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ABSTRACT 

The goal of a water distribution system (WDS) is to supply the desired quantity of 

fresh water to consumers at the appropriate time. In order to properly operate a WDS, 

system operators need information about the system states, such as tank water level, 

nodal pressure, and water quality for the system wide locations. Most water utilities now 

have some level of SCADA (Supervisory Control and Data Acquisition) systems 

providing nearly real-time monitoring data. However, due to the prohibitive metering 

costs and lack of applications for the data, only portions of systems are monitored and the 

use of the SCADA data is limited. This dissertation takes a comprehensive view of real-

time demand estimation in water distribution systems. The goal is to develop an optimal 

monitoring system plan that will collect appropriate field data to determine accurate, 

precise demand estimates and to understand their impact on model predictions. To 

achieve that goal, a methodology for real-time demand estimates and associated 

uncertainties using limited number of field measurements is developed. Further, system 

wide nodal pressure and chlorine concentration and their uncertainties are predicted using 

the estimated nodal demands. This dissertation is composed of three journal manuscripts 

that address these three key steps beginning with uncertainty evaluation, followed by 

demand estimation and finally optimal metering layout.  

The uncertainties associated with the state estimates are quantified in terms of 

confidence limits. To compute the uncertainties in real-time alternative schemes that 

reduce computational efforts while providing good statistical approximations are 

evaluated and verified by Monte Carlo simulation (MCS). The first order second moment 

 



8 

(FOSM) method provides accurate variance estimates for pressure; however, because of 

its linearity assumption it has limited predictive ability for chlorine under unsteady 

conditions. Latin Hypercube sampling (LHS) provides good estimates of prediction 

uncertainty for chlorine and pressure in steady and unsteady conditions with significantly 

less effort. 

For real-time demand estimation, two recursive state estimators; tracking state 

estimator (TSE) based on weighted least squares (WLS) scheme and Kalman filter (KF), 

are applied. In addition, in order to find available field data types for demand estimation, 

comparative studies are performed using pipe flow rate and nodal pressure head as 

measurements. To reduce the number of unknowns and make the system solvable, nodes 

with similar user characteristics are grouped and assumed to have same demand pattern. 

The uncertainties in state variables are quantified in terms of confidence limits using the 

approximate methods (i.e., FOSM and LHS). Results show that TSE with pipe flow rates 

as measurements provide reliable demand estimations. Also, the model predictions 

computed using the estimated demands match well with the synthetically generated true 

values. 

Field measurements are critical elements to obtaining quality real-time state 

estimates. However, the limited number of metering locations has been a significant 

obstacle for the real-time studies and identifying locations to best gain information is 

critical. Here, an optimal meter placement (OMP) is formulated as a multi-objective 

optimization problem and solved using a multi-objective genetic algorithm (MOGA) 

based on Pareto-optimal solutions. Results show that model accuracy and precision 
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should be pursued at the same time as objectives since both measures have trade-off 

relationship. GA solutions were improvements over the less robust methods or designers’ 

experienced judgment. 
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1. INTRODUCTION 

Water distribution systems (WDS) are human made infrastructures consisting of a 

number of components, such as pipes, nodes, pumps, tanks, and reservoirs. The goal of 

WDS is to supply the desired quantity of high quality water to consumers. A WDS must 

be operated properly so that the system wide pressure and water quality are maintained 

within acceptable ranges; normally with an objective to minimize energy consumption or 

cost.  

In terms of system pressures, operators typically control pumps so that system 

wide pressures and storage tank water levels are maintained within acceptable limits. 

Although acceptable ranges may vary from system to system, pressures in most cases 

should be kept above 30 psi (20 m) and below 100 psi (70 m) during normal operations. 

Pressures greater than the maximum limit tend to waste water through leaks, can damage 

residential and commercial plumbing systems and possibly cause main breaks. Low 

pressures are not acceptable to customers and may have difficulty reaching the top floors 

of a multi-story building. Also during emergency conditions, such as a fire, pressures 

should be maintained above some minimum values throughout the entire system. 

Operators also must ensure that sufficient volumes of water are stored in tanks at all 

times in the event of an emergency, such as a fire, power failure, or source outage.  

Water quality standards must be met at the customer’s tap to avoid regrowth of 

potentially harmful bacteria. The most common water treatment disinfectant is chlorine. 

It is necessary to maintain the free chlorine residuals throughout the distribution system 

between minimum and maximum values for various reasons including complying with 
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the Safe Drinking Water Act. A minimum value (in the range of 0.2 mg/L) needs to be 

maintained to control the bacteria regrowth, and the maximum limit (at most 2.0 mg/L) is 

intended to avoid taste and odor complaint and the formation of potentially carcinogenic 

disinfection by-products (DBPs). On-line booster disinfection may be coupled treatment 

plant disinfection to improve the overall system’s water quality. Another concern of 

water utilities is contaminant intrusions by intention or accident. During such an event, 

disinfectant residuals are intended to maintain water quality. 

In order to operate a WDS within the acceptable ranges discussed above, system 

operators need information about tank levels, nodal pressures, pipe flows, and water 

quality. For most utilities, supervisory control and data acquisition (SCADA) systems – 

also called telemetry – provide this information. The SCADA system is a collection of 

field instruments, communication systems, and computer networks that permit a system’s 

behavior to be monitored and controlled, typically from a remote site. Real-time 

monitoring of all locations in a system is idealistic but not realistic. Due to prohibitive 

metering costs, the measurements are generally taken at only a few key locations. 

Therefore, the information provided from SCADA system is often insufficient for 

understanding the entire system. 

To fill in the gaps caused by the sparsity of measurements, SCADA systems can 

be linked with simulation models. WDS computer simulation models (hydraulics and 

water quality) intend to represent networks and serve as tools for designing a new system, 

operating a existing networks, and predicting a system’s behavior under various 

conditions. Hydraulic and water quality models require information on the current state 
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of the system, usually in the form of boundary conditions and system loadings. Boundary 

conditions, such as tank levels, pump status, and valve settings, can be obtained directly 

from the SCADA system.  

System loading conditions describe the consumers’ demands placed on the system. 

Nodal demands, among the various input parameters in simulation model, are the most 

uncertain and variable dynamic state of a WDS. Accurate knowledge of temporally and 

spatially variable water demand is a prerequisite for pressure and water quality prediction 

and consequently improving the system operations. As described below system demands 

are not typically directly measurable, however, information provided by SCADA can be 

used to estimate them. 

Figure 1 illustrates pipe network for the background area also shown in the Figure. 

A WDS for this area will consist of a set of pipes that are connected at junction locations.  

Here, only the main pipes are shown as they appear on the main streets but additional 

pipes would be located below most neighborhood streets. The degree of modeling detail 

depends on the model’s purpose and ability to represent the system.  

The service area shown in Figure 1(a) could be divided into four regions based on 

different user types. As defined in the Figure 1(b), the area can be disaggregated by 

commercial, apartments, small lot homes, and large home lots. Each user may have 

different demand patterns; residential areas water consumption is characterized by large 

peaks at the start and end of the work day but have some deviations depending on 

residence types. For example, an APT residence may have sharper peaks and slack 

periods during the mid-afternoon compared to large private homes. The commercial area 
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has a diurnal curve that rises and falls sharply at the start and end of work day and is flat 

during the work day.  

Consumer demands occur along pipes at discrete locations but are not normally 

represented in such a manner. The withdrawn water is an aggregation of the consumption 

of individual houses and buildings in the vicinity and allocated to a demand node at a 

pipe junction as shown in Figure 1(c). Dashed lines indicate polygon boundaries that are 

defined based on the approximate midpoint between demand nodes along the pipe. 

Even with this aggregation, due to the complexity of network system with 

spatially distributed user types and lack of available field data, individual node’s demand 

estimation is challenging task. This dissertation takes a comprehensive view of real-time 

demand estimation in water distribution systems by linking of SCADA systems with a 

computer simulation model. Further, using the estimated demands, system-wide state 

variables, such as nodal pressure and chlorine concentration are predicted. It is 

anticipated that this approach will assist the system operator for better system operation. 
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Figure 1. Pipe network showing different user types, demand nodes and pipes 
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1.1 Hydraulics and Water Quality Background 

WDS simulation models model the nonlinear dynamics of a system by solving the 

governing set of equations. The hydraulic relationships for a WDS are defined by 

conservation of mass and energy. Present water quality simulation is based on 

conservation of mass at a node and advective transport of constituent in a pipe system. 

 

1.1.1 Hydraulic relationships 

Steady state hydraulic relationships in WDS can be written using the nodal flow 

continuity and pipe head-loss equations. The unknowns in the equations are flows in each 

pipe, Q, and total energy head at each junction node, H. 

Flow continuity must be satisfied at each junction node: 

i
Jl

l
Jl

l qQQ
ioutiin

=− ∑∑
∈∈ ,,

                  (1) 

where Ql are the pipe flows and  is the nodal demand, and a pipe flow entering a node 

is given a positive sign.  J

iq

in,i and Jout,i are the set of pipes supplying to and carrying flow 

from node i, respectively.  

The flow head-loss equation in a pipe l connecting nodes A and B is given as: 

lLBA hHH ,=−                    (2) 

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

head loss in pipe l. The Hazen-Williams equation is commonly used for estimating the 

head-loss in WDS pipes: 

AH BH lLh ,
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where  is a unit constant, D, L, Q and  are the diameter, length, flow and Hazen-

Williams roughness coefficient of the pipe, respectively. The most efficient solution 

scheme for solving this set of nonlinear equations (Eq. (1), (2) and (3)) is the Gradient 

method (Todini and Pilati 1987); a Newton’s type method for the unknown H’s and Q’s 

given all pipe diameters, lengths and roughness coefficients and all nodal demands. To 

solve the equations, at least one point of known energy is required to provide a datum for 

the nodal heads. 

uK HWC

Steady flow simulation provides a snapshot of the system under time invariant 

conditions. However, in practice, the pressure and flow vary over time in response to 

changing demands and tank conditions. These temporal variations can be modeled in 

unsteady analyses. Generally, a quasi-dynamic analysis (known as extended period 

simulation or EPS) is performed.  An EPS is a series of steady state simulations in which 

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

time steps. 

 

1.1.2 Water quality relationships 

The basic principle of water quality analysis is conservation of a constituent mass 

at nodes and transport within pipes coupled with reaction kinetics. In a WDS, 

conservation of mass is applied to transport in a pipe and mixing at nodes and in storage 
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tanks. Under most conditions, advection is the dominant mechanism for transport in the 

pipe network. 

Advective transport within a pipe is represented by: 

)(Cr
x
CV

t
C

=
∂
∂

+
∂
∂                   (4) 

where V is the flow velocity that is provided from the results of hydraulic analysis.  

xC ∂∂  is the rate of change in concentrations between the inflow and outflow sections of 

a differential section, tC ∂∂  is the rate of change of constituent concentration over time 

within the differential element and is the rate of reaction. The general form of  

for a decay process is: 

)(Cr )(Cr

1* )()( −−= cnCCCkCr                  (5) 

where  is the limiting concentration, k  is the reaction constant and  is the reaction 

order. Chlorine, which can decay completely ( ), is commonly modeled assuming 

first-order kinetics (n

*C cn

0* =C

c =1) or r(C) = kC. 

Substituting r(C) in the steady state form of Eq. (4) yields: 

kC
x
CV =
∂
∂                      (6) 

Integrating Eq. (6) along the pipe length gives: 

τkeCC ⋅= 12                     (7) 

where τ is the travel time in the pipe segment. With k is less than zero, this relationship 

states that the downstream constituent concentration (C2) decreases exponentially 

compared to upstream concentration (C1) with the travel time. 
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At junction nodes, complete and instantaneous mixing of all incoming flows is 

assumed to occur.  Since a node cannot store water, no decay reactions occur at the node.  

Thus the concentration of constituent in water leaving the node is simply the flow 

weighted average of the concentrations from the inflow pipes. For a storage tank, 

complete mixing is also assumed to occur. Under the complete mixed conditions the 

concentration throughout the tank is a blend of the current contents and that of any 

entering water. 

 

1.2 Problem Statement 

Most network simulation models are capable of performing a time simulation that 

represents the temporal changes of nodal pressure and water quality. When performing a 

time simulation, system demands at various times of the simulation must be known. For 

example, estimates of system demands may need to be supplied every hour during a 24 h 

simulation. Although good demand estimates are a prerequisite for pressure and water 

quality prediction, little effort has been placed on real-time demand estimation. 

Generally, average daily water consumptions are estimated based on population 

densities, typical usage by consumers, or customer billing records. Temporal variations 

during a day are generated using assumed diurnal curves for typical consumer types and 

supplied to a hydraulic or water quality WDS model in an extended period simulation 

(EPS). These demands are generally appropriate for network design purposes, thus 

significant uncertainties in real-time estimations are likely. 
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An alternate approach is to estimate total system demand by a simple mass 

balance. If the SCADA system monitors service pump station flows and tank water levels, 

the total usage of system water can be determined from the expression below. Note that 

this expression considers multiple pumps and storage tanks. 

∑ ∑ ∆
×−

+= ∆+

t
kAreakLevelkLevel

jQq ttt
pumpsys

)(])()([
)(         (8) 

where = total system water use over time step sysq t∆ , = discharge of pump j 

over time step , = water level in tank k at time step t, and Area(k) = average 

area of tank k over time step 

pumpjQ )(

t∆ tkLevel )(

t∆ . The total system demands ( ) are then distributed 

spatially among the junction nodes using the population densities and typical user types. 

This approach may provide better demand estimates since real-time data from SCADA 

system are used. However, for complex network with different user types, these demands 

for each node still contain significant uncertainties. 

sysq

Therefore, it is necessary to develop a better methodology for short-interval 

demand estimation and spatial disaggregation with a limited number of monitoring data 

in a real-time manner. With that information, the overall view of system can be improved 

and more reliable pressure estimates and water quality predictions can be obtained. This 

study presents a methodology for real-time estimation of nodal demands by linking of 

SCADA systems with a network simulation model. 

Field data collected from SCADA systems often contains errors that propagate 

through the demand estimation process leading to inaccurate demand estimates. The 

uncertainties in estimated demands are transferred to model predictions (e.g., nodal 
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pressure or chlorine concentration). State estimation – demand estimation and model 

prediction – without considering their uncertainty may provide poor system behavior 

predictions and subsequently lead to poor operator decisions. Therefore uncertainty must 

be included in the state estimation process. Monte Carlo simulation (MCS) has been 

widely used for uncertainty analysis for WDS. However, the computational demand of 

MCS is quite high even for a reasonably sized system. For real-time studies or 

optimization processes, computation time is a concern. Therefore, approximate schemes 

reducing computational effort while providing good results are essential. 

For a reliable real-time state estimation, field measurements from SCADA 

systems play a critical role. Given the limited number of monitoring locations, the 

topological distribution of meters in networks strongly influences the demand estimation 

quality. Therefore, optimal design of the limited number of meters over the entire 

network is undoubtedly an important issue for demand estimation. If portions of the 

system are insufficiently measured, the demand estimates and subsequently model 

predictions in those regions would be inaccurate and contain a high degree of uncertainty.  

Figure 2 illustrates the concept of optimal monitoring design. The network has 

seven unknown demand nodes (nodes 2, 3, 4, 6, 7, 8, and 9) and same number of pipe 

flow meters is available. The meters in design (a) are well distributed and monitor flows 

into and/or out from the unknown demand nodes with no exception. However, for design 

(b), the meters are concentrated in specific areas (nodes 2, 3, 4, and 6), while no flows are 

monitored for nodes 7, 8, and 9. In this case, demand estimates in meter sparse area are 
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not reliable and contain large uncertainty (or even the problem could be non-solvable), 

whereas the meters in dense area are redundant.  

Therefore, an important prerequisite for reliable demand estimation is the choice 

of a limited number of meter locations that optimally improve the accuracy and reduce 

the uncertainty of state estimates over the entire system. Due to the heavy cost (capital 

and operational) of on-line monitoring system and complexity of the real network, robust 

schemes and appropriate objective functions are required rather than ad hoc methods 

based on engineering judgment. 
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Figure 2. Meter placement designs (thick line for measured pipe) 
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1.3 Literature Review 

The previous studies that are linked to the topics of this dissertation are classified 

into three categories and reviewed in following sections: (1) uncertainty analysis for 

water distribution system; (2) parameter estimation and state estimation; and (3) sampling 

design and optimal meter placement. 

 

1.3.1 Uncertainty analysis for water distribution system 

A number of statistical techniques have been applied to quantify the uncertainty. 

Each technique has different levels of mathematical complexity and data requirements. 

Broadly speaking, these techniques can be classified into two categories: analytical 

approaches and approximate approaches. The appropriate technique depends on the 

nature of the problem, such as availability of information, model complexity, and desired 

accuracy of the results. Analytical approaches are rather restrictive in practical 

applications due to the complexity of most practical problems. Therefore, approximate 

techniques are mainly applied for WDS analysis. They were primarily developed to 

estimate the statistical moments of the underlying random processes. To date, Monte 

Carlo simulation (MCS), a random enumeration method, and the first order second 

moment (FOSM) method based on Taylor series expansion have been applied for WDS 

uncertainty analyses. 

Wagner et al. (1988) examined network reliability using MCS. They considered 

pipe breaks and pumps failures as random phenomena and evaluated their effects on 

nodal pressure heads. Araujo and Lansey (1991) were among the first to consider 
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uncertainty in estimated model parameters. They used first order second moment 

(FOSM) method for quantifying uncertainties in estimated parameters of a distribution 

network which considers errors in the measurement data. Xu and Goulter (1998) assessed 

the uncertainty of nodal pressure head given the probability distributions of nodal 

demands, pipe roughness and reservoir/tank levels. They applied a first-order Taylor 

series expansion to develop a linearized hydraulic model. The approximate method was 

then verified by MCS. To better account for nonlinearities in the system, Xu and Goulter 

(1999) extended their previous work by examining the first-order reliability method 

(FORM).  

Lansey et al. (2001) assumed that the field measurements error is propagated to 

parameter estimations and eventually propagated to the model predictions. They used a 

first-order Taylor series expansion technique in two step processes to quantify the 

uncertainty. First, they computed the variances of the estimated roughness coefficients, 

that are caused by field measurements error. Then, the FOSM is applied a second time to 

compute the variances of the pressure predictions. For the FOSM applications, they 

assumed that model parameters and pressure predictions follow normal distributions. 

With respect to the uncertainty analysis of water quality, Barkdoll and Didigam 

(2004) evaluated the effect of nodal demand variations on pressure and water quality 

uncertainties using MCS. They applied this approach to a small looped system. Pasha and 

Lansey (2005) considered the full range of uncertain parameters and evaluated the 

relative impact of each parameter on water quality predictions for steady and unsteady 

conditions using MCS. 
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1.3.2 Parameter estimation (PE) and state estimation (SE) 

Parameter estimation (PE) is referred to by different names, such as model 

calibration, parameter optimization, and parameter tuning, but has the same meaning of 

the process of adjusting model parameters so that the model represents the real system 

adequately by fitting the model output to the field data. In order to make a computer 

model useful, parameter estimation should be done first. When calibrating a WDS, the 

hydraulic parameters to be determined are pipe roughness coefficients. Pipe roughness 

cannot be measured in the field, and must be estimated indirectly. Early parameter 

estimation work was performed based on trial and error procedures (Walski 1983; Bhave 

1988). But in a large network, this approach is a tedious and cumbersome task and does 

not guarantee acceptable accuracy. Later, explicit (analytical or direct) calibration 

approaches, where the unknown parameters are solved from a same number of equations 

given from field measurements, were presented (Ormsbee and Wood 1986).  

More recently, implicit (automatic or indirect) methods are developed. This 

approach includes optimization-based method (Ormsbee 1989; Lansey and Basnet 1991) 

and weighted least squares (WLS) method based on Gauss-Newton technique (Datta and 

Sridharan 1994; Reddy et al. 1996; Munavalli and Kumar 2003).  

At the same time, some efforts have been attempted to quantify uncertainties 

associated with estimated parameters and related model predictions. The methodologies 

can be grouped in two approaches; the first order second moment (FOSM) method (Bush 

and Uber 1998; Lansey et al. 2001) and a Bayesian-type optimization method (Kapelan et 

al. 2007). 
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State estimation (SE) is defined as a process of combining the field measurements 

and mathematical network model so as to gain global system view and calculate the state 

variables of interest that are not directly measured (Bargiela and Hainsworth, 1989). SE 

often follows similar procedures as those of parameter estimation so they are often 

compared and share similar schemes. In general, parameter (e.g., pipe roughness) is time 

invariant (or varying very slowly), whereas the state variables (e.g., nodal demand, 

pressure, chlorine concentration) change during at each time step. Field data collection 

for parameter estimation is performed by a fire flow test, that is intended to stress the 

system and cause large head losses so as to make the system sensitive to the roughness 

coefficients. Data collection for PE is not conducted often (say, every five years) since 

the pipe roughness varies slowly.  

State estimation, on the other hand, is performed under normal operating 

conditions with small time step using real-time SCADA measurements. Since sufficient 

data is not available for both PE and SE, the number of unknowns (parameters or state 

variables) is normally reduced to make the system over-determined (or at least even-

determined). In other words, the number of measurements must be greater than or equal 

to the number of unknowns. A system that has more equations than unknowns is 

described as being over-determined. To reduce the unknowns, in parameter estimation, 

the roughness coefficients for a subset of pipes are assigned the same value (called 

parameterization) depending on pipe age, material, diameter and relative locations 

(Mallick et al. 2002). In SE, however, some state variables (i.e., nodal pressure and water 

quality) cannot be grouped to reduce their dimension. Instead, the nodal demands can be 
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grouped (i.e., aggregated) depending on the relative locations and typical consumer types. 

Once the group demands are estimated, they can be allocated at each individual node in 

proportion to the consumption of each node estimated by population densities, or 

customer billing records. 

State estimation has been widely studied since the 1960s for power supply system 

(Coutto et al. 1990; Monticelli 2000). Since a sufficient number of measurements are 

available in power supply systems, various techniques for state estimation have been 

developed and are widely used in that industry. Since the late 1970s, researchers have 

carried similar SE algorithms to water distribution system analysis. However, unlike the 

power supply systems, water distribution networks often have a low degree of 

instrumentation. Because of low measurement redundancy, the application of SE 

algorithms to WDS is still ongoing research, especially for real-time estimation.  

Powell et al. (1988) presented three state estimators and compared their ability for 

real-time SE in terms of three categories: bad data rejection, noise rejection, and stability 

and elapsed time for convergence. To estimate nodal pressures, they used field 

measurements of nodal pressure itself and pipe flow rate. Bargiela and Hainsworth 

(1989) estimated nodal pressure heads and quantified their uncertainty in terms of 

confidence bounds considering errors in field measurements of nodal pressure and pipe 

flow. They found that a linearization of the mathematical model of the system provides a 

good approximation of uncertainty bounds with less computational effort compared to 

MCS.  
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Carpentier and Cohen (1991) presented an optimization technique for demand 

estimation and leak detection using pipe flow measurements under steady conditions. 

Nagar and Powell (2002) proposed an uncertainty approximate method based on linear 

fractional transformations (LFT) and semi-definite programming (SDP) approach. They 

estimated pressure heads and their confidence bounds considering measurement noise as 

well as parametric uncertainties (in their case, uncertain pipe roughness coefficients). 

They assumed a set of nodal demands and pressure heads were measured.  

Work has also progressed in modifying the standard weighted least squares 

(WLS) scheme. Sterling and Bargiela (1984) proposed an alternative formulation, known 

as the weighted least absolute values method (WLAV) for nodal pressure head estimation 

using nodal pressure and demand measurements. Andersen and Powell (2000) presented 

an implicit state estimation technique for demand estimation for an idealized grid 

network under steady condition. Andersen et al. (2001) proposed a constrained WLS 

state estimation scheme to investigate the effect of introducing measurement bounds. 

Recently, Davidson and Bouchart (2006) presented algorithms for adjusting 

estimated demands by matching the model solutions with SCADA data by combining 

heuristics with weighted least squares. Their effort focused on underdetermined systems 

so no uncertainty analyses were performed.  Most recently, Kumar et al. (2008) proposed 

state estimation method using graph-theoretic approach for well instrumented networks. 

They applied the method to two urban water networks assuming sufficient measurements, 

such as pipe flow rates, nodal pressures, and demands are available. 
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1.3.3 Sampling design (SD) and optimal meter placement (OMP) 

The aim of sampling design (SD) for WDS is to find a set of optimal locations of 

measurement devices, that will be used to collect data for parameter (pipe roughness 

coefficient) estimation (PE). Bush and Uber (1998) proposed three sensitivity-based 

statistical methods for ranking potential sampling locations. All are based on an analysis 

of the Jacobian matrix and derived from the so-called D-optimality maximizing the 

determinant of the covariance matrix used to gauge the accuracy of parameter estimates. 

Both nodal pressure head and tracer measurements can be used for pipe roughness 

estimation. Their goal was to select measurement types and locations that are sensitive to 

changes in parameter values. Although the resulting design does not guarantee optimality, 

the authors suggested that the proposed algorithms improve over pure statistical methods.  

Meier and Barkdoll (2000) were the first to use a genetic algorithm (GA) to solve 

an SD problem. Their objective was to find the optimal combination of calibration test 

locations to maximize the total length of pipes having non-negligible flow velocities (≥ 

0.3 m/s). de Schaetzen et al. (2000) presented three SD approaches. The first two 

algorithms are ranking based methods and the third method solves the optimization 

problem by maximizing the entropy function using a GA. The SD cost is considered as a 

model constraint or as an objective function.  

Lansey et al. (2001) proposed a sensitivity-based heuristic procedure for design of 

data collection using model prediction uncertainty. Optimal measurement loading 

conditions and critical demand locations are selected to improve model predictive ability. 

They used FOSM to compute the model prediction uncertainty that is propagated from 
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measurement error. Vitkovsky et al. (2003) presented an approach for determining the 

optimal nodal pressure measurements sites using inverse transient analysis. They used 

three performance indicators based on A- and D-optimality criteria and sensitivities of the 

heads with respect to the parameters. A GA was applied and verified by full enumeration 

method for small network.  

Kapelan et al. (2003, 2005) formulated the SD problem as a two-objective 

optimization problem. The objectives were to maximize the calibrated model precision by 

minimizing the relevant uncertainties and to minimize the total SD costs (i.e., the number 

of meters). The optimal SD problem was solved using a single-objective GA (SOGA) and 

a multi-objective GA (MOGA) based on Pareto ranking. They used FOSM to assess 

parameter and prediction uncertainties. One of their conclusions was that the optimal set 

of locations for N points is not always a superset of the optimal set for N-1 points. 

Therefore, according to their studies, the ranking methods (Ferreri et al. 1994; Bush and 

Uber 1998) or any other methodologies assuming that the optimal set of N locations is 

derived from the set of N-1 solutions (Yu and Powell 1994) are not appropriate for 

optimal SD. The SD problem is solved considering multiple demands under steady-state 

hydraulic conditions to take into account various demand loading conditions. 

Optimal meter placement (OMP) schemes for state estimation (SE) have been 

commonly studied in power supply systems. El-Tablawi and El-Hagry (1979) proposed a 

deterministic method based on eigenvalues and eigenvectors of the observability matrix 

to identify meter placement that will minimize the number of communication links and 

minimize estimation time and error. Clements (1990) summarized the early researches 
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and methods developed for observability determination and optimal meter placement in 

electric power networks. The author discussed that the approaches proposed for optimal 

meter placement were heuristic techniques that, at best, yield nearly optimal solutions due 

to the difficulty in solving rigorously formulated optimization problems. Celik (1994) 

used the reduction of variances of the SE errors as an objective to identify the location 

and type of additional measurements that may be needed to improve the quality of the SE 

solutions in power system. The author proposed a statistical method that is based on the 

sensitivity matrix. Baran et al. (1995) presented a meter placement scheme that satisfies 

four requirements; cost, accuracy, reliability, and bad data processing capability in power 

systems. 

Little effort has been completed for optimal design of meter placement for state 

estimation in WDS. Yu and Powell (1994) formulated the meter placement problem as a 

multi-objective optimization problem by seeking the best solution in terms of estimation 

precision and metering costs. The optimization is based on a systematic extension of a 

given measurement system, starting from purely pseudo-measurements (nodal demand 

guesses) and at every stage one metered measurement (nodal pressure head) is added that 

is determined by analyzing the maximum covariance of the state variables (nodal 

pressure head). A decision-trees technique was used for seeking a local optimum. 

 

1.4 Summary of Literature 

Approximate techniques for uncertainty analysis in WDS are needed for real-time 

operation studies, for which the simulation time is a concern and within optimization 
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approaches that require uncertainty analyses to be completed many times. To date, no one 

has conducted a thorough comparison of the quality of these approximate techniques for 

WDS hydraulics and water quality uncertainty analysis. 

With the exception of a few works, most SE studies in water networks have 

focused on estimating nodal pressures assuming nodal demands are known. Some studies 

for demand estimation have limitations for real-time applications and none of them have 

considered the uncertainty associated with the estimates. Arguably, water demand is the 

most uncertain and variable parameter in WDS analysis. Improved nodal demand 

estimates will lead to more reliable pressure estimates. In addition, water quality 

predictions that are strongly dependent on the history of demands will also benefit from 

accurate demand estimates. 

Nodal pressures have primarily been used as field data in previous state 

estimation works. No study has attempted thorough investigation for selection of 

appropriate measurement types for the demand estimation. Since the data from the 

SCADA system are crucial, this issue must be brought to the demand estimation problem 

prior to the sampling design analysis. 

Previous studies of sampling design for parameter estimation (PE) and state 

estimation (SE) have minimized uncertainties (either parameter or prediction) as one of 

their multiple objectives. The other objective is usually minimization of metering costs, 

i.e., number of meters. However, those approaches have not considered model accuracy 

since reducing uncertainty in model parameter and/or prediction does not guarantee a 

good fit for the model predictions in terms of mean estimates. Therefore, robust approach 

 



32 

pursuing both model precision and accuracy must be introduced for optimal sampling 

design problem so that more robust solutions result. 

 

 



33 

2. PRESENT STUDY 

2.1 Dissertation Outline 

The primary goal of this dissertation is to develop a methodology to estimate 

individual WDS nodal demands in real-time. Furthermore, using those estimated 

demands, real-time predictions of nodal pressure and water quality are obtained. The real-

time state estimation approaches can assist system operators to make appropriate 

decisions to provide better customer service. In addition, improved demand estimates can 

be useful in various applications for WDS analyses. 

For real-time demand estimation, on-line field data provided by supervisory 

control and data acquisition (SCADA) system should be linked with computer simulation 

model representing a real system. The field measurements used in WDS have two 

characteristics, i.e., they contain errors and they are costly. Errors in field data set are 

propagated through the demand estimation and resulting in model prediction uncertainties. 

Therefore, uncertainties in state variables should be quantified to assist the system 

operators. On-line monitoring is generally conducted for selected key locations because 

of the budgetary limitations. Therfore, selecting the limited number of key locations is 

critical for reliable state estimation in WDS. 

This dissertation is comprised of three journal articles in Appendices A to C.  The 

goal is to examine the three main issues shown in Figure 3. In the first paper, alternative 

approximation schemes for uncertainty analysis in WDS are evaluated. For real-time 

estimation, computation time is a concern. Thus, techniques that reduce the 
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computational effort but provide accurate results are examined from comparison study 

using Monte Calro simulation.  

In the second article, real-time demand estimation schemes are developed and 

applied to a real system. By comparison study, an appropriate real-time state estimator 

and an available meausurement type is determined. Using those estimated demands, 

nodal pressure and chlorine concentration are predictied in real time. Finally, using the 

approximate techniques investigated in the first study, the uncertainties in demand 

estimation and model predictions are quantified in terms of confidence limits.  

The third paper presents a methodology to determine the best measurement 

locations to obtain an accurate and precise state estimation using a multi-objective 

genetic algorithm. Three objective functions, two uncertainty measures (precision) and 

one absolute error measure (accuracy), are defined. Costs is implicitly considered by 

solving the problem for different numbers of meters. Again, the variance estimation 

methods from the first study is used for uncertainty quantification.  Detailed summaries 

of the methods and conclusions are given below. 

 

 
 

Developing real-time demand estimation methodology 
(Appendix B) 

Determining optimal on-line monitoring locations for SE 
(Appendix C) 

Evaluating approximate schemes for uncertainty analysis 
(Appendix A) 

Figure 3. Sequence of study 
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Approximate Methods for Uncertainty Analysis of Water Distribution 

Systems (Appendix A)  
 

Mathematical models of WDS are intended to represent the real system and 

provide single best model predictions considering all input parameters are deterministic. 

However, in practice, the model outputs should be considered as uncertain since the input 

parameters contain uncertainty. Therefore, quantifying the model output uncertainty is 

important in planning and operating a real system. 

Monte Carlo simulation (MCS) is the viable tool in uncertainty analyses and has 

been widely used for WDS analysis. With large number of function realizations, the MCS 

is assumed to be correct. However, its high computational effort restricts its use in large 

systems. This study evaluates alternative approximation schemes and examines their 

ability to estimate model prediction uncertainty with less computational effort. These 

techniques are particularly needed for real-time operation and optimization problems in 

which uncertainty analyses are to be completed many times. 

 Two approximate methods, the first order second moment (FOSM) method and 

Latin hypercube sampling (LHS), are examined and their results are verified with MCS. 

FOSM estimates a function’s variance by approximating it by a Taylor series expansion 

around the mean value of the parameters. FOSM provides an accurate estimation of 

variance when the function is close to linear and/or the input parameter uncertainty is 

small. A weakness of FOSM is that output uncertainty is only described by variance so 

there are restrictions on applying some theoretical probability distributions to interpret 
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the output uncertainty. LHS is in group of methods known as quasi-MCS. It is a stratified 

sampling technique that randomly selects samples of each input parameter over its range 

in a stratified manner. The main benefit of LHS is that the full range of input parameter 

values are covered thus the convergence to the true output statistics is faster than MCS’s 

random selection. Another benefit is, like MCS, the full set of model outputs can be 

collected during LHS. 

For the WDS application, the evaluated model outputs are pressure, water age, 

and chlorine residuals for each node. Six uncertain model input parameters; pipe diameter 

and roughness coefficient, spatial and temporal nodal demands, and bulk and wall decay 

coefficients, are considered individually and all together. For each input parameter, three 

uncertainty levels are considered to examine the effect of uncertainty magnitude. 

Parameter uncertainty is introduced based on the probability distribution, such as uniform 

distribution for pipe diameter and normal distribution for other parameters. Hydraulic and 

water quality simulations are performed using EPANET (USEPA, 2000) for both steady 

and unsteady state conditions. 

The following results are observed in this study: 

(1) The normality assumption for nodal pressure prediction is accepted all the 

time in steady and unsteady simulations. Nodal chlorine concentration are 

affected by the tank operations and normality is not accepted during extended 

period simulations, especially during the high demand times, in which 

source/tank mixing effect causes large variations in chlorine concentration. 
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(2) FOSM shows acceptable accuracy for uncertainty estimations of hydraulic 

variable (nodal pressure) in steady and unsteady simulations. However, in 

unsteady simulations, FOSM overestimates the variance of chlorine residual 

for the nodes where the source/tank mixing effect is observed. LHS provides 

good estimates of prediction uncertainty for pressure and chlorine under 

steady and extended period conditions with significantly less computational 

effort compared to MCS. The required simulation time of LHS for unsteady 

simulation is 20 times less than MCS. 

(3) Nodal demand (base demand and temporal demand pattern) is the most 

significant input parameter causing uncertainty in model predictions, i.e., both 

nodal pressure head and chlorine concentration. 

 

 

Real-Time State Estimation and Confidence Limit Analysis for Water 

Distribution Systems (Appendix B) 
 

The water industry increasingly needs real-time estimation of state variables, such 

as nodal pressure and water quality for control and operating purposes in order to provide 

better customer service. To get reliable nodal pressure and water quality predictions, a 

good nodal demand estimates are prerequisite since they are the most significant input 

parameters causing uncertainties in those predicted variables. 
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This study presents a methodology for a real-time demand estimation using field 

measurement provided by supervisory control and data acquisition (SCADA) system. 

Two real-time state estimators, a tracking state estimator (TSE) and Kalman filter (KF), 

are implemented and compared for their ability of demand estimation. In order to 

determine the appropriate field data types for demand estimation, pipe flow rate and 

nodal pressure head are introduced as measurement data sets. Low measurement 

redundancy, which is common in WDS, is overcome by reducing the number of 

unknowns. That is, nodes with similar user characteristics are grouped and assumed to 

have same demand pattern through a day. This assumption induces uncertainty in demand 

estimation. Inherent field measurement errors also cause uncertainty in demand 

estimation. The uncertainties in demand estimates caused by the two errors are quantified 

in terms of confidence limits using the first order second moment (FOSM) method. 

Once nodal demands are estimated, nodal pressure and chlorine concentration are 

predicted in real time based on estimated demands assuming the pipe roughness 

coefficient and other system parameters are perfectly known and certain. Demand 

estimate uncertainties are propagated to the predicted variables. Confidence limits on the 

predicted variables are evaluated using approximation schemes, i.e., FOSM for nodal 

pressure and Latin Hypercube sampling (LHS) for chlorine concentration. 

The developed algorithms are applied to a real system with synthetically 

generated data and following results are observed: 
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(1) The comparison study for appropriate field data types shows that pipe flow 

rates provide more information for demand estimation than when nodal 

pressures are included in the measurement set. 

(2) KF showed poorer demand estimation results than TSE, particularly in the 

looped area of the WDS revealing the limitation of the linear KF. 

(3) Using TSE with pipe flow measurements, demand estimates match well with 

the synthetically generated true values and the confidence bounds estimated 

by FOSM successively represent the corresponding uncertainties. 

(4) The model predictions (nodal pressure and chlorine concentration) based on 

estimated demands also show good results indicating the proposed approaches 

are effective for real-time WDS state estimation. 

(5) The state estimates and corresponding uncertainties are significantly 

influenced by the topological distribution of field measurements. Therefore, 

optimizing the measurement locations is critical for state estimation 

improvement. 

 

 

Optimal Meter Placement for Water Distribution System State-Estimation 

(Appendix C) 
 

Water distribution system state-estimation (SE) is conducted based on field 

measurements provided by a supervisory control and data acquisition (SCADA) system. 
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Therefore, the SE quality is significantly affected by measurement characteristics, such as 

meter types, numbers, and topological distributions. The number and type of meters are 

generally defined prior to SCADA layout thus the selecting measurement locations is 

critical. If portions of the system are insufficiently measured, the state variables in those 

area will not be accurately estimated and contain high level of uncertainty. Therefore, a 

critical issue for reliable SE is the selection of a limited number of meter locations that 

optimally improve the accuracy and reduce the uncertainty of state estimates over the 

entire system. 

In this study, the optimal meter placement (OMP) problem is formulated as a 

multi-objective optimization approach. Three objective functions are formulated: (1) 

minimization of nodal demand estimation uncertainty; (2) minimization of nodal pressure 

prediction uncertainty; and (3) minimization of absolute error between demand estimates 

and their expected values. Objectives (1) and (2) represent the model precision while 

objective (3) describes model accuracy. The uncertainties in demand estimates and 

pressure predictions are quantified by first order second moment (FOSM) method. For 

unsteady demand estimation, a tracking state estimator (TSE) based on the weighed least 

squares (WLS) scheme is applied. The optimization problem is solved using a multi-

objective genetic algorithm (MOGA) based on Pareto-optimal solutions. 

Previous sampling design studies for parameter estimation (SD for PE) have used 

uncertainty measures (either parameter or prediction) and metering cost (i.e., number of 

measurements) as their multiple objectives but none has considered model accuracy as an 

objective criterion. In this study, the real-time demand estimation is conducted within an 
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optimization process and absolute error between estimated demands and their expected 

values are computed. By doing so, meter locations that optimally improve both model 

accuracy and precision can be selected. 

The presented approaches are applied to two case studies; a simple hypothetical 

network and a medium sized real WDS. The following results are observed from the two 

case studies. 

(1) For small hypothetical network, the Pareto-fronts obtained from full 

enumeration and the MOGA are identical and validate the MOGA 

performance. For the real network study, MOGA solutions, although not 

guaranteed to be globally optimal, are improvements over those obtained from 

less robust methods or engineering judgment. 

(2) The trade-off between model precision and accuracy is clearly observed 

recommending usage of both criteria as objective functions for OMP problems. 

The previous studies overlook the model accuracy since they only considered 

minimizing uncertainty as the objective, which does not guarantee accurate 

model performance. 

(3) From the post-optimization analysis, the relationships between selected 

optimal meter locations (pipes) and the pipe flow rate and sensitivity 

coefficient are investigated. It appears that the pipes with smaller flow rates 

and strongly correlated to the demand change and having a higher sensitivity 

coefficient tend to be selected as OMP. However, this is not the case available 

all the time since the meters tend to be spatially distributed covering entire 
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system. Also, the OMP solutions are clearly dependent on the objective 

functions used. Therefore, given complexities of the problems, general 

guidelines for meter locations cannot be made and engineering judgment is 

unlikely to be able to identify the optimal solutions thus the use of 

optimization approaches is strongly recommended. 

 

2.2 Uniqueness of the Study 

In the water industry, there is an increasing need for real-time estimation of state 

variables, such as nodal pressure and water quality for control and operating purposes. 

Real-time estimation is important since it is practically related to saving time, money, and 

man-power, and to satisfying consumer’s requirements. A general schematic of real-time 

state estimation and system operation sequence is presented in Figure 4. Water demand is 

a significant input parameter for network model predictions. Thus, good nodal demand 

estimates provide a global view of the network and eventually system-wide state 

variables can be obtained for optimal system operations. 

This study presents a comprehensive view of real-time demand estimation in 

water distribution systems. The goal is to develop an optimal monitoring system plan that 

will collect appropriate field data to determine accurate, precise demand estimates and to 

understand their impact on model predictions. To achieve that goal, a methodology for 

real-time demand estimates and associated uncertainties using limited number of field 

measurements is developed. Further, system wide nodal pressure and chlorine 

concentration and their uncertainties are predicted using the estimated nodal demands. 
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This study consists of three key steps beginning with uncertainty evaluation, followed by 

demand estimation and finally optimal metering layout. The unique contributions 

achieved from this study for WDS analyses are highlighted in following sections. 

 

SCADA systems 
1. Collecting field data: nodal pressure, pipe flow, tank 

water level, water quality, etc 
2. Transmitting data to a central computer systems 

↓ 

State Estimation (SE) 
1. Estimating nodal demand 
2. Running computer model using estimated demand 
3. Predicting unmeasured nodal pressure and water quality 

↓ 

Network Operation 
1. Operating pumps for pressure control 
2. Scheduling booster injection or valve operation for water 

quality maintenance 

  
Figure 4. Schematic of real-time state estimation and network operation 

 

(1) Appropriate approximate scheme for WDS uncertainty analysis 

Computation times in WDS uncertainty analysis in real-time studies and 

optimization problems is a concern. To date, no one has conducted a thorough 

comparison of appropriate schemes for WDS uncertainty analysis and no application for 

water quality uncertainty analysis has been performed using LHS. 
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FOSM performs well for variance estimation of hydraulic variables (demand and 

pressure) for steady and unsteady conditions. LHS works for hydraulic and water quality 

variables for steady and unsteady conditions savings significant computations compared 

to MCS. These techniques are particularly useful in real-time operation and optimization 

problems in which uncertainty analyses must be completed many times. 

 

(2) Validating normality assumption 

Normality of state variables is a crucial assumption for uncertainty analysis based 

on some statistical approximate schemes. The normality is acceptable for hydraulic 

variables, such as nodal demand and pressure. That is, normally distributed input 

parameters result in model predictions following normal distribution or state variables 

estimated using normally generated measurements follow normal distribution. Nodal 

chlorine concentration influenced by source/tank mixing effects show bimodal 

distribution during the high demand times rather than normal distribution. Water age is 

rarely normal but close to lognormal distribution. 

 

(3) Real-time demand estimation for short time interval 

Using on-line measurements, real-time demand estimation and further, pressure 

and water quality predictions were performed for real-life network with realistic degree 

of instrumentation. To overcome low instrumentation data availability, node grouping/ 

disaggregating assumptions are addressed, that introduces more uncertainty in state 

estimates. These approaches are the basis for various applications, especially for 
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operating purposes. Real-time demand estimates for each node can be stored for 

historical information. This information can be used for demand forecasting that is 

essential for developing an optimal pump/valve operation and disinfection schedule. Also, 

system contamination detection and remediation strategies would benefit. 

 

(4) Appropriate scheme and field data type for demand estimation 

TSE is relatively easy to implement, fast, and provides reliable estimates and can 

be used for real-time simulation of large real system. Pipe flow rates are more valuable 

for demand estimation than nodal pressure head as measurements. 

 

(5) Confidence limit analysis 

Uncertainties in demand estimates and model predictions are quantified in terms 

of confidence limit, i.e., lower and upper bounds of the estimates for specified confidence 

level. This approach is believed to provide intuitive understanding about the uncertainty 

and help system operator to make proper decisions for optimal system operation. 

 

(6) New optimal meter placement approach for state estimation 

Most previous sampling design studies were limited for parameter estimation (PE) 

and little effort has been placed on state estimation (SE) purposes. This study developed 

algorithms for optimal design of meter layout in which real-time filed measurements are 

collected for real-time demand estimation and further pressure and water quality 
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predictions. Newly developed real-time demand estimation approach is embedded in the 

framework of the optimal meter placement algorithm. 

 

(7) New objective criterion for sampling design problems 

Previous studies of sampling design for parameter estimation (PE) and meter 

placement for state estimation (SE) have considered model precision as one of their 

objectives and the other criterion was usually to minimize number of meters. However, 

from the results of this study, it is observed that for the meter location problem there exist 

a trade-off relationship between model precision and accuracy. Precision is represented 

by the minimum uncertainty of parameter or model prediction and accuracy describes 

minimum absolute error between state estimates and their expected values. The results 

suggest that the solutions minimizing uncertainties (either parameter or prediction) do not 

guarantee an accurate model performance thus both criteria should be considered as 

objective functions in an optimization process. By considering model precision and 

accuracy at the same time, more robust solutions can be obtained. 

 

(8) Characteristics for OMP solutions 

It is seen that the optimal pipe flow meter locations are strongly related to the 

flow rate magnitude and sensitivity coefficient. However, no general guidelines for this 

problem can be posed because of the complexities; suggesting the application of the 

optimization approaches rather than ad hoc scheme based on engineering judgment. 
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2.3 Conclusions and Future Work 

Real-time demand estimation methods are developed by linking the field data 

from SCADA system with network simulation model. Further, nodal pressure head and 

chlorine concentration are predicted based on the estimated demands. The uncertainties in 

estimated state variables are quantified in terms of confidence limits using approximate 

methods to save computational effort during real-time simulation. To obtain the best state 

estimates, optimal measurement locations are selected using an optimization algorithm. 

All approaches are applied to a medium sized real network and show good performance 

given acceptable assumptions. 

Improved demand estimates, especially for individual nodes in real-time, are 

useful in a number of applications. The estimated demands for each location can be 

stored as a time series then using a Bayesian algorithm or time series model, individual 

nodal demand forecasts can to be made. Subsequently, using those forecasted demands, 

optimal pump operation schedule for future pressure maintenance can be developed. Also, 

optimal decisions for valve operation and booster injection can be scheduled for water 

quality improvements in critical locations. Since proposed algorithms only use pipe flow 

rates as field measurements for demand estimation, nodal pressure data, that are generally 

monitored by SCADA systems, can be compared with the model predicted pressures to 

diagnose system behavior. Similarly, the stored historical patterns of nodal pressure and 

pipe flow estimates can be used for pipe break or leakage detection by comparing the 

gross differences with the current estimation results. It should be noted that the demand 

estimates from this approach are areal lumped demands representing consumptions from 
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a number of households. Thus, pipe leakage will be difficult to estimate.  It is possible to 

apply recently developed models that compute leakage as a function of pipe pressures via 

orifice type equations. 

Although pipe roughness coefficients are assumed to be known in this study, 

further studies should be conducted for demand estimation with uncertain pipe roughness 

coefficients. Also, future efforts should investigate methods that do not rely on 

probability distribution for the input parameters and model predictions. 

A limitation of the OMP approach proposed here is the required computation time 

for multi-objective genetic algorithm (MOGA). Since the unsteady demand estimation is 

carried out within the framework of a GA, each function evaluation takes significant 

effort. Further studies can be conducted to reduce the computation time of the OMP 

problem using a meta-model (e.g., artificial neural network or ANN) that replaces the 

time-consuming full function evaluation. This approach can permit larger population 

sizes and more generations in the optimization process and subsequently may lead to 

near-global optima. 

While only single measurements set is considered in this OMP problem due to the 

restrictive computation time, it would be preferable to include multiple measurements 

sets and apply a stochastic optimization approach. To complete the stochastic 

optimization, meta-modeling linked with sampling approximate scheme (e.g., LHS) is 

required since the computation effort is already expensive. This problem remains for the 

future study. 
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ABSTRACT 
 

Monte Carlo simulation (MCS) has been commonly applied for uncertainty 

analysis of model predictions.  However, when modeling water distribution system under 

unsteady conditions, the computational demand of MCS is quite high even for a 

reasonably sized system.  The aim of this study is to evaluate alternative approximation 

schemes and examine their ability to predict model prediction uncertainty with less 

computational effort.  Here, MCS is compared with a point estimation method, the first 

order second moment (FOSM) method, and a quasi-MCS method, Latin hypercube 

sampling (LHS).  Hydraulic and water quality simulations are performed using EPANET 

and the evaluated model outputs are nodal pressure, water age and chlorine concentration.  

Six input parameters; pipe diameter and roughness coefficient, and nodal spatial and 

temporal demands, and bulk and wall decay coefficients, are considered.  To examine the 

effect of the magnitude of input uncertainty on model output, three uncertainty levels are 

evaluated.  The study is performed for a real system with 116 pipes and 90 nodes.  

Results demonstrate that LHS provides very good estimates of the predicted output range 

for steady and unsteady conditions compared with MCS while FOSM did well for steady 

conditions but poorly for some periods in the extended period simulation for chlorine 

concentration. 
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INTRODUCTION 

Mathematical models of water distribution systems (WDS) intend to represent the 

real systems and provide the single best estimate of pressure and water quality 

considering all information is deterministic.  However, in practice, the model predictions 

contain uncertainty since the model input parameters are uncertain, in that they are either 

estimated from field measurements or based on engineering judgment.  Therefore, 

quantifying the model output uncertainty caused by the uncertainty in input parameters is 

important for planning and operating a WDS.  

Some work has been completed to evaluate the uncertainty in hydraulic model 

predictions.  Monte Carlo simulation (MCS) has been widely used and work has shown 

that a first-order Taylor series expansion technique can accurately approximate the 

variance of WDS nodal pressure heads (Lansey et al. 2001).  Wagner et al. (1988) 

examined network reliability using MCS.  They considered pipe breaks and pumps 

failures as the random phenomena and evaluated their effects on nodal pressure heads.  

Araujo and Lansey (1991) used first order second moment (FOSM) method for the 

nonlinear hydraulic model considering demands and roughness coefficients as uncertain.  

 

mailto:doosun74@email.arizona.edu
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Xu and Goulter (1998) assessed the uncertainty of nodal pressure head given the 

probability distributions of nodal demands, pipe roughness and reservoir/tank levels 

using FOSM.  They applied a first-order Taylor series expansion to develop a linearized 

hydraulic model and verified the approximation using MCS.  To better account for 

nonlinearities in the system, Xu and Goulter (1999) extended their previous work by 

examining the first order reliability method (FORM). 

Studies for optimal design of WDS considering uncertainty of system variables 

have been completed.  Kapelan et al. (2005, 2006) applied Latin Hypercube sampling 

(LHS) to consider uncertainty in input parameters (nodal demand and pipe roughness) 

when optimizing a WDS design.  Babayan et al. (2005, 2007) applied an integration 

method to compute the satisfaction of probabilistic constraints in a least-cost WDS design 

model.  However, none of these works directly compared the quality of the approximate 

methods with MCS that is the focus in this study. 

With respect to the uncertainty analysis of water quality, Barkdoll and Didigam 

(2004) evaluated the effect of variable demands on pressure and water quality using MCS 

for a small looped system.  Pasha and Lansey (2005) considered the full range of 

uncertain parameters and evaluated the relative impact of each parameter on water quality 

predictions for steady and unsteady conditions using MCS. 

MCS converges to the exact uncertainty estimates by randomly generating and 

evaluating a large number of parameter sets or realizations.  The difficulty in MCS is its 

computational time.  To estimate the uncertainty over time for a water distribution system, 

an extended period hydraulic simulation must be completed followed by a water quality 
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analysis.  For a reasonably large system, this effort may take several seconds to complete 

and the full MCS may require several hours.  The objective of this study is to evaluate 

alternative approximation schemes that reduce the computational effort but still provide 

good statistical estimates of the model predictions.  These techniques are particularly 

needed for real-time operation and demand estimation studies and within optimization 

methods that require uncertainty analyses to be completed many times.  

This paper also examines: (1) the normality of MCS model outputs by visual 

inspection and a statistical test; (2) the impact of alternative sources of uncertainty on 

pressure and water quality predictions; and (3) the effect of input uncertainty level to 

model output by evaluating three uncertainty levels.  Hydraulic and water quality 

simulations are performed using EPANET (USEPA, 2000) for both steady and unsteady 

state conditions and the evaluated model outputs are nodal pressure, water age and 

chlorine concentration.  The method is applied to a real system containing 116 pipes and 

90 nodes. 

 

HYDRAULICS AND WATER QUALITY BACKGROUND 

The hydraulic relationships for a WDS under steady condition are defined by 

conservation of mass and energy.  Water quality simulation is conducted based on 

conservation of mass at a node and advective transport of constituent in a pipe system. 

 

Hydraulic relationships 
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Steady state hydraulic relationships in water distribution system can be written 

using the nodal flow continuity and pipe head-loss equations.  The unknowns in the 

equations are flows in each pipe, Q, and total energy head at each junction node, H.  

Several formulations can be applied to solve these unknowns.  Here the pipe equation 

formulation is summarized (Boulos et al. 2006). 

Flow continuity must be satisfied at each node: 

i
Jl

l
Jl

l qQQ
ioutiin

=− ∑∑
∈∈ ,,

                  (1) 

where Ql are the pipe flows and  is the nodal demand, and a pipe flow entering a node 

is given a positive sign.  J

iq

in,i and Jout,i are the set of pipes supplying to and carrying flow 

from node i, respectively.  

The flow head-loss equation in a pipe l connecting nodes A and B is given as: 

lLBA hHH ,=−                    (2) 

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

head loss in pipe l.  The Hazen-Williams equation is commonly used for estimating the 

head-loss in WDS pipes: 
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where  is a unit constant, D, L, Q and  are the diameter, length, flow and Hazen-

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

nonlinear equations (Eq. (1), (2) and (3)) using the Gradient method (Todini and Pilati 

1987); a Newton’s type method for the unknown H’s and Q’s given all pipe diameters, 

uK HWC
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lengths and roughness coefficients and all nodal demands.  To solve the equations, at 

least one point of known energy is required to provide a datum for the nodal heads. 

Steady flow simulation provides a snapshot of the system under time invariant 

conditions.  However, in practice, the pressure and flow vary over time in response to 

changing demands and tank conditions.  These temporal variations can be modeled in 

unsteady analyses.  In this study, a quasi-dynamic analysis (known as extended period 

simulation or EPS) is performed.  An EPS is a series of steady state simulations in which 

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

time steps.  A tank with a variable water surface level can also be introduced to capture 

the changing hydraulic boundary conditions. 

 

Water Quality Relationships 

The basic principle of water quality analysis is conservation of a constituent mass 

at nodes and within pipes coupled with reaction kinetics.  In water distribution network, 

conservation of mass is applied to transport in a pipe and mixing at nodes and in storage 

tanks.  Transport of fluid and constituent can occur by four mechanisms: advection, 

molecular and turbulent diffusion, and dispersion.  Molecular and turbulent diffusion are 

usually neglected since their impacts are small and the flow is generally turbulent with 

high velocity.  Dispersion is also neglected since the flow velocities are normally high 

resulting in uniform velocity distributions.  Therefore, under most conditions, advection 

is the dominant mechanism for transport in the pipe network (Lansey and Boulos 2005). 

Advective transport within a pipe is represented by: 
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∂
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∂
∂                   (4) 

where V is the flow velocity that is provided from the results of hydraulic analysis.  
x
C
∂
∂  

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

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

within the differential element and is the rate of reaction.  The general form of  

for a decay process is: 

)(Cr )(Cr

1* )()( −−= cnCCCkCr                  (5) 

where  is the limiting concentration, k  is the reaction constant and  is the reaction 

order.  Chlorine, which can decay completely, is commonly modeled assuming first-order 

kinetics (n

*C cn

c =1) or r(C) = kC (Powell et al. 2000). 

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

and with materials on the pipe wall.  Therefore, the reaction constant  is the sum of two 

coefficients, the bulk decay coefficient, , and the wall decay coefficient, , or:  

k

bk wallk

wallb kkk +=                     (6) 

The wall decay coefficient can be expressed as (Rossman et al. 1994): 
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where  is a wall reaction rate constant measuring the reactive ability of the bio-film 

layer and  is a mass transfer coefficient that is a function of the turbulence in the pipe 

wk

fk
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which describes the movement of water to the wall.  R is the pipe radius relating the wall 

area available for reaction.  A Lagrangian time based method is used to solve the 

transport equations in EPANET. 

At junction nodes, complete and instantaneous mixing of all incoming flows is 

assumed to occur.  Since a node cannot store water, no decay reactions occur at the node.  

Thus the concentration of constituent in water leaving the node is simply the flow 

weighted sum of the concentrations from the inflow pipes. 

For a storage tank, complete mixing is also assumed to occur.  Under the 

complete mixed conditions the concentration throughout the tank is a blend of the current 

contents and that of any entering water.  Here, first order bulk decay reactions are 

assumed to occur. 

From the above relationships, we see that the nodal constituent levels are affected 

by the reaction coefficients and also the hydraulic parameters, such as nodal demand, 

pipe diameter and pipe roughness.  Those hydraulic parameters indirectly affect 

constituent decay through the wall decay coefficient ( ) as well as directly control 

flow velocities that dominate constituent transport. 

wallk

 

METHODOLOGY 

To perform the comparative study, three schemes are applied to estimate 

prediction uncertainties of model outputs.  The methods take different approaches to 

estimate the model prediction uncertainty and require varying degrees of effort as 

measured by the number of function evaluations required.  The resulting prediction 
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parameter estimates also vary by method.  MCS is a random enumeration technique in 

which a large set of samples is developed and evaluated.  MCS is assumed to be correct if 

a sufficiently large sample size is used.  The alternative methods are two commonly used 

methods that require fewer realizations to compute an uncertainty estimate.  The first 

order second moment (FOSM) method is in the class of point estimation methods while 

Latin hypercube sampling (LHS) is a quasi-MCS method based on stratified, 

representative sampling.  The three methods require the mean and variance of the 

model’s input parameters to estimate the mean and variance of model predictions.  MCS 

and LHS also require the probability distribution of those parameters.  

 

Monte Carlo Simulation (MCS) 

As the computing power increases, MCS is becoming more practical and viable 

for many uncertainty analyses.  MCS is an enumeration technique that generates and 

evaluates a large number of parameter sets (known as realizations) based upon the 

probability distribution of the input parameters. 

To develop one realization, a parameter set is prepared.  For each parameter, a 

random number is generated and the input parameters corresponding to these random 

numbers are derived based on their probability distributions.  EPANET is then used to 

simulate the hydraulics and water quality using this parameter set. 

This process is repeated for many realizations and water quality and pressure at 

nodes of interest are stored for each result.  As the MCS progresses, the mean and 
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standard deviation of model output for each node is computed using their standard 

definitions.  

 

First Order Second Moment (FOSM) 

The FOSM estimates the variance by approximating a function with a Taylor 

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

terms (Tung and Yen 2005).  With this expansion, the covariance matrix of the model 

predictions, Cov(Y) can be shown to be: 
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where X is the vector of model parameters and Y is the model output.  The Cov(X) is the 

covariance matrix of the model input parameters representing input parameter uncertainty.  

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

outputs (i.e., chlorine or pressure) at the selected nodes and times.  The sensitivity matrix, 

∂Y/∂X, is the gradient of the model output, Y, with respect to the model parameter, X, 

which can be numerically estimated using: 
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where Y∆ and Y are the simulated output using the perturbed and base (typically taken as 

the mean) input values, respectively, and ∆X is parameter perturbation introduced to each 
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input parameter.  Note that no input parameter probability distribution is assumed in 

estimating Cov(Y). 

For a system with K parameters, FOSM requires K+1 function evaluations for the 

K perturbations plus the analysis of the base condition.  The FOSM method provides an 

accurate estimation of variance when the function is close to linear and/or the uncertainty 

of the input parameters is small.  A weakness of FOSM is that output uncertainty is only 

described by variance so there are restrictions on applying some theoretical probability 

distributions to interpret the output uncertainty. 

 

Latin Hypercube Sampling (LHS) 

LHS is in group of methods known as quasi-MCS.  It is a stratified sampling 

method that randomly selects samples of each input parameter over its range in a 

stratified manner.  That is, an input parameter probability distribution is divided into 

intervals and one value is randomly selected from each interval.  Sets of parameters are 

then randomly grouped to form the input set for each realization.  Like MCS, each input 

set is evaluated using EPANET and the statistics of the model outputs are computed 

using their appropriate equations.  The benefit of LHS is that the full range of input 

parameter values are assured to be covered and it tends to converge to the true output 

statistics faster than the random selection in MCS. 

The LHS algorithm is implemented as follows (Tung and Yen 2005): 

1) Select the number of subintervals, M, and divide the plausible range into M equal-

probability intervals.  M will be the number of realization generated and evaluated. 
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2) The next 3 steps generate all random input parameters and one parameter value will 

fall within each sub-interval.  Generate M standard uniform random numbers from 

Uniform(0, 1/M). 

3) Determine a sequence of probability values pkm, for k=1,2, …, K; m=1,2, …, M using: 

kmkm U
M

mp +
−

=
1                      (10) 

in which { } are independent uniform random numbers from 

Uniform(0, 1/M).  K is the number of parameters. 

kMkk UUU ,...,, 21

4) Generate random variates for each of the random variables by inverting the 

appropriate probability distribution, F, or: 

                            (11) )(1
kmkkm pFx −=

5) This step forms the sets of input parameters for all realizations by randomly selecting 

input parameters from the sets developed in steps 2-4.  Randomly permute the 

generated random sequences for all random variables to form sets of input parameters 

for M realizations. 

6) Simulate hydraulics and water quality for all M realizations. 

7) Compute model output statistics for all nodes of interest. 

Like MCS, the full set of model outputs can be collected during LHS and their 

statistical parameters and appropriate probability distributions can be estimated. 

 

Comparison of Uncertainty Methods 
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To evaluate the utility of the applied uncertainty techniques, the results between 

methods are compared for a series of analyses.  Generally, LHS requires fewer 

realizations to achieve a defined certain accuracy level compared to MCS.  However, the 

necessary number of realizations is not known a priori.  In this study, the number of LHS 

realization is varied from 100 to 1000 and its estimates are compared with those from 

MCS. 

 

Normality tests.  Given the histogram of MCS results, it is possible to estimate the 

probability of exceedance or non-exceedance of some probability level.  FOSM and LHS 

do not provide this information; rather they produce the moments of the distribution.  To 

determine exceedance probabilities, a probability distribution must be assumed or 

verified.  The normal distribution defined by two parameters, mean and standard 

deviation, is assumed to represent the uncertainty of model outputs for FOSM and LHS.  

Here, we evaluate the normality of model outputs using the MCS data set by graphical 

inspection and a statistical test.  For graphical inspection, a histogram is drawn using 

MCS results and compared with normal distribution plot defined by mean and standard 

deviation computed from same MCS results.  Next, the chi-square goodness-of-fit test is 

performed.  The chi-square test compares the theoretical and empirical values of the 

relative frequency function.  The chi-square test statistics  is given by: 2
cχ
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where n is the number of intervals and  and  are the observed and expected 

(theoretical) frequency, respectively, for interval i.  The null hypothesis for the test is that 

the proposed probability distribution adequately fits the observed values.  This hypothesis 

is rejected if the  value is greater than a limiting value, , determined from the 

 distribution with 

iO iE

2
cχ

2
1, ανχ −

2χ ν  degrees of freedom at the cumulative probability level α−1 . 

 

Effect of input uncertainty.  The effect of each input parameter set on model output 

uncertainty is examined by allowing one parameter set to be uncertain and fixing all 

others.  Simulations are also performed with all parameters considered as uncertain.  In 

addition, three different uncertainty levels are considered for input parameters to examine 

the effect of the magnitude of input uncertainty on model predictions.  The prediction 

results are described using box plots for steady conditions and temporal plots with upper 

and lower bounds for unsteady simulations. 

 

Prediction interval analysis.  The mean (median for MCS), standard deviation, and lower 

and upper bounds of 95% prediction interval of model outputs are calculated for each 

scheme.  The lower and upper bounds of MCS can be estimated by the 2.5th and 97.5th 

percentile of observed model outputs, respectively.  Since FOSM and LHS outputs are 

assumed to follow the normal distribution, the lower and upper bounds for these methods 

are computed using the standard normal deviate corresponding to the 97.5% cumulative 
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probability level (1.96). The upper and lower bounds are then mean value plus/minus 

1.96 times standard deviation (µ +/- 1.96σ), respectively.   

 

Confidence limit analysis.  After evaluating a large number of MCS realizations, we 

assume the percentile values from MCS are the true values.  However, since the LHS 

sample size is relatively small, the percentiles representing the uncertainty bounds 

estimated by LHS will vary from data set to data set.  Hence, although two data sets are 

randomly drawn from the same population, the percentiles and uncertainty bounds will be 

different.  To provide information on the range of results, confidence limits can be 

computed. 

The two-sided confidence limits provide an interval in which the true percentile 

value is expected to lie with a specified confidence, 1-α.  The non-parametric method by 

Gilbert (1990) can be used to estimate the lower and upper 100( α−1 )% confidence 

limits for the true pth percentile of an unknown distribution and the sampling number (n) 

is greater than 20 or: 

2/1
2/1 )]1([)1( pnpZnpl −−+= −α                 (13a) 

2/1
2/1 )]1([)1( pnpZnpu −++= −α                 (13b) 

where l and u denote the lower and upper limit of pth percentile, respectively.  They (l 

and u) are usually not integers so the limits are obtained by linear interpolation between 

the closest order statistics.   is the standard normal variable at 100(2/1 α−Z α−1 )% 

confidence.  A confidence interval is a range within which we can have a certain level of 
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confidence that the true percentile value would fall.  For 05.0=α , the resulting 

confidence interval is expected to include the true percentile value with a 95% confidence. 

 

PARAMETER UNCERTAINTY 

Six parameters that affect model output 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 the water’s 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 a 

pipe’s bio-film layer, the wall area available for reactions, and flow velocity. Thus, these 

two decay coefficients are also uncertain.  Spatial and temporal nodal demands are 

inherently uncertain due to random water use. 

Parameter uncertainty in steady and unsteady conditions was introduced based on 

the probability distribution of each parameter assuming all parameters are uncorrelated.  

Pipe diameters are assumed to follow the uniform distribution.  Pipe roughness, decay 

coefficients, nodal demands, and demand time patterns are assumed to follow the normal 

distribution defined by the mean ( X ) and standard deviation ( ) corresponding to each 

uncertainty level.  In this study, three uncertainty levels are considered and defined by the 

parameter range for uniformly distributed values and the coefficient of variation 

(

s

XsCV /= ) for normally distributed variables. Three uncertainty levels are addressed 

based on engineering judgments while holding realistic ranges to examine effect of input 
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uncertainty magnitude to model outputs.  The uncertainty magnitudes are increased from 

level 1 to level 3.  In level 1, the range of the uniform distribution describing the pipe 

diameter is 0.64 cm (0.25 inches) and a coefficient of variation of 0.1 is applied to other 

parameters.  Pipe diameter ranges of 1.27 and 2.54 cm (0.5 and 1.0 inches) are defined 

for level 2 and 3, respectively and coefficients of variation for level 2 and 3 for pipe 

roughness coefficients are 0.15 and 0.2, respectively, while decay coefficients, nodal 

demands, and demand time pattern are assumed to have coefficients of variation of 0.2 

and 0.3 for level 2 and 3, respectively to maintain realistic values.  Pipe roughnesses are 

limited to 25 units above or below the mean value.  Also, the total generated nodal 

demand is required to be within +/-10% of the total base demand.  Only the nodes which 

have non-zero demands are considered to have uncertainty. 

 

DESCRIPTION OF STUDY NETWORK 

The water distribution system analyzed in this study is a real network consisting 

of 90 nodes, 1 source, 1 tank, and 116 pipes (Figure 1).  Four pumps are connected to the 

source.  Chlorine is the water quality parameter of interest.  It is assumed to follow first 

order decay reaction with mean values of kbulk = -0.3 day-1 and kw = -0.12 m/day (-0.4 

ft/day).  The input concentration of chlorine at the source is 1.25 mg/l for all conditions.  

The average total system demand is 879.2 l/s (31.05 cfs) and 40 nodes have no demand.  

The minimum and maximum nodal pressures are 17.4 and 67.5 m (24.8 and 96.0 psi), 

respectively.  The median water age of node over the system is 2.88 hrs and minimum 

and maximum values are 0.08 and 25.0 hrs, respectively.  The median nodal chlorine 

 



72 

concentration is 1.08 mg/l and the minimum and maximum values are 0.37 mg/l and 1.25 

mg/l, respectively.  The lowest concentration is detected at node 79 which also has 

longest travel time.  In this study, uncertainty of fourteen nodes (Figure 1) located across 

the network were evaluated by the three computation methods. Selected representative 

results are described in the following sections. 

 

SIMULATION RESULTS 

Steady Conditions 

For steady state simulations, the tank was eliminated and a nodal demand pattern 

was assumed to be constant over time.  A 120 hour simulation period was used to ensure 

steady state conditions were found for all locations and only the last hour’s outputs were 

saved for evaluation. 

 

Comparison of the number of realizations.  To determine the number of realizations of 

MCS, preliminary runs (not presented) were conducted and 10,000 realizations were used 

for all MCS runs although the MCS appeared to converge in 6,000 realizations.  Rules of 

thumb for LHS suggest that 4/3K ~ 2K realizations provide reasonable estimates for the 

model output.  The total number of steady state parameters (K) is 324 in this study.  

Figure 2 shows the percent error of standard deviations versus LHS sampling number for 

4 representative nodes in steady state simulation of concentration for uncertainty level 1.  

Assuming that MCS provides the true output statistics, the percent error represents the 

differences of predicted standard deviations for LHS and MCS and is expressed as: 
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100]/)[( ×− MCSMCSLHS stdstdstdabs (%).   The errors tend to decrease as the larger 

samples are collected but difference is relatively small after 300 realizations.  The 

required minimum sampling numbers are estimated for different uncertainty levels (not 

presented).  After reviewing the initial results, 300 LHS realizations are sufficient for 

steady conditions to provide results comparable to MCS. 

 

Normality tests.  Table 1 summarizes the chi-square test results listing the nodes among 

the 14 nodes highlighted in Figure 1 that are rejected for normality null hypothesis.  The 

test results for pressure and concentration show that even in highest uncertainty level 

normality is acceptable at most locations.  However, the normality of water age for some 

locations is not appropriate even for uncertainty level 1.  Figure 3 presents the histograms 

and fitted normal distribution plots from the MCS results for pressure, water age, and 

concentration at uncertainty level 3 for four locations.  Since water age is related to the 

travel time and velocities are normally designed to be less than 1.5 m/s, physically the 

water age cannot go to zero (or very small) without a rare combination of inputs.  This is 

reflected in the positively skewed MCS histograms that are more likely lognormal.  

However, the concentration histograms for same locations are not skewed and appear to 

be normally distributed.  As mentioned in water quality relationships, chlorine decays 

exponentially in first order over time thus the chlorine concentration curve versus time 

becomes flat at longer times.  Therefore, the tail of skewed histogram of water age is not 

reflected in the chlorine histogram. 
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The histograms and normal distribution plots for pressure fit well, which is 

consistent with the chi-square test results.  The plots for lower uncertainty levels (not 

presented) show more robust normality.  Since normality is confirmed for these 

conditions, we assumed that the normal distribution defined by the mean and standard 

deviation represents the model output uncertainty for FOSM and LHS in all other 

comparisons for steady conditions. 

 

Effect of input uncertainty.  The standard deviation represents the uncertainty of model 

output due to the input parameter uncertainty.  Box plots for node 80 are shown for 

uncertainty level 1 in Figure 4.  The upper and lower edges of the box for MCS represent 

the 97.5 percentile and 2.5 percentile, respectively, from the collected MCS results.  The 

upper and lower bounds of the box for FOSM and LHS represent the mean value plus 

1.96 times standard deviation and mean value minus 1.96 times standard deviation, 

respectively, which correspond to the MCS percentiles for a normal distribution.   

The standard deviation of model outputs (pressure and concentration) for selected 

three nodes (nodes 19, 56, and 80) are listed in Table 2 to compare the effect of each 

input parameter set for three uncertainty levels.  The nodal demand (q) has the largest 

effect on pressure.  The standard deviation increases less than proportionally to changes 

in input uncertainty for C, q and the all parameter case but more than proportionally for D.  

For the chlorine concentration, demand (q) causes relatively large output uncertainties 

that increase more than proportionally to changes in q.  Other important parameters for 

chlorine concentration are wall reaction rate (kw) and bulk decay coefficient (kb).   
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Prediction interval analysis.  Table 3 summarizes comparisons of mean and standard 

deviation of predictions from three uncertainty methods for representative 14 nodes under 

uncertainty level 2.  The % values of FOSM and LHS indicate the percent errors of each 

scheme compared to MCS.  For the selected locations, FOSM and LHS give good 

approximations, that is, less than 5% errors for pressure and less than 10% errors for 

chlorine concentration estimates.  For node 79, the probability distributions and 95% 

prediction intervals estimated by the three uncertainty methods for nodal pressure, water 

age, and chlorine concentration for input uncertainty level 2 are plotted in Figure 5.  The 

probability density function (PDF) derived from the MCS is an estimate of the true PDF.  

The histograms and distribution curves of nodal pressure and chlorine concentration 

estimated by the MCS and approximate schemes (FOSM and LHS) are very close.  MCS 

histograms and FOSM normal distributions are good fits which is consistent with Xu and 

Goulter (1998) for nodal pressure heads.  Prediction intervals estimated by both 

approximate schemes are very close to the MCS results even for the highest input 

uncertainty (not presented). The MCS water age histograms are skewed and do not match 

the FOSM and LHS normal distribution approximations.   

 

Unsteady Conditions 

To examine more realistic extended period conditions, a 24 hr average nodal 

demand multiplier pattern (0.50, 0.48, 0.45, 0.40, 0.46, 0.64, 0.85, 1.20, 1.37, 1.27, 1.16, 

1.15, 1.16, 1.17, 1.21, 1.23, 1.36, 1.57, 1.75, 1.50, 1.15, 0.85, 0.66, 0.58 starting from 
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12am) was applied to all nodal demands and the tank level was allowed to vary over time.  

The demand pattern was repeated for a 240 hr (=10 day) simulation periods until the 

concentrations of all nodes reached cyclical steady conditions.  Cyclical steady state is 

defined as the condition when the chlorine concentration over a 24 hr period is repeated 

on consecutive simulated days for all locations.  Hourly nodal pressure, water age and 

chlorine concentration were collected only for the last 24 hours of simulation period. 

 

Comparison of the number of realizations.  After evaluating convergence plots (like 

Figure 2), 400 samples was chosen as the required number of LHS realizations for 

unsteady simulations.  For a system with K parameters, FOSM requires K+1 function 

evaluations.  The total number of unsteady state parameters, K, is 2484 in this study.  The 

required simulation times for unsteady simulations of MCS, FOSM, and LHS for this 

system were 89, 26, and 4.6 minutes, respectively.  Thus, LHS method requires much less 

effort compared to MCS and FOSM. 

 

Normality tests.  Statistically, the cumulative distribution function (CDF) for the normal 

distribution is a smooth S-shape curve with the mean value at the 50% probability level 

(distribution midpoint).  Figures 6a, b and c show CDF curves of representative nodes 

estimated by MCS for each hour for uncertainty level 3 for normalized pressures, water 

ages and chlorine concentrations, respectively.  The black lines denote the CDFs for high 

demand periods (7 am to 7 pm) and gray lines show CDFs for low demand times (8 pm to 

6 am).  Based on the shape of CDF curves, the 14 nodes are divided into four groups.  
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The nodes in group 1 have narrow CDF band widths, which mean probability 

distributions are constant through a day.  On the other extreme, group 4 nodes have wider 

bands, indicating the distributions vary during the day.  Note that the nodes in each group 

vary by output parameter. 

For pressure (Figure 6a), for most locations and times normality appears to be an 

acceptable assumption except for nodes of group 4 (nodes 40, 52, 63, and 65) especially 

during the low demand period (gray lines).  For water age (Figure 6b), for most locations 

and times the CDF curves are skewed and distorted thus the normality is not acceptable.  

For chlorine concentration (Figure 6c), for most locations and times the CDFs show 

smooth S-shapes intersecting the distribution midpoint except for group 4 nodes (nodes 

52, 56, 60, and 81) during the high demand times (black lines).  During the high demand 

periods flows vary into and out of the tank and the chlorine concentration depends upon 

the water source supplying the nodes.  The noted 4 nodes are directly affected by the tank 

during these periods resulting in variable chlorine concentrations.  Depending upon the 

combination of input parameters, flow may be supplied by the tank with a low 

concentration or directly from the source with a higher concentration. The chi-square test 

was also performed for each hour of 14 nodes (not presented) and the results are 

consistent with the graphical inspections of CDFs. 

To further evaluate the effect of tank operations, MCS histograms of each hour 

for node 52 are examined and 5 selected hours’ results are shown in Figure 7a, b and c 

for pressure, water age, and chlorine concentration, respectively, for uncertainty level 3.  

For this node that is close to the tank, the pressure distributions appear to be normally 
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distributed for most times (Figure 7a).  The effects of tank operation upon the chlorine 

variations are seen in the histograms during the high demand times (7 am, 12 pm, and 6 

pm, Figure 7c).  For example, at 7 am, the low frequency events with low chlorine 

concentration occur when water comes from the tank and the peaks at high chlorine 

concentration are detected when water is provided from the source.  This source/tank 

mixing effect causes large variations in chlorine concentration and the resulting 

histogram is bimodal in extreme cases. 

 

Effect of input uncertainty.  The effect of individual parameters on model output was 

evaluated by considering each input parameter independently. The time series of 

prediction intervals estimated by MCS for uncertainty level 3 for chlorine concentration 

at nodes 60 and 80 are shown in Figure 8.  The upper and lower bounds denote the 97.5 

percentile and 2.5 percentile of MCS results, respectively, and the solid line within the 

bounds is the MCS median.  From these plots, we can assess the relative effect of each 

parameter set and the variations of chlorine concentration over time at different locations. 

Node 60 is close to the tank and source so water is provided from both locations 

depending upon the time of day.  The variation of chlorine is more significant particularly 

between 7 am to 9 am and from 5 pm to 6 pm when the nodal demand is high.  Around 

these times, the tank starts to provide the water, this water has a long retention time and 

low chlorine concentrations compared with water supplied directly from the source.  

Since the node may be supplied by the tank or the source, the chlorine concentrations are 

quite variable around these times.  Other nodes with variable band widths are nodes 52, 
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56, and 81.  The process of filling or emptying the tank is determined by the head 

variation of nodes connected to the tank.  Therefore, the demand (q and TP) and pipe 

roughness coefficient (C) affecting the nodal head changes play significant roles in 

chlorine uncertainty. 

Node 80 is located at the end of a branched pipe far from the source and tank and 

representative of nodes not near the tank (nodes 79 and 85).  Flow to this node has a long 

travel time from the source during low demand periods and the effect of tank/source 

water mixing is seen when the demand is high.  Thus, the mean chlorine concentration is 

low compared to other nodes.  Since the variation of water age is large over time, the 

magnitude of concentration uncertainty is high and relatively constant through the day.  

The chlorine concentration of this node is quite sensitive to the nodal demand variation 

and wall reaction rate.  This result is consistent with Pasha and Lansey (2005) for nodes 

located at the end of a branched pipe. 

 

Prediction interval analysis.  Time series of prediction intervals of pressure, water age, 

and chlorine concentration for uncertainty level 2 for nodes 19, 52, and 79 are plotted in 

Figure 9a, b and c.  The solid line within the bounds denotes the median estimated by 

MCS. Node 19 is supplied only from the source thus the chlorine uncertainty is constant 

during a day and the magnitude is quite small.  The uncertainty bounds estimated by LHS 

for both of chlorine and pressure fit well with those of MCS.  The FOSM is a good 

approximation as well except some peaks at particular times for chlorine estimation. 
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Node 52 is strongly affected by the source/tank mixing thus the chlorine 

concentration is quite variable during the high demand times while the nodal pressure is 

not.  According to the normality analysis in the previous section, the distributions of 

chlorine concentration at these times do not follow the normal distribution thus the LHS 

performs poorly for those periods.  FOSM tends to overestimate chlorine variance during 

the high demand times, that is mainly caused by a few large gradients in the sensitivity 

matrix.  Input parameter variations lead to flow direction changes that result in two 

distinct concentrations depending upon the water source.  Thus, the gradient is not 

continuous and can not be represented by a single gradient evaluation at a single point.   

On the other hand, flow directions do not significantly affect the nodal pressure so the 

nodal pressure is distributed normally; therefore, FOSM and LHS perform well. 

Node 79 is at the end of a branched pipe far from the source and tank thus it has 

the lowest chlorine concentration and largest uncertainties.  Although the source/tank 

mixing effect is attenuated because of its long travel time, the variation of water quality is 

quite complex and nonlinear.  Thus, the point estimation method, FOSM, performs 

poorly for chlorine estimation while the LHS gives better results.  Both LHS and FOSM 

perform well for node 79’s pressure although the variations are quite significant over 

time for the highest uncertainty level.  

 

Confidence limit analysis.  For nodes that are strongly affected by the tank operation, the 

chlorine concentration is likely not normally distributed during high demand periods and 

LHS results were not acceptable.  As mentioned in the methodology, like MCS, LHS is a 

 



81 

sampling method thus the full set of empirical model outputs were collected during the 

analysis.  Figure 10 shows chlorine concentration histograms from MCS and LHS for 

node 52 during a high demand period (6 pm) for uncertainty level 3.  The LHS 

distributions mimic the MCS non-normal distributions quite well using a much smaller 

sample size even for this difficult case. 

Since we are using the collected data sets, the lower and upper 95% prediction 

uncertainty bounds are estimated by the 2.5th and 97.5th percentile of model outputs for 

both MCS and LHS.  Here, the confidence intervals for each uncertainty bound (i.e., 2.5th 

and 97.5th percentile) are estimated using the LHS data set.  If these confidence intervals 

contain the uncertainty bounds estimated by MCS, the LHS can be accepted as an 

appropriate approximate method for MCS.  Figure 11 shows the 95% uncertainty bounds 

for MCS and LHS and confidence intervals for each bound estimated by LHS for 

chlorine concentration for node 52.  The shaded regions of the plot denote the confidence 

intervals estimated by LHS and, in all cases, they contain the uncertainty bounds of MCS.  

Even for the critical periods when the normality is not acceptable due to the effect of tank 

flow, MCS bounds lie within the confidence range.  

 

CONCLUSIONS 

To assess the uncertainty of nodal pressure and chlorine concentration in water 

distribution system caused by the uncertainty of input parameters, MCS, FOSM and LHS 

methods are applied and their results are compared for a mid-sized system with 116 pipes 
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and 90 nodes.  Three different ranges of input parameter uncertainty levels are applied 

and the impacts on the model output uncertainties are also evaluated. 

MCS is the viable tool in uncertainty and reliability analyses for water distribution 

systems.  If the number of realizations is sufficiently large, results from the MCS are 

accurate.  However, since water quality must be analyzed in unsteady condition to reach a 

cyclical steady state, several days of simulations must be performed and a large number 

of realizations must be evaluated.  Thus, the resulting MCS computation times can be 

significant for a reasonably sized system even as a computer power improves. 

FOSM, a point estimation method, only provides variance of model output thus a 

theoretical fit distribution is required to interpret the model output uncertainty.  For most 

locations, the normality assumption for nodal pressure and chlorine concentration was 

accepted in steady state simulations and FOSM gave acceptable accuracy for uncertainty 

estimations.  However, in unsteady simulations, chlorine concentrations of nodes affected 

by the tank operations are not normally distributed for specific periods during the day 

revealing a limitation of the point linear approximation method that tends to overestimate 

the variance of chlorine when flow conditions are variable.  On the other hand, FOSM 

performed well for pressure uncertainty estimation since nodal pressure is not sensitive to 

the changes in water sources. 

LHS, a quasi-MCS method, requires a smaller sample size compared with MCS 

and the full set of observed model outputs can be collected.  Under steady conditions, 

LHS had excellent predictive abilities for chlorine concentration and pressure at the 

selected 14 locations in the study network. Normality was an acceptable fit for the 
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distribution for nearly all locations for those outputs.  In unsteady simulations, the nodal 

pressure was found to be normally distributed and LHS performed well with MCS.  

However, for the nodes located close to the tank and directly affected by tank operations, 

LHS can not accurately approximate chlorine concentration uncertainty.  Since the 

normality assumption for chlorine concentration is not appropriate for the nodes 

significantly affected by the tank flow, empirical data sets generated by LHS method are 

used instead of assuming normal distribution.  The LHS distributions mimic the MCS 

non-normal distributions quite well even for the critical nodes and the confidence limit 

analysis shows that LHS accurately approximates MCS with fewer realizations.  Finally, 

water age is rarely normally distributed for steady and unsteady simulations thus 

sampling methods, like MCS or LHS, should be performed for uncertainty analysis.  In 

summary, LHS provides good estimates of prediction uncertainty for chlorine and 

pressure in steady and unsteady conditions with significantly less effort compared to 

MCS. 

Future efforts should investigate methods that do not require probability 

distributions for the input parameters and can take advantage of engineering judgment, 

such as fuzzy sets, random sets and grey statistics.  
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Table 1. Chi-square test results listing nodes rejected for normality hypothesis for steady 
conditions 
 

Uncertainty 
Level Pressure Concentration Water age 

1 - 66 19, 34, 39, 52, 66, 79, 81, 85 
2 - - 19, 34, 56, 79, 80, 85 
3 40, 52, 63 80 19, 39, 40, 56, 79, 80, 81 

 
 
 
 
Table 2. Standard deviations of model output corresponding to each input parameter set 
for steady conditions for MCS 
 

Standard Deviation 
Node Output Level Base 

Mean Diameter
(D) 

Roughness 
coef. (C)

Base  
demand (q)

Bulk coef. 
(kb) 

Wall const. 
(kw) 

All 
considered

 Conc. 1 0.993 0.001 0.004 0.012 0.005 0.016 0.021 
  2 0.995 0.002 0.005 0.026 0.009 0.031 0.043 

Node (mg/l) 3 0.999 0.004 0.006 0.053 0.013 0.047 0.077 
19 Pres. 1 39.15 0.025 0.169 0.951   0.972 

  2 39.06 0.052 0.226 1.887   1.897 
 (m) 3 38.84 0.118 0.276 2.463   2.482 
 Conc. 1 1.017 0.001 0.003 0.006 0.007 0.012 0.016 
  2 1.018 0.001 0.003 0.013 0.013 0.025 0.031 

Node (mg/l) 3 1.020 0.002 0.004 0.034 0.019 0.038 0.057 
56 Pres. 1 34.57 0.127 0.830 1.234   1.505 

  2 34.13 0.270 1.201 2.504   2.818 
 (m) 3 33.19 0.617 1.498 3.439   3.936 
 Conc. 1 0.577 0.001 0.003 0.024 0.012 0.023 0.035 
  2 0.579 0.003 0.003 0.049 0.023 0.047 0.073 

Node (mg/l) 3 0.585 0.006 0.004 0.080 0.034 0.075 0.115 
80 Pres. 1 34.18 0.082 0.444 1.033   1.142 

  2 33.94 0.176 0.608 2.053   2.137 
 (m) 3 33.45 0.410 0.747 2.717   2.867 

(1) Level 1, 2 and 3 denote parameter uncertainty levels 
 

 



87 

 
Table 3. Steady state simulation results for three uncertainty methods at selected 14 nodes 
for uncertainty level 2 
 

Pressure Chlorine concentration  

MCS 
values 

Percent errors 
in mean 

Percent errors 
in stdv 

MCS 
values 

Percent errors 
in mean 

Percent errors 
in stdv Node 

Mean 
(m) 

Stdv 
(m) FOSM LHS FOSM LHS Mean 

(mg/l)
Stdv 

(mg/l) FOSM LHS FOSM LHS

19 38.93  1.90  0.3% -0.1% 2.7% -3.5% 0.9926 0.0430 0.2% -0.2% -5.6% -0.8%

34 33.88  1.93  0.3% 0.0% 3.1% -0.2% 1.1210 0.0185 -0.1% 0.0% -0.3% 1.2%

39 44.57  2.64  0.9% -0.2% 2.3% 3.1% 0.9847 0.0410 0.2% -0.1% -4.1% 5.7%

40 32.13  1.78  0.2% -0.1% 3.1% -2.5% 1.1463 0.0141 0.0% 0.0% 0.1% 1.4%

52 34.41  1.78  0.2% -0.1% 3.1% -2.2% 1.0911 0.0208 0.0% 0.0% 0.1% 2.1%

56 33.71  2.82  1.3% -0.6% 1.5% 3.5% 1.0163 0.0313 0.1% -0.1% -2.5% -1.9%

60 40.64  1.98  0.3% -0.1% 4.3% 0.4% 1.0672 0.0247 0.3% -0.1% -3.4% 3.6%

63 34.41  1.77  0.2% -0.1% 3.0% -2.4% 1.0846 0.0215 0.0% -0.1% -0.2% 0.7%

65 44.78  1.79  0.2% 0.0% 2.9% -1.9% 0.9669 0.0369 -0.1% -0.1% 0.3% -0.1%

66 23.32  2.06  0.6% -0.3% 4.7% 2.3% 1.0279 0.0289 0.0% -0.1% -0.1% 0.7%

79 57.61  2.62  0.6% -0.3% 3.2% 2.8% 0.3772 0.0694 0.7% 0.6% -5.3% 1.2%

80 33.75  2.14  0.6% -0.3% 4.2% 2.9% 0.5774 0.0731 0.3% 0.0% -6.2% -1.9%

81 26.96  2.11  0.7% -0.3% 4.5% 0.4% 1.0048 0.0330 0.3% -0.1% -1.6% 3.6%

85 41.02  2.66  0.9% -0.4% 2.9% 2.8% 1.0294 0.0349 -0.2% 0.1% 7.6% 0.5%

% error = [((FOSM or LHS) - MCS) / MCS] × 100 
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Figure 1. Application network schematic 
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Figure 2. Percent errors versus number of LHS realizations for steady conditions 
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Figure 3. Histogram (gray bar) and fitted normal distribution curve (solid line) estimated 
by MCS; (a) nodal pressure, (b) water age, and (c) chlorine concentration for uncertainty 
level 3 
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 Figure 4. Box plot showing the 95% confidence bounds of model prediction for node 80 
(input uncertainty level 1, steady state) 
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Figure 5. Comparison of model output distributions and prediction intervals for node 79 
for input uncertainty level 2 
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Figure 6. Representative nodes’ CDFs of each hour from MCS (black line : from 7am to 
7pm / gray line : other times): (a) Nodal pressure (Group 1: nodes 79, 39, 56, 85/ Group 
2: nodes 66, 80, 81/ Group 3: nodes 60, 19, 34/ Group 4: nodes 40, 52, 53, 65), (b) Water 
age (Group 1: nodes 79, 80/ Group 2: nodes 39, 19, 34, 85/ Group 3: nodes 66, 40, 63, 
65/ Group 4: nodes 52, 56, 60, 81), (c) Chlorine concentration (Group 1: nodes 79, 34, 80, 
85/ Group 2: nodes 65, 66/ Group 3: nodes 19, 39, 40, 63/ Group 4: nodes 52, 56, 60, 81) 
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Figure 7. Histogram and fitted normal distribution for selected times of node 52 from 
MCS; (a) nodal pressure, (b) water age, and (c) chlorine concentration (gray bar : MCS 
histogram / solid line : MCS normal fit) 
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Figure 8. Temporal plots of prediction uncertainty of chlorine concentration estimated by 
MCS for different input parameters for nodes 60 and 80 for uncertainty level 3. 
 

 



95 

 
 
 

Pr
es

su
re

 (m
)

Clock Time

 

 

12am            4am             8am             12pm            4pm             8pm             12am
20

30

40

50

MCS
LHS
FOSM W

at
er

 a
ge

 (h
rs

)

Clock Time
12am            4am             8am             12pm            4pm             8pm             12am
0

2

4

6

8

10

C
on

ce
nt

ra
tio

n 
(m

g/
l)

Clock Time
12am            4am             8am             12pm            4pm             8pm             12am

0.6

0.7

0.8

0.9

1

1.1

1.2

1.3

 
(a) node 19 

 

Pr
es

su
re

 (m
)

Clock Time

 

 

12am            4am             8am             12pm            4pm             8pm             12am
20

30

40

50

MCS
LHS
FOSM W

at
er

 a
ge

 (h
rs

)

Clock Time
12am            4am             8am             12pm            4pm             8pm             12am
-4

4

12

20

28

C
on

ce
nt

ra
tio

n 
(m

g/
l)

Clock Time
12am            4am             8am             12pm            4pm             8pm             12am

0.2

0.4

0.6

0.8

1

1.2

1.4

 
(b) node 52 

 

Pr
es

su
re

 (m
)

Clock Time

 

 

12am            4am             8am             12pm            4pm             8pm             12am
10

30

50

70

90

MCS
LHS
FOSM W

at
er

 a
ge

 (h
rs

)

Clock Time
12am            4am             8am             12pm            4pm             8pm             12am
0

10

20

30

40

50

60

C
on

ce
nt

ra
tio

n 
(m

g/
l)

Clock Time
12am            4am             8am             12pm            4pm             8pm             12am
0

0.2

0.4

0.6

0.8

 
(c) node 79 

 
 
Figure 9. Temporal plot of prediction intervals for nodal pressure, water age and chlorine 
concentration for uncertainty level 2; (a) node 19, (b) node 52, and (c) node 79 
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Figure 10. Comparison of MCS and LHS histograms of chlorine concentration for node 
52 at 6pm 
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Figure 11. Temporal plots of 2.5 and 97.5 percentile confidence limits for node 52’s 
chlorine concentration for three uncertainty levels 
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Real-Time State Estimation and Confidence Limit Analysis for Water 
Distribution Systems 
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ABSTRACT 
 
 

A real-time estimation of water distribution system state variables, such as nodal 

pressures and chlorine concentrations can lead to savings in time and money and provide 

better customer service.  While a good knowledge of demands is prerequisite for pressure 

and water quality prediction, little effort has been placed in real-time demand estimation.  

This study presents a real-time demand estimation method using field measurement 

provided by supervisory control and data acquisition (SCADA) systems.  For real-time 

demand estimation, a recursive state estimator based on weighted least squares (WLS) 

scheme and Kalman filter (KF) are applied. Further, based on estimated demands, real-

time nodal pressure and chlorine concentration are predicted.  The uncertainties in 

demand estimates and predicted state variables are quantified in terms of confidence 

limits.  The approximate methods, such as first-order second moment (FOSM) analysis, 

and Latin hypercube sampling (LHS) are used for uncertainty quantification and verified 

by Monte Calro simulation (MCS).   
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Application to a real system with synthetically generated data gives good demand 

estimations and reliable predictions of nodal pressure and chlorine concentration.  

Alternative measured data sets are compared to assess the value of collected data. With 

the defined measurement error magnitudes, pipe flow data is significantly more important 

than pressure head measurements in estimating demands with a high degree of 

confidence.  

Keywords: Demand estimation; Weighted least squares; State estimation; Water 

distribution; SCADA system; Uncertainty analysis 

 

 

INTRODUCTION 

The water industry increasingly needs real-time estimation of state variables, such 

as nodal pressure and water quality for control and operating purposes.  Real-time 

estimation can lead to savings in time and money and provide better customer service.  In 

many systems on-line monitoring data is provided by supervisory control and data 

acquisition system (SCADA).  Present use of SCADA data is generally limited to 

examining measurements for gross differences from expectations.  Little effort has been 

placed in demonstrating uses of that information.   

State estimation (SE) is defined as a process of combining the field measurements 

and mathematical network model so as to gain global system view and calculate the state 

variables of interest that are not directly measured (Bargiela and Hainsworth, 1989).  The 

state variables in water distribution system (WDS) are nodal demands, nodal pressures, 

water quality, and pipe flow rates.  SE often follows similar procedures as those of 
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parameter estimation (PE) that is the process of fitting the model output to the field data 

so that the model adequately represents the real system.  In general, a parameter (i.e., pipe 

roughness) is time invariant (or varies slowly), whereas the state variables change 

temporally.  As such, data collection for PE is not conducted often (say, every five years) 

since the pipe roughness varies slowly.  SE, on the other hand, is performed under normal 

operating conditions with small time step using real-time SCADA measurements. 

Recent WDS uncertainty analyses report that nodal demands are the most 

significant input parameters causing uncertainties in model outputs for both hydraulics 

(i.e., pressure) and water quality (e.g., chlorine concentration) (Pasha and Lansey 2005; 

Kang et al. 2008).  Therefore, accurately estimated nodal demands will improve the 

overall view of WDS and the reliability of nodal pressure and water quality predictions.  

Furthermore, knowledge of the spatial distribution of demands is also valuable in 

reducing pumping energy consumption. 

State estimation is complicated by two factors. First, field measurements recorded 

by a SCADA system (nodal pressures, pipe flow rates, water quality, tank levels) contain 

errors and those errors cause uncertainties in the estimated system state.  Second, 

although SCADA systems have been installed in many networks during last decade, they 

can not cover entire network because of costs.  Measurements are generally taken at only 

a few selected key locations.  Since sufficient data is not available, the number of 

unknowns (i.e., state variables) must be reduced to make the system over-determined (at 

least even-determined).  In other words, the number of measurements must be greater 

than or equal to the number of unknowns.  A system that has more equations than 
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unknowns is described as being over-determined. To reduce the number of unknowns 

during PE, roughness coefficients for a subset of pipes of similar pipe age, material, 

diameter, and relative locations are assigned the same value in a process called 

parameterization (Mallick et al. 2002).  In SE, however, some state variables (i.e., nodal 

pressure and water quality) cannot be grouped to reduce their dimension.  Nodal demands, 

the focus here, can be grouped (i.e., aggregated) depending on the relative locations and 

user characteristics.  Once total group demands are estimated, they must be disaggregated 

to individual nodes by some rule such as proportional to the consumption ratio of each 

node as estimated by population type and densities or customer billing records.  As with 

measurement errors, this simplification and its assumptions induce errors in the estimated 

system state. 

 

LITERATURE REVIEW 

Initial PE studies in WDS were based on trial and error procedures (Walski 1983; 

Bhave 1988). Later, explicit (analytical or direct) calibration approaches, where the 

unknown parameters are solved from the same number of equations given from field 

measurements, were developed (Ormsbee and Wood 1986). More recently, implicit 

(automatic or indirect) methods were developed including optimization (Ormsbee 1989; 

Lansey and Basnet 1991) and Gauss-Newton based weighted least squares (WLS) 

approaches (Datta and Sridharan 1994; Reddy et al. 1996; Munavalli and Kumar 2003). 

At the same time, some efforts have been attempted to quantify uncertainties associated 

with estimated parameters and model predictions. First order second moment (FOSM) 
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approximation (Bush and Uber 1998; Lansey et al. 2001) and Bayesian recursive 

optimization approach (Kapelan et al. 2007) have been applied to approximate 

uncertainty instead of random sampling approach. 

SE has been widely studied since 1960s for power supply systems (Coutto et al. 

1990; Monticelli 2000).  Since large sets of field measurements are available in power 

supply systems, various techniques for SE have been developed and widely used in that 

industry.  Since the late 1970s, researchers have applied similar SE algorithms to water 

distribution system analysis.  However, unlike the power supply systems, water 

distribution networks often have a low degree of instrumentation.  Because of low 

measurement redundancy, the application of SE algorithms to WDS is still ongoing 

research, especially for real-time estimation.   

Powell et al. (1988) presented three state estimators and compared their ability for 

real-time SE in terms of bad data rejection, noise rejection, and stability and elapsed time 

for convergence to estimate nodal pressures using field measurements of nodal heads and 

pipe flows.  Bargiela and Hainsworth (1989) estimated nodal pressure heads and 

quantified their uncertainty in terms of confidence bounds considering errors in field 

measurements of nodal pressure and pipe flow. They found that a linearization of the 

mathematical model of the system provided a good approximation of uncertainty bounds 

with less computational effort compared to Monte Carlo simulation. Carpentier and 

Cohen (1991) presented an optimization technique for demand estimation and leak 

detection using pipe flow measurements under steady condition.  Nagar and Powell 

(2002) proposed an uncertainty approximate method based on linear fractional 
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transformations (LFT) and semidefinite programming (SDP) approach. They estimated 

pressure heads and their confidence bounds considering measurement noise as well as 

parametric uncertainties (in their case, uncertain pipe roughness coefficients).  They 

assumed a set of nodal demands and pressure heads were measured.  

Work has also progressed in modifying the standard weighted least squares 

(WLS) scheme. Sterling and Bargiela (1984) proposed an alternative formulation, known 

as the weighted least absolute values method (WLAV) for nodal head estimation using 

nodal head and demand measurements. Andersen and Powell (2000) presented an 

implicit state estimation technique for demand estimation for an idealized grid network 

under steady condition.  Andersen et al. (2001) proposed a constrained WLS state 

estimation scheme to investigate the effect of introducing measurement bounds. All of 

these methods assumed that demands were measured or could be estimated as pseudo-

measurements from population and users demographics.  Recently, Davidson and 

Bouchart (2006) presented algorithms for adjusting estimated demands by matching the 

model solutions with SCADA data by combining heuristics with weighted least squares. 

Their effort focused on underdetermined systems so no uncertainty analyses were 

performed.  Most recently, Kumar et al. (2008) proposed state estimation method using 

graph-theoretic approach for well instrumented networks. They applied the method to 

two urban water networks assuming sufficient measurements, such as pipe flow rates, 

nodal pressures, and demands are available.   

With the exceptions of a few works, most SE studies in water networks have 

focused on estimating nodal pressures assuming nodal demands are known.  Little effort 

 



104 

has been placed on real-time demand estimation.  Usually, average daily water 

consumptions are estimated from population densities or customer billing records.  Then 

temporal variations are generated using a diurnal curve for typical consumer types in an 

extended period simulation (EPS).  Although these demand estimates may be appropriate 

for design purposes, they are not appropriate for real-time use.   

Nodal demands, among the various input parameters in simulation model, are the 

most uncertain and variable dynamic state of a WDS.  Consumer demands occur along 

pipes at discrete locations but are not normally represented in such a manner.  The 

withdrawn water is an aggregation of the consumption of individual houses and buildings 

in the vicinity and allocated to a demand node at a pipe junction.  Therefore, system 

demands are not typically directly measurable; however, information provided by 

SCADA can be used to estimate them.  Here, we focus on estimating the demand state of 

the system. With those demands, the deterministic hydraulic and water quality 

relationships are applied to estimate the other state variables; pressure head, pipe flows 

and water quality. 

A real-time demand estimation modeling approach is developed by linking field 

data with a computer simulation model.  Uncertainties associated with the estimated 

nodal demands and the resulting model predictions of pressure head and water quality are 

then evaluated in terms of confidence limits.  Nodal pressures have primarily been used 

as field data in previous state estimation work and little effort has been placed on 

determining the appropriate measurement type for a state estimation with respect to 
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demand estimation.  Here, we examine the value of pipe flow rates and nodal pressure 

heads on demand estimates.  

 

METHODOLOGY 

This study presents a real-time nodal demand estimation approach by linking the 

field measurements with the simulation model (EPANET Toolkit) that solves the non-

linear hydraulic relationships (Eq. (1), (2), and (3)).  In addition, system-wide nodal 

pressures and chlorine concentrations are estimated in real-time using the estimated 

demands.  A summary of the methodology is shown in Figure 1.  Before demand 

estimation, to overcome the limitation of low measurement redundancy, nodes with 

similar user types are aggregated to a single demand (step 1).  In real-time, field data is 

measured (step 2).  Two types of field data sets, pipe flow rates only and a combination 

of pipe flows and nodal pressures are used as measurement.  The aggregated demands are 

then estimated (step 3).  Two real-time SE approaches, a tracking state estimator (TSE) 

and the Kalman filter (KF), are compared here.  The estimated group demands are then 

disaggregated to individual nodes (step 4). Uncertainties in nodal demand estimates are 

evaluated considering measurement and aggregration/disaggregation errors using first-

order second moment (FOSM) analysis and verified by Monte Carlo simulation (MCS).  

Estimated demands and their confidence levels can be compared to expected values to 

determine if failures or unexpected conditions are occurring.  

Based on the estimated nodal demands, system-wide nodal pressures and chlorine 

concentrations are estimated using simulation model in real-time (step 5).  These 
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estimates can be compared to independent measurements that are not used for demand 

estimation to diagnose system behavior.  Demand uncertainties caused by measurement 

and system simplification errors are propagated to these state variables and their 

uncertainties are presented as confidence limits.  Since the intent is to apply these tools in 

real-time, short computation times are desirable.  Two approximate methods, first-order 

second moment (FOSM) analysis for nodal pressures and Latin hypercube sampling 

(LHS) for chlorine concentrations, are used for uncertainty quantification.  Details of the 

methods applied are summarized in the following sections. 

 

Node Aggregation 

In an aggregation process, the service area is divided into common usage regions, 

such as industrial, commercial, and residential.  Five general diurnal demand curves for 

different consumer types are shown in Figure 2.  Water consumption in residential areas 

is characterized by large peaks at the start and end of the work day but have some 

deviations depending on residence types. For example, an APT residence may have 

sharper peaks and slack periods during the mid-afternoon compared to large private 

homes. The commercial area has a diurnal curve that rises and falls sharply at the start 

and end of work day and is flat during the work day. Industrial water use is relatively 

constant through a day.  Common user types in a service area are grouped based on 

relative locations and assumed to follow the same diurnal curve.  From the node 

aggregation process, the spatial correlations of the demands are considered.  That is, it is 

assumed that the nodal demands in the same group are perfectly correlated each other. 
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Field Data 

In an actual application, field data would be collected from a SCADA system.  In 

this study, to assess the performance of proposed algorithms, field data sets are 

synthetically generated as follows (Figure 3); (1) identical diurnal demand curves are 

assigned to each node of the same user group (Figure 3a); (2) since the actual demand 

patterns for all users in a group are not identical, random deviations ),0( qN σ  are added 

to each demand to generate true nodal demands (Figure 3b); (3) run EPANET (USEPA, 

2000) using the above demands to generate true pipe flow rates and nodal pressures. 

Finally, to introduce measurement errors, a random variable is added to each pipe flow 

rate, ),0( QN σ  and nodal pressure, ),0( PN σ  (Figure 3c shows only pipe flow data).   

 

Weighted Least Squares (WLS) method 

The weighted least squares (WLS) method has been widely used for parameter 

estimation (Datta and Sridharan 1994; Reddy et al. 1996) and state estimation (Powell et 

al. 1988).  Water distribution system state estimation is based on the non-linear model: 

exhz += )(                     (1) 

where z is the measurement vector (m-vector), x is the true state vector (n-vector, n ≤ m), 

h(.) is a non-linear vector function relating measurements to states, and e is the 

measurement error vector (m-vector).  Here, h(.) are conservation of mass at each node 

and conservation of energy across a pipe that are written in terms of the pipe flows and 

the nodal pressure heads (Boulos et al. 2005). These linear/nonlinear equations are 

written as a sequence of steady state conditions in an extended period simulation (EPS) 
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structure with conservation of mass in tanks linking the steady conditions. z and x are the 

sets of measurements (pipe flow or nodal pressure) and nodal demands, respectively. The 

elements of e are assumed to have zero mean; the corresponding covariance matrix is 

denoted by RZ.   

The state estimation problem can be formulated as a minimization of squares of 

error given by: 

))(())((
2
1)( 1T xhzRxhzx z −−= −E               (2) 

A Taylor series expansion provides an approximation of the non-linear vector 

function h(x): 

xxJxhxxh ∆+≈∆+ )()()(                 (3) 

where  (the Jacobian matrix or sensitivity matrix).  Equation (3) is the 

sensitivity of the measurement vector (output vector) to changes in the state vector.  This 

matrix forms the basis of the WLS scheme.  There are several ways to compute the 

elements of the sensitivity matrix.  Here, a perturbation method, where the derivatives are 

numerically approximated by forward finite differences, is used.  For a system with K 

parameters, total K+1 model evaluations are required, that is, K perturbations plus the 

analysis of base condition. 

xhxJ ∂∂= /)(

The minimization problem objective from Eq. (2) can then be rewritten as: 

))(())(()( 1T xxJzRxxJzx z ∆−∆∆−∆=∆ −E             (4) 

where . )(∆ xhzz −=

The first-order optimality condition for this problem is: 
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0))(()()( 1 =∆−∆−=
∆∂
∆∂ − xxJzRxJ
x
x

z
TE             (5) 

Hence, the linear least-squares solution can be expressed as: 

zRxJxJRxJx zz ∆=∆ −−− 111 )())()(( TT              (6) 

The optimal state estimate is updated by Eq. (7) until the magnitudes of the state 

corrections become smaller than a given tolerance level. 

kkk xxx ∆+=+1                    (7) 

The above procedure is described as the weighted least squares (WLS) approach 

based on Gauss Newton method using sensitivity matrix. 

 

Real-Time State Estimator 

An on-line SCADA system collects a time sequence of measurements, thus real-

time state estimation based on those multiple scans of measurements can take advantage 

of all system data.  In this study, two real-time state estimation methods are addressed. 

 

Tracking State Estimator (TSE) 

The tracking state estimator (TSE) is a recursive method of the single snapshot 

state estimation introduced in the previous section.  In this approach, each scan of 

measurements is described by: 

)())(()( iii ttt exhz +=                             (8) 

Eq. (8) has the same form as Eq. (1) but it is written in the time domain .  Hence, 

the linear least squares solution can be expressed as: 

it
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If the scan interval, 1−− ii tt , is assumed to be small, the correction between 

consecutive estimates, , also will be small.  Although Eq. (9) represents a 

single iteration, this process can be extended to allow more than one iteration per each 

scan.  In Eq. (9) it is assumed that the current demand estimates, , are temporally 

correlated only to the previous time estimates, .  For the small time step estimation 

(say, 10 mins), this is an acceptable assumption.  Since the estimates obtained from the 

previous scan are used as the initial value at current scan, the convergence should be 

reached quickly.  Note that the sensitivity matrix J in Eq. (9) is calculated using a priori 

state estimates,  and updated every time scan.  However, it is computationally 

demanding to compute sensitivity matrix every time step for large systems.  To reduce 

the computational time, the sensitivity matrix is calculated only once using the base 

estimates prior to the multi-scan simulation and Eq. (9) is rewritten as: 

)()( 1−− ii tt xx

)( itx

)( 1−itx

)( 1−itx

)))(()(()()())()()(()()( 1
111

1 −
−−−

− −+= iii
T

i
T

ii tttttt xhzRxJxJRxJxx zz              (10) 

where x  is the base state vector. 

 

Kalman Filter (KF)  

The Kalman filter (KF) algorithm originates from the optimal least-squares 

analysis and consists of the recursive implementation of a forecast step and an update 

step using the state estimates from the previous time step and the current measurement 
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(Kalman 1960).  The forecast stage uses the state estimate from the previous time step to 

produce an estimate of the state at the current time step.  In the update stage, 

measurement information at the current time step is used to refine this forecast to arrive 

at a more accurate state estimate for the current time step. 

The state forecast is given by the system equation: 

))(,0(~)(,)()()( 1 iiiii tNtttt νRννxx += −                           (11) 

The temporal correlation of the demand estimates are considered in Eq. (11). 

The measurement equation is assumed to follow a linear form: 

))(,0(~)(,)()()()( iiiiii tNttttt zReexJz +=                          (12) 

The random variables  and  represent the system and measurement noise, 

respectively.  They are assumed to be independent of each other and have zero mean and 

variance of  and , respectively. 

)( itν )( ite

)( itνR )( itzR

The updated state estimate is given by: 

))()()(()()()( 11 −− −+= iiiiii tttttt xJzKxx                           (13) 

where K is a Kalman gain matrix, expressed as: 

1))()()()(()()()( −+= i
T

iiii
T

ii ttttttt JRJRJRK xzx                        (14) 

In K, the state forecast error covariance, )( itxR , is: 

)()()( 1ˆ iii ttt νxx RRR += −                     (15) 

Finally, the covariance matrix of the updated state estimate, , is: )(ˆ itxR

)())()(()(ˆ iiii tttt xx RJKIR −=                                (16) 
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Eq. (14) shows that the Kalman gain matrix (K) is determined from the relative 

magnitudes of the state forecast error covariance xR  and the measurement error 

covariance  and acts as a weighting factor in Eq. (13).  For example, a large 

measurement error covariance (and smaller K) results in a small update correction to the 

forecast state vector.  

zR

The KF algorithm described above is easy to implement and has proven to be 

effective and efficient for linear system dynamics. The KF scheme must be modified to 

address the nonlinear WDS relationships. In this study, the non-linear vector function is 

solved by successive linearization for each time scan (i.e., Kalman-Bucy filter, (Kalman 

and Bucy 1961)).  Since the WDS relationships are nonlinear, the update stage (Eq. (14), 

(13), and (16) in sequence) is repeated for a defined number of iterations ( ).  Note 

that the state forecast error covariance, 

maxk

)( itxR  in Eq. (14) and (16) should be replaced 

with the state estimate covariance matrix,  from previous iteration ( ). )(1
ˆ i
k t−
xR 1−k

 

Uncertainty Quantification  

The uncertainties caused by measurement errors and system simplification 

assumptions are transferred through the state estimation process and result in inaccurate 

demand estimates and are subsequently propagated to the predicted output variables.  

One method for representing the uncertainty of state estimation and model prediction is 

to define error bounds for each measurement value and calculate the corresponding error 

bounds for each state variable and model prediction.  Here, two variance estimation 
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methods (FOSM and LHS) are applied  The approximate methods are applied in two step 

processes.  First, statistics (means and variances) of demand estimations are computed by 

FOSM. Then, the FOSM is applied a second time using those statistics to compute the 

variances of the pressure predictions while LHS is used for water quality predictions. 

Here, FOSM demand estimation results are confirmed using MCS. Selection of 

uncertainty methods for pressure and water quality predictions is based on Kang et al. 

(2008).  

 

Monte Carlo simulation (MCS) 

Although computationally inefficient, Monte Carlo simulation gives a useful 

reference point for comparison of approximate variance estimation schemes.  For MCS 

analyses, large numbers of perturbed measurement sets are first created by adding 

random noise with zero mean and standard deviation corresponding to the device 

measurement accuracy.  The nodal demands are then obtained by performing state 

estimation for each measurement set.  Demand disaggregation error is then added for 

each estimated demand using an assumed coefficient of variation (CV).  This process is 

repeatedly performed for large numbers of measurement sets to obtain the PDF of each 

nodal demand.  Finally, the mean and standard deviation of nodal demands are computed 

using their standard definitions. 

 

First order second moment (FOSM) 
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For real-time state estimation, simulation time is a major concern. Thus, the 

computational effort of MCS is too large even for a medium-size system so a point 

approximation method, FOSM is applied twice to quantify uncertainties by estimating 

variances in demand estimates and nodal pressure predictions. 

The covariance of the demand estimates is computed based on first-order 

approximation scheme (Yu and Powell, 1994). The state estimation error is defined as 

 and the covariance matrix can be expressed by: x-xα ˆ=

11 ))ˆ)(ˆ[()( −=−−= JR(J]xxxxx z
-TTECov                 (17) 

where E is expectation operator, x  is the true state and x  is the estimated state.  Here, 

the state variable is nodal demand.  Note the diagonal elements of the covariance matrix, 

Cov(x), are the variances of the individual nodal demand estimates and the off-diagonal 

terms are the covariances between nodal demands. 

ˆ

With Cov(x), the FOSM method is then applied a second time to estimate the 

covariance matrix of model nodal pressure head predictions. 
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where y denotes model output (i.e., nodal pressure) and ∂y/∂x represents the sensitivities 

of the nodal pressure with respect to the input state variable (i.e., nodal demand).  The 

sensitivity matrix is estimated by a numerical approximation.  More details of the FOSM 

method can be found in Kang et al. (2008).  Eq. (18) provides covariance matrix of 

model predicted variables in which the diagonal terms are the variances of individual 

nodal pressure and the off-diagonal terms are the correlations between pressures at each 
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node.  This approximation has been successfully applied for uncertainty analysis of 

hydraulic variables by Xu and Goulter (1998), Lansey et al. (2001), and Kang et al. 

(2007, 2008). 

 

Latin hypercube sampling (LHS) 

From the study of Kang et al. (2008), it is found that FOSM is not appropriate for 

uncertainty analysis of water quality but LHS gives good estimates with significantly 

fewer realizations compared to MCS.  Thus for chlorine prediction uncertainty 

quantification, LHS method is used in this study.  LHS is a quasi-MCS known as a 

stratified sampling method that selects random samples of each input variable over its 

range in a stratified manner.  An input variable (i.e., nodal demand) probability 

distribution is divided into equal probability intervals and one value is randomly selected 

from each interval.  Sets of nodal demands are then randomly grouped to form the input 

set for each realization.  Each input set is evaluated using EPANET and the statistics of 

the model outputs (i.e., chlorine concentration) are computed using their appropriate 

equations. For a complete description of the LHS approach, see Kang et al. (2008). 

 

Summary of Assumptions 

As described above, a number of assumptions and simplifications are made in this 

study; (1) the WDS simulation model perfectly represents real physical system (e.g., 

topology); (2) the pipe roughness coefficients and other system parameters are assumed 

to be known and certain; (3) field measurement error is zero mean Gaussian noise thus, 
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bad data or gross errors derived from instrumentation malfunction is not considered; (4) 

to reduce the number of unknown parameters, nodes with similar user characteristics are 

grouped and assumed to have same demand pattern through a day; and (5) two sources of 

uncertainties that are considered are field measurements error and model simplification 

error due to the node grouping and demand disaggregation. 

 

STUDY NETWORK 

The algorithm has been applied to a real network consisting of 90 nodes, 1 source, 

1 tank, and 116 pipes (Figure 4).  Forty of 90 nodes are pipe connections and have no 

associated demands thus the total number of unknown demand nodes is 50.  The service 

area is divided into five regions (industrial, commercial, and three different residential 

densities (apartments, 1/2 acre lots, and large home lots)).  Diurnal water demand curves 

are shown in Figure 2.  The 50 demand nodes are aggregated into 14 groups based on 

consumer types and locations reducing the number of unknowns to 14 (Figure 4).  In this 

study, 19 pipes for flow rates and 6 nodes for pressures are assumed to be measured 

every 10 minutes (Figure 4). Thus the meter redundancy of this study is 1.36 (=19/14) or 

1.79 (=25/14) depending on the measurement sets used. 

Variability of individual nodal demands is introduced assuming that demands are 

normally distributed and have a coefficient of variation (CV) of 0.1 ( qq µσ 1.0= ). 

Measurement errors are random variables ),0( σN  where 27.3/1.0 QQ µσ =  

(corresponding to error of 10% of measurement) for pipe flow measurements and 

mP 3.0=σ  constant for all pressure loggers. 
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SIMULATION RESULTS 

Nodal Demand Estimation (steady hydraulic conditions) 

Before moving to the real-time demand estimation, results from steady state 

hydraulic condition is described first. The WLS scheme is applied to estimate the group 

demands using the 19 pipe flow measurements. These demands are then disaggregated 

from the group demand to compute individual nodal demands. The demand 

disaggregation process considers two errors as shown in Figure 5 (for the group 

containing nodes 37, 38, and 39). As described above, these uncertain demands are 

proportionally distributed to all nodes within the group using weights that are estimated 

by the ratio of node’s base demand to the group’s total base demand. Base demands can 

be estimated from population served or customer billing records. Error 1 is uncertainty 

caused by measurement error in the pipe flows. The group’s uncertainty is distributed to 

each of the group’s nodes by assigning a proportion of the group demand’s standard 

deviation using the above noted weights (row 2 of Figure 5).  Error 2 is the demand 

disaggregation error that is added to each nodal demand using the defined coefficient of 

variation (row 3 of Figure 5).   

To assess the ability of FOSM to estimate the demand uncertainty, results were 

compared with MCS. Table 1 shows the true demand estimates for 14 nodes and the 

FOSM mean results using the error-free pipe flows. The nodes are generally the largest 

demand node within the 14 nodal demand groups. Also shown in Table 1 are results from 

a MCS analysis in which the WLS SE problem was solved for 5000 pipe flow 
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measurement sets. As seen, FOSM and MCS variances compare favorably so FOSM is 

used in the remainder of this study.  In addition, Figure 5 shows representative 

probability distributions of nodal demand from MCS. As seen, the normal distribution 

curves using the FOSM statistics fit quite well with MCS. Based on this and other node’s 

results, the normal distribution is assumed to hold for all nodal demands. 

 

Nodal Demand Estimation (real-time unsteady hydraulic conditions) 

Comparison of available field data 

Available field data has a strong influence on the SE results. Here, we compare 

results for two measurement sets: (1) nineteen pipe flows (set 1) and (2) the same 19 pipe 

flows plus 6 nodal pressures (set 2) (measurement locations are shown in Figure 4). Table 

2 summarizes demand estimate statistics for 14 representative nodes derived using the 

two measurement sets for a sequence of measurements over a 24 hour period at 10 

minutes time steps using TSE.  The root mean square error (RMSE) measures the 

distance between the target (true) values and the estimates indicating the accuracy of the 

state estimate. As seen in the table, measurement set 1 provides more accurate demand 

estimates at all locations except node 55. The confidence interval width (defined as the 

difference between the upper (97.5 percentile) and lower (2.5 percentile) bounds) 

indicates the estimated demand’s uncertainty and precision. Set 2 has higher precision 

compared to set 1 for all locations.  

Figure 6 shows the demand estimations for node 72 (a typical node) using 

different measurement sets and confirms more accurate demand estimations by using 
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only pipe flow measurements. The demand estimations are poorer when nodal pressures 

data is added and true values are frequently out of bounds. As seen graphically in Figure 

6, a smaller confidence interval is not always preferable if the mean values are less 

accurate. 

An analysis of using only nodal pressure heads as field measurements was 

completed by “collecting” up to 19 measurements in various configurations. The 

sensitivity matrix was rarely of full rank so the problem was generally unsolvable. During 

normal operating conditions, the change of nodal pressure across a network at a given 

time is not significant. Although the measurement errors (in this study mP 3.0=σ ) are 

small, demand estimates vary over a large range indicating that the nodal pressure 

information is not appropriate for demand estimation. On the other hand, pipe flow rates 

are sensitive with respect to the demand changes thus pipe flow measurements provide 

more information for demand estimation. 

 

Comparison of TSE  and KF 

The performances of the two real-time SE methods are compared using the 19 

pipe flow measurements. Table 3 summarizes statistics of demand estimations for 

selected 14 nodes for the TSE and KF algorithms. The KF RMSEs are much higher than 

TSE values for nodes in the looped area (nodes 44, 46, 60, and 83 in Figure 4). As 

mentioned in methodology section, KF is most appropriate for linear systems. Although 

successive linearization scheme was applied, the flow variations in looped area appear to 

be strongly non-linear thus KF works poorly.  Figure 7 shows the node 44’s demand 
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estimates using the two state estimators.  Note that node 44 is located in looped area and 

KF generally overestimates the true demands.  In fact, the true demands are outside of the 

KF’s 95% confidence intervals indicating poor estimation performances.  On the other 

hand, KF performs well for parts of the system dominated by branches in which the flow 

variations are more linear (nodes 19, 26, 39, 79, and 80). TSE performed well for all 

nodes so is recommended for general applications including real-time applications. 

 

TSE demand estimation uncertainty 

Figure 8 presents real-time demand estimates with 95% confidence limits for 

nodes 15, 31, and 55 using pipe flow rates as measurement from TSE.  Assuming the 

demand estimates follow the normal distribution (as shown above), the upper and lower 

bounds of confidence limits are computed as mean value plus/minus 1.96 times standard 

deviation ( σµ 96.1/−+ ).  Node 15 is in industrial area where the water consumptions are 

relatively constant over time.  Node 31 is located in commercial area and Node 55 is in 

apartment area (APT).  For those three nodes, the demand estimates are close to the true 

values and the 95% confidence intervals nearly always contain the true values.  The 

confidence interval widths representing magnitude of uncertainty vary over time, i.e., 

during the higher demand periods the uncertainties are larger since the measurement and 

disaggregation error increase. Although not shown, the topological distributions of 

measurements significantly affect the demand estimations (means and variances) thus 

care should be taken for the selection of measurement locations.   
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To further demonstrate the quality of the TSE estimates, Figure 9 displays 

scattergrams and correlation coefficients (R2) assessing the correlations between demand 

estimates and true values for 15 selected nodes.  The correlation coefficients are quite 

large and dots are generally close to a 1:1 line indicating the demand estimates are 

consistently good over time for the entire system.  Note that node 15, 19, and 26 are 

located in industrial area so the demands are relatively constant during a day resulting in 

lower correlation coefficients.  Also, node 79 has poorer estimates due to its low demand. 

 

Nodal Pressure Prediction 

The quality of the SE can be examined by predicting the nodal pressures using the 

estimated demands.  Prediction uncertainty is quantified in terms of confidence intervals 

using FOSM.  Xu and Goulter (1998), Lansey et al. (2001), and Kang et al. (2008) have 

shown that FOSM works well for nodal pressure prediction uncertainty analysis through 

comparisons with MCS.  

Figure 10 presents nodal pressure predictions and confidence intervals for nodes 

55 and 79.  The model predictions match well with the true values and the true values are 

within the confidence interval during most times. Although the confidence intervals of 

nodal demands are large, corresponding pressure intervals are smaller for demand 

uncertainty under normal operating conditions. Under normal operations, uncertainty in 

pressure head prediction is not a concern.  Overall, the pressure predictions are very close 

to the true values for entire system and the confidence intervals estimated by FOSM 

contain true values.  In real-time, an operator could examine the estimated demands and 
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pressures and compare estimated pressures with those measured in the field (assuming 

they were not used in demand estimation) to determine if the system was operating 

properly.  

 

Chlorine Concentration Prediction 

Similar to predicting nodal pressures, water quality is directly linked to nodal 

demands. Here, chlorine is the water quality parameter of interest and it is assumed to 

follow a first order decay reaction.  Improved demand estimates would be used to model 

the flow distributions in the network and transport of chlorine. The uncertainties in water 

quality predictions will indicate if demand estimates are sufficiently accurate.  

The source chlorine concentration is assumed to be 1.25 mg/l for all times.  Under 

average day conditions, the lowest concentration is detected at node 79 that is located at 

the end of a branched pipe far from the source/tank and has the longest travel time (19 

hrs).  Unlike the nodal pressure that can be estimated with steady conditions, chlorine 

concentration must be simulated under unsteady conditions using historical demand 

estimates.  The proper simulation duration is not known a priori.  For this study network, 

24 hrs is conservatively selected since the longest mean travel time is 19 hrs.  That is, for 

current time t chlorine prediction, the previous 24 hrs (from t-24 to t) demand estimates 

are used; for next time step’s prediction at time t+1, demand estimates from t-23 to t+1 

are used and so on.   

Kang et al. (2008) showed that LHS is a good approximate method for 

uncertainty analysis of chlorine concentration for unsteady conditions compared with 
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MCS while FOSM did poorly for the nodes affected by the tank flows.  Therefore, the 

chlorine predictions and confidence limits are estimated by LHS with a sample size of 

400.  Time series of chlorine prediction and confidence intervals for nodes 52 and 79 are 

plotted in Figure 11.  The lower and upper 95% prediction uncertainty limits are 

estimated by the 2.5th and 97.5th percentile of model outputs, respectively, and the 

predictions within the intervals denote the medians (50th percentile).  The chlorine 

concentration at node 52 is strongly affected by the source/tank mixing thus is quite 

variable during the high demand times (Figure 11).  For both nodes, the model 

predictions match well with the true values and the uncertainty intervals contain the true 

values during most times. 

Table 4 summarizes the minimum, maximum, and mean of normalized 

confidence limits of state estimates for 14 selected locations (i.e., one per user group). 

The confidence intervals (difference between the upper and lower bounds) are 

normalized by the mean values so the uncertainty levels of estimated state variables can 

be compared among the nodes.  For nodal demand, nodes 60, 79, and 83 have relatively 

large values indicating higher uncertainties in the demand estimates of those locations.  If 

portions of the system are insufficiently measured, the demand estimates in those regions 

would be inaccurate and contain a high degree of uncertainty (less observable).  On the 

other hand, highly observable regions with sufficient meters tend to have accurate 

estimates and less uncertainty.  Thus these uncertainties are strongly influenced by the 

field measurement locations and by optimizing the measurements locations or adding 

more meters the demand estimations will be improved. For nodal pressure, all locations 
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have low uncertainty levels.  Given the longest travel distance and largest head loss, end 

of branch nodes (nodes 39, 55, and 79) far from the source have the highest uncertainty.  

For chlorine concentration, nodes affected by tank operation (nodes 55, 60, 72 and 83) or 

having long travel times (node 79) have relatively high uncertainties. 

For a real-time application of proposed approach, the computation time is an 

important issue. The average computation time for nodal demand and pressure estimation 

and associated uncertainty quantification was 0.4 sec for each time step using TSE. For 

chlorine and corresponding uncertainty estimation, 400 realizations of a 24 hr extended 

period simulation were required and it took 142 sec. All simulations were performed 

using a 2.0 GHz (1.0 GB RAM) personal computer. 

 

SUMMARY AND CONCLUSIONS 

Real-time demand estimation methods are presented and applied to a real network. 

The WLS scheme is the basic solution algorithm and recursive multi-scan estimators 

based on WLS scheme are applied for real-time demand estimation.  To solve the 

problem using WLS scheme, the number of measurements must be greater than the 

number of unknowns.  In general, the number of measurements is less than the number of 

demand nodes in the WDS, therefore, nodes with similar user characteristics are assumed 

to have the same demand patterns and grouped to reduce the number of unknowns. The 

group demands are estimated by the applied state estimator.  

Once group demands are estimated, they are disaggregated to individual nodes in 

proportion to the base demands that are estimated by population or customer billing 

 



125 

records.  For this study, the pipe roughness coefficients and other system parameters are 

assumed to be known and certain so the field measurement error and demand 

disaggregation error are the only sources of uncertainties.  The demand estimation 

uncertainties propagated from those errors are quantified in terms of confidence limits 

using FOSM and verified by MCS.  The comparison study of different field data shows 

that pipe flow rates provide more information for demand estimation rather than when the 

nodal pressures are used as measurement.  Similarly, a Kalman filter model gave poorer 

results than the tracking state estimator. This result is attributed to the limitations of KF 

for demand estimation particularly in looped area. Using the tracking state estimator with 

pipe flow measurements, demand estimates match well with the synthetically generated 

true values and the confidence intervals estimated by FOSM successively represent the 

corresponding uncertainties.  The temporal and spatial correlations of the nodal demands 

are considered in the demand estimation process. 

Nodal pressures and chlorine concentrations are predicted for each time step using 

the estimated demands.  The pressure and water quality prediction uncertainties resulting 

from the uncertain demand estimates are evaluated using FOSM and LHS, respectively. 

For all locations, model predictions are close to the true values and uncertainty bounds 

for most time contain the true values. 

Results presented in this paper show that the proposed algorithms are effective for 

real-time state estimations using field measurements in WDS.  Improved demand 

estimates, especially for individual node in real-time, are useful in various applications.  

The estimated demands for each location can be stored as a time series then using a 
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Bayesian algorithm or a time series model, individual nodal demand forecasts can be 

made.  Subsequently, using those forecasted demands, optimal pump operation schedule 

for future pressure maintenance and optimal decisions for valve operation and booster 

injection can be made for chlorine improvements in critical locations.  Since proposed 

algorithms only use pipe flow rates as field measurements for demand estimation, nodal 

pressure data, which are generally monitored by SCADA systems, can be compared with 

the model predicted pressures to detect pipe break or leakage.  Similarly, the stored 

historical patterns of nodal pressures and pipe flows can be used for pipe break or leakage 

detection by comparing the gross differences with the current estimation results. 

As noted, the state estimates and corresponding uncertainties are significantly 

influenced by the topological distribution of field measurements.  Also, the type and 

available number of measurements are important factors affecting the accuracy and 

precision of state estimations.  Work is underway to analyze the impacts of meter 

placement on state estimations and identify optimal meter placements. 
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Table 1. Means and standard deviations of demand estimates for a steady state hydraulic 
condition for FOSM and MCS for 14 representative nodes (one per demand group) 

 
Mean value 

(lps)  Standard deviation 
(lps) Node 

True 
value FOSM MCS  FOSM MCS 

15 45.31 45.31 45.26 5.20  5.12  
19 8.21 8.21 8.24 1.44  1.45  
26 53.80 53.82 53.95 7.50  7.58  
31 16.99 16.99 16.92 2.20  2.41  
35 42.47 42.48 42.82 5.83  6.20  
39 14.16 14.16 14.17 1.48  1.49  
44 14.16 14.14 14.06 3.07  3.16  
46 62.30 62.30 62.24 6.71  7.84  
55 32.57 32.57 32.42 3.54  3.67  
60 8.49 8.47 8.54 2.90  2.13  
72 39.65 39.65 39.36 6.22  5.47  
79 1.41 1.41 1.43 0.39  0.33  
80 2.83 2.84 2.83 0.61  0.54  
83 22.66 22.71 22.62 6.14 4.33  
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Table 2. Demand estimation results for different measurement sets for 14 representative 
nodes (one per demand group) 
 

Node 
Statistics Data 

Set* 15 19 26 31 35 39 44 46 55 60 72 79 80 83
RMSE Set 1 4.5 1.7 5.9 2.0 5.0 1.1 2.7 4.5 2.6 1.8 3.6 0.3 0.5 3.6
(lps)** Set 2 4.6 1.8 6.0 2.0 5.6 1.1 3.6 4.5 1.9 1.8 6.1 0.5 0.6 3.8

Mean CI  Set 1 20.7 5.9 28.4 5.9 19.7 5.2 11.0 22.4 11.9 8.3 20.7 1.3 2.0 17.7
(lps)*** Set 2 20.2 5.1 27.4 5.9 16.8 5.2 8.8 22.3 11.1 7.0 17.0 1.0 1.5 15.6

*     Set 1: pipe flows only / Set 2: pipe flows and nodal pressures  
**   RMSE: root mean square error 
*** Mean CI: Mean of confidence interval (upper bound – lower bound) over time 
 
 
 
 
 
Table 3. Demand estimation results for different real-time state estimator for 14 
representative nodes (one per demand group) 
 

Node 
Statistics Method* 

15 19 26 31 35 39 44 46 55 60 72 79 80 83
RMSE TSE 4.5 1.7 5.9 2.0 5.0 1.1 2.7 4.5 2.6 1.8 3.6 0.3 0.5 3.6
(lps)** KF 4.4 1.7 9.9 3.8 6.3 1.1 9.8 26.1 5.6 6.1 4.2 0.3 0.8 13.5

Mean CI  TSE 20.7 5.9 28.4 5.9 19.7 5.2 11.0 22.4 11.9 8.3 20.7 1.3 2.0 17.7
(lps)*** KF 20.3 5.9 27.9 6.5 17.9 5.2 11.9 13.8 13.6 10.9 20.9 1.3 2.0 20.0

*     TSE: Tracking state estimator / KF: Kalman filter 
**   RMSE: root mean square error 
*** Mean CI: Mean of confidence interval (upper bound – lower bound) over time 
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Table 4. Normalized 95% confidence intervals for state estimates for 14 representative 
nodes (one per demand group) 
 

 Nodal demand Nodal pressure  Chlorine concentration 
Node 

 Min Max Mean Min Max Mean Min Max Mean

15  0.436 0.497 0.459 0.021 0.035 0.027 0.010 0.029 0.016 

19  0.559 1.129 0.722 0.032 0.054 0.042 0.015 0.032 0.023 

26  0.432 0.725 0.525 0.015 0.028 0.021 0.011 0.021 0.014 

31  0.417 1.653 0.513 0.003 0.012 0.007 0.003 0.034 0.017 

35  0.492 0.791 0.573 0.010 0.036 0.019 0.003 0.026 0.011 

39  0.410 0.410 0.410 0.036 0.107 0.066 0.009 0.033 0.017 

44  0.651 2.018 0.949 0.028 0.103 0.059 0.010 0.101 0.035 

46  0.414 0.449 0.422 0.019 0.080 0.044 0.005 0.052 0.020 

55  0.424 0.439 0.431 0.025 0.189 0.079 0.009 0.144 0.042 

60  0.668 12.449 2.163 0.006 0.022 0.014 0.009 0.149 0.043 

72  0.542 0.767 0.616 0.025 0.097 0.054 0.021 0.156 0.056 

79  0.738 1.758 1.088 0.028 0.112 0.063 0.032 0.126 0.073 

80  0.628 1.549 0.828 0.021 0.080 0.050 0.017 0.084 0.045 

83  0.621 11.012 1.590 0.015 0.057 0.035 0.008 0.168 0.056 

* Normalized confidence interval = (upper bound – lower bound)/mean value 
   Min, Max, and Mean are minimum, maximum, and mean of normalized CI over 24 hr simulations, 

respectively 
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Figure 1. Sequence of processes performed in state estimation algorithm 
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Figure 2. Diurnal demand curves for different user types 
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Figure 3. Synthetic field data generation steps: (a) total demand proportionally distributed 
to nodes within user group based on population served, (b) addition of random variability 
of nodal demands relative to average, and (c) simulated (true) pipe flow and addition of 
measurement error 
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Figure 4. Application network schematic showing user groups and measurement 
locations 
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Figure 5. Demand disaggregation for group of nodes 37, 38, and 39 for a steady state 
hydraulic condition (■ MCS histogram, - - FOSM normal fit) 
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Figure 6. Demand estimation for Node 72 with different measurement sets using tracking 
state estimator. 19 pipe flow measurements were supplied for (a) and the same 19 pipe 
flow measurements plus 6 nodal heads were supplied for the result given in (b).  
 
 
 
 
 

Time

N
od

al
 D

em
an

d 
(lp

s)

 
12am 4am 8am 12pm 4pm 8pm 12am
0

10

20

30

40
q true
q esti
95% CI

Time

N
od

al
 D

em
an

d 
(lp

s)

12am 4am 8am 12pm 4pm 8pm 12am
0

10

20

30

40

 
        (a)                  (b) 

 
Figure 7. Demand estimation for Node 44 using pipe flow measurements with the 
tracking state estimator (a) and the Kalman filter (b). 
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Figure 8. Nodal demand estimates and 95% confidence limits for nodes 15, 31, and 55 
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Figure 9. Scattergrams and correlation coefficients between demand estimates and true 
demands at selected nodes 
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Figure 10. Nodal pressure predictions and 95% prediction intervals for nodes 55 and 79 
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Figure 11. Chlorine residual predictions and 95% prediction intervals for nodes 52 and 79 
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Optimal Meter Placement for Water Distribution System State-
Estimation 

 
 

Doo Sun Kang1 and Kevin Lansey2

 
 

ABSTRACT 
 
 

Real-time state-estimates (SE) of nodal demands in water distribution system 

(WDS) can be developed using supervisory control and data acquisition (SCADA) data. 

These estimates provide information for better operations and customer service in terms 

of energy consumption and water quality. The SE results in WDS are significantly 

affected by measurement characteristics, i.e., meter types, numbers, and topological 

distributions. The number and type of meters are generally selected prior to SCADA 

layout. Thus, selecting measurement locations is critical. The aim of this study is to 

develop a methodology to optimally locate field measurement sites so that the more 

reliable state estimates are obtained. 

An optimal meter placement (OMP) problem is formulated as a multi-objective 

optimization approach. Three distinctive objectives are posed: (1) minimization of nodal 

demand estimation uncertainty; (2) minimization of nodal pressure prediction 

uncertainty; and (3) minimization of absolute error between demand estimates and their 

expected values. Objectives (1) and (2) represent the model precisions while objective (3) 
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describes model accuracy. The OMP is solved using a multi-objective genetic algorithm 

(MOGA) based on Pareto-optimal solutions. 

From two case studies, the trade-off between model precision and accuracy is 

clearly observed and it is recommended to use both criterions as objectives. It is also 

concluded that the proposed objectives are more appropriate for OMP purposes compared 

to calibration sampling design studies in which minimization of metering costs (i.e., 

number of meters) is used as one of multiple objectives. Pareto-solutions from the 

MOGA are identical to the solutions found using full enumerations for small hypothetical 

network. For real networks, GA solutions, although not guaranteed to be globally optimal, 

are improvements over those obtained using less robust methods or designers’ 

experienced judgment. 

Keywords: Optimal meter placement; State estimation; Water distribution; SCADA 

system; Multiple objective genetic algorithm 

 

 

INTRODUCTION 

State estimation (SE) is a process of combining the field measurements and 

mathematical network model so as to gain global system view and calculate the state 

variables of interest (e.g., nodal demands, pressures and water quality) that are not 

directly measured (Bargiela and Hainsworth, 1989). The need of SE, especially in real-

time, is increasing since it can lead to savings in time and money and provide better water 

distribution system (WDS) customer service. WDS SE is based on measurements 

provided by supervisory control and data acquisition (SCADA) systems. SE is 
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complicated by two factors; the limited number of available meters (low measurement 

redundancy) and errors contained in field measurements (uncertainty of field 

measurement).  

Generally, state estimates improve with more field measurements. However, a 

limited number of meters are installed in a system because of costs thus measurements 

are generally taken at only a few selected key locations. Also, field measurements 

recorded by a SCADA system contain errors. Errors in field measurements are 

propagated through the state-estimation process, often result in inaccurate estimates and 

cause uncertainties in the estimated system states. The topological distribution of meters 

in networks strongly influences the SE quality. If portions of the system are insufficiently 

measured, the state variables in those regions will not be accurately estimated and contain 

a high degree of uncertainty. Therefore, an important prerequisite for reliable SE is the 

choice of a limited number of meter locations that optimally improve the accuracy and 

reduce the uncertainty of state estimates over the entire system. 

Since the field measurements are quite costly (capital and operational costs), 

robust methods for determining the optimal locations of meters are required rather than 

ad hoc methods based on engineering judgment. This study uses a multi-objective genetic 

algorithm (MOGA) for optimal meter placement (OMP) for SE. GAs have been 

successfully applied for a wide variety of optimization problems in water networks and 

provided robust results. The OMP approach proposed here is applied to a hypothetical 

simple network and a medium sized real WDS. 
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LITERATURE REVIEW 

Sampling design (SD) for WDS model calibration is defined as a process to find 

the combination of flow test locations for parameter (roughness coefficient, C) estimation 

(PE). Optimal SD for WDS is an important issue and has been completed by a number of 

researchers. Meier and Barkdoll (2000) is one of the first to use a GA to solve a SD 

problem. Their objective was to find the optimal combination of calibration test locations 

to maximize the total length of pipes having non-negligible flow velocities (≥ 0.3 m/s). de 

Schaetzen et al. (2000) presented three SD approaches. The first two algorithms are 

ranking based methods and the third method solves the optimization problem by 

maximizing the entropy function using a GA. The SD cost is considered as a model 

constraint or as an objective function. Lansey et al. (2001) proposed a sensitive-based 

heuristic procedure for design of data collection using model prediction uncertainty. 

Optimal measurement loading conditions and demand locations are selected to improve 

model predictive ability. They used first-order second moment (FOSM) analysis to 

compute the model prediction uncertainty that is propagated from measurement error. 

Vitkovsky et al. (2003) presented an approach for SD problem using inverse transient 

analysis. They used three performance indicators based on A- and D-optimality criteria 

and sensitivities of the heads with respect to the parameters. Full enumerations and GA 

are used to solve the optimization problems.  

Kapelan et al. (2003, 2005a) formulated the SD problem as a two-objective 

optimization problem. The objectives are to maximize the calibrated model precision by 

minimizing the relevant uncertainties and to minimize the total SD costs (i.e., the number 
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of measurements). The optimal SD problem was solved using a single-objective GA 

(SOGA) and a multi-objective GA (MOGA) based on Pareto ranking. They used FOSM 

analysis to estimate parameter and prediction uncertainties. One of their conclusions was 

that the optimal set of locations for N points is not always a superset of the optimal set for 

N-1 points. Therefore, according to their studies, the ranking methods (Ferreri et al. 1994; 

Bush and Uber 1998) or any other methodologies assuming that the optimal set of N 

locations is derived from the set of N-1 solutions (Yu and Powell 1994) are not 

appropriate for optimal SD. The SD problem is usually solved considering multiple 

demands under steady-state hydraulic conditions to take into account various demand 

loads. 

Generally, optimal meter placement (OMP) problems for state-estimation (SE) 

have been considered as part of SD problem. Yu and Powell (1994) presented meter 

placement algorithm for pressure estimation in WDS. The meter placement problem was 

formulated as a multi-objective optimization problem by seeking the best solution in 

terms of estimation precision and metering costs. The optimization is based on a 

systematic extension of a given measurement system, starting from purely pseudo-

measurements (nodal demand guesses) and at every stage one metered measurement 

(nodal pressure head) is added that is determined by analyzing the maximum covariance 

of the state variables.  

Since SE often follows similar procedures as those of PE, the OMP problem can 

be solved in a similar fashion as the SD problem. However, SE is generally performed 

with a small time step (on the order of minutes to hours) using real-time SCADA 
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measurements whereas PE is conducted less frequently (say, every five years) since the 

pipe roughness varies slowly. Therefore, OMP for SE must be performed under unsteady 

hydraulic conditions to take into account the temporal changes of state variables.  

There are two unique contributions from this study: (1) Most previous sampling 

design studies were limited to parameter estimation problems and little effort has been 

placed on state estimation network design. This study presents algorithms for optimal 

design of meter layout where field measurements are collected for real-time demand 

estimation and pressure and water quality predictions; and (2) Previous sampling design 

studies only considered model precision by minimizing the uncertainties (either 

parameter or model prediction) but never included the model accuracy as their objective 

function. This study addresses a new criterion, accuracy, as one of multiple objective 

functions. By performing demand estimation within the framework of an optimization 

process, the precision and the accuracy of the state-estimation are simultaneously 

considered as dual optimization objectives. Here, “precision” refers to the uncertainty of 

state estimates and “accuracy” denotes unbiased tracking of the target value. Therefore, a 

meter placement design presented in this study comprises finding the set of meter 

locations that optimally improve the accuracy and the precision of SE. The proposed 

method is presented followed by applications to a hypothetical simple network and a 

medium sized real WDS. 

 

METHODOLOGY 
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The procedure for SE OMP consists of the following steps: (1) to overcome the 

limitation of low measurement redundancy, nodes with similar user types are aggregated 

to a single demand; (2) the potential measurement locations are defined and field data 

sets are synthetically generated for all of those locations; (3) the number of available 

measurement sites is defined in advance; and (4) solve the OMP problem using a GA for 

multiple objective functions. Note that the number of measurement sites must be set 

equal to or greater than the number of unknown demand groups to make the system even- 

or over-determined. Further, based on previous work (Kang and Lansey 2008a and b), the 

value of pressure meters in determining demands is small. Therefore, only flow meters 

are considered in this OMP problem. The details of method used in each step are 

described in following sections. 

 

Nodal Demand Aggregation and Field Measurements Generation 

To reduce the number of unknowns and the number of measurements during the 

SE computation, nodal demands are grouped (i.e., aggregated) depending on the relative 

locations and user characteristics. In an aggregation process, the service area is divided 

into common usage regions, such as industrial, commercial, and residential. Water 

consumption in residential areas is characterized by large peaks at the start and end of the 

work day but have some deviations depending on residence types. The commercial area 

has a diurnal curve that rises and falls sharply at the start and end of work day and is flat 

during the work day. Industrial water use is relatively constant through a day. After the 

total group demands are estimated, they are disaggregated to individual nodes 
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proportionally to the consumption ratio of each node as estimated from population type 

and densities or customer billing records.  

Field measurement data sets are synthetically generated as follows: (1) 24 hour of 

actual demands are generated for each node using the diurnal demand curves and base 

demands; (2) run EPANET (USEPA, 2000) using the above demands to generate true 

pipe flow rates; (3) finally, to introduce measurement errors, a random variable, ),0( σN , 

is added to each pipe flow rate generated in step (2). 

 

Uncertainty Quantification 

The uncertainties caused by measurement errors are transferred through the state-

estimation process and result in inaccurate demand estimates and are subsequently 

propagated to the predicted output variables. Here, the first-order second moment 

(FOSM) approximate method is applied in a two step process: (1) the variances of nodal 

demands propagated from measurement errors are estimated by FOSM; and (2) the 

FOSM is applied a second time using the demand variances computed in step (1) to 

estimate the variances of the nodal pressure predictions. 

 

Demand estimate uncertainty 

The covariance of the demand estimates is computed based on a first-order 

approximation scheme. The state-estimation error is defined as  and the 

covariance matrix is expressed as: 

x-xα ˆ=

11 ))ˆ)(ˆ[()( −≅−−= JR(J]xxxxx z
-TTECov             (1) 
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where E is expectation operator, x  and is the true and estimated demand, respectively, 

and R

ˆ x

z is the covariance matrix of the measurement (pipe flow rates) noise. J is the 

Jacobian (or sensitivity) matrix of pipe flow rates with respect to the nodal demands 

evaluated at the base demands. A perturbation method is used to numerically 

approximate the derivatives by forward finite differences. Note the diagonal elements of 

the covariance matrix, Cov(x), are the variances of the individual nodal demand estimates 

and the off-diagonal terms are the covariances between nodal demands. The sum of the 

diagonal terms is known as A-optimality. 

 

Pressure prediction uncertainty 

Using Cov(x) from Eq. (1), the FOSM is applied a second time to estimate the 

covariance matrix of nodal pressure predictions: 
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where y denotes model output (i.e., nodal pressure) and ∂y/∂x represents the sensitivities 

of the nodal pressures with respect to the nodal demands. The sensitivity matrix is again 

estimated by a numerical approximation. The diagonal terms of the covariance matrix, 

Cov(y), are the variances of individual nodal pressure predictions. The trace of this 

matrix (i.e., the sum of the diagonals) is described as I-optimality. This FOSM has been 

successfully applied for uncertainty analysis of hydraulic variables by Xu and Goulter 

(1998), Lansey et al. (2001), and Kang et al. (2007, 2008). 
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Demand Estimation 

For unsteady-state demand estimation, a recursive state estimator based on the 

weighted least squares (WLS) method is applied (Kang and Lansey, 2008a and b). The 

WLS method has been widely used for PE (Datta and Sridharan 1994; Reddy et al. 1996) 

and SE (Powell et al. 1988) in WDS. 

SE for WDS is based on the non-linear model: 

exhz += )(                     (3) 

where z is the measurement vector (m-vector), x is the true state vector (n-vector, n ≤ m), 

h(.) is a non-linear vector function relating measurements to states, and e is the 

measurement error vector (m-vector).  Here, h(.) are the conservation of mass at each 

node and conservation of energy across a pipe equations that are written in terms of the 

pipe flows and the nodal pressure heads. z and x are the sets of measurements (pipe 

flows) and state variables (nodal demands), respectively. The elements of e are assumed 

to have zero mean and the corresponding measurement covariance matrix is denoted by 

Rz.  

The state estimation problem can be formulated as a minimization of the squares 

of the errors or: 

))(())((
2
1)( 1T xhzRxhzx z −−= −E               (4) 

A Taylor series expansion provides an approximation of the non-linear vector 

function h(x) as xxJxhxxh ∆+≈∆+ )()()(  where xhxJ ∂∂= /)(  (the Jacobian matrix). 

Eq. (4) is then rewritten as: 
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))(())(()( 1T xxJzRxxJzx z ∆−∆∆−∆=∆ −E             (5) 

where . )(∆ xhzz −=

The first-order optimality condition for this problem is: 

0))(()()( 1 =∆−∆−=
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x
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z
TE             (6) 

Hence, the linear least-squares solution is: 

zRxJxJRxJx zz ∆=∆ −−− 111 )())()(( TT              (7) 

Using the previous time step (t-1) solution as the initial estimate for current time t, 

the recursive equation for the real-time estimation is rewritten as: 
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ii tttttt xhzRxJxJRxJxx zz              (8) 

Although Eq. (8) represents a single iteration, this process can be accomplished 

more than one iteration until the magnitude of the state corrections become smaller than a 

given tolerance. Note that the Jacobian matrix J in Eq. (8) is calculated only once using 

the base demands, x , prior to the real-time estimation. For a complete description of the 

SE approach, see Kang and Lansey (2008a and b). 

 

Multiple Objectives Genetic Algorithms 

Genetic algorithms (GAs) are stochastic search techniques based on the 

evolutionary mechanisms inspired by biological evolution processes, such as selection, 

crossover, and mutation (Goldberg 1989). The GA repeatedly modifies a population of 

individual solutions. At each step (generation), the GA selects individuals at random from 

the current population to be parents and uses them to produce children for the next 
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generation. Over successive generations, the population evolves toward an optimal 

solution. The GA uses three operations at each step to create the next generation from the 

current population. Elite children are the individuals in the current generation with the 

best fitness values. These individuals automatically survive to the next generation. 

Crossover combines two parents to form children for the next generation. Mutation 

applies random changes to individual parents to form children. Most GAs selects 

individuals that have better fitness values as parents.  

Many design problems involve multiple objective optimizations and if more than 

one objective is considered in an optimization problem, there may not exist only one best 

solution with respect to all objectives. Instead in a multi-criterion optimization problem, 

there exists a set of solutions called Pareto-optimal solutions. The goal of the multi-

objective GA (MOGA) is to find as many Pareto-optimal solutions as possible. All 

solutions on the Pareto-front are equally optimal but by moving from one Pareto solution 

to another the improvement in one function value causes deterioration in at least one 

other function value. Therefore, these solutions can only assist the engineer and an 

engineer’s experienced judgment is required to provide a practical solution depending on 

the application. 

MOGAs have been extensively applied to a wide variety of water network 

optimization problems, such as optimal design (Prasad and Park 2004; Tolson et al. 2004; 

and Kapelan et al. 2005b), optimal planning for rehabilitation (Halhal et al. 1997), 

optimal scheduling of chlorine sources (Prasad et al. 2004), and optimal operation 

planning (Zyl et al. 2004). MOGAs are well suited especially for solving combinatorial 
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optimization problems with large solution spaces. Good descriptions of MOGA can be 

found by Goldberg (1989) and Deb et al. (2002).  

 

GA coding 

When formulating the OMP problem, two types of GA coding can be used, i.e., 

binary and integer. If a binary coding is used, each potential measurement location is 

represented as a single gene and assigned either “0” or “1”. Gene of “1” indicates that the 

corresponding location is measured. So the total number of genes assigned “1” is equal to 

the predefined available number of meters. Here, binary coding is used for small network 

OMP problem (case study 1) in which the number of pipes is relatively small.  

For large networks, it is inefficient to use binary coding since only a small 

proportion of all pipes are metered, i.e., the number of measurements is much less than 

the total number of possible locations. Therefore, integer coding is used for real network 

OMP problem (case study 2) in which individual gene defines a metered pipe. For 

example, if the predefined available number of meters is fourteen, then each individual of 

population would have fourteen integers; each represents one pipe in which the flow rates 

will be measured. 

 

Objective Functions 

Three distinctive objectives are formulated as follows: (1) maximize model 

precision by minimizing demand estimate uncertainties (Eq. 9a); (2) maximize model 

precision by minimizing pressure prediction uncertainties (Eq. 9b); and (3) maximize 
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model accuracy by minimizing the difference between estimated demands and expected 

values (Eq. 9c).  
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where nnode and ntime are the number of nodes and the simulation time, respectively, 

and diag(.) denotes diagonal elements of the covariance matrix. Objectives F1 and F2 are 

the summations of standard deviation of demand estimates and pressure predictions, 

respectively. Objective F3 is the root mean square error (RMSE) of demand estimates. 

For better comparisons, the three objective functions are scaled by dividing the 

objective function values with their corresponding values when all locations are 

measured, Fi,full. The scaled dimensionless objective functions are then: 

Minimize 
fullF

Ff
,1

1
1 =                     (10a) 

Minimize 
fullF

Ff
,2

2
2 =                     (10b) 

Minimize 
fullF

F
f

,3

3
3 =                     (10c) 

Note that in all cases a smaller objective function values are better and the scaled 

objective functions are limited below at a value of 1. 
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Infeasible Solutions 

OMP problem solutions are the best measurement locations for a given number of 

meters so as to achieve an accurate and precise state estimates. However, not all the sets 

of measurement combinations make the model solvable or the system observable even 

when the system is over-determined. To reduce the OMP computation time and make the 

optimization process more efficient, penalties to the objective values are included to 

handle these conditions during the search process. First, the rank of the Jacobian matrix, 

rank(J) is checked. If J is not of a full rank (a not well-posed or singular matrix, i.e., non-

solvable) with the selected measurements, a large penalty is added to each objective 

function so that the measurements set is unlikely to be selected. If this condition occurs, 

no additional calculations are performed. Second, if the maximum of the diagonal 

elements of covariance matrix of demand estimate from Eq. (1) is larger than a specified 

large value (i.e., part of system is not observable), a penalty is added to the objective 

function, F3. The SE process that has a relatively long computation time is then skipped. 

 

Non-dominated Solutions 

The multi-objective GA search process is similar to that of standard single-

objective GA. The fundamental difference between two processes is in the manner that 

the fitness values are evaluated.  For the MOGA, after the objective function values from 

Eq. (10a)-(10c) are obtained for the entire population in current generation, the next 

generation of the population is computed using the non-dominated rank and a distance 
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measure between the individuals in the current generation. A non-dominated rank is 

assigned to each individual using the objective function values and Pareto domination 

rules. For example, individual “A” dominates individual “B” if “A” is better than “B” in 

at least one objective function and “A” is not worse than “B” in all objectives. This also 

defines that “B” is inferior to “A”. In this case, solution “A” has a lower rank than “B”. 

Two individuals “A” and “B” are considered to have equal ranks if neither dominates the 

other. The distance measure of an individual is used to compare individuals with equal 

rank. It is a measure of how far an individual is from the other individuals with the same 

rank. Figure 1 illustrates the domination rules in a two dimensional function space. 

A controlled elitist genetic algorithm (a variant of NSGA-II) is used in this study 

for multi-objective optimization problem (Deb et al. 2002). An elitist GA always favors 

individuals with better rank whereas a controlled elitist GA also favors individuals that 

increase the diversity of the population even if they have a lower fitness value. To 

maintain population diversity, the number of individuals on the Pareto-front (elite 

members) is limited and distance function to calculate the distance measure of an 

individual is used to help to maintain diversity on a front by favoring individuals that are 

relatively far away on the front. 

 

Summary of Assumptions 

A number of assumptions are made in this study: (1) in general, the meter 

placement design problem involves the selection of the number, type, and locations of 

meters. In this study, however, it is assumed that the number of meters is given in 
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advance. It must be set equal to or greater than the number of unknown demand groups 

identified in the network. Kang and Lansey (2008a and b) showed that pipe flow rates 

provide more information for demand estimation rather than nodal pressure 

measurements, thus only pipe flow rates are used as measurements in this study. 

Therefore, the OMP problem here focuses on the determination of the optimal set of 

measurement locations; (2) the only sources of uncertainties are pipe flow measurement 

errors. The error caused by node grouping is neglected here and network parameters (e.g., 

pipe roughness) are assumed to be known and certain; (3) pipe flow transducers have 

10% error; and (4) model precision is represented by variances in demand estimates and 

pressure predictions and model accuracy is quantified by RMSE of demand estimates. 

 

SIMULATION RESULTS 

Case Study 1: Simple Hypothetical Network 

The aim of this case study is to apply the OMP approach to a small network and 

verify the performance of MOGA by complete enumeration. Also, the suitability of the 

three objective functions for the OMP problem is validated by comparing the sets of 

Pareto-optimal solutions.  

The study network and network data are shown in Figure 2. Seven out of 9 nodes 

have unknown demands. Nodes with similar consumer types are grouped as shown in 

Figure 2 (Industrial area – node 3 itself, Commercial area – nodes 2, 4, and 6, and 

Residential area – nodes 7, 8, and 9), which reduces the unknowns to the 3 group 

demands. Measurements are assumed to be taken on an hourly time step and binary 
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coding was used in the MOGA. The task here is to find two optimal locations among the 

twelve pipes where the pipe flow rates will be monitored for real-time state estimation 

(assuming the source pipe, i.e., pipe 13, is always measured thus flows in three pipes will 

be measured). Any solution generated with more than two additional measurement 

locations was rejected and not evaluated. Measurement errors are random variables 

),0( σN  where 27310 ./. µσ =  (corresponding to error of 10% of measurement ( µ )). 

To validate the GA, optimal sets of locations were determined using full 

enumeration of the possible combinations. Total 66 possible combinations (12 

combinatorial 2, 12C2) were evaluated. The enumerated solutions for the three objective 

functions are shown in Figure 3. The OMP is then solved using the MOGA. The optimal 

solutions are compared to the solutions found by a full enumeration (Figure 3). Note that 

GA simulation is performed only once using the three objective functions to obtain the 

Pareto-fronts for the three objective function pairs (f1 & f3, f2 & f3, and f1 & f2). The 

Pareto-fronts obtained from full enumeration and the MOGA are identical and validate 

the MOGA performance. Figure 3a and b clearly show the trade-off between model 

precision and model accuracy. The Pareto-front between f1 and f2 (Figure 3c) appear to be 

correlated suggesting potential redundancy between the uncertainty measures. 

To verify the suitability of the applied objective functions for the OMP problem, 

the Pareto-front solutions are compared by performing state-estimation using the obtained 

solutions. Three OMP sets (set 1 – pipes 4, 10, 13 / set 2 – pipes 4, 12, 13 / set 3 – pipes 4, 

9, 13) are selected. Note that measurements sets 1, 2, and 3 provide minimum values for 

function f1 (demand estimation uncertainty), f2 (pressure prediction uncertainty), and f3 
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(RMSE of demand estimates), respectively. Table 1 summarizes the state-estimation 

results using the three optimal sets. The root mean square error (RMSE) represents the 

difference between the state estimates and their expected values, i.e., the accuracy of the 

state estimates. The 95% confidence interval (CI) is computed by the difference between 

upper bound ( σµ 961.+ ) and lower bound ( σµ 961.− ) where µ is mean value and σ is 

standard deviation assuming normally distributed variable. Kang and Lansey (2008a and 

b) showed that demand estimates were normal if measurement errors were normally 

distributed and Kang et al. (2007, 2008) found that normally distributed input nodal 

demands produce pressure predictions following normal distribution. 

Set 1 (producing minimum f1) and set 2 (producing minimum f2) produces less 

uncertainty (narrower confidence interval) in state estimates, however, have large RMSEs 

for demand estimates and pressure predictions. The uncertainties in parameter estimates 

(f1) and model predictions (f2) represent the model precision but do not provide 

information on the accuracy of estimated state variables. As seen in Table 1, sets 1 and 2 

have less uncertainty in demand and pressure estimates but produce inaccurate (larger 

RMSE) estimates compared to set 3. The optimal solution set 3 provides the minimum 

function value of f3 that represents the accuracy of the state estimates.  

For a visual comparison, demand estimates and 95% confidence intervals for node 

4 using the three OMP solution sets are shown in Figure 4. Figures 4a and b show precise 

but inaccurate state estimates. The demand estimates are poor and true values are 

frequently out of confidence intervals. As seen, lower uncertainty is not always preferable 

if the mean values are not accurate. On the other hand, Figure 4c shows wider confidence 
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intervals but more accurate estimates. The confidence intervals generally contain the 

expected values. Similar results are found for the nodal pressure predictions (not 

presented). From the results, it is concluded that both of model precision and accuracy 

should be considered as objectives in SE OMP problems. The SD studies that only use 

uncertainties (either parameter or prediction) as objective functions (Kapelan et al. 2003, 

2005a) may overlook model accuracy since minimal uncertainty in parameter estimation 

(pipe roughness) or model prediction (pressure head) does not guarantee accurate model 

predictions. 

Another important result observed from this study is that the OMP problem 

should be solved under unsteady-state conditions. In general, an SD problem is solved 

using multiple demand loads under steady-state conditions. For example, multiple 

demands at peak hour (8 am), average hour (2 pm), and minimum hour (3 am) are 

considered to take into account the various demand conditions and subsequent pressure 

variations. However, as seen in Figure 4, steady estimations at several hours may not 

provide sufficient information for identifying optimal solutions. Instead, more robust 

solutions can be obtained by comparing the unsteady simulation results during a certain 

period (24 hours in this study). 

 

Case Study 2: Real Network 

Numbers of meters and objective functions 

The objectives of this application are to apply and validate the proposed OMP 

MOGA approach to real larger system and to compare the Pareto-optimal solutions for 
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different numbers of meters. The WDS shown in Figure 5 is composed of 90 nodes, 1 

source, 1 tank, and 116 pipes. Forty out of the 90 nodes have no demand. The service 

area is divided into five user types; industrial, commercial, and three residential densities 

(apartments, 1/2 acre lots, and large home lots). The 50 demand nodes are aggregated 

into 14 groups based on consumer types and locations (Figure 5). Measurement errors in 

pipe flow rates are introduced using random variables ),0( σN  corresponding to a 10% 

measurement error. It is assumed that the flow rates from source and flows into/out of the 

tank are monitored in all solutions. All measurements are collected on an hourly time step. 

As noted, due to the large number of possible measurement locations integer coding is 

applied in the MOGA formulation with the pipe number as the decision variable. 

The Pareto-optimal front obtained using the three-objective GA is plotted in 

Figure 6 in a three dimensional function space. The MOGA is performed only once for 

the defined number of measurement locations. Once the Pareto solutions are obtained, the 

three-dimensional points are projected to two-dimensional function spaces as shown in 

Figure 6. Note that for each point on the Pareto-front, there exists a corresponding set of 

measurement locations. 

The Pareto-optimal fronts obtained for different numbers of measurements are 

shown in Figure 7. As expected, as the number of meters is increased, the Pareto-fronts 

approach the (1,1) point, which is obtained when all locations are measured. A clear 

trade-off is seen between functions f1 and f3, and between f2 and f3. The two uncertainty 

measures (f1 and f2) again appear to be correlated. The optimal trade-off curves indicate 
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that model accuracy function (f3) should be used with one of the uncertainty functions (f1 

or f2) for the SE OMP problems.  

Decisions for the number of optimal measurement locations can be made using 

the normalized objective functions. Function normalization is obtained by inverting the 

post-optimization objective function values so the values are in the interval [0,1]. Figure 

8 shows the improvement of model accuracy and precision with more measurement 

locations. If fifteen out of 116 pipes (13% of the pipes) are metered, the model precision 

represented by 1/ f1 and 1/ f2 is 20.8% and 20.9%, respectively, which are lower than 

model accuracy defined by 1/ f3, at 41%. However, the model precision increases 

significantly with more meters. When 19 pipes (16% of the pipes) are monitored, the 

model precision reaches 50% showing a 30% improvement, whereas the model accuracy 

only increases 13% over same change in the number of measurements. It is interesting to 

note that both model precision measures have almost identical values up to 19 measured 

pipes. This is as somewhat expected since the model prediction uncertainty (Eq. 2) is 

based on parameter uncertainty (Eq. 1). However if more than 19 pipes are monitored, 

the prediction uncertainty (f2) has virtually no improvement compared to the change in 

parameter uncertainty (f1). There is a small improvement in the model accuracy above 17 

measurements. 

From Figure 8, it can be concluded that to achieve more than 50% of the accuracy 

and precision obtained when all locations are measured, at least 19 locations (16% of the 

pipes) should be monitored for this WDS. Note that this result is specific for this study 

network and specified network conditions (e.g., number of groups, configurations of 
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groups, accuracy of measurement devices, and so on). Thus, optimal measurement 

numbers (also locations) must be determined from a system specific analysis. In general, 

due to the large search space, solutions obtained from the MOGA may be suboptimal as 

there is no guarantee that the global optimum will be identified. However, the solutions 

are likely much better than those that would be obtained using less robust methods or 

designers’ experience and judgment. The drawback of this approach is the computation 

time for the unsteady demand estimation within the MOGA process. To determine OMP 

solutions of 19 locations, it took 21 hr on a 2.2 GHz (2.0 GB RAM) personal computer. 

 

Layout and meter location selection 

Now focusing on meter location, Figure 9 shows the optimal meter system layout 

for 15 and 23 meters using the selection rule of the minimum distance from the origin 

(selected points are circled in Figure 7(b)). It is observed that the meter systems are well 

distributed over the entire system rather than being concentrated in specific areas. Also, it 

is clear that with a smaller number of meters (N=15) the layout is different than for the 

larger number of meters (N=23) and few of the same locations are monitored for the two 

conditions. This result is consistent with Kapelan et al. (2003, 2005a) reporting that the 

optimal set of locations for N points is not always a superset of the optimal set for N-1 

points. 

Figures 10 and 11 present how the optimal meter locations are related to the pipe 

flow rate and sensitivity coefficient, respectively. The pipe flow rate and the sensitivity 

coefficient are two most important factors for OMP problem since they comprise the 
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covariance matrix of measurement error (Rz) and Jacobian matrix (J) as shown in Eq. (1) 

and (8) for demand uncertainty analysis and demand estimation, respectively. 

Figure 10 shows ranked OMP according to the base pipe flow rates for different 

numbers of meters (N=15, 19, and, 23). The OMPs were selected for the solutions with 

the minimum distance from the origin (selected points are circled in Figure 7(b)). Figure 

10 confirms the results of Figure 9 that the same locations were rarely selected for 

different numbers of meters. Note that the y-axis (pipe flow rate) is a log-scale and two 

highly ranked pipes (rank 102 and rank 114) are those connected to the tank and the 

source, respectively, which are assumed to be always monitored. In addition to those two 

locations, most selected pipes have base flow rates smaller than 100 [l/s]. Therefore, it 

appears that since the measurement error is proportion of the pipe flow rate (error equals 

to 10% of measurement), pipes with lower flow rates tend to be selected while providing 

adequate spatial distribution and coverage. In general, it is true that a flow meter placed 

in a pipe with a large flow rate has a greater impact for the state-estimation since this 

means that a large portion of the water flowing through the network is being measured. 

As seen, however, it does not necessary mean that the meter with a large flow rate 

provides more accurate and precise state estimates. 

Figure 11 is a histogram of the sensitivity coefficient, which is defined by the pipe 

flow rate change with respect to a nodal demand variation, with the optimal meter 

locations. Three OMP sets corresponding to three selection rules (for N=23, selected 

points are squared in Figure 7(b)) are ranked according to the maximum sensitivity 

coefficient. Note that the OMP for N=23 are commonly shown as closed circles in 
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Figures 10 and 11. It is observed that the pipes with higher maximum sensitivity tend to 

be selected. Here, the maximum sensitivity is defined as the maximum gradient value of 

 for all nodes for a given pipe. The objective function used also affects the optimal 

meter locations. As seen, the set of metered locations is different when optimal layouts 

are determined for objectives f

qQ ∂∂ /

2 and f3 individually compared to each other and to the dual 

objective function case (minimum distance from the origin). The precision objective (f2) 

result locates more meters in highly sensitive locations while the accuracy objective 

function (f3) locations are spread throughout the sensitivity range.  

From the Figures 10 and 11, it appears that the pipes carrying smaller flow rates 

and strongly correlated to the demand change (higher sensitivity coefficient) tend to be 

selected as OMP. However, this is not the case always since the meters tend to be 

spatially distributed covering entire system and significantly dependent on the objective 

functions used. Therefore, given complexities, general guidelines for meter location 

cannot be determined and engineering judgment is unlikely to be able to identify the 

optimal set. 

 

SUMMARY AND CONCLUSIONS 

Optimal meter placement (OMP) for state-estimation (SE) is formulated as multi-

objective optimization problem. Three objective functions, representing demand 

estimation uncertainty, pressure prediction uncertainty, and demand estimation accuracy, 

are defined. The optimization problems are solved using a multi-objective genetic 

algorithm (MOGA) based on Pareto-optimal solutions. The suggested method is applied 
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to two case studies; a simple hypothetical network and a medium sized real network. For 

a simple network case study, solutions obtained from MOGA were identical to the 

solutions found by complete enumerations. For a real network, solutions obtained from 

MOGA may be suboptimal but are likely better than those obtained using less robust 

methods or designers’ experience and judgment. 

Although the OMP approach here only used three objectives, the approach is 

applicable to more than three objective functions depending on design purposes. For 

example, the RMSE of model predictions (nodal pressure or water quality) can also be 

added as objectives. All of the objectives can be considered simultaneously or selected 

combinations can be used.  

The results from the example problems clearly demonstrate the trade-off between 

model accuracy and precision measures.  Therefore, a precise state-estimation does not 

necessarily guarantee an accurate estimation and vice versa. Therefore, both measures 

should be included in an SE OMP problem as objectives. Further, to obtain robust 

solutions, the SE OMP problems must consider temporal variability of state variables 

rather than using multiple independent demand conditions scenarios that are common in 

sampling design problems. 

A limitation of this approach is the required computation time for MOGA. Since 

the unsteady demand estimation is carried out within the framework of a GA, each 

function evaluation takes significant effort compared to an SD problem in which only the 

uncertainty measures are evaluated as objectives. Further study can be conducted to 

reduce computation time of OMP problem by using meta-model (e.g., artificial neural 
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network, ANN). While only a single measurements set is considered in this OMP 

problem due to the restrictive computation time, it would be preferable to include 

multiple measurements sets and apply a stochastic optimization approach. To complete 

the stochastic optimization, meta-modeling linked with sampling approximate scheme 

(e.g., LHS) can be used since already the computation effort is large. This problem 

remains for the future study. 
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Table 1. State estimation results for different Pareto-optimal solutions for case study 1 
 

Nodal Demand (l/s) Nodal Pressure (m) 

RMSE Mean 95% CI RMSE Mean 95% CI Node 

Set 1 Set 2 Set 3 Set 1 Set 2 Set 3 Set 1 Set 2 Set 3 Set 1 Set 2 Set 3

2 9.97  8.94  7.23  24.68 24.66 24.85 0.101 0.092 0.078  0.519  0.518 0.517 
3 7.74  6.73  5.60  29.94 29.80 29.52 0.104 0.095 0.077  0.597  0.596 0.596 
4 6.72  5.63  4.13  20.88 20.87 21.03 0.130 0.123 0.115  1.126  1.121 1.116 
6 7.19  6.26  4.79  18.98 18.97 19.12 0.420 0.337 0.199  1.520  1.512 1.504 
7 6.73  5.29  3.84  15.42 15.51 15.65 3.217 2.428 0.520  3.339  3.336 3.380 
8 11.21  9.24  3.53  13.71 13.79 13.91 3.205 2.457 0.449  3.225  3.220 3.259 
9 6.18  4.24  3.24  11.99 12.06 12.17 3.267 2.465 0.518  3.364  3.360 3.405 

* Set 1 - pipes 4, 10, 13 / Set 2 - pipes 4, 12, 13 / Set 3 - pipes 4, 9, 13 
* Shaded measurements sets provide best results for corresponding categories 
* 95% CI(confidence interval) = upper bound (μ+1.96σ) – lower bound (μ-1.96σ) 
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Figure 1. Pareto domination rules 
 
 
 
 
 

1 3 5 7

2 4 6 8

9(1) (4) (7) (10)

(2) (5) (8)

(3) (6) (9)

(11)

(12)

(13) q=60

q=65 q=55 q=50

q=40

q=45

q=35

Reservoir

[ 200, 400 ] [ 200, 300 ] [ 200, 200 ]

[ 200, 300 ] [ 200, 300 ] [ 200, 200 ]

[ 2
00

, 4
00

 ]

[ 2
00

, 2
00

 ]

[ 2
00

, 2
00

 ]

[ 2
00

, 1
00

 ]

[ 170, 300 ]

[ 170, 200 ]

[ 100, 600 ]

note : [ length(m), diameter(mm) ], C=100 for all pipes

(  ) pipe numbering node numbering q=base demand [l/s]  
 
 

Figure 2. Case study 1 network schematic 
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Figure 3. Pareto-fronts from full enumeration and multi-objective GA for the three 
objective function pairs for the network in Figure 2 (OMP locations are in brackets) 
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Figure 4. Demand estimates and 95% confidence intervals for node 4 (Figure 2) using the 
three Pareto-optimal solutions: (a) set 1 – pipes 4, 10, 13, (b) set 2 – pipes 4, 12, 13, and 
(c) set 3 – pipes 4, 9, 13. 
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Figure 5. Case study 2 network with 14 user groups 
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Figure 6. Pareto-optimal front in three-dimensional function space 
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Figure 7. Pareto-fronts on three objective function pairs for different numbers of meters:  
(a) f1 & f3, (b) f2 & f3, and (c) f1 & f2
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Figure 8. Variation of accuracy (1/ f1) and precision (1/ f2 & 1/ f3) for different numbers 
of meters 
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Figure 9. OMP layout for meter numbers of 15 and 23 for the objective function of the 
minimum distance from the origin 
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Figure 10. Pipe ranking histogram according to the pipe flow rates for different numbers 
of meters for the objective function of minimum distance from the origin 
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Figure 11. Pipe ranking histogram according to the maximum sensitivity gradient for 
different objective functions for the number of meters equal to 23 

 
 

 


