PUBLICATIONS
Water Resources Research
RESEARCH ARTICLE
10.1002/2013WR014261
Key Points:
 An analytical solution is presented for
optimal urban water demand
management
 This approach allows for integrated
management of all water use sectors
 The data driven parcel level approach
allows for strategic targeting

Correspondence to:
K. Friedman,
ken.friedman@nwfwmd.state.ﬂ.us
Citation:
Friedman, K., J. P. Heaney, M. Morales,
and J. Palenchar (2014), Analytical
optimization of demand management
strategies across all urban water use
sectors, Water Resour. Res., 50,
doi:10.1002/2013WR014261.
Received 12 JUN 2013
Accepted 13 JUN 2014
Accepted article online 18 JUN 2014

Analytical optimization of demand management strategies
across all urban water use sectors
Kenneth Friedman1, James P. Heaney2, Miguel Morales2, and John Palenchar3
1

Northwest Florida Water Management District, Havana, Florida, USA, 2Department of Environmental Engineering
Sciences, University of Florida, Gainesville, Florida, USA, 3City of Largo, Florida, USA

Abstract An effective urban water demand management program can greatly inﬂuence both peak and
average demand and therefore long-term water supply and infrastructure planning. Although a theoretical
framework for evaluating residential indoor demand management has been well established, little has been
done to evaluate other water use sectors such as residential irrigation in a compatible manner for integrating these results into an overall solution. This paper presents a systematic procedure to evaluate the optimal
blend of single family residential irrigation demand management strategies to achieve a speciﬁed goal
based on performance functions derived from parcel level tax assessor’s data linked to customer level
monthly water billing data. This framework is then generalized to apply to any urban water sector, as exponential functions can be ﬁt to all resulting cumulative water savings functions. Two alternative formulations
are presented: maximize net beneﬁts, or minimize total costs subject to satisfying a target water savings.
Explicit analytical solutions are presented for both formulations based on appropriate exponential best ﬁts
of performance functions. A direct result of this solution is the dual variable which represents the marginal
cost of water saved at a speciﬁed target water savings goal. A case study of 16,303 single family irrigators in
Gainesville Regional Utilities utilizing high quality tax assessor and monthly billing data along with parcel
level GIS data provide an illustrative example of these techniques. Spatial clustering of targeted homes can
be easily performed in GIS to identify priority demand management areas.

1. Introduction
Demand management initiatives have increased in popularity from the early 1990s to present, with 23 U.S.
states now having legislative mandates for some form of demand management as opposed to nine states
in 1990 [Rashid et al., 2010]. This movement was stimulated by the United States Environmental Protection
Agency (USEPA) Energy Policy Act of 1992, which enacted uniform water efﬁciency standards for toilets,
showerheads, faucets, and urinals installed after 1994 [United States Environmental Protection Agency, 1992].
However, demand management efforts remain largely qualitative in nature, and often utilize simple average
savings to measure effectiveness which does not capture the variability among customers’ water usage patterns [White et al., 2004; Maddaus and Maddaus, 2006; Rosenberg, 2007a; Green, 2010].
The focus of demand management is shifting away from indoor ﬁxture retroﬁts due to observed declines in
residential per capita usage as a result of the rate at which low ﬂow toilet and more efﬁcient clothes washer
technologies have been adopted [DeOreo and Mayer, 2012]. Single family outdoor usage, on the other
hand, is increasing rapidly in many areas due to the recent prevalence of in-ground potable irrigation systems [Friedman et al., 2013]. Single family residential (SFR) outdoor water usage can account for the majority
of total and peak SFR usage especially during drier months in warmer climates [Mayer et al., 1999; Palenchar,
2009; Haley and Dukes, 2010]. Irrigation accounts for nearly one third of all residential water use in the
United States and this percentage increases in warmer climates [Mayer et al., 1999; Vickers, 2001]. Additionally, irrigation tends to be the single most signiﬁcant driver of peak seasonal demand in public water supply
[Chesnutt et al., 2004; Dziegielewski et al., 1993; Mayer et al., 1999; Dziegielewski and Opitz, 2002; Vickers, 2001;
Whitcomb, 2006]. Furthermore, signiﬁcant demand reduction potential exists in the nonresidential sector, as
utilization rates of indoor water using ﬁxtures are approximately 10 times higher for nonresidential locations
than that of residential homes [Morales et al., 2013a].
This paper focuses on generation of a decision support system for determining the optimal blend of utility
incentivized water conservation best management practices to maximize net beneﬁts as seen by the water
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utility. A uniﬁed methodology applicable to all urban water sectors is presented, with residential irrigation
demand management strategies being the primary emphasis. This approach includes the uniﬁed analysis of
indoor controls such as toilet and showerhead retroﬁts for both residential and commercial users, outdoor
irrigation controls such as reuse irrigation water, irrigation audits, and soil moisture sensors, nonresidential
controls such as prerinse spray values and water loss controls. The focus is on optimal technological
improvements which can be modeled utilizing process based models rather than conservation policy which
relies on statistical or agent based simulation and/or regression techniques. Generation of such a process
based model requires evaluation of existing end uses of demand for every water user served by the utility.
This is required as water savings is modeled for each customer as the difference of existing and proposed
end use after demand management implementation. However, few models have utilized such a framework
to evaluate demand management. This framework is being incorporated into the University of Florida’s
online tool, Conserve Florida Water EZ Guide 2.0 (available at http://conserveﬂoridawater.org), which is
being used for a variety of applications in Florida and elsewhere. The next section presents a literature
review of current techniques to evaluate demand management.

2. Literature Review
The need to better understand urban water demand, particularly residential irrigation, and associated
effects of demand management has gained further interest in the past several years in an effort to improve
water quality modeling, water supply planning, and water distribution system sizing in addition to promoting more efﬁcient water use. Reducing irrigation can have a major impact on both peak and average design
ﬂow conditions. Additionally, recent initiatives focused on incorporating demand management in a broader
context beyond reduced water supply needs, such as reduced energy utilization, are further requiring the
need to better quantify demands with higher resolution. A recent report for the Water Research Foundation
includes demand management as a best practice in water treatment, storage, and transmission energy efﬁciency, which recognizes that reduced demands may result in reduced treatment and distribution needs
thus saving energy inputs [Leiby and Burke, 2011].
As a result, the ﬁeld of urban water demand modeling has gained signiﬁcant attention in the last few decades with much of the focus being placed on long-term forecasts for water supply planning applications
[House-Peters and Chang, 2011]. Much of this literature utilizes statistical techniques, such as time series
regression of aggregate panel data, to predict system wide water usage based on a wide variety of causal
factors including weather, water price, household income, household size, house square footage, the presence of homeowner associations, etc. [refer to Billings and Jones, 2008; House-Peters and Chang, 2011; Donkor et al., 2012; Tanverakul and Lee, 2012, for detailed reviews of this literature]. A small subset of these
demand forecasting models includes factors related to water conservation including conservation rate
structures, homes built after 1992, type of water ﬁxtures, watering restrictions, presence of pools, variation
in size, and type of outdoor landscape [Polebitski and Palmer, 2010; House-Peters and Chang, 2011]. For
example, Dawadi and Ahmad [2013] evaluate the potential for demand management strategies in achieving
long-term water supply sustainability under various climate change scenarios in the Las Vegas Valley utilizing aggregate systems approaches. As an alternative statistical demand forecasting technique, Ghiassi et al.
[2008] use a dynamic artiﬁcial neural network model to forecast urban water demand at a variety of time
steps ranging from hourly to monthly. These methods may offer improved predictive accuracy as compared
to regression techniques, particularly for short-term forecasts [Ghiassi et al., 2008; House-Peters and Chang,
2011]. However, such models may be less useful for demand management decision support systems as
they do not provide process level causal explanations for customer water usage.
The spatial extent of the majority of these models is aggregated to the system wide scale with a smaller
subset focusing on variations by census tract or block [House-Peters and Chang, 2011]. Polebitski and Palmer
[2010] evaluate water demand forecasting using the 100 census tracts that comprise Seattle, Washington.
Chen [1994] argues that census block groups are preferable to census tracts due to the increased spatial disaggregation. The ﬁndings of this study suggest that spatial disaggregation is primarily limited by data availability. However, recent advances in spatial data and computational technology make it possible to
evaluate demand at the customer level using combined statistical and process based modeling approaches,
which is necessary for analysis of demand management options.
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A separate class of ‘‘hybrid’’ demand forecasting models utilizes a combination of process and statistical
modeling techniques. The process level component ranges from simple hydrograph separation to microsimulation of each end use event. For example, Gato et al. [2007] use regression techniques to estimate base
residential water usage, which can then be subtracted from total billed usage to obtain seasonal usage via
hydrograph separation. Seasonal usage is further explained using regression techniques with climatic
explanatory variables to account for seasonality. On the other extreme, Aksela and Aksela [2011] describe
how customers can be clustered based on high frequency (15 s) automatic meter readings to account for
differing but unknown consumption habits. Process level microsimulation is then done to account for intracluster variability. Suero et al. [2012] compare using pure statistical regression, pure analytical or technological, and hybrid techniques for modeling the effect of residential indoor ﬁxture retroﬁts. They conclude that
the technological component explains the majority of differences in observed usage, although demographic differences, captured in the regression model, explained some of the variability.
A separate group of hybrid models use an agent based framework to simulate demand and the effect of
water demand management at the household agent scale. Chu et al. [2009] group individuals into one of
three categories: random choice, habitual, and economically rational agents, to predict indoor ﬁxture
replacement based on utility maximization. Schwarz and Ernst [2008] include agents that are inﬂuenced by
the percentage of other agents who retroﬁt in their physical proximity or within their social network. Coefﬁcients for terms in these clusters’ objective functions are derived based on empirical survey data. Other
water demand agent based models utilize other causal factors rather than ﬁxture replacement to explain
water usage signals. For example, Athanasiadis et al. [2005] used an econometric regression model to simulate behavioral changes in agent water usage based on price signals and inﬂuence of neighbors. Rosenberg
et al. [2007b] present a microsimulation model to predict numerous interconnected customer decisions
relating to alternative supply and demand management options based on a two-stage optimization with
recourse objective function which accounts for variable future water supply availability. Cahill et al. [2013]
extended the modeling framework presented by Rosenberg et al. [2007b] to simulate household end use
demands for 150 homes in an afﬂuent neighborhood in San Ramon, California.
Conventional process level demand management analysis has focused on the effect of retroﬁtting indoor
water using ﬁxtures in single family residences to lower ﬂow devices due, in part, to the predictable and
homogeneous nature of indoor water usage around the country [Buchberger and Wells, 1996; Mayer et al.,
1999; Tanverakul and Lee, 2012]. Buchberger and Wells [1996] utilized Poisson rectangular pulses to describe
indoor water usage events based on arrival time, intensity (ﬂow), and duration based on a small sample of
four homes. Mayer et al. [1999] classiﬁed 10 s water use data into end uses for 100 homes each in 12 North
American cities. Rosenberg [2007a] used probability theory to derive a normalized performance function for
evaluating conservation options based on analytical propagation and Monte Carlo simulation of uncertain
parameters. Input parameter distributions are based on direct measurements of water use per ﬁxture based
on studies such as that of Mayer et al. [1999]. Blokker et al. [2010] generate probabilistic residential indoor
demand estimates through simulation of end use parameter probability distributions based on the Poisson
pulse framework proposed by Buchberger and Wells [1996], but do not explicitly use this model to quantify
the effects of demand management or to develop optimal demand management strategies from the utility’s perspective. Friedman et al. [2011] show how demand management of residential indoor water usage
can be optimized to maximize net beneﬁts utilizing linear programming.
The existing literature provides a well-established theoretical framework for evaluating residential indoor
demand management using a combination of process based and statistical approaches. However, little has
been done to evaluate residential irrigation or other demand sectors in such a manner. Furthermore, little
has been done to apply such a framework to large-scale system wide analysis which can be used to form
the basis of a decision support system for optimal utility conservation planning as extensive end use parcel
level databases are required. The majority of existing hybrid and pure process models are based on small
sample data sets which have limited use for such applications. Customer level modeling of residential outdoor and nonresidential water usage is more challenging than residential indoor water usage due to signiﬁcant seasonal and spatial variability resulting from a wide range of factors inﬂuencing irrigation practices
including climate, price signals, individual irrigation practices, irrigation restrictions, irrigation technology,
etc., and nonresidential water usage for specialized purposes such as cooling and industrial processes. Also
high quality customer billing data linked to GIS-based property appraisal data are required.
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This paper presents a systematic procedure to evaluate the optimal blend of demand management strategies to achieve a speciﬁed goal based on performance functions derived from parcel level tax assessor’s
data linked to customer level monthly water billing data. Two alternative formulations are presented to
maximize net beneﬁts or to minimize total costs subject to satisfying a target water savings. Explicit analytical solutions are presented for both formulations based on appropriate exponential best ﬁts of performance
functions. A direct result of this solution is the dual variable which represents the marginal cost of water
saved at a speciﬁed target water savings goal. A case study of 16,303 single family irrigators in Gainesville
Regional Utilities (GRU) where high quality tax assessor and monthly billing data are available is utilized as
an illustrative example of these techniques applied to residential irrigation best management practices
(BMPs). This methodology is then generalized to apply to any urban water sector, as exponential functions
can be ﬁt to all resulting cumulative water savings functions thus providing a uniﬁed framework for evaluating BMPs across numerous water use sectors. This framework provides signiﬁcant advancement from previous work as water savings from demand management is directly computed for all customers across all
urban water demand sectors as opposed to existing regression and process models which rely on typically
small sample sizes and which focus primarily on the more predictable indoor residential sector. This generalized uniﬁed framework can be applied elsewhere provided customer billing and property appraisal data
are linked.

3. Data Driven Nonparametric Approach for Analyzing Single Family Potable
Irrigation
The University of Florida urban water systems group has developed a high quality database for analyzing
customer demand in urban water systems at the parcel level in Florida. This database contains property
appraisal land use information for all 8.8 million parcels in Florida from the Florida Department of Revenue
(FDOR) tax assessors database which is linked to U.S. Census Block demographic data via GIS software. The
GRU data set represents a benchmark utility allowing for enhanced analysis beyond that of data available
statewide with the additions of 1 year of monthly billing data from October 2007 to September 2008 linked
to the Alachua County Property Appraiser (ACPA) database, which provides direct measurements of irrigable area. The statewide databases are updated annually as new property appraisal data become available.
Key parameters utilized in these databases include parcel area, building area, irrigable area, number of bathrooms per home, year of parcel development, land use classiﬁcation, and property value. For details regarding the contents and processing of these databases refer to Friedman et al. [2011, 2013] and Morales et al.,
[2011, 2013a]. Given the increasing availability of property appraisal databases and advances in database
and GIS technology, this data driven approach can be utilized elsewhere as the required model inputs are
becoming more prevalent.
Given such a benchmark database, irrigable area can be determined directly for all 30,903 SFR homes
in GRU using FDOR and ACPA data on parcel area and impervious area. Monthly customer billing data
for GRU are used to estimate total outdoor water usage per home for 30,903 homes. For 1402 homes
with separate potable indoor and outdoor meters, potable irrigation water usage is known directly.
Otherwise, outdoor water usage is determined via hydrograph separation of total water usage subtracted from process level modeling of indoor usage [see Friedman et al., 2011, 2013, for details].
Given annual outdoor water usage (qj) and irrigable area (IA1,j), the average annual application rate
(AR1,j) is:


qj
AR1;j 5c 
IA1;j


(1)

where qj 5 average annual outdoor water usage for household j; AR1,j 5 annual application rate for household j; IA1,j 5 irrigable area for household j; and c 5 unit conversion coefﬁcient.
Not all customers served by a utility irrigate from the potable system. Utilizing known application rates for
all customers, a potable irrigator is deﬁned as a customer whose application rate is 2.54 cm/yr. All other
customers are nonpotable irrigators and/or customers who do not irrigate, thus deﬁning the sample space
of all potable irrigators in the system. A lower bound irrigation application rate of 2.54 cm/yr is used since
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Figure 1. Non parametric joint relative frequency distribution of irrigation water usage for 16,303 residences in Gainesville Regional Utilities as a function of irrigated area and application rate.

many customers have a positive, but very small, application rate. Similarly, the few customers with application rates over 254 cm/yr are treated as outliers.
Analogously, minimum and maximum bounds were placed on the irrigable area (IA) of 93 m2 and 9300 m2,
respectively. These ﬁlters removed 7% of total customer population and 18% of total irrigable area. A total
of 16,303 of 30,903 (53%) of GRU customers are potable irrigators utilizing these criteria. A detailed analysis
of the subset of these potable irrigators in GRU is presented in this paper. The nonparametric joint relative
frequency distribution for the 16,303 potable GRU irrigators is shown in Figure 1 using a 100 3 100 grid cell
resolution.
In addition to potable irrigators, some SFR customers in GRU have private irrigation wells. The identity of
these customers is unknown and this use is not metered. Other SFR customers in GRU rely on reuse water
for irrigation. About 700 of these customers have reuse meters. These nonpotable irrigators will not be
addressed in this paper.

4. Water Savings Performance Function
For the nonparametric, data driven, approach, water savings for each individual household from a speciﬁed
outdoor BMP with target irrigation application rate and irrigable area is calculated directly from equation
(2):


qsaved;j 5c  IA1;j AR1;j 2IA2;j AR2;j

(2)

where qsaved,j 5 outdoor water usage savings for household j; c 5 unit conversion coefﬁcient; AR1,j 5 current
application rate for household j; IA1,j 5 current irrigable area for household j; AR2,j 5 water conserving application rate after implementation of demand management strategy for household j; IA2,j 5 irrigable area for
household j after implementation of demand management strategy.
In the case, where a BMP only affects application rate, while holding irrigable area constant, the calculation
of water savings reduces to equation (3). This simpliﬁcation is valid for many outdoor BMP controls, including switching customers to nonpotable irrigation, soil moisture sensors, and irrigation audits:
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qsaved;j 5c  IA1;j AR1;j 2AR2;j

(3)

Given calculated water savings for a sufﬁcient sample of potable irrigators, the inverse or complementary
cumulative nonparametric water savings frequency distribution can be determined by equation (4) [Kvam
and Vidakovic, 2007]:


x5 F ðqsaved Þ5#qsaved;j  qsaved ; qsaved  0

(4)

where x 5 F~ ðqsaved Þ 5 sample inverse or complementary cumulative frequency distribution of outdoor water
savings; #qsaved;j  qsaved 5 number of data points greater than or equal to given value of qsaved.
This function can be interpreted as the number of irrigators with outdoor usage water savings from a given
BMP greater than or equal to a speciﬁed value of water savings, since the bin size of one represents individual household outdoor water savings.
Given the inverse cumulative frequency distribution, the water savings performance function can be determined by equation (5):
ðx
y5

21
F~ ðxÞdx

(5)

0

where y 5 cumulative water savings, F~ 21 ðx Þ 5 inverse sample cumulative frequency distribution.
The cumulative water savings performance function of a given outdoor BMP with a speciﬁed target irrigable
area and application rate can be approximated by an exponential function as shown by equation (6). An
exponential functional form was selected as it produces a very good ﬁt to sorted cumulative distributions:


y5ymax 12e2kx ; x  xmax

(6)

where y 5 cumulative water savings; k 5 rate constant; x 5 number of irrigators targeted, ymax 5 maximum
achievable water savings, xmax 5 maximum eligible irrigators to target.
Alternatively, the cumulative water savings performance function can be expressed in normalized form as
equation (7):
ynorm 512e2knorm xnorm

(7)

where ynorm 5 percent of maximum achievable water savings; knorm 5 normalized rate constant; xnorm 5 percent of total eligible irrigators targeted for BMP.
In the normalized form, knorm is dimensionless and provides a simple metric of the shape of the cumulative
performance function. A simple optimization problem is solved to ﬁnd the value of k that minimizes the
mean squared error between the measured data and the equation estimate. The normalized cumulative
water savings performance function and best ﬁt exponential approximation for an illustrative soil moisture
sensor BMP applied to GRU irrigators who irrigate in excess of AR2,j 5 63.5 cm/yr are shown in Figure 2, with
a best ﬁt knorm 5 3.77. The ﬁt is very good. For this application, the absolute values of ymax and xmax are
1665 m3/d for 2746 eligible irrigators currently above 63.5 cm/yr. In this example, about 50% of the savings
can be attained by retroﬁtting 20% of the irrigators. The popular Pareto principle, also known as the 80:20
rule of thumb (Wiki, Pareto Principle), is equivalent to a k value of 8.04. Thus, the normalized form of the
savings function provides a single parametric measure of system performance.

5. Optimization of Outdoor Water Use BMPs
Given the water savings performance function for a given outdoor BMP as well as the unit cost of a retroﬁt
per day of service life (c) and the associated unit utility savings (p), it is possible to ﬁnd the optimal number
of BMP implementations. This problem can be formulated as a nonlinear program as shown in equation (8).
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Figure 2. Normalized cumulative savings from soil moisture sensor retroﬁts and associated beneﬁt-cost objective function for 2,746 eligible irrigators currently above 63.5 cm./yr.

Potential applications of this formulation include a water utility considering the beneﬁts of reduced treatment costs or delayed alternative water supply development as the result of reduced water demand from
demand management. The use of a constant unit savings, p, reﬂecting the average value of water savings,
is sufﬁcient for demand management planning applications. The unit savings (p) can be derived from either
the average operating costs estimated from utility records or the anticipated cost of water of alternative
water supply estimated from local planning documents. Variable monetary value of water savings may be
included, although it greatly complicates the formulation. Additionally, more sophisticated cost breakdowns
are difﬁcult to develop and obtain, and may vary among utilities:
Maximize Z5py2cx
Subject to :
y5ymax  ð12e2kx Þ

(8)

0  x  xmax

where Z 5 total beneﬁts-total costs, p 5 unit value of water saved, y 5 quantity of water saved with an
upper bound of ymax, c 5 unit cost of a retroﬁt, x 5 number of irrigators to retroﬁt, with an upper bound of
xmax, k 5 rate constant.
This optimization problem can be solved explicitly by ﬁnding x such that dy/dx 5 c/p as follows:
dy
c
5k  ymax  e2kx 5
dx
p


1
c
x  52  ln
k
p  k  ymax

(9)
for 0 < x < xmax

It is necessary to add the condition of x*  0 since c/p could be greater than (dy/dx)max. In this case, the optimal solution is to do nothing (i.e., x* 5 0). Analogously, if c/p is less than (dy/dx)min the optimal solution
would be to retroﬁt all eligible irrigators, (i.e., x* 5 xmax).
The graphical solution to this problem is shown in Figure 2 for a soil moisture sensor BMP applied to GRU
irrigators who irrigate in excess of AR2,i 5 63.5 cm/yr. The budget line is plotted in Figure 2 and then moved
parallel until it is tangent to the performance function. The budget line has a slope of c/p. The optimal solution occurs where c/p 5 dy/dx if 0 < x < xmax.
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Soil moisture sensors were assumed to have a 5 year service life as well as a unit cost of $700/account. This
translates to c 5 $0.38/account/d of service or $1053/% applicable irrigators retroﬁtted/d. Assuming a value
of water saved of $0.53/m3 or $879/% maximum water savings, the optimal solution can be found graphically, as shown in Figure 2, or analytically, from equation (9):


1
1053
x 52
 ln
50:30
3:77
879  3:77  1


(10)

The resulting percent total water saved and net beneﬁts can be solved for by substituting into equation (8):
y  5ð12e23:77ð0:3Þ Þ50:68

(11)

Z  5$879  0:68–$1053  0:305$282=d

(12)

The optimal solution is to install soil moisture sensors on 30% of eligible irrigators (824 of 2746 irrigators),
saving 68% of the physically attainable savings (1132 of 1665 m3/d) with the maximum net beneﬁts being
Z 5 $282/d.
The above methodology can be utilized to evaluate any individual best management practice which
reduces outdoor water use application rate and/or irrigable area. The next two sections describe the solution techniques when multiple BMPs are considered simultaneously. This approach was utilized to evaluate
the optimal strategy for irrigation audits and switching customers to reuse water for irrigation in addition to
the illustrated soil moisture sensor BMP for GRU irrigators.

6. Analytical Solution for n Independent BMP Options
The previous section considers the optimization of a single BMP. The solution can be generalized to optimize n independent BMPs simultaneously to maximize net beneﬁts. The assumption of BMP independence
is valid since water savings of a given technological change are not affected signiﬁcantly by implementation
of other BMP options. For example, water savings from a toilet retroﬁt are unaffected from other options
such as replacing existing showerheads or faucets with low ﬂow devices. Furthermore, since each customer
is uniquely deﬁned and water savings calculated directly, water usage savings across customers and across
demand sectors is independent. For outdoor BMPs, some possibility exists that water savings is dependent,
although few studies have documented well-deﬁned methods for quantifying water savings from such
options. For example, an irrigation audit may involve numerous actions which may or may not include correcting sprinkler system timing. For switching customers to reuse irrigation water, typically only a small fraction of customers within a utility are able to connect to the existing reuse system. Therefore, there is a small
probability that a home will be selected for both reuse and other outdoor BMPs and thus can be considered
mutually exclusive. Given the assumption of BMP independence, the generalized solution to optimize n
independent BMPs simultaneously can be determined by solving following the nonlinear program to maximize net beneﬁts as shown in equation (13):
Maximize Z5py2

n
X
ðci  xi Þ
i51

Subject to :
y5

n
X

(13)

ymax ;i  ð12e2ki xi Þ

i51

0  xi  xmax ;i

where Z 5 total net beneﬁts, y 5 total quantity of water saved, ymax,i 5 maximum possible water savings for
BMP i, ci 5 unit cost of BMP i, p 5 value of water saved, xi 5 number of irrigators to retroﬁt with BMP i with
an upper bound of xmax,i, ki 5 rate constant of performance function for BMP i.
Substitution of the performance function into the objective function, and ignoring maximum resource availability and nonnegativity constraints, results in:
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n
n
X
X
max z5f ðxÞ5p
ymax ;i  ð12e2ki xi Þ2
ðci  xi Þ
i51

(14)

i51

The optimal solution of this convex function is obtained by setting partial derivatives equal to zero and solving the resulting system of equations:
@f ðxÞ
5pymax ;i ki e2ki xi 2ci 50
@xi

(15)

Since each partial derivative only depends on a respective single variable, the solution is a simple generalization of the single BMP case, or:

xi  52



1
ci
; 0 < xi < xmax ;i
 ln
p  ki  ymax ;i
ki

(16)

The above solution applies for the case where 0 < xi < xmax ;i . If these conditions do not hold, then the possibilities of xi 50 or xi 5xmax ;i should be investigated. It is necessary to add the condition of xi  0 since ci/
p could be greater than ð@f ðxÞ=@xi Þmax . In this case, the optimal solution is to do nothing (i.e., xi 50). Analogously, if ci/p is less than ð@f ðxÞ=@xi Þmin the solution would be to retroﬁt all eligible irrigators, (i.e.,
xi 5xmax ;i ).

7. Cost Minimization Formulation of Outdoor BMP Water Savings
An alternative formulation is to minimize the cost of BMP implementations subject to reaching a target
water savings goal as shown by equation (17). Potential applications of this formulation include a water utility needing to reach a speciﬁed water conservation savings target through demand management initiatives,
or to determine the maximum amount of demand management potential, given a speciﬁed budget:

Minimize Z5

n
X
ðc i  x i Þ
i51

Subject to :
n
X
ymax ;i  ð12e2ki xi Þ  ymin

(17)

i51

xi  xmax ;i
xi  0

where Z 5 total costs, ymin 5 water savings target from demand management BMPs, y 5 total quantity of
water saved, ymax,i 5 maximum possible water savings for BMP i, ci 5 unit cost of BMP i, p 5 value of water
saved, xi 5 number of irrigators to retroﬁt with BMP i with an upper bound of xmax,i, ki 5 rate constant of
performance function for BMP i.
Given independent exponential water savings functions and a linear cost function, the optimization problem shown as equation (17) can be solved analytically for the necessary and sufﬁcient Karush-Kuhn-Tucker
(KKT) conditions [Hillier and Lieberman, 2010]. KKT conditions are the necessary conditions for a solution to
a nonlinear program. Additional conditions must be checked relating to objective function and constraint
convexity to ensure the solution is sufﬁcient to guarantee global optimality. Typically, closed form solutions
of KKT conditions do not exist, and optimization algorithms, such as the generalized reduced gradient
method, must be utilized. However, given the simplicity of the cost minimization formulation presented
here, a closed form analytical solution exists. Likewise, the solution to the net beneﬁts maximization formulation presented previously represents the closed form solution of KKT conditions. The derivation of the
cost minimization problem shown as equation (17) is as follows:
To begin, all constraints must be written in standard form to achieve the formulation shown in equation
(18):
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n
X
Minimize f ðxÞ5 ðci  xi Þ
i51

Subject to :
hðxÞ5ymin 2

n
X
ymax ;i  ð12e2ki xi Þ  0

(18)

i51

gi ðxÞ5xi 2xmax ;i  0
gi 1n ðxÞ52xi  0

The KKT conditions state that for a local minimum x*, unique Lagrange multipliers k ; li ; li1n , exist which
satisfy the following conditions:
rf ðx  Þ1k rhðx  Þ1

n
X

li rgi ðx  Þ1

n
X

i51

li1n rgi1n ðx  Þ50

(19)

i51

k hðx  Þ50

(20)

li gi ðx  Þ50

(21)

li1n gi1n ðx  Þ50

(22)

k ; li ; li1n  0

(23)

Therefore, the KKT conditions for this problem are:


ci 2k ki ymax ;i e2ki xi 1li 2li1n 50
"
#
n
X

2ki xi
k ymin 2
ymax ;i  ð12e
Þ 50

(24)
(25)

i51



li xi 2xmax ;i 50

(26)



li1n 2xi 50

(27)

k ; li ; li1n  0

(28)

Equations (24–28) are necessary conditions for a local minimum. Since the objective function is linear and
all constraints are convex functions, the solution to the above equations is the global optimum.
Depending on parameters ci, ki, ymax,i, ymin the optimal value of implementations xi will either be zero, xmax,i
or a value between zero and xmax,i.
Two trivial cases exist where k 50; li  0; li1n 50ork 50; li 50; li1n  0. These conditions equate to all
xi 5xmax ;i or xi 50, respectively.
Consider the nontrivial case where k > 0; li 50; li1n 50. This equates to 0 < xi < xmax ;i .
The optimal solution can be found by ﬁrst solving the gradient term (equation (24)) for xi in terms of k*:
xi 52


1
ci
ln 
k ki ymax ;i
ki

(29)

Equation (29) can then be substituted into equation (25) and solved for k*. Recognizing that k > 0,
n
X

ymin 2 ymax ;i  ð12e2ki xi Þ50
i51

or


1
1
ci
n
2ki 2
ln 
X
B
k ki ymax ;i C
ki
ymin 2 ymax ;i  @12e
A50
0

i51
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k 5 Xn

or
Xn ci
i51 k
i

y
i51 max ;i

(30)
2ymin

Thus, the value of k* can be determined directly from equation (30), given parameters ci, ki, ymax,i, ymin. The
optimal mix of implementations per BMP can be determined by substituting back into equation (28). The
value of k* represents the dual variable solution (shadow price) and can be interpreted as the marginal
value of saving an additional gallon of water from outdoor BMPs.


Now consider the more generalized case where at least one value of xi 5xmax ;i li > 0 or xi 50
 

li1n > 0 . The gradient term of the KKT conditions (equation (24)) becomes:


ci 2k ki ymax ;i e2ki xi ; 8ijli 50; li1n 50


ci 2k ki ymax ;i e2ki xi 1li 50; 8ijli > 0; li1n 50


ci 2k ki ymax ;i e2ki xi 2li1n 50; 8ijli 50; li1n > 0

(31)
(32)
(33)

From equations (26) and (27), it is easy to show that:
xi 5xmax ;i ; 8i jli > 0; li1n 50xi 50; 8ijli 50; li1n > 0

Similarly to the previous case, the optimal solution for all other BMPs can be found as:

xi 52


1
ci
; 8i li 50; li1n 50
ln 
k ki ymax ;i
ki

k 5 Xm

Xm ci
i51 k
i

y
2ymin
i51 max ;i

; 8i li 50; li1n 50

(34)

(35)

where m 5 number of BMPs (i) for which 0 < xi < xmax ;i

8. Optimal Blend of Outdoor BMPs for GRU
This section describes the procedure used to ﬁnd the least costly blend of outdoor BMPs for GRU as an illustrative example. Reuse, soil moisture sensors, and irrigation audits were evaluated as representative outdoor
BMP options. This analysis assumes that these three outdoor BMPs are mutually exclusive. It is possible to
model the case where BMP savings is not mutually exclusive, but it greatly complicates the analysis.

9. Supply Curve of Outdoor BMP Water Savings
The relevant coefﬁcients for the nonlinear program to ﬁnd the least costly blend of outdoor BMPs subject
to reaching a target water savings for GRU irrigators are in presented in Table 1. Costs and service lives are
derived from literature estimates [Morales et al., 2013b]. Identifying the target market for reuse is utility speciﬁc since it depends on the existing reuse network and reclaimed treatment plant locations. For GRU, it
was assumed that 10% (1630 of 16303) of irrigators were readily eligible for a reuse water connection based
on existing GRU reuse infrastructure [Gainesville Regional Utilities, 2008]. The water conserving application
rate (AR2,j) was assumed to be 2.54 cm/yr for reuse as these customers would no longer irrigate from the
potable system. For soil moisture sensors and irrigation audits, the water conserving application rate was
assumed to be 63.5 cm/yr based on typical irrigation needs in GRU [Friedman et al., 2013]. A typical average
savings rate for irrigation audits can be assumed to be 25% of net application rate between current application and water conserving application rates. Water savings potential from irrigation audits therefore equal
25% of SMS potential. The performance function for irrigation audits is also simply the SMS production
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Table 1. Parameters for the Outdoor BMP Optimization
BMP

ci ($/Account)

Service Life (Years)

ki (Normalized)

ymax,i (m3/d)

xmax,i

5000
700
150
n/a

25
5
5
n/a

3.65
3.77
3.77
n/a

1363
1665
416
3444

1630
2746
2746
7122

Reuse (x1)
Soil moisture sensors (x2)
Irrigation audits (x3)
Total

function multiplied by 0.25. However, irrigation audit evaluation procedures vary widely and are site speciﬁc, thus introducing a high degree of uncertainty in predicted savings.
The supply curve for water savings from SFR outdoor BMPs can be obtained by solving the cost minimization program with varying values of ymin as shown in Table 2 and Figure 3 for the GRU application. The marginal cost of water saved is equivalent to the shadow price (dual variable) which is equal to the optimal
Lagrange multiplier k*. The case where ymin 5 0.04 ML/d represents a special case where x1 50. Thus, the
generalized cost minimization solution shown by equations (34) and (35) must be utilized. For all other
tested values of ymin, equations (29) and (30) can be utilized as all 0 < xi < xmax ;i .

Table 2. Least Costly Combination of the Three Outdoor BMPs to Meet a Speciﬁed Target Savings for GRU
Percent Irrigators to Retrofit
Target Conservation
Savings, ymin (ML/d)

Total Cost ($/d)

Reuse (x1)

Soil Moisture Sensors (x2)

Irrigation Audits (x3)

Marginal Cost ($/m3)a

0.04
0.19
0.38
0.76
1.14
1.51
1.89
2.27
2.65
3.03
3.22

6.41
33.20
68.80
147
237
343
473
639
870
1254
1614

0.00%
0.43%
2.07%
5.68%
9.84%
14.75%
20.73%
28.39%
39.06%
56.77%
73.38%

0.48%
2.23%
3.82%
7.31%
11.34%
16.09%
21.88%
29.29%
39.62%
56.77%
72.85%

0.51%
2.25%
3.84%
7.34%
11.36%
16.11%
21.90%
29.32%
39.65%
56.80%
72.88%

0.17
0.18
0.19
0.22
0.26
0.31
0.38
0.51
0.75
1.43
2.61

a

Marginal cost is the shadow price (dual variable) with respect to the target conservation savings.

Figure 3. Marginal cost curve as a function of indoor and outdoor water saved for the single family residential sector served by GRU.
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These solutions were veriﬁed by solving the cost minimization formulation, shown in equation (17), directly
using the generalized reduced gradient (GRG) nonlinear Solver within Microsoft Excel. Once Solver has
reached the optimum solution, the marginal cost is reported directly from the sensitivity report as the
‘‘Lagrange multiplier.’’
The optimal solution to the cost minimization problem gives the supply curve in standard demand-supply
equilibrium analysis. If a single savings rate, p, is used to represent the value of reduced demand, then one
can ﬁnd the solution that maximizes net beneﬁts by inspection of Figure 3. This solution is equivalent to
solving the net beneﬁts maximization formulation. For example, if the value of the water saved is $1.00/m3,
then the optimal solution is to save 2.85 ML/d using the mix of BMPs shown in Table 2 since the demand
curve is a horizontal line that intersects the supply curve at 2.85 ML/d. This framework allows for direct comparison to alternative water supply augmentation by comparing the cost of BMP implementations with the
value of existing water treatment costs and/or deferred alternative water supply. The dual price can be utilized for this purpose, as it represents the solution at which additional demand management would no longer be cost effective, based on the value of reduced demand resulting from reduced treatment needs and/
or deferred alternative water supply development.

10. Optimal Blend of BMPs Across All Water Use Sectors for GRU
The methodology for evaluating the optimal blend of single family residential outdoor BMPs to achieve
either maximum net beneﬁts or to minimize cost subject to satisfying a minimum target water savings can
be generalized to include BMPs for all sectors of urban water use. Each generic BMP is evaluated based on
analysis of parcel level data to determine the appropriate water savings performance function. Friedman
et al. [2011] describe the methodology for single family indoor BMPs. Morales et al. [2013b] describe the
methodology for commercial, institutional, and industrial BMPs. In all cases, exponential functions can be ﬁt
to the resulting cumulative water savings function thus providing a uniﬁed framework for evaluating BMPs
across numerous water use sectors. Since water savings are assumed to be mutually exclusive for all BMPs,
total water saved is simply the summation of each individual water savings performance function. Therefore, the solutions described in this paper can be extended easily to numerous BMP options across all
demand sectors.
As a representative example, consider the optimal blend of four indoor ﬁxture retroﬁt programs (toilets,
clothes washers, showerheads, and faucets) in addition to the three outdoor BMPs described in this paper
to minimize cost subject to satisfying a target water savings for GRU single family residences. Water savings
performance functions were obtained for each indoor BMP independently based on calculated differences
between modeled existing and proposed low ﬂow ﬁxture intensities for each residence [Friedman et al.,
2011]. Given these four functions, equations (29)–(30) and (34)–(35) can be utilized to develop marginal
cost curves of demand management water savings for indoor retroﬁt BMPs only, and for both indoor and
outdoor BMPs combined, shown in Figure 3 with the addition of the three outdoor BMP water savings performance functions. The combined marginal cost curve can be obtained as the sum of the individual indoor
and outdoor curves.
Similarly to the case where outdoor BMPs were considered mutually exclusive, if a single savings rate, p, is
used, then the solution that maximizes net beneﬁts for the combined set of indoor and outdoor BMPs can
be found by inspection of Figure 3. For example, if the value of the water saved is $1.00/m3, then the optimal solution is to save 2.85 ML/d from outdoor BMPs (as shown before) plus an additional 4.75 ML/d from
indoor BMPs totaling 7.6 ML/d from all combined BMPs. Thus, 38% of optimal savings is the result of outdoor BMPs while 62% of optimal savings comes from indoor BMPs. Indoor BMPs account for more of the
total optimal savings due to the target market potentially being all SFR homes whereas outdoor BMPs are
limited to select overirrigators. Additionally, indoor and outdoor BMPs are signiﬁcantly more promising if
added beneﬁts such as reduced end use energy consumption and reduced wastewater charges are
included [Morales et al., 2013b].
This methodology can be further extended to compare demand management options across all water use
sectors in addition to single family indoor and outdoor BMPs, as shown in Figure 4. In this illustrative example, commercial, industrial, and institutional BMPs are more promising than single family BMPs due to the
higher rates of utilization of plumbing ﬁxtures. Multifamily is less promising due to decreased utilization
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Figure 4. Illustrative marginal cost curve as a function of water saved across all water use sectors served by GRU.

and occupancy rates as well as minimal irrigation compared to single family BMPs. Additionally, water loss
controls, such as replacing inaccurate meters, pressure management, and active leakage detection, can be
evaluated along with customer demand management options. This is due to both water loss control and
customer demand management both contributing to reducing the quantity of water needed to be pumped
and treated for water supply. Therefore, a single marginal savings, p, can be utilized across all options,
allowing for direct comparison to alternative water supply augmentation by comparing the cost of BMP
implementations with the value of deferred alternative water supply. For example, if the value of the water
saved is $1.00/m3, then the optimal solution is to save 37 ML/d from all BMPs comprising of 7% multifamily,
21% single family, 41% commercial, institutional, and industrial, and 31% water loss management.

11. Spatial Analysis of Priority Retrofits for the SFR Sector
A unique feature of the methodology presented in this paper allows for direct targeting of individual households once the optimal solution has been determined since the identity of each customer is maintained
throughout the analysis. The location of all homes selected for retroﬁt can be visualized using GIS, which
allows for spatial clustering of priority areas. Results can be grouped to any desired level of aggregation,
such as census block, land use code, etc., based on common attributes in the University of Florida urban
water demand database. Illustrative results for toilets and irrigation systems in single family residences in
Gainesville are shown in Figure 5. The spatial clustering indicates the priority areas. In this case, the priority
toilet retroﬁt areas are in the older sections of the city with smaller houses, fewer bathrooms, and older ﬁxtures. The priority irrigation areas are the newer homes that have a high prevalence of in-ground sprinkling
systems.

12. Summary and Conclusions
This paper presents a systematic procedure to evaluate the optimal blend of single family residential irrigation demand management strategies to achieve a speciﬁed goal based on performance functions derived
from parcel level tax assessor’s data linked to customer level monthly water billing data. Two alternative formulations are presented to maximize the net beneﬁts or to minimize total cost subject to a satisfying a target water savings. Potential applications of the net beneﬁts maximization formulation include a water utility
considering the beneﬁts of reduced treatment costs or delayed alternative water supply development as
the result of reduced water demand from demand management. Potential applications of the cost minimization formulation include a water utility needing to reach a speciﬁed water conservation savings target
through demand management initiatives, or to determine the maximum amount of demand management
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Figure 5. Illustrative map showing the priority parcels for toilet and irrigation single family residential retroﬁts, Gainesville, Florida.

potential, given a speciﬁed budget. This formulation can also be utilized to determine optimal rebate incentives in which a utility only pays for a portion of a BMP’s unit cost. This option is particularly useful when
only a limited demand management budget is allocated. However in this case, realized water savings may
be less than predicted depending on actual market penetration of rebate incentives. Explicit analytical solutions are presented for both formulations based on appropriate exponential best ﬁts of performance functions. A direct result of this solution is the dual variable which represents the marginal cost of water saved
at a speciﬁed target water savings goal. A case study of 16,303 single family irrigators in Gainesville Regional
Utilities where high quality tax assessor and monthly billing data are available is utilized as an illustrative
example of these techniques. This framework can be generalized to apply to any urban water sector and to
show the aggregate optimal solution across sectors.
The performance functions can be approximated as exponential, which can easily be solved for optimality
given unit costs and value of water saved. The optimal value of the dual variable can be found directly using
the Karush-Kuhn-Tucker conditions. This represents the marginal value of saving an additional liter of water
from outdoor BMPs. This framework allows for direct comparison to alternative water supply augmentation
by comparing the cost of BMP implementations with the value of saved alternative water supply.
This framework provides signiﬁcant advancement from previous work as water savings from demand management are computed directly for all customers across all urban water demand sectors as opposed to
existing regression and process models which rely on typically small sample sizes and which focus primarily
on the most reliable residential indoor sector. Spatial clustering of targeted homes can be easily performed
in GIS to identify priority demand management areas as the identity of individual customers are maintained
throughout the analysis. This generalized, uniﬁed, framework can be easily applied elsewhere provided customer billing data are linked to property appraisal data. This framework is being incorporated into the University of Florida’s online tool, Conserve Florida Water EZ Guide 2.0 (available at http://conserveﬂoridawater.
org), which is being used for a variety of applications in Florida and elsewhere.
Future work includes addressing the reliability of water savings estimates by incorporating other factors
such as changes in price, inclusion of variable value of water saved, and further reﬁning water savings
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estimates from outdoor BMPs such as soil moisture sensors and irrigation audits. Additionally, future work
includes incorporating the effect on utility ﬁnances from implementation of demand management
strategies.
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