; Zhang 2005) .  These equations are a function of 
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population of the community and are included in the supplemental materials (Table S1, S2 and 

S3).  

 MDD and HPD factors for each study network are computed using Table S1 that give the 

demand factors as a function of population.  Since service populations are not available for the 

study networks, their populations are estimated using an individual consumer demand of 575 

liter per capita per day (152 gallons per capita per day); the average water use of the United 

States (United Nations Development Programme 2006). 

 

Graph Theory Network Structure Metrics 

Two network structure metrics, branch index (BI) and meshedness coefficients (MC), are 

employed to investigate the impact of network topology on the accuracy of FOSM.  To be 

consistent with the general terms used for WDSs, valves, pipes, and pumps are denoted as edges 

while demand junctions, tank, and reservoir are represented as nodes. 

 Hwang and Lansey (2017) demonstrated that to accurately estimate the degrees of 

branching and looping within a network, the BI and MC should be calculated using a reduced 

network to overcome issues from nonessential nodes and pipes.  A detailed explanation on 

network reduction can be found in Hwang and Lansey (2017). 

 

Branch Index 

To classify the network topology, we first apply BI, the ratio of branched edges to the number of 

branched edges plus the number of edges in a reduced network (Hwang and Lansey 2017) or: 

𝐵𝐼 =
𝑒𝑏

𝑒𝑟 + 𝑒𝑏
 (6) 
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where 𝑒𝑟 and eb denote the number of edges in the reduced network and the number of branched 

edges, respectively.  Here, branched edges denote the edges not located in a loop.  A larger BI 

corresponds to a more branched network.  A WDS can be classified as a branched system if its 

BI is greater than or equal to 0.5; otherwise the network identified as gridded, hybrid (a mix 

between branch and grid layouts), or looped WDS (Hwang and Lansey 2017). 

 

Meshedness Coefficient 

MC measures the connectivity of a WDN by evaluating the number of cycles (loops) in 

comparison with the potential maximum number of cycles (Buhl et al. 2004).  A larger MC 

corresponds to a more connected network with higher density of loops (Buhl et al. 2006).  MC is 

computed as: 

  
𝑀𝐶 =

𝑒 − 𝑛 + 1

2𝑛 − 5
 (7) 

where 𝑒 and n are number of edges and nodes in a reduced network, respectively.  MC has been 

used as a redundancy measure to capture the degree of looping in a WDS (Yazdani and Jeffrey 

2011; Yazdani and Jeffrey 2012; Yazdani et al. 2011). 

 

Length-Weighted Average Pipe Diameter 

To investigate the accuracy of FOSM with a WDS’s pipe diameter, �̅�, is used to classify 

networks.  �̅� is computed as: 

  
�̅� =

∑ 𝐷𝑗𝐿𝑗
𝑚
𝑗=1

∑ 𝐿𝑚
𝑗=1 𝑗

 (8) 

where 𝐷𝑗  is the diameter of pipe 𝑗, and 𝐿𝑗 is the pipe length of pipe 𝑗. 𝑚 is the number of pipes in 

the WDS. 
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STUDY SYSTEMS 

Twenty-one WDSs are studied to evaluate the accuracy of FOSM relative to MCS.  Most of 

these networks are frequently discussed in the literature.  The selected networks include twenty 

real systems and one hypothetical model.  A summary of the names and characteristics of each 

system is given in Table 1 and network schematics are presented in Fig. 1 and the supplemental 

materials (Figs. S1-S17).   

1. Kentucky (KY) networks are from the Kentucky statewide WDS database developed by 

the Kentucky Infrastructure Authority (Jolly et al. 2014).  These networks are real system 

models and the latest version of 15 networks obtained from Jolly et al. (2014).  For this 

study KY15 is excluded when conducting uncertainty analysis since several demand 

nodes in KY15 yield negative nodal pressures under the base demand condition.  As a 

result, fourteen KY systems are evaluated in this study. 

2. A portion of the city of Austin, Texas WDS (Fig. S13) taken from Brion and Mays 

(1991) is a significant simplification of real network and represents transmission mains 

serving a residential community.  The system termed the Austin system consists of 91 

pipes, 67 nodes, seven pumps, one tank, and one reservoir.  Based on Brion and Mays 

(1991), it supplies a daily average flow of 43,627 liters per minute (LPM) (11,511 gallons 

per minute (GPM)). 

3. WG (Fig. S14) is an example system that is available from WaterGEMS (Bentley 

Systems Incorporated 2006).  The network is composed of 176 nodes and 250 pipes. The 

elevated source reservoir head is assigned an elevation of 147 m (482.3 ft).  Water from 

the local reservoir is lifted by a pump station operated by two parallel pumps to meet the 

3,210 LPM (847 GPM) demand. 
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4. GW1 (Fig. 15) and GW2 (Fig. 2(b))  are real networks introduced in Kang and Lansey 

(2011).  GW1 is a skeletonized version of the all-pipe model, GW2.  The service area is 

primarily residential and spans a 6.4 km by 6.4 km (4 mi by 4 mi) area.  The network has 

a maximum elevation change of 16.5 m (54 ft).  Both networks intend to supply 10,644 

LPM (2,808 GPM) of water. 

5. Anytown (Fig. 1(d)) is a hypothetical system that is slightly modified from the network 

proposed by Walski et al. (1987).  The elevated source reservoir head is assigned an 

elevation of 73.2 m (240 ft).  Two tanks and two riser pipes are eliminated from the 

original system resulting in 19 nodes, 39 pipes, and one source. 

6. WCR (Fig. S16) consists of 1,345 pipes, 1,142 nodes, six pumps, four reservoirs, and 

four pressure reduction valves (PRV). WCR covers 9.71 km2 (2,400 acres) and supplies 

31,453 LPM (8,299 GPM).  Within the network, the elevation gradually increases toward 

the northeast, and demands are higher in the east (Lippai 2005). 

7. Net3 (Fig. S17) is an example network that is distributed with EPANet 2.0 (Rossman 

2000) and has been frequently used in the WDS studies.  The network is a skeletonized 

representation of part of an actual unnamed WDS.  The network consists of 92 nodes, 

two reservoirs, three tanks, 117 pipes and pumps.  The total demand for this system is 

11,567 LPM (3,052 GPM). 

Of the 21 systems, 18 (all KYs, Austin, WG, WCR, and Net3) are supplied by pumps that are 

included in the uncertainty analyses while three (GW1, GW2, and Anytown) are supplied from 

fixed elevation reservoirs.  Seven WDSs (KY6, KY9, KY10, KY11, KY12, WG, and WCR) 

contain pressure reduction valves (PRVs).  Since we are interested in the network topologic 

impact on the accuracy of FOSM, all PRVs’ status are set to open.   
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ASSUMPTIONS 

As noted, the uncertainty analysis methods can be employed for WDS calibration, abnormality 

detection, and design.  Since the WDS calibration and abnormality detection manipulate similar 

input uncertainty level and the demand data averaged over a short time step, the calibration and 

abnormality detection are grouped as Case 1.  Several assumptions and simplifications are made 

for different WDS uncertainty analysis applications. 

   

Assumptions for Case 1 (Calibration and Abnormality Detection) 

• Nodal demands are assumed to be uncorrelated for WDS calibration and abnormality 

detection (Case 1) since nodal demands data aggregated over a short time step in real-

time analyses. 

• The CVs for nodal demand and pipe roughness are defined as 0.15 and 0.05, respectively.  

We assume that a calibration pipe parameters are estimated with a reasonable level of 

confidence with the exception of pipes with low flow rates.  Assuming a 0.15 CV to a 

nodal demand with 20 lpd, results in a standard deviation of 3 lpd and, if normally 

distributed, implies that the demand will fall between 11 and 29 lpd with a 99% degree of 

confidence. Similarly, applying a 0.05 CV to a pipe with a Hazen-Williams roughness 

coefficient (C) of 100 will fall between 85 and 115 with a 99% degree of confidence.  A 

good engineer with system knowledge should be able to estimate parameters with that 

level of confidence without a calibration exercise. 
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Assumptions for Case 2 (System Design) 

• Nodal demands are assumed to be correlated since design considers an average nodal 

demand over long time step (for example an hour). 

• The CV for peak demand factors and pipe roughness are defined as 0.10 and 0.05, 

respectively.  Nodal demands are most often computed as a multiplier of the average day 

demand with some level of uncertainty around that value.  Since the demand is comprised 

of numerous individual uses, the use of a normally distributed nodal demand is 

reasonable unless field data suggests otherwise.  Demands evaluated in this type of 

analysis are anticipated peak conditions that will stress the system.  A 0.10 CV on an 

average multiplier in the range of 1.8 to 2.7 corresponds to a 99% confidence limit range 

of 0.54 to 0.81 of the average demand multiplier of a normally distributed demand (i.e., 

demand multipliers of 1.26 to 2.34 and 1.89 to 3.51 for the 1.8 and 2.7 mean demand 

multipliers, respectively).  This degree of uncertainty would likely not be exceeded in an 

operational system. 

  

Common Assumptions for Case 1 and 2   

• Uncertain model predictions are assumed to be normally distributed. 

• Only demand nodes are considered for the nodal head prediction uncertainty analysis. 

• Our main concerns are nodes that provide a meaningful level of nodal pressure head 

uncertainty.  As such, we exclude the nodes that produce standard deviations of nodal 

pressure heads less than 7.03 cm (0.1 psi) from FOSM investigation. 

• It should be noted that some pipes are underdesigned causing rapid water velocity in 

pipes with very small diameter less than or equal to 76.2 mm (3 in.).  Thus, we exclude 



171 

 

the demands nodes connected with the underdesigned branched pipes to avoid unrealistic 

pressure head estimates.  

In MCS, a random standard normal deviate is generated for each node and pipe for Case  

1.  A random standard normal deviate is generated for each network’s demand peaking factors 

and pipe for Case 2.  The nodal demand, peak demand factors, and pipe roughness coefficients 

corresponding to these random numbers are derived from the normal distribution using their 

means and variances.  Additional uncertainty analysis could be completed with various 

distributions of nodal demands and pipe roughness coefficient.  However, we expect that the 

conclusion regarding system linearity would be not be altered with different distributions. 

  

RESULTS AND DISCUSSION 

Demand Factors 

A summary for demand factors are shown in Table S4.  The estimated populations range 

between 6,900 (KY14) and 109,300 (Austin).  The calculated MDD and HPD factors range from 

1.65 to 2.00 and from 2.48 to 3.00, respectively, using the demand factor relationships (Table 

S1). 

   

Network Pressure Sensitivity Analysis 

A preliminary sensitivity analysis is performed to observe how demand factors affect the 

operational performance of the WDSs (Table S5).  The minimum (𝑃𝑚𝑖𝑛), maximum (𝑃𝑚𝑎𝑥), and 

average pressures (�̅�) are computed for each WDS for all demand nodes for base, daily peak and 

hourly peak demand conditions. 
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 Two networks (KY1, KY13) have negative nodal pressures under the MDD and HPD 

conditions.  Negative nodal pressures also occur in KY10 and WCR under the HPD conditions.  

Therefore, these networks are excluded when the uncertainty analyses are performed under the 

peak demand conditions.  In addition, one of pumps in WCR is nearly exceeding its maximum 

flow under the MDD condition leading to portions of the system disconnected from source.  

Therefore, WCR is omitted while conducting the uncertainty analyses under the MDD and HPD 

conditions. 

   

Number of MCS Realizations  

MCS uncertainty analyses are conducted to investigate the accuracy of FOSM at three demand 

conditions, base demand, MDD, and HPD.  Preliminary runs were conducted to determine the 

number of MCS realizations necessary for model output statistics to convergence to their true 

values.  Since the mean and variance statistics and the probability density functions (PDFs) for 

most MCS runs converged in less than 10,000 realizations, 10,000 realizations are used for all 

networks and demand conditions. 

 Given the large number of realizations necessary for MCS convergence, FOSM is 

significantly less computationally expensive than MCS.  MCS required 12 to 1,300 times the 

execution time of FOSM depending upon the size of the network. 

 

Graph Theory Network Structure Metrics and Length Weighted Average Pipe Diameter 

A summary for BI, MC, and �̅� of the study systems are shown in Table 1.  Among the study 

systems, KY12 (Fig. 2(a)) and GW2 (Fig. 2(b)) have the largest and smallest BI, respectively.  

From visual inspection, KY12 is a highly-branched system while GW2 is a grid-dominated 
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network with 334 independent loops.  For MC, KY11 (Fig. 2(c)) has the smallest value 

demonstrating its branched structure.  On the other hand, the highest MC is obtained from the 

hypothetical and highly skeletonized Anytown WDN (Fig. 2(d)).  Since Anytown is a 

hypothetical network, it appears as an outliner leading to possible biased relationship between 

the accuracy of FOSM and network topology.  Therefore, Anytown is excluded from the 

investigation of FOSM accuracy and network topology. 

 Following Hwang and Lansey (2017) network classification scheme, networks KY9, 

KY10, KY11, and KY12 are characterized as branched networks while Austin, GW1, Anytown, 

and Net3 are categorized as looped systems.  The remainder of the networks are gridded or 

hybrid. 

 

Accuracy of First-Order Second-Moment Approximation 

The following sections respond to the research questions identified in the Introduction.  FOSM 

pressure heads estimate for a defined probability of exceedance (𝑋𝐻) is computed by:  

  𝑋𝐻 = 𝜇𝐻 + 𝑍𝜎𝐻 (9) 

where Z is the standard normal deviate associated with the probability of exceedance, P.  𝜇𝐻 and 

𝜎𝐻 are mean and standard deviation, respectively.  FOSM approximates 𝜎𝐻 as (Tung and Yen 

2006): 

  

𝜎𝐻 = √∑∑
𝜕𝐻(𝜇𝐻)

𝜕𝑥𝑖

𝜕𝐻(𝜇𝐻)

𝜕𝑥𝑗

𝑘

𝑗=1

𝑘

𝑖=1

cov(𝑋𝑖, 𝑋𝑗) (10) 

where 𝑘 is the dimension of 𝑥 and 
𝜕𝐻(𝜇𝐻)

𝜕𝑥𝑖
 is the point estimate of the partial derivative of 𝐻 with 

respect to xi that is evaluated at the mean value of xi.  Sources of errors in predictions can be 

clearly seen from this equation and are in the: 
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1) Mean value, 𝜇𝐻,that is taken as a point estimate at the mean parameter values 

2) Standard deviation estimates of the predicted parameters, H, due to system 

nonlinearities that are not reflected in the partial derivatives since they are also computed 

as point estimates 

3) Assumption of normality of the predicted pressure heads 

These factors are impacted by the magnitude of demands (stress level) and network topology.   

 

Mean and Standard Deviation Estimates at the Base Demand Condition 

The normal distribution represents the model uncertainty of nodal pressure head due to the 

uncertainties in nodal demands and pipe roughness coefficients (Case 1) or peak demand factors 

and pipe roughness coefficients (Case 2).  The minimum, maximum, and average 𝐸𝜇𝑖 values are 

included in the supplemental material (Table S6).  Under the base demand condition, all 𝐸𝜇𝑖 

values are smaller than 2% percent for Cases 1 and 2. 

 Box plots (Fig. 2) show the distribution of 𝐸𝜎𝑖  calculated using Eq. (4).  For Cases 1 and 

2, 𝐸𝜎𝑖  are acceptable in nearly all cases for the base demand condition.  For Case 1, however, 𝐸𝜎𝑖  

for 15 demand nodes in KY9 are greater than 10%.  The pressure at these nodes range between 

62.98 and 92.51 m (89.56 and 131.54 psi).  Sensitivity plots of nodal pressure head, H, with 

respect to changes in nodal demand, Q are shown in the supplemental material (Fig. S18).  Refer 

to Eqs. (9) and (10), application of FOSM assumes that partial derivatives, 
𝜕𝐻(𝜇𝐻)

𝜕𝑥𝑖
, are constant.  

From the sensitivity plots (H versus Q), it is observed that the responses for the noted nodes are 

nonlinear and points of inflection occur near the base demand condition (i.e., the demand factor 

equals to one).  The result is large prediction errors since the linearity assumption is violated. 
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For Case 2,  𝐸𝜎𝑖 is greater than 10% for 13, 12, and 7 nodes for KY9, KY10, and KY11, 

respectively.  Their nodal pressures are well above 28.13 m (40 psi) ranging between 43.65 and 

188.25 m (62.07 and 132.39 psi) under the base demand condition.  Sensitivity plots of nodes 12 

and 7 in KY10 and KY11, respectively, are included in the supplemental materials (Figs. S19 

and S20).   

 The large 𝐸𝜎𝑖  in KY9, KY 10, and KY12 are caused by similar nonlinearities as for KY9 

for Case 1.  For Cases 1 and 2, the nodal pressures heads corresponding to nodes with 𝐸𝜎𝑖  greater 

than 10% are well above 28.13 m (40 psi); a typical minimum pressure head requirement during 

WDS design.  If pressures are well above acceptable minimum value, large relative errors may 

not be a significant concern, however, these results demonstrate the loss of accuracy in branched 

systems.  These systems response is nonlinear since head losses that occur along a single path are 

functions of the discharge squared.  

 

Normality Test 

Results in the previous section demonstrate that the errors in mean and standard deviation 

predictions are small and likely will not significantly affect FOSM predictions except for 

branched systems.  We now shift to assessing the assumption of normality.  Figs. 3 and 4 show 

Q-Q plots based on the sample quantiles obtained from 10,000 MCS realizations and theoretical 

quantiles from normal distributions from MCS (red line) and FOSM (blue dashed-line) for the 

different demand conditions for WG and Case 1 and 2, respectively.  As seen, nodal pressure 

heads either follow the normal distribution or are slightly negatively skewed due to the upper 

limit on pressure head.  Similar trends are observed in the other study networks for Case 1 (Figs. 

S21-S40) and Case 2 (S41-S60).   
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 Table 2 summarizes the number of nodes that are rejected for the normality hypothesis 

using the two-sample K-S test for Cases 1 and 2 for a 5% confidence interval (𝛼 = 0.05).  

Overall, most networks satisfy the normality test for both cases; even under stressed conditions.  

However, the branched networks (KY9, KY10, KY11, and KY12) have poorer results compared 

to other networks.  For the Case 1 base demand condition, more than 5% of nodes in KY9, 

KY11, and KY12 do not satisfy the normality hypothesis.  Similar trends are observed for Case 

2.  Under the MDD condition, 4.6% of nodes in the KY10 network do not satisfy normality for 

Case 1.  As noted above, since flow is provided through single paths in branched systems and the 

head loss equation is nonlinear, the branched network result is not unexpected. 

   

Prediction Interval Comparison at the Base Demand Condition 

Based on the MCS results with the exception of branched systems, most networks behave such 

that normally distributed input are transformed to normally distributed output.  If, as shown in 

the previous analysis, the mean and standard deviation are estimated accurately, FOSM should 

provide good estimates of model predictions over the range of uncertainty.  That said, a major 

concern of FOSM is unreliable estimates of the nodal pressure head in the tails of the 

distributions that can be significantly impacted by small deviations in the statistical parameter 

estimates and probability distribution.  This section focuses on a numerical comparison of 

FOSM/MCS predictions at the extremes of the distributions for the base demand level. 

 To that end, nodal pressure head histograms are plotted from MCS analysis results.  

Assuming normality and using the computed means and standard deviations, FOSM distributions 

are overlain on the plots.  Figs. 5 and 6 show the probability distributions and 98% prediction 

intervals estimated by MCS and FOSM for the nodal pressure heads for network WG nodes that 
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had the smallest (left side) and largest (right side) (𝐸𝑖)1st values calculated using Eq. (5).  The 

histogram and probability distribution function for nodal pressure heads of WG estimated from 

the MCS and FOSM (Figs. 5(a) and 6(a)), respectively, are very similar under the base demand 

condition for Cases 1 and 2.  Therefore, WG’s 98% prediction intervals estimated from the MCS 

and FOSM are nearly identical under the base demand condition for both cases.  

 Results of prediction interval analyses for Cases 1 and 2 for the other WDSs under the 

base demand condition are given as a histogram and probability distribution curves in the 

supplemental materials (Figs. S61-S100).  Histograms and distribution curves of nodal pressure 

heads from MCS and FOSM in general match well by visual inspection for the 98% prediction 

intervals under the base demand condition. 

 For Case 1, the maximum (𝐸𝑖)1st and (𝐸𝑖)99th are 1.61% from KY1 (Table 3) and 1.15% 

from KY1 (Table S9), respectively, under the base demand condition.  Further, the maximum 

(∆𝑃𝑖)1st and (∆𝑃𝑖)99th are 0.63 m (0.90 psi) from KY9 and 0.75 m (1.07 psi) from KY9, 

respectively.  For Case 2, the maximum (𝐸𝑖)1st and (𝐸𝑖)99th are 2.09% from WCR (Table 4) and 

2.00 % from KY11 (Table S10), respectively, under the based demand condition.  Further, the 

maximum (∆𝑃𝑖)1st and (∆𝑃𝑖)99th are 0.70 m (1.00 psi) from KY9 and 1.35 m (1.92 psi) from 

KY11, respectively.  In total, acceptable results are consistently provided at the base demand 

condition.  But as now expected, the branched networks have the poorest predictions.    

 

First-Order Second-Moment Accuracy in Response to Levels of System Stress 

Box plots of 𝐸𝜎𝑖 for all study networks at the MDD and HPD conditions are shown in Figs. 7 and 

8, respectively.  Under the peak demand conditions, FOSM is capable of accurately predicting 

nodal pressure head uncertainties for all cases.  Again, FOSM accuracy is poorer for branched 
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networks.  For example, for Case 1, 𝐸𝜎𝑖  of 25.54 % is obtained from node J-25 in KY11 at the 

MDD condition.  The mean pressures heads computed from the MCS for this node is 101.89 m 

(144.88 psi) under the MDD condition.  For Case 2, unacceptable 𝐸𝜎𝑖 values are obtained from 

one node in KY9, 13 nodes in KY10, and one node in KY11.  The pressure head at these nodes 

are between 55.6 and 101.84 m (79.05 and 144.81 psi). 

 Under the HPD condition, for Case 1, FOSM accurately estimated all standard deviations 

(𝐸𝜎𝑖 values are less than 7%).  For Case 2, multiple nodes in KY9, KY11, and KY12 provide 

unacceptable 𝐸𝜎𝑖  values.  The pressure heads range between 59.87 and 119.72 m (85.13 and 

170.24 psi).  In addition, for Case 2 unacceptable 𝐸𝜎𝑖  are obtained for two nodes (J-253 and J-

255) in Net3 under the HPD condition.  However, the unacceptable 𝐸𝜎𝑖  do not degrade the 

accuracy of FOSM to estimate (𝑃𝑖)1𝑠𝑡 since (𝐸𝑖)1st and (∆𝑃𝑖)1𝑠𝑡 are less than 0.13 % and 0.03 

m, respectively, at these nodes.  

 The results of the prediction interval analyses of the study networks under MDD and 

HPD conditions are acceptable as the histograms and distribution curves of nodal pressure head 

from the MCS and FOSM are well matched under the peak demand conditions (Figs. 5, 6. S61-

100).  From the histograms of the nodal pressure head, the predicted and actual 98% probabilistic 

nodal pressure head are also very similar.  For Case 1, (𝐸𝑖)1st values are summarized in Table 5 

and 7 for MDD and HPD conditions, respectively.  The maximum (𝐸𝑖)1st values are computed 

as 2.15 % from KY11 and 11.65 % from KY11 at the MDD and HPD conditions, respectively, 

for Case 1.  For Case 2, the maximum (𝐸𝑖)1st is 8.13% in GW1 (Table 6) at the MDD condition.  

Further, the maximum (𝐸𝑖)1st of 20.69% is obtained from KY11 (Table 8) at the HPD condition 

for Case 2. 
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Since head losses increases with larger water demands, it was anticipated that the 𝐸𝜎𝑖 , (𝐸𝑖)1st, 

and (∆𝑃𝑖)1𝑠𝑡 would increase under peak demand conditions.  However, the maximum and 

average 𝐸𝜎𝑖  did not increase with system stress levels for Cases 1 and 2 (Figs. S101 and S102).  

However, the (𝐸𝑖)1st and (∆𝑃𝑖)1𝑠𝑡 tended to be larger with more extreme demand conditions for 

both Cases (Figs. S103-S106).  

 

First-Order Second-Moment Accuracy Dependence on Network Topology 

The accuracy of FOSM degrades when FOSM is applied to branched and less looped/gridded 

WDNs.  The maximum 𝐸𝜎𝑖  are higher for the branched WDNs (KY9, KY10, KY11, and KY12) 

than grid and loop WDNs for Cases 1 and 2 (Figs. 2, 7, and 8).  Fig. 9 shows the relationship 

between MC, BI, and the maximum (𝐸𝑖)1st.  The maximum (𝐸𝑖)1st are also higher for branched 

WDSs.  Therefore, prediction accuracy is lower for branched WDSs with BI greater than or 

equal to 0.5; even for low demands. 

 WDNs with smaller MC also tend to produce larger maximum (𝐸𝑖)1st (Fig. 9).  Finally, it 

is noteworthy that based on the average 𝐸𝜎𝑖 , (𝐸𝑖)1st, and (∆𝑃𝑖)1𝑠𝑡  FOSM accuracy is poorer 

when it is applied to GW1 compared to GW2 (Figs. S101(b)-S106(b).  This result demonstrates 

that when skeletonized a network acts more nonlinearly.  In summary, FOSM performs better for 

WDSs with higher loop densities.   

 

First-Order Second-Moment Accuracy Dependence on Pipe Diameter 

FOSM performed well in estimating the nodal pressure head independent of average pipe 

diameter.  No distinct relationship is found between the maximum 𝐸𝜎𝑖 and �̅�.  However, for 

Case 2, the maximum 𝐸𝜎𝑖  seems to be larger for a WDS with smaller �̅�.  This observation is 
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strongly influenced by the branched WDSs (KY9, KY10, KY11, and KY12) since �̅� is less than 

150 mm for these WDNs.  In general, prediction accuracy does not appear to be strongly 

influenced by pipe diameters in properly sized networks. 

 

First-Order Second-Moment Accuracy for Different Applications 

FOSM adequately estimates nodal pressure head uncertainties for Cases 1 and 2.  𝐸𝜎𝑖 , (𝐸𝑖)1st, 

and (∆𝑃𝑖)1𝑠𝑡 are larger for Case 2 than Case 1 since greater variations in nodal demands are 

considered for Case 2.    

 

CONCLUSIONS 

A comprehensive analysis of the first-order second moment approximation (FOSM) was 

conducted to investigate the factors affecting the accuracy of FOSM when used to estimate the 

uncertainty of nodal pressure head in a WDS for three uncertainty analysis applications: 

calibration, abnormality detection, and design.  Further, this study provides results that support 

definitive conclusions on it effectiveness for WDSs.  Here, the MCS and FOSM for calibration 

and abnormality detection are grouped as Case 1 while the uncertainty analysis for WDS design 

is categorized as Case 2.   

 For this study, uncertainties in input parameters, nodal demands, peak demand factors, 

and pipe roughness coefficients, are considered and various assumptions are made depending on 

the uncertainty analysis application.  The same uncertainty levels are used for Cases 1 and 2 for 

pipe roughness coefficients and we are assuming that the pipe roughness coefficients are 

uncorrelated in space.  Uncertainties in nodal demands and peak demand factors, however, are 

treated differently in the two cases.  WDS calibration and abnormality detection (Case 1) 
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consider demands averaged over a short period of time so they are uncorrelated in space.  On the 

other hand, for system design (Case 2) nodal demands are assumed to be cross-correlated in 

space since system design consider demands averaged longer time steps. 

 MCS and FOSM approximation analyses are conducted for 21 real and hypothetical 

WDSs to identify the critical factors that affect FOSM accuracy including peak demand 

conditions, network topology, the pipe size, and uncertainty analysis application types.  Two 

networks (Anytown and Austin) are optimal designs and the remainder were designed by 

engineering judgement.  

 The components of the FOSM approximation were examined individually (mean, 

standard deviation and derivative linearity).  Further, system normality was examined by 

applying the two sample Kolmogorov–Smirnov test to the lower-half of the pressure head 

probability distribution obtained by MCS.  Finally, tail predictions were studied by comparing 

the FOSM predictions with MCS results.  

 For most system types, the normality assumption for nodal pressure head is accepted and 

FOSM provides acceptable uncertainty estimates when it is used for different applications.   In 

addition, very good uncertainty estimations for the nodal pressure heads are obtained even for 

peak demand conditions.  The branched systems, however, are less linear and FOSM performs 

poorer compared to grid and loop systems.  Moreover, the accuracy of FOSM is not dependent 

on the pipe size.  Thus, the most critical factor affecting the FOSM accuracy appears to be 

network topology. 

 Most systems in this study are real networks.  These systems are likely overdesigned 

relative to minimum cost designs to satisfy some unknown demand level.  Shinstine et al. (2002) 

analyzed real pipe networks using the cut set methods and found that the engineer-designed 
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networks also had a high level of redundancy.  In this study, we impose high demands that stress 

the systems.  Recognizing that many WDSs may be overdesigned raises some interesting 

questions that warrant study.  For example, what is the inherent level of reliability that 

practitioners believe is necessary? Are these levels driven by local regulations, system topology, 

or from engineer’s intuition? Would alternative designs be acceptable if similar levels of 

reliability could be achieved at lower cost? Should minimum pipe diameter and/or looping 

requirements be relaxed? What metrics are most indicative of practitioners’ perception of a 

secure system?  For most of 30 years, the WDS community has spent significant effort to 

develop minimum cost design methodologies.  A shift to collaborations with the WDS 

community to address the above questions would be invaluable to moving research to practice. 
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Table 1. Water Distribution System Characteristics  

System 

No. of 

pipes 

No. of 

nodes 

No. of 

pumps 

No. of 

tanks 

No. of 

reservoirs 

No. of 

PRVs 

Total demand  

(LPM) BI MC �̅� (mm) 

KY1 984 856 1 2 1 0 5,195 0.36 0.074 203 

KY2 1,124 811 1 3 1 0 5,500 0.27 0.191 145 

KY3 366 269 5 3 3 0 5,282 0.23 0.178 242 

KY4 1,156 959 2 4 1 0 3,944 0.36 0.101 178 

KY5 496 420 9 3 4 0 5,969 0.41 0.093 219 

KY6 644 543 2 3 2 1 4,313 0.38 0.092 201 

KY7 603 481 1 3 1 0 4,025 0.35 0.124 196 

KY8 1,614 1,325 4 5 2 0 6,486 0.38 0.108 213 

KY9 1,270 1,242 17 15 4 56 3,529 0.71 0.033 121 

KY10 1,043 920 13 13 2 5 5,690 0.56 0.068 143 

KY11 846 802 21 28 1 15 4,598 0.81 0.031 147 

KY12 2,426 2347 15 7 1 22 3,607 0.61 0.023 117 

KY13 920 778 4 5 2 0 6,206 0.47 0.102 199 

KY14 548 377 5 3 4 0 2,743 0.22 0.223 269 

Austin 91 67 7 1 1 0 43,627 0.32 0.226 460  

WG 250 176 2 1 1 3 3,210 0.18 0.222 170 

GW1 251 231 0 0 1 0 10,644 0 0.041 307 

GW2 1,274 934 0 0 1 0 10,645 0.01 0.182 189 

Anytown 39 19 0 0 1 0 37,142 0.10 0.514 356 

WCR 1,345 1,142 6 0 4 4 31,453 0.47 0.059 238 

Net3 117 92 2 3 2 0 11,567 0.25 0.24 455 

Note: LPM is liters per minute 

BI is branch index 

MC is meshedness coefficient 
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Table 2. Number of nodes rejected for normality test using Two-sample Kolmogorov-Smirnov 

test for 𝛼 = 0.05  

Systems 

Case 1 Case 2 

Base 

Demand MDD HPD 

Base 

Demand MDD HPD 

KY1 0 (0) – – 470 (55.1) – – 

KY2 0 (0) 0 (0) 11 (1.4) 3 (0.4) 0 (0) 79 (9.8) 

KY3 0 (0) 50 (19.0) 4 (1.5) 113 (43.0) 3 (1.1) 97 (36.8) 

KY4 3 (0.3) 2 (0.2) 8 (0.8) 3 (0.3) 9 (0.9) 0 (0) 

KY5 0 (0) 1 (0.2) 1 (0.2) 0 (0) 0 (0) 1 (0.2) 

KY6 0 (0) 3 (0.6) 2 (0.4) 0 (0) 1 (0.2) 1 (0.2) 

KY7 0 (0) 0 (0) 0 (0) 1 (0.2) 62 (13.0) 4 (0.8) 

KY8 0 (0) 0 (0) 1 (0.1) 0 (0) 0 (0) 8 (0.6) 

KY9 89 (7.3) 34 (2.8) 38 (3.1) 73 (6.0) 64 (5.2) 155 (12.7) 

KY10 3 (0.3) 42 (4.6) – 33 (3.6) 73 (8.1) – 

KY11 51 (6.6) 36 (4.7) 23 (3.0) 39 (5.0) 56 (7.2) 65 (8.4) 

KY12 133 (5.7) 9 (0.4) 14 (0.6) 27 (1.2) 1 (0.04) 30 (1.3) 

KY13 3 (0.4) – – 10 (1.3) – – 

KY14 0 (0) 1 (0.3) 0 (0) 0 (0) 2 (0.5) 19 (5.1) 

Austin 0 (0) 0 (0) 0 (0) 0 (0) 1 (1.5) 18 (27.7) 

WG 2 (1.1) 1 (0.6) 3 (1.7) 0 (0) 1 (0.6) 0 (0) 

GW1 0 (0) 2 (0.9) 0 (0) 9 (3.9) 0 (0) 0 (0) 

GW2 12 (1.3) 3 (0.3) 3 (0.3) 4 (0.1) 0 (0) 0 (0) 

Anytown 1 (5.3) 0 (0) 0 (0) 0 (0) 0 (0) 1 (5.3) 

WCR 0 (0) – – 25 (2.2) – – 

Net3 0 (0) 0 (0) 7 (8) 0 (0) 0 (0) 17 (19.5) 

Note: TDL is a transmission dense-loop network. 

The numbers in brackets indicate the percentage of nodes that are rejected for the normality test.    
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Table 3. 1st percentile pressure head errors ((𝐸𝑖)1𝑠𝑡) and absolute differences ((∆𝑃𝑖)1𝑠𝑡) at the 

base demand condition for Case 1 

 (𝐸𝑖)1𝑠𝑡  (%) (∆𝑃𝑖)1𝑠𝑡  (m) 

System Min Max Average Min Max Average 

KY1 0.01 1.61 0.14 0 0.46 0.05 

KY2 0 0.13 0.02 0 0.05 0.01 

KY3 0 0.56 0.23 0 0.20 0.08 

KY4 0 0.11 0.02 0 0.04 0.01 

KY5 0 0.12 0.06 0 0.04 0.02 

KY6 0 0.10 0.03 0 0.07 0.02 

KY7 0 0.13 0.04 0 0.05 0.02 

KY8 0 0.17 0.01 0 0.08 0.01 

KY9 0 0.83 0.10 0 0.63 0.08 

KY10 0 0.49 0.04 0 0.27 0.03 

KY11 0 1.20 0.14 0 0.49 0.08 

KY12 0 0.88 0.08 0 0.33 0.04 

KY13 0 0.10 0.02 0 0.05 0.01 

KY14 0.01 0.27 0.04 0.01 0.30 0.02 

Austin 0 0.27 0.03 0 0.11 0.02 

WG 0.01 0.13 0.03 0.01 0.06 0.02 

GW1 0.08 0.22 0.17 0.05 0.10 0.08 

GW2 0.06 0.13 0.11 0.04 0.06 0.06 

Anytown 0.10 0.44 0.25 0.05 0.14 0.10 

WCR 0.01 0.55 0.07 0 0.50 0.05 

Net3 0 0.15 0.03 0 0.05 0.01 
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Table 4. 1st percentile pressure head errors ((𝐸𝑖)1𝑠𝑡) and absolute differences ((∆𝑃𝑖)1𝑠𝑡) at the 

base demand condition for Case 2 

 (𝐸𝑖)1𝑠𝑡  (%) (∆𝑃𝑖)1𝑠𝑡  (m) 

System Min Max Average Min Max Average 

KY1 0 1.08 0.23 0 0.31 0.09 

KY2 0 0.21 0.03 0 0.07 0.01 

KY3 0.01 0.48 0.14 0.01 0.18 0.05 

KY4 0 0.09 0.02 0 0.04 0.01 

KY5 0.01 0.20 0.11 0 0.06 0.04 

KY6 0 0.15 0.03 0 0.07 0.02 

KY7 0 0.10 0.04 0 0.04 0.02 

KY8 0 0.14 0.02 0 0.06 0.01 

KY9 0 0.83 0.12 0 0.70 0.09 

KY10 0 0.55 0.07 0 0.32 0.05 

KY11 0 0.66 0.15 0 0.27 0.10 

KY12 0 0.69 0.12 0 0.38 0.07 

KY13 0 0.12 0.02 0 0.06 0.01 

KY14 0 0.37 0.03 0 0.41 0.02 

Austin 0 0.20 0.04 0 0.11 0.02 

WG 0.02 0.27 0.16 0.01 0.13 0.10 

GW1 0.38 1.50 1.11 0.23 0.55 0.50 

GW2 0.14 0.83 0.59 0.09 0.37 0.29 

Anytown 0.29 0.93 0.59 0.16 0.29 0.24 

WCR 0 2.09 0.35 0 0.39 0.19 

Net3 0.09 0.22 0.15 0.04 0.10 0.07 
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Table 5. 1st percentile pressure head errors ((𝐸𝑖)1𝑠𝑡) and absolute differences ((∆𝑃𝑖)1𝑠𝑡) at the 

max day demand condition for Case 1 

 (𝐸𝑖)1𝑠𝑡  (%) (∆𝑃𝑖)1𝑠𝑡  (m) 

System Min Max Average Min Max Average 

KY2 0 0.16 0.03 0 0.05 0.01 

KY3 0 0.59 0.10 0 0.20 0.04 

KY4 0 0.10 0.02 0 0.04 0.01 

KY5 0 0.24 0.13 0 0.07 0.04 

KY6 0 0.33 0.03 0 0.15 0.02 

KY7 0 0.11 0.02 0 0.08 0.01 

KY8 0 0.16 0.02 0 0.07 0.01 

KY9 0 1.33 0.15 0 0.79 0.10 

KY10 0 1.62 0.09 0 1.13 0.06 

KY11 0 2.15 0.30 0 1.04 0.16 

KY12 0 1.12 0.11 0 0.28 0.06 

KY14 0 0.28 0.03 0 0.31 0.02 

Austin 0 0.72 0.11 0 0.28 0.05 

WG 0.04 0.83 0.16 0.02 0.33 0.09 

GW1 0.31 1.53 1.00 0.17 0.35 0.32 

GW2 0.14 0.57 0.34 0.08 0.20 0.14 

Anytown 0.23 1.95 0.85 0.12 0.39 0.26 

Net3 0.04 0.17 0.10 0.02 0.07 0.04 
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Table 6. 1st percentile pressure head errors ((𝐸𝑖)1𝑠𝑡) and absolute differences ((∆𝑃𝑖)1𝑠𝑡) at the 

max day demand condition for Case 2 

 (𝐸𝑖)1𝑠𝑡  (%) (∆𝑃𝑖)1𝑠𝑡  (m) 

System Min Max Average Min Max Average 

KY2 0 0.59 0.07 0 0.18 0.03 

KY3 0.03 0.61 0.23 0.02 0.21 0.08 

KY4 0 0.18 0.03 0 0.09 0.02 

KY5 0.01 0.73 0.35 0 0.19 0.11 

KY6 0 0.27 0.02 0 0.13 0.02 

KY7 0.02 0.27 0.11 0.01 0.09 0.06 

KY8 0 0.30 0.08 0 0.11 0.04 

KY9 0 2.75 0.31 0 0.89 0.20 

KY10 0 3.14 0.22 0 1.39 0.13 

KY11 0 7.61 0.87 0 2.52 0.42 

KY12 0 2.68 0.36 0 1.37 0.23 

KY14 0.02 0.47 0.06 0.01 0.19 0.03 

Austin 0 0.50 0.13 0 0.21 0.06 

WG 0.03 1.14 0.55 0.01 0.47 0.29 

GW1 0.76 8.13 4.41 0.40 1.23 1.06 

GW2 0.41 3.88 2.37 0.24 0.99 0.78 

Anytown 0.95 5.43 2.93 0.47 0.98 0.79 

Net3 0.07 0.27 0.14 0.03 0.10 0.06 
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Table 7. 1st percentile pressure head errors ((𝐸𝑖)1𝑠𝑡) and absolute differences ((∆𝑃𝑖)1𝑠𝑡) at the 

hourly peak demand condition for Case 1 

 (𝐸𝑖)1𝑠𝑡  (%) (∆𝑃𝑖)1𝑠𝑡  (m) 

System Min Max Average Min Max Average 

KY2 0 0.46 0.05 0 0.12 0.02 

KY3 0.02 0.62 0.16 0.01 0.21 0.05 

KY4 0 0.65 0.04 0 0.23 0.02 

KY5 0 0.59 0.25 0 0.19 0.07 

KY6 0 0.84 0.04 0 0.36 0.03 

KY7 0 0.16 0.03 0 0.06 0.02 

KY8 0 0.17 0.03 0 0.08 0.01 

KY9 0 2.50 0.31 0 0.98 0.17 

KY11 0 11.65 0.80 0 0.96 0.24 

KY12 0.02 5.07 0.25 0.01 0.48 0.13 

KY14 0.01 0.68 0.05 0.01 0.21 0.02 

Austin 0.11 1.33 0.37 0.04 0.55 0.14 

WG 0.03 1.84 0.47 0.01 0.61 0.21 

Anytown 0.28 7.94 2.76 0.07 0.63 0.40 

Net3 0.01 0.26 0.09 0.01 0.10 0.04 
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Table 8. 1st percentile pressure head errors ((𝐸𝑖)1𝑠𝑡) and absolute differences ((∆𝑃𝑖)1𝑠𝑡) at the 

hourly peak demand condition for Case 2 

 (𝐸𝑖)1𝑠𝑡  (%) (∆𝑃𝑖)1𝑠𝑡  (m) 

System Min Max Average Min Max Average 

KY2 0 0.96 0.34 0 0.39 0.14 

KY3 0.06 1.42 0.60 0.04 0.39 0.20 

KY4 0 1.16 0.08 0 0.35 0.04 

KY5 0 3.81 1.34 0 0.47 0.33 

KY6 0 0.47 0.04 0 0.21 0.02 

KY7 0.01 0.39 0.13 0 0.16 0.07 

KY8 0 0.39 0.09 0 0.13 0.04 

KY9 0 13.10 1.50 0 1.96 0.62 

KY11 0 20.69 1.30 0 2.58 0.46 

KY12 0 16.29 1.29 0 2.88 0.55 

KY14 0.01 1.02 0.08 0.01 0.33 0.03 

Austin 0.75 3.01 1.56 0.30 0.86 0.56 

WG 0 3.20 1.34 0 0.90 0.56 

Anytown 2.60 10.24 5.93 1.02 1.56 1.35 

Net3 0.08 0.75 0.36 0.03 0.27 0.15 
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(a) KY12 (b) GW2 

 

 

(c) KY11 (d) Anytown 

 

Fig. 1. Schematics of KY12, GW2, WG, and Anytown (406 mm (16 in) ≤ 𝐷𝑟𝑒𝑑, 

305 mm (12 in) ≤ 𝐷𝑏𝑙𝑎𝑐𝑘 < 406mm (16 in), 𝐷𝑔𝑟𝑎𝑦 < 305 mm (12 in)) 
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(a) Case 1 

 

(b) Case 2 

 

Fig. 2. Box plots of percent error in standard deviations under base demand conditions. Red 

horizontal lines, black squares, and red whiskers indicate median, 25th and 75th quartiles, non-

outlier range, and outliers 
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(a) Base demand condition 

  

(b) Maximum day demand condition 

  

(c) Hourly peak demand condition 

Fig. 3. Quantile-quantile plots of the nodes in WG for Case 1: WDS calibration and abnormality 

detection (red line indicates theoretical normal curve based on MCS realizations (black circles) 

and blue dashed-line is normal curve based on mean and standard deviation from FOSM; Left 

and right figures for nodes that provide the minimum and maximum (𝐸𝑖)1st, respectively)  
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(a) Base demand condition 

  

(b) Maximum day demand condition 

  

(c) Hourly peak demand condition 

Fig. 4. Quantile-quantile plots of the nodes in WG for Case 2: WDS design (red line indicates 

theoretical normal curve based on MCS realizations (black circles) and blue dashed-line is 

normal curve based on mean and standard deviation from FOSM; Left and right figures for 

nodes that provide the minimum and maximum (𝐸𝑖)1st, respectively) 
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(a) Base demand condition 

  
b) Maximum day demand condition 

  
(c) Hourly peak demand condition 

Fig. 5. Nodal pressure head distribution and prediction intervals for WG for Case 1: WDS 

calibration and abnormality detection (Bars: MCS histogram; Open circles: FOSM normal 

distribution; Solid lines: MCS 98% prediction intervals; dashed lines: FOSM 98% prediction 

intervals; Left and right figures for nodes that provide the minimum and maximum (𝐸𝑖)1st, 

respectively) 
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(a) Base demand condition 

  
(b) Maximum day demand condition 

  
(c) Hourly peak demand condition 

Fig. 6. Nodal pressure head distribution and prediction intervals for WG for Case 2: WDS design 

(Bars: MCS histogram; Open circles: FOSM normal distribution; Solid lines: MCS 98% 

prediction intervals; dashed lines: FOSM 98% prediction intervals; Left and right figures for 

nodes that provide the minimum and maximum (𝐸𝑖)1st, respectively)
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(a) Case 1 

 

(b) Case 2 

 

Fig. 7. Box plots of percent error in standard deviations under the maximum day demand 

conditions. Red horizontal lines, black squares, and red whiskers indicate median, 25th and 75th 

quartiles, non-outlier range, and outliers, respectively 
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(a) Case 1 

 

(b) Case 2 

 

Fig. 8. Box plots of percent error in standard deviations under the hourly peak demand 

conditions. Red horizontal lines, black squares, and red whiskers indicate median, 25th and 75th 

quartiles, non-outlier range, and outliers, respectively 
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(a) Case 1 (b) Case 2 

 

Fig. 9. Relationship of MC, BI, and max 1st percentile errors for Case 1 and 2 

  

MC 
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ABSTRACT 

Water distribution network (WDN) resilience has become a well-studied topic.  However, little 

work has been conducted to assess the relationship between the network topology/sub-network 

connectivity and WDN resilience.  To that end, this study investigates the impact of three factors 

on WDN robustness and resilience during single pipe failures: (1) number of valves, (2) topology 

of transmission mains in a WDN (Case 1), and (3) level of connectivity between transmission 

and distribution sub-networks (Case 2).  WDN resilience is quantified using nodal and system 

severity (minimum ratio of supply to demand during the analysis period) while risk is estimated 

using customers’ risk for out of service (product of likelihood of pipe failure and number of 

customers out of service).  As a baseline for comparison, a WDN is created for a 23.3 km2 (9 

mi2) residential area in Tucson, AZ.  First, the impact of number of valves is assessed based on 

severity and risk analyses under randomly generated valve locations.  The results are compared 

with the N and N-1 valving rules.  For Case 1, two transmission-branched and six transmission-

looped networks, modified based on the base network, are used.  For Case 2, eight networks with 

different number of feeders connecting the transmission and distribution subsystems are used.  
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Trade-off functions demonstrate the relationship between the WDN resilience and the network 

topology, level of connectivity between transmission and distribution sub-networks, or number 

of valves.   

 

Key Words: Failure severity analysis; Risk analysis; Water distribution network topology; 

Network connectivity; Valving rules 

 

INTRODUCTION 

A water distribution network (WDN) consists of transmission and distribution mains, junctions, 

valves, and sources.  A WDN can be classified based on system function and topology.  In terms 

of system function, the WDN can be categorized as either a transmission or distribution network.  

(Mays 2000).  Transmissions mains are like interstate highways and are intended to convey large 

quantity of water from the source to smaller-diameter distribution mains.  Distribution mains are 

analogous to smaller roads at the local levels since they are designed to transport water to 

customers.  Generally, only distribution mains are tapped directly to customers. 

  With respect to network topology, WDN can be classified as branched or 

looped/gridded.  Branched networks have tree-like layouts that are adequate for small and low-

density rural areas.  Looped networks are more appropriate for urban areas where maintaining 

the capacity is important to overcome local water demand variations and to ensure the adequate 

connectivity to provide multiple paths to users in case of pipe failures (Swamee and Sharma 

2008).   

 Network topology has been considered by WDN researchers during design.  For the 

optimal designs of WDN, Awumah et al. (1989) proposed a two-stage WDN design model to 

determine optimal pipe sizes and the WDN topology.  Other WDN optimization design models 
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considered network topology and pipe sizes while maximizing entropic redundancy measure 

(Awumah and Goulter 1992, Tanyimboh and Sheahan 2002).  Bureerat and Sriworamas (2013) 

also developed a WDN optimal design tool that simultaneously determined optimal network 

topology and pipe sizes while minimizing network cost and total head loss in pipes.  Similarly, 

Saleh and Tanyimboh (2013) and Saleh and Tanyimboh (2014) used the entropy method to 

design WDN which maximize entropy, minimized cost, and considered reliability and topology.   

 Network topology was also considered to partition a water distribution system (WDS) 

(here, we distinguish between a WDN that is limited to the pipe network and a WDS that 

includes pumps and tanks as well as the piping network) (Perelman and Ostfeld 2011).  More 

recently, Hwang et al. (2017) have shown that the accuracy of the first-order and second-moment 

analysis method is influenced by network topology when quantifying the uncertainty in nodal 

pressure-head predictions.   

 The relationship between network topology and hydraulic performance has also been 

examined.  For example, Agudelo-Vera et al. (2016) conducted a stress test on the robustness of 

existing WDS under changing water demands for looped and branched networks.  This study 

revealed that both branched and looped systems are robust, but the branched system performed 

better in terms of water quality than the looped system.  Torres et al. (2017) showed that there 

are significant positive and negative correlation for between graph-theory metrics and 

performance measures such as maximum hourly unit headloss, average water age, and average 

chemical concentration.  
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RESEARCH QUESTIONS 

The relationship between topology and hydraulic performance (reliability, resilience, and 

robustness) is strong.  For example, a break in a branched network puts all consumers 

downstream out of service.  In fully looped networks, however, each demand node can be 

supplied from the source(s) through at least two independent paths.  Two supply paths are called 

as independent if they do not have a pipe in common.  Thus, network topology can be an 

indicator of network connectivity and the ability to avoid mechanical failure through isolation 

but does not address the potentially important hydraulic failures due to inadequate pressure 

during a pipe break repair. 

 It is postulated that the level of connectivity between transmission and distribution 

subsystems likely also plays a role in WDN resilience.  A transmission-looped and distribution-

gridded networks are the type commonly employed in practice (Figure 1).  It can incorporate 

loop feeders (dashed lines in Figure 1), that distribute the flow from the transmission mains to 

distribution subsystems.  Stronger connections between the transmission and distribution 

subsystems may be more resilient than weaker connections and may have implications on district 

management area (DMA) design. 

 A critical factor during a pipe failure and repair is the ability to isolate the failure.  

Tension exist between system operators responsible for maintenance, exercising and repair of 

isolation valves and system designers with the goal of reducing the number of customers affected 

by a pipe failure.  No definitive rule or approach is available for locating isolation valves. In 

practice, some utilities apply the N or N-1 rules at each pipe junction in which valves are placed 

adjacent to the node in all (N) or all but one connected pipe.  Several researchers have optimized 

valve locations (Ozger and Mays 2004, Creaco et al. 2010, Giustolisi and Savic 2010) . 
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Research that examines relationships between network topology/degree of 

interconnectivity and system resilience under pipe failures considering pipe break isolation using 

valves is lacking.  To fill this gap, this study focuses on assessing those relationships by 

addressing the following questions are addressed: 

1. What are critical indicators to quantify resilience? 

2. How does the valving rules affect WDN severity magnitude and its risk? 

3. What are the impact of number of valves on WDN severity magnitude and its risk? 

4. How will WDN severity magnitude and its risk change with the topology of 

transmission mains? 

5. How does the density of connection between transmission and distribution 

subsystems affect WDN severity magnitude and its risk? 

 The basis for this analysis is the minimum cut-set (Tung 1985, Su et al. 1987, Quimpo 

and Shamsi 1991, Shinstine et al. 2002) based Monte Carlo simulation (MCS) (Wagner et al. 

1988b, Bao and Mays 1990, Ostfeld et al. 2002, Zhuang et al. 2012).  In the MCS, EPANET 

(Rossman 2000) is used to perform demand driven hydraulic simulations for steady conditions.   

An algorithm to identify valves to be closed and resulting isolated areas during pipe breaks is 

presented and employed within the framework.  For this study, it is assumed that valves are 

100% operational (valve reliability = 100%).   

 

GRAPH THEORY NETWORK STRUCTURE METRICS 

Two network structure metrics, branch index (BI) and meshedness coefficients (MC), are 

employed to classify the transmission main topology following Hwang and Lansey (2017).  

Hwang and Lansey (2017) demonstrated that to accurately estimate the degrees of branching and 

looping within a network, the BI and MC should be calculated using a reduced network to 
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overcome issues from nonessential nodes and pipes.  A detailed explanation on network 

reduction and classification levels can be found in that paper.  In addition, average node degree 

(AND) is noted as a parallel to the valve degree and density introduced in the following section.  

 

Branch Index 

To classify the network topology, we first apply BI, the ratio of branched pipes to the number of 

branched pipes plus the number of pipes in a reduced network (Hwang and Lansey 2017) or: 

BI =
𝑚𝑏

𝑚𝑟 +𝑚𝑏
 (1) 

where 𝑚𝑟 and 𝑚𝑏 denote the number of pipes in the reduced network and the number of 

branched pipes, respectively.  Here, branched pipes denote the pipes not located in a loop.  

Larger BI’s correspond to more branched networks.  The transmission main subnetwork 

topology is classified as a branched system if its BI is greater than or equal to 0.5; otherwise the 

transmission mains are identified as looped WDS (Hwang and Lansey 2017). 

 

Meshedness Coefficient 

MC measures the network connectivity by evaluating the number of cycles (loops) in 

comparison with the potential maximum number of cycles.  A larger MC corresponds to a more 

connected network (Buhl et al. 2006).  MC is computed as: 

  
MC =

𝑚 − 𝑛 + 1

2𝑛 − 5
 (2) 

where m and n are numbers of pipes and nodes, respectively.  MC has been used as a redundancy 

measure to capture the degree of looping in a WDS (Yazdani and Jeffrey 2011).  It ranges 

between 0 for tree-like networks and 1 for mesh-like networks (Buhl et al. 2006). 
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Average Node Degree 

AND is the average of the node degree (number of pipes connected to a node) over all nodes or 

(Newman 2010):  

  
AND =

1

𝑛
∑ND𝑖

𝑛

𝑖=1

 (3) 

where NDi is the node degree of node 𝑖. AND was used by Yazdani and Jeffrey (2011) as a 

measure of connectivity to indicate the overall sparseness of network configuration. 

 Since each pipe is connected to two nodes, 2m is the total number of node-pipe 

connection and AND can be related to the number of pipes and nodes as:  

  
2𝑚 = 𝑛 × AND or AND =

2𝑚

𝑛
 (4) 

 

VALVE STRUCTURE METRICS 

The actual number and location of valves are generally judgment decisions by the design 

engineer.  Common engineering rules are the N and N-1 valve rules. These guidelines rules are 

conservative to maintain good quality of service under wide range of failure conditions.  The N 

valve rule (Figure 2(a)) places valves adjacent to a junction in each of N pipes connected to the 

junction.  As a result, each pipe will contain two valves; one at each end of the pipe.  The N-1 

rule (Figure 2(b)) locates valves adjacent to the junction in N-1 pipes connected to a node.  For 

example, a node connecting four pipes will have a minimum of 3 valves around the node (Deb et 

al. 2006).   

 If all valves are functioning (100% valve reliability), a single pipe break can be isolated 

by closing two (for the N rule) or more valves and the mechanical (isolation) failure is limited to 
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customers along that pipe.  For example, a single pipe break can be isolated closing two valves 

located each end of the pipe with the N rule (Figure 2(a)).  Due to the pipe break isolation, a 

portion of the demand for each node would not be provided as actual withdrawals are made 

along the connected broken pipe.  Without detailed spatial data, it is generally assumed that 

demand is uniform around a node and one quarter of the nodal demand for connected nodes 

would not be supplied.  When an N-1 rule valve layout is used to isolate the same pipe break 

(Figure 2(b)), the volume of water shortfall due to mechanical failure should be the same.  

However, more hydraulic failures may occur under the N-1 rule since more pipes and nodes are 

contained within the isolated area (gray areas in Figure 2). 

  

Valve Ratio 

Shuang et al. (2017) defined the valve ratio (VR) is the ratio of actual valves in the network to 

the maximum number of valves in the network.  By assuming that a maximum of two valves are 

installed per pipe, VR can be derived as: 

  VR =
𝑣

2𝑚
 (6) 

where v is number of valves.  For the N valve rule, VR equals to 1. 

 

Valve Density  

The number of valves can be quantified more intuitively by the number of valves per pipe or 

valve density (DV).  DV is the ratio of number of valves to total number of pipes or: 

  DV =
𝑣

𝑚
= 2VR (7) 

DV for the N rule is 2 since two valves are installed in each pipe.  The equation for DV under the 

N-1 rule (DV𝑁−1) can be derived as: 
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DVN−1 =

∑ ND𝑖
𝑛
𝑖=1 − 𝑛

𝑚
= 
𝑛(AND − 1)

𝑚
= 2 −

𝑛

𝑚
 (8) 

 

Average Valve Degree 

The average of valve degree (AVD) is defined to create a valve term that is analogous to AND: 

  
AVD =

1

𝑛
∑VD𝑖

𝑛

𝑖=1

 (10) 

where VD is valve degree (number of valves immediately adjacent to a node and does not count 

valves located at the far end of a connected pipe).  AVD for the N rule equals to AND since the 

number of valves adjacent to a node is the same as number of pipes connected to the node.  

Similarly, AVD under the N-1 rule equals to AND-1.  AVD can also be related to DV and VR.  

AVD equals the average number of pipes connected to a node (AND) times the proportion of 

pipes containing valves recognizing the valves will be split between the two ends of the pipe 

(DV/2): 

    
AVD = AND ×

DV

2
=
𝑚 × DV

𝑛
=
2𝑚 × VR

𝑛
 (11) 

While DV describes the total number of valves within a network, AVD focuses on measuring 

number of valves adjacent to a node for designers interested in relating their valve layout to the 

N and N-1 rules. 

 

METHODOLOGY 

To address the above questions, an analysis framework consisting of four components was 

formulated (Figure 3): (1) random generation of valve locations; (2) pipe break isolation to 

predict mechanical failure; (3) hydraulic simulation under steady conditions to assess hydraulic 
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failures during pipe breaks/repair; and (4) severity and risk calculations.  Details of each 

component are given below. 

 

Monte Carlo Simulation to Randomly Locate Valves 

Without a well-defined rule for defining isolation valve locations, we assume that valves 

were located based on engineering rules of thumb based on the average number of valves per 

pipe.  Optimization of valve location could minimize the impact but is not the goal of this study.  

MCS is applied to locate the valves based on the defined DV. 

MCS is an enumeration-based procedure for estimating the uncertainty of a system’s 

output given uncertainty of the model input.  In MCS, the system response of interest is 

repeatedly measured under various system parameter sets generated from known or assumed 

probabilistic distributions.  Although computationally intensive, it offers a practical approach to 

the uncertainty analysis because the random behavior of the system response can be 

probabilistically duplicated (Tung and Yen 2006).  Many WDS researchers have applied MCS 

(Hobbs and Beim 1988, Wagner et al. 1988b, Bao and Mays 1990, Xu and Goulter 1998, Tolson 

et al. 2004).   

In this application, we limit DV to be less than or equal to one.  For a given DV, a 

realization consisting of a set of random valve locations is generated based on pipe numbers with 

one valve permitted per pipe (DV < 1).  For the defined DV, valves are located randomly using a 

uniform distribution (i.e., each pipe is equally likely to contain a valve).   

With the known isolation valve locations, mechanical and hydraulic failures are assessed 

for individual pipe failures of each pipe using a cut set method.  In this analysis, a pipe is failed, 

the area that is isolated is determined based on the nearest isolation valves to each break 
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(mechanical failure), and EPANET (Rossman 2000) is then used to simulate the hydraulics to 

determine hydraulic (low pressure) failures occur.  This process is repeated for each pipe.    

To continue the MCS, a new set of isolation valve locations are generated, and the cut set 

analysis is repeated.  Nodal pressure at locations of interest are stored for each result.  As the 

MCS progresses, the mean and standard deviation of model output for each node are computed 

using their standard definitions.  The MCS proceeds until a desired number of sets of isolation 

valves are analyzed or until the average nodal resilience values converge. 

 

Pipe Break Isolation (Mechanical Failure) 

In practice, if a pipe fails, the water utility will first locate nearby valves and minimize the 

impact of the break by isolating the smallest area before repairing the pipe.  Thus, during repair, 

a portion of the network will be out of service.  For this study, three-step graph theory based 

algorithm developed by Zhuang et al. (2012) is used for pipe break isolation. 

 This method first identifies the valves nearest to the break and to be closed isolating the 

break.  Once the pipe break is partitioned off, in addition to the isolated segment, other parts of 

the network may be disconnected from the sources (unintended isolated regions).   

 The unintended isolated regions are determined by identifying redundant valves using 

connectivity analysis method from graph theory by testing whether the isolated region is still 

disaggregated from all sources if each closed valve is opened.  If all nodes in the direct isolated 

region are still disconnected from the source, the opened valve is determined as redundant valve. 

 Finally, the network is modified by following order: (1) the redundant valves are opened; 

(2) all pipes in the isolated region are closed; and (3) nodal demands are modified by setting the 

water demands for the nodes within the isolated to zero and by reducing the water demands for 
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nodes on the edge of isolated segments based on the node degree (the number of pipes that are 

connected with a node) before and after the isolation.  For an in-depth description of these steps, 

see (Zhuang et al. 2012). 

  

Hydraulic Failure Assessment 

Hydraulic analyses are required to determine if removing the failed pipe results in inadequate 

pressures.  To that end, a hydraulic simulation for steady conditions is performed on the 

modified network using EPANET.  Nodes with inadequate pressures are then identified.  

 EPANET (Rossman 2000) is based on demand-driven analysis in which the nodal 

demands are always satisfied, regardless of the nodal pressure head.  To take account actual 

flows supplied to customers under abnormal conditions, the quasi pressure-driven analysis from 

Wagner et al. (1988a) is employed and the available nodal demand (Qi,avi) is expressed as a 

function of nodal pressure head, or: 

 

𝑄𝑖,avi =

{
 

 
𝑄𝑖,req√

𝐻𝑖
𝐻𝑖,req

                     0 < 𝐻𝑖 < 𝐻𝑖,req

𝑄𝑖.req                                           𝐻𝑖,req ≤ 𝐻𝑖  

 (12) 

where Qi,req = required demand at node i;  Hi,req is required pressure at node i;  Hi is pressure head 

at node i computed from EPANET for Qi,req. 

 

Severity 

Severity is used as the measure of system resilience.  Severity is defined as the minimum ratio of 

supply to demand during the analysis period (Huizar et al. 2017).  System and nodal severity due 

to pipe l break are expressed as: 
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𝑆sys|𝑙 =

∑ 𝑄𝑖|𝑙,avi
𝑛
𝑖=1

∑ 𝑄𝑖|𝑙,req
𝑛
𝑖=1

 (13) 

and 

 
𝑆𝑖|𝑙 =

𝑄𝑖|𝑙,avi

𝑄𝑖|𝑙,req
 (14) 

where Ssys|l = system severity due to pipe l failure; Si|l = nodal severity of node i under pipe l 

failure;  N = total number of demand nodes;  𝑄𝑖|𝑙,avi and 𝑄𝑖|𝑙,req are available and required 

demand at node i, respectively, under pipe l failure.   

 System severity considering all pipe failures all so can be defined as: 

 
𝑆sys =

∑ ∑ 𝑄𝑖|𝑙,avi
𝑛
𝑖=1

𝑚
𝑙=1

∑ ∑ 𝑄𝑖|𝑙,req
𝑛
𝑖=1

𝑚
𝑙=1

 (15) 

where M = total number of pipes.   

 

Customers’ Risk of being Out of Service 

Risk is defined as a combination of the frequency, or probability of occurrence, and the 

consequence of hazardous event (Tung et al. 2006).  Risk is often measured as the expected 

value of an undesirable outcome.  Customers’ risk of being out of service due to pipe l break 

(RC|l) is expressed as: 

 𝑅𝐶|𝑙 = 𝑃(𝐹𝑙) × COS𝑙 (16) 

where m is total number of pipes; P(Fl) = probability of pipe l failure; COSl is number of 

customers out of service due to pipe l failure where COSl is: 

 COS𝑙 = (1 − 𝑆sys|𝑙) × TC (17) 

with TC equal to the total number of customers. 
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 Using Eq.(16), the expected number of customers out of service due to potential pipe 

breaks (RC) can be expressed as: 

 
𝑅𝐶 =∑𝑅𝐶|𝑙

𝑚

𝑙=1

 (18) 

RC can be interpreted as the total number of customer out of service due to potential pipe breaks. 

 

CASE STUDY 

The above framework is applied to a network created for a region in Tucson, AZ (US) (Figure 4) 

using WaterGems (Bentley Systems Incorporated 2006) and ArcMap (McCoy et al. 2001).  First, 

nodes and pipes layouts are determined based on street layouts.  Then, Thiessen polygons are 

created based on the demand node locations to efficiently generate distinct service areas for each 

demand node.  Thiessen polygons are identify the area closest to a node by drawing  

perpendicular bisectors of the pipes between demand nodes (ESRI 2016).   

 With each Thiessen polygon’s area and assuming the area has Tucson’s average 

population density, 868 inhabitants/km2 (2,247 inhabitants/mi2) (United States Census Bureau 

2016a, 2016b), the number of customers supplied by each demand node is estimated.  Nodal 

demands are computed using a customer demand of 443 liters per capita per day (117 gallons per 

capita per day), Tucson’s average water use (Tucson Water 2017). 

 The case study system encompasses approximately a 23.3 km2 (9 mi2) primarily 

residential area with a population of approximately 20,700 (total demand is 6,265 liters per 

minute (1,655 gallons per minute)).  The WDN includes one reservoir, 1,084 demand nodes, and 

1,839 pipes.  Pipe diameters for transmission and distribution mains are 305 mm (12 in.) and 152 

mm (6 in.), respectively.  The minimum allowable pressure requirement is 275.8 kN/m2 (40 psi).  

An average pipe failure rate of 0.16 per kilometer per year (0.258 per mile per year) (Rogers and 
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Grigg 2009) is used for risk calculations.  The base network is classified as distribution dense 

grid network (Hwang and Lansey (2017)) since its BI and MC are 0.0006 and 0.350, 

respectively.  The base network’s AND is 3.39. 

 For this study, the base network is modified to create networks with different 

transmission main topologies (Figures 5 and 6) and levels of connectivity between the 

transmission and distribution subsystems (Figures 7 and S1-S7).  The transmission main sub-

networks in the base networks are modified to create branch networks (B1 (Figure 5(a)) and B2 

(Figure 5(b))).  The total length of branched transmission mains in B1 and B2 are 24.1 km (15 

mi) and 14.5 km (9 mi), respectively.  Transmission loop networks with different degrees of 

looping are also created (Figure 6).  BI and MC for the B1-B2 and L1-L6 networks are 

summarized in Table 1.  As expected, all transmission mains in B1 and B2 are identified as 

branched as their BI values are greater than 0.5.  On the other hand, the transmission mains in 

L1-L6 are identified as looped.  Among the transmission loop networks, L1 and L6 have the 

highest and lowest MCs, respectively. 

 The F1-F8 networks (Figures 7 and S1-S7) are created by varying the number of feeders 

that connect transmission and distribution subsystem using the transmission system(s) in the L1 

network.  For example, the base network is modified into F1 (Figure 7) by eliminating all but 

one feeder so that each distribution subsystem can receive from a distribution sized pipe located 

on the northside of the subsystem.  Network F2 (Figure S1) contains two feeders per distribution 

subsystem.  In this case, the water can be conveyed into the subsystems through two feeders on 

north and south sides.  These distribution subsystems are analogous to DMAs.  Here, however, 

the source head is increased by 9.14 m (30 ft) otherwise nodes with insufficient pressures 

observed in the F1-F8 networks. 
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RESULTS AND DISCUSSION 

The overriding goal of this effort is to understand the implications of WDN topology on system 

resilience.  The results from the real system examined here are anticipated to be scalable and 

general, particularly for comparable densely populated areas.  Structural differences in a WDN 

are related to the transmission topology and the interactions and contribution of the distribution 

and transmission systems.  The former can be assessed by studying alternative transmission 

system structures and the latter is effect of number of feeders (i.e., connections) between the two 

subsystems.  Practitioners recognize the significant ‘transmission’ benefit of the distribution 

subsystem.  Here, we quantify that benefit.   

 For Case 1, the B1-B2, L1-L6 networks are used while F1-F8 networks are used for Case 

2.  We then assess the impact of the number of isolation valves.  The MCS is carried out on a 

University Arizona High Performance Computing (HPC) systems (Reidy 2017), equipped with 

Intel®  Xeon®  Processor E5-2695 (with 14 cores at 2.30GHz) and running Linux Operating 

system. 

 

Network Assessment 

Before conducting severity and risk analysis under pipe breaks, it is important to assess how 

different transmission topologies and connection levels between the transmission and distribution 

subsystem affect network performance.  To that end, network performance indicators including 

flow capacities and velocities in the transmission and distribution mains, water quality, and 

pressure distribution are computed for the WDNs (Tables 2 and 3). 
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 First, for the networks used for Case 1 (Table 2), flows in distribution pipes dominate in 

the branched (B1 and B2) and less looped (L5 and L6) networks since capacity of the 

transmission mains is smaller and less spatially distributed than the highly looped networks (L1 

and L2).  This demonstrates the capacity of the distribution subsystems.  On the other hand, for 

Case 2 networks (Table 3), transmission main flows dominate water movement in networks F1-

F8 as few feeders convey the water from the transmission to the distribution subsystem and act 

as bottlenecks.   

 During construction of this network the initial transmission were set at 406 mm (16 in) 

but were reduced to 305 mm (12 in) to be more realistic in terms of energy losses and water age.   

The length weighted velocities show that the study networks are likely still overdesigned relative 

to a minimum cost design.  For example, the length weighted velocity in transmission mains vary 

between 0.107 m/s (0.35 ft/s) and 0.195 m/s (0.64 ft/s) while the length weighted velocities in 

distribution mains range between 0.028 m/s (0.09 ft/s) and 0.063 m/s (0.21 ft/s).  This excess 

capacity is partly a result of a minimum distribution pipe size bound of 150 mm (6 in) for all 

pipes.   

 As a result, the pressure head and water age in the study networks are relatively uniform 

(Figures 8 and 9).  However, the pressure head and water age changes significantly, particularly 

in the F1 network (Figure 9).  As seen in those figures, as the distance between the nodes and 

source becomes longer, nodal pressures and water ages decrease and increase, respectively.  

From Figures 8(c) and 9(c), it is noteworthy that F1 essentially acts as a network with nine 

DMAs since water can be conveyed by only one feeder from the transmission mains to the 

distribution subsystems. 
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MCS Simulation 

For DV less than two (N valving rule), valve locations are not known a priori.  The MCS 

explores various random valve layouts; each with a different resulting level of resilience. With 

sufficient realizations, the statistics for the network and individual nodes will converge to unique 

values.  To determine the necessary number of MCS realizations, preliminary runs are conducted 

by creating convergence plots for different DVs.   

In addition to the overall resilience, understanding the failure type (mechanical and hydraulic) is 

also important.  As such, convergence plots are created to distinguish the impact from 

mechanical and hydraulic failures and ensure convergence of statistics for each mode.  Figures 

10(a) shows L1’s mean Si|l (𝑆̅i|l) while Figures 10(b) presents L1’s 𝑆̅i|l excluding Si|l due to 

mechanical failure (failure due to valve closure) with a 0.5 DV for nodes identified in Figure 4.  

From the convergence plot, it is noteworthy that the resilience is not strongly affected by the 

hydraulic failures. 

Although the MCS appeared to converge in much fewer realizations, 500 sets of isolation valve 

layout were evaluated for each MCS run to ensure convergence of the severity values (Figures 

10).  This number also provided a range of solutions that provide insight into the value of valve 

location optimization.  This number of steady state hydraulic analyses in each MCS is 919,500; 

500 realizations times the number of pipes (1839).  Convergence plots for B1, F1, and F8 with 

0.5 DV are included in the supplemental data (Figures S8-10). 

 𝑆̅sys|l denotes the average of Ssys|l over the 500 MCS realizations.  In addition, Ssys and RC 

are computed per realization using Eqs.(15) and (18), respectively.  𝑆̅sys and �̅�C are the average 

of 500 Ssys and RC, respectively. 
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Assessing Overall Resilience and Relative Impact of Hydraulic and Mechanical Failures 

N and N-1 Rule for Uniform DV 

An upper bound on severity will occur if valves are located at both ends of each pipe.  This N 

valving rule configuration minimizes the isolation area to the failed pipe and, thus, the hydraulic 

impact and failure severity so it serves as a comparative baseline.  Since the N rule has only one 

valve configuration, MCS is not needed to evaluate Ssys and RC and these measures are computed 

with the number of pipes EPANET analyses.   

 First, applying N valving rule for L1, total 3,678 valves (DV = 2 and AVD = AND = 

3.39) are placed in the network, and Ssys and RC are computed as 0.999 and 554, respectively 

(Table 4).  When the N-1 valving rule is employed, total 2,584 (DV = 1.41 and AVD = 2.39) 

valves are used, and Ssys and RC are 0.998 and 1,442 customers, respectively.  As expected, the N 

and N-1 valving rules yield very high Ssys.  The N rule’s Ssys is slightly higher than N-1 valving 

rule since few hydraulic failures occur under the N-1 valving rule during isolation.  For example, 

a maximum 20 hydraulic failures for any node are observed among 1,839 hydraulic simulations.  

 The N and N-1 rules are also applied for the F1 and F8 networks (Table 4).  Similar 

trends are observed as the N-rule provides higher Ssys (more resilient) and smaller RC compared 

to the N-1 rule. 

 

N and N-1 Rule for Reinforcing Transmission Main Isolation 

It is common for utilities to recognize the importance of transmission mains and apply the N and 

N-1 rules to those pipes/nodes to reinforce their isolation.  To investigate the value of this 

practice, valves are placed along the transmission mains in B1, L1, F1, and F8 for high density 

valve rules.  Severity and risk analyses results are summarized in Table 5 and show a significant 
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difference between the two rules.  Networks’ resilience increases dramatically with N rule 

relative to N-1 rule, especially, for B1 and L1.  B1’s Ssys increases from 0.311 to 0.732 while RC 

is dramatically reduced from 212,912 to 68,874 customers.  A similar trend is observed for L1, 

but this phenomenon is not significant for F1 and F8. 

 To investigate the benefits of valving on distribution mains, valves are randomly placed 

on distribution mains based on a given DV while maintaining the N and N-1 rules on 

transmission mains in B1, L1, F1, and F8.  As expect, 𝑆̅sys and �̅�C are improved by adding valves 

in the distribution subsystems (Table 6 and Table 7).  For example, when valves are placed on 

the transmission mains with the N rule in the L1 network and no distribution subnetworks valves, 

RC is 68,874 customers.  When additional valves are added in its distribution subsystem with a 

low density (0.5 DV), �̅�C is reduced significantly to 10,968 customers.  Similar phenomenon is 

observed from B1, F1, and F8.  

 

Effect of Number of Valves 

Uniform DV  

To assess the relationship between resilience/risk and the number of valves, tradeoff functions 

for 𝑆̅sys versus DV and �̅�C versus DV are plotted in Figure 11.  As the DV increases, so does 𝑆̅sys 

(Figure 11(a)).  For L1 with a 0.5 DV, 𝑆̅sys is 0.916 and increases significantly to 0.982 with 0.6 

DV.  In addition, it is noteworthy that for DV greater than 0.7 𝑆̅sys asymptotically approaches its 

value for the N rule. 

 To examine the spatial distribution of 𝑆̅sys|l and percentage of hydraulic failures, Figure 12 

is created for different DV for L1.  In the figure, contours are created based on 𝑆̅sys|l and the 

nodes’ color indicate the percentage of hydraulic failures.  The trend at all locations was 



226 

 

improved resiliency with increasing DV.  For example, a significant area with 𝑆̅sys|l lower than 

0.9 results for 0.5 DV (Figure 12(a)).  On the other hand, most areas have 𝑆̅sys|l greater than or 

equal to 0.9 with 0.9 DV (Figure 12(b)).  Pipes near the source are particularly critical due to the 

limited redundant paths and the flow that those pipes carry.  𝑆̅sys|l increases with a pipe’s distance 

from the source.  In addition, with more valves, mechanical failures are localized around the 

broken pipe and hydraulic failures tend to be concentrated in regions of low pressure or due to 

main failures if valve configurations are not appropriately located to isolate those pipe breaks.  

Fewer hydraulic failures occur at nodes proximal to the source and the percentage of hydraulic 

failures increases for distal nodes.   

 Tables 8 shows the percentages of mechanical and hydraulic failures occurring in the 

MCS realizations for selected nodes for the L1 network (Figure 3).  Lower DVs have larger 

mechanical and hydraulic failure likelihoods and larger portions of the networks are removed 

during failure isolation.  For example, in network L1, the proportion of mechanical and hydraulic 

failures at node J-1163, decreases from 4.94% to 1.42% and from 3.39% to 2.52%, respectively, 

with a 0.6 DV.  The proportion of mechanical and hydraulic failures are less than 13% and 17%, 

respectively, as DV increases from 0.5 to 0.6 for networks B1 and L1.  This trend is also 

observed from Figure 12.  Similar trends are observed for other networks (Table S1-S16). 

 Contrary to the relationship between 𝑆̅sys and DV, �̅�C and DV are inversely related.  �̅�C 

decreases dramatically (Figure 11(b)) for all Case 1 networks (B1-B2 and L1-L6) between DV of 

0.5 and 0.6.  As with 𝑆̅sys, rate of change in �̅�C to DV decreases with DV greater than DV=0.7.  

Infinitesimal improvements in 𝑆̅sys and �̅�C above DV equal to 0.9.  Finally, 𝑆̅sys and �̅�C are not 

sensitivity to randomized locations, in particular, for networks with DV greater than 0.8.  
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Reinforcing Transmission Main Isolation 

The length of transmission mains in B1 and L1 are 24.1 km (15.0 mi) and km 38.4 km (23.9 mi), 

respectively.  Since L1 has a longer total length of transmission mains, more valves are placed in 

the L1 under N and N-1 rules than B1.  With the N valving rule, 454 valves are placed in B1 

while 745 valves are used for L1.  For F1 and F8, F8 uses more valves since there are more 

feeders connecting the transmission and distribution subsystems.  As more valves are installed, 

resilience and risk are improved as shown in Table 5.   

 The benefits from the combination of N-1/N rules (for transmission mains) and DV, are 

also shown in the trade-off function (Figure 11).  This combination becomes effective, 

especially, when lower DV are used.  For example, by randomly placing valves in L1 in 50% of 

the pipes, S̅sys is 0.916 (Table 9).  S̅sys can be increased to 0.987 by adding more vales on 

transmission mains in L1 based on the N rule (Table 6).  Similar trends are observed for F1-F9 

(Figure 13). 

 The results from uniform DV and reinforcing transmission main isolation show that: (1) 

higher DV, perhaps, valve location optimization is needed for area near sources and transmission 

mains. 

 

Case 1: Effect of Transmission Topology  

Box plots (Figure 14) show the distribution of Ssys calculated using Eq.(14) with 0.5 and 0.9 DV 

of the 500 realizations.  Ssys box plots for other DVs are included in the supplemental materials 

(Figures S11-S13).  To investigate the gaps between the random valve placement and the 

alternative valving rules (reinforcing transmission isolation and the N and N-1 valving rules), 
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box plots for Ssys obtained from B1 and L1 with the alternative valving rules are also created 

(Figure 14).      

 Again, it is clear that a higher DV produces a more resilient network.  The transmission 

loop networks (L1-L6) have slightly higher Ssys relative to the transmission branch networks 

(B1 and B2).  This result demonstrates that the transmission branch WDNs (B1 and B2) are less 

robust and resilient than transmission loop WDNs (L1-L6).  But the difference in these systems 

is not very significant and the difference is small on the best valve layout (the upper outlier).  

Similarly, Ssys are higher for the transmission loop networks than the transmission branched 

networks (Table 9).  Finally, the box plot confirms that valve location optimization should be 

unnecessary, especially if a large number of valves are placed.  For example, at a DV=0.9 

(Figure 14(b)), the best Ssys for B1 and B2 are almost the same as the Ssys for B1 with the N 

valving rule (Ssys=0.9987).  Similar results are observed from L1-L6.  

 The relationship between the degree of transmission mains’ looping and severity is 

positive (Table 9) independent to DV.  As seen, WDNs with higher MC tend to produce larger 

S ̅sys.  Further, WDNs with smaller MC also tend to produce larger R ̅C (Figure 15) or densely 

looped networks are more robust than sparsely looped networks.  However, the R ̅C’s scale in 

Figure 15 is very small indicating that the degree of transmission mains’ looping does not play 

an important role, in particular, for this network since it is a dense-grid network.     

 Finally, the percentage of hydraulic failures also is affected by network topology.  With 

0.5 DV, more hydraulic failures are observed from the transmission branch networks.  The 

percentage of hydraulic failures are 8.32% and 4.41% at J-702 in the B2 (Table S2) and L1 

(Table 8) networks, respectively.  These impacts become more significant for the nodes further 

from the source.  With DV = 0.9, the percentages of hydraulic failures are lower for the denser 
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transmission loop networks.  In other words, if transmission mains are more densely looped, the 

network’s robustness is enhanced. 

 

Case 2: Effect of Connectivity between Transmission and Distribution Sub-systems 

The impact of the level of connectivity between transmission and distribution subsystems on 

resilience of WDN is presented by Figure 16 and Tables 10.  From Table 10, it is noteworthy that 

AVD increases slightly as more feeders are in places since total number of pipes increases while 

the number of nodes remains constant.  Box plots for Ssys at other DVs are included in the 

supplemental materials (Figures S14-S16).  From Table 10, 𝑆̅sys for network F1 with 0.5 DV is 

relatively smaller compared with F2-F8.  F1’s 𝑆̅sys is 0.967 while 𝑆̅i|l for others are between 0.973 

and 0.978 with 0.5 DV.  Similar trends are observed with other DVs, but it fades away with higher 

DVs. 

 Contour plots of 𝑆̅sys|l for F1 and F8 with DV 0.5 are created (Figure 17).  With this low 

DV, each DMA has distinct 𝑆̅sys|l values.  It is noteworthy that 𝑆̅sys|l is relatively low near feeders, 

especially, within the F1 network.  As described earlier, 𝑆̅sys|l increases with 0.9 DV (Figure 17).  

In addition, fewer hydraulic failures occur at nodes proximal to the source and the percentage of 

hydraulic failures increases for distal nodes.  Finally, from Figures 16(a) and 17(b), it is noteworthy 

that the nodes on the transmission mains are more robust than the nodes within a DMA, in 

particular, for the F1 network. 

 The hydraulic failures in F1-F8 (Tables S8-S15) are infinitesimal relative to the 

transmission branch and loop networks since the F1-F8 networks have higher pressures at the 

normal condition (Table 3).  Among F1-F9, F1 has a few more mechanical and hydraulics failures 

as expected since the connectivity between the transmission and distribution subsystems is lowest 
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in F1.  Finally, as expected, largest �̅�C is associated with F1 for all DVs.  For example, with 0.5 

DV, F1’s �̅�C is 11,101.  By adding total 9 feeders (1 feeder per DMA) �̅�C can be reduced to 8,134 

(Table 10). 

  

CONCLUSIONS 

The aim of this study is to investigate the impact of three factors: number of valves, transmission 

mains topology, and the level of connectivity between transmission and distribution subsystems 

on resilience of water distribution network (WDN) during single pipe failures.  The impacts of 

three factors are examined using a set of three indicators, system severity (𝑆sys|𝑙 and 𝑆sys), and 

customers’ risk for out of service (RC).  The framework to compute these values includes in a 

Monte Carlo simulation to randomly generate valve locations followed by failing each pipe 

individual to determine hydraulic failures in a hydraulic simulation and to estimate the amount of 

unmet demand due to isolating the mechanical failure by closing valves.  This study examined in 

a realistic WDN created for 23.3 km2 (9 mi2) residential area in Tucson, AZ.  

 WDN resiliency is significantly affected by density of valve (DV) (ratio of number of 

valves to number of pipes) and average valve degree (number of valves adjacent to a node) 

(AVD).  The effectiveness of random valve placement is compared with N and N-1 valving rules 

to the full and transmission system.  As expected, more valves strengthen WDN resiliency.   

 Placing random valves on distribution pipes while reinforcing transmission isolation 

using the N or N-1 rules is effective in improving system resiliency, particularly with smaller 

DVs.  However, when DV is greater than or equal to 0.7 for the network studied here, the 

benefits of reinforcing transmission isolation is diminished.  In addition, the pipes near the 
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source more critical than distant pipes.  Therefore, strategies to seek valves’ optimal location 

should focus on the area near the source.   

 The impact of network topology on WDN resilience is examined varying the layouts of 

the transmission mains in WDN (Case 1).  The base network is modified to create two 

transmission-branched and six transmission-looped with different degrees of looping.  The 

results showed that the transmission loop is more resilient than the transmission branch 

networks.  Furthermore, more significant hydraulic failures occur in the transmission branch 

networks than the transmission loop network.  This trend is significant with lower DVs.  In 

addition, a transmission loop network with higher meshedness coefficient (MC) tends to generate 

a larger percentage of hydraulic failures, and a smaller RC than the transmission network with 

smaller MC.  The effect of level of connectivity between transmission and distribution 

subsystems on resilience is explored by changing the number of feeders.  WDN resilience is 

improved significantly when more than one feeder is installed.  

 WDNs in this study are based on a real network.  These networks are likely overdesigned 

relative to minimum cost designs to satisfy some unknown demand level and have a high level of 

resiliency (Shinstine et al. 2002).  However, given pipes follow streets, these traits are likely 

consistent for many urban areas.  This framework can be applied other systems to investigate the 

impact of critical factors described above and consistency of the conclusions.  Here, WDN 

resiliency and risk are analyzed under single pipe failure with 100% valve reliability.  Extending 

this approach to consider multiple pipe and valve failures due to specified resilience or 

catastrophic event would be a fruitful area to analyze and examine the impact of system 

performance.   
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 This study focuses on the number of valves (resourcefulness) and network layout 

(redundancy and robustness).  Future work can examine other two resilience attributes; 

redundancy (valve failure), robustness (pipe size, wall thickness and material) and rapidity (pipe 

repair time) on WDN resiliency.  Given the focus on network structure, the study was limited to 

steady conditions. Temporal analysis to assess tank effects, operational controls and adaptations 

such as pump switches would also be of interest.  However, it is the authors’ view that for a 

dense urban area the sensitivity to these factors will likely not be significant. 
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Figure 1. Schematic of transmission-looped network  
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Figure 2. Pipe break isolation under (a) N rule and (b) N-1 rule (% are remaining demand 

percentages)  
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Figure 3. Simulation approach flowchart   
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Figure 4. The base networks where Dblack =305 mm (12 in.) and Dgray = 152 mm (6 in)    
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(a) (b) 

Figure 5. The (a) B1 and (b) B2 networks where Dblack = 305 mm (12 in.) and Dgray = 152 mm 

(6 in)   
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(a) L1 (b) L2 

  
(c) L3 (d) L4 

  
(e) L5 (f) L6 

Figure 6. The (a) L1, (b) L2, (c) L3, (d) L4, (e) L5, and L6 networks where Dblack = 305 mm (12 

in.) and Dgray = 152 mm (6 in)  
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Figure 7. The F1 network where Dblack = 305 mm (12 in.) and Dgray = 152 mm (6 in) (feeders 

are surrounded by ellipses) 
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(c)  (d) 

Figure 8. Contour plots of pressure for (a) B1, (b) L1, (c) F1, and (d) F8 
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 (c)  (d) 

Figure 9. Contour plots of water age for (a) B1, (b) L1, (c) F1, and (d) F8  
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(a) L1 (b) L1 

 
Figure 10. Mean Si|l versus number of MCS realizations (a) with and (b) without mechanical 

failures using the L1 network at DV = 0.5 
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(a)   (b) 

 

Figure 11. Graphs of (a) S̅sys versus DV and (b) R̅c versus DV for B1-B2 and L1-L6 
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(a) (b) 

 

Figure 12. Contour plots of S̅sys|l and hydraulic failure percentages for L1 with (a) DV = 0.5 and (b) DV=0.9 
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(a)  (b) 

 

Figure 13. Graphs of (a) S̅sys versus DV and (b) R̅c versus DV for F1-F8  
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(a) 

 
(b) 

Figure 14. Box plots of Ssys of the transmission branch and loop networks at (a) DV = 0.5 and (b) 

DV = 0.9. Red horizontal lines, black squares, and red whiskers indicate median, 25th and 75th 

quartiles, non-outlier range, and outliers, respectively (N and N-1 in the brackets are the N and 

N-1 valving rules, respectively) 
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(a) (b) 

Figure 15. Tradeoff functions between R̅C and MC with (a) DV = 0.5 and (b) DV = 0.9 
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(a) 

 
(b) 

Figure 16. Box plots of Ssys of F1-F8 at (a) DV = 0.5 and (b) DV = 0.9. Red horizontal lines, 

black squares, and red whiskers indicate median, 25th and 75th quartiles, non-outlier range, and 

outliers, respectively (N and N-1 in the brackets are the N and N-1 valving rules, respectively) 
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(a) (b) 

Figure 17. Contour plots of S̅sys|l and hydraulic failure percentages for L1 for (a) F1 and (b) F8 at DV = 0.5  

 

  



255 

 

  
(a) (b) 

Figure 18. Contour plots of Ssys|l and hydraulic failure percentages for L1 for (a) F1 and (b) F8 at DV = 0.9  
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Table 1. Network structure metrics for the transmission mains 

 Network 

Metrics B1 B2 L1 L2 L3 L4 L5 L6 

BI 1 1 0.021 0.024 0.027 0.030 0.038 0.050 

MC ‒ ‒ 0.020 0.018 0.014 0.010 0.008 0.005 
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Table 2. Results of network assessment for B1-B2 and L1-L6 

 

Flow 

(LPM) 

Length Weighted Velocity 

(m/s) 

Pressure 

(m) 

Water Age 

(hours) 

Network Trans. Dist. Trans. Dist. Min Max Avg. Min Max Avg. 

B1 83,650 119,348 0.137 0.059 28.4 30.4 28.6 0.02 118.1 17.2 

B2 68,226 130,890 0.195 0.063 28.3 30.4 28.5 0.02 105.1 16.2 

L1 109,053 92,705 0.107 0.048 28.3 30.4 28.5 0.02 112.0 19.4 

L2 105,563 96,216 0.114 0.049 28.6 30.4 28.7 0.02 115.2 18.8 

L3 98,034 104,511 0.120 0.052 28.5 30.4 28.6 0.02 109.2 18.2 

L4 89,794 111,690 0.125 0.056 28.4 30.4 28.6 0.02 104.3 17.6 

L5 85,946 114,508 0.146 0.056 28.4 30.4 28.6 0.02 100.4 16.9 

L6 73,459 123,650 0.161 0.060 28.4 30.4 28.5 0.02 100.9 16.3 

Note: Trans., Dist., and Avg. denote transmission mains, distribution mains, and average, respectively. 

 

 

  



258 

 

Table 3. Results of network assessment for F1-F8  

 

Flow 

(LPM) 

Length Weighted Velocity 

(m/s) 

Pressure 

(m) 

Water Age 

(hours) 

Network Trans. Dist. Trans. Dist. Min Max Avg. Min Max Avg. 

F1 168,806 54,323 0.164 0.032 34.9 39.5 36.1 0.02 120.0 17.4 

F2 176,406 50,883 0.170 0.028 36.0 39.5 36.4 0.02 84.8 17.5 

F3 160,078 58,120 0.155 0.032 36.5 39.5 36.7 0.02 85.5 17.4 

F4 158,950 56,576 0.153 0.031 36.6 39.5 36.8 0.02 102.3 17.4 

F5 152,678 62,194 0.147 0.035 36.7 39.5 36.9 0.02 99.9 17.7 

F6 151,914 64,797 0.147 0.036 36.8 39.5 37.0 0.02 120.0 17.4 

F7 144,381 69,709 0.140 0.038 36.9 39.5 37.1 0.02 108.1 17.7 

F8 143,082 70,024 0.138 0.039 36.9 39.5 37.1 0.02 112.2 17.7 
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Table 4. Severity and risk analyses results of L1, F1, and F8 with the N and N-1 rules 

 L1 F1 F8 

 N rule N-1 rule N rule N-1 rule N rule N-1 rule 

Ssys 0.9987 0.9973 0.9982 0.9976 0.9994 0.9988 

RC 810 885 1,406 1,454 407 567 

v 3,678 2,584 3,170 2,085 3,296 1.34 

DV 2 1.41 2 1.32 2 2,211 

AVD 3.39 2.39 2.92 2.92 3.04 3.04 
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Table 5. Ssys, RC, and v with N-1 and N rules on transmission mains in B1, L1, F1, and F8 

 N rule N-1 rule 

Network Ssys RC v DV Ssys RC v DV 

B1 0.732 238,428 454 0.25 0.311 629,224 313 0.17 

L1 0.921 68,874 745 0.41 0.755 212,912 521 0.28 

F1 0.924 57,625 494 0.27 0.922 59,155 268 0.15 

F8 0.924 59,804 557 0.30 0.923 60,501 325 0.18 
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Table 6. S̅sys, R̅C, and v with N rule on transmission mains and DV on distribution mains for B1, L1, F1, and F8 

 DV on distribution mains 

  0.5 0.6 0.7 0.8 0.9 

Network S̅sys R̅C v S̅sys R̅C v S̅sys R̅C v S̅sys R̅C v S̅sys R̅C v 

B1 0.9775  10,968  454 0.9916  3,870  1,472 0.9952  2,038  1,641 0.9966  1,340  1,811 0.9972  1,027  1,980 

L1 0.987  6,585  744 0.9937  3,045  1,703 0.9961  1,722  1,863 0.9971  1,196  2,023 0.9976  934  2,183 

F1 0.9745  9,513  492 0.9865  4,749  1,300 0.9921  2,666  1,435 0.9943  1,715  1,570 0.9955  1,477  1,704 

F8 0.9852  6,310  556 0.9932  2,768  1,402 0.9961  1,408  1,543 0.9973  845  1,684 0.9978  574  1,825 
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Table 7. S̅sys|l, R̅C, and v with N-1 rule on transmission mains and DV on distribution mains for B1, L1, F1, and F8 

 DV on distribution mains 

  0.5 0.6 0.7 0.8 0.9 

Network S̅sys R̅C v S̅sys R̅C v S̅sys R̅C v S̅sys R̅C v S̅sys R̅C v 

B1  0.9582   19,581  1,159  0.9860   6,322  1,329  0.9932   2,946  1,498  0.9957   1,734  1,498  0.9968   1,222  1,837 

L1  0.9747   12,211  1,313  0.9888   5,195  1,472  0.9943   2,507  1,632  0.9963   1,535  1,632  0.9972   1,104  1,952 

F1  0.9731   10,120  937  0.9863   5,211  1,072  0.9919   3,037  1,207  0.9932   2,051  1,207  0.9949   1,571  1,477 

F8  0.9819   6,727  1,027  0.9921   2,786  1,168  0.9955   1,474  1,309  0.9969   918  1,309  0.9975   657  1,591 
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Table 8. Percentages of mechanical and hydraulic failures for L1 

 

DV = 0.5 

AVD = 0.85 

DV = 0.6 

AVD = 1.02 

DV = 0.7 

AVD = 1.19 

DV = 0.8 

AVD = 1.36 

DV = 0.9 

AVD = 1.53 

Nodes Mech Hydr Mech Hydr Mech Hydr Mech Hydr Mech Hydr 

J-1163 4.94 3.39 1.42 2.52 0.64 1.68 0.38 1.25 0.27 0.98 

J-916 7.23 6.55 1.95 3.66 0.84 2.34 0.46 1.68 0.30 1.31 

J-1032 5.85 10.53 1.44 4.35 0.70 2.53 0.39 1.78 0.24 1.38 

J-553 11.13 7.99 2.26 4.19 0.75 2.52 0.41 1.78 0.27 1.38 

J-720 11.25 10.30 2.21 4.41 0.86 2.55 0.45 1.79 0.29 1.39 

J-653 8.61 11.43 1.74 4.44 0.71 2.56 0.42 1.79 0.28 1.39 

J-103 12.46 10.70 2.47 4.43 0.86 2.56 0.46 1.80 0.29 1.39 

J-274 8.43 11.84 1.42 4.45 0.64 2.56 0.36 1.79 0.23 1.39 

J-407 8.34 12.06 1.66 4.50 0.74 2.57 0.40 1.80 0.28 1.39 

Note: Mech, and Hydr are mechanical failure and hydraulic failure, respectively   
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Table 9. S̅sys and R̅C for B1-B2 and L1-L6 

  

DV = 0.5 

AVD = 0.85 

DV = 0.6 

AVD = 1.02 

DV = 0.7 

AVD = 1.19 

DV = 0.8 

AVD = 1.36 

DV = 0.9 

AVD = 1.53 

Network S̅sys R̅C S̅sys R̅C S̅sys R̅C S̅sys R̅C S̅sys R̅C 

B1 0.914 41,692 0.981 9,478 0.992 4,281 0.995 2,555 0.997 1,780 

B2 0.913 42,207 0.981 9,677 0.992 4,379 0.995 2,623 0.997 1,827 

L1 0.916 40,562 0.982 9,193 0.992 4,143 0.995 2,476 0.997 1,715 

L2 0.916 40,632 0.982 9,187 0.992 4,144 0.995 2,477 0.997 1,716 

L3 0.916 40,753 0.982 9,239 0.992 4,167 0.995 2,491 0.997 1,728 

L4 0.915 41,187 0.981 9,440 0.992 4,267 0.995 2,553 0.997 1,774 

L5 0.915 41,218 0.981 9,451 0.992 4,271 0.995 2,556 0.997 1,776 

L6 0.914 41,593 0.981 9,630 0.992 4,363 0.995 2,614 0.997 1,820 
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Table 10. S̅sys| R̅C, and AVD for F1-F8 

  DV = 0.5  DV = 0.6 DV = 0.7 DV = 0.8 DV = 0.9 

Network S̅sys R̅C AVD S̅sys R̅C AVD S̅sys R̅C AVD S̅sys R̅C AVD S̅sys R̅C AVD 

F1 (2.92) 0.967 11,101 0.731 0.983 5,663 0.877 0.99 3,215 1.024 0.993 2,141 1.170 0.995 1,574 1.316 

F2 (2.94) 0.976 8,134 0.735 0.99 3,318 0.882 0.994 1,772 1.029 0.996 1,081 1.176 0.997 751 1.323 

F3 (2.96) 0.976 7,894 0.739 0.99 3,282 0.887 0.994 1,682 1.035 0.996 1,040 1.183 0.997 717 1.331 

F4 (2.97) 0.977 8,011 0.744 0.99 3,192 0.892 0.994 1,671 1.041 0.996 1,039 1.190 0.997 727 1.338 

F5 (2.99) 0.976 8,602 0.748 0.99 3,337 0.897 0.994 1,700 1.047 0.996 1,047 1.196 0.997 722 1.346 

F6 (3.01) 0.975 9,036 0.752 0.99 3,454 0.902 0.994 1,747 1.053 0.996 1,050 1.203 0.997 733 1.353 

F7 (3.02) 0.974 9,340 0.756 0.99 3,541 0.907 0.994 1,745 1.058 0.996 1,063 1.210 0.997 737 1.361 

F8 (3.04) 0.971 10,519 0.760 0.989 3,715 0.912 0.994 1,798 1.064 0.996 1,078 1.216 0.997 748 1.368 

Note: numbers in brackets indicate ANDs for networks 

 

 

 

 




