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ABSTRACT 

Water distribution system modeling can be used as a basis of planning and 

operation decisions.  However, model accuracy and uncertainty will impact the model 

based decisions. Model prediction uncertainty results from uncertainty in model 

parameters that are determined through calibration or are based upon modeler judgment.  

The focus of this dissertation is the effect of uncertainties on water quality model 

estimates and calibration.  The dissertation is centered around three journal articles and  a 

technical note.  

In the first paper, the effect of parameter uncertainty on water quality in a 

distribution system under steady and unsteady conditions was analyzed by Monte Carlo 

simulation (MCS).  Sources of uncertainties for water quality include decay coefficients, 

pipe diameter and roughness, and nodal spatial and temporal demands. The effect of 

individual parameter is discussed, as well as the combined effect of the parameters. It 

also describes the effect of flow patterns.  

A general calibration model is developed in the second paper for identifying wall 

decay coefficients. The problem is solved using the SFLA optimization algorithm that is 

coupled with hydraulic and water quality simulation models using the EPANET toolkit. 

The methodology is applied on two application networks. The study presents the effect of 

different field conditions such as the network with or without tanks, altering disinfectant 

injection policies, changing measurement locations, and varying the number of global 

wall decay coefficient on the estimated parameters. The numerical study also discusses 
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whether the complexity of the system can be captured with fewer than the actual number 

of field parameters and if the number of the measurement locations is sufficient.  

The third paper conducts a study that considers a full calibration assessment for a 

water quality model in the distribution systems. The calibration process begins with 

estimating the the best fit wall decay coefficients. Next, the uncertainties involved with 

estimated parameters are calculated. Finally, the study assesses the model prediction 

uncertainties for critical demand conditions due to the parameter uncertainties. Various 

conditions are evaluated including the effects of different measurement errors and 

different measurement conditions on the uncertainty levels of estimated parameters as 

well as on the model predictions.   

Fourth paper presents study in which a booster disinfectant is introduced within a 

distribution system to maintain disinfectant residuals and avoid high dosages at water 

sources. Assuming that first order reaction kinetics apply to chlorine decay, an integer 

linear programming optimization problem is posed to booster locations and their injection 

rates. The formulation avoids long water quality simulations by adding constraints 

requiring the concentrations at the beginning and end of the design period to be the same.  

The optimization problem is divided into two levels. The upper level selects the booster 

locations using a genetic algorithm, if more than a few boosters are included, or 

enumeration, if the number of boosters and/or potential locations is relatively small. 

Given a set of boosters from the upper level, the lower level minimizes the chlorine mass 

to be injected to maintain required residuals. The approach is applied to the Brushy Plains 

system for alternative numbers of allowable boosters. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 Introduction 

Water quality modeling in the water distribution systems is the direct extension of 

hydraulic modeling in the systems. It is recently an emerging field that has moved from 

method development to practice. Although mathematical modeling of network hydraulics 

has matured during the 1970’s through 1990’s, water quality modeling within the 

distribution systems begins in early 1990’s (Lansey and Boulos 2005). Water quality 

studies within the water distribution systems are very necessary in the sense that it plays 

an important role in assuring good quality of water to the consumer. As a result, 

legislative actions have been made to maintain the acceptable water quality as it travels 

through a distribution system to the most distant user.  

Since the passage of the Safe Drinking Water Act (SDWA) of 1990, researchers 

have been motivated to work on water quality and system hydraulics issues in water 

distribution system design and operation.  Before 1990 water quality requirements were 

only imposed at the water source, thus, the primary concern of the water distribution 

system was systems hydraulics. Today maintaining disinfection levels and pressure are 

equally important.  

Water quality models can be used to address a number of needs for utility that are 

primarily associated with disinfection levels, bacteria elimination, and by-product 

growth. Water quality modeling can assist with (Lansey and Boulos 2005); 
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• Formulating sampling plans to meet compliance standards 

• Locating measurement devices for on-line (real-time) and 

 compliance water quality monitoring 

• Understanding the impact of tank storage on system quality 

• Providing an understanding of system response to operational 

changes selected to reduce energy consumption or improve water 

quality 

• Locating booster disinfection stations and determining their 

operations 

• Estimating water age as a surrogate water quality when 

disinfectant decay parameters are not available 

• Identifying and controlling of accidental/planned contaminations 

from backflow events and terrorist attacks 

• Determining mixing levels in multi-source systems 

• Tracking of conservative substances such as fluoride 

• Formulating a flushing plan for a post-contaminant event 

The maintenance of residual disinfectant in the water distribution systems is key 

criteria to assess the potability of water in the systems. The spread of disinfectant within 

the systems can be studied by mathematical models due to varying hydraulic conditions.   

Water quality transport is directly related to the flow velocities. Therefore, water quality 

models first perform a hydraulic analysis then provide the resulting flow distribution to 

the water quality module to transport a constituent through the systems. The result of a 
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water quality analysis in the distribution systems is the disinfectant concentration at all 

junction nodes. 

Chlorine is the most popular water treatment disinfectant in municipal water 

distribution system. Chlorine is an oxidizing agent and it decays with time. Therefore, a 

minimum level of chlorine residual must be maintained in the distribution system to 

preserve both chemical and microbial quality of treated water (Vasconcelos et al. 1997, 

Munavalli and Mohan Kumar 2003). While chlorine travels through the distribution 

system, it reacts with different materials inside the pipe. Reactions are impacted by the 

surrounding conditions due to the availability of reacting substances. Reactants are 

present in the bulk water and may also occur at high concentrations on the surface of the 

pipe. Bulk reactions predominate in relatively less turbulent water. On the other hand, 

wall or surface reactions predominate in turbulent flows.   

Water quality transport mainly occurs by advective transport in which the 

constituent (chlorine) moves with water in the direction of flow with the magnitude of the 

main velocity component. In other words, advection transport is the carrying of 

constituent (chlorine) along with the flow of water (Lansey and Boulos 2005). Thus, in 

addition to direct reaction parameters i.e., bulk reaction coefficient and wall reaction 

coefficient hydraulic parameters i.e., pipe diameter and roughness, and flow play 

important roles in determining the chlorine concentrations at all junction nodes in the 

systems. 

  Since modeling is the basis of decision making it is important to determine or 

estimate the best parameters associated with the models. Uncertain or poorly estimated 
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parameters may lead to incorrect decisions. For a proper calibrated model it is important 

to understand the impact of uncertainties of different parameters on the model 

predictions. Model predictions can be uncertain due to the uncertainties associated with 

the model parameters. In the real world, sometimes it is difficult or even impossible to 

find deterministic or best fit model parameters for a variety of reasons such as lack of 

laboratory test or poor measurements. Therefore, it is common that the model parameters 

would be uncertain. Thus, this study that analyzes the impact of uncertain model 

parameters (both hydraulic and water quality) on nodal chlorine concentration and on 

model calibration is significant. 

  

1.2 Dissertation organization 

 This dissertation consists of the main body of the dissertation, four appended 

articles for publication (Appendices A, B, C, and D). The main body of the dissertation 

includes: 

• Literature Review, Objective, and Scope of the Study: A 

comprehensive review of the previous studies in water distribution 

systems parameters uncertainty analysis, particularly on water 

quality model parameters uncertainty analysis and parameter 

estimations. The author summarizes the scope of this dissertation 

as a part of a larger research group effort. 
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• Present Work Summary: A brief description of the author’s 

contribution and uniqueness of the dissertation, and a suggested 

direction for future research.  

 

1.3 Literature Review 

 This section summarizes the comprehensive literature reviews undertaken in 

conjunction with the development of Appendices A, B, C and D. 

 

1.3.1 Uncertainty analysis in water distribution systems hydraulics 

Uncertainty analysis has been applied to water distribution systems in attempts to 

quantify system reliability. Wagner et al. (1988a) performed analytical reliability analysis 

for simple networks and stochastic simulation (MCS) for general systems (Wagner et al 

1988b). Since reliability is a probabilistic phenomenon and depends on the random 

variables it is mentioned that it should be analyzed with probabilistic measures. It is 

reported that stochastic simulation methods can incorporate more complicated features of 

the system and as a result, they can provide a more realistic view in contrast to simpler 

analytical analyses. Wagner et al. only considered pipe breaks and pump outages as the 

random phenomena and found their effects on nodal pressure head. However, the water 

quality issue was not considered. Distinctly, Wagner et al (1988b) summarized the three 

advantages of using simulation method over analytical methods as it can calculate a 

number of reliability measures, it allows the analysis of a system with complicated 

interactions and finally it allows detailed system modeling.  
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Bao and Mays (1990) classified water distribution system reliability analysis into 

two major groups as hydraulic reliability and mechanical reliability. They clearly defined 

hydraulic reliability as the measure of performance of the water distribution system and 

mechanical reliability as the ability of the system components to provide continuing and 

long- term operation without frequent repairs. On a question of which reliability analysis 

should be given more importance Cullnane (1989) showed that hydraulic performance 

analysis should be given more priority than average reliability since demand is spatially 

and temporally distributed. Based on those definitions of reliability, Bao and Mays 

(1990) completed a MCS study considering uncertainties of future demand, pressure head 

and pipe roughness and examined the impact of uncertainties on nodal reliability.  They 

also examined the sensitivity of reliability to various probability distributions of the 

uncertain variables. However, water quality issue is also ignored in their paper.  

Xu and Goulter (1998) considered uncertainties in nodal demands, pipe roughness 

and reservoir/tank levels. Probability distribution functions were derived from a 

linearized hydraulic model and the nonlinearity is accounted by partitioning the demands 

into a number of intervals. The overall reliability is then measured by combining the 

probability with the probabilities of different system configuration. A first order Taylor 

series expansion to nonlinear hydraulic model was applied to develop the linearized 

model. The model was verified by Monte Carlo Simulation and showed that the results 

from the linearized model were less accurate particularly when there is a large variability 

in the nodal demands. Water quality was not considered. 
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Some of the other studies that analyzed uncertainty in the water distribution 

systems in the form of reliability analysis  are Gargano and Pianese (2000), Khomsi et al. 

(1996), Yang et al. (1996a,b), Gupta and Bhave (1996), Gupta and Bhave (1994), Jowitt 

and Xu (1993), Quimpo and Shamsi (1991), Fujiwara and Silva (1990), Karaa and Marks 

(1990). In these studies mechanical failure is given more importance than hydraulic 

failure. However, water quality uncertainty analysis is given less importance in the past. 

Water quality analysis issue is one of the major concerns in the municipal water 

distribution systems that should be addressed. 

 

1.3.2 Uncertainty analysis in water distribution quality models 

 Sadiq et al. (2004) presented a risk analysis associated with water quality in the 

distribution systems. However, authors computed the risk based on the external sources 

that can deteriorate the water quality in the systems. The sources that are included to 

compute the risks are; intrusion of contaminants into the system (through connection) or 

permeation of organic compounds through plastic components, regrowth of bacteria in 

the systems including pipe and storage facilities, water treatment breakthrough; leaching 

of chemicals and the corrosion of systems components. The system parameters that are 

involved in deteriorating in-system water quality are not included in their study.  

      Barkdoll and Didigam (2004) evaluated the impact of uncertain demands on pressure 

and water quality. They analyzed two relatively small networks for steady and unsteady 

conditions. Two distributions of demand are considered; Gaussian and uniform.  By the 
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term demand they refered base demand. The fluctuations in the daily temporal demand 

factors were not considered.  

Pasha and Lansey (2005) examined the impact of water quality parameters 

uncertainty on model estimates. They conducted Monte Carlo simulations (MCS) under 

steady conditions considering pipe diameter, roughness and wall decay coefficients, and 

nodal demands as sources of uncertainty. The analysis showed that the wall decay 

coefficient has a large influence on water quality model predictions for the system that 

was reviewed. However, unsteady conditions in the distribution systems were not 

considered.  

 

1.3.3 Use of uncertainty in water distribution  systems operation and design considering 

only hydraulics 

Lansey, et al (1989), and Xu and Goulter (1999) developed optimal design under 

uncertainty assuming distributions of model output.  However they only considered nodal 

demand and pipe roughness and mechanical failure of the system to develop a reliability-

based optimization method for water distribution system. However water quality issue 

was also not taken into account. 

Xu and Goulter (1999) noted that the reliability analysis of water distribution 

system is a complex process, which should include a range of factors, and their impacts 

must be recognized. However they only considered nodal demand and pipe roughness 

and mechanical failure of the system to develop a reliability-based optimization method 

for water distribution system. 
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Kapelan et al. (2003) developed a stochastic least-cost design problem using 

genetic algorithms (GAs) considering only demand as the uncertain parameter. However, 

they mentioned that a number of uncertainties are involved in the decision making 

process. Although minimum pressure requirement is the only constraint used in their 

formulation and water quality issue was ignored. 

Zyl et al. (2004) developed a hybrid genetic algorithm for operational 

optimization of water distribution systems. They reported that is well suited with large 

and complex water distribution system for optimization. Although initially GA has better 

convergence characteristics it slows down as soon as it reaches in the optimal solution 

region. They overcome this problem using hillclimber search strategy. Only pump 

operational cost is used as the objective function with same initial and final tanks’ level 

and limit on the number of the pump switches as the constraints. Uncertainties in model 

parameters were not included in their study. 

Babayan et al. (2004a) compared two approaches the integration method and 

sampling method to design least cost water distribution method considering reliability. 

The only uncertain parameter considered is demand while the constraint was considered 

pressure only. In this paper the quality issue is also ignored with other uncertain 

parameters, which have the impacts on pressure head and water quality. Babayen et al 

(2004b) showed that neglecting uncertainty in the design process can cause serious 

underdesign water distribution system. In their paper they considered nodal demand and 

pipe roughness are the uncertain parameter while optimizing cost of the network design 

and probability of network demand. 
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Tolson et al. (2004) used first-order reliability method (FORM) with GA as the 

optimization tool for reliability based optimization of water distribution system. By the 

word network reliability they refer to the probability to meet minimum allowable 

pressure constraints across the network. Nodal demand and pipe roughness were 

considered uncertain in their study. Other uncertain input parameters including diameter, 

decay coefficients are not taken into account. Water quality constraint was not included 

in their study. 

Sumer et al. (2004) considered uncertainty in the pipe roughness to examine the 

impact of uncertainty on the system design. The uncertainties in the other model 

parameters are ignored. Although system hydraulics is used as the constraint water 

quality is not included. 

 

1.3.4 Water distribution  systems operation and design considering water quality 

Sakaraya and Mays (2000) developed a methodology for determining the optimal 

operation of water distribution system pumps with water quality considerations. The 

solution of the optimization problem was obtained by interfacing the hydraulic and water 

quality simulation code, EPANET, with the nonlinear optimization code, GRG2. Three 

objective functions were used in the model to minimize (1) the deviations of actual 

substance concentrations from desired concentration values; (2) the total pump duration 

times; or (3) the total energy cost. The effectiveness of the methodology was tested using 

a hypothetical water distribution system. Uncertainties in the model parameters were not 

considered.  
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In a conference proceeding Ostfeld (2004) simultaneously used quantity, pressure 

and quality to optimize design and operation problem of water distribution systems under 

unsteady hydraulics. In his paper uncertainties in the model parameters are not taken into 

account.   

Ostfeld and Salomons (2004) coupled a GA with EPANET to determine optimal 

operations of multiquality water distribution systems under unsteady conditions. 

Although water quality and system hydraulics constraints are included in the model, the 

uncertainties in the model parameters are not considered. A time horizon of 24 hours is 

used to avoid computational time. 

 Ostfeld (2005) uses GA tailored to EPANET for optimal design and operation of 

water distribution system under unsteady conditions considering both water quality and 

system hydraulics as the constraints. Some of the limitations that were reported are: (1) 

The time horizon selected for the optimization model does not accomplish cyclical water 

quality concentrations at the nodes. Results depend on initial setting of concentrations at 

the nodes, (2) The uncertainties in the model input parameter such as in nodal base 

demand or in temporal demand factor, in diameter, in roughness, in coefficient of decays 

were not taken into account, (3) The computational time required was expensive to 

achieve a solution. Although how much time required was not reported. (4) Whether the 

solution was global or local optima could not be proven mathematically, and (5) The 

uncertainties in the model prediction output were not considered.  

Broad et al. (2005) included both water quality and pressure constraints in their 

metamodels optimization for design and operation. They defined metamodel as a 
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surrogate or substitute model for a complex simulation model. They mainly focused on 

how to save computational or simulation time using a trained artificial neural networks 

(ANNs). GA is used as the optimization tool in their model. Uncertainty in the model 

parameters or in the prediction output is ignored in their optimization. They reported that 

adding water quality in the optimization increases computational time significantly. 

 

1.3.5 Estimation of water quality parameter and associated uncertainties in the water 

distribution systems  

In the past, researchers in this area mainly have focused on water distribution 

hydraulic model calibration. A range of optimization methods have been applied 

(Ormsbee 1989, Lansey and Basnet 1991, Todini 1999, Wu et al. 2000) to solve the 

hydraulic calibration problem. 

 Little work, however, has been conducted on water quality model calibration. 

Clark et al. (1995) estimated wall decay parameter by trial and error approach to simulate 

chlorine residual. Vasconcelos et al. (1997) calibrated a water quality model by 

sequentially adjusting the wall decay parameter to give the best fit between simulated and 

filed measurement. Islam et al. (1997) developed an inverse approach to determine the 

source concentrations required to meet the specified concentrations at selected nodes. 

However, no attempts were made in their study to estimate the wall decay parameters.  

Munavalli and Mohan Kumar (2003) developed an inverse approach model to 

estimate reaction parameters in steady state distribution systems and later extended the 

model to dynamic conditions (Munavalli and Kumar 2005). They applied a weighted 
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least squares method to estimate at most three wall decay parameters for a constant 

source chlorine injection. Boccelli et al (2004) conducted a network-wide dual-tracer 

field-scale study and model calibration. They used observed data for manual calibration 

of the system. No systemic approach was taken to estimate the distribution system 

parameters. Wall or bulk decay coefficients were not estimated in their studied. Very 

recently, Pasha and Lansey (2006b) estimated best fit wall decay parameters by linking a 

hydraulic and water quality simulation model with a search engine known as Shuffled 

Frog Leaping Algorithm (SFLA). Up to six wall decay parameters have been considered 

with different field conditions. However, parameters uncertainties or the prediction 

uncertainties due to the effect of parameters uncertainties were not assessed.  

Parameters uncertainty analysis is very important since parameter uncertainties 

are directly involved with model prediction uncertainty. Barkdoll and Didigam (2004) 

and Pasha and Lansey (2005) examined the impact of water quality parameters 

uncertainty on model estimates. Pasha and Lansey (2005) conducted Monte Carlo 

simulations (MCS) under steady and unsteady conditions considering pipe diameter, 

roughness and wall decay coefficients, and nodal demands as sources of uncertainty. The 

analysis showed that the wall decay coefficient has a large influence on water quality 

model predictions for the analyzed system. 

However, few studies have been conducted in which, statistical methods have 

been applied to examine the quality of the calibration and parameter estimates. The 

statistical methods have mainly been applied on hydraulic model parameters (Uber and 

Bush 1998, Lansey et al. 2001 and Kapelan et al. 2005). Although an attempt has been 
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made to calculate the parameter uncertainty by Munavalli and Kumar (2005), the 

estimation of prediction uncertainty at different critical demand conditions was ignored. 

 

1.4 Study objectives 

 The overarching objective of this dissertation is to identify water quality model 

parameters and analyze the impact of model parameter uncertainty on the uncertainty of  

the water quality model predictions. Detailed study objectives are presented below.  

 

1.4.1 Parameters uncertainty analysis on water quality in the distribution systems 

 Water distribution system modeling can be used as a basis of planning and 

operation decisions.  However, model accuracy and uncertainty will impact the model 

based decisions. Model prediction uncertainty results from uncertainty in model 

parameters that are determined through calibration or are based upon modeler judgment. 

Field data are used to calibrate the model. However, data collection to calibrate some 

parameters is expensive, difficult, and sometimes impossible. For example, although bulk 

decay coefficients are easy to measure, pipe wall decay coefficients cannot be measured 

directly and vary from pipe to pipe. Similarly, demand variability over time and space is 

almost impossible to measure. Likely, pipe related parameters such as diameter and 

roughness coefficient are the easiest to estimate using pressure data.   

Uncertainty in pressure head due to pipe roughness and nodal demands has been 

evaluated from the perspective of system reliability (Xu and Goulter (1998) and Bao and 

Mays (1990)). However, water quality within a distribution has not been studied. It is 
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strongly affected by water quality model parameters, such as bulk and wall decay 

coefficients.  In addition, since transport is dominated by advection, hydraulic parameters 

and conditions also impact water quality.  This is most clearly seen in the effects of tanks 

due to flows to and from the storage facility.  The hydraulic system representation will 

also affect the flow distribution and travel times within the system. Many modelers 

suggest that all pipe models are required to adequately represent the true flow patterns.  

To date, only anecdotal evidence through analysis of simple networks under deterministic 

conditions has been presented justifying this conclusion.  In any case as more pipes are 

introduced, more uncertain parameters must be defined or calibrated for those 

components.   

In the first paper of this dissertation the impact of alternative sources of 

uncertainty on water quality predictions is evaluated for steady and unsteady state 

conditions for a well-documented mid-sized system. The objective is to study the effect 

of alternative uncertain parameters sets on uncertainty levels of water quality variables 

through Monte Carlo simulation (MCS). The evaluated input parameters are the decay 

coefficients, pipe roughnesses, pipe diameters, and nodal demands. Spatial and temporal 

nodal demand variabilities are also considered. The model output of interest is the nodal 

concentrations throughout the system.  Evaluating the MCS results will provide insights 

into the relative importance of the different model parameters and potential implications 

on model calibration and use. 

The relative impact of uncertain parameters will change with system conditions. 

For example, water is often stored in the tank to provide adequate pressure and for the 
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emergency use at the expense of water quality deterioration. Thus, the variability in 

delivered water as related to the amount of emergency storage is examined. Similarly, 

daily demand patterns change between seasons. The reaction order and alternative pipe 

groupings on the uncertainty level are also evaluated to determine their significance. 

 

1.4.2 Water quality parameter estimation for water distribution systems 

 Water quality modeling has been advanced in terms of methodology and 

complexity.  Calibration of these models, however, has received little interest. A water 

quality model requires a calibrated hydraulic model, good nodal demand estimates, and 

water quality parameters. The parameters that affect water quality modeling are pipe 

diameter and roughness, nodal demand, wall and bulk decay coefficients. Pipe diameter 

and roughness can be calibrated to measured pressure data. Due to lack of sufficient field 

data, nodal demands are usually assumed to be known although uncertainty in their 

estimates can have a significant impact on water quality estimates (see Appendix A). The 

bulk decay coefficient is related to the organic content in the water and its reactivity. A 

single parameter is normally used for the entire network and is measured in off-line 

laboratory studies by jar tests (Boulos et al 2005). Wall decay coefficients vary between 

pipes and must be calibrated from water quality field data. In the second paper of this 

dissertation, the focus is on the identification of the wall decay coefficients using an 

optimization scheme.  

The objective of this study is to present an approach to estimate wall decay 

coefficients using field concentration data for a hydraulically calibrated network and 
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known demands. EPANET will be linked using the Toolkit package (Rossman, 2002) to 

the shuffled frog leaping algorithm (SFLA), a meta-heuristic search algorithm (Eusuff 

and Lansey 2003, Eusuff et al. 2006). Applications will be presented to examine the 

calibration of different networks with and without tanks, altering disinfectant injection 

policies, and changing measurement locations. 

 

1.4.3 Evaluation of uncertainties in the estimated parameters and water quality model 

predictions 

 The overall goal of a mathematical modal is to represents the true physical system 

under study. Therefore, a model must be calibrated before its results can be reliably used 

for any purpose. However, proper calibration is not an easy task because of various 

reasons such as (a) data collection is expensive and requires great effort; (b) most 

calibration procedures are deterministically based (Lansey et. al. 2001). 

Measurement error and poor calibration procedure cause uncertainty in the 

estimated parameters. Therefore, uncertainty in the estimated parameters should be 

calculated once the water quality model is calibrated by adjusting wall decay parameters 

so that the model results match field measurement. The impact of parameter uncertainty 

on model prediction should then be assessed to assist in defining the data collection 

conditions based on model prediction uncertainty. Model prediction uncertainties result 

from uncertainties in the field data and in the calibrated parameters. Model prediction 

uncertainty determines whether the current knowledge of parameters uncertainty is 
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adequate for the purpose of its use or it is desirable to collect more data to reduce the 

parameter uncertainties.  

The objective of the third paper of this dissertation is on the overall calibration 

procedure which includes estimation of wall decay parameters, estimation of 

uncertainties in the calibrated parameters, and the estimation of model prediction 

uncertainties. Measurements are taken at different field conditions and the uncertainties 

in the estimated parameters are calculated for all the conditions. Finally, model prediction 

uncertainties are assessed at different critical demand conditions. A well documented 

mid-sized network is considered for the study. 

 

1.4.4 Locating satellite booster disinfectant stations 

Water quality regulations require that adequate disinfectant residuals are 

maintained at the most distant user in the distribution system. The travel time through 

the system is a key element in defining residual concentrations.  Long residence times 

in the tank, general system hydraulics, and the size and condition of the pipes 

themselves are all factors that contribute to chlorine reduction to levels where microbes 

could proliferate.  

From a simplistic operations perspective, the solution to diminished disinfectant 

is to increase dosages at the water source.  These injections ease the problem associated 

with low residuals but may result in extremely high chlorine levels for users near these 

sources and promote the formation of harmful disinfection by-products such as 

trihalomethanes and haloacetic acids. Booster injectors may be installed at various 
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locations throughout the system to inject chlorine and increase disinfectant levels at 

required points in the system.  The dosage injected by these boosters can be constant or 

vary in time. The objective of this study is to introduce booster disinfectant within a 

distribution system to maintain disinfectant residuals and avoid high dosages at water 

sources.   

 

1.5 Background  

1.5.1 Overview 

Water quality modeling within the water distribution systems is a difficult task 

because of all available water quality model first perform a hydraulic model analysis and 

then provide the resulting flow distribution to a water quality module to transport a 

constituent through the system. Therefore, all the hydraulic and water quality parameters 

are to be considered in the uncertainty analysis of water quality model.  

Although some of the parameters can be determined by laboratory test some of 

the parameters have to be estimated by field measurements. Since manual trial and error 

method is tedious and time consuming, automated calibration procedure for those 

parameters is expected to perform well. It is also necessary to calculate the associated 

uncertainties associated with the estimated parameters or with the model predictions. 

Following sections discuss the theoretical background of the study. 
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1.5.2 System equations and water quality parameters relations 

In the case of a water distribution system, network hydraulics are described by 

conservation of mass and energy and water quality is based upon conservation of mass at 

a node and advective transport in a pipe. 

 

Hydraulics relationships   

Several formulations of conservation of mass and energy can be written for a 

water distribution system under steady conditions (Boulos et al, 2004).  Here the pipe 

equation formulation is summarized.  For a junction that connects two or more pipes, 

conservation of mass is written as:  

i
Jl
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l qQQ
outin
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∈∈

         (1) 

where Ql are the pipe flows, iq  is the external demand or withdrawal, Jin,i and Jout,i are the 

set of pipes supplying and carrying flow from node i respectively.  

For pipe l that connects nodes A and B, conservation of energy is: 

lLBA hHH ,=−         (2) 

where AH  and BH  are the total energy at nodes A and B, respectively, and lLh ,  is the 

head loss in connecting pipe l.  The head loss can be estimated by a number of equations 

including the Darcy-Weisbach and Hazen-Williams equations.  The empirical Hazen-

Williams equation is most widely used in the US for water distribution system analysis: 
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where uK  is a unit constant, D, L, Q and HWC  are the diameter, length, flow and Hazen-

Williams roughness coefficient of the pipe.  EPANET (2002) iteratively solves this set of 

nonlinear equations with a Newton’s type method for the unknown H’s and Q’s given all 

pipe diameters and roughness coefficients and all nodal demands.   

Unsteady hydraulic conditions are represented by introducing a tank to the system 

with a variable water surface level that varies with flows to and from the tank.  Nodal 

demands are assumed to vary through the analysis period in a series of discrete time 

steps. 

 

Water Quality Relationships  

Four mechanisms are involved with fluid and constituent transport: advection, 

molecular and turbulent diffusion, and dispersion.  Turbulent diffusion does not affect 

longitudinal transport so is unimportant here.  In most available models, dispersion is 

neglected since the flow velocities are normally high resulting in uniform velocity 

distributions. Molecular diffusion is very small compared to other transport mechanisms 

so it is also neglected (Boulos et al, 2004).  Therefore, advection or transport at the flow 

velocity, is the only transport mechanism considered.  In this case, conservation of 

constituent mass can be written for as pipe in differential form as:  

)(Cr
x
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t
C

=
∂
∂

+
∂
∂         (4) 

where V is the flow velocity that is determined by solving the hydraulic equations. 
x
C
∂
∂  is 

the rate of change in concentrations between the inflow and outflow sections of a 



 40

differential section, 
t
C
∂
∂  is the rate of change of constituent concentration within the 

differential element and )(Cr is the reaction relation term. The general form of )(Cr  for 

a decay process is: 

1* )()( −−= cnCCCkCr        (5) 

where *C  is the limiting concentration, k  is the reaction constant and cn  is the reaction 

order.  Chlorine, which can decay completely, is modeled by a first order reaction (nc =1) 

in this application so r(C) = kC.   

Decay reactions occur in the water with reacting substances present in the water 

and with material on the pipe wall. As a result the reaction constant k  is the sum of two 

coefficients, the bulk reaction coefficient, bk , and the wall reaction coefficient, wallk  or:  

wallb kkk +=          (6) 

Rossman et al (1994) reported that pipe wall coefficients are affected by three 

factors, the reactive ability of biofilm layer, the available wall area for reactions and the 

movement of water to the wall. The reactive nature of the wall material is measured by 

another coefficient wall reaction rate, wk . For first order reaction the wall decay 

coefficient wallk  can be written as (Rossman et al, 1994):  
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       (7) 

where fk is a mass transfer coefficient that is a function of the turbulence in the pipe that 

is measured by the Reynolds number, R is the pipe radius and abs is the absolute value 
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operator. The transport equations (eqs. 4-7) can be solved by several methods.  EPANET 

(Rossman, 2002) used the event driven method (Boulos et al, 2004). 

The above equations (1-7) show that the parameters: nodal demand, pipe 

diameter, pipe roughness and bulk and wall reaction coefficients all directly affect the 

nodal constituent levels. Reaction coefficients appear within the reaction relationship but 

wall decay is influenced by the degree of turbulence that is related to hydraulic conditions 

(Rossman, 2002). Thus, the hydraulic parameters (C, D and q) indirectly affect 

constituent decay as well as directly control flow velocities that dominate constituent 

transport. 

All six parameters were considered as uncertain in this analysis. A pipe’s 

effective diameter reduces over time because of encrusted materials on the pipe walls. 

Pipe roughness also increases due to the encrusted materials. Thus, these two parameters 

are uncertain. The bulk decay coefficient is related to many factors including temperature 

and pH that may vary over time.  The wall decay coefficient is very difficult to measure 

accurately since it depends on reactive ability of the biofilm layer, wall area available for 

reactions, and movement of water. Thus, these two decay coefficients are also uncertain.  

Demands are inherently uncertain due to random water consumption. 

 

1.5.3 Parameter estimation using measurement data 

The first step in a calibration process is data collection. Due to lack of real world 

data the simulation model was run to generate data and later to represent the field data a 

measurement random error was added with the exact data. Measurement random errors 
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may vary time to time and location to location. However, there is a maximum 

measurement error for a chlorine meter. For example if the maximum error is 10% 

following calculations can be made to generate the measurement error assuming that the 

error is normally distributed. According to normal distribution the error can be written as  

Zx errorerrorerror σµ +=        (8) 

Maximum allowable error at the probability of 0.999 for which Z is 3.090252582 

is 0.1. Therefore, the standard deviation of the error term can be written as:  
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Therefore, the measured data with error can be written as;  

errorxCCC *+=         (10) 

The next step is to estimate the calibration parameters. For this particular study 

wall decay parameters are considered to be estimated. Therefore, the water quality 

calibration model objective is to determine system parameters i.e. the wall decay 

parameters (kw) so that the difference between the field measured concentration and the 

simulated values are minimized. Mathematically the problem can be stated as: 

Minimize ( )∑∑ −=
L

l
tltl

T

t

MCCCf 2
,,)( wk       (11) 

subject to:  

GH(H, q) = 0         (12) 

GQ( q, CC) = 0        (13) 

kwlower≤ kw≤ kwupper        (14) 
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where CCl.t and MCl,t in Eq. 11 are the computed and measured concentrations at 

location l and time t. L is the number of measurement locations and T is the number of 

measurement times. H and q are the vectors of pressure and flow demands for all nodes 

and demand pattern. GH (Eq. 12) are conservation of energy and mass that describe the 

network’s flow distribution, q, and pressure heads, H. GQ (Eq. 13) are the water quality 

conservation relationships that are used to compute the nodal concentrations (CC) 

throughout the network over time. kw is the decision variable vector of wall decay 

coefficients for individual or groups of pipes, which has upper and lower bounds, kwupper 

and kwlower, respectively.  

EPANET version 2.0 (Rossman 2002) is used as the hydraulic and water quality 

simulation model which is linked with Shuffled Frog Leaping Algorithm (SFLA), a meta 

heuristic search algorithm (Eusuff and Lansey 2003 and Eusuff et al. 2005). Wall decay 

parameters kw are the decision variables in the SFLA optimization algorithm. An initial 

population (in this case of frogs) is randomly generated. EPANET then simulates the 

water quality conditions and the objective function (Eq. 11) is then computed for each 

frog. New points (frogs) are then generated following the optimization procedure and 

another set of evaluations are completed.  This iterative process continues until a stopping 

criterion is reached.  

 

1.5.4 Parameter uncertainty evaluation by first-order approximation 

The estimated wall decay parameters are not unique since the filed measurements 

are not measured precisely. They are so far best estimates. However, they are uncertain.  
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Therefore the next step is to quantify the magnitude of the uncertainty involved with the 

estimated parameters. Yeh and Yoon (1981), Mallick and Lansey (1994), Bush and Uber 

(1998), and Lansey et al. (2001) applied first-order approximation to estimate 

uncertainties in the hydraulic parameters. This study applies same technique to evaluate 

the covariance matrix of the estimated parameters in this case the wall decay parameters 

(Cov(kw)) using the concentration sensitivity matrix relative to the parameter (
wk

C
∂
∂ ) and 

the variance in measured concentrations ( 2
Cσ ). 
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The diagonal elements of the Cov(kw) are the variances of the individual wall decay 

parameters and the off diagonal terms are the correlation between the decay parameters. 

The 2
Cσ  can be approximated by (Bard 1974) 

LM
J

C −
=2σ          (16) 

where J = optimal calibration objective; M = total number of field measurements; and L = 

number of calibrated parameters. The matrix of the sensitivities of the concentrations 

relative to the wall decay parameters can be estimated analytically or by a numerical 

approximation (Lansey et al. 2001). The numerical approximation method is used to 

calculate the sensitivity matrix. 
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where ∆C  = concentrations computed by simulation using the perturbed wall decay 

parameter values; C =  simulated concentrations with the best estimate of the wall decay 

parameters, kw; and  wk∆  = perturbation introduced to kw. 

 

1.5.5 Prediction uncertainty assessment by first-order second moment (FOSM) 

Parameter estimation alone can not ensure whether the model represent the actual 

system behavior for conditions beyond the measured demands. Therefore, assessing the 

impact of the parameter uncertainty on the model prediction for critical demand 

conditions is important. The assessment analysis determines the uncertainty in predicting 

system performance for critical demand conditions that are described as “assessment 

demands” (Lansey et al. 2001). Assessment demands may be different from those 

demands that were used during field data collection. They usually contain extreme 

demand conditions at specific nodes or at specific times. The extreme conditions may be 

extremely low or may be extremely high.     

The first-order second moment (FOSM) analysis can efficiently and accurately 

estimate the covariance matrix of model output given the uncertainty of the model input 

(Lansey et al. 2001). The FOSM estimates are found by approximating a function with a 

Taylor series expansion around the mean value of the parameters and dropping the higher 

order terms ( Benjamin and Cornell 1970; Mays and Tung 1992). Covariance matrix of 

the predictive concentration Cov(Cp) can be estimated as  

Cov(Cp) = 
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The diagonal terms of the covariance matrix define the variance of predictive 

concentrations at the selected nodes and at the selected times. On the other hand off 

diagonal terms represent the correlations between the predictive concentrations at the 

selected nodes and at selected times. Assessment measure depends upon the specific 

calibration objectives and therefore the assessment accuracy maybe important for design 

purposes. 

 

1.5.6 Specific contributions of the dissertation 

• Appendix A presents the effect of parameter uncertainty on water quality in a 

distribution system under steady and unsteady conditions. Monte Carlo simulation 

(MCS) is used for the analysis.  Sources of uncertainties for water quality include 

decay coefficients, pipe diameter and roughness, and nodal spatial and temporal 

demands. Appendix A discusses the effect of individual parameter as well as the 

combined effect of the parameters. It also describes the effect of flow patterns. At 

the end the study provides guidance on difficulties in model calibration.  

• Appendix B presents a general calibration model for identifying wall decay 

coefficients. The problem is solved using the SFLA optimization algorithm that is 

coupled with hydraulic and water quality simulation models using the EPANET 

Toolkit. The methodology is applied on two application networks.  

The study presents the effect of different field conditions such as the network 

with or without tanks, altering disinfectant injection policies, changing 

measurement locations, and varying the number of global wall decay coefficient 
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on the estimated parameters. The numerical study also discusses whether the 

complexity of the system can be captured with fewer than the actual number of 

field parameters if the number of the measurement locations is sufficient.  

• Appendix C considers a full calibration assessment for a water distribution 

quality model. The study estimates the best fit wall decay parameters at first. 

Next, the uncertainties involved with estimated parameters are calculated. Finally, 

the study assesses the model prediction uncertainties for critical demand 

conditions due to the parameter uncertainties. Study describes the effects of 

different measurement errors, different measurement conditions on the 

uncertainty levels of estimated parameters as well as on the model predictions.  

Appendix C presents the procedures on two example networks of which one is 

mid-sized branched system and the other is large but highly looped system.  

• Appendix D presents a methodology for locating satellite booster disinfectant 

within a distribution system so that disinfectant residuals are maintained and 

high dosages at water sources are avoided. Assuming that first order reaction 

kinetics apply to chlorine decay, an integer linear programming optimization 

problem is posed to booster locations and their injection rates. The formulation 

avoids long water quality simulations by adding constraints requiring the 

concentrations at the beginning and end of the design period to be the same.   

The optimization problem is divided into two levels. The uupper level 

selects the booster locations using a genetic algorithm, if more than a few 

boosters are included, or enumeration, if the number of boosters and/or potential 
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locations is relatively small. Given a set of boosters from the upper level, the 

lower level minimizes the chlorine mass to be injected to maintain required 

residuals. The approach is applied to the Brushy Plains system for alternative 

numbers of allowable boosters. 
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CHAPTER 2 

PRESENT STUDY 

 

2.1 Uniqueness of the study and author’s contribution  

This dissertation has produced some valuable tools and models that are 

practically important and suitable for implementation. The unique features are: 

• This study examines the impact of all alternative sources of uncertainty on water 

quality predictions by examining both steady and unsteady state conditions for a 

well-documented mid-sized system. To the author’s knowledge this is the first 

study that considers all sorts of parameter’s uncertainty and finds their impacts on 

water quality. Monte Carlo simulation (MCS) method has been used to confirm 

that computational accuracy is higher than any other approximation formula 

(Appendix A).  

• The impact of system conditions on water quality uncertainty is examined. For 

example, uncertainty levels are evaluated for different emergency storage of water 

in the tank, daily demand patterns between seasons, reaction order, and pipe 

groupings to determine their significances (Appendix A). 

• The study presents an approach to estimate wall decay coefficients using field 

concentration data for a hydraulically calibrated network. Study considers various 

field data collection conditions to estimate the coefficients. To the author’s 

knowledge this work is the first study that applies formal optimization algorithm 

to water quality model calibration, that considered a multiple parameter 
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calibration, and that examined the impact of data on calibration, the ability of to 

reduce the number of parameters, and addressed the amount of data needed to 

calibrate model.  

• To the author’s knowledge this is the first study that demonstrates a full water 

quality model calibration assessment within the water distribution system that 

includes estimation of wall decay parameters, estimation of uncertainties in the 

calibrated parameters, and the estimation of model prediction uncertainties. This 

study also considers a range of field conditions to evaluate the impact of data and 

system conditions on the quality of the calibration. Examples are presented for 

two larger networks and for different measurement errors.  

• The study presents a new methodology for locating satellite booster disinfectant 

within a distribution system so that disinfectant residuals are maintained and high 

disinfectant dosages at water sources are avoided. The formulation avoids long 

water quality simulations by adding constraints requiring the concentrations at the 

beginning and end of the design period to be the same. 

 

2.2 Future study 

 The future study on this area should be completed in the following areas: 

• To reduce computation times, alternative uncertainty analysis schemes should be 

compared to Monte Carlo Simulation (MCS). For example, the uncertainty 

estimates obtained by the MCS (Appendix A) should be compared with those 
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computed by other techniques, such as first-order second moment (FOSM), 

Rosenblueth’s and Harr’s methods and Latin hypercube simulation.  

• In Appendix A only one mid-sized branch network was considered. In addition, 

additional MCS analyses should be performed for other systems such as a 

looped system and varying demands operations.  

• The parameter estimation procedure can be extended to identify and control the 

accidental or planned contaminations from backflow events and terrorist attacks. 

• A new model can be set up to the effect of uncertainties on operation decisions 

considering both the pressure and water quality requirements. Model parameter 

uncertainties should be calculated (as is done in Appendix A) before working 

with uncertainty based optimization.  
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Analysis of Parameter Uncertainty on Water Quality in Distribution Systems 

 

M.F.K Pasha and K. Lansey1 

 

Abstract 

The effect of parameter uncertainty on water quality in a distribution system 

under steady and unsteady conditions is analyzed using Monte Carlo simulation (MCS).  

Sources of uncertainties for water quality include decay coefficients, pipe diameter and 

roughness, and nodal spatial and temporal demands. Results from the system analyzed 

suggest that water quality estimates are robust to individual parameter estimates but the 

total effect of multiple parameters can be important. The largest uncertainties occur when 

flow patterns are altered. The study also provides guidance on difficulties in model 

calibration. For example, the wall decay had the largest influence on model prediction for 

the system that was reviewed and is one of the most difficult to measure given its 

variability between pipes.  
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Introduction 

Since the passage of the Safe drinking Water Act (SDWA) of 1990, researchers 

have been motivated to work on water quality and system hydraulics issues in water 

distribution system design and operation.  Before 1990 water quality requirements were 

only imposed at the water source, thus, the primary concern of the water distribution 

system was systems hydraulics. Today, maintaining disinfection levels and pressure are 

equally important.  

Water distribution system modeling can be used as a basis of planning and 

operation decisions.  However, model accuracy and uncertainty will impact the model 

based decisions. Model prediction uncertainty results from uncertainty in model 

parameters that are determined through calibration or are based upon modeler judgment. 

Field data are used to calibrate the model. However, data collection to calibrate some 

parameters is expensive, difficult, and sometimes impossible. For example, although bulk 

decay coefficients are easy to measure, pipe wall decay coefficients cannot be measured 

directly and vary from pipe to pipe. Similarly, demand variability over time and space is 

almost impossible to measure. Likely, pipe related parameters such as diameter and 

roughness coefficient are the easiest to estimate using pressure data.   

Uncertainty in pressure head due to pipe roughness and nodal demands has been 

evaluated from the perspective of system reliability (Xu and Goulter (1998) and Bao and 

Mays (1990)). However, water quality within a distribution has not been studied. It is 

strongly affected by water quality model parameters, such as bulk and wall decay 

coefficients.  In addition, since transport is dominated by advection, hydraulic parameters 
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and conditions also impact water quality.  This is most clearly seen in the effects of tanks 

due to flows to and from the storage facility.  The hydraulic system representation will 

also affect the flow distribution and travel times within the system. Many modelers 

suggest that all pipe models are required to adequately represent the true flow patterns.  

To date, only anecdotal evidence through analysis of simple networks under deterministic 

conditions has been presented justifying this conclusion.  In any case as more pipes are 

introduced, more uncertain parameters must be defined or calibrated for those 

components.   

This paper examines the impact of alternative sources of uncertainty on water 

quality predictions by examining both steady and unsteady state conditions for a well-

documented mid-sized system. The objective is to study the effect of alternative uncertain 

parameters sets on uncertainty levels of water quality variables through Monte Carlo 

simulation (MCS). The evaluated input parameters are the decay coefficients, pipe 

roughnesses, pipe diameters, and nodal demands. Spatial and temporal nodal demand 

variabilities are also considered. The model output of interest is the nodal concentrations 

throughout the system.  Evaluating the MCS results will provide insights into the relative 

importance of the different model parameters and potential implications on model 

calibration and use. 

The relative impact of uncertain parameters will change with system conditions. 

For example, water is often stored in the tank to provide adequate pressure and for the 

emergency use at the expense of water quality deterioration. Thus, we examine the 

variability in delivered water as related to the amount of emergency storage. Similarly, 



 

 

64

daily demand patterns change between seasons. The reaction order and alternative pipe 

groupings on the uncertainty level are also evaluated to determine their significance. 

 

Background 

Uncertainty analysis has been applied to water distribution systems in attempts to 

quantify system reliability.  Wagner et al. (1988a) performed analytical reliability 

analysis for simple networks and stochastic simulation (MCS) for general systems 

(Wagner et al 1988b).  Wagner et al. only considered pipe breaks and pump outages as 

the random phenomena and found their effects on nodal pressure head. Wagner et al 

(1988b) summarized the three advantages of using simulation method over analytical 

methods as it can calculate a number of reliability measures, it allows the analysis of a 

system with complicated interactions and finally it allows detailed system modeling.  

Bao and Mays (1990) defined hydraulic reliability as the measure of performance 

of the water distribution system and mechanical reliability as the ability of the system 

components to provide continuing and long-term operation without frequent repairs.  

Based on those definitions, they completed a MCS study considering uncertainties of 

future demand, pressure head and pipe roughness and examined the impact of 

uncertainties on nodal reliability.  They also examined the sensitivity of reliability to 

various probability distributions of the uncertain variables.  

Xu and Goulter (1998) considered uncertainties in nodal demands, pipe roughness 

and reservoir/tank levels. Probability distribution functions were derived from a 

linearized hydraulic model and the nonlinearity is accounted by partitioning the demands 
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into a number of intervals. The overall reliability is then measured by combining the 

probability with the probabilities of different system configuration. A first order Taylor 

series expansion to nonlinear hydraulic model was applied to develop the linearized 

model. The model was verified by Monte Carlo Simulation and showed that the results 

from the linearized model were less accurate particularly when there is a large variability 

in the nodal demands. Water quality was not considered. 

 Sadiq et al. (2004) presented a risk analysis associated with water quality in the 

distribution systems. However, authors computed the risk based on the external sources 

that can deteriorate the water quality in the systems. The sources that are included to 

compute the risks are; intrusion of contaminants into the system (through connection) or 

permeation of organic compounds through plastic components, regrowth of bacteria in 

the systems including pipe and storage facilities, water treatment breakthrough; leaching 

of chemicals and the corrosion of systems components. The system parameters that are 

involved in deteriorating in-system water quality are not included in their study.  

Barkdoll and Didigam (2004) evaluated the impact of uncertain demands on 

pressure and water quality. They analyzed two relatively small networks for steady and 

unsteady conditions. Only demand was considered as uncertain. By the term demand they 

referred base demand. The fluctuations in the daily temporal demand factors were not 

considered.  

This paper extends Pasha and Lansey (2005) in which only steady conditions 

were studied. Given the range of information required to compute water quality, the full 

range of parameters should be considered and the relative impact of each parameter on 
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the model output.  With this information, modelers can begin to assess what data should 

be collected and the importance of acquiring data to make good estimates of the 

parameters.  The following sections summarize the hydraulic and water quality 

relationships to clearly show how model parameters fit within the model.  The MCS 

method is then presented followed by results for steady and unsteady systems.   

 

Systems Equations 

As seen in Figure 1, and discussed in the next section Monte Carlo simulation 

(MCS) is successive evaluations of the equations describing the system for alternative 

realizations of the system parameters.  In the case of a water distribution system, network 

hydraulics are described by conservation of mass and energy and water quality is based 

upon conservation of mass at a node and transport in a pipe. 

Hydraulics relationships.  Several formulations of conservation of mass and energy can 

be written for a water distribution system under steady conditions (Boulos et al, 2004).  

Here the pipe equation formulation is summarized.  For a junction that connects two or 

more pipes, conservation of mass is written as:  

i
Jl

l
Jl

l qQQ
outin

=− ∑∑
∈∈

         (1) 

where Ql are the pipe flows, iq  is the external demand or withdrawal, Jin,i and Jout,i are the 

set of pipes supplying and carrying flow from node i respectively.  

For pipe l that connects nodes A and B, conservation of energy is: 

lLBA hHH ,=−          (2) 
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where AH  and BH  are the total energy at nodes A and B, respectively, and lLh ,  is the 

head loss in pipe l.  The head loss can be estimated by a number of equations including 

the Darcy-Weisbach and Hazen-Williams equations.  The empirical Hazen-Williams 

equation is most widely used in the US for water distribution system analysis: 

87.4

852.1

D
L

C
QKh
HW

uL 







=         (3) 

where uK  is a unit constant, D, L, Q and HWC  are the diameter, length, flow and Hazen-

Williams roughness coefficient of the pipe.  In EPANET (2002), this set of nonlinear 

equations is iteratively solved by a Newton’s type method for the unknown H’s and Q’s.   

 

Water Quality Relationships. Four mechanisms are involved with fluid and constituent 

transport: advection, molecular and turbulent diffusion, and dispersion.  In most available 

models, dispersion is neglected since the flow velocities are normally high resulting in 

uniform velocity distributions. Molecular diffusion is very small compared to other 

transport mechanisms so it is neglected (Boulos et al, 2004).  Finally, turbulent diffusion 

does not affect longitudinal transport.  Therefore, advection, which is transport with the 

flow velocity, is the only transport mechanism.  Considering only advective transport, 

conservation of constituent mass can be written for as pipe in differential form as:  

)(Cr
x
CV

t
C

=
∂
∂

+
∂
∂          (4) 

where V is the flow velocity that is determined by solving the hydraulic equations. 
x
C
∂
∂  is 

the rate of change in concentrations between the inflow and outflow sections of a 
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differential section, 
t
C
∂
∂  is the rate of change of constituent concentration within the 

differential element and )(Cr is the reaction relation term. The general form of )(Cr  for 

a decay process is: 

1* )()( −−= cnCCCkCr         (5) 

where *C  is the limiting concentration, k  is the reaction constant and cn  is the reaction 

order.  Chlorine which can decay completely by a first order reaction (nc =1) is 

considered in this application so r(C) = kC.   

Decay reactions occur in the water with reacting substances present in the water 

and with material on the pipe wall. As a result the reaction constant k  is the summation 

of two coefficients, the bulk reaction coefficient, bk , and the wall reaction coefficient, 

wallk  or:  

wallb kkk +=           (6) 

Rossman et al (1994) reported that pipe wall coefficients are affected by three 

factors, the reactive ability of biofilm layer, the available wall area for reactions and the 

movement of water to the wall. The reactive nature of the wall material is measured by 

another coefficient wall reaction rate, wk . For first order reaction the wall decay 

coefficient wallk  can be written as (Rossman et al, 1994):  

( )fw

fw
wall kkabsR

kk
k

+
=

)(
2

        (7) 
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where fk is the mass transfer coefficient that is a function of the turbulence in the pipe 

that is measured by the Reynolds number, R is the pipe radius and abs is the absolute 

value operator. The transport equations (eqs. 4-7) can be solved by several methods.  

EPANET (Rossman, 2000) used the event driven method (Boulos et al, 2004). 

The above equations (1-7) show that the parameters: nodal demand, pipe 

diameter, pipe roughness and bulk and wall reaction coefficients all directly affect the 

nodal constituent levels. Reaction coefficients appear within the reaction relationship but 

wall decay is influenced by the degree of turbulence that is related to hydraulic conditions 

(Rossman, 2000). Thus the hydraulic parameters (C, D and q) indirectly affect constituent 

decay as well as flow velocities that dominate constituent transport. 

 

Methodology 

Monte Carlo simulation consists of five distinct steps (Figure 1). The first step is 

to generate sets random numbers for each parameter set. Defining parameters’ values 

based on the random numbers and parameter probability distributions is the second step. 

Next hydraulic and water quality simulations are completed and finally statistics of 

disinfectants level are computed for node of interest.  These steps are repeated until the 

statistics of the output converge to unique values (Step 5).  EPANET (Rossman, 2000) is 

used to model system hydraulics and water quality.    

Generating random parameters (Steps 1 and 2). For a given realization, parameters 

values are determined based on the probability distribution of the random variable. Due 

to lack of evident literature pipe roughness, bulk decay and wall decay coefficients, and 
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nodal demands are assumed to follow the normal distribution since these parameters can 

vary either way (positive and negative) with its mean. The coefficient of variation for 

these parameter used is 0.1. For the unsteady condition, pipe roughness values were 

limited to 25 units above or below the mean or a maximum and minimum of 140 and 80, 

respectively (thus the distribution is truncated normal). No pipe roughness bounds were 

applied for the steady condition. The total generated demand was limited to be within 5% 

of the total base mean demand.  Pipe diameters are assumed to follow uniform 

distributions with a range from the nominal diameter of 12.7 mm (0.5 inches). The range 

in which a diameter can vary is so very small (12.7 mm). Thus, uniform distribution and 

log normal distribution produce same results. Therefore, uniform distribution is adopted 

since it is computationally easy. The average demand pattern and the nodal demands 

were also uncertain as described in the applications. Since no information is available on 

potential relationships, all parameters are assumed to be uncorrelated. 

For each realization, a set of random numbers are generated in the range of 0-1.  

The parameter values are then computed based upon the assumed distribution.  For a 

uniform distribution, the parameter, Puniform, is found by: 

lllluluniform PPPrndP +−= )(         (8) 

where Pul and Pll are the upper and lower bound of the parameter and rnd is a generated 

random number.  Normally distributed parameters values are determined by: 

ZP newnormal *σµ +=          (9) 

where µ and σ are the mean and standard deviation of the parameter and Z is the standard 

normal deviate that is found using the approximation(Handbook  ???, I’ll put later): 
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−=          (10) 

where     .. b ;.b  ;.a ;a 0448109922902706102.30753 2110 ====  t is found from the random 

number by: 

2
1

rnd
lnt =     where 0<rnd<0.5       (11) 

If the generated rnd is greater than 0.5, then rnd = 1-rnd.   

Computing model variable statistics (Steps 3 - 5).  As noted earlier, EPANET is used to 

compute the pressure head and water quality for each realization of random input. The 

link between the random parameter generation and EPANET is completed using the 

EPANET Toolkit (USEPA, 2002)) which is also used to extract the model results.  The 

mean and standard deviation of the output variables are computed as the MCS progresses.   

The process is repeated for a defined number of realizations or until the output statistics 

converge. 

 

Steady State Conditions 

Application Network. The network that is analyzed in this study is network, NET2A 

from the EPANET User’s manual (2002), (Figure 2) that consists of 40 pipes, 36 nodes, 

one reservoir (node 36) and one source (node 1).  For the steady state analysis, the 

reservoir and source levels were held constant as was the source concentration.  The 

hydraulic time step, quality time step and pattern time step were 1:00, 0:05 and 1:00 

hours, respectively. Chlorine is the disinfectant assuming a first order reaction with kbulk = 

-0.5 and kw = -0.4 for the steady case. All pipe and base demand data was taken directly 
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from the EPANET manual. The nodal concentrations were examined at three locations in 

the system (nodes, 11, 24, and 34 (Figure 2)) at hour 72. The three locations are intended 

to examine the effects of travel time from the source.  At hour 72, the average water ages 

for nodes 11, 24, and 34 were 4.2, 7.4 and 42.3 hrs, respectively. These values are close 

to the travel times to those locations.  A longer simulation period was used to ensure 

steady conditions were found for all locations. The input concentrations at source and 

reservoir were 1.0 mg/l and 0.5 mg/l respectively.  Plots of the mean and standard 

deviation (not presented) show that convergence occurs relatively quickly but to ensure 

convergence 10,000 realizations were conducted in each experiment (Figure 3).   

 The effect of each parameter set was examined in a set of five experiments by 

fixing one parameter per experiment, allowing all others to be uncertain and completing a 

MCS. These results were compared with an experiment with all parameters considered as 

uncertain.  Results are depicted as node numbers by Box and Whisker plots (Figure 4a, 

b). Five values are shown for each parameter. The maximum value and minimum values 

shown by the line are the ninety-fifth and fifth percentile values, respectively. The upper 

and lower edges of the box represent the mean value plus one standard deviation and 

mean value minus one standard deviation and the center of the box is the mean value. 

The effect of each parameter can be assessed from the relative length of the box and 

whisker.  

Another set of experiments was completed with only one parameter being 

uncertain. A MCS is unnecessary for the decay coefficients as they are single values but 

for ease of programming they were completed.  Box and Whisker plots are shown for 
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these experiments in Figures 4c, d and 4e, f.  Note that the scale on all figures is the same 

but a different range of concentrations is covered depending upon the node.  

The global wall decay coefficient has the most effect on concentrations at nodes 

11 and 24.  The standard deviation (box length) is the smallest when that parameter was 

considered as certain. Similarly, at nodes 11 and 24 when only one parameter the global 

wall coefficient being uncertain the range of concentrations was the largest.  Node 11 is 

reasonably close to the pump station so it is only affected by the flow from that source 

and flow conditions over that distance.  Other factors make smaller contributions to the 

overall uncertainty (s11 = 0.02 mg/l. C.V. = -0.03) when all parameters are uncertain. 

Given the short travel times bulk decay has little impact.  The system flows are uncertain 

but their variability due to demand is not significant.   

Node 24 is in the middle of the system and receives a mixture of flows from the 

source and the tank.  When all uncertain parameters are included, the magnitude of the 

water quality uncertainty is highest at this location compared to node 11 and 34 (Figures 

4c, d).  The wall coefficient and demand make the largest contributions to the node’s 

uncertainty.  Decay due to wall interactions is larger than node 11 as a result of the longer 

travel distance.  Demand changes alter the flow pattern and the source of waters passing 

through this node.  The chlorine concentrations of water from the source after decay are 

much less than the water from the nearby reservoir causing more variability in the 

concentrations at this location. 

Node 34 is in the distant portion of the system and has a significant water age and 

the lowest chlorine concentrations (mean = 0.19 mg/l). The standard deviation for node 
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34’s concentration is about 0.02 mg/l when all uncertain parameters are considered 

(Figures 4e, f) but, more significantly, the coefficient of variation is 0.11 since the 

concentration is low.  In the upper portion of this system, the pipe velocities are very 

small and the Reynolds’ numbers indicate laminar flow conditions.  The decay in the path 

to node 34 is dominated by bulk reactions as seen in Figures 4e, f demonstrating that bulk 

decay is the largest contributor to the uncertainty.   

 

Unsteady Conditions 

To examine the effect of temporal flow conditions, the Brushy Plains system 

above was modified to model an extended period.  As shown in Figure 2, the reservoir 

was changed to a tank. Three identical pumps at the source were represented with the 

design point option with Qdesign and Hdesign equal to 31.8 m3/h (8.83 l/s) and 85.3 m, 

respectively. Pumps were operated using a control policy based on the tank level with 

three rules: less than 3.1 meters of water in the tank turn on all three pumps, exceed 4.57 

meters level turn off one pump and exceed 7.62 meters level turn off all pumps. 

The source water level and its concentration were held constant at 0 m and 3 mg/l, 

respectively.  The 24 hour average demand pattern listed in the second column of Table 2 

(base condition) was repeated for a 480 hour simulation period.  A cyclical steady state 

quality and quantity pattern was reached before 480 hrs but extra time was added to allow 

for variability with changing parameters. The same hydraulic time step, quality time step 

and pattern time step were used in the EPS as in the steady state analysis. Both the decay 
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coefficients were changed to -0.3/day. Nodal concentrations were examined at three 

locations in the system (nodes, 11, 24, and 34) from hours 456 to 480 (12 am to 12 am).  

As for the steady state, MCS runs were completed (1) holding one parameter 

constant and allowing others to be uncertain and (2) varying one parameter with others 

remaining fixed. Only results for the first case are shown here. The Monte Carlo 

simulation was terminated if the change of standard deviation of concentration did not 

exceed 0.0001 mg/l in 250 realizations or the 9000 realizations were evaluated.  

Base demand is the average demand over a day at a particular node. Since this 

pattern is not fixed, the base demand factor (Table 2) is multiplied by a temporal demand 

factor to compute the demand at a particular time during the day.  These 24 demand 

multipliers, one for each hour, are defined here as the temporal demand factors. Given the 

variation in demands, demand uncertainty is higher during the higher demand periods 

(e.g. morning and evening) and lower in the off peak time (e.g. midnight and noon).   

The adjusted base demand is a system-wide average.  Localized demands may 

vary between nodes.  Therefore, nodal demand factors are introduced to add the 

variability between nodes during each time period.  One nodal demand factor is generated 

for each node for each time period.  The final nodal demand at node j and time t, qt,j,  is 

computed by: 

jtjj,tj,t qbDFNFTFq =         (12) 

where qbj is the base demand for node j, DFt is the base demand multiplier for time t 

from Table 2, NFj is the random nodal demand factor for node j, and TFt,j is the random 
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temporal demand factor for time t and node j.  Since we are unaware of the correlation 

between nodal demands, all demand factors are assumed to be independent. 

All MCS runs were completed using input coefficients of variation of 0.1 for both 

demand factors, the pipe roughness and decay coefficients.  The range for the pipe 

diameters was assumed to be 1.3 cm (0.5 inches).  Results for nodes 11, 24 and 34 are 

discussed below.  

 

Node 11. The average concentration over the 24 hour cyclical demand period for node 11 

is shown in Figure 6a.  The concentration at node 11 is highest during the early evening 

and falls until mid-afternoon. Node 11’s demand is always provided by flow from the 

source (pump station). The velocities (not shown) in pipe 11 and other pipe’s located 

between the source and node 11 are lowest between 2 am to 3 pm.  This water reaches 

node 11 from 3 am to 4 pm resulting in the lower average concentrations compared to the 

remainder of the day due to the longer travel times.  High concentrations result during the 

remainder of day due to higher velocities and shorter travel times. 

Standard deviations of chlorine concentration for different uncertain parameters 

are shown in Figure 6b. The overall variability is small at this node except during several 

spikes. Two spikes are observed: at 3 am and at 4 pm. As noted, chlorine decay is closely 

related to travel time. In a constant diameter pipe, velocity increases directly with flow 

rate. Therefore, during high flow periods chlorine decay is low. On the other hand, if 

flow is small decay is high. Around 2 am and 3 pm, the source pump operations are 

changed. At 2 pm one of the 3 operating pumps is turned off and flow from the pump 
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station decreases. This pump is turned back on at 3 pm and the pump station flow 

increases. These pump switches are reflected in the concentration in concentration 

changes at 3 am and 4 pm (Figure 6a). Small demand changes can cause the pump 

switching to occur slightly before or after the noted times causing more variability around 

those times. The demand uncertainties contributions to overall chlorine concentration 

uncertainty are quite small during the remainder of the day. 

Except for the uncertainty spikes due to demand, the global wall decay coefficient 

appears to have the largest contribution to node 11’s concentration uncertainty. The 

uncertainty pattern due to bulk decay coefficient is similar to, but slightly lower than, the 

global wall decay coefficient. In the turbulent flow in pipe’s supplying node 11, the 

global wall decay coefficient is larger and has more impact than the bulk decay 

coefficient.  A visual test indicates that the distribution of the concentration at 9 am 

followed a normal distribution with slight deviations at the extremes (not shown). 

Pipe diameter and roughness are the least significant parameters for this node. 

Although diameter changes cause velocity and water age differences, these changes are 

apparently less than that caused by demand variability.  Pipe roughness alters turbulence 

levels and wall decay but to a lesser degree than the wall decay coefficient’s direct 

impact.   

Considering one parameter uncertain at a time the standard deviation and 

coefficient of variation are as high as 0.03 and 0.015 respectively excluding the spikes. 

The uncertainty is largest (standard deviations in the range of 0.04 mg/l) when all the 

parameters are considered as uncertain (Figure 6b). 
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Node 24. The temporal pattern of flow to and from the tank is shown in Figure 7a. Water 

flows from the tank into the network from 6 am to 3 pm and 4 pm to 7 pm and the tank 

fills during the remainder of the day water. Average concentration over time at node 24 is 

shown in Figure 7b. From 8 am to 9 pm the average concentration is around 0.8 mg/l. 

During the remainder of the day the concentration level varies between 2.15 mg/l and 

2.5mg/l. The abrupt concentration changes occur when the tank flow pattern changes. 

Water coming from tank is older and has lower concentrations than flow coming directly 

from the source. Node 24 is located very close to the tank so the concentration responds 

nearly immediately to tank flow changes. 

Figure 7c shows that the standard deviation in chlorine concentration at node 24 

has peaks at 7 am, 4 pm and 9 pm resulting from variabilities in nodal demand and 

temporal demand factors. The peaks in the standard deviation occur when demand 

changes cause the tank flow patterns to change. Thus, the peaks correspond to periods 

when tank flows are near zero (Figure 7a). Water quality in the tank during draining 

periods is below 1 mg/l while the concentration when flow is being supplied from the 

source is over 2 mg/l (Figure 7b). Thus, during the noted periods, the source and its 

concentration are quite different and the demand changes cause the source of water to 

change and variability (standard deviation) to increase.  

The relative impact of the different patterns is shown at a finer scale in Figure 7d. 

The most striking result is the relative uncertainty of the output to individual parameters 

except during the flow transition periods. The standard deviation of the chlorine 

concentration is less than 0.035 mg/l for all parameters. Thus, the coefficient of variation 
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(CV) of the output is at most 0.035 while the input coefficients of variation were all 0.1. 

This result demonstrates the robustness of this system to input uncertainty during normal 

operations. The total effect of the set of parameters, however, can be more substantial. 

When all uncertain parameters are considered simultaneously, the water quality standard 

deviation increases to between 0.05 mg/l and 0.02 mg/l during the non-transition period 

and up to 0.55 mg/l during transition periods.   

Focusing on individual parameters, the wall decay coefficient generally has the 

largest effect exclusive of the short flow reversal periods and follows a temporal pattern 

similar to the concentration (Figure 7b). Although the highest standard deviation varies, 

the coefficients of variation are relatively constant and near 0.015. The wall coefficient is 

more significant than the bulk coefficient between the hours of 10 pm and 6 am since the 

flow is provided by the source at relatively high velocities. The remainder of the 

parameters had very little influence on concentration variability including the demand 

terms during the periods of well defined flow from the tank. The order of importance in 

this unsteady analysis (global wall decay coefficient, nodal demand and temporal demand 

factors, and bulk decay coefficient) was identical to the most significant contributors to 

uncertainty at node 24 for the steady state conditions (Figure 7c).  

 

Node 34. Flow reaching Node 34 has the longest travel time in the system. On average, 

during the midday water is supplied to node 34 directly from the pump station with high 

chlorine concentrations. During the remainder of the day water reaching node 34 has 

been stored in the tank prior to delivery and has lower concentrations (Figure 8a).  
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Flow reaching node 34 passes through node 24 (Figure 7b). The two 

concentration levels at node 24 correspond to the tank supply (low values) and direct 

source supply (high values).  On average, this pattern is slightly compressed when it 

reaches node 34 (Figure 8a) due to the demand variations.  The 10 hour elevated period at 

node 24 (Figure 7b) is reduced to 5 hours due to the higher daylight hour demands 

(Figure 8a).  In addition, the pattern is delayed about 36 hours as a result of very low 

velocities in pipes between nodes 24 and 34.  This travel times accounts for the decreased 

concentrations.  

The standard deviation and coefficient of variation for different individual 

parameters during the evening and night-time hours are as high as 0.055 and 0.16, 

respectively (Figure 8b). Uncertainties are elevated from about 6 am to 6pm due to 

changes in hydraulic conditions and the water source (i.e., stored in tank or supplied 

directly from the source) rather than changes in water quality during travel.  This 

hypothesis was confirmed by introducing a setpoint booster at the tank outlet with a 

concentration of 2.4 mg/l and repeating the MCS. In this case, the standard deviations 

remained less than 0.06 mg/l.   

A number of interesting results are identified in Figure 8b.  First, the uncertainty 

at node 34 is consistently higher than both nodes 11 and 24 due to the larger decrease in 

chlorine in flow reaching that node.  Second, at times the uncertainty when all factors are 

considered is less than the uncertainty when a single parameter is evaluated. Thus, the 

factors are compensating on their impact on the concentration. Third, the nodal demand 

and the temporal demand factor uncertainties always had the highest impact.  This factor 
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is likely due to its direct relationship to the travel time.  Fourth, unlike nodes 11 and 24 

the uncertainty caused by wall decay is smaller than that for bulk decay.  Since the 

velocities in pipes downstream of node 24 are very small, wall decay is reduced. Next, 

the uncertainty peaks caused by roughness and diameter are not coincident in time. It is 

hypothesized that this is due to the more direct effect of diameter on pipe velocities while 

the roughness is less direct as it alters the network flow pattern.  Finally, plotting the 

MCS results for midnight on normal distribution paper showed that up to about the 95 

percentile the values appear to follow a normal distribution. Up to this level, the 

concentration indicates that water was supplied directly from the source.  However, a 

distinct change in the distribution occurs above that limit due to water reaching the node 

that was stored in the tank.    

 

Sensitivity analysis 

Parameter uncertainty level 

MCS runs for different input coefficient of variations (CV) for all parameters 

were completed to examine the relationship between the input and output uncertainty 

levels. The output CV for nodes 11, 24 and 34 were examined at six different times 

during the day (results not shown). As expected, the output variability increases with 

input variability (CV) for all the nodes and at all times (Figures 9).  The output variability 

due to global wall and bulk decay coefficients increases faster than linearly while nodal 

demand and temporal demand factor linearly affects the output CV and at a slower rate 

except during the peaks uncertainty periods. The temporal demand factor uncertainty 
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impact decreases at higher uncertainty levels suggesting a more stable tank/pump supply 

condition while the nodal demand factor impact becomes more pronounce. Changes due 

to pipe diameter and roughness have insignificant changes in the output variability. Full 

display of results can be found in Pasha (2005). 

 

Effect of emergency storage volume 

Uncertainties in chlorine concentration were compared for three pump control 

policies. More importantly, the policies change the emergency tank storage. Each policy 

consists of three pumping control rules; below a minimum level turn on all three pumps, 

exceed a mid-tank level turn off one pump and exceed a maximum level turn off all 

pumps. The low storage policy control rules changed pump operations as 1.5, 3.1, and 4.6 

meters of water in the tank, respectively. The tank levels for changing pump operations 

for medium and high storage conditions were 3.1, 4.6, and 6.1 meters and 4.6, 6.1, and 

7.6 meters, respectively.  

Uncertainties at the nodes that are provided water by the tank for a longer time are 

affected by the changes in the tanks’ storage. The average daily standard deviation 

(excluding periods impacted by flow changes) changes with the storage volume for all 

the parameters at downstream nodes (Table 3). Higher tank storage volumes increase 

uncertainties (standard deviations) at the downstream nodes 24 and 34 for all the 

parameters except the decay coefficients. On the other hand, uncertainties due to the 

decay coefficients (both the global wall and bulk decay coefficients) decrease when tank 

storage volume increases (Table 3). However, mean concentrations decrease with higher 
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storage and longer retention times.  Thus, the relative uncertainty as represented by the 

coefficient of variation (CV) increases as a result of uncertainty in the decay coefficients. 

Variation in the uncertainties at nodes where the tank does not provide water (or tank 

provides water for a shorter time) is negligible (e.g. node 11).  

 

Effect of demand pattern 

 Since demand factors had the largest influence on the output uncertainty, MCS 

were completed for three other demand patterns.  The magnitude of the total demand was 

increased and decreased by 10% in patterns 1 and 2, respectively. The third pattern 

increased the demand by 10% and increased the 8 am and 6 pm peaks by an additional 

25% representing a more summer like condition.  The magnitude of the output 

uncertainties did not change for any of the three patterns.   

While the temporal pattern of standard deviations for node 11 did not change, the 

time distribution of chlorine concentration standard deviations for nodes 24 and 34 were 

altered (Figure 10a and 10b).  Since the temporal demand patterns had similar shapes as 

for the base condition, the timing of demand and temporal demand factors uncertainties 

were unchanged. However, the peaks associated with pipe roughness and diameter were 

shifted in time.  Like the base condition, these peaks are caused by changes in water 

source. 

 

 

 



 

 

84

Effect of pipe groupings 

Pipe groups are defined as sets of pipes having a common roughness coefficient.  

During the MCS, random pipe parameters are generated for each group. The base 

condition used 39 pipe groups or one group for each pipe.  MCS were completed for 1 to 

39 pipe groups for one combination of pipes for each number of pipe groups. Results 

were similar to the base condition for all cases (Table 4).  As the number of groups 

increased above 10, the average water quality standard for nodes supplied directly from 

the pump (i.e., water not stored in the tank) increased only by about 2.0% when all 

parameters were considered uncertain but primarily influence by uncertainty in roughness 

coefficients and wall decay factor.  Nodes supplied through the tank were not 

significantly influenced by changes in the number of pipe groups.  Thus, under these 

normal operations for this system, the lumping of system parameters appears to be 

acceptable since it does not significantly model results. 

 

Effect of reaction order 

The base condition assumed the disinfectant followed 1st order reactions for both 

the wall and bulk decay.  MCS analyses were also completed for the combination of a 2nd 

order bulk decay reaction for bulk decay and a 1st order reaction for wall decay. The same 

decay coefficients (0.3/day) were used in both cases. Higher order relationships have 

more rapid decay just after chlorination. Both decay relationships are relatively flat after 

some time.  Thus, more variability due to the bulk decay coefficient is observed at nodes 

11 and 24 with the second order relationship since water reaches those nodes soon after 
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treatment and second order decay is more sensitive to its decay coefficient. The standard 

deviations for node 34 are actually smaller for the second order relationship compared to 

first order decay (Table 5).  This is likely due to the relatively slow decay after long 

travel times. Except for the bulk decay coefficient, other parameters have similar effects 

in both conditions. 

 

Effect of skeletonization 

The Brushy Plains representation used thus far is a skeletonized system with a 

number of pipes removed.  The effect of skeletonization is examined by completing the 

base analysis for the fully looped system (Figure 11) that contains 88 nodes and 100 

pipes. Similar locations were studied as in the skeletonized network. In the looped 

system, travel times increased causing a decrease in the mean nodal concentrations 

compared to the skeletonized network. In general, the standard deviations and coefficient 

variations of the concentrations due to all parameters were also slightly lower for the 

looped system. The relative impact of the uncertain parameters followed the same order 

in both networks.  However two noticeable effects were observed. The wall decay 

coefficient at the node 11 location had higher uncertainty in the looped system than in the 

skeletonized network and timing of the uncertainty peaks at node 34 were shifted ahead 

about 4 hours ahead (not shown).   
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Normality test 

In addition to all of the above sensitivity tests, some plots are performed to test 

the distribution of the output concentrations. All of the parameters were assumed to be 

normally distributed except diameter which was assumed uniformly distributed. The 

purpose of this plot is to check how the output concentrations behave for normally 

distributed uncertain parameters.  

Normality plots of output concentrations are drawn for different input parameters 

(Figures 12) and it is found that the concentrations are normally distributed for a 

probability at least between 0.01 and 0.95. Some of the parameters were assumed 

truncated normally distributed i.e., if the parameters take fixed values beyond the limits. 

Therefore, for the extreme probability the parameters take fixed values and as a result 

probably the concentration distribution at the extreme probability does not follow the 

normal distribution. This observation is pronounced specially when only one parameter 

was considered uncertain. However, when all of the parameters were considered 

uncertain, the concentration shows normally distributed for even very high probability 

such as 0.997.   

 

Discussion 

 The most salient result from this analysis is the relatively small uncertainty in 

water quality as a result of the model input uncertainty during much of the day at most 

locations.  Changes in supply result in significant variability but parameter uncertainties 

do not have a tremendous impact.  For a system operator or administrator, this result is 
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promising.  If the model is generally robust under normal operations, the delivered water 

quality is likely maintained under those conditions.  As systems move to optimizing 

operations to maintain water quality, an MCS analysis such as this, would be useful to 

ensure standards will be met.  In addition, this result should be documented to test if it is 

consistent across networks.  To that end, a study on a highly looped system would be 

useful to provide a comparison on the other extreme of network configurations.   

In addition, the limited variability is promising for detection of contaminant 

intrusions. Contamination events are detected as deviations from average conditions. 

Since water quality is a relatively stable, excursions from those conditions are likely 

indicative of an outside influence and relatively small changes can be identified.  During 

mixed supply periods, confidence levels would have to be increased or additional logic 

could be incorporated to provide information on the system operations (i.e., the tank 

empty/fill condition).   

 Although stable model results are useful for some purposes, they pose difficulties 

in water quality model calibration and potentially predictions under extreme conditions. 

A water quality model requires two sets of model parameters; hydraulic and water 

quality.  Hydraulic parameters include pipe diameters and roughnesses and nodal 

demands.  Distributed demands are difficult to ascertain and are typically generated from 

experience and judgment. Pipe parameters can be estimated and improved from pressure 

test data. These inputs in a hydraulic simulation give water velocities and travel times 

that drive water quality. All of these parameters can be improved with tracer tests that 

measure travel times. Tracer tests, however, are strongly influenced by the actual 
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demands occurring during the test.  For the system examined here, the demand influence 

on water quality is not significant but this may not translate to water age and travel time. 

Bulk decay coefficients can be determined off-line in jar tests.  However, wall 

decay must be calibrated with field data.  The relatively limited variability of water 

quality to model parameters presents a difficult problem.  It suggests that a reasonable 

range of parameter values (wall decay and others) will provide similar water quality.  

Thus, calibration for the wall decay parameter from field disinfectant measurements 

under average conditions will likely not provide its unique value.  This is acceptable for 

normal operations but may not be for extreme conditions or during studies to modify 

operations.  An inability to identify the true parameter value is particularly difficult in 

more complex water quality models that require multiple parameters to describe water 

quality transformations in a pipe.  Another use of water quality models is to examine 

water quality under new operation conditions or extreme conditions such as pipe breaks 

and pump failures. These conditions have been examined here to a very limited extent but 

deserve study in a similar vein.  Representing these conditions is a fuller test of model 

robustness. 

 Tracer tests with simultaneous water quality measurements are the best practical 

method for ascertaining in-system water quality parameters but demand estimates remain 

an issue. Given that these tests are completed under normal operations and the sensitivity 

to wall decay is not very significant, a wall decay estimate from a tracer study result is 

likely not very robust.  During hydraulic calibration, extreme conditions are introduced 
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through a hydrant test, no analogous long-term stress test has been proposed for water 

quality parameter estimation.  Research is in this direction appears necessary. 

 To summarize, if a model is calibrated for conditions like those normally 

occurring, model calibration will likely result in in-system parameters that are not robust 

(“large” uncertainties).  When modeling those typical conditions, this paper shows that 

the model results to those parameters will be robust and not vary over a wide range 

(except for changes resulting in system dynamics (tank/source operations)). However, the 

impact of less common conditions is unclear beyond some simple tests.  More study is 

needed on looped systems, failure conditions, growth changes, and alternative system 

operations that intend to minimize pumping costs or disinfection injections (possibly in 

conjunction with valving).  

  

Conclusions 

Monte Carlo simulation (MCS) was applied to a real system to study the effect of 

uncertain parameters on water quality predictions.  Steady and unsteady conditions were 

analyzed. The parameters considered are the bulk and global wall decay coefficients, pipe 

roughnesses and diameters, and nodal demands in the steady case and for unsteady case 

temporal demand factor in addition of the uncertain parameters is considered. The 

relative effect of a parameter is examined by fixing that parameter and taking all other 

parameters uncertain in a full MCS and comparing the results with an experiment with all 

parameters considered as uncertain.  
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Three primary conclusions were drawn from the results.  First, the relative impact 

for this system due to the uncertain input was small.  Second, from the steady and 

unsteady analyses the influence of decay coefficients tended to be the largest of all 

parameters.  Changes in flow conditions caused by demand variability caused elevated 

uncertainty levels but during consistent flow conditions the effect of demand uncertainty 

was low.  Third, the relative magnitude of the standard deviation of the model output was 

directly related to the distance from the source (under consistent flow conditions).  

Finally, for this system and the assumption of uncorrelated parameters, the impact of 

uncertainties were not additive and, in some cases, the output standard deviation for all 

parameters was less than the uncertainty for a single uncertain parameter suggesting 

compensation between inputs.    

A series of sensitivity analyses were completed and the following conclusions 

were reached. Although it promotes chlorine decay, as emergency storage was increased 

the relative uncertainty increased at downstream nodes.  Network skeletonization raises 

both the average concentrations and the standard deviation of the concentrations. The rate 

of change of the output variability was constant or increased with increasing parameter 

uncertainty levels.  Higher order decay relationships increase the output concentration 

variability near the source to a greater degree than at distant locations.  The impact of 

altering the demand pattern over the range considered or pipe groupings was small.   

The implications of uncertainties on modeling water quality are significant in 

terms of calibration and model application.  Determining a set of parameters that provide 

a match with field measurements is likely not very difficult as many sets will provide 
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similar results.  However, gaining confidence in a calibration may prove difficult due to 

the limited variability of the water quality under normal operation conditions.  

Reasonable parameters are likely reasonably robust for normal operations.  But, more 

extreme results may not be accurately predicted.  To begin to further assess these issues, 

additional uncertainty analyses should be completed considering correlations between 

demands, for travel times conditions, for more highly looped systems, and for highly 

stressed systems or under failure conditions.   
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Table A.1a. Statistics for uncertain parameters (steady state case) 
 

 Pipe 
Diameter, 

D 

Pipe 
Roughness, 

C 

Nodal 
Demand, 

Q 

Bulk Decay 
Coefficient, kb 

Wall Decay 
Coefficient, 

kw 
Mean Varies Varies Varies -0.5 (day-1) -0.4 (day-1) 

Standard 
Deviation or 

range 

0.5” Varies Varies 0.05 (day-1) 0.04 (day-1) 

Coefficient 
of Variation 

--- 0.1 0.1 0.1 0.1 

Probability 
Distribution 

Uniform Normal Normal Normal Normal 

 
 
 

Table A.1b. Statistics for uncertain parameters (unsteady state case) 
 

 Pipe 
Diameter, 

D 

Pipe 
Roughness, 

C 

Base 
Demand, 

q 

Demand 
factor 

qf 

Bulk Decay 
Coefficient, 

kb 

Wall Decay 
Coefficient, 

kw 
Mean Varies Varies Varies Varies -0.3 (day-1) -0.3 (day-1) 

Standard 
Deviation or 

range 

0.5” Varies Varies Varies 0.03 (day-1) 0.03 (day-1) 

Coefficient 
of Variation 

--- 0.1 0.1 0.1 0.1 0.1 

Probability 
Distribution 

Uniform Truncated 
Normal 

Truncated 
Normal 

Normal Normal Normal 
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Table A.2.  Temporal demand factors for different conditions 

 
Time Base condition 
12 am 0.5 
1 am 0.48 
2 am 0.45 
3 am 0.4 
4 am 0.46 
5 am 0.64 
6 am 0.85 
7 am 1.2 
8 am 1.37 
9 am 1.27 
10 am 1.16 
11 am 1.15 
12 pm 1.16 
1 pm 1.17 
2 pm 1.21 
3 pm 1.23 
4 pm 1.36 
5 pm 1.57 
6 pm 1.75 
7 pm 1.5 
8 pm 1.15 
9 pm 0.85 

10 pm 0.66 
11 pm 0.58 

 
 
 
Table A.3. Node 34’s average standard deviation (mg/l) for different tank storage 

volumes  
 

Conditions Diameter Roughness Demand Bulk 
decay 

Global wall 
decay 

Demand 
factor 

All 
parameters 

High Storage 0.019 0.022 0.074 0.038 0.018 0.026 0.070 
Medium Storage 0.012 0.016 0.057 0.041 0.019 0.024 0.059 

Low Storage 0.008 0.010 0.044 0.047 0.020 0.011 0.055 
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Table A.4. Daily average uncertainty (standard deviation in mg/l) at different pipe 

groupings 
 

Node 34 
Conditio

ns 
Diameter Roughness Demand Bulk 

decay 
Global 

wall decay 
Demand 

factor 
All 

parameters 
1 group 0.008 0.003 0.101 0.026 0.012 0.011 0.099 
2 groups 0.008 0.003 0.102 0.028 0.013 0.011 0.102 
4 groups 0.008 0.003 0.101 0.028 0.011 0.011 0.096 
10 groups 0.008 0.011 0.101 0.027 0.012 0.011 0.106 
39 groups 0.009 0.012 0.100 0.024 0.011 0.011 0.105 

Node 24 
1 group 0.003 0.002 0.010 0.008 0.022 0.007 0.027 
2 groups 0.003 0.002 0.010 0.009 0.025 0.007 0.027 
4 groups 0.003 0.002 0.010 0.009 0.022 0.007 0.026 
10 groups 0.003 0.002 0.010 0.008 0.022 0.007 0.028 
39 groups 0.003 0.005 0.010 0.008 0.021 0.006 0.028 

Node 11 
1 group 0.003 0.002 0.008 0.010 0.030 0.004 0.032 
2 groups 0.003 0.002 0.008 0.011 0.033 0.004 0.032 
4 groups 0.003 0.002 0.008 0.012 0.029 0.004 0.031 
10 groups 0.003 0.001 0.008 0.011 0.030 0.004 0.033 
39 groups 0.003 0.005 0.008 0.010 0.028 0.004 0.033 

 
 
 
 

Table A.5. Average standard deviation (mg/l) resulting from different reaction 
orders1 

 
Node Condition Diameter Roughness Demand Bulk 

decay 
Global 

wall decay 
Demand 

factor 
All 

parameters 
11  1 0.003 0.005 0.008 0.010 0.028 0.004 0.033 
11  2 0.005 0.006 0.009 0.025 0.027 0.005 0.036 
24  1 0.003 0.005 0.010 0.008 0.021 0.006 0.028 
24  2 0.004 0.006 0.010 0.018 0.020 0.006 0.030 
34  1 0.009 0.012 0.100 0.024 0.011 0.011 0.105 
34  2 0.006 0.008 0.067 0.021 0.009 0.009 0.073 

1Condition 1 is both the coefficients are of 1st order. Condition 2 is bulk coefficient is of 2nd but wall decay 
coefficient is of 1st order.  
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Yes

No
Is convergence 
criteria satisfied?

Generate random numbers 

Assign values to each parameter based on 
random number and probability distribution 

Simulate hydraulic and water quality model  
(e.g. EPANET)

Collect nodal concentration at each node  
and calculate their mean and standard deviation  

Fig. A.1. Flowchart of MCS methodology 

Stop 
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Fig. A.2. Water distribution network NET2A for steady case.  For unsteady case 
reservoir is changed to a tank and three pumps are introduced at the source 
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Fig. A.3a. Mean concentration at different realization considering five parameters  
are uncertain at node 24 
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Fig. A.3b. Standard deviation of concentration at different realization considering  
five parameters are uncertain at node 24 
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Fig. A.4a. Box and whisker diagram for concentration at node 11 (all parameters 

are uncertain)  
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Fig. A.4b. Box and whisker diagram for concentration at node 11 
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Fig. A.4c. Box and whisker diagram for concentration at node 24 (all parameters are 
uncertain)  
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Fig. A.4d. Box and whisker diagram for concentration at node 24 
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Fig. A.4e. Box and whisker diagram for concentration at node 34 (all parameters 

are uncertain)  
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Fig. A.4f. Box and whisker diagram for concentration at node 34 

 
* Box and whisker diagram for concentration at different nodes showing mean (center of the box), standard 
deviation (mean plus/minus one standard deviation top and bottom of box), 95% and 5% confidence limit 
top and bottom of line for different sets of uncertain parameters (D = pipe diameter, C = pipe roughness, Q 
= nodal demand, Kb = global bulk decay coefficient, and Kw = global wall decay coefficient) 
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Fig. A.5. Daily average demand factor (qf ) 
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Fig. A.6a. Average concentration at node 11 for cyclical unsteady conditions 
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Fig. A.6b. Temporal pattern of standard deviation of concentration for different uncertain 

parameters at node 11 under cyclical unsteady conditions. NF and TF denote the nodal 
and temporal demand factors 
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Fig. A.7a. Temporal tank flow pattern (positive and negative values correspond to flow to 
and from the tank, respectively) 
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Fig. A.7b. Temporal pattern of average concentration at node 24 under cyclical unsteady 
conditions 
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Fig. A.7c. Temporal pattern of standard deviation of concentration for different uncertain 

parameters at node 24 under cyclical  unsteady conditions 
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Fig. A.7d. Detailed view of temporal pattern of standard deviation of concentration for 

different uncertain parameters at node 24 under cyclical unsteady conditions 
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Fig. A.8a. Temporal pattern of average concentration at node 34 under cyclical unsteady 
conditions 
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Fig. A.8b. Temporal pattern of standard deviation of concentration for different uncertain 
parameters at node 34 under cyclical unsteady conditions 
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Fig. A.9a. Typical output coefficient of variation (CV) and input CV relation for global 
wall decay coefficient (node 34) 

 

Fig. A.9b. Typical output coefficient of variation (CV) and input CV relation for bulk 
decay coefficient (node 34) 
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Fig. A.9c. Typical output coefficient of variation (CV) and input CV relation for demand 
(node 34) 

 

 

Fig. A.9d. Typical output coefficient of variation (CV) and input CV relation for 
temporal demand  factor (node 34) 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.025 0.1 0.15
Input CV

O
ut

pu
t C

V
12:00 am 4:00 am 8:00 am
12:00 pm 4:00 pm 8:00 pm

0.00

0.10

0.20

0.30

0.40

0.05 0.1 0.15

Input CV

O
ut

pu
t C

V

12:00 am 4:00 am 8:00 am 12:00 pm
4:00 pm 8:00 pm



 

 

110

0.00

0.05
0.10

0.15
0.20

0.25
0.30

0.35
0.40

0.45

12
am 2a
m

4a
m

6a
m

8a
m

10
am

12
pm 2p
m

4p
m

6p
m

8p
m

10
pm

12
am

Clock time

St
an

da
rd

 d
ev

ia
tio

n 
(m

g/
L

)

Diameter Roughness NF
Bulk coef Wall coef TF

 
 

Fig. A.10a. Temporal pattern of standard deviation of concentration for different 
uncertain parameters at node 34 under cyclical unsteady conditions for demand pattern 2 
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Fig. A.10b. Temporal pattern of standard deviation of concentration for different 
uncertain parameters at node 34 under cyclical unsteady conditions for demand pattern 3 
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Fig. A.12a. Normality plot of concentration at node 11 when all the parameters are 

uncertain 
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Fig. A.12b. Normality plot of concentration at node 11 when demand is only uncertain 

parameter 
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Fig. A.12c. Normality plot of concentration at node 11 when all the parameters are 
uncertain except demand 
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Water Quality Parameter Estimation for Water Distribution Systems 

M.F.K Pasha1 and K. Lansey2 

 

Abstract 

Wall decay coefficients vary between pipes and must be determined indirectly 

from field measured concentration data. A general calibration model for identifying these 

parameters is formulated here. The problem is solved using the SFLA optimization 

algorithm that is coupled with hydraulic and water quality simulation models using the 

EPANET Toolkit.  

The methodology is applied to two application networks to examine the 

robustness of the parameter estimation algorithm and to study the effects of the network 

flow conditions, data availability, model simplification, and measurement errors. To that 

end, different field conditions are considered including a network with or without tanks, 

altering disinfectant injection policies, changing measurement locations, and varying the 

number of wall decay coefficients.   

Results from conditions with exact data show that the solution approach is robust 

and consistently finds the true parameter values.  However, when the number of decay 

 

Keywords: 
Calibration, water quality model, water distribution, parameter estimation, wall decay 
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coefficients is increased, results suggest that the distribution and number of meter 

locations affects the identifiability of the model parameters. It is also noted that the 

parameter sensitivity is relatively small and related to the velocities in the network. 

Finally, isolated tracer data can supplement information from normal operating 

conditions to improve decay coefficient calibration but if sufficient data is available the 

incremental improvement may not be significant.  To confirm this result, model 

calibration must be extended to parameter and model prediction uncertainty.  

 
 
Introduction 

Water quality modeling has been advanced in terms of methodology and 

complexity.  Calibration of these models, however, has received little interest. A water 

quality model requires a calibrated hydraulic model, good nodal demand estimates, and 

water quality parameters. The parameters that affect water quality modeling are pipe 

diameter and roughness, nodal demand, wall and bulk decay coefficients. Pipe diameter 

and roughness can be calibrated to measured pressure data. Due to the lack of sufficient 

field data, nodal demands are usually assumed to be known although uncertainty in their 

estimates can have a significant impact on water quality estimates (Pasha and Lansey 

2006). The bulk decay coefficient is related to the organic content in the water and its 

reactivity. A single parameter is normally used for the entire network and can be 

estimated in off-line in laboratory jar tests (Boulos et al 2005). Wall decay coefficients 

vary between pipes and must be calibrated from water quality field data. Here, the focus 

is only on the identification of the wall decay coefficients using an optimization scheme. 
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Assuming demands are known, global wall decay coefficients can be estimated using 

water quality concentration data. Tracer studies or changes in injection rates provide 

changes in conditions that can supply information for parameter estimation.   

The objective of this paper is to present an approach to estimate wall decay 

coefficients using field concentration data for a hydrauically calibrated network and 

known demands. Applications are presented to examine the calibration of different 

networks with and without tanks, altering disinfectant injection policies, and changing 

measurement locations.  

 

Background 

 In the past, researchers in this area have focused on water distribution hydraulic 

model calibration. A range of optimization methods have been applied (Ormsbee 1989, 

Lansey and Basnet 1991, Todini 1999, Wu et al. 2000) to solve the calibration problem.  

Later, statistical methods have been applied to examine the quality of the calibration and 

parameter estimates (Uber and Bush 1998, Lansey et al. 2001 and Kapelan et al. 2005).   

Little work, however, has been conducted on water quality model calibration or 

the impact of those parameters. Boccelli et al (2004) conducted a network-wide dual-

tracer field-scale study and model calibration. They used observed data in a manual 

calibration process. No systemic approach was taken to estimate the distribution system 

parameters. Wall or bulk decay coefficients were not estimated in their study.  

Munavalli and Kumar (2003) developed an inverse approach to estimate reaction 

parameters in steady state distribution systems and later extended the model to dynamic 
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conditions (Munavalli and Kumar 2005). They applied a weighted least squares method 

to estimate, at most, three wall decay parameters for a constant source chlorine injection.  

Barkdoll and Didigam (2004) and Pasha and Lansey (2006) examined the impact 

of water quality parameters uncertainty on model estimates. Pasha and Lansey (2006) 

conducted Monte Carlo simulations (MCS) under steady and unsteady conditions 

considering pipe diameter, roughness and wall decay coefficients, and nodal demands as 

sources of uncertainty. The analysis showed that the wall decay coefficient has a large 

influence on water quality model predictions for the analyzed system.  

 This paper uses the shuffled frog leaping algorithm (SFLA) linked with hydraulic 

and water quality simulation models to determine the best fit wall decay coefficients. The 

next section describes the mathematical formulation of the parameter estimation problem 

and the solution approach. A series of examples are then presented for two networks 

under various operation and measurement conditions to explore the impact of the 

conditions on estimating the true wall decay coefficients. 

 

Problem Formulation 

 The water quality calibration model objective is to minimize the difference 

between the field measured concentrations and the simulated values by varying the wall 

decay coefficients (kw). Mathematically the problem can be stated as: 

Minimize ( )∑∑ −=
L

l
tltl

T

t

MCCCf 2
,,)( wk                                  (1) 
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subject to:  

GH(H, q) = 0           (2) 

GQ( q, CC) = 0  (3) 

kwlower≤ kw≤ kwupper (4) 

where CCl.t and MCl,t in Eq. 1 are the computed and measured concentrations at location l 

and time t. L is the number of measurement locations and T is the number of 

measurement times. H and q are the vectors of pressure and flow demands for all nodes 

and demand pattern. GH (Eq. 2) are conservation of energy and mass that describe the 

network’s flow distribution, q, and pressure heads, H. GQ (Eq. 3) are the water quality 

conservation relationships that are used to compute the nodal concentrations (CC) 

throughout the network over time. kw is the decision variable vector of wall decay 

coefficients for individual or groups of pipes, which has upper and lower bounds, kwupper 

and kwlower, respectively.  

 

Methodology 

The solution methodology links a stochastic search based optimization algorithm 

with a simulation model to avoid explicit including the hydraulic and water quality 

conservation equations as problem constraints.  This approach has been applied in 

numerous other water distribution optimization applications and elsewhere. EPANET 

version 2.0 (Rossman 2002) is used as the hydraulic and water quality simulation model. 

EPANET is linked using the Toolkit package (Rossman 2002) to the shuffled frog 

leaping algorithm (SFLA), a meta-heuristic search algorithm (Eusuff and Lansey 2003, 
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Eusuff et al. 2006). Since demand and pipe roughness coefficients are known, the flow 

distribution in the system is fixed and only the water quality component of EPANET is 

evaluated during the optimization process. 

As discussed earlier wall decay coefficients kw are the decision variables in the 

SFLA optimization algorithm. SFLA operates like most stochastic search algorithms. An 

initial population (in this case of frogs) is randomly generated. EPANET then simulates 

the water quality conditions and the objective function (Eq. 5) is then computed for each 

frog. New points (frogs) are then generated following the optimization procedure and 

another set of evaluations are completed.  This iterative process continues until a stopping 

criterion is reached. 

The population is partitioned into several parallel communities (memeplexes) that 

are permitted to evolve independently to search the space in different directions.  Within 

each memeplex, frogs are infected by other frogs’ ideas; hence they experience a 

memetic evolution. Memetic evolution improves the quality of the meme of an 

individual, and enhances the individual frog’s performance towards a goal.  

Within the memeplex, sub-memeplexes are created based on frogs’ performances. 

The sub-memeplex selection strategy is to give higher weights to frogs that have higher 

performance values and lower weights to those with poorer performance values. During 

the evolution, the frogs may change their memes using the information from the 

memeplex best or the best of the entire population.  

Incremental changes of memotype(s) correspond to leaping step size and new 

meme corresponds to the frog’s new position.  After a defined number of memetic 
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evolutions, the memeplexes are mixed and new memeplexes are formed through a 

shuffling process. Shuffling enhances the quality of the memes after being infected by 

frogs from different regions of the swamp. Migration of frogs (cross fertilization of 

ideas/designs) accelerates the searching procedure sharing their experience in the form of 

infection and it ensures that the evolution towards any particular interest is free from 

regional bias.    

As in all stochastic search algorithms, values for the optimization parameters 

affect convergence. In SFLA the parameters are the number of memeplexes (m), the 

number of frogs in a memeplex (n), the number of frogs in a sub-memeplex (q), the 

number of evolution or infection steps in a memeplex between two successive shuffling 

(N), and the maximum step size allowed during an evolutionary step (Smax).  

 

Application Networks 

 Two networks were calibrated using hypothetical data to demonstrate the efficacy 

of the approach and examine some issues related to water quality model parameter 

estimation. Experiments include the effects of storage tanks, measurement errors, 

injection patterns, and measurement locations.  

To demonstrate that the optimization algorithm can successfully determine the 

optimal parameters, data computed by the simulation model was used directly as the 

measured data for calibration. Various combinations of measurement locations and 

numbers of parameters were evaluated using the exact data.   
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Since field data is not exact, additional calibration runs were completed with 

corrupted data. Random errors were generated and added to the numerical model results 

assuming that the percentage errors were normally distributed within the probability of 

0.001 and 0.999. The maximum random error was 10% of the actual concentration.  For a 

normally distribution error one can write:  

Zx errorerrorerror σµ +=                (5) 

The maximum allowable error occurs at the probability level of 0.999 with Z equal to 

3.09.  Therefore, the standard deviation of the percentage error can be used to set the 

standard deviation of the percentage error by:  

0324.0
09.301.0

=
+=

+=

error

error

errorerrorerror

 
Zx

σ
σ
σµ

               (6) 

For each measured data value, a Z value was randomly generated, the 

corresponding xerror was calculated and the measured concentration was computed data 

with error by: 

)1( errorxCMMC +=                 (7) 

where CM  is the mean measured concentration that is computed by EPANET. 

 

Example 1 

The first network analyzed in this study is network Net2A from the EPANET 

User’s Manual (Rossman 2002) (Figure 1) that consists of 39 pipes, 34 nodes, one source 

(node 35) and one tank (node 36). All pipe and base demand data were taken directly 
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from the EPANET manual. The hydraulic time step, quality time step and pattern time 

step were 1:00, 0:05 and 1:00 hours, respectively. 

 Three identical pumps at the source were represented with the design point pump 

curve option with Qdesign and Hdesign equal to 31.8 m3/h (8.83 l/s) and 85.3 m, respectively. 

Pumps were operated using a control policy based on the tank level with three rules: less 

than 3.1 meters of water in the tank turn on all three pumps, exceed 4.57 meters level turn 

off one pump and exceed 7.62 meters level turn off all pumps. The 24 hour average 

demand pattern listed in Table 2 was repeated for a 96 hour simulation period.  

The source concentration was varied in three injection policies. Disinfectants 

were injected three ways; pulse injection (3 mg/l) for the first 3 hours, continuous 

injection (3 mg/l) over the simulation period, and pulse injection for the first 3 hours (3 

mg/l) simultaneously with the continuous injection (3 mg/l). The initial concentrations in 

all cases were assumed to be zero at all nodes.  

Three sets of problems were solved in terms of the number of wall decay 

coefficients (kw) that were used in the data generation and calibration. In the first set, one 

kw was used for all pipes to generate the measured data. In the second and third sets, three 

and six different kw were used (Table 3). For each number of kw’s, measurements were 

assumed to be available from three, six and nine locations (Table 4). Each kw was 

constrained to be within the range of 0 to -1.0. 

 The SFLA parameters values that are used to search the best wall decay 

coefficients for this network are: the number of memeplexes (m) = 50, the number of 

frogs in a memeplex (n) = 70, the number of frogs in a sub-memeplex (q) =5, the number 
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of evolution or infection steps in a memeplex between two successive shuffling (N) =10, 

and the maximum step size allowed during an evolutionary step (Smax) = 100%. 

Experiments were performed based on different field conditions (Table 1) and are 

described below with their outcomes.  

 

Experiment 1: Estimation of wall decay coefficients for the network without tank 

considering exact measurements 

This experiment includes all the field conditions described above without 

introducing measurement errors. One, three and six parameters were estimated for 

different measured data sets for all the three injection cases. The purpose of this 

experiment is to check whether the optimization algorithm can find the true parameters 

values at different field conditions and, more importantly, to evaluate the impact of 

different field conditions on the optimization algorithm.  

For efficiency and to insure the global optimal solution was found, the one 

parameter case for all experiments was solved by enumeration with its value varied by 

0.001 1/day.  Assuming a unimodal function, a direct search technique, such as the 

Golden section, would be more efficient but enumeration was used due to ease of 

programming.  

As seen in Table 5, the parameter estimation accuracy depends on the number 

parameters. Accuracy is defined here in terms of optimal objective values and the 

deviation of optimal parameters from their true values. The single and three parameter 

sets were determined exactly or nearly so for all data sets and injection patterns. 
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Parameter estimates became less precise for the six parameters case (Table 5) in terms of 

the estimated parameters and the optimal objective values. The parameter estimates 

appear to improve as the number of measurement locations increase but the parameters 

were never determined exactly. This suggests that, although a large set of data is 

available, they are highly correlated and do not provide sufficient data such that the 

system is not identifiable. Although the model parameters were not estimated exactly for 

the six parameter case, the objective function was quite small.  

The experiment results show that the optimization model runs for a long period 

with a very little change in the optimal values. Thus, the objective function surface may 

be quite flat making it very difficult to find the true solution. Figure 2 shows a contour 

surface for a two parameter case (two kw’s). The objective function contour within the 3.0 

is quite large covering a range of decay coefficients.  kw2 can take on values between -

0.15 to -0.55 while kw1 has a range of 0.25 and result in a objective function value less 

than 3.0. 

Experiment results show that it appears that sufficient data is available to uniquely 

estimate three parameters for all conditions; so later experiments (Table 1) were 

performed only for the three wall decay parameters using the data measured at six 

locations.  
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Experiment 2: Estimation of wall decay coefficients for the network with tank 

considering exact measurements  

 To verify that the optimization approach can find the true parameters values as 

well as to find the impact of tank on the nodal concentrations, an extension of previous 

experiment was completed. In this experiment, three parameters were estimated using 

exact data but rather than direct flow to users a tank is added to the system.  

When a tank is added, the result is a different lower concentration pattern and, 

when a disinfectant pulse is injected, a second small concentration response resulting 

from release from the tank after some storage time. The lower concentrations are due to 

tank storage and bulk decay.  Thus, the impact of wall decay on the measured 

concentration decreases compared to Experiment 1 and may make it difficult to 

accurately estimate these parameters. Data were collected at six locations for the three 

types of disinfectant injections. Parameters were estimated almost exactly for all of the 

injection patterns (Table 6).  

 

Experiment 3: Estimation of wall decay coefficients for the network without tank 

considering measurements errors 

The next set of test runs were completed after introducing measurement errors to 

the exact simulation results. The objective of this experiment is to find the impact of 

measurement errors on estimated parameters.  It is noted that the errors introduced in this 

example are likely smaller than one would expect in the field. This experiment considers 
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the three injection patterns and six measurement locations to estimate three wall decay 

coefficients. The network was simulated without the tank. 

The estimated parameters for the continuous injection and the combined 

pulse/continuous patterns are close to true values (Table 7). Although the objective value 

for pulse injection is lowest of the three sets (the lowest objective value in the case of 

pulse injection is expected since the concentration signal is mostly zero at all times and 

locations), the parameter values not equal to their actual values. The time series plot of 

the “measured” concentration and computed concentrations by the estimated parameters 

(Figure 3) shows that the time series are nearly identical. The limited number of non-zero 

data resulting from the pulse injection likely causes the small error, particularly given the 

flat response surface discussed earlier. The pulse only data may not be sufficient to 

uniquely determine the three parameters. This issue of identifiability has not been 

addressed in water distribution system hydraulic or quality calibration  

Concentrations computed by the estimated parameters are plotted in a time series 

with the measured concentrations for node 34 for both the continuous and the 

pulse/continuous injection patterns (Figures 4 and 5). In both cases, the computed 

concentration closely matches the measured concentration.   

 

Experiment 4: Estimation of wall decay coefficients for the network with tank 

considering measurements errors 

The tank was re-introduced in the network for this experiment to estimate the wall 

decay parameters using corrupted data measured at six and nine locations for the three 
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injections patterns. The experiment considered three and six parameters to observe the 

impact of number of parameters on the calibration process. 

For the three parameter case, the estimated parameters for all injection patterns 

are close to the true values. The estimated parameters for the pulse input are again the 

worst but slightly better than for Experiment 3 in terms of final objective function values 

i.e., without the tank when 6 measurement locations were considered. The small 

improvement may result from the additional data from the second pulse of chlorine 

resulting from water stored in the tank for some time (Figure 7).   

Three additional experiments were completed. The first one is to observe the 

impact of excess data on the estimation of three parameters. In this case, instead of six 

measurement locations, nine locations were used to collect the data. Results (Table 8) 

show that the accuracy level (objective function) and the estimated parameter estimates 

are similar with the six measurement location runs. Again, however, the response surface 

is very flat as indicated by the objective function value (Figure 6). The errors are much 

smaller than the measurement error that would be expected in the field.  Thus, if the 

parameter values were obtained using the available field data, a modeler would certainly 

accept them as correct.   

The second additional experiment increased the number of parameters to six and 

assumed that nine measurement locations were available rather than six in previous runs. 

As seen in Table 8, although the objective function values are similar to the objective 

values for other cases in Experiment 4, the calibrated parameters are quite different than 

their true values. Concentrations computed using the optimal parameters are plotted with 
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the measured data in Figures 7, 8, and 9.  For all injection patterns, the computed 

concentrations match the measured concentrations very closely.  

The third experiment examined the effect of reducing the time interval between 

measurements for the pulse injection conditions with and without the tank. Corrupted 

simulation data was provided at a 15 minute interval rather than 1 hour in earlier 

experiments. The optimal parameters obtained using the 15 minute measurement data 

were poorer than the 1 hour interval data (Table 9). 

 

Example 2 

The second network analyzed in this study is a real network consisting of 90 

nodes, one source, one tank, and 116 pipes (Figure 10). The hydraulic time step, quality 

time step and pattern time steps were the same as example 1 i.e., 1:00, 0:05 and 1:00 

hours, respectively. Five pumps were operated between nodes 3 and 4. The average flow 

velocities in this example are much faster than those in the previous example.  

Velocity histograms are plotted for five ranges. Most velocities fall in the range of 

1.0 to 5.0 ft/s in 73 pipes. Groups 1 (velocity between 0 to 0.5 ft/sec) and 5 (velocity 

between 5.0 to 11.0 ft/s) only contain 16 and 4 pipes, respectively (Figure 12). The lower 

velocities are found in the dead end pipes; and the higher velocities are found in the pipes 

close to the source. Since the average flow velocities in this example are much faster than 

that in the previous system, the disinfectant travel time is lower and a shorter simulation 

period can be used. The 24 hour average demand pattern listed in Table 2 was repeated 

for a 48 hour simulation period. The same optimization parameters values that were used 
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for Net2A are used here.  The upper and lower value of decision variable, kw, were 0 and 

-1.0, respectively.  

Unlike three different injection patterns in the previous example, only one 

injection pattern was tested; a pulse injection of 3 mg/l for the first 3 hours over a 

continuous injection of 3 mg/l. The initial concentrations were zero at all nodes. Four 

experiments were set up to examine different conditions.  

 

Experiment 5: Estimation of wall decay coefficients using exact measurements 

This experiment is set up to confirm that the optimization algorithm can find the 

true parameters for the networks given exact measurements. In the experiments, 1, 3, and 

6 parameters were estimated.  Recall that the one parameter case was solved by 

enumeration. Measurements were taken hourly at 14 locations over the 48 hour 

simulation period. Results in Table 10 show that optimization algorithm found the true 

parameter values for all cases. Although the true values of the six parameters were not 

identified for the example 1 (Net2A), they were found for this system due to the higher 

pipe velocities or the larger (684 measurements for this system versus 582 for Net2A) 

and more spatially distributed measurement data set.   

The objective function for combinations of two wall decay coefficients plane was 

plotted in Figure 13. Compared to the Net2A surface, the response is steeper likely 

making determining the true parameter values easier.  The steeper surface is likely 

correlated to the higher flow velocities (Figures 11 and 12).  
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Experiment 6: Estimation of wall decay coefficients using the measurements with error 

Measurement errors were introduced and the runs in Experiment 5 were repeated 

to observe how the measurement errors impact estimated parameters. Table 11 lists the 

results that show that the optimal parameters are close to true values except for the 

second kw in the six parameter model. This kw is assigned to the peripheral pipes that have 

a lower than average velocities (1.57 ft/sec) that likely causes the wall decay coefficient 

insensitivity.  In general, the optimal parameters are very close to their true values even 

after the addition of measurement errors since the maximum error is only 10% of the 

exact measurement.  

 

Experiment 7: Estimation of reduced numbers of wall decay coefficients.  

As seen in the network Net2A experiments, model complexity increases with the 

number of parameters.  However, as more parameters are introduced more data is 

required to estimate them. Thus, a basic modeling question is: can fewer parameters 

capture the same complexity as that represented by a larger number of parameters? To 

examine this question, one and three parameter models are calibrated to data from the six 

parameter system.  This analysis is a first step toward examining the model error 

introduced by model simplification.    

Measurement data were generated with six wall coefficients and the data were 

collected hourly at 14 locations for this experiment and random error measurements were 

introduced. As seen in Table 12, the optimal objective function for three parameters is 

very close to that for six parameters and could be seen as an acceptable representation for 
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the system. On the other hand, the one parameter representation performed much poorer. 

Thus, it appears that, in this system, three parameters can capture the complexity of six 

wall decay coefficients but reducing the parameter set to one introduces significant model 

representation error. This outcome is likely due to the relatively insensitivity of the 

parameters.  

 

Experiment 8: Identifying a measurement set that causes fewer parameters to capture 

the complexity provided by a larger parameter set 

Given that three parameters can reasonably represent the system, the issue is to 

identify a measurement set so that the three parameters can be estimated efficiently, in 

terms of calibration error, using the measurement data from six parameter model result. 

Three sets of measurement data were used based on the number of meter locations (7, 14 

and 21 locations).  The total error increases with the amount of data. Thus, the error is 

minimal for 7 location data while maximum for 21 location data. For a fair comparison 

the errors were normalized by dividing the optimal objective function values by the result 

from seven measurement locations. As seen in Table 13, the normalized errors for 7, 14 

and 21 locations data are 1, 1.823, and 2.625, respectively. Thus, the normalized error 

decreases as the number of measurements increases.  Since the magnitude of the 

measurements are not equal (although they are similar), a linear increase may not occur 

but the difference is significant and suggests that the data are correlated and the 

additional measurements do not provide significant information to alter the parameters. 
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Altering measurement conditions can also affect the quality of the parameter 

estimates. In all of the above experiments the tracer pulse was injected at first three hours 

beginning at 12 am. Since a primary decision in a tracer experiment is the injection 

timing, a final experiment is conducted to compare the model performance and parameter 

estimates if the pulse is injected over the continuous injection during the middle of the 

simulation (6 pm ). Hourly concentration data were collected at 14 locations to estimate 

three parameters. 

Result showed that in the case of exact data, the three parameters were determined 

exactly. However, when measurement errors were added, the estimated parameters were -

0.464, -0.403 and -0.303, respectively, which are close to their true values (-0.5, -0.4, -

0.3). The objective value is 5.42, which is higher than the objective value (4.29) for the 

pulse injected at 12 am. The nodal concentrations were larger for the 6 pm injection due 

to shorter travel times, so its measurement errors and optimal objective function were 

higher. Thus, with the maximum 10% error, it appears that the pulse injection timing 

does not significantly alter the calibration quality. The true test of the model, however, 

should be to examine the uncertainty of the parameters and predictions based on those 

parameters.  

 

Optimization issues 

In general, the stochastic search algorithm, SFLA, was successful in this 

application. The response surface appears to be generally smooth but very flat. As such, 

most optimization methods will likely have similar success and the choice is expected to 
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be based on a modeler’s preference. Methods, like SFLA, that move in descent directions 

would appear to be most suitable rather than random search techniques. The robustness of 

the algorithm was confirmed by the convergence to the true solution when given exact 

data in all but one case.  The single parameter model is efficiently solved by enumeration 

and SFLA found that result in all cases.   

The six parameter model for the Net2A network is the exception. Given this 

anomaly, a detailed analysis was completed with different initial solutions and different 

SFLA parameter values to attempt to find a better solution. However, after numerous 

trials the reported values are the best solution point found by SFLA.  The flat response 

surface results in solutions very close to the true values, perhaps small depressions 

causing local minimums appear with more parameters. In any case, the solutions are 

similar but not very close true values and likely data from different locations are needed 

to make the parameters identifiable.  

 Finally, the number of function evaluations required to achieve a reasonable 

optimum point (accuracy up to two decimal points) for the six parameter case takes an 

average of 8,000 to 10,000 function evaluations. On the other hand, the three parameters 

case only required 4,000 to 6,000 function evaluations on average.  

 

Conclusions 

A methodology has been presented to estimate the wall decay parameters of a 

water distribution system. A meta-heuristic search algorithm, SFLA, was coupled with 

the water quality and hydraulic simulation model to estimate the model parameters. 
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SFLA performed well in all cases. The experiments provided several insights and 

potential pitfalls in the calibration process. 

First, the issue of collecting sufficient data that is adequately spatially distribution 

to identify the parameters is particularly acute since water quality data may be correlated 

in time and space.  When one and three parameters were estimated given exact data, the 

true wall coefficients were determined for all disinfectant injection patterns. However, for 

six parameters, the optimal parameter estimates deviated from the true values for Net2A 

network even when data from 9 locations for 72 hours was available.  Six parameters 

may introduce so much model complexity that additional independent information is 

needed to properly capture the complexity of the system. In the second network, six 

parameters were exactly estimated using hourly data for 49 hours at 14 locations. 

The second insight is the variability of parameter sensitivity and potential impact 

on parameter estimation. Examining the relative sensitivities of objective functions shows 

that they tend to be fairly flat and a range of parameters give similar model predictions. 

Water quality changes in Net2A were quite small and, if multiple decay coefficients are 

to be estimated, it is difficult to capture the complexity. The average velocities in the 

pipes are higher in the second system that causes increases the wall decay parameter 

sensitivity. Other experiments show that due to the lack of sensitivity of the parameters, 

the complexity of the system can be captured with fewer than the actual number of field 

parameters if the number of measurement locations is sufficient. A benefit of low 

sensitivity is the potential of reducing model complexity by assuming many pipes have 
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the same wall decay coefficient as shown in Example 2.  A more rigorous study of the 

tradeoff between the model and parameter estimation errors should be conducted.  

The final insight is the impact of data collection conditions on parameter 

estimation that is connected with the idea of identifiability. As seen in the example 1 

experiments, the true parameter values for the three parameters can be obtained for the 

continuous and pulse/continuous injection patterns. However, when only a pulse injection 

is simulated, the estimated parameters deviated slightly from their true values. The pulse 

injection produces a concentration signal over a very short period of time so it has few 

non-zero measurements that provide calibration information. Evaluating parameter and 

model prediction uncertainty may provide guidance for designing field experiments. 

 Based on these results, additional studies are recommended in the following areas. 

Determination of the parameter identifiability is a major concern as more models are 

developed and practitioners design field collection experiments. Along these lines, the 

benefit of data collection on reducing parameter and model prediction uncertainties 

should be quantified.  Munavalli and Kumar (2005) performed an assessment of 

parameter uncertainty from a least squares analysis. This approach should be generalized 

and extended to model predictions.  This extension will then allow modelers to quantify 

the benefits of tracer tests on improving their models.  
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Table B.1. Different experiments based on different field conditions for a systemic 
estimation of kw (network Net2A) 

 
Measurement 

types 
Storage 

facility in 
the network 

Number 
of kw 

Disinfectants 
injection 
pattern 

Number of 
Measurement 

locations 

Experiments 
identification 

Pulse 3 6 9 
Cont. 3 6 9 

 
     1 

Pulse/Cont. 3 6 9 
Pulse 3 6 9 
Cont. 3 6 9 

     
    3 

Pulse/Cont. 3 6 9 
Pulse 3 6 9 
Cont. 3 6 9 

 
 
 
 

Without 
Tank 

     
    6 

Pulse/Cont. 3 6 9 

 
 
 
 
Experiment 1 
 
 

Pulse  6  
Cont.  6  

 
 
 
 
Exact data 
 
 

 
With tank 

    
    3 

Pulse/Cont.  6  

 
Experiment 2 

Pulse  6  
Cont.  6  

 
Without 

tank 

     
    3 

Pulse/Cont.  6  

 
Experiment 3 

Pulse  6 9 
Cont.  6 9 

     
    3 

Pulse/Cont.  6 9 
Pulse  6 9 
Cont.  6 9 

 
 
 
 
With 
measurement  
error 

 
 

With tank 
     
    6 

Pulse/Cont.  6 9 

 
 
 
Experiment 4 
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Table B.2. Temporal demand factors at different times in a day 
 

Time Demand factor 
12 am 0.50 
1 am 0.48 
2 am 0.45 
3 am 0.40 
4 am 0.46 
5 am 0.64 
6 am 0.85 
7 am 1.20 
8 am 1.37 
9 am 1.27 

10 am 1.16 
11 am 1.15 
12 pm 1.16 
1 pm 1.17 
2 pm 1.21 
3 pm 1.23 
4 pm 1.36 
5 pm 1.57 
6 pm 1.75 
7 pm 1.5 
8 pm 1.15 
9 pm 0.85 

10 pm 0.66 
11 pm 0.58 

 

Table B.3. Wall decay coefficients (kw) for different pipes (Net2A)  
 

Number of kw 
groups 

True values of  kw 
(1/days) 

Pipes 

1 -0.3 All pipes 
-0.5 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13 
-0.4 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26 

 
3 

-0.3 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39 
-0.55 1, 2, 3, 4, 5, 6 
-0.50 7, 8, 9, 10, 11, 12 
-0.45 13, 14, 15, 16, 17, 18 
-0.40 19, 20, 21, 22, 23, 24 
-0.35 25, 26, 27, 28, 29, 30 

 
 
 

6 

-0.30 31, 32, 33, 34, 35, 36, 37, 38, 39 
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Table B.4. Measurement locations for network Net2A 
 

Number of measurement locations Measurement locations 
3 6, 18, 28 
6 6, 14, 18, 28, 32, 34 
9 6, 9, 12, 14, 18, 25, 28, 32, 34 

 
 

Table B.5. Estimation of wall decay coefficients for the network (Net2A) without tank 
considering exact measurements 

 
Number 

of kw 
True 

values 
(1/days) 

Measurement 
location  
number 

Disinfectant 
injection 
pattern 

Optimal parameter 
values 

(1/days) 

Optimal 
objective 

value 

Normalized 
objective 

value* 
1 -0.30 3, 6, 9 All 

conditions 
-0.30 0 0 

Pulse -0.502, -0.400, -0.298 7.3E-07 2.5E-09 
Cont. -0.500, -0.400, -0.300 4.1E-06 1.4E-08 

 
3 

Pulse/Cont. -0.501  -0.400  -0.298 1.2E-05 4.2E-08 
Pulse -0.500  -0.400  -0.300 2.8E-06 4.9E-08 
Cont. -0.499  -0.400  -0.301 0.00041 7.1E-07 

 
6 

Pulse/Cont. -0.500  -0.400  -0.301 1.1E-05 1.9E-08 
Pulse -0.496  -0.401  -0.304 1.1E-05 1.3E-08 
Cont. -0.499  -0.403  -0.302 0.00063 7.3E-07 

 
 
 
 

3 
 
 

 
 
 

-0.50, 
-0.40, 

  -0.30 
 

9 
Pulse/Cont. -0.500  -0.400  -0.300 8.9E-06 1.0E-08 

Pulse -0.550, -0.363, -0.476 
-0.484, -0.415, -0.298 

6.0E-06 
 

2.1E-08 

Cont. -0.547 ,-0.502, -0.444   
-0.401, -0.351, -0.306 

7.5E-05 
 

2.6E07 

 
 

3 

Pulse/Cont. -0.534, -0.464, -0.442   
-0.426, -0.366, -0.333 

0.0012 
 

4.2E-06 

Pulse -0.533, -0.496, -0.466   
-0.396, -0.349, -0.326 

7.6E-06 
 

1.3E-08 

Cont. -0.492, -0.481, -0.472   
-0.393, -0.338, -0.467 

0.016 
 

2.8E-05 

 
 

6 

Pulse/Cont. -0.540, -0.504, -0.438   
-0.403, -0.350, -0.318 

0.00065 
 

1.1E-06 

Pulse -0.557, -0.508, 0-.416   
-0.399, -0.356, -0.295 

7.1E-05 
 

8.2E-08 

Cont. -0.544, -0.491, -0.451   
-0.411, -0.350, -0.321 

0.0039 
 

4.5E-06 

 
 
 
 
 
 
 
 
 

6 
 
 

 
 
 
 
 
 

-0.55,  
-0.50, 
-0.45,  
-0.40, 
-0.35,  
-0.30 

 
 

9 

Pulse/Cont. -0.512, -0.503, -0.421   
-0.424, -0.356, -0.361 

0.018 
 

2.1E-05 

 

 
 



 

 

145

Table B.6. Estimation of wall decay coefficients for the network Net2A with tank 
considering exact measurements 

Number 
of kw 

True 
values 

(1/days) 

Measurement 
location 
number 

Disinfectant 
injection 
pattern 

Optimal parameter 
values 

(1/days) 

Optimal 
objective 

value 

Normalized 
objective 

value* 
6 Pulse -0.500, -0.400, -0.301 9.2E-07 1.6E-09 
6 Cont. -0.504, -0.400, -0.292 0.0015 2.6E-06 

 
3 
 

-0.50, 
-0.40, 
-0.30 6 Pulse/Cont. -0.501, -0.400, -0.301 0.00007 1.2E-07 

 

Table B.7. Experiment 3: Estimation of wall decay coefficients for network Net2A 
without tank and with measurements errors 

 
Number 

of kw 
True 

values 
(1/days) 

Measurement 
location 
number 

Disinfectant 
injection 
pattern 

Optimal parameter 
values 

(1/days) 

Optimal 
objective 

value 

Normalized 
objective 

value* 
6 Pulse -0.521, -0.415, -0.271 0.0085 1.5E-05 
6 Cont. -0.488, -0.399, -0.312 1.26 2.2E-03 

 
3 
 

-0.50, 
-0.40, 
-0.30 6 Pulse/Cont. -0.503, -0.403, -0.289 1.27 2.2E-03 

 

Table B.8. Estimation of wall decay coefficients for network Net2A with tank and 
measurements errors 

 
Number 

of kw 
True 

values 
(1/days) 

Measurement 
location 
number 

Disinfectant 
injection 
pattern 

Optimal parameter 
values 

(1/days) 

Optimal 
objective 

value 

Normalized 
objective 

value* 
Pulse -0.489, -0.403, -0.327 0.021 3.6E-05 
Cont. -0.512, -0.385, -0.292 1.30 2.3E-03 

 
6 

Pulse/Cont. -0.486, -0.415, -0.335 1.55 2.7E-03 
Pulse -0.513, -0.420 -0.306 0.035 4.1E-05 
Cont. -0.490, -0.417, -0.307 2.08 2.4E-03 

 
 
 

3 
 
 

 
-0.50, 
-0.40, 
-0.30  

9 
Pulse/Cont. -0.504, -0.385, -0.310 2.20 2.5E-03 

Pulse -0.538, -0.540, -0.454  
-0.415, -0.448, -0.142 

0.052 6.0E-05 

Cont. -0.542, -0.503, -0.401   
-0.412, -0.344, -0.490 

1.86 22E-03 

 
 
 

6 
 
 

-0.55, 
-0.50, 
-0.45, 
-0.40, 
-0.35, 
-0.30 

 
 

9 

Pulse/Cont. -0.540, -0.495, -0.440  
-0.410, -0.343, -0.356 

2.10 2.4E-03 
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Table B.9. Comparison of estimated parameters using measurements with errors that are 
collected at different time intervals for a pulse injection (Net2A) 

 
Data measured at 15 minutes interval 

 
Data measured at 1 hour interval Network 

type 
True 

values 
(1/days) 

Optimal 
parameter 

values 
(1/days) 

Optimal 
objective 

value 
(1/days) 

 

Normalized 
objective 

value* 

Optimal 
parameter 

values 
(1/days) 

Optimal 
objective 

value 
(1/days) 

 

Normalized 
objective 

value* 

Without 
tank 

-0.398, 
-0.453, 
-0.409 

 
0.069 

 
1.2E-04 

-0.521, 
-0.415, 
-0.271 

 
0.0085 

 
1.5E-05 

With 
Tank 

 
-0.50, 
-0.40, 
-0.30 -0.477, 

-0.418, 
-0.299 

 
0.15 

 
2.6E-04 

-0.489, 
-0.403, 
-0.327 

 
0.021 

 
3.6E-05 

 

 

Table B.10. Estimation of wall decay coefficients using exact measurements for 
pulse/continuous injection in Example 2 network 

 
Number 

of kw 
True values 

(1/days) 
Optimal parameter values 

(1/days) 
Optimal 

objective value 
Normalized 

objective value* 
1 -0.30 -0.300 4.13E-07 6.1E-10 
3 -0.50,-0.40,-0.30 -0.500 -0.400 -0.300 4.59E-07 6.8E-10 
6 -0.55, -0.50, -0.45 

 -0.40, -0.35, -0.30 
-0.550 -0.500 -0.450,     
-0.400, -0.350, -0.300 

3.93E-07 5.8E-10 

 
 
 

Table B.11. Estimation of wall decay coefficients using measurements with errors for 
pulse/continuous injection in Example 2 network 

 
Number 

of kw 
True values 

(1/days) 
Optimal parameter values 

(1/days) 
Optimal 

objective value 
Normalized 

objective value* 
1 -0.30 -0.297 4.59 6.8E-03 
3 -0.50,-0.40,-0.30 -0.519, -0.408, -0.295 4.29 6.4E-03 
6 -0.55, -0.50, -0.45,   

-0.40, -0.35, -0.30 
-0.519, -0.663, -0.453  
-0.407, -0.361, -0.286 

4.40 6.5E-03 
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Table B.12. Estimation of different numbers of wall decay coefficients while the true 
number of wall decay coefficient is fixed for pulse/continuous injection in Example 2 

network 
 

Number 
of kw 

True values 
(1/days) 

Optimal parameter 
values 

(1/days) 

Optimal 
objective 

value 

Normalized 
objective 

value* 
1 -0.30 -0.387 5.01 7.5E-03 
3 -0.50,-0.40,-0.30 -0.518, -0.432, -0.325 4.46 6.6E-03 
6 -0.55, -0.50, -0.45,    

-0.40, -0.35, -0.30 
-0.519, -0.663, -0.453,  
-0.407, -0.361, -0.286 

4.40 6.5E-03 

 
 
 
 
Table B.13. Experiment 4: Variation of optimal three calibrated parameters for different 

amounts of measurement data (with errors) for Example 2 network under 
pulse/continuous injection  

 
Number 
location 

Optimal parameter 
values 

(1/days) 

Optimal 
objective 

value 

Normalized 
objective 

value* 
7 -0.560, -0.421, -0.314 2.45 7.3E-03 

14 -0.518, -0.432, -0.325 4.46 6.6E-03 
21 -0.549, -0.404, -0.321 6.43 6.4E-03 

 
 

 

*Normalized objective value is defined as the average least square error which is total optimal 
objective value divided by the number of data. 
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Fig. B.1. Example network Net2A 
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Fig. B.2. Contours of objective values on kw1 and kw2 plane for the network Net2A 
without the tank (for a continuous injection). The true parameter values are kw1 = -0.4 and 

kw2 = -0.3  
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Fig. B.3. Time series of computed and measured concentration at node 34 for a pulse 
injection of 3 mg/l at the source (for the network Net2A without tank)  
 
 

   
Fig. B.4. Time series of computed and measured concentration at node 34 for a 
continuous source injection of 3 mg/l (for the network Net2A without tank)  
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Fig. B.5. Time series of computed and measured concentration at node 34 for a 
pulse/continuous injection (3 mg/l each) at the source (for the network Net2A without 
tank) 
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Fig. B.6. Contours of objective values on kw1 and kw2 plane for Net2A with tank. The true 

parameter values are kw1 = -0.4 and kw2 = -0.3   
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Fig. B.7. Time series of computed and measured concentration at node 34 for a pulse 
injection of 3 mg/l over first 3 hours at the source (for Net2A with tank).  
 
 
 

 
Fig. B.8. Time series of computed and measured concentration at node 34 for a 
continuous injection of 3 mg/l at the source (for Net2A with tank). 
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Fig. B.9. Time series of computed and measured concentration at node 34 for 
pulse/continuous (3 mg/l each) injection at the source (for Net2A with tank). 
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Fig. B.10. Example 2 network 
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Fig. B.11. Velocity histogram of Example 1 network 
 

 

 

Fig. B.12. Velocity histogram of Example 2 network 
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Fig. B.13. Contours of objective values on kw1 and kw2 plane (for a pulse/continuous 
injection in Example 2 network). The true parameter values are kw1 = -0.4 and kw2 = -0.3.  
The total number of measurements for Example 2 network is 686 while that is for Net2A is 
582   
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Impact of Data Collection on Parameter and Prediction Uncertainty in the Water 
Distribution Systems 

 M.F.K Pasha1 and K. Lansey2  

 

Abstract 

During a model calibration process, errors in field measurement propagate to 

uncertainties in model parameter estimates and model predictions. The paper presents a 

means to quantify that effect in a water distribution water quality model and provide 

guidance on data collection experiment design.  Water quality in distribution systems is 

dominated by advective transport that is hydraulically driven.  It is assumed that the 

hydraulic model including the nodal demands is well calibrated and provide no 

uncertainty. Thus, only the wall decay coefficients are to be estimated and evaluated.   

The uncertainty assessment procedure consists of a parameter estimation model, 

parameter estimation uncertainty analysis and model prediction uncertainty analysis.  The 

shuffled frog leaping algorithm, an optimization algorithm, is used to estimate the 

parameters in the water quality model in a least squares regression given a set of field 

data. The parameter uncertainty is calculated by a first order approximation and is 

propagated to model prediction uncertainties by a similar first order analysis.  

 
Keywords: 
Calibration, water quality model, parameter estimation, parameter uncertainty, prediction 
uncertainty, water distribution, wall decay coefficients 
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2Professor, Department of Civil Engineering and Engineering Mechanics, The University of Arizona, 
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The methodology is applied on two networks for the full calibration. Alternative 

conditions are analyzed in terms of data collection and model prediction conditions to 

examine the benefits of performing tracer tests and data collection design.  Results show 

that without tracer injection parameter can be estimated with less accuracy that results 

higher model prediction uncertainties. Fewer data provides less information and as a 

result the prediction uncertainty is also higher. Experiment also shows that parameter 

estimation can be more accurate when the magnitude of the wall decay coefficients is 

high.  

 
Introduction 

Chlorine is the most popular water treatment disinfectant in municipal water 

distribution system. Chlorine is an oxidizing agent and decays with time. Therefore, a 

minimum level of chlorine residual must be maintained in the distribution system to 

preserve both chemical and microbial quality of treated water (Vasconcelos et al. 1997, 

Munavalli and Mohan Kumar 2003). While chlorine travels through the distribution 

system, it reacts with different materials inside the pipe.  

Reactions are impacted by the surrounding conditions due to the availability of 

reacting substances. Reactants are present in the bulk water and may also occur at high 

concentrations on the surface of the pipe. Over time, biolfilms form on the surface of pipe 

wall. Thus, the wall component of reaction can play an important role in chlorine reaction 

kinetics.  

Wall decay rates are highly variable. Some studies have shown that the chlorine 

decay rate in the pipe is several times greater than the bulk decay rate (Wable et al. 1991, 
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Munavalli and Mohan Kumar 2003) while others have indicated wall decay is less than 

bulk reactions. Recently Pasha and Lansey (2006a) conducted a thorough study on water 

quality parameters uncertainty. They considered that all the hydraulic and water quality 

parameters, such as pipe diameter and demand, spatial and temporal variation of nodal 

demand, decay parameters are uncertain and found their impact on nodal chlorine 

concentration. The study suggests that the decay parameters (bulk and wall) with 

demands have the strongest influence on the variability of chlorine decay. Wall decay 

parameters is particularly critical when flow turbulence is high.  

The bulk decay parameters can be determined by laboratory jar tests. However, no 

direct method is available to determine the wall decay parameters in the laboratory. Wall 

decay parameters vary with flow conditions and the availability of reacting material so 

they may vary between each pipe. As a result, field tests are required to estimate wall 

decay parameters. Several studies have been conducted to estimate the wall decay 

parameters. Wall decay parameters are then estimated in automated calibration 

procedures using a least squares objective relating the observed and computed 

disinfectant levels.  

The most important problem of using mathematical simulator is whether the 

model actually represents the physical systems under study. Therefore, a model must be 

calibrated before its results can be reliably used for any purpose. However, proper 

calibration is not an easy task because of various reasons such as (a) data collection is 

expensive and requires great effort; (b) most calibration procedures are deterministically 

based (Lansey et. al. 2001). 
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Errors in measuring disinfectant levels in the field result in uncertainty in the 

estimated parameters. Therefore, uncertainty in the estimated parameters should be 

quantified after the water quality model is calibrated by adjusting wall decay parameters 

so that the model results match field measurement. Understanding the uncertainty in wall 

decay parameters is of interest but its impact may not be intuitively clear to a modeler. 

Therefore, the effect of parameter uncertainty on model predictions should be assessed.  

A model prediction uncertainty analysis collection can assist in defining the data 

collection conditions. Model prediction uncertainty determines whether the current 

knowledge of parameters uncertainty is adequate for the purpose of its use or it is 

desirable to collect more data to reduce the parameter uncertainties.  

The focus of this paper is on the overall calibration procedure that includes 

estimation of wall decay parameters, estimation of uncertainties in the calibrated 

parameters, and the estimation of model prediction uncertainties. The approach is 

demonstrated on two systems. Measurements were assumed to be taken under different 

field conditions and the uncertainties in the estimated parameters were calculated given 

those measurments. Model prediction uncertainties were then assessed for different 

critical demand conditions. It is important to note that nodal demands, the bulk decay 

coefficient and all hydraulic parameters are assumed to be known with certainty in this 

study. 
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Background 

In the past, researchers in this area mainly have focused on water distribution 

hydraulic model calibration. A range of optimization methods have been applied 

(Ormsbee 1989, Lansey and Basnet 1991, Todini 1999, Wu et al. 2000) to solve the 

hydraulic calibration problem. 

Little work, however, has been conducted on water quality model calibration. 

Clark et al. (1995) estimated wall decay parameter by trial and error approach to simulate 

chlorine residual. Vasconcelos et al. (1997) calibrated a water quality model by 

sequentially adjusting the wall decay parameter to give the best fit between simulated and 

filed measurement. Islam et al. (1997) developed an inverse approach to determine the 

source concentrations required to meet the specified concentrations at selected nodes. 

However, no attempts were made in their study to estimate the wall decay parameters.  

Munavalli and Mohan Kumar (2003) developed an inverse model to estimate 

reaction parameters in steady state distribution systems and later extended the model to 

dynamic conditions (Munavalli and Kumar 2005). They applied a weighted least squares 

method to estimate wall decay parameters for a constant source chlorine injection for 

different reaction kinetics. Boccelli et al (2004) conducted a network-wide dual-tracer 

field-scale study and model calibration. They used observed data for manual calibration 

of the system. No systemic approach was taken to estimate the distribution system 

parameters. Wall or bulk decay coefficients were not estimated in their studied.  

Pasha and Lansey (2006b) estimated best fit wall decay parameters by linking a 

hydraulic and water quality simulation model with a search engine known as Shuffled 
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Frog Leaping Algorithm (SFLA). Up to six wall decay parameters have been considered 

with different field conditions. However, parameters uncertainties or the prediction 

uncertainties due to the effect of parameters uncertainties were not assessed.  

Parameters uncertainty analysis is very important since parameter uncertainties 

are directly involved with model prediction uncertainty. Barkdoll and Didigam (2004) 

and Pasha and Lansey (2006a) examined the impact of water quality parameters 

uncertainty on model estimates. Pasha and Lansey (2006a) conducted Monte Carlo 

simulations (MCS) under steady and unsteady conditions considering pipe diameter, 

roughness and wall decay coefficients, and nodal demands as sources of uncertainty. The 

analysis showed that the wall decay coefficient has a large influence on water quality 

model predictions for the analyzed system. 

However, few studies have been conducted in which, statistical methods have 

been applied to examine the quality of the calibration and parameter estimates. The 

statistical methods have mainly been applied on hydraulic model parameters (Bush and 

Uber 1998, Lansey et al. 2001 and Kapelan et al. 2005). Although an attempt has been 

made to calculate the parameter uncertainty by Munavalli and Kumar (2005), the 

estimation of prediction uncertainty at different critical demand conditions was ignored.  

 This paper considers a full calibration procedure for a water quality model in the 

distribution systems. The next section describes the basic three steps of calibration 

procedure i.e., parameter estimation, parameter uncertainty estimation, and calibration 

assessment or model prediction uncertainty estimation. Examples are then presented for 

two networks under various operation and measurement conditions. 
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Methodology 

A methodology for the calibration of water distribution systems water quality 

model consists of three basic steps. The steps are shown in Fig. 1. The first and second 

steps are to estimate the parameters and evaluate the uncertainties involved with the 

parameters. The third step is to assess the prediction uncertainties for different critical 

demand conditions.  Details of each step are provided in the following sections. 

 

Parameter estimation 

The first step in the calibration process is to collect the field data. Due to lack of 

real world data the simulation model was run to generate data. To represent the actual 

field data, a measurement random error was added to the exact data. Measurement errors 

may vary time to time and location to location. Assuming that the coefficient of variation 

(CV) of a measuring device is available, the following procedure is followed to generate 

measurement errors assuming that the errors are normally distributed. The CV is  

CM
CV σ

=           (1) 

where σ  is the standard deviation and CM is the mean of the concentrations at specific 

time and location that is computed by the water quality simulation model for a fixed set 

of demands, pipe parameters, bulk and the known wall decay coefficient. Therefore, 

CMCV *=σ           (2) 

The inverse normal distribution can be written as   
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)*1(
*

ZCVCMMC
ZCMMC

+=

+= σ
        (3) 

where Z is the standard normal deviate that are randomly generated for each 

measurement.  The measured concentrations computed in equation 3 are supplied to the 

optimization model described below. 

To estimate the wall decay parameters (kw), an optimization model is formulated. 

The objective function is to minimize the sum of the squared differences between the 

field measured concentration and the simulated values. Mathematically the problem can 

be stated as: 

Minimize ( )∑∑ −=
L

l
tltl

T

t

MCCCf 2
,,)( wk        (4) 

subject to:  

GH(H, q) = 0          (5) 

GQ( q, CC) = 0         (6) 

kwlower≤ kw≤ kwupper         (7) 

where CCl.t and MCl,t in Eq. 4 are the computed and measured concentrations at location l 

and time t. L is the number of measurement locations and T is the number of 

measurement times. H and q are the vectors of pressure and flow demands for all nodes 

and demand pattern. GH (Eq. 5) are conservation of energy and mass that describe the 

network’s flow distribution, q, and pressure heads, H. GQ (Eq. 6) are the water quality 

conservation relationships that are used to compute the nodal concentrations (CC) 

throughout the network over time. kw is the decision variable vector of wall decay 
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coefficients for individual or groups of pipes, which has upper and lower bounds, kwupper 

and kwlower, respectively.  

EPANET version 2.0 (Rossman (2002)) is used as the hydraulic and water quality 

simulation model and is linked with Shuffled Frog Leaping Algorithm (SFLA), a meta 

heuristic search algorithm (Eusuff and Lansey 2003 and Eusuff et al. 2005). Wall decay 

parameters kw are the decision variables in the SFLA optimization algorithm. An initial 

population (in this case of frogs) is randomly generated. EPANET then simulates the 

water quality conditions and the objective function (Eq. 1) is then computed for each 

frog. New points (frogs) are then generated following the optimization procedure and 

another set of evaluations are completed.  This iterative process continues until a stopping 

criterion is reached. A full description of the wall decay parameter estimation 

optimization methodology can be found in Pasha and Lansey (2006b).  

 

Parameter uncertainty evaluation (D-optimality) 

The estimated wall decay parameters are not unique since field measurements are 

not measured precisely. They are best estimates but are uncertain.  The next step of the 

calibration process is to quantify the magnitude of the uncertainty involved with the 

estimated parameters (Step 3 Fig. 1). Yeh and Yoon (1981), Mallick and Lansey (1994), 

Bush and Uber (1998), and Lansey et al. (2001) applied first-order approximation to 

estimate uncertainties in the hydraulic parameters.  This result is known as D-optimality 

(Bush and Uber (1998)). This study applies same technique to evaluate the covariance 

matrix of the estimated parameters in this case the wall decay parameters (Cov(kw)) using 
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the concentration sensitivity matrix relative to the parameter (
wk

C
∂
∂ ) and the variance of 

measured concentrations ( 2
Cσ ). 

Cov(kw) = 2
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The diagonal elements of the Cov(kw) are the variances of the individual wall decay 

parameters and the off diagonal terms are the correlation between the decay parameters. 

The 2
Cσ  can be approximated by (Bard 1974) 

LM
J

C −
=2σ           (9) 

where J is optimal calibration objective (Eq. 9); M is total number of field measurements; 

and L is number of calibrated parameters. The matrix of the sensitivities of the 

concentrations relative to the wall decay parameters can be estimated analytically or by 

numerical approximation (Lansey et al. 2001). Here, the numerical approximation 

method is used to calculate the sensitivity matrix. 
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where C∆ are concentrations computed by simulation using the perturbed wall decay 

parameter values; C are the simulated concentrations with the best estimate of the wall 

decay parameters, kw; and  wk∆  is perturbation introduced to kw. For this study a 

perturbance of 0.0001 is used.  
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Model prediction uncertainty assessment (G-optimality) 

Parameter estimation alone can not ensure that the model represents the actual 

system behavior for conditions beyond the measured demands. Therefore, assessing the 

impact of the parameter uncertainty on the model prediction for critical demand 

conditions is important. The assessment analysis determines the uncertainty in predicting 

system performance for critical demand conditions that are described as “assessment 

demands” (Lansey et al. 2001). Assessment demands may be different from those 

demands that were used during field data collection. They usually contain extreme 

demand conditions at specific nodes or at specific times. For water quality analysis, 

extreme conditions may be extremely low or extremely high.     

The first-order second moment (FOSM) analysis can efficiently and accurately estimate 

the covariance matrix of model output given the uncertainty of the model input (Lansey 

et al. 2001). The FOSM estimates are found by approximating a function with a Taylor 

series expansion around the mean value of the parameters and dropping the higher order 

terms (Benjamin and Cornell 1970; Mays and Tung 1992). Covariance matrix of the 

predictive concentration Cov(Cp) can be estimated as  

Cov(Cp) = 
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The diagonal terms of the covariance matrix, Cov(Cp) (Eq. 11) define the variance of 

predictive concentrations at the selected nodes and at the selected times. Off diagonal 

terms represent the correlations between the predictive concentrations at the selected 

nodes and at selected times. The assessment measure depends upon the specific 
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calibration objectives.  Performing a preliminary model prediction uncertainty analysis 

can be useful in directing the data collection demand conditions and measurement 

locations. 

 

Example Networks 

Example network Net2A. The first network that is analyzed in this study is network 

Net2A from the EPANET User’s Manual (Rossman 2002) with minor modification such 

as the some dead ends are truncated because of very low water velocities in the pipes 

(Figure 2). The network consists of 32 pipes, 28 nodes, one source (node 29) and one 

tank (node 30). The hydraulic time step, quality time step and pattern time step were 

1:00, 0:05 and 1:00 hours, respectively. All pipe and base demand data were taken 

directly from the EPANET manual. 

 Three identical pumps at the source were represented with the design point pump 

curve option with Qdesign and Hdesign equal to 31.8 m3/h (8.83 l/s) and 85.3 m, respectively. 

Pumps were operated using a control policy based on the tank level with three rules: less 

than 3.1 meters of water in the tank turn on all three pumps, exceed 4.57 meters level turn 

off one pump and exceed 7.62 meters level turn off all pumps. The 24 hour average 

demand pattern listed in Table 1 was repeated for a 48 hour simulation period.  

The source concentration was 3 mg/l. Disinfectants were injected as a pulse 

injection for the first 2 hours (3 mg/l) simultaneously with the continuous injection (3 

mg/l). The initial concentrations are determined by running the model for a month and 

the taking the last hour’s concentration as the initial concentrations.  
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Several experiments are performed based on different field conditions. Different 

field conditions include different measurement errors, tracer injection times, data 

collection times, and wall decay parameter values. In all experiments, the three wall 

decay parameters (kw) are used and hourly data is collected at six locations. kw is always 

constrained by upper value of 0.0 and lower value of -1.0. 

In all cases parameters are estimated by SFLA and parameters uncertainty is 

calculated using optimal estimated parameters and the sensitivity matrix evaluated at the 

optimal values. Predictive uncertainty is assessed using FOSM moment equation (Eq. 11) 

for three demand conditions; average, low, and high (Table 1). The critical low and high 

demand conditions are created by multiplying the average demand factors by 0.8 and 1.1, 

respectively, In later experiments, the peaking factors are scaled 75% and 125%, 

respectively. 

The SFLA parameters values that are used to search the best wall decay 

coefficients for this network are the number of memeplexes (m) = 50, the number of frogs 

in a memeplex (n) = 70, the number of frogs in a sub-memeplex (q) =5, the number of 

evolution or infection steps in a memeplex between two successive shuffling (N) =10, 

and the maximum step size allowed during an evolutionary step (Smax) = 100%.  Different 

experiments are described below with their results. 

 

Experiment 1: Different tracer injection times for the measurement error CV of 3.24% 

The impact of different tracer injection times on the prediction uncertainties are 

observed in this experiment. The experiment is set up for the tracer injections at four 
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times: 12:00 am, 6:00 am, 12:00 pm, and 6:00 pm. A concentration of 3 mg/l is injected 

for two hours for each tracer test with a concurrent normal continuous injection of 3 mg/l. 

The measurement error is created by using a coefficient of variation of 3.24%. 

 The experiment results are tabulated in Tables 2 to 5. It is clear that the impact of 

the different injection time on the estimated model parameters is not pronounced. 

However, a very close inspection can find that for the injection at 6 am the optimal 

objective value is highest (Table 2) and that for the injection at 6 pm is the lowest.  

 Measurement errors can influence the parameter estimation process. Parameters 

uncertainties (standard deviations) are calculated for each injection and are tabulated in 

Table 3. The standard deviations of the parameter are highest for the tracer injection at 

6am and lowest for the 6 pm tracer injection though the difference is not very significant.  

 Measurement errors propagate into parameters estimation process which causes 

the uncertainty into model prediction. Model prediction uncertainties are calculated for 

three different demand conditions; average demand condition, low demand condition, and 

high demand condition (Table 1). Predictive uncertainties in terms of standard deviations 

and coefficient of variations are calculated. Minimum, maximum, and average of the 

standard deviations (Table 4) and coefficient of variations (CV) (Table 5) are reported. 

Prediction uncertainties are highest for the tracer injection at 6 am and lowest for the 6 

pm injection.  

 In the calibration process only wall decay coefficients (kw) were estimated. The 

impact of the wall decay coefficient is a function of turbulence in the flow. Thus, a wall 

decay coefficient has higher influence on predictive uncertainty when the turbulence is 
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higher. For a constant diameter pipe turbulence is the function of demand. Thus, in the 

morning when the demand is high turbulence is high and as a result concentration 

uncertainty becomes higher for the injection of chlorine at 6 am. Uncertainty is also a 

function of the rate of constituent decay. Decay function is steeper in the earlier time. 

Thus it would provide higher concentration uncertainties. As the time goes, the function 

becomes flatter and the thus the concentration uncertainty would be smaller. The 

magnitude of the uncertainties for all of the injection at other times are very small and as 

a result it is very difficult to distinguish themselves from each other. Therefore, it is 

necessary to perform another experiment for a higher input uncertainty or measurement 

errors.   

 

Experiment 2: Different measurement errors  

 The purpose of this experiment is to observe the impact of measurement error on 

the prediction uncertainties and to confirm whether the findings in the previous 

experiment are true for different levels of measurement errors. The previous experiment 

is repeated here for a coefficient of variation of 10%.   

 The previous experiment is repeated for the higher measurement uncertainty 

level. Parameter uncertainties are computed for each injection. It is found that parameters 

are estimated with highest accuracy at 12 am and lowest accuracy at 6 pm (Table 6). The 

results of parameter uncertainties show that low accuracy of objective value (parameter 

estimation objective value) makes the parameters more uncertain (Table 7).  
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 Like previous experiment this experiment also shows that model prediction 

uncertainties in terms of chlorine concentration standard deviation and coefficient of 

variations are higher when the parameters are estimated with less accuracy (higher 

objective value). However, the two experiments show highest or lowest uncertainties at 

different times. Therefore, at different measurement error levels the impact of injection 

timing on prediction uncertainty is different. In the case of measurement error of 3.24 %, 

the 6 pm tracer injection provides lowest uncertainty. On the other hand, an injection at 6 

pm provides highest uncertainty when measurement errors are generated with the CV 

equal to 0.1. In general, uncertainties in experiment 2 are 3 to 3 .5 times higher than for 

experiment 1. 

 

Experiment 3: Sensitivity of the tracer test and the impacts of the magnitude of wall 

decay coefficients and data collection time 

 This experiment is performed to find the sensitivity of the tracer test and to 

observe the impact of different magnitude of wall decay coefficients and data collection 

time. Finding the sensitivity of the tracer test is important in the sense that if the tracer 

test does not provide any useful information it should not be performed. The impacts of 

data collection time and magnitude of wall decay coefficients are also important because 

data collection is related to the time and effort and the magnitude of wall decay 

coefficient is directly related to the amount of chlorine that should be injected.  

 Results from this experiment are compared with the results of Experiment 2. Base 

condition is defined as the tracer injection at 12 am with the measurement error CV of 
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10% (12 am condition in experiment 2). To check the sensitivity of the tracer, no tracer is 

injected and the result is compared with the base condition in which tracer is injected at 

12 am (Tables 10 to 13). To observe the impact of different magnitudes of wall decay 

coefficients, kw’s true values are tripled and the results are compared with the base 

condition. Finally, hourly data are collected only for the last 24 hours of the simulation 

period of the experiment and results are compared with the base condition. 

 Parameters are estimated with less accurately without the tracer injection 

compared to with the injection (Table 10). Therefore, the estimated parameters provide 

higher uncertainties in the prediction. However, most of uncertainties are found when 

data is collected only for last 24 hours. Since fewer measurements are collected, it 

provides less information; resulting in higher uncertainties. The lowest uncertainty is 

observed in the case of larger wall decay coefficients (Tables 12 and 13). In this case, 

parameters are estimated with high accuracy that translates to less uncertainty in the 

model predictions.     

 As a preliminary verification of the validity of the first-order second moment 

(FOSM) for model predictions, it estimates compared with statistics generated by Monte 

Carlo simulation (MCS). For one wall decay coefficient that is assumed to be normally 

distributed with a coefficient of variation 10%. MCS realizations are performed until the 

standard deviation does not change and the statistics of prediction uncertainties are 

collected for selected nodes. Results confirm that the MCS and FOSM produce same 

prediction uncertainty (Table 14).  Time series of standard deviations of the prediction 

(chlorine concentrations) at selected nodes (Nodes 11 and 24) are plotted in Figures 3 and 
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4. Small deviations between the two uncertainties may be observed due to the 

linearization in the FOSM.   

 

Example network 2. The second network analyzed in this study is a real network 

consisting of 90 nodes, one source, one tank, and 116 pipes (Figure 5). The hydraulic 

time step, quality time step and pattern time steps were the same as example 1 i.e., 1:00, 

0:05 and 1:00 hours, respectively. Five pumps were operated between nodes 3 and 4. The 

average flow velocities in this example are much faster than those in the previous 

example.  

The lower velocities are found in the dead end pipes; and the higher velocities are 

found in the pipes close to the source. The 24 hour average demand pattern listed in 

Table 1 was repeated for a 48 hour simulation period. The same optimization parameters 

values that were used for Net2A are used here.  The upper and lower value of decision 

variable, kw, were 0 and -1.0, respectively.  

Four sets of experiments were performed by one injection pattern; a pulse 

injection of 3 mg/l over a continuous injection of 3 mg/l. Like previous example the 

initial concentrations are determined by running the model for a month and the taking the 

last hour’s concentration as the initial concentrations. The four experiments were 

performed based on different field conditions. Different field conditions include different 

pulse injection times, different pulse magnitudes, different pulse durations, and different 

locations of booster pulse injection. In all the experiments, the three wall decay 

parameters (kw) are used and hourly data is collected at fourteen locations. The critical 
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low and high demand conditions are created by multiplying the average demand factors 

by 0.8 and 1.2, respectively. In later experiments, the extreme demand conditions are 

created by further multiplying the factors by 0.75 and 1.25 respectively to generate 

extreme low and high demand conditions.  

 

Experiment 4: Different tracer injection times 

Like previous example the impact of different tracer injection times on the 

prediction uncertainties are observed in this experiment by setting up the experiment for 

the tracer injections only at 12:00 am and 6:00 am. A concentration of 3 mg/l is injected 

for two hours for each tracer test with a concurrent normal continuous injection of 3 mg/l. 

The measurement error is created by using a coefficient of variation 10%. 

Experiment results are tabulated in Tables 15 to 17. It is clearly seen from the 

tables that 6 am tracer causes higher optimal objective value which propagate into the 

parameter uncertainty process and causes all the parameters more uncertain (Table 16) at 

6 am comparing that for the tracer injection at 12 am. Further, these higher uncertain 

parameters due to the tracer injected at 6 am causes the model prediction uncertainty 

higher (Table 17). 

 The model prediction uncertainty is calculated for the three critical demand 

conditions; average demand, extreme low demand, and extreme high demand. Prediction 

uncertainty statistics are shown considering all the nodes where data were collected, node 

45, node 69, and node 79. Except node 79 results show that the model prediction 

uncertainty is the highest for extreme low conditions and the lowest for the extreme high 
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demand conditions (Table 17). At node 79 the change of prediction uncertainty due to 

demand condition is not pronounced. 

Clearly in a constant diameter pipe, the amount of flow determines the travel 

times. Thus, for a higher flow, travel time is lower comparing that with a lower flow in 

which travel time is higher. Since chlorine decay is a function of time, lower flow is 

involved with higher amount of chlorine decay. In case of extreme low demand condition 

the estimated parameters cause higher chlorine decay comparing that for the average and 

for the extreme high demand conditions. As a result the highest prediction uncertainty is 

observed in extreme lower demand condition and the lowest prediction uncertainty is 

observed in extreme higher demand condition.  

 

Experiment 5: Different tracer injection magnitudes 

 Experiment is set up to observe the impact of different tracer magnitudes on the 

parameter estimation, parameters uncertainty, and on the prediction uncertainty 

estimation. Experiment has been performed for three magnitudes of tracers; 1.5 mg/L, 

3mg/L, and 6mg/L injected at 12 am. 

 Results are tabulated in Tables 18 to 20. As expected, optimal objective value 

increases with higher tracer magnitude. Unlike previous experiment the uncertainties for 

all the parameters are not higher for the higher optimal objective values. However, 

prediction uncertainty increases as the tracer magnitude increases (Table 20). Prediction 

uncertainty also increases as the flow becomes lower except node 79. 
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Experiment 6: Different tracer injection durations 

The impact of different tracer durations on calibration process is observed in this 

experiment. The experiment is set up for 1 hour, 2 hours, and 3 hours durations for the 

tracer of 3mg/L at 12 am. Experiment results are seen in Tables 21 to 24. 

As seen from the tables, higher tracer duration causes lower optimal objective 

value. The impact of the different tracer durations although is not pronounced on the 

parameter uncertainty estimation (Table 22) and as well as on the model prediction 

uncertainties (Table 23). 

 

Experiment 7: Different satellite locations for booster tracer injection 

 The decay curve is steeper in the earlier travel time and as the time goes the curve 

becomes flat. It is expected that the parameters associated with the step curve are more 

sensitive. Therefore this experiment is set up to observe the impact of travel time by 

introducing different injection conditions including only pulse injection at the source 

(without any continuous injection), only continuous injection at the source (no pulse 

injection), without tank in the network (a pulse injection over a continuous injection at 

the source), and injecting tracers at some satellite booster locations in addition to the 

pulse and continuous injection at the source. Four locations (Node 15, 31, 59, and 68) 

have been chosen for this experiment based on different locations in the network. Tracer 

was injected at 3mg/L at 12 am. Experiments results were tabulated in Tables 24 to 26. 

 As expected, the optimal objective value for the only pulse injection is the lowest 

and the parameter estimation is poor (Table 24). As a result of poor parameter estimation, 
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the model prediction uncertainties is the highest in this experiment (Table 25 and 26). 

The effect of pulse injection can be observed by comparing the results due to only 

continuous injection at the source with that due to both pulse and continuous injection at 

the source. The results show that the effect is not pronounced. Also clearly, the effect of 

booster tracer injection at different locations is not pronounced either on parameter 

estimation process or on prediction uncertainty process. It is probably due to the fact that 

the travel time is already too short that the decay curve is in the earlier time period in 

which the curve is steep. Thus, further shortening the travel time by injecting tracer in the 

satellite location does not change anything.  

However, two distinct observations are seen from the Tables. When tracer 

injected at node 59, the optimal objective value becomes higher. Although this higher 

objective value does not impact on parameter uncertainty estimation but the prediction 

uncertainty becomes higher. The opposite scenario is observed for node 68. The lowest 

optimal value as well as the lowest prediction uncertainty is observed for this node. The 

reason behind this observation is that node 59 is very close to the tank. Therefore, the 

water at this node arrives from two sources; from tank and from pump. The variation of 

concentration at this node is thus high which causes the optimal objective value higher 

and eventually the impact is observed on the model prediction as well. This node clearly 

represents a loop system. On the other hand, node 68 is peripheral node which more 

represents a branch system. Therefore, the variation of concentration is not significant at 

this node. Therefore, the uncertainty associated with this node is less.    
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 An addition to all of the above experiments another experiment was completed to 

check the effect of wall decay coefficients magnitudes on model prediction uncertainty. 

Instead of the usual three decay coefficients -0.5, -0.4, and -0.3 day-1, the decay 

coefficients were used as -1.5, -1.2, and -0.9 day-1. Pulse as usual 3 mg/L were injected 

over a continuous injection at 12 am at the source. The experiment results are shown 

from Tables 27 to 29.  

Results show that parameters can be estimated more accurately in the case of 

higher coefficients magnitudes (Tables 27 and 28). This is due to the reason that the 

parameters are more sensitive because of their higher decay coefficients values. The 

effect of this higher accuracy propagates into the model prediction uncertainty and as a 

result model prediction uncertainty is lowered. The effect of three critical demand 

conditions on model prediction uncertainties estimated by these more accurate parameters 

are not pronounced (Tables 29). 

 

Conclusions 

 A calibration assessment process is developed and includes parameter estimation, 

parameter uncertainty evaluation, and model prediction uncertainty assessment. A 

stochastic search algorithm is used to identify model parameters. Parameter and model 

prediction uncertainties are then computed using first order approximations. The 

approach is applied to two systems under different field conditions including the timing 

of tracer injections, measurement errors, with and without a tracer injection, and different 

data collection timing. 
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 Results show that parameters are estimated less accurately when a tracer is not 

injected which results higher prediction uncertainty. Less data provides less information 

and results higher model prediction uncertainties. Experiment also shows that parameter 

estimation can be more accurate when the magnitude of the wall decay coefficients is 

high.  

 It is recommended to check the tracer test results and its impact on the prediction 

uncertainties for other different filed conditions such as the parameter estimated at 

different critical field conditions for example fire, and for different seasons. The 

shortcoming of this work is the assumption of known demands. Their uncertainty is 

significant and can be important in guiding a data collection experimental design.  The 

number of unknown demands, however, makes estimating them and quantifying their 

uncertainty and its impact on model performance extremely difficult without 

simplification.  This direction is an important avenue of future research. In addition, the 

extension to incorporate other hydraulic model parameters and the bulk decay coefficient 

should be completed.  
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Table C.1. Temporal demand factors at different times in a day 
 

Time Average demand 
factors 

12 am 0.50 
1 am 0.48 
2 am 0.45 
3 am 0.40 
4 am 0.46 
5 am 0.64 
6 am 0.85 
7 am 1.20 
8 am 1.37 
9 am 1.27 

10 am 1.16 
11 am 1.15 
12 pm 1.16 
1 pm 1.17 
2 pm 1.21 
3 pm 1.23 
4 pm 1.36 
5 pm 1.57 
6 pm 1.75 
7 pm 1.5 
8 pm 1.15 
9 pm 0.85 

10 pm 0.66 
11 pm 0.58 

 

 
Table C.2. Optimal wall decay coefficient for the measurement error CV of 

0.0324:  pulse injected at different times (Net2A) 
 

True values 
(day-1) 

Pulse injection 
time 

Optimal parameter 
values (day-1) 

Optimal 
objective value 

Normalized 
objective value* 

12am -0.507, -0.403, -0.286 1.1233 0.0039 
6am -0.482, -0.409, -0.298 1.1246 0.0039 

12pm -0.498, -0.399, -0.292 1.18 0.0041 

 
-0.5,-0.4,-

0.3 
6pm -0.504, -0.398, -0.310 1.0926 0.0038 
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Table C.3. Parameters uncertainty for the measurement error CV of 0.0324: pulse 
injected at different times (Net2A) 

 
Standard deviation (day-1) Pulse injection 

time kw1 kw2 kw3 
12am 0.0109 0.0117 0.0097 
6am 0.0108 0.0123 0.0104 

12pm 0.0111 0.0114 0.0102 
6pm 0.0107 0.0112 0.0101 

 
 
 
 

Table C.4. Predictive concentration uncertainty (standard deviation) for the measurement 
error CV of 0.0324 at three demand conditions (Net2A): Model prediction uncertainty 

statistics given for all data collected nodes 
 

Standard deviation for 
extreme low demand 

condition (mg/l) 

Standard deviation for average 
demand condition (mg/l) 

Standard deviation for 
extreme high demand 

condition (mg/l) 

Pulse 
injection 

time 
Min max avg min max avg min max avg 

12am 0.0003 0.0103 0.0055 0.0003 0.0111 0.0056 0.0004 0.0111 0.0053 
6am 0.0003 0.0107 0.0057 0.0003 0.0114 0.0057 0.0004 0.0114 0.0055 

12pm 0.0003 0.0102 0.0056 0.0003 0.0108 0.0056 0.0004 0.0108 0.0054 
6pm 0.0003 0.0099 0.0054 0.0003 0.0107 0.0054 0.0003 0.0107 0.0052 

 
 
 
 
 

Table C.5. Predictive concentration uncertainty (coefficient of variation) for the 
measurement error CV of 0.0324 at three demand conditions (Net2A): Model prediction 

uncertainty statistics given for all data collected nodes 
 

Coefficient of variation 
(CV) for extreme low 

demand condition 

Coefficient of variation (CV) 
for average demand condition 

Coefficient of variation 
(CV) for extreme high 

demand condition 

Pulse 
injection 

time 
Min max avg min max avg min max avg 

12am 0.0005 0.0087 0.0035 0.0006 0.0085 0.0034 0.0006 0.0081 0.003 
6am 0.0005 0.0090 0.0037 0.0006 0.0088 0.0035 0.0006 0.0084 0.003 

12pm 0.0005 0.0085 0.0036 0.0006 0.0083 0.0034 0.0006 0.0079 0.003 
6pm 0.0004 0.0084 0.0035 0.0006 0.0082 0.0033 0.0006 0.0078 0.003 

 
 
 
 



 191

 
Table C.6. Optimal wall decay coefficient for the measurement error CV of 0.1:  

pulse injected at different times (Net2A) 
 

True values 
(day-1) 

Pulse injection 
time 

Optimal parameter 
values (day-1) 

Optimal 
objective 

value 

Normalized 
objective 

value* 
12am -0.523, -0.386, -0.326 9.8263 0.0341 
6am -0.552, -0.365, -0.294 10.194 0.0354 

12pm -0.489, -0.437, -0.301 12.748 0.0443 

 
-0.5,-0.4,-0.3 

6pm -0.533, -0.382, -0.295 15.272 0.0530 
 

 
 
 

Table C.7. Parameters uncertainty for the measurement error CV of 0.1: pulse 
injected at different times (Net2A) 

 
Standard deviation (day-1) Pulse injection 

time kw1 kw2 kw3 
12am 0.0325 0.0335 0.0321 
6am 0.0341 0.0339 0.0314 

12pm 0.0366 0.0407 0.0343 
6pm 0.0409 0.0407 0.0364 

 
 
 
 
 

Table C.8. Assessment of predictive concentration uncertainty (standard deviation) for 
the measurement error CV of 0.1 at three demand conditions (Net2A): Model prediction 

uncertainty statistics given for all data collected nodes 
 

 
Standard deviation for 
extreme low demand 

condition (mg/l) 

Standard deviation for average 
demand condition (mg/l) 

Standard deviation for 
extreme high demand 

condition (mg/l) 

Pulse 
injection 

time 
Min max avg min max avg Min max avg 

12am 0.0008 0.0307 0.0164 0.0009 0.0329 0.0165 0.001 0.0327 0.016 
6am 0.0009 0.0330 0.0171 0.0010 0.0352 0.0172 0.001 0.0350 0.017 

12pm 0.0009 0.0330 0.0185 0.0011 0.0351 0.0185 0.001 0.0351 0.018 
6pm 0.0009 0.0377 0.0202 0.0012 0.0404 0.0203 0.001 0.0402 0.019 
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Table C.9. Assessment of predictive concentration uncertainty (coefficient of variation) 
for the measurement error CV of 0.1 at three demand conditions (Net2A): Model 

prediction uncertainty statistics given for all data collected nodes 
 

 
Coefficient of variation 
(CV) for extreme low 

demand condition 

Coefficient of variation (CV) 
for average demand condition 

Coefficient of variation (CV) 
for extreme high demand 

condition 

Pulse 
injection 

time 
Min max avg min max avg min max avg 

12am 0.001 0.026 0.011 0.0016 0.0251 0.0101 0.0017 0.0237 0.0097 
6am 0.002 0.028 0.011 0.0017 0.0265 0.0106 0.0019 0.0251 0.0101 

12pm 0.002 0.028 0.012 0.0019 0.0278 0.0114 0.0021 0.0263 0.0109 
6pm 0.002 0.031 0.013 0.0020 0.0308 0.0124 0.0023 0.0291 0.0118 

 
 
 
 

Table C.10. Optimal wall decay coefficient for different field conditions for the 
measurement error CV of 0.1 (Net2A) 

 
Different field  

conditions 
Optimal parameter 

values (day-1) 
Optimal 
objective 

value 

Normalized 
objective 

value* 
Base condition -0.523, -0.386, -0.326 9.8263 0.0341 

Without tracer injection -0.451, -0.472, -0.265 11.168 0.0388 
kw values are 3 times of base kw  -0.841, -1.314, -1.356 7.3918 0.0257 

Hourly data collected in last 24 hours -0.511, -0.433, -0.256 6.1381 0.0213 
 

 
 
 

Table C.11. Parameters uncertainty for different field conditions for the 
measurement error CV of 0.1 (Net2A) 

 
Standard deviation (day-1) Different field  

conditions kw1 kw2 kw3 
Base condition 0.0325 0.0335 0.0321 

Without tracer injection 0.0354 0.0451 0.0307 
kw values are 3 times of base kw 0.0406 0.1064 0.0881 

Hourly data collected in last 24 hours 0.0541 0.0590 0.0427 
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Table C.12. Predictive concentration uncertainty (standard deviation) for different field 
conditions for the measurement error CV of 0.1at three demand conditions (Net2A): 

Model prediction uncertainty statistics given for all data collected nodes 
 

 
Standard deviation for average demand 

condition (mg/l) 
Different field  

conditions 
minimum maximum average 

Base condition 0.0009 0.0329 0.0165 
Without tracer injection 0.0012 0.0362 0.0187 

kw values are 3 times of base kw 0.0003 0.0233 0.0113 
Hourly data collected in last 24 hours 0.0053 0.0481 0.0281 

 
 
 

Table C.13. Predictive concentration uncertainty (coefficient of variation) for different 
field conditions for the measurement error CV of 0.1 at three demand conditions 

(Net2A): Model prediction uncertainty statistics given for all data collected nodes 
 

 
Coefficient of variation (CV) for 

average demand condition 
Different field  

conditions 
minimum maximum average 

Base condition 0.0016 0.0251 0.0101 
Without tracer injection 0.0019 0.0292 0.0114 

kw values are 3 times of base kw 0.0005 0.0268 0.0085 
Hourly data collected in last 24 hours 0.0059 0.0382 0.0175 

 
 
 

Table C.14. Comparison of predictive uncertainty assessed by MCS and FOSM 
(Net2A) 

 
Standard deviation for average demand 

condition (mg/l) 
Different field  

conditions 
minimum maximum average 

MCS 0.0071 0.0357 0.0198 
FOSM 0.0074 0.0381 0.0210 
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Table C.15. Optimal wall decay coefficient for the measurement error CV of 0.1:  
pulse injected at different times (Example 2 network) 

 
True values 

(day-1) 
Pulse injection 

time 
Optimal parameter 

values (day-1) 
Optimal 

objective value 
Normalized 

objective value* 
12am -0.453, -0.344, -0.349 42.1 0.0626  

-0.5,-0.4,-0.3 6am -0.437, -0.358, -0.334 48.7 0.0725 
 

 
 

Table C.16. Parameters uncertainty for the measurement error CV of 0.1: pulse 
injected at different times (Example 2 network) 

 
Standard deviation (day-1) Pulse injection 

time kw1 kw2 kw3 
12am 0.0556 0.0419 0.0252 
6am 0.0596 0.0440 0.0257 

 
 
 

Table C.17. Assessment of predictive concentration uncertainty (standard deviation) for 
the measurement error CV of 0.1 at three demand conditions: parameters estimated for 

the pulse injected at different times (Example 2 network) 
 

Extreme low demand 
condition (mg/l) 

Average demand 
condition (mg/l) 

Extreme high demand 
condition (mg/l) 

Pulse 
injection 

time min max avg min max avg min max avg 
 Model prediction uncertainty statistics considering all data collected nodes 

12am 0.001 0.054 0.016 0.002 0.045 0.014 0.002 0.040 0.013
6am 0.001 0.056 0.017 0.002 0.050 0.015 0.002 0.044 0.014

 Model prediction uncertainty statistics for node 45 
12am 0.012 0.054 0.031 0.014 0.041 0.025 0.014 0.034 0.021
6am 0.012 0.055 0.032 0.014 0.043 0.026 0.015 0.036 0.021

 Model prediction uncertainty statistics for node 69 
12am 0.006 0.044 0.022 0.006 0.035 0.017 0.010 0.022 0.014
6am 0.006 0.046 0.023 0.007 0.036 0.017 0.010 0.023 0.014

 Model prediction uncertainty statistics for node 79 
12am 0.001 0.027 0.019 0.001 0.032 0.024 0.002 0.032 0.024
6am 0.001 0.029 0.020 0.002 0.034 0.025 0.002 0.034 0.025
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Table C.18. Optimal wall decay coefficient for the measurement error CV of 0.1:  
pulse injected at different magnitudes (Example 2 network) 

 
True values 

(day-1) 
Pulse 

magnitude 
Optimal parameter 

values (day-1) 
Optimal 

objective value 
Normalized 

objective 
value* 

1.5 mg/L -0.567, -0.418, -0.255 40.9 0.0609 
3.0 mg/L -0.453, -0.344, -0.349 42.1 0.0626 

 
-0.5,-0.4,-0.3 

6.0 mg/L -0.413, -0.378, -0.328 46.5 0.0692 
 

 
Table C.19. Parameters uncertainty for the measurement error CV of 0.1: pulse 

injected at different magnitudes (Example 2 network) 
 

Standard deviation (day-1) Pulse magnitude 
kw1 kw2 kw3 

1.5 mg/L 0.0601 0.0431 0.0214 
3.0 mg/L 0.0556 0.0419 0.0252 
6.0 mg/L 0.0534 0.0444 0.0252 

 
 

Table C.20. Assessment of predictive concentration uncertainty (standard deviation) for 
the measurement error CV of 0.1 at three demand conditions: parameters estimated for 

the pulse injected at different magnitudes (Example 2 network) 
 

Extreme low demand 
condition (mg/l) 

Average demand 
condition (mg/l) 

Extreme high demand 
condition (mg/l) 

Pulse 
magnitude 

min max avg min max avg min max avg 
 Model prediction uncertainty statistics considering all data collected nodes 

1.5 mg/L 0.001 0.049 0.016 0.002 0.043 0.014 0.002 0.040 0.013
3.0 mg/L 0.001 0.054 0.016 0.002 0.045 0.014 0.002 0.040 0.013
6.0 mg/L 0.001 0.054 0.016 0.002 0.046 0.014 0.002 0.040 0.013

 Model prediction uncertainty statistics for node 45 
1.5 mg/L 0.011 0.049 0.030 0.013 0.039 0.024 0.014 0.033 0.020
3.0 mg/L 0.012 0.054 0.031 0.014 0.041 0.025 0.014 0.034 0.021
6.0 mg/L 0.012 0.054 0.032 0.014 0.042 0.026 0.015 0.036 0.021

 Model prediction uncertainty statistics for node 69 
1.5 mg/L 0.005 0.042 0.021 0.006 0.034 0.017 0.010 0.022 0.014
3.0 mg/L 0.006 0.044 0.022 0.006 0.035 0.017 0.010 0.022 0.014
6.0 mg/L 0.006 0.046 0.022 0.006 0.036 0.017 0.010 0.022 0.014

 Model prediction uncertainty statistics for node 79 
1.5 mg/L 0.001 0.032 0.022 0.002 0.035 0.025 0.002 0.033 0.024
3.0 mg/L 0.001 0.027 0.019 0.001 0.032 0.024 0.002 0.032 0.024
6.0 mg/L 0.001 0.028 0.020 0.002 0.034 0.025 0.002 0.034 0.024



 196

Table C.21. Optimal wall decay coefficient for the measurement error CV of 0.1:  
pulse injected at different durations (Example 2 network) 

 
True values 

(day-1) 
Pulse durations Optimal parameter 

values (day-1) 
Optimal 

objective value 
Normalized 

objective 
value* 

1 hr -0.383, -0.518, -0.268 43.0 0.0640 
2 hr -0.453, -0.344, -0.349 42.1 0.0626 

 
-0.5,-0.4,-0.3 

3 hr -0.599, -0.388, -0.311 41.5 0.0618 
 
 
 

Table C.22. Parameters uncertainty for the measurement error CV of 0.1: pulse 
injected at different durations (Example 2 network) 

 
Standard deviation (day-1) Pulse durations 

kw1 kw2 kw3 
1 hr 0.0555 0.0473 0.0228 
2 hr 0.0556 0.0419 0.0252 
3 hr 0.0603 0.0426 0.0236 

 
 

Table C.23. Assessment of predictive concentration uncertainty (standard deviation) for 
the measurement error CV of 0.1 at three demand conditions: parameters estimated for 

the pulse injected at different durations (Example 2 network) 
 

Extreme low demand 
condition (mg/l) 

Average demand 
condition (mg/l) 

Extreme high demand 
condition (mg/l) 

Pulse 
durations 

min max avg min max avg min max avg 
 Model prediction uncertainty statistics considering all data collected nodes 

1 hr 0.001 0.056 0.016 0.002 0.050 0.014 0.002 0.043 0.013
2 hr 0.001 0.054 0.016 0.002 0.045 0.014 0.002 0.040 0.013
3 hr 0.001 0.051 0.016 0.002 0.042 0.014 0.002 0.039 0.013

 Model prediction uncertainty statistics for node 45 
1 hr 0.010 0.045 0.029 0.013 0.038 0.025 0.015 0.033 0.021
2 hr 0.012 0.054 0.031 0.014 0.041 0.025 0.014 0.034 0.021
3 hr 0.011 0.051 0.030 0.014 0.040 0.024 0.014 0.033 0.020

 Model prediction uncertainty statistics for node 69 
1 hr 0.005 0.041 0.021 0.006 0.034 0.017 0.010 0.022 0.014
2 hr 0.006 0.044 0.022 0.006 0.035 0.017 0.010 0.022 0.014
3 hr 0.006 0.043 0.021 0.006 0.034 0.017 0.010 0.021 0.014

 Model prediction uncertainty statistics for node 79 
1 hr 0.001 0.032 0.021 0.002 0.036 0.025 0.002 0.034 0.025
2 hr 0.001 0.027 0.019 0.001 0.032 0.024 0.002 0.032 0.024
3 hr 0.001 0.028 0.020 0.001 0.033 0.024 0.002 0.032 0.023
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Table C.24. Optimal wall decay coefficient for the measurement error CV of 0.1:  
booster pulse injected at different satellite locations (Example 2 network) 

 
True values 

(day-1) 
Injection conditions Optimal parameter 

values (day-1) 
Optimal 
objective 

value 

Normalized 
objective 

value* 
Pulse only -0.997, -0.133, -0.355 0.8 0.0011 

Continuous only -0.479, -0.394, -0.299 39.4 0.0586 
Without tank -0.589, -0.290, -0.327 50.5 0.0751 

Pulse only at source -0.453, -0.344, -0.349 42.1 0.0626 
Booster pulse at node 15 -0.525, -0.438, -0.291 42.4 0.0631 
Booster pulse at node 31 -0.436, -0.464, -0.280 40.3 0.0600 
Booster pulse at node 59 -0.497, -0.382, -0.319 44.7 0.0665 

 
 
 

-0.5,-0.4,-0.3 

Booster pulse at node 68 -0.606, -0.368, -0.313 39.1 0.0582 
 

 
 

Table C.25. Parameters uncertainty for the measurement error CV of 0.1: booster 
pulse injected at different satellite locations (Example 2 network) 

 
Standard deviation (day-1) Injection conditions 

kw1 kw2 kw3 
Pulse only 0.0407 0.0997 0.0301 

Continuous only 0.0570 0.0420 0.0228 
Without tank 0.0666 0.0422 0.0259 

Pulse only at source 0.0556 0.0419 0.0252 
Booster pulse at node 15 0.0584 0.0447 0.0232 
Booster pulse at node 31 0.0534 0.0439 0.0222 
Booster pulse at node 59 0.0589 0.0443 0.0248 
Booster pulse at node 68 0.0590 0.0411 0.0230 
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Table C.26. Assessment of predictive concentration uncertainty (standard deviation) for 
the measurement error CV of 0.1 at three demand conditions: parameters estimated for 

different tracer tests including booster injections (Example 2 network) 
 

Extreme low demand 
condition (mg/l) 

Average demand 
condition (mg/l) 

Extreme high demand 
condition (mg/l) 

Injection conditions 

min max avg min max avg min max avg 
 Model prediction uncertainty statistics considering all data collected nodes 

Pulse only 0.001 0.209 0.032 0.001 0.142 0.025 0.002 0.110 0.021 
Continuous only 0.001 0.050 0.016 0.001 0.045 0.014 0.002 0.040 0.013 

Without tank 0.001 0.060 0.017 0.002 0.047 0.015 0.002 0.043 0.014 
Pulse only at source 0.001 0.054 0.016 0.002 0.045 0.014 0.002 0.040 0.013 

Booster pulse at node 15 0.001 0.049 0.016 0.002 0.044 0.014 0.002 0.039 0.013 
Booster pulse at node 31 0.001 0.050 0.016 0.002 0.045 0.014 0.002 0.040 0.013 
Booster pulse at node 59 0.001 0.053 0.017 0.002 0.046 0.014 0.002 0.042 0.013 
Booster pulse at node 68 0.001 0.051 0.016 0.002 0.041 0.014 0.002 0.037 0.013 

 Model prediction uncertainty statistics for node 45 
Pulse only 0.038 0.209 0.104 0.043 0.142 0.077 0.039 0.110 0.059 

Continuous only 0.011 0.050 0.030 0.013 0.039 0.024 0.014 0.033 0.020 
Without tank 0.013 0.060 0.034 0.015 0.045 0.026 0.015 0.037 0.022 

Pulse only at source 0.012 0.054 0.031 0.014 0.041 0.025 0.014 0.034 0.021 
Booster pulse at node 15 0.011 0.049 0.030 0.013 0.039 0.025 0.015 0.033 0.021 
Booster pulse at node 31 0.010 0.046 0.029 0.013 0.037 0.024 0.015 0.032 0.020 
Booster pulse at node 59 0.012 0.053 0.032 0.014 0.042 0.025 0.015 0.035 0.021 
Booster pulse at node 68 0.011 0.051 0.030 0.013 0.039 0.024 0.014 0.033 0.020 

 Model prediction uncertainty statistics for node 69 
Pulse only 0.018 0.150 0.071 0.019 0.107 0.051 0.027 0.068 0.040 

Continuous only 0.005 0.042 0.021 0.006 0.033 0.016 0.010 0.021 0.014 
Without tank 0.006 0.048 0.023 0.006 0.037 0.017 0.010 0.023 0.015 

Pulse only at source 0.006 0.044 0.022 0.006 0.035 0.017 0.010 0.022 0.014 
Booster pulse at node 15 0.006 0.042 0.021 0.006 0.034 0.017 0.010 0.022 0.014 
Booster pulse at node 31 0.005 0.040 0.021 0.006 0.033 0.016 0.010 0.021 0.014 
Booster pulse at node 59 0.006 0.045 0.022 0.006 0.035 0.017 0.010 0.023 0.014 
Booster pulse at node 68 0.005 0.043 0.021 0.006 0.033 0.016 0.010 0.021 0.013 

 Model prediction uncertainty statistics for node 79 
Pulse only 0.001 0.058 0.027 0.002 0.047 0.032 0.002 0.047 0.031 

Continuous only 0.001 0.029 0.020 0.001 0.033 0.024 0.002 0.032 0.023 
Without tank 0.001 0.030 0.021 0.002 0.036 0.026 0.002 0.035 0.025 

Pulse only at source 0.001 0.027 0.019 0.001 0.032 0.024 0.002 0.032 0.024 
Booster pulse at node 15 0.001 0.030 0.021 0.002 0.034 0.025 0.002 0.033 0.024 
Booster pulse at node 31 0.001 0.030 0.020 0.001 0.034 0.024 0.002 0.033 0.023 
Booster pulse at node 59 0.001 0.029 0.020 0.001 0.034 0.025 0.002 0.034 0.024 
Booster pulse at node 68 0.001 0.028 0.019 0.001 0.032 0.023 0.002 0.032 0.023 

 
 
 

 
 
 



 199

Table C.27. Optimal wall decay coefficient for the measurement error CV of 0.1:  
different wall decay coefficients magnitudes (Example 2 network) 

 
True values 

(day-1) 
Coefficients 
magnitudes 

Optimal parameter 
values (day-1) 

Optimal 
objective value 

Normalized 
objective value* 

-0.5,-0.4,-0.3 base -0.453, -0.344, -0.349 42.1 0.0626 
-1.5,-1.2,-0.9 3 times larger -1.768, -1.206, -0.876 31.6 0.0470 

 
 
 

Table C.28. Parameters uncertainty for the measurement error CV of 0.1: different 
wall decay coefficients magnitudes (Example 2 network) 

 
Standard deviation (day-1) Coefficients 

magnitudes kw1 kw2 kw3 
base 0.0556 0.0419 0.0252 

3 times larger 0.0975 0.0700 0.0461 
 

 
 

Table C.29. Assessment of predictive concentration uncertainty (standard deviation) for 
the measurement error CV of 0.1 at three demand conditions: parameters estimated 

considering different wall decay coefficients magnitudes (Example 2 network) 
 

Extreme low demand 
condition (mg/l) 

Average demand 
condition (mg/l) 

Extreme high demand 
condition (mg/l) 

Coefficients 
magnitudes 

min max avg min max avg min max avg 
 Model prediction uncertainty statistics considering all data collected nodes 

Base 0.001 0.054 0.016 0.002 0.045 0.014 0.002 0.040 0.013
3 times larger 0.000 0.029 0.013 0.001 0.029 0.013 0.001 0.028 0.013

 Model prediction uncertainty statistics for node 45 
Base 0.012 0.054 0.031 0.014 0.041 0.025 0.014 0.034 0.021

3 times larger 0.008 0.027 0.020 0.011 0.027 0.020 0.016 0.025 0.019
 Model prediction uncertainty statistics for node 69 

Base 0.006 0.044 0.022 0.006 0.035 0.017 0.010 0.022 0.014
3 times larger 0.005 0.027 0.016 0.006 0.029 0.015 0.011 0.019 0.014

 Model prediction uncertainty statistics for node 79 
Base 0.001 0.027 0.019 0.001 0.032 0.024 0.002 0.032 0.024

3 times larger 0.000 0.014 0.009 0.001 0.018 0.013 0.001 0.020 0.016
 
 
*Normalized objective value is defined as the average least square error which is total optimal 
objective value divided by the number of data. 
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Fig. C.1.  Three steps of the water quality model calibration assessment procedure 

 
 
 
  
 
 
 
 
 
 
 
 
 
 

Step1. Parameter estimation: 
Wall decay parameters are estimated given a 

set of field measurements. 

Step 2. Parameter Uncertainty Evaluation: 
Parameter uncertainties are evaluated by first-

order approximation. 

Step 3. Model Prediction Uncertainty 
Assessment: 

Predictive uncertainties due to uncertain 
parameters are assessed for different critical 
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Fig. C.2. Example Net2A 
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Fig. C.3. Predictive uncertainty at node 11  
 
 
 

 
Fig. C.4. Predictive uncertainty at node 24 
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Fig. C.5. Example 2 network 
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APPENDIX D 

Locating Satellite Booster Disinfectant Stations 
 
 

(Submitted for possible publication to the ASCE Journal of Water Resources Planning 
and Management (accepted)) 

 
 

 

 

 

 

 



 

 

205

Locating Satellite Booster Disinfectant Stations 
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Abstract  

 

Booster disinfectant is introduced within a distribution system to maintain 

disinfectant residuals and avoid high dosages at water sources. Assuming that first order 

reaction kinetics apply to chlorine decay, an integer linear programming optimization 

problem is posed to booster locations and their injection rates. The formulation avoids 

long water quality simulations by adding constraints requiring the concentrations at the 

beginning and end of the design period to be the same.  The optimization problem is 

divided into two levels. The upper level selects the booster locations using a genetic 

algorithm, if more than a few boosters are included, or enumeration, if the number of 

boosters and/or potential locations is relatively small. Given a set of boosters from the 

upper level, the lower level minimizes the chlorine mass to be injected to maintain 

required residuals. The approach is applied to the Brushy Plains system for alternative 

numbers of allowable boosters. 
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Introduction 

Water quality regulations require that adequate disinfectant residuals are 

maintained at the most distant user in the distribution system. The travel time through 

the system is a key element in defining residual concentrations.  Long residence times 

in the tank, general system hydraulics, and the size and condition of the pipes 

themselves are all factors that contribute to chlorine reduction to levels where microbes 

could proliferate.  Mixing of water with different disinfectant levels complicates 

determining the chlorine level at any point over time.  

Since water distribution networks are often large and a major capital 

expenditure, it is not feasible to reconfigure them to obtain a more favorable hydraulic 

scheme that will improve chlorine distribution and residuals.  From a simplistic 

operations perspective, the solution to diminished disinfectant is to increase dosages at 

the water source.  These injections ease the problem associated with low residuals but 

may result in extremely high chlorine levels for users near these sources and promote 

the formation of harmful disinfection by-products such as trihalomethanes and 

haloacetic acids. 

Hydraulic controls including pump operations, tank levels, and valve settings 

can contribute in satisfying residual requirements. If these techniques are not 

satisfactory in terms of raising water quality or cost, satellite booster disinfection 

injection can be introduced. Pump operations intend to modify the flows and tank 

retention times while satellite injection stations supply additional chlorine in localized 

areas. The net effect is a reduction of the total mass of chlorine required, the high 
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dosages at the source, and the resulting disinfection by-products that form during 

transport. Booster injectors may be installed at various locations throughout the system 

to inject chlorine and increase disinfectant levels at required points in the system.  The 

dosage injected by these boosters can be constant or vary in time.  

 

Background 

A number of models for optimizing booster injection and location have been 

proposed. Shamir and Howard (1991) first recognized that the principle of linearity 

applies to distribution system injection assuming first order decay reactions and fixed 

hydraulic conditions. Pool and Lansey (1997) and Boccelli et al (1998) presented linear 

optimization models for determining optimal injection policies to minimize the total mass 

of injection using this assumption. Linearity has been assumed in other models for 

booster operation using alternative objective functions (Constans et al (2000), Harmant et 

al (2000), and Propato and Uber (2004a)). Munavalli and Kumar (2004) solved the 

nonlinear optimization problem resulting when non-first order reaction kinetics are 

incorporated by linking a water quality simulation model with a genetic algorithm.  

Similarly, Sakaraya and Mays (2000) and Ostfeld and Salomons (2004) directly included 

a water quality simulation model within stochastic search optimization schemes to 

determine hydraulic controls and injection rates that satisfy residual requirements. 

Again assuming first order kinetics, Pool and Lansey (1997) formulated a model 

for booster locations as an integer linear optimization problem. Tryby et al (2002) 

extended and solved this model. Propato and Uber (2004b) solved the booster location 
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problem considering a uniformity objective rather than a mass of injection. Prasad et al 

(2005) considered multiple objectives and used a genetic algorithm to determine booster 

locations and operations.  All of these location models assume first order reaction 

kinetics. The difficulty in these formulations is computing linear response coefficients 

that describe the impact of injections at a particular location and time on water quality at 

another location and time. Published formulations require water quality to reach cyclical 

steady state conditions.  For large systems with tanks, effects of injections may persist for 

days. Tryby et al (2002) required a 1000 hr simulation period to assure a cyclical 

condition. Thus, the number of response coefficients is extremely large.  This note 

presents and demonstrates a modification to the problem formulation that can be adopted 

in any of the above booster location formulations to avoid this problem.    

 

Problem Formulation 

Locating booster stations is an extension of the booster operation problem. Here, 

the decisions are the location of boosters and their injection rates for a typical day. 

Possible objectives of the location/operation problem are to minimize the mass of 

chlorine injected for a desired number of satellite boosters or minimize the cost of new 

booster stations while limiting the injected chlorine mass. Other objectives including the 

uniformity measures that are functions of the chlorine injection from recent works 

(Propato and Uber (2004b) and Prasad et al (2005)) can also be considered. For ease of 

presentation, here we minimize the total mass of supplied chlorine to the system or: 
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Minimize: Total mass of chlorine supplied to the system  
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where the decision variables are the injection mass rates, tinj
ibu , the initial nodal 

concentrations, Cir,0, and the booster location decisions, ηib. tinj
ibQ  is the flow passing the 

booster or source location, tinj
ibu  is the mass concentration injection rate (i.e., mg/L) at that 

location at time tinj, and ∆t is the time step duration. Their product is the mass of 

disinfectant supplied at that location and time. The total mass supplied to the system is 

the summation over the time period of NT periods and the number of boosters, NB, and 

source inputs, NS (Eq. 1). In a similar formulation without Eq. 3, Boccelli et al (1998) 

examined alternative injection strategies (fixed, setpoint, etc.) that pose added constraints 
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on the injection rates (e.g., constant over time).  Any injection strategy may also be used 

here. 

Eq. 2 constrains the nodal and tank concentrations, Cir,tr, to be between their 

acceptable limits for all locations ir (nodes and tanks) and times tr. For ease of 

presentation, tanks are considered as nodes. Under the assumption of fixed hydraulics, 

any tank representation can be used in this formulation. Since the injection process does 

not affect water movement, it can be shown that if chlorine decay follows a first order 

reaction and flow conditions are fixed, the change in response at a node is linear with 

respect to injection rate at a booster location. That is, the chlorine change in response, C, 

at node ir at time tr to a unit injection, CI, at booster ib at time tinj is a constant 

tinj
ibtr,ir

tinj,ib
tr,ir CIC ∂∂=α . For the linear system, if tinj

ibu units of chlorine per unit volume are 

injected at node ib at time tinj, the total response at node ir at time tr is tinj,ib
tr,irα tinj

ibu . Thus 

in the first summation in Eq. 2, the response coefficients, �, are scaled by the injection 

rate to determine the total response to an injection and summed over the injection 

locations and times which is consistent with previous formulations.  

The response coefficients, tinj,ib
tr,irα , are computed numerically by water quality 

simulations. These model runs are completed for a defined set of hydraulic controls (i.e., 

pump operations, valve settings and tank operating criteria). The simplest computation 

approach is to inject one unit of chlorine mass per volume during one time period from 

one booster for �. The coefficients at all nodes ir for all times tr are the nodal 

concentrations computed by the simulation model. This procedure is repeated for all 
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booster locations for all injection times. In this application, EPANET Toolkit (Rossman 

(2000)) was used to simplify this process. 

The second summation term in Eq. 2 is required since the initial concentrations 

are decision variables in this formulation. This summation introduces the impact of the 

initial concentrations throughout the system over time. The effect of the initial condition 

is linear and the response coefficients εrn,tr can be computed by imposing a unit 

concentration at a node at time 0, simulating the system and determining the responses at 

all response nodes at all times. This process is completed for all nodes. By linear system 

properties of proportionality and superposition, the resulting impact on concentrations at 

all nodes is determined by multiplying the ε  values by the initial nodal concentration, 

Crn,0 and summing over all locations. 

Eq. 3 provides the desired cyclical condition by requiring that the beginning nodal 

concentration (Cir,0) equals the ending concentrations (Cir,final) at each node and tank. 

Typically, a representative day over which the hydraulic conditions were cyclical would 

be considered; but that is not required. For example, if a large tank is filled over low 

demand weekend days and storage decreases during the following week then a weekly 

cyclical period may be used. It is not inconceivable (but not presented here) that more 

than one representative day is considered and a weighted injection mass is optimized.  

All initial nodal concentrations are decision variables while the final system state 

is dependent upon the initial system concentrations and the injections. Requiring the 

concentrations to be the same is identical to the cyclical steady state condition used in 

previous formulations. However, long simulation periods to reach a cyclical condition are 
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not required when evaluating for the response coefficients. During the model application 

of the model, some LP solvers may have difficulty with equality constraints in large 

problems.  Relaxing Eq. 3 to a greater than or equal to constraint is also acceptable for 

this objective.  As the problem intends to minimize the injected mass of disinfectant, the 

final concentrations will be made a small as possible and an inequality will require 

reducing the initial concentrations and become an equality. 

The last three constraints (Eqs. 4-6) define if a booster is located at location ib. 

PW in Eq. 4 is a large positive number. Since ηib is a binary variable (Eq. 6), if the model 

selects to inject any chlorine at location ib at any time, ηib must be set equal to one to 

satisfy Eqs. 4 and 6. The number of injectors included in the design must be less than the 

maximum number of allowable boosters, ηmax (Eq. 5).  

A few points regarding implementation of the linear system assumption and 

cyclical condition must be clarified.  First, any tank representation can be evaluated in 

this formulation. However, to assure a periodic pattern in multiple compartment, last-in-

first-out (LIFO) or first-in-first-out (FIFO) tank models, the optimization model must be 

expanded by adding constraints requiring the initial and final concentrations to be equal 

for each compartment or water volume and those initial and final concentrations as 

decision variables.  The response to those initial concentrations must be evaluated as for a 

single completely mixed tank. Second, to reduce off-line calculations of response 

coefficients and size of the optimization problem, a set of critical nodes can be identified 

where the chlorine concentrations may be near their minimum allowable values and only 

the responses at those locations to the booster injection and initial conditions are 
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necessary. Responses of the water quality throughout the system to the initial conditions 

must be developed for that set of critical nodes and for all nodes at the end of the cycle.  

Finally, the only locations that are guaranteed to be in a cyclical condition are at nodes 

and tanks. The water quality at other locations in pipes may not match the initial 

condition (in this case the assumed distribution defined by EPANET). If significant 

differences occur in long pipes or pipes with flow reversals, to reduce those differences 

dummy nodes can be added in those links with appropriate constraints (Eq. 3).  

     

Solution Methodology 

This problem can be solved as an integer linear programming methods using 

branch and bound techniques (B&B) or discrete stochastic search approaches such as a 

genetic algorithm (GA). For small problems with few potential injector locations, 

complete enumeration is preferable. In all of the approaches a two-level approach is 

likely most efficient.  The upper level defines the booster locations from the candidate 

set. A linear programming subproblem (Eqs. 1-4) is then solved to determining the 

optimal injected disinfection mass required for those boosters. This information is passed 

to the upper level and a new set of boosters is selected using the logic of the approaches 

noted above (i.e., GA, B&B, and enumeration).  This process continues until the upper 

level optimization method converges to an optimal booster set. 

 

Application 

Network 2 in the EPANET Users Manual was considered in a slightly modified 
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form as an application system (Figure 1).  Network parameters and demands are as listed 

in the EPANET User’s manual. This network covers approximately two square miles and 

is located in a primarily residential area.  Water is supplied to the system via pumps 

located at Node 1 and takes up to nearly 2 days to reach nodes in the upper portion of the 

network with water supplied directly from the source or held in the completely mixed 

tank for some time.  The 24 hour demand pattern multipliers were taken from (McGhee 

(1991)).   

It was assumed that the source concentration could be varied in conjunction with 

nodal injections. The minimum and maximum allowable nodal concentrations were 0.5 

and 4.0 mg/l, respectively, for all times and nodes. For source and tank booster injections 

injection modeling, dummy nodes are added just downstream of pump station and tank, 

respectively. 

 Although unlikely, boosters were allowed to be installed on the downstream side 

of any node. Response coefficients were computed for all nodes for initial concentrations 

and all times for all times during the one day cycle. Optimal locations and injection 

policies were developed for seven cases.  First, a system without boosters was analyzed 

(ηmax equal to 0).  A total chlorine mass of 11.1 kg/day was needed at varying source 

concentrations through the day.  At the other extreme, thirty six injectors (35 nodes plus 

the source) will require the least injected mass of chlorine.  A single linear program with 

all η’s equal to one resulted in an injected chlorine mass of 3.27 kg/day. All thirty six 

injectors operated sometime during the day.   



 

 

215

 Next, problems were solved by permitting one to five boosters to be installed at 

any of the thirty five nodes.  The temporal pattern for the source concentration was a 

decision in all of the problems. One and two booster problems were solved by 

enumeration and three to five boosters were solved by a GA as the upper level algorithm.  

Figure 2 shows the change in total mass injected.  With one booster, the mass 

requirement is about half of the source only mass demand, but the mass requirement is 

about 13% larger than the least possible mass with 5 boosters. When one booster was 

allowed, it was located at node 36 near the tank outlet which impacted most of the nodes. 

The optimal locations for two and three boosters were nodes 13 and 37 and nodes 9, 13, 

and 37.  The four boosters were installed at locations 9, 14, 34, and 37. Finally, the 

optimal locations for the five boosters were nodes 9, 15, 22, 36, and 37. 

 

Conclusion 
 
 To simplify solving for optimal satellite booster locations, a constraint requiring 

initial and final concentrations to be equivalent for all nodes can be added to the booster 

location problem formulation.  This constraint significantly reduces the computational 

burden of calculating response coefficients since only a single cycle must be considered.  

The approach is appropriate for zero and first order reaction kinetics. A few non-

restrictive limitations also apply. The extended model was formulated for a literature 

problem and solved using a combination of linear programming with a genetic algorithm 

or enumeration.  The successful results demonstrated the tradeoff between the number of 

boosters added and the mass of chlorine added to the system. 
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Table D.1. Demand multiplier versus times for application network 
 

Time Demand multiplier Time Demand Multiplier 
M – 1 am 0.5 N – 1 pm 1.16 
1 - 2 am 0.48 1 - 2 pm 1.17 
2 - 3 am 0.45 2 - 3 pm 1.21 
3 - 4 am 0.4 3 - 4 pm 1.23 
4 - 5 am 0.46 4 - 5 pm 1.36 
5 - 6 am 0.64 5 - 6 pm 1.57 
6 - 7 am 0.85 6 - 7 pm 1.75 
7 - 8 am 1.2 7 - 8 pm 1.5 
8 - 9 am 1.37 8 - 9 pm 1.15 

9 - 10 am 1.27 9 - 10 pm 0.85 
10 - 11 am 1.16 10 - 11 pm 0.66 
11 am - N 1.15 11 pm - M 0.58 
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Legend: Booster locations 
 One booster 

Two boosters 

Three boosters 

Four boosters 

Fig. D.1. Schematic of example distribution system and optimal satellite booster 
injector locations for different number of allowable boosters.  Symbols indicate 
optimal locations for different number of boosters 
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Fig. D.2. Total mass of chlorine injected for different number of allowable satellite 
boosters.  Dashed line is the mass required with boosters downstream of each node. 
Mass required with no boosters (i.e., source injection only) is 11.1 kg/day 


