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Abstract
Water demand is an ever-growing concern for many municipalities around the world and
understanding the driving forces of demand is critical to ensure sustainability. The goal of this
research was to develop mechanistic models of urban water demand that could be used as
decision support tools for regional water managers. This dissertation research focused on
modeling water consumption in El Paso, Texas at the daily and annual time scale for use in a
long-term forecast. The dissertation is divided into three major chapters: the first two chapters
describe independent models on (1) meteorological and (2) economic effects, respectively. The
third chapter then describes the integration of the first two models to produce a long-term
forecast at the daily time scale. The chapters were written as three independent manuscripts. This
work allows regional water planners to consider tradeoffs among rate increases, conservation
spending, and water supply augmentation with respect to peak-day demand capacity and desired
unit consumption, in light of increasing temperature and decreasing annual precipitation.
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Chapter 1 Urban Water Demand: A Statistical Optimization Approach to
Modeling
Abstract
Water demand is an ever-growing concern for municipalities, so modeling water
consumption is important to understanding the factors which drive demand. Modeling the
structure of demand for municipalities has seen considerable attention in the literature for several
years. With few exceptions, daily water demand forecasts have made their predictions on short
time scales, e.g. days to weeks. Also, the effects of meteorological changes are weakly expressed
in published municipal water demand models, which makes them ill-suited for study areas that
have high sensitivity to temperature, precipitation, or climate factors driving demand. To fill this
gap, this article describes an empirical urban water demand model that incorporates
meteorological, seasonal, policy, and cultural driving forces for water consumption at a daily
timescale. Using a non-linear iterative regression model fit to a historical time series of daily
data, the model is calibrated with site-specific variables that describe significant anthropogenic
behavior associated with water demand for a major urban area in the American southwest, i.e., El
Paso, Texas. The model derives temperature and precipitation response functions that describe
how the study area’s water demand responds to daily temperature or precipitation, both likely to
change in the face of ongoing evidence of climate stress. Ongoing use of the site-specific
demand variables and response curves can be used as a part of forecast modeling that accounts
for climate change.

Keywords: Urban Water Demand, Modeling, Forecasting Parameters, Non-Linear Regression
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1.1 Introduction
Modeling is fundamental to modern water resource management. Accurate simulation of
current systems assists in the decision-making process for the operation and expansion of water
utilities. Peak-day demand, or the highest expected daily demand for the year, is one of the most
important values when it comes to sizing and expansion of water facilities. Peak-day demand
values set the maximum production and storage value that water utilities need to be able to
supply reliably. This parameter is not usually forecasted with daily modeling and usually
requires an additional correlation for estimation. Major cities in the United States, especially
those in arid regions, face water scarcity issues and are continually trying to keep up with the
growing demand caused by increasing population, changing sociological and political factors,
and on a longer term, increasing temperature and decreasing precipitation. Falkenmark et al. [1]
describe the process of addressing natural and anthropogenic issues facing arid and semi-arid
landscapes and highlight the importance of modeling methodology described here.
Models are often calibrated and function on historical data. There are a wide range of
reported statistical parameters that are used to evaluate the accuracy of models. What is critically
needed in the water management field is a daily time-scale model that is complex enough to offer
high accuracy of modeling, defined here as R2 greater than 0.95 [2], and a Relative Root Mean
Square Error (RRMSE) [3] less than 7.5%, for short, medium, and long-term validation periods.
These criteria were selected because they represent the modern modeling standards observed in
publications such as Muhammad et al. [4] and Zhou et al. [5]. Another criterion for model
selection and evaluation is data requirements; a model that uses minimal datasets for calibration
and validation [6] is generally applicable. The primary goal of this work was to develop a
modeling methodology that uses the minimum amount of data to provide a daily time-scale
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municipal water demand model that is sensitive to changes in climate, culture, and political
changes.
1.1.1 LITERATURE REVIEW
Predictions for urban water demand progressed over the last four decades with some of
the earliest research focusing primarily on time-series and multivariate time-series analysis with
linear regression and trend-extrapolation. Examples include: Maidment et al. [7], a monthly
predictive cascade model trained using a Box-Jenkins method, and subsequently improved upon
in Maidment et al. [8], which changed the previous research from a monthly time series to a
daily time series. The next step for Maidment et al. [9] included expanding their method into
nine cities in Texas showing that the methodology worked for a wide range of available data
sets. Maidment et al. [8] set the background for the research conducted for daily based time
series water analysis, displaying the improvements and capabilities of models using temperature
and precipitation data. Homwongs et al. [10] showed weekly flow patterns based on weekday
and weekend cycles, while Zhou et al. [5] displayed a clear separation in characteristic behaviors
of winter and summer water usages. These papers contribute to the development of the model
presented here because they demonstrate the underlying factors of seasonality, trend, and noise
functions that make up municipal water demand. During the review process, the most popular
method of observed studies was time series modeling, but other models adopted econometric
end-use methods that also had merit, such as Bennett et al. [6], which shows that there is a
multitude of approaches to modeling urban water demand.
There are many approaches to modeling urban water demand, but each approach has
certain limitations. Donkor et al. [11] published a review of a collection of methods and models
within the modeling domain, and most of the reviewed models did not predict on the daily time
3

scale. Adamowksi et al. [12] developed a forecast based on temperature and precipitation data
with low errors, but only forecasted a single day ahead.
Analyzing water demand time series data has taken many forms such as regression,
autoregression, Auto-Regressive Integrated Moving Average (ARIMA), exponential smoothing,
Support Vector Machines (SVM), Artificial Neural Network (ANN), and other methods. SVM
and ANN have been the most popular methods of recent publications, and Msiza et al. [13]
reviewed these methods in a side-by-side evaluation of performance. An analysis for an
optimally performing model was completed for both the SVM and ANN, and the models had a
reported Mean Absolute Relative Error (MARE) of 5.47% and 2.95% respectively.
Unfortunately, the analysis failed to include other performance parameters such as the coefficient
of determination (R2), Nash–Sutcliffe Efficiency (NSE) coefficient, 95th or 5th percentile errors,
and standard errors, which are important to report because they indicate the performance of the
model based on the variability of the data set. Datasets with higher variability will be more
difficult to model while others with lower variability usually have smaller errors. The NSE and
R2 adjust based on that variability and help compare model performance between different
methods. A wide variety of validation parameters are essential for evaluating the performance of
models, as described by Bennett et al. [6] in their summary of environmental modeling
performance characters. Lack of the inclusion of these terms results in the inability to determine
truly how well the model performs during the validation period. It is very important to use a wide
range of performance variables to display the effectiveness of the model because only reporting a
select few parameters can be misleading. Researchers such as Sardinha-Lourenço et al. [14] have
moved to combine the two methods of ANN and SVM to improve results. Sardinaha-Lourenco
et al. [14] evaluated the performance of their model using ARIMA, ARIMA clustering, heuristic,
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mean weighting, Means Square Error (MSE) weighting, and Parallel Adaptive Weighting
Strategy (PAWS) with a variety of results ranging from an R2 value of 0.687 for the worst
performing models to 0.968 for the best. It is important to note that the best performing model
also produced an MRE of 8.56% and was achieved using the MSE weighting method. These
papers set a standard of performance for models going forward and contextualize the previously
stated goals of an R2 > 0.95 and an RRMSE < 7.5%.
In recent publications, developing accessible tools such as those by Sharvelle et al. [15]
are quite ambitious projects which aim to provide a web-based forecasting model based on
multiple usage water factors for municipal-scale environments, including forecasting for policy,
sociological, potable reuse, and irrigation changes. One of the issues with Sharvelle’s model is
the actual model’s performance with an NSE of 0.73 and an MRE -15.6% which represent quite
significant errors. This shows that continued advancements within the performance areas of
modeling are needed, and lightweight models that can be incorporated into web-based services
could advance the field of water modeling and forecasting.

1.2 Methodology
Figure 1 shows the conceptual framework of the water demand model. As a general
overview, the model predicts the annual-average water demand (gal/day) based on the day-of
population estimate (capita) and the preceding 365-day trailing average of unit consumption
(gal/day per capita). Based on calibration data and by minimizing the root mean square error of
daily water demand predictions, the model determines specific values of modeling constants
(coefficients) that describe relative average water demand for a given month, day of the week,
and special holidays, as well as average water demand response to daily average temperature and
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precipitation. Further explanation of this process is provided in greater detail in the following
section.

Figure 1. Conceptual framework for daily water demand modeling
1.2.1 DATA REQUIREMENTS AND MANAGEMENT
One of the primary objectives of this modeling effort was to require minimal data for
calibration and validation, both for use in simple computational platforms, as well as broad
applicability among municipalities. For this model, four daily time series data sets are required
for calibration: water demand, population, average daily temperature, and daily precipitation. For
the results shown in this manuscript, five years of each time series were used, as well as an
additional preceding (i.e., sixth) year for water demand and population.
1.2.2 MODEL EQUATION
The approach behind developing this model was to use known physical and behavioral
mechanistic factors as the basis of the model. This idea is to explain the forces that affect water
demand trends came from the observing decomposed demand data in long-term trends, seasonal
variations, and noise, which follows the work of Dokumentov et al. [16]. The goal of this model
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was to create sets of fitting parameters that could explain these trends, seasonal, and “noise”
variations of the demand data. If explained, these could be combined to form the predicted
values. From the observed water demand, population, daily average temperature, and daily
precipitation data, an equation was developed to synthesize the three aspects into mathematical
terms. Equation 1 shows how daily water demand is calculated, where: per-capita unit
consumption, U, and population, P, describe the trend; monthly, day of the week, and holiday
scaling coefficients, CM, CDotW, and CH, respectively, describe seasonal variations; and
temperature and precipitation functions, fT and fP, respectively, describe the noise due to daily
meteorological conditions. The weighting factors, W1 and W2, attenuate the amplitude of daily
fluctuations.
Equation 1:

Q(m,d,c) = W1(U P CM(m) CDotW(m,d) CH(c) fT fP) + W2(𝑄̅-3)

Where:
•

Q(m,d,c): Predicted water demand (Gallons) for month m, day of the week d, and calendar day c

•

W1/ W2: Weighting factor (Dimensionless)

•

U: 365-day average unit consumption lagged by one day (Gal/Day/Capita)

•

P: Population (Capita)

•

CM(m): Monthly constant for month m (Dimensionless)

•

CDotW(m,d): Weekly constant for month m and day of the week d (Dimensionless)

•

CH(c): Holiday constant for calendar day c (Dimensionless)

•

fT: Average daily temperature factor (Dimensionless)

•

fP: Three-day trailing average precipitation factor (Dimensionless)

•

𝑄̅ -3: Average predicted water demand for the past three days (Gallons)

1.2.3 WEIGHTING FACTOR
The weighting factors, W1 and W2, also referred to as memory factors, exist for
smoothing the predicted daily water demand value, preventing extreme changes from one day to
7

the next. A rapid meteorological change such as a cold front or heat wave could substantially
change daily temperature or precipitation, but observations show that actual water demand
changes at a slower rate than meteorological conditions. Thus, the weighting factors harmonize
the current predicted demand by using the average of the last three predicted days. The values of
W1 and W2 were constrained to sum to unity.
1.2.4 PER CAPITA CONSUMPTION AND POPULATION
Per-capita (unit) water demand (gal day-1 capita-1), was calculated for each day as the
water demand, Q, divided by the population, P, linearly interpolated for that day. The unit
consumption, U, used in Equation 1 was calculated as a 365-day trailing average, as shown in
Equation 2.

Equation 2:

U=

𝑄−365
𝑃−365

Where:
•

𝑄−365: Average demand for previous 365 days (Gallons)

•

𝑃−365 : Average population for previous 365 days (Capita)

The combination of unit consumption and population form the “base consumption rate”
of the prediction model. Many models in the literature start with the winter consumption as the
baseline for the model and then add additional factors for prediction. However, in the method
described in this manuscript, the unit consumption and population are used to predict the average
annual consumption, and then other factors adjust for seasonal and daily conditions.
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1.2.5 METEOROLOGICAL EFFECTS
The temperature factor, fT, is a significant contributor to the accuracy of this model.
Theoretically, the effect of temperature on demand is bounded with a sigmoidal behavior that
describes the relationship of temperature and demand. Several types of sigmoidal functions were
considered, and the hyperbolic tangent was selected for its superior correlation coefficient (R2) in
this model across a wide range of temperatures. Equation 3 describes the sigmoidal hyperbolic
tangent sensitivity of daily water demand to average daily temperature and contains four sitespecific fitting constants.
Equation 3:

𝑓𝑇 = 𝐶𝑇1 + 𝐶𝑇2 𝑇𝑎𝑛𝐻(

𝑇−𝐶𝑇3
𝐶𝑇4

)

Where:
CT1: Location-specific temperature constant (Dimensionless)
CT2: Location-specific temperature constant (Dimensionless)
CT3: Location-specific temperature constant (°F)
CT4: Location-specific temperature constant (°F)
T: Average daily temperature (°F)

The sensitivity of daily water demand to precipitation is shown in Equation 4, which is
characterized as exponential decay with increasing precipitation. The average precipitation of the
previous two days and the day of prediction, ̅̅̅̅̅
𝑃−3, is used as the argument of the function because
the demand sensitivity was observed to have a lagged association with precipitation events. For
example, people may be more influenced by precipitation in a previous day than day-of
precipitation in their decision to turn off scheduled lawn irrigation. Zhou et al. [5] shows that the
response to precipitation events varies significantly by location, due to factors including lawn
sizes, automated sprinkler systems, and population behaviors. The values of fitting parameters
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CP1 and CP2 were constrained such that for a three-day precipitation value of zero, f P equals
unity.
Equation 4:

𝑃−3
𝑓𝑃 = 1 − 𝐶𝑃1 (1 − 𝑒 −𝐶𝑃2 ̅̅̅̅̅
)

Where:
CP1: Location-specific constant (Dimensionless)
CP2: Location-specific constant (inch-1)
̅̅̅̅̅
𝑃−3 : Average precipitation of previous three days (Inches)

Pan evaporation was considered as a possible factor in Equation 1 but was eventually
rejected because pan evaporation is highly correlated with temperature and vapor-pressure
deficit, which is a function of temperature, as described by Piri et al. [17]. This significant level
of collinearity excludes the need for a pan evaporation term, even though it is popularly used in
other models.
1.2.6 SEASONAL ANALYSIS
The seasonal or repeating pattern of the system was decomposed into three distinct
chronological coefficients, CM(m), CDotW(m,d), and CH(c), for month, m, day of the week, d, and
calendar day, c. Each of these factors has independent driving forces behind their expressions
within the model and serve to create the relative scaling expected by the population’s behavior
throughout the year due to societal, political, and cultural influences such as annual lawn
irrigation, day of the week lawn irrigation restrictions, and holiday celebrations.
The CM(m) term has one value for each month of the year (January through December),
and during model calibration, the values are (a) limited to the range of 0.5 to 2.0 and
(b) constrained to average to unity. Thus, this term represents how each month of the year
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compares to the annual average. This term accounts for combined effects of seasonal behaviors
such as lawn irrigation, evaporative cooling, and filling swimming pools.
The CDotW(m,d) term has one value for each day of the week (Sunday through Saturday) for
each month of the year, and the values are (a) limited to the range of 0.5 to 2.0 and
(b) constrained to average to unity for each month. This type of day of the week factor is
common among models reported in the literature. This term arises from the policy restrictions of
water demands within urban environments. For example, water utilities might implement
restrictions on lawn irrigation for residential or industrial sectors, which might lead to a
noticeable pattern throughout the week. Bakker et al. [18] used a 10-week trailing average to
predict the demand in the next week. Wong et al. [19] noted a strong correlation between
demand and day of the week in their model of urban water demand trends for Hong Kong, but
their model failed to recognize changes in magnitude of the CDotW(m,d) with different seasons
throughout the year.
The CH(c) term is a “holiday” factor that accounts for the average bias of each of the 366
possible days within a year. The value of this term is assumed to be unity for all non-holiday
days, and a non-unity value is determined by evaluating the average residuals of each day of the
year after optimization of the month and day of the week factors. Wong et al. [19] notes the
significance of identifying the holidays for the target location and their inclusion within
modeling. The primary difference is that using Wong’s method would require the modeler to be
familiar with the holidays of the targeted location, where this method can automatically identify
the holidays and adjust for them.
The final optimization process was evaluated on the water demand data set by
minimizing the Root Mean Square Error (RMSE) of daily water demand using a GRG nonlinear
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solver on a five-year calibration period. Subsequently, the model was validated with the next five
years of water demand data, similar to the validation performed by Bakker et al. [18] for split
data evaluation. This split in the calibration and validation period is intended to prevent
overfitting with the data by optimizing the system for data within the calibration period and
observing the fit with the validation period.

1.3 Results
1.3.1 STUDY AREA
The modeling framework proposed in this study was applied to the city of El Paso,
Texas, the sixth largest city in Texas and the 19th largest in the U.S.A. with a population of
681,124 in 2015 according to the data from the United States Census Bureau [20]. The city is
located at the far west corner of Texas where it borders the state of New Mexico, and the country
of Mexico. El Paso is sustained on three primary sources of water, a river that borders the city
named the Rio Grande (Rio Bravo), and two aquifers that lie on either side of the Franklin
Mountain Range- the Mesilla Bolson (west) and Hueco Bolson (east). Based on temperature data
from 1994 to 2015 [21], the area is classified as a “BWh” dry arid desert according to the revised
Köppen-Geiger et al. [22] system. The average daily temperature for this period was 66 °F
(19 °C), and El Paso observed average daily temperatures below 10 °F (-12 °C) and as high as 99
°F (37 °C). Additional statistics for meteorological conditions are provided in Appendix Table
A1. Since the mid-1900s, drought conditions, increased farming activity [23], and national and
international agreements have caused El Paso to rely heavily on the aquifers, especially during
low flow in the river. Fortunately, since the 1980s, El Paso leaders have taken significant strides
towards regional water sustainability by promoting residential water conservation, reclamation of
treated wastewater effluent (“purple pipe”) for irrigation of municipal parks, indirect potable
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reuse of treated municipal wastewater through aquifer recharge from the Fred Hervey Water
Reclamation Plant, and brackish groundwater desalination at the Kay Bailey Hutchison
Desalination Plant. These factors have made El Paso an interesting case to study for water
modeling and forecasting because effective water management is essential to the continued
prosperity of this region.
1.3.2 WATER DEMAND AND POPULATION DATA
Water demand data for the period from 2006 to 2010 were used for model calibration,
and water demand data for the period 2011 to 2015 were used for model validation. Demand data
for this research was provided by El Paso Water representatives and spanned from 2005 to 2015.
Data were checked for inconsistencies; there were four outliers outside of 3.5 standard deviations
of the mean of daily values. A representative from the El Paso Water confirmed the accuracy of
these values, so all data were kept as provided. The data initially came in two sections, daily
production/pumping volumes and ground/elevated storage volume changes. Since the goal was
to model the demand of water, the change in storage was subtracted from the production value to
calculate the daily water demand. Figure 2A and Figure 2B show the general water usage trends
from 2005-2015, and Appendix Table A1 includes statistics of the daily water demand. Historic
population was acquired from the U.S. Census Bureau [24]. The Census Bureau performs a
census every 10 years but has provided annual population estimates. A linearized method was
used to interpolate the daily population values from year to year. Figure 2C shows the daily
population and 365-day trailing-average unit water consumption for the El Paso study area.
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Figure 2. A) Historic Water Demand for El Paso (2005-2015). B) Box and Whisker Plot of Daily
Demand Sorted by Month. C) Historical Unit Consumption and Population
1.3.3 METEOROLOGICAL DATA
The historic daily temperature and precipitation data were collected for the study period
from the National Oceanic and Atmospheric Administration (NOAA) [21], and average daily
temperature and average monthly precipitation are shown in Figure 3. Missing or incomplete
data signified by the value “9999” were replaced by values from the almanac service from
Weather Underground [25]. To ensure data consistencies, twelve random days of known values
were selected from each year, and it was found that the Weather Underground almanac
temperature and precipitation values were identical to NOAA values. The meteorological data
were checked, and only three values exceeded the 3.5 standard deviation window. These values
occurred on February 2-4, 2011, which was an extreme snowstorm event, so the numbers were
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not removed from the dataset. On average, 57% of the rainfall for the entire year occurs during
July, August, and September.
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Figure 3. A) Average Daily Temperature (2005-2015). B) Average Monthly Precipitation (20052015).
1.3.4 METEOROLOGICAL EFFECTS
For the study area and time period, the four temperature fitting constants (CT1 through
CT4) were determined to be 1.24, 0.41, 83.82 °F, and 19.65 °F, respectively, such that the values
of the temperature factor, f T, ranged from 0.70 at its minimum in cold weather to a maximum of
1.42 in hot weather, as shown in Figure 4A. At an average daily temperature of 76 °F, the
temperature factor evaluates to unity and exhibits no effect in Equation 1. While in practice the
minimum temperature factor is observed each year, the greatest temperature factor value
observed was 1.35. An important feature of using this particular method to describe behaviors
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based on temperature is that for many regions, wintertime consumption is not temperature
sensitive, but certain locations are temperature sensitive [5, 8], and this hyperbolic tangent
function can accommodate either condition. The El Paso fit shown in Figure 4 displays little to
no temperature sensitivity for average daily temperature less than 50 °F.
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Figure 4. A) Temperature factor (2006-2010), B) fP curve based on Precipitation (2006-2010)
The two precipitation fitting constants, CP1 and CP2, were determined to be 0.2 and 4.6/in
respectively, such that for increasing precipitation in the three previous days, the values for the
precipitation factor, fP, range from 1 to the minimum value asymptote of 0.78, as shown in
Figure 4B. The lowest observed precipitation factor value within the model was 0.80.
1.3.5 SEASONAL ANALYSIS
The monthly CM coefficient is used to capture the general annual cycle and varies from
0.86 in the December to 1.12 in May and June, as shown in Figure 5A. Furthermore, weekly
watering restrictions in El Paso (shown in Figure 5B) affects the day of the week constant
(shown for four months that represent the four seasons in Figure 5C). The value of CDotW ranges
from 0.89 to 1.14 and has greater amplitude during the spring and summer (greater lawn
irrigation) than the winter.
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Figure 5. A) Solved CM Factor B) Watering Schedule for El Paso T.X. C) CDotW Term by Relative
Season
Selected values of the holiday constant, CH, results are shown in Table 1.The most
significant holidays include regional holidays such as Cinco de Mayo. The unconstrained
average of this factor was unity, which indicates that since the holiday constant is solved after
the other factors and constants, no significant bias is corrected by the CH constant.
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Table 1. Selected Holiday Constant

Date
Dec 25
Jan 1
Dec 24
May 5
Nov 23

Day of the year
359
1
358
125
327-333

CD
0.87
0.91
0.92
1.07
0.95

1.3.6 STATISTICAL ANALYSES
To verify the results of a regression model, one method is to check for normality of
residuals. Table A3 shows the distribution of the residuals during the validation period.
Following the rule of thumb by Bulmer et al. [26], skewness between 0.5 and -0.5 can be
interpreted as being approximately symmetric, and an excess kurtosis between -2 and 2 is
acceptable according to Statistical Package for the Social Sciences [27]. The visual inspection of
the distribution of residual errors (Figure A2) leads to the belief that the residuals are normally
distributed, and the skewness and kurtosis values (0.12 and 0.94, respectively) give no reason to
reject this assumption.
Table 2 shows all the performance criteria used for this model, and definitions of all
criteria are provided in Appendix Table A2.
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Table 2. Characterization of Model Performance

Daily Error 2006-2010

Daily Error 2011-2015

Upper Limit Error (Over Predicted):

Training
21.47%

Validation
23.41%

Lower Limit Error (Under Predicted):

-16.53%

-20.67%

-0.26%

1.71%

Mean Absolute Relative Error (MARE):

4.17%

4.70%

Max Absolute Peak Day Error:

8.33%

4.68%

Mean Absolute Peak Day Error:

3.83%

2.02%

Standard Error of Estimate (SEE) in Millions of Gallons:

5.58

6.17

Relative Standard Error of Estimate (SE):

5.56%

6.14%

Nash-Sutcliffe efficiency (NSE):

0.95

0.94

Correlation Coefficient (r):

0.97

0.97

0.95

0.95

Mean Relative Squared Error (MRSE):

0.29%

0.37%

Root Mean Square Error (RMSE) in Millions of Gallons per Day:

5.61

6.43

Relative Root Mean Square Error (RRMSE):

5.38%

6.05%

5th Percentile (ABS):

0.31%

0.42%

25th Percentile (ABS):

1.52%

1.87%

50th Percentile (ABS):

3.32%

3.80%

75th Percentile (ABS):

6.02%

6.48%

95th Percentile (ABS):

11.24%

11.97%

5th Percentile:

-8.88%

-7.07%

25th Percentile:

-3.54%

-2.28%

50th Percentile:

-0.42%

1.45%

75th Percentile:

3.07%

5.24%

95th Percentile:

8.77%

11.70%

Performance Parameter

Mean Relative Error (MRE):

Coefficient of Determination:

(R2)

5th Percentile (MGD):

-10.60

-7.29

25th Percentile (MGD):

-3.42

-2.20

50th Percentile (MGD):

-0.40

1.38

75th Percentile (MGD ):

2.74

5.25

95th Percentile (MGD):

8.28

12.77

Figure 6 shows the non-exceedance curve for relative errors (residuals) for 2011-2015.
Note that more than 90 percent of the errors are less than 10%.
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Figure 6. Non-Exceedance Curve of Residuals
Figure 7 displays a comparison of known daily water demand values and predicted
demand values, and this figure reinforces the high R2 value listed above in Table 2. The
weighting factors, W1 and W2, were determined to be 0.61 and 0.39 respectively.
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Figure 7. Visual Comparison of Historical and Modeled Daily Water Demand During Validation
Period (2011-2015)
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1.4 Discussion
During the validation period, the model demonstrated acceptable performances when
compared with other models. Commonly reported R2 values range between 0.75 and 0.85 with
some models performing in the greater than 0.9 range with these models being the SVM or ANN
type. When using SVM and ANN models, units may not be conserved because they might use
exponential beta values, log functions, or other methods that will result in the loss of units,
whereas the model presented here conserves units by identifying and solving for scalar terms and
using unit consumption and population to derive the units of million gallons per day. Another
difference between this model and ANN or SVM is that these solving methods might just output
the desired forecasted values, whereas the parameters used in this model provide insight into the
behavior of the system. For example, the temperature and precipitation response curve that
comes from the solving of the variables within this model might be used for other applications
and decision-making policies. An example of this is deciding on whether or not to enforce a new
building code standard for smart sprinkler systems that will automatically adjust watering
schedules based on precipitation. If the data from this model shows that the population has a
fairly insensitive response to precipitation events, then enforcing such a building code may not
reduce demand by as much as has been observed in other locations.
One of the key features of this model is its ability to predict peak-day demand. Other
literature primarily focuses on the model’s prediction capabilities, but there are also other key
pieces of information that water utilities desire. The peak day demand value is important to the
operations of water utilities because it is the most critical day of the year when water production
is greatest, and the water utilities needs to be sure they will be able to fulfill this need. This value
dictates the sizing and expansion of water utilities both in production capabilities and storage
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infrastructure. For the validation period, the model demonstrated a max absolute relative error of
4.68% when predicting the peak day demand.
The application of short-term weather forecast data can assist in the optimization of
operational cost reductions by more effectively utilizing resources for water production by using
a local seven-day forecast from a reliable meteorological group. One example of this is the Kay
Baily Hutchison Plant in El Paso, one of the largest inland desalination plants in the world; a
significant cost of operation is electricity. By providing accurate next day forecasting, the water
utility can reduce their peak day electrical consumption by allocating more run time to shoulder
and off-peak hours. Medium-term maintenance scheduling will also be able to benefit from this
model’s predictive power by assigning offline maintenance to key infrastructure during periods
that have lower demand expectancies when the removal of key systems within a production plant
will have the least impact on capability to meet demand. The low data requirements also assist in
ease of use and make the model available to regions whom may not have a wide variety of data
points to train and validate a model.
1.5

Conclusion
The demand modeling capabilities for the modern operational water utilities is critical to

reliable water supply management. By accounting for the long-term trend, annual cyclical, and
daily meteorological variability, a robust model equation was developed that is competitive with
ANN and SVM modeling performance
The objectives for the model where met, and results of performance characteristic are in
line with current modeling criteria. The model met low dataset requirements, only needing four
datasets (water demand, population, temperature, and precipitation) to operate, in comparison
with other models that require three [18] to seventeen [28] datasets. Meteorological sensitivity
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was a key objective for this model, so by including two weather variables, daily temperature, and
precipitation, future projections can adjust to theoretical future meteorological conditions. Since
the core of the model is built around climate sensitivity, the model has a strong performance
when considering temperature and precipitation shifts within a region.
The model was developed to capture the behavioral characteristics of a municipal system
and be flexible enough to include adaptation to local sociological, political, and cultural factors
that influence water demand. The monthly, day of the week, and holiday constants account for
annual and weekly irrigation effects, as well as anomalous holiday consumption, and the effects
of these constants decrease the 95th percentile absolute errors.
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Chapter 2. Water Conservation Financial Expenditure and Price Effects:
What Works, What Pays?
Abstract
As water scarcity grows with ongoing evidence of climate water stress, mounting debates
over alternative measures to promote water conservation continue to receive attention by water
planners. Effects of water conservation measures on reduced water use have seen some attention
in the peer-reviewed literature. What is less well understood are the physical and economic
effects of investments made in water conservation programs by water utilities in dry regions.
This article describes a process of determining the economic and physical effectiveness of water
conservation programs based on the financial expenditures associated with each program in the
form of unit consumption reduction per dollar spent on conservation investments. The process
uses an innovative iterative nonlinear regression model that analyzes partial effects of each of a
series of water conservation programs enacted by a large southwestern water utility, El Paso
Texas, USA. Findings show a price elasticity of approximately -0.3 and an average water
conservation effectiveness of 2.7 gallons per capita per day reduction per million dollars spent.
By quantifying the effectiveness of water conservation and price elasticity effects, water utility
managers can make better-informed decisions on conservation-based spending for controlling
water consumption for a municipality. The methods developed and results found can also be
used to guide choices over a wide range of proposed conservation measures in large urban water
utilities facing ongoing climate water stress.
Keywords: Urban Water Demand, Modeling, Price Elasticity, Water Conservation, Conservation
Effectiveness
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2.1 Introduction
Increasing water demand throughout the world has caused a growing need for the
implementation of water conservation efforts to preserve and extend water resources and reduce
the need for new supply source development. These water conservation efforts have a wide range
of applications that affect different aspects of water consumption, and various populations are
more sensitive to some conservation programs and less sensitive to others. A wide range of
studies have been performed to characterize the performances of water conservation strategies
[28, 29, 30], which observed the varying conservation programs and their effects on unit
consumption through a multitude of different methods. However, few have taken into
consideration the associated financial expenditures of the water utilities as a factor of the analysis
or model. Even large scale meta-studies [32] only quote price structuring and rates as a
significant contributor to water conservation, not finding large impacts of conservation
programs. However, utilities who choose to take actions to reduce the per capita consumption
may wish to strategically consider how much and what direction to undertake expenditures to
support conservation efforts based on the anticipated reduction in water consumption. This paper
conducts and investigation of the relative return on cost of residential conservation efforts using
a linear regression model that can be used to delineate colinear effects that the operation of
multiple simultaneous ongoing conservation programs may cause. These results are in the form
of unit consumption reduction per population-normalized investment [gal/day/capita per U.S.
dollar], and results are meant to improve understanding of how to most effectively spend
financial resources on promoting urban water conservation.
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2.1.1 BACKGROUND
There are three widely used methods to classify a water conservation effort; price control,
implementation of conservation technologies, and Policy and Ordinance Restrictions (POR)(also
called “command and control”).
Price-based conservation efforts look to directly adjust the price of water facing the
ratepayer and rely on ratepayer responses to reduce the unit consumption rate or slow its growth.
The three primary ways of implementing price adjustments are metering, pricing, and tariff
structure. These three factors are based on taking advantage of the price elasticity of demand,
which is the relative change in demand per relative change in price (e.g., percent reduction in
consumption per percent increase in price). Price elasticity has been well studied in the
municipal water sector, and meta-analysis performed by Espey et al. [33] shows several
characteristics of price elasticity, which is the relative change in demand divided by the relative
change in price, and concludes that the numerical value of price elasticity generally falls within
the range of 0 to -0.75 with an average of -0.51. The market effects of price exhibit significant
influence on the demand for water and can be used as a strategy to reduce water consumption or
its growth. The primary benefits of this strategy are (1) that it is relatively inexpensive to
implement with respect to financial cost though possibly politically unpopular, and (2) has a
smaller impact on expected revenue, or in many cases a positive impact where price elasticity is
less than unity in absolute terms, compared to other conservation efforts because the increased
price of water has a larger effect on added revenue than the reduction in use. For long term
financial solvency, it is necessary for municipalities to adjust price as part of their conservation
portfolio.
Technology-based conservation strategies typically include the updating of building
standards or the retrofitting of current water using devices within the household to reduce the
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consumption of water. These strategies have seen a wide range of results of effectiveness within
the literature [34] depending on where and how they were implemented. Examples of this type of
strategy are rebate programs for high-efficiency fixtures or appliances (e.g., low-flush toilets or
low-volume washing machines) or subsidized product deliveries (e.g., low-flow showerheads).
The primary benefit of this type of strategy is that it actively provides a valuable service and
decrease in water demand to the target community and generally increases the quality of life and
home ownership as well as having the potential to be politically acceptable. These strategies can
suffer from a large degree of uncertainty and can be expensive to implement, but in some cases
can result in a greater reduction in demand than anticipated. For example, a New York City toilet
rebate and replacement program was implemented for low-income apartment complexes and
reduced the water consumption of toilets by 37%. This large reduction was in part due to the
replacement of leaking toilets, which was unaccounted for within the initial analysis and
amounted to 44% of the water savings [35]. However, there is little information to date on what
was done with the water saved.
POR strategies focus on controlling the water use aspects of the target population by
implementing municipal or regional policies and ordinances to prevent the use of water (e.g.,
watering restrictions on certain days of the week or during certain hours of the day). These types
of strategies also have a wide range of impact on water that is highly dependent on both the
willingness of the population participation and capacity and affordability of enforcement.
Limited scale regulatory solutions tend to be better received by the population than larger scale
ones [36], mostly because POR typically results in reduced freedom of choice by the ratepayers.
Where strategies such as a watering schedule are relatively easily instituted, other strategies such
as even-odd day-rationing can face considerable resistance. The primary benefit of the POR
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strategies is that they may cost very little to implement and can cover many engineered
shortcomings in the water distribution system by normalizing the day-to-day demand. Existing
scholarship has found that this is most effective when combined with market-based strategies,
allowing for more gradual changes to the price structure. One drawback to this type of
conservation is that it decreases revenue generation from the utilities and is generally not well
received by stakeholders. This is especially apparent when rates are later raised to make up for
the lost revenues, an ongoing issue in San Jose California in April 2019.

2.2 Methodology
The purpose of this modeling is to assess the sensitivity of changes in residential unit
consumption (per capita water demand) with respect to financial expenditures by the water utility
to promote conservation. It assesses factors that dictate the effectiveness of the implementation
of a range of conservation programs. The study data and variables used for this investigation are
a combination of conservation program expenditures, program effectiveness, pricing of water,
response to changing price, and regulatory effects.
While this analysis was structured to identify the efficacy of water conservation
strategies, it must be noted that there are numerous factors that influence residential water
demand for which data were unavailable. Identification of the structural and economic variables
that influence water consumption at the residential levels guides much of the analysis developed
here. Some studies place a major emphasis on the impacts of income on residential water
demand [35] while others investigate physical component improvement [37]. In some models,
climate conditions have been found to be a significant factor [38]. Comprehensive procedures for
adjustments of significant factors are site-specific. Chang et al. [39] offers a concise summary of
variables associated with a multitude of water conservation predictions and study areas.
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Our study identifies four key components as predictors for water use.
•

Income

•

Consumer Price Index (CPI)

•

Single-unit housing (SUH) density

•

Multi-Family Housing (MFH) density

These variables represent the major factors that contribute to changes in residential water
demand other than the study variables. Models that predict residential water consumption may
use income or median salary as a factor within the model. However, including CPI’s relative
change with income gives a proxy for changes in disposable income, which is a much better
predictor for residential water demand [40]. If data for disposable income or inflation-adjusted
annual salary is directly available, that data can be used alternatively. Similarly, SUH and change
in population are referenced together. As population increases so will consumption, However,
high population density areas such as MFH units have a smaller irrigated landscape to person
ratio than for SUH implying that high population areas have lower unit consumption [41].
Therefore, if the population is increasing and more people are living in MFH, then it would be
expected that residential wide unit consumption will decrease. If data are available for changes in
residential irrigated landscaping, then those data can be used in substitution for SUH and MFH
data.
2.2.1 STUDY AREA
El Paso, Texas is the chosen area of implementation for the model due to the availability
of data, ongoing regional interest in water conservation measures, and recent high levels of water
conservation spending. El Paso is located on the western border of Texas and borders the states
of New Mexico, U.S.A. and Chihuahua, Mexico. Due to El Paso’s international visibility, it must
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take special care of water use within the city and abide by the legally binding agreements with its
neighbors. El Paso is sustained on three primary sources of water, a river that borders the city
named the Rio Grande (Rio Bravo), and two aquifers that lie on either side of the Franklin
Mountain Range; the Mesilla Bolson (east) and the Hueco Bolson (west). Referencing 21 years
of temperature data from 1994 to 2015 [21], the surrounding area is classified as a “BWh” dry
arid desert according to the revised Köppen-Geiger et al. [22] system.
2.2.2 DATA
El Paso Water provided data for annual water conservation program expenditures from
the fiscal year 1993 to 2008 shown in Figure 8, and the summations of expenditures by program
are listed in Table 3. From this table, there are two conservation programs that are not
immediately clear by description. The first is the water smart rebate program, which is a
rainwater detection system for sprinklers. The second is the hot water on demand program which
set up hot water circulators in homes to reduce water waste associated with waiting for water to
get hot. El Paso had previously implemented POR strategies such as scheduled watering days.
However, during this study period there were no major changes to any PORs, so those effects
were neglected from this analysis. After the 2008 period, all rebate programs and water
conservation strategies discontinued except for increasing water price. Also provided by El Paso
Water was the relative price changes in cost of water shown in Table 4.
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Figure 8. Annual Conservation Spending by Program
Table 3. Total Expenditures of El Paso Water Conservation Programs
Program

Dates Operated

(a)

Conservation Description
Water Conservation Advertisement

Total Expense (USD)

1993-2008

$3,744,200

(b)

Washing Machine Rebate Program

2002-2008

$2,240,000

(c)

Toilet Rebate Program

1993-2007

$4,784,600

(d)

Refrigerated Air Rebate Program

2003-2007

$1,975,000

(e)

Turf Rebate Program

2003-2007

$8,350,000

(f)

Water Smart Rebate Program

2003-2007

$14,800

(g)

Hot Water on Demand Program

2005-2006

$60,000

(i)

Plumbing Assistance Program

2007-2008

$500,000

(j)

Showerhead Program

2001, 2008

$527,000

Table 4. Relative Price Changes by El Paso Water
Date
1/3/1995
1/3/2001
1/3/2003
1/3/2004
1/3/2005
1/3/2008

Relative Price Change
5.1%
2.6%
3.9%
9.9%
5.1%
3.9%
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El Paso Water also provided the fiscal-year total residential demand by customer type,
indicating both the number of customers in each category and the total amount of water billed
(from 1998 to 2008). These annual demand data from the United States Census Bureau (U.S.
Census Bureau) [24] allowed the calculation of the raw residential unit consumption (shown in
Figure 10 in comparison to modeling results).
For the pre-analysis, the data for income and housing were retrieved from the U.S.
Census Bureau [24] and the CPI was received for the Bureau of Labor Statistics [42]. It was
observed that the decades between 1990 to 2000 and 2000 to 2010 saw an increase of MFH at
1.1% per ten years. The Water Research Foundation [43] performed an analysis of five cities and
when controlled for climate and socioeconomic variables found that MFH uses 40% less water
than SUH. Thus, a relative increase of MFH of 0.01% per year would account for a 0.04%
reduction in unit consumption per year. During the same time, El Paso median income increased
at a rate of 3.4% annually, while the average CPI of the southern and western regions of the
United States increased at 2.2% annually; the reason that the average was used here is because El
Paso sits right on the border of the two infographic sections where data was available, classified
as the south and west regions, and would most accurately be represented by an average of the
two. An economic meta-analysis by Havranek et al. [44] expresses that the income elasticity of
water (i.e., the percentage change in water use for a one percent change in income), is reported to
be 15% after the effects of bias were corrected. This would result in an expected increase of
0.02% per year. Combined with the decrease of 0.04% per year the resulting adjusted residential
unit consumption is negligibly different from consumption without the income change.
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2.3 Model
This analysis was performed using an iterative, evolutionary solving method to minimize
the Root Mean Square Error (RMSE) of the known unit consumption versus the predicted unit
consumption. The equation for the predicted unit consumption is seen in Equation 5, and the
solving equation for expected water conservation effect is shown in Equation 6.
Equation 5:

U t = U t −1 −  Cx − (U t −1

Equation 6:

Cx = Exex

Pt − Pt −1
)+ N
Pt −1

Where:
•

Ut: Predicted unit consumption for time period t (Gallons/Capita/Day)

•

Ut-1: Predicted unit consumption for time period t-1 (Gallons/Capita/Day)

•

Cx: Water conservation strategies implemented (Gallons/Capita/Day)

•

η: Price elasticity of water (Dimensionless)

•

Pt: Marginal price of water for time period t ($)

•

Pt-1: Marginal price of water for time period t-1 ($)

•

N: Natural entropic annual increase in unit consumption (Gallons/Capita/Day increase per year)

•

ex: Effectiveness in unit-consumption reduction for conservations program x (Gallons/Capita/Day
reduction per $)

•

Ex: Monetary expenditure in water conservation program per resident ($)

The solution method had only a single input for unit consumption at the beginning of the
study period, U0. All sequential predictions were based on the prediction of the previous time
step. The Cx term represents the expected reduction of a particular water conservation program.
This term is dependent on two other factors: the financial resources expenditures per capita (Ex),
the effectiveness of reduction in residential unit consumption for conservation program x (ex) is
the primary variable of concern for this model and presents the unique information for this
method. The Values of ex are assumed to be constant across the study period. All Ex values are
known, and all ex values are estimated with this model. The expected reduction due to price
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changes was calculated according to the standard procedure described in Espey et al. [33] as the
relative change in price multiplied by the price elasticity (η), and the unit consumption of the
previous time step (Ut-1). In this model, all relative changes in price are known, and the value of
the price elasticity (η) was estimated by the model. The final parameter, N, refers to the natural
entropic increase in unit consumption, (i.e., the unit consumption increase that would be
expected in the absence of any conservation strategies due to the entropy of the system). This
parameter is needed to explain any increase in unit consumption (i.e., from 1999 to 2000 and
from 2007 to 2008).
The solving method uses a three-step Monte-Carlo-style procedure. First, all parameters
of conservation effectiveness (ex), price elasticity (η), and natural entropic increase (N) start with
values of zero, and the solver iteratively computes values using the evolutionary solving method
to minimize the RMSE. This step was performed 500 times and was observed to have large
coefficients of variation for all parameters. The second step uses the mean of the first 500 solver
results as seed values, and the solving process was performed 500 times. The resulting parameter
values were observed to have much lower variability than the first step. Finally, the third
iteration of 500 solver runs was performed using the mean of the second stage results as the seed
values, which further reduced the variability. Any subsequent runs past the third iteration did not
observe any significant changes in value or variability of results.

2.4 Results and Discussion
The estimated parameters characterizing the impact of conservation effectiveness (ex) are
shown for the three solver steps in Figure 2, and summary of the third set of distributions of
conservation effectiveness, as well as price elasticity (η) and natural entropic increase (N), is
provided in Table 3. The box-and-whisker plots show the sequential decrease in coefficients of
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variation of the parameter estimates. Unfortunately, due to few data points and the collinear
effects of the conservation programs, many of which were initiated at the same time, it is
difficult to discover unbiased and precise values summarizing the partial effectiveness of each
conservation program. However, the modeling was able to reveal significant differences among
packages of conservation programs. Average overall effectiveness was 2.73 gal/day/capita per
$Million spent. For example, Figure 9 shows the washing machine and on-demand hot water
programs were observed to be most effective, while the least effective program was the
showerhead replacement program. The large coefficients of variation of the smart water and ondemand hot water programs may be an artifact of the small amount of financial expenditures.
Some programs such as the turf rebate program had seen a substantial amount of funding, but
unfortunately, the modeling results indicate that the conservation effectiveness of the turf rebate
program was the third to-least effective.
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A)

Natural Entropy
Mean: 4.66
CV: 6.7%

Price Elasticity
Mean: 0.32
CV: 19.3%

Hot Water on Demand

Washing Machine

Water Smart Rebate

Refrigerated Air
Water Advert

Plumbing Assistance

Toilet Rebate

Turf Rebate
Showerhead

B)
Price Elasticity
Mean: 0.29
CV: 13.2%

Natural Entropy
Mean: 4.20
CV: 2.8%
Hot Water on Demand

Washing Machine

Water Smart Rebate
Refrigerated Air
Water Advert

Toilet Rebate
Plumbing Assistance

Turf Rebate

Showerhead

C)

Price Elasticity
Mean: 0.30
CV: 7.8%

Natural Entropy
Mean: 4.19
CV: 1.6%
Hot Water on Demand

Washing Machine

Water Smart Rebate
Refrigerated Air

Toilet Rebate
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Turf Rebate

Plumbing Assistance
Showerhead

Figure 9. Distributions of conservation program effectiveness values for (A) first, (B) second,
and (C) third sets of 500 solver runs.
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The Residential End Uses (REU) of Water report by the Water Research Foundation [45]
is one of the largest comprehensive studies of residential water demand available today. Two
study periods in 1999 and 2016 analyzed annual use of indoor residential water demand and
observed the average use (gallons per day) of different fixtures within the home. What was found
was that, across the board, water usage decreased for each of the study categories, except for the
bathtub which saw a moderate increase. The information that is most relevant to this study is that
the magnitude of change for the toilet, clothes washer, and shower is comparable to the relative
conservation effectiveness values modeled in our study. For example, per the REU report,
between 1999 and 2016, the relative reduction of water uses for showerheads, toilets, and clothes
washing machines was 8.7%, 26.7%, 42.2%, respectively. These relative reductions are
consistent with the relative cost-effectiveness values modeled in this study, respectively.
The price elasticity and natural entropic increase values were modeled well as indicated
by the low coefficients of variation seen in Table 5. Correspondence with El Paso Water in 2018
revealed that they had estimated the residential price elasticity for El Paso to be -0.25, which is
very similar to the results of this study.
Table 5. Statistical Summary of Third Set of 500 Solver Runs
Parameter

Description

95th

Mean

5th

SD

SD/Mean

ea

Water Conservation Advertisement

2.03

1.64

1.10

0.23

14.2%

eb

Washing Machine Rebate Program

6.35

6.02

5.62

0.18

3.1%

ec

Toilet Rebate Program

2.53

2.31

2.12

0.12

5.5%

ed

Refrigerated Air Rebate Program

3.94

3.35

3.05

0.25

7.6%

ee

Turf Rebate Program

1.41

1.25

1.02

0.09

7.5%

ef

Water Smart Rebate Program

5.63

3.70

2.67

0.69

18.8%

eg

Hot Water on Demand Program

6.90

5.61

4.73

0.56

10.0%

eh

Plumbing Assistance Program

0.63

0.38

0.20

0.14

36.6%

ei

Showerhead Program

0.36

0.26

0.19

0.06

23.1%

η

Price Elasticity

-0.35

-0.30

-0.26

0.02

7.8%

Natural Entropic Increase

4.30

4.19

4.04

0.06

1.6%

N

Units:

ex [gal/day/capita reduction per $Million spent]; η [relative change in unit consumption per
relative change in price]; N [gal/day/capita increase per year]
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Figure 10 displays the fit of modeled demand versus the observed data using the mean
values in Table 5, resulting in a R2 value of 0.93 and a MARE of 3.0%. The modeled annual
reductions in water consumption are shown in Figure 11 by water conservation program. It is
interesting to compare the relative magnitude of impact on conservation of price increases versus
conservation program expenditures. For example, in 2004, El Paso Water increased the relative
price of water by 9.9% which had the same relative impact as spending $2,000,000 on the turf
rebate program. While these are two different strategies and there are distinct benefits and limits
associated with each strategy, it does point out the relative strength of pricing effects for water
utilities.

Resdiential Unit Consumption
(gal/day/capita )

105
100
95
90
85
80
1998

1999

2000

2001

2002

2003

Predicted

2004

2005

2006

2007

2008

Observed

Figure 10. Comparison of modeled and observed annual residential unit consumption using
mean values from the third set of 500 solver runs.
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Total Effective Unit Consumption Reductions
(gal/day/capita )
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8
7

Washing
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6
Air
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4
3
2
1
0
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2000
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Water Conservation Advertisement
Refrigerated Air Rebate
Hot Water on Demand
Price Increase

2002

2003

2004

Washing Machine Rebate
Turf Rebate
Plumbing Assistance

2005

2006

2007

2008

Toilet Rebate Program
Water Smart Rebate
Showerhead Program

Figure 11. Modeled Annual Reduction of Unit Consumption by Program
To ensure consistency of modeling results, the same analysis was performed again but
instead of starting at 0, all initial values were seeded at 10. This was to determine whether the
product of the model is dependent on the starting conditions. Results of the seed 10 model are
shown in Appendix Table B2 and display similar results to the seed 0 run. Further validation of
random seeding is required to prove robustness and will be continued in future work.
There are some limitations of this modeling effort: the reductions in unit consumption
were modeled as linearly proportional to the expenditures, which when extrapolated, could lead
to modeling zero or negative water consumption, which is unrealistic. More likely, each program
is expected to behave with exponential decay on large enough spending scales where each
subsequent monetary investment in a conservation program would yield diminishing returns. The
implicit assumption in this modeling was that not enough spending has occurred in each
conservation program to observe significant diminishing returns. The reason why exponential
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functions were not modeled is because of the scale of spending and the relatively sparse number
of data points. If more data were available, a more sophisticated model could be constructed.

2.5 Conclusion
Using a regression model, this study quantified the effectiveness of El Paso Water’s
financial investments in water conservation programs, and the effectiveness values ranged from
0.26 to 6.02 gal/day/capita reduction per $Million spent with an average of 2.73 gal/day/capita
reduction per $Million spent. The order of effectiveness of conservation programs (from most
effective to least effective) was: (1) clothes washing machine rebate, (2) on-demand hot water,
(3) water-smart rebate, (4) rebates for conversion from evaporative cooling to refrigerated air, (5)
toilet rebate, (6) water conservation advertisement, (7) turf rebate, (8) plumbing assistance, and
(9) showerhead replacement. This knowledge allows for better decision making when
considering program options. One application of this information is in water resources planning
and management. El Paso Water has been proactive in their conservation investments, and with
the growing concern regarding water scarcity issues, more municipalities will begin to follow the
El Paso Water’s example.
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Chapter 3. Urban Water Demand: 35-Year Daily Forecast
Abstract
Forecasting water demand for municipalities is an essential element to support hard choices to
guide water utility’s expansions as well as for planning future water allocations. Forecast models
published in the peer-reviewed literature have shown a diverse range of demand predictors as
well as a considerable number of mathematical structures. What is often lacking in the municipal
water modeling sphere is long term demand projections on the daily time scale, partly because of
the difficulty of validating these models. This paper describes a method of using foundational
information to build a 35-year daily forecast model based on several fixed and scenario-based
variables that show sensitivity to climate-related changes for which the primary benefit is
accurately predicting peak daily demands to guide the need for water utility expansion and
planning. The process involves building on two foundational pieces of work that contributed to
modeling the behavioral characteristics of the study location that describe both short- and longterm variables associated with water consumption. The forecast also provides several scenariobased variables that can adapt to a wide range of possible future conditions. Results for the El
Paso, Texas Water Utility show that the contribution of several good predictors results in
increasing demand throughout the 35-year prediction resulting in a peak day demand of 228
Million Gallons, an increase of 40% from the peak day demand that occurred 10-years prior to
the forecast. The provided tools within the forecast allow water utility managers to have a better
plan for and adapt to a range of future demand scenarios, allowing for a more informed planning
decision to accommodate future expansions and water supply needs. Continued work of this type
of forecasting stands to provide managers and planners with opportunities for better-informed
roles in city water development planning.
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3.1

Introduction
Sustainability and resilience of regional water resources are essential, and long-term

planning is especially important for municipalities in arid and semi-arid climates. With
increasing population and water-intensive lifestyles, available natural resources may be
overallocated, and unsustainable demand may cause environmental impact and irreversible
damage to surface and groundwater systems. In light of long-term climate change effects, it is
urgent that we continue implementing adaptive water management strategies, especially in arid
regions. Planning new water management strategies can be assisted by a multitude of tools, and a
crucial component of future planning is forecasting. This article focuses on developing a daily
municipal water demand forecast with a prediction period of 35 years, incorporating economic,
cultural, political, climatic, and meteorological variables. The critical information that this model
produces in comparison with other methods is forecasted peak-day-of-the-year demand, which is
essential for planning water conservation strategies and augmentation or expansion of water
supplies. By careful planning and understanding of future water demand, water resources
managers can extend the expected lifespan of their water resources, or possibly restore and repair
impacted environments.
3.1.1 BACKGROUND
Urban water demand forecasting includes early models that relied on binary or ternary
factors for scenario planning [46] and more current models that use a wide range of methods
such as support vector machines, harmonic analysis [47], wavelet bootstrap machine learning
[48], artificial neural networks [4], and hybrid regression models [49]. Each type of model has
advantages and disadvantages and various levels of accuracy. Artificial neural networks can
produce excellent results but struggle in pinpointing causal relationships, harmonic analysis can
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sometimes skip over sharp changes related to daily water demand, and wavelet machine learning
has a difficulty picking up “noise” which is highly present in the data. There are three primary
time horizons for forecasting: short-term, referring to hours to days ahead; medium-term,
referring to weeks to months ahead; and long-term, referring to years to decades into the future.
There are also four typical incremental time-scale resolutions: daily, weekly, monthly, and
annual. Most long-term models usually incorporate annual or monthly resolution, although one
daily resolution model was used to forecast up to five years into the future [19].
A significant challenge for long term forecasts on a daily timescale is the number of
variables involved and how they change over time. Multiple meta-analyses of modeling variables
reveal a broad set of variables [32, 33] (e.g., house size, family income, average household
family size, etc.) that can influence water demand. Model variables should be selected carefully
to capture the effects of the main parameters of interest. The difficulty of dealing with variables
for a prediction model such as this present study is that there are many variables that work on the
daily time scale (e.g., day of the week watering schedules) while other variables exhibit effects
over a much longer time frame (e.g., marginal price changes and conservation program changes).
3.1.2 GOAL AND OBJECTIVES
The goal of this study was to develop a long-term (35-year) forecast with a daily
timescale that includes sociological, political, financial, climatic, and meteorological effects. To
achieve this goal, the primary objectives were to:
1. integrate separate meteorological and economic models (described in Chapters 1 and
2);
2. develop future scenarios of critical drivers (e.g., population growth, climate change,
economic growth, etc.); and
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3. analyze modeling results concerning decision support for regional water managers
regarding investments in conservation and water supply augmentation.

3.2 Methodology
3.2.1 STUDY AREA
El Paso, Texas is the chosen area of implementation for the model due to the available
data and recent progressive water conservation spending. El Paso is located on the western
border of Texas and borders the states of New Mexico, U.S.A. and Chihuahua, Mexico. Due to
El Paso’s international and interstate position, it must take special care of water use within the
city and abide by the agreements with its neighboring entities. El Paso is sustained by three
primary sources of water, a river that borders the city named the Rio Grande (Rio Bravo), and
two aquifers that lie on either side of the Franklin Mountain Range; the Mesilla Bolson (east) and
the Hueco Bolson (west). Based on temperature data for 1994 to 2015 [21], the surrounding area
is classified as a “BWh” dry arid desert according to the revised Köppen-Geiger [22] system.
The rainfall patterns can be best described as monsoon because on average, 51% of the
precipitation occurs in July, August, and September.
3.2.2 METEOROLOGICAL AND SEASONAL MODELING
The core of this forecast model comes from the model described in Chapter 1. This model
was created to simulate municipal water demand on a daily time scale given temperature,
precipitation, population, and per capita unit consumption. This model incorporated
meteorological, seasonal, and political factors that influenced water demand, and for a 5-year
period of model validation, the model demonstrated a Nash-Sutcliff Efficiency of 0.94 and a
Mean Absolute Relative Error (MARE) of 4.6% throughout the 5-year validation. This
meteorological model faces limitations because it does not incorporate variables that affect
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medium- and long-term time scales such as price elasticity effect or conservation program
spending.
3.2.3 ECONOMIC MODELING
To extend the applicability of the core section of the model, the economic modeling
described in Chapter 2 was incorporated. The economic modeling captured the effects of water
conservation spending and price elasticity on residential unit consumption. The results of this
model were able to predict unit consumption with an R2 of 0.93 and a MARE of 3.0%, given the
inputs of water conservation expenditures, price rate changes, disposable income, consumer price
index (CPI), and the ratio of Single Unit Housing (SUH) to Multi-Family Housing (MFH). By
including the economic modeling with the meteorological basis, the integrated model can be
applied to the long-term scale.
3.2.4 MODEL CONSTITUTIVE EQUATIONS AND VARIABLES
Equation 7:

Q(m,d,c) = W1(U P fT fP CM(m) CDotW(m,d) CH(c)) + W2 (𝑄̅ (c-3))

Where:
•

Q(m,d,c): Predicted demand (Gallons)

•

W1/ W2: Weighting factor (Dimensionless)

•

U: Per capita unit consumption (Gallons/Day/Capita)

•

P: Population (Capita)

•

fT: Temperature factor (Dimensionless)

•

fP: Precipitation factor (Dimensionless)

•

CM(m): Monthly constant (Dimensionless)

•

CDotW(m,d): Weekly constant (Dimensionless)

•

CH(c): Holiday constant (Dimensionless)

•

𝑄̅ -3: Average predicted demand for the past three days (Gallons)
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There are two types of model parameters: fixed site-specific and adjustable scenario
based. Fixed model parameters are artifacts of model calibration and are assumed to be sitespecific and constant. Adjustable model variables allow users to test the sensitivity of different
future scenarios. All adjustable variables are shown in Table 6 with the modeled values, the
recommended range, and the study from which the values were referenced.
Table 6. Modeled Scenario-Based Variables
Modeled
Value

Variable

Recommended
range

Referenced Study

Annual change in CPI (cost of living):

2.2%

-5% - 10%

[42]

Average annual household income change:

[20]

3.4%

-5% - 10%

Effectiveness of water conservation (gal/day/capita /$million):

2.7

0-5

Chapter 2

Financial expenditures per year (millions of dollars):

$1

0-4

Chapter 2

Income elasticity:

15%

0% - 40%

[40], [44]

Natural entropic increase (gal/day/capita /year):

4.2

0–7

Chapter 2

Price elasticity (-):

30%

0.0% - 50%

Regional annual precipitation change: (inches/year):

-0.067

-0.2 - 0.2

[51], Chapter 1

[33], [50], Chapter 2

Regional annual temperature change: (°F/year):

0.075

-0.1 - 0.3

[51], Chapter 1

Relative marginal price of water increase:

4.8%

-5% - 7%

[52], [53], [54], Chapter 2

Yearly population Increase:

1.8%

-1% - 4%

[24]

The unit consumption rate represents an annual average of how many gallons per day
each person in the study location is expected to use. Each calculation of the unit consumption is
based on the previous prediction of unit consumption, and all variables in Equation 8 are
adjustable. The first U0 is the last known unit consumption of the study area. The natural entropic
increase in unit consumption, N, is the increase in unit consumption if all water conservation
efforts from water utilities were discontinued. The variables E and e are related to the annual
rate of expenditures on water conservation programs and how much that expenditure is expected
to reduce unit consumption. Price elasticity and marginal price rate denoted by ηp and P represent
the effects of changing costs of water on water demand. The variables I and CPI represent the
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gain or loss of disposable income and disposable income elasticity, ηI, describes how that change
will affect demand on water.

Equation 8:

U t = (U t −1 +

 P t ( I − CPI ) I t
N −Ee
) (1− P % ) (
)
365
365
365

Where:
•

Ut: Predicted unit consumption for time period t (Gallons/Day/Capita)

•

Ut-1: Predicted unit consumption for time period t-1 (Gallons/Day/Capita)

•

N: Natural entropic annual increase in unit consumption (Gallons/Day/Capita increase per year)

•

e: Effectiveness in unit-consumption reduction for conservation programs (Gallons/Day/Capita
per dollar spent)

•

E: Monetary expenditure in water conservation programs ($)

•

ηp: Price elasticity of water (Dimensionless)

•

t: Time counter since the start of forecast (Dimensionless)

•

P: Change of marginal price of water (Dimensionless)

•

I: Change of average income (Dimensionless)

•

CPI: Change of consumer price index (Dimensionless)

•

ηI: Disposable income elasticity of water (Dimensionless)

3.2.5 FORECAST INPUTS
For forecasting, three additional inputs are needed: daily temperature, precipitation, and
population. These inputs have adjustable variables associated with various scenarios over the
next 35 years. For temperature, historical data were repeated over the next 35 years, and a linear
scalar temperature change was applied to increase (or decrease the predicted temperature).
Historical precipitation data were also used and repeated over the next 35 years, but instead of a
linear scaling function to create increasing or decreasing precipitation, a random storm selector
function was developed. For increasing precipitation, the model would create one, two, or three
new storms on a random day of the year and apply the expected increase of precipitation among
those storms. If these storms occurred on days that already had precipitation, then they increased
48

the precipitation for that day. For decreasing precipitation, the model would randomly remove
historic storm events until the expected precipitation reduction was achieved. For population, a
linear growth projection was used as shown in Equation 9.
Equation 9:

𝐴𝐶𝑃

Pt = Pt-1 (1+ 365 )

Where:
•

Pt: Predicted population for time step t (Capita)

•

Pt-1: Predicted unit consumption for previous time step (Capita)

•

ACP: Annual relative change in population (Dimensionless)

3.3 Results and Discussion
Using the model values listed in Table 6, water demand was forecasted to 2050, and
historical and forecasted data are shown in Figure 12. For the modeled scenario unit
consumption is expected to decrease by 29% to 105 gal/day/cap in 2050 with a population of
998,600 people. In the same period, the average water utility bill is expected to increase from the
current $60.67 [54] to $101.93 with a change in average water rate from $3.30/kGal [53] to
$5.39/kGal (not adjusted for inflation). This forecasted price of water for El Paso in 2050 is not
unreasonable considering that it is less than the price of water in some cities in 2017 [53]. For
municipal design criteria, the maximum peak-day demand during the forecasted period was
228.4 million gallons per day (MGD) on June 6, 2044.
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Figure 12. Forecasted daily water demand and annual average unit production.
Table 7 shows the effects of scenario planning for the El Paso forecast given the sitespecific variables and modeled scenario-based variables from Table 6, as well as selected high
and low adjustments to those variables. The static forecast section is a hypothetical projection as
though all variables were kept as the status quo (0 for all scenario-based variables) to ensure the
working condition of the forecast.
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Table 7. Forecast Sensitivity to Selected High (H), Medium (M), and Low (L) Values of
Adjustable Variables

Parameter

Modeled Value

Peak Day Demand
in 2050 (MGD)

Unit Consumption
in 2050
(gal/day/capita)

Max Peak Day
Demand (MGD)

Water Price Change (H)

5.6%/yr

181.0

89.8

201.9

Water Price Change (M)

4.8%/yr

216.6

107.9

228.4

Water Price Change (L)

4.0%/yr

252.2

125.1

254.9

Conservation Spending in Millions(H)

$1.3/yr

186.5

92.5

200.9

Conservation Spending in Millions (M)

$1.0/yr

216.6

107.9

228.4

Conservation Spending in Millions (L)

$0.7/yr

246.8

122.3

255.9

Household Income Change (H)

5.4%/yr

232.1

114.9

242.0

Household Income Change (M)

3.4%/yr

216.6

107.9

228.4

Household Income Change (L)

1.4%/yr

200.8

99.4

214.5

Population Change (H)

2.0%/yr

239.8

107.9

248.4

Population Change (M)

1.7%/yr

216.6

107.9

228.4

Population Change (L)

1.4%/yr

195.6

107.9

209.9

Temperature Change in °F (H)

0.12/yr

220.5

109.3

231.5

Temperature Change in °F (M)

0.08/yr

216.6

107.9

228.4

Temperature Change in °F (L)

0.04/yr

212.6

106.2

225.0

Precipitation Change in Inches(H)

-0.14/yr

216.6

108.2

228.4

Precipitation Change in Inches (M)

-0.07/yr

216.6

107.9

228.4

Precipitation Change in Inches (L)

0/yr

216.6

107.6

228.4

-

164.29

146.68

174.09

Static Forecast

One of the key parameters of water conservation is shown in the effects of changing the
price of water, as shown in Table 7. A 4.8% increase in the price of water per year is moderate
when compared with the escalation rate of other cities [53], and the forecasted cost of water in El
Paso in 2050 is even less than the price of water in some cities in 2017 [53]. If the annual price
change was increased by 16% (i.e., from 4.8%/yr to 5.6%/yr), then the unit consumption in 2050
is forecasted to decrease by 12%.
Alternatively, expenditures for water conservation programs can be forecasted at
approximately $1 million per year. Changes in conservation effects have a smaller sensitivity
within the forecast with a 30% relative change in spending only resulting in a 14% change in
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terminal unit consumption (in 2050). While the effects of water conservation programs may not
be as potent as price control strategies, they are both important in managing future water
demands.
The effects of household income are smaller compared to the previously discussed
variables but still play a role when forecasting demand. An increase in household income by
2%/yr (absolute) could result in an increase of 7 gal/day/capita over 35 years. While changes in
population are not expected to affect unit consumption, the effect on peak-day demand is more
substantial than any other variable.
Climate models predict varying changes in both the rate and pattern of future climate
events; this is compounded with the fact that many of these models are dependent on human
action and decisions over the next couple of years. Within the NCA report used for the selection
of climate events for this model a low, medium, and a high estimate are given based on human
behavior and model uncertainty and the high estimate, 0.12°F/year is three times greater than the
low, 0.04°F/year. The NCA data can also be contrasted with the 28 years of observed NOAA
data in chapter 1 that shows a trend of 0.14°F/year. By changing the forecast variable to the
higher end observed NOAA data, which is an increase of 50%, the terminal gal/day/capita only
sees an increase of 1.2% to 109.3 gal/day/capita. While the relative effects of temperature at the
daily timescale can have a significant impact on the day to day predictions, changes in the
expected rate of climate change for the region have a much smaller effect. Precipitation effects
have a stronger sensitivity with the model when predicting less rain than with more, and this is
primarily due to the precipitation curve’s produced in chapter 1. Overall, El Paso has a low
sensitivity for precipitation, but this may not be true for all locations of study. While within the
sphere of reasonable prediction these variables are much less impactful to the terminal
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gal/day/capita they are still important factors that should be included in models, especially if
planning to forecast further than 35 years.

3.4 Conclusion
Demand forecasting is a valuable resource to municipal water managers as it provides
them with an idea of future needs. Both the timescale of the prediction period and the resolution
of those predictions impact planning decisions. By combining effects that occur on the daily and
monthly timescales with long term effects that occur on the annual timescale, forecasting on the
daily time scale with large prediction periods is possible. By integrating Chapter 1 and Chapter 2
models, this forecast method has produced results that appear to be reasonable and useful for
planning potential future water demands. This model allows regional water planners to consider
tradeoffs among rate increases, conservation spending, and water supply augmentation
concerning peak-day demand capacity and desired unit consumption.
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Figure A1: Day of the Week parameter (CDotW) Values
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Table A1: Descriptive Statistics of Demand, Temperature, and Precipitation 1994-2015

Mean
Standard Error
Median
Mode
Standard Deviation
Sample Variance
Kurtosis
Skewness
Range
Minimum
Maximum
Sum
Count (n)
5th Percentile
25th Percentile
50th Percentile
75th Percentile
95th Percentile

Daily Water
Demand (MGD)
103.9
0.31
100.0
85.8
28.3
805.7
-0.84
0.45
134.5
54.5
189.1
834883.4
8035
67.9
78.1
100.0
126.6
153.0
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Average
Temperature (°F)
66.1
0.17
67.9
77.8
15.4
238.2
-1.0
-0.26
90.9
8.3
99.2
531420.9
8035
40.5
53.3
67.9
79.6
87.8

Precipitation
(inches)
0.023
0.0013
0.0
0.0
0.11
0.01
119.8
9.2
2.6
0.0
2.6
188.0
8035
0
0
0
0
0.12

Table A2: Performance Parameter Equations
Performance Parameter

Equation

Upper Limit Error (Over Predicted):

Max |KJ ( Pi − Oi )

Lower Limit Error (Under Predicted):

Min |KJ ( Pi − Oi )
1 n Pi − Oi

n 1 Oi

Mean Relative Error (MRE):

1 K Pi − Oi
| O |
n J
i
P − OT max
Max |KJ | T max
|
OT max

Mean Absolute Relative Error (MARE):
Max Absolute Peak Day Relative Error:

1 K PT max − OT max
|
| O
n J
T max

Mean Absolute Peak Day Relative Error:

 |KJ ( Pi − Oi )
P −O
 |KJ ( i i )
Oi

Standard Error of Estimate (SEE) in Millions of Gallons:
Relative Standard Error of Estimate (SE):

K

1−

Nash-Sutcliffe efficiency (NSE):

 (P − O )
i

2

i

J
K

 (O − O )
i

i

2

J

1 K Pi − P i ) (Oi − O i )
 [(  )(  )]
n −1 J
P
O

Correlation Coefficient (R):
Coefficient of Determination: (R2)

(

1 K Pi − P i ) (Oi − O i ) 2
 [(  )(  )])
n −1 J
P
O

1 K Pi − Oi 2
( (
) )
n J
Oi

Mean Relative Squared Error (MRSE):
Root Mean Square Error (RMSE) in Millions of Gallons:

(

Relative Root Mean Square Error (RRMSE):

(

1 K
 ( Pi − Oi )2 )
n J

1 K Pi − Oi 2
( O ) )
n J
i

P + Z P

Percentiles:
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Table A3: Statistics of Residual Error 2011-2015
Statistic
Mean (MG)
Standard Error (MG)
Median (MG)
Standard Deviation
Sample Variance
Excess Kurtosis
Skewness
Range (MG)
Minimum (MG)
Maximum (MG)
Sum (MG)
Count (n)
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Value
0.45
0.14
0.16
5.89
34.71
0.94
0.12
52.79
-29.34
23.44
817.44
1826
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Figure A2: A) Frequency Histogram of Residual Error B) Distribution of Residual Errors
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Appendix B

Table B1: First, Second, and Third Iterations Statistical Results Seeded at 0

RUN 1

Average Reduction Factor

SD

95th

5th

SD/Mean

Water Conservation Advertisement (a)

2.471

0.773

3.611

1.021

31.3%

Washing Machine Rebate Program (b)

5.452

0.811

6.977

4.033

14.9%

Toilet Rebate Program (c)

2.699

0.578

3.879

1.889

21.4%

Refrigerated Air Rebate Program (d)

3.139

0.864

4.508

1.732

27.5%

Turf Rebate Program (e)

1.412

0.296

1.990

0.943

21.0%

Water Smart Rebate Program (f)

3.474

0.905

5.070

1.645

26.1%

Hot Water on Demand Program (g)

4.481

1.089

7.000

2.798

24.3%

Plumbing Assistance Program (h)

1.910

1.321

4.083

0.200

69.2%

Showerhead Program (i)

0.305

0.218

0.610

0.200

71.7%

% Price Increase

0.328

0.063

0.438

0.226

19.3%

Natural Rise

4.660

0.312

5.208

4.164

6.7%

Average R2

0.923

0.003

0.927

0.915

0.4%

Average MARE (%)

0.033

0.002

0.036

0.031

4.9%

Average RMSE (gal/day/capita)

30.507

1.400

33.167

28.773

4.6%

Average Reduction Factor

SD

95th

5th

SD/Mean

Water Conservation Advertisement (a)

1.893

0.341

2.417

1.317

18.0%

Washing Machine Rebate Program (b)

5.936

0.328

6.612

5.361

5.5%

Toilet Rebate Program (c)

2.360

0.222

2.739

1.940

9.4%

Refrigerated Air Rebate Program (d)

3.295

0.407

4.097

2.680

12.3%

Turf Rebate Program (e)

1.304

0.164

1.522

0.952

12.6%

Water Smart Rebate Program (f)

3.525

0.770

5.071

2.110

21.8%

Hot Water on Demand Program (g)

5.197

0.921

7.000

3.754

17.7%

Plumbing Assistance Program (h)

0.546

0.428

1.516

0.200

78.4%

Showerhead Program (i)

0.322

0.091

0.494

0.200

28.2%

% Price Increase

0.292

0.039

0.381

0.239

13.2%

Natural Rise

4.276

0.119

4.475

4.071

2.8%

Average R2

0.928

0.001

0.930

0.926

0.1%

Average MARE (%)

0.031

0.000

0.032

0.030

1.4%

Average RMSE (gal/day/capita)

28.139

0.378

28.946

27.573

1.3%

Average Reduction Factor

SD

95th

5th

SD/Mean

Water Conservation Advertisement (a)

1.649

0.234

2.032

1.109

14.2%

Washing Machine Rebate Program (b)

6.021

0.189

6.354

5.627

3.1%

Toilet Rebate Program (c)

2.317

0.128

2.534

2.124

5.5%

RUN 2

RUN 3
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Refrigerated Air Rebate Program (d)

3.357

0.257

3.947

3.051

7.6%

Turf Rebate Program (e)

1.255

0.094

1.414

1.023

7.5%

Water Smart Rebate Program (f)

3.701

0.697

5.633

2.678

18.8%

Hot Water on Demand Program (g)

5.616

0.564

6.906

4.737

10.0%

Plumbing Assistance Program (h)

0.388

0.142

0.633

0.200

36.6%

Showerhead Program (i)

0.260

0.060

0.365

0.200

23.1%

% Price Increase

0.302

0.024

0.350

0.265

7.8%

Natural Rise

4.191

0.069

4.306

4.048

1.6%

R2

0.929

0.000

0.930

0.929

0.0%

Average MARE (%)

0.030

0.000

0.030

0.030

0.5%

Average RMSE (gal/day/capita)

27.687

0.111

27.873

27.486

0.4%

Average

Table B2: First, Second, and Third Iterations Statistical Results Seeded at 10

RUN 1

Average Reduction Factor

SD

95th

5th

SD/Mean

Water Conservation Advertisement (a)

2.561

0.860

3.965

0.982

0.336

Washing Machine Rebate Program (b)

4.663

0.772

6.143

3.232

0.166

Toilet Rebate Program (c)

2.587

0.509

3.497

1.799

0.197

Refrigerated Air Rebate Program (d)

3.182

1.226

5.428

1.019

0.385

Turf Rebate Program (e)

1.798

0.498

2.497

0.685

0.277

Water Smart Rebate Program (f)

3.671

1.301

5.742

1.238

0.354

Hot Water on Demand Program (g)

3.797

1.147

5.721

1.863

0.302

Plumbing Assistance Program (h)

2.771

1.262

4.842

0.401

0.455

Showerhead Program (i)

0.637

0.765

2.375

0.000

1.201

% Price Increase

0.209

0.107

0.436

0.053

0.510

Natural Rise

4.609

0.322

5.183

4.096

0.070

Average R2

0.919

0.005

0.928

0.909

0.006

Average MARE (%)

0.037

0.002

0.042

0.032

0.068

Average RMSE (gal/day/capita)

33.347

2.148

37.730

29.613

0.064

Average Reduction Factor

SD

95th

5th

SD/Mean

Water Conservation Advertisement (a)

1.847

0.443

2.537

1.085

0.240

Washing Machine Rebate Program (b)

5.469

0.388

6.170

4.736

0.071

Toilet Rebate Program (c)

2.294

0.310

2.734

1.677

0.135

Refrigerated Air Rebate Program (d)

3.248

0.646

4.350

2.069

0.199

Turf Rebate Program (e)

1.335

0.257

1.759

0.870

0.192

Water Smart Rebate Program (f)

3.706

0.867

5.222

2.250

0.234

Hot Water on Demand Program (g)

4.020

1.124

6.906

2.368

0.280

Plumbing Assistance Program (h)

1.051

0.901

2.599

0.000

0.858

Showerhead Program (i)

0.136

0.152

0.572

0.000

1.116

RUN 2
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% Price Increase

0.318

0.056

0.403

0.216

0.176

Natural Rise

4.237

0.156

4.522

3.984

0.037

R2

0.930

0.002

0.933

0.927

0.002

Average MARE (%)

0.031

0.001

0.032

0.030

0.024

Average RMSE (gal/day/capita)

28.586

0.660

29.717

27.594

0.023

Average Reduction Factor

SD

95th

5th

SD/Mean

Water Conservation Advertisement (a)

1.537

0.358

2.105

0.872

0.233

Washing Machine Rebate Program (b)

5.679

0.271

6.217

5.287

0.048

Toilet Rebate Program (c)

2.269

0.207

2.682

1.936

0.091

Refrigerated Air Rebate Program (d)

3.405

0.434

4.091

2.823

0.127

Turf Rebate Program (e)

1.246

0.140

1.491

0.926

0.112

Water Smart Rebate Program (f)

3.743

0.672

4.917

2.848

0.180

Hot Water on Demand Program (g)

4.960

0.562

6.043

3.877

0.138

Plumbing Assistance Program (h)

0.711

0.322

1.180

0.006

0.453

Showerhead Program (i)

0.117

0.080

0.265

0.005

0.679

% Price Increase

0.323

0.035

0.383

0.270

0.109

Natural Rise

Average

RUN 3

4.129

0.099

4.300

3.941

0.024

R2

0.931

0.001

0.933

0.930

0.001

Average MARE (%)

0.030

0.000

0.031

0.030

0.009

Average RMSE (gal/day/capita)

27.961

0.247

28.283

27.384

0.009

Average
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