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Water Resources Planning Under Climate Change and Variability 
 
 

by 
 
 

Jeffrey Keith O’Hara 
 
 

Doctor of Philosophy in Economics 
 
 

University of California, San Diego, 2007 
 
 

Professor Theodore Groves, Chair 
 

Professor Konstantine Georgakakos, Co-Chair 
 
 

 Hydroclimatic research has found that existing reservoir storage could be rendered 

ineffective at maintaining water reliability under anticipated climate change scenarios.  

However, little research has evaluated expanding reservoir storage as a means of adaptation 

to climate change.  In my first thesis chapter, I develop a reservoir model of urban water 

supply for the city of San Diego, California to assess the ability of existing storage and 

storage capacity expansions to meet urban water demand under present and projected future 

climatic scenarios.  Climate variability is explicitly treated through probabilistic 

formulations.  I find that the climate change scenarios will be more costly to the city than 

scenarios using historical hydrologic parameters.  The magnitude of the costs and the specific 

optimal adaptive policy are sensitive to projected population growth and the degree to which 

the model can accurately predict spills.   



 

 

 

xxi

   My second thesis chapter explores how adjustment costs vary as a function of the 

adaptation strategy that the agent chooses.  Adjustment costs can occur from imperfect 

knowledge about the future climate and the time it takes to adjust the capital stock once 

learning has occurred.  Few climate change adaptation studies have evaluated the trade-off 

between scale and flexibility when considering precautionary investments in the presence 

of incomplete information.  I find that for urban water in San Diego, changing the timing 

and/or magnitude of additional reservoir storage investments can mitigate, but not eliminate, 

water shortages attributable to climate change and that the investment strategy of expanding 

capacity incrementally lowers adjustment costs relative to adding larger increments of 

storage less frequently. 

My third thesis chapter solves for the optimal level of reservoir storage, conservation 

investment, and price of water as a function of the costs of providing water and social gains 

from obtaining water.  The peak-load public utility pricing literature does not accurately 

characterize water reliability because it does not consider the case when supply and 

demand are both stochastic and correlated.  I find that reliability is higher if the central 

planner requires additional water conservation; reliability is lower if price is constrained 

below the optimal level; and that reliability is higher under inefficient rationing. 
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1 Quantifying the Urban Water Supply Impacts of Climate Change 

1.1  Introduction 

1.1.1 Background 

Climate change is anticipated to cause negative and adverse impacts on water 

systems throughout the world.  Higher temperatures are expected to lead to a host of 

problems.  These include melting snowpack, which will alter runoff patterns; increasing 

evaporation; altering both the intensity and frequency of precipitation; increasing salinity 

levels in freshwater deltas close to sea level; and increasing demands for urban water, 

hydropower, and irrigation.  Water managers must adapt to the changing climate in order 

to avoid expensive water shortages.  The objective of this study is to formulate a 

methodology that may be used to examine the economic implications of a changing 

climate for an individual storage reservoir or a system of such reservoirs and to consider 

the effectiveness of expanding reservoir storage as a means of adaptation.  An important 

aspect of this work is the explicit treatment of uncertainty throughout the system 

components. Despite a recognition and awareness of the impending problems climate 

change poses to water systems, little research has studied the economic costs and benefits 

of expanding existing water storage facilities to adapt to future climate change.   

Urban water managers can influence both the demand and supply of water when 

considering adaptation to climate change.  We are examining expanding reservoir storage 

as a means of adaptation because existing reservoirs are constructed based on historical 

runoff and demand distributions and may be ineffective at preventing water shortages if 

the amplitudes of supply and demand change over time under climate change scenarios.  
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Urban water reservoir storage has economic value since it allows agents to transfer water 

both within and between years from periods when supply is high to periods when 

demands are high.  The effectiveness of expanding reservoir storage as a means of 

adaptation will be a function of the existing reservoir storage, the climate change impacts 

on the basin specific hydrologic variables, and reservoir operating rules.   

To exemplify our methodology, we choose to study a single municipal water 

district so that we can design a reservoir model that can analyze adaptation conceptually 

and accurately.   The urban water reservoir system of San Diego, California is suitable to 

serve as an example because it is in a large urban water district and because it relies more 

extensively on its reservoir system than other similarly sized water districts.  Desirable 

features of the model we design and implement are: it can accommodate different climate 

scenarios; it is simulation based with explicit account for hydrologic and other system 

uncertainties; and it can be used with a set of inputs not limited to the sequence of 

historical inflows.    

Following a short literature review of past studies relevant to this work, we 

discuss our methodology in Section 1.2 through the presentation of the water balance 

formulation and parameterizations.  The models for uncertainty characterization as well 

as the climate model information used in this work are also presented in that section.  

Section 1.3 formulates the adaptation strategy as a reservoir capacity expansion program.  

The results of our simulations and sensitivity study are discussed in Section 1.4, with 

conclusions and recommendations for future research constituting Section 1.5.   

1.1.2 Literature Review 
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Most recently, Barnett et al. (2005) show that climate change could impose large 

changes in water supply and demand throughout the world.  This concern has led to 

studies throughout the world, including China (Xu et al. 2004), Canada (Simonovic and 

Li, 2004), Japan (Islam et al. 2005), Korea (Georgakakos et al. 2005) and New Zealand 

(Ruth et al. 2006).  Specifically, these problems are expected to be significant in the 

western United States (Barnett et al. 2004; Dracup et al. 2005; Hayhoe et al. 2004; 

Vicuna et al. 2006).  Dracup et al. (2005) contains a discussion of the drawbacks of some 

of the larger models built for California.   

Adaptive strategies in the western United States have thus far focused on reservoir 

management (Carpenter and Georgakakos 2001; Yao and Georgakakos 2001; 

Vanrheenen et al. 2004).  To the best of our knowledge, other forms of adaptation to 

potential climatic change under increasing populations have not received significant 

attention.  Our study extends this research by focusing on the effectiveness of reservoir 

storage capacity expansion as a means of adaptation to climatic change.  Similar to our 

study, Ruth et al. (2006) examine adaptive responses to climate change for a single water 

district, although they do not incorporate economic criteria when contemplating 

adaptation.         

Fisher and Rubio (1997) derive a theoretical model that shows how the variability 

in precipitation relates to the long run equilibrium level of reservoir storage.  Research by 

economists on urban water reliability has measured consumers’ willingness to pay for 

water reliability (Carson 1991; Barakat and Chamberlain 1994; Howe et al. 1994; and 

Griffin and Mjelde 2000).  See Carson (2000) for an overview of issues relating to 

contingent valuation studies.   
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1.2 Water Balance Model and Climate Information 

1.2.1 The Water Balance Model 

We modify the abcd  model presented in Rogers and Fiering (1990) for 

application to San Diego’s reservoir system.  The formulated model is a series of 

equations that simulate the conservation of water volume for a regulated watershed on a 

monthly time scale.  A significant modification to the abcd  model that is necessary for 

our methodology is the inclusion of imports into the system of water balance equations.  

With this modification the model represents a generally applicable tool for the purposes 

of climate change adaptation studies in urban environments in semi-arid or arid regions.   

The city of San Diego, like many other cities in semi-arid regions, relies upon 

local runoff to meet 10-20% of its water demand and imports the residual demand.  It 

operates nine reservoirs with a total capacity of 512 million cubic meters.  The sole 

objective of the reservoirs is for urban water deliveries.  We assume that the reservoirs 

are perfectly connected in the model, although at times this assumption may not be true in 

practice due to pipeline constraints.  Also, and for this case study, the abcd model 

component that simulates groundwater withdrawals is not used as no such withdrawals 

exist.   

Figure 1.1 provides a schematic overview of the components of the water balance 

model as applied to the case study and their interconnections.  Precipitation and 

temperature constitute the climatic forcing of the water balance model.  Precipitation 

estimates serve as input to the local runoff model component of the water balance model, 

for the estimation of expected imports, and for the estimation of expected urban water 

consumption targets.  Temperature estimates are used for the determination of water 
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consumption and reservoir evaporation.  Urban population estimates are also used for the 

estimation of expected imports and water consumption.  Water in reservoir storage is 

replenished by local runoff and imports.  It is depleted by evaporation from the water 

surface in the reservoirs, releases to meet expected water consumption and any losses due 

to enforced spillage to avoid overtopping.   

The model mathematical formulation is shown next in discrete form for a typical 

month t.  To keep variable symbols to a minimum, the equations are generalized to show 

dependence on the kth ensemble member of the uncertain weather variables (as discussed 

in Section 1.2.1.2):   

 , ,min{ , }k t i i k tQ d K d vα=        (1) 

 , 1 ,min{(1 ) , (1 ) }k t i i k tV d K d vα+ = − −       (2) 

where 

 , , , , ,(1 )k t k t k t j k t k tv V I b P E= + + − −       (3) 

In these equations, t  is the time index for a monthly time interval of computations, k  is 

the ensemble-member index, j  is a season index to indicate parameter dependence on 

season, and i  is a monthly index to indicate parameter dependence on a particular month. 

Q, P, I,  and E denote monthly volumetric flow quantities: reservoir release, basin 

precipitation, water imports, and total reservoir water surface evaporation. Vk,t denotes the 

water volume in reservoir system storage at the beginning of month t and for ensemble 

member k.  The symbol vk,t represents the stock of water at the end of month t and for 

ensemble member k.   
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Every month, the city releases a certain fraction d of the water in storage.  The 

water that is not released becomes storage for the following period.  A capacity constraint 

exists so that the amount of water in the reservoir does not exceed the amount of water 

that the system is capable of holding.  If the water stock exceeds this amount at the end of 

month t then the excess water is lost through spillage, enforced to avoid overtopping and 

structural damage.  In this monthly formulation, the spillage capacity is taken to be a 

function of the actual reservoir capacity (denoted by K in the previous equations) times a 

multiplier α (<1).  A multiplier of less than one is used because daily or hourly 

accounting is not possible with the existing data, and this information is necessary to 

approximate the precise conditions at which a spill occurs.   

Assuming that monthly precipitation is distributed uniformly over the natural 

drainage basin of the city reservoir system and that runoff is a linear function of 

precipitation for monthly aggregate quantities, for each realization of precipitation we 

use: 

 , ,(1 )k t j k tR b P≡ −         (4) 

This expression is implicit in Equation (3), where bj is a parameter depending on season j.  

This implies that only a fraction of precipitation enters the reservoir each period, and that 

the rest is lost to evapotranspiration or percolation to deep groundwater storage in the 

upstream drainage basin. The parameters di, bj and α are calibrated to fit historical data.  

1.2.1.1 Hydrologic Model Parameter Estimation 

Parameter b depends on the season with two parameter values defined: one for the 

winter months, which we define as November through March; and the other for the 

summer months, defined as April through October.  We find these parameters by 
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comparing actual precipitation with actual runoff data.  We employ a random sampling 

method for parameter estimation.  We impose a uniform probability distribution U(0,1) 

upon the possible range of values for b.  Using a random number generator, we choose 

the pair of b values that lead to the smallest mean square error when compared to the 

runoff data.   

The release parameter d takes an average value of 0.025 when the available 

reservoir rule curves are used.  We make monthly adjustments to the value of d because 

releases have occurred at different levels in different months.  We find the release 

fraction for a given month of the year by multiplying d by the ratio of the release for that 

month to the average release for all months of the year.   

Spills occur as a result of reservoir inflow while reservoir content is at capacity.  

We define the parameter α as the highest percentage of capacity that the system can hold 

without spills occurring. For model simulations, αK denotes the capacity constraint for 

which spills occur.  In the absence of hourly or even daily data, a reasonable approach to 

estimate a value for α from the historical record is to use:   

 ∑ ∑= =++= N NT

t

T

t ttt KVV
1 11 /)(5.0α                  (5) 

where t  denotes a month for which historical spills occurred, and TN is the total number 

of months with spills.  Application of (5) with the historical data (1948-2003) gives an 

estimate of 0.807 for α.  This estimate tends to underestimate the total spill volume over 

the historical record.  For this reason, we obtain a second estimate for the value of α that 

preserves the historically observed total spill volume and use this new estimate in the 

sensitivity analysis with respect to spills (presented in the Results section). This new 
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estimate of α (denoted by α’) is equal to 0.4 and it yields a higher spill volume in 

accordance with the historical record. 

1.2.1.2 Precipitation 

Precipitation is an important source of uncertainty for urban water supply 

systems.  Spatial and temporal interpolation uncertainty as well as predicted precipitation 

uncertainty dominates the weather uncertainty for the region of application.  We 

incorporate uncertainty in monthly precipitation over the entire catchment of the urban 

water supply system of reservoirs through the development of monthly precipitation 

distributions.  We create these distributions by pooling all available historical 

precipitation data from all the reservoir drainage areas by month and fitting a frequency 

distribution to the sample.  We assume that precipitation patterns are identical at all of the 

reservoir drainage basins and that monthly precipitation distributions are not changing 

over the historical time period.  On the basis of preliminary analysis for the case study, 

we further assume that non-zero precipitation in one month is independent of non-zero 

precipitation in adjacent months.   

We fit the distributions to the sample of non-zero precipitation.  However, 

summer months have a high proportion of months with no precipitation.  The simulations 

incorporate the chance of a dry month as follows.  A random sample ktu ,  is drawn from a 

uniform distribution U(0,1) for each month.  If the sample is less than the estimated 

fraction of zero precipitation observations for the given month, we assign zero 

precipitation for that month.  If not, we obtain precipitation for that month by randomly 

sampling from the best-fit monthly distribution for non-zero precipitation amounts.   
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Persistence exists for summer and fall months for zero precipitation amounts.  We 

assume that zero precipitation in these months follows a Markov lag-1 process.  We 

create different probability distributions for the probability of zero precipitation 

occurrences so that the probability of zero precipitation in a given month is conditioned 

on whether or not zero precipitation occurred in the previous month.  We present the 

sample frequencies of the unconditional and conditional distributions for the case study in 

Table 1.1.       

Table 1.2 shows the historical precipitation statistics and results from the 

Kolmogorov-Smirnoff (KS) test of fitting distributions to monthly non-zero precipitation 

data.  The values of the parameters chosen are the maximum likelihood estimates from 

the historical monthly data.  We use two-parameter gamma distributions for October 

through April and two-parameter lognormal distributions for May through September. 

September is shown to be significantly different from a lognormal distribution in Table 

1.2.  It was also tested against exponential and gamma distributions and was found 

significantly different from those as well.  The lognormal distribution had the highest KS 

p-value and was adopted for that month.  In Table 1.2, p denotes the shape of the gamma 

and the mean of the lognormal distributions, while q denotes the scale of the gamma and 

the variance of the lognormal distributions. 

1.2.1.3 Imports 

To proceed with the analysis of the urban water system under potential climatic 

change it is necessary to develop models to estimate imports.  Future imports into the city 

are uncertain because of their dependence on precipitation and population growth.  We 
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estimate annual import volume, Ia
y, for year y in million gallons based on the following 

regression equation.  Table 1.3 shows the parameter values and regression statistics. 

  1
0 1 2 3 1

1

a a
y ya a

y y ya a
y y

I I
P P

p p
γ γ γ γ ε−

−
−

= + + + +        (6) 

where γl (l= 0,1,2,3) are regression parameters, pa
y represents the urban population in year 

y, Pa
y represents the precipitation volume in year y in inches, and εy is the zero-mean, 

normally distributed residual error of the regression.  The R-squared for the regression is 

0.78, which indicates that the specified regression is capturing a significant part of the 

variation in per capita imports.  The parameter estimates, shown in the first column in 

Table 1.3, are all statistically significant at the 99% confidence level with the expected 

signs.  On the basis of historical data analysis, from the annual import estimates we create 

gamma distributions of the percentages of total imports placed into reservoirs for the 

summer and winter.  For the climate runs, we use the distributions as estimated from the 

period 1978-2003.  O’Hara and Georgakakos (2006) provide the analysis and the 

parameter values for those distributions.    

1.2.1.4  Evaporation 

We model monthly potential evaporation (PE) using the Thornthwaite equation 

for monthly potential evaporation estimation (see formulation in standard texts such as 

Bras 1987).  We assume evapotranspiration from the drainage areas is insignificant when 

compared to the surface area evaporation from the city reservoirs, which occurs at the 

potential rate.   

Estimates of the surface area of the reservoir system are necessary for the 

computation of free water surface evaporation (potential evaporation over a water body).  
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Approximate estimates may be obtained from the known capacity Ki and corresponding 

lake surface area Ai
K of reservoir i in the urban reservoir system of study.  This may be 

accomplished through the approximation of the shape of the reservoir lake with a regular 

shape (we produced similar results for a cone and a rectangular prism).  For a conic 

shape, the surface area Ai
V of reservoir i with volume V (<Ki) is: 

2/ 3( / )i i i
V KA A V K=         (7) 

We find V for each reservoir at the beginning of a given month by distributing the 

total volume computed from Equation (2) proportionally based on capacity amongst all of 

the reservoirs.  For a given month, reservoir system evaporation is then obtained from: 

6

1
( )( )i

Vi
E PE A

=
= ∑         (8) 

where i  is a reservoir index. 

1.2.1.5 Model Validation Using Historical Data 

Figure 1.2 shows the 5th and 95th simulated percentile of cumulative release from 

the San Diego urban reservoir system obtained by Monte Carlo sampling from the 

precipitation distributions estimated from the historical data (1948-2003).  The 

corresponding observed release during this period is also shown with the black line 

denoted with the symbol x.  Figure 1.2 demonstrates that the ensemble releases contain 

the historical releases throughout the period while they maintain low variance.  To further 

evaluate performance, we construct the bulk reliability diagram to demonstrate how well 

the frequency distribution of model releases matches the frequency distribution of actual 

releases (upper panel of Figure 1.3 denoted with a dashed line).  Perfect performance is 

shown by the 45-degree line in the upper panel and is represented by a solid line.  The 
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unconditional sample frequency distributions of simulated and actual releases are also 

shown in the lower panels of Figure 1.3 for reference.  The results show that the model 

tends to somewhat over-predict the low frequency of outflows but predicts adequately the 

higher outflow occurrence frequencies (> 0.5). 

1.2.2  Climate Model Data and Future Water Balance Model Forcing 

To simulate the water balance model for future climates, we use readily available 

output from Global Climate Models (GCM's) pertaining to monthly surface air (screen) 

temperature and precipitation.  The output corresponds to the GCM grid point 

encompassing San Diego and was obtained form the Intergovernmental Panel for Climate 

Change (IPCC) Data Distribution Centre.  We use data for the period 2006-2030 from 

three climate models to allow for multiple climate change scenarios.  The models are 

CGCM2 (Canadian Model), HadCM3 (Hadley Model) and ECHAM4 (Echam Model).  

We choose to explore scenarios in San Diego until 2030 since this timescale corresponds 

to existing planning horizons for urban water managers.   

All three models have a control scenario in which greenhouse gas (GHG) 

emissions remain fixed at 1990 levels throughout the entire future period of model 

simulation.  All three also have a standard GHG emission scenario of 1% annual growth 

in GHG’s over the future period of simulation.  O’Hara and Georgakakos (2006) perform 

an analysis of precipitation annual totals and annual average temperatures for various 

future scenarios for each of the three GCM models and for several grid nodes in the 

vicinity of San Diego.  No consistent differences for precipitation exist at the annual level 

between control and GHG scenarios for the future period examined.  There is, however, a 
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trend in all models for increasing temperature with simulated temperatures for 2006 

substantially warmer than the historical average.    

We assume that the shape of the historical precipitation distributions is preserved 

in the future under all climate change scenarios, and that only the distributional 

parameters change.  We find new parameters for precipitation by obtaining the mean and 

variance of the monthly data from 2006 through 2030 for both the control run and 

greenhouse gas run.  We compute the ratios for each month and for each model by 

dividing the greenhouse gas mean and variance by the corresponding mean and variance 

from the control run.  This allows us to capture the predicted impacts of climate change 

on precipitation statistics from each of the models.  We then estimate climate change 

precipitation monthly means and variances for the San Diego basin by multiplying the 

historical means and variances by the mean and variance ratios that we obtain from the 

climate data.  Lastly, we estimate new parameters for the monthly precipitation 

distribution (gamma or lognormal) directly for each month from the estimated mean and 

variance. 

For model monthly simulations, we define a zero-precipitation month as a month 

that has a monthly precipitation estimate less than a given threshold (e.g., 1 mm/month).  

For the purpose of generating monthly precipitation using Monte Carlo simulation, we 

obtain long-term average zero precipitation percentages for future periods by adding the 

percentage of the time zero precipitation occurred in a given month of the year in the 

historical data to the absolute difference between zero percentages from the GHG and the 

control runs for the same month of the year.  We use percentage differences in the few 

instances where using the absolute difference led to a negative number.  Tables 1.4, 1.5, 
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and 1.6 display the monthly precipitation means, variances, and distributional parameter 

estimates for each of the climate scenarios for each month of the year. 

A similar procedure was followed to produce future monthly temperature 

averages.  We subtract the control temperature from the greenhouse gas temperature for 

each month and we then add this difference to the average monthly temperature from the 

historical temperature data. 

1.2.3 Water Consumption Target 

Controlled releases of stored water are made to meet water demand for the urban 

area of interest.  We need estimates of water consumption targets (see Figure 1.1) to 

simulate this process for historical and future periods and to have a basis for estimating 

urban system water shortage costs.  Municipal water demand is an increasing function of 

precipitation deficit as precipitation is a substitute for outdoor uses of water.  We use 

monthly historical data to obtain the relationship between per capita water consumption, 

precipitation, and temperature.  The formulation of the relevant regression equation is: 

11
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where Pt is observed monthly precipitation volume for month t in inches, Tt is monthly 

average temperature for month t in degrees Fahrenheit, pt is the urban population for 

month t, Ct is the monthly water consumption for month t in million gallons, Dl 

(l=1,…,11) are long-term average monthly water consumption per capita estimates for 

month l of the year, γl (l=0,1,2,3,4) and δl (l=1,..,12) are regression parameters, and εt 

represents the regression zero-mean and normally distributed random residual. We 



 15

 
 

include monthly indicator variables for January through November (Dl) to control for 

month effects.   

We present parameter estimation results using monthly data from San Diego and 

for the period June 1999 through December 2004 in Table 1.7.  The coefficient estimates 

for precipitation, temperature, lagged precipitation, and lagged per capita consumption 

are all statistically significant and have the appropriate signs.  The parameter estimates δl 

for the monthly variables for the fall and winter months are insignificant, but these 

coefficients for the spring and summer months are significant (significant δi coefficients 

are shown in Table 1.7).  The R-squared for the regression is 0.96, which indicates that 

the model has sufficient explanatory power.   

Water price is not included as an independent variable because the authors do not 

have the appropriate data to estimate price elasticity.  However, we use the price 

elasticity reported in Olmstead et al. (2006) to reduce demand in the capacity expansion 

scenarios employed later in this work because an increase in reservoir infrastructure 

would increase rates in order to pay for the investment.  We assume that the rates would 

increase by the anticipated percentage increase in average cost that the expansion would 

create.  We refer the interested reader to O’Hara and Georgakakos (2006) for more 

details on the formulation.  

1.2.4 Method for the Evaluation of Climate Change Impacts 

We conduct simulations of the urban water system for the purpose of answering 

the following question: Given historical operating policy, is the existing reservoir 

capacity sufficient to meet urban water demand under climate change scenarios? If not 

then: Can reservoir capacity expansion and associated costs accommodate projected 
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climatic and population changes?  The simulations conducted for the climate change 

scenarios for the future years 2006-2030 are identical to the historical simulations, except 

that we adjust the historical precipitation and temperature data by the climate model 

output as discussed previously (Section 1.2.2).  Simulations labeled “historical” use the 

historical precipitation distributions and temperature data in a historical analog scenario 

and are presented as benchmarks for the future simulation period.  

We consider several sensitivities under each climate scenario.  A “baseline” case 

is run, in which capacity expansion is evaluated with regard to historical operating 

procedures, historical importing patterns, and projected population growth.  We use 

population forecasts from SANDAG, a regional planning agency for the city of San 

Diego, in order to use this equation for the future climate scenarios.  SANDAG does not 

provide confidence intervals for their forecasts, so we run two additional scenarios in 

which sensitivity to population projections are explored – a “high” population case and a 

“low” population case.  We explore scenarios in which importing patterns are altered 

solely to winter months (which could be the result of the seasonal import availability 

changing or as a desire to purchase more imports during off-peak periods).  In the winter 

import scenario, we assume that there is no change in the total volume of water available, 

but we assume that none of the imported water is placed into the reservoirs in summer 

months and that the percentage of water placed into the reservoirs during winter months 

is distributed uniformly to match the historical average mean monthly percentage of the 

historical import volume placed into reservoirs.  

We run a sensitivity to alter the release rule by changing the value of the 

parameter d from 0.025 to 0.05.  We also explore the sensitivity of all the results to the 
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spill parameter α for the reasons outlined in the section on spills.  In addition, we 

consider a scenario in which we modify the runoff parameter by setting b  equal to 0.6 in 

every month.  The reason for doing this is to simulate fire effects expected for higher 

temperatures in the region (Westerling et al.., 2006).  These effects would mainly consist 

of increased runoff in burnt areas.   

1.3 Economic Model 

Three capacity expansion increments are considered for increasing urban  

reservoir capacity for the purposes of this analysis: 0 m3, ∆l (62 million m3), or ∆h (123 

million m3).  The two time periods when capacity can be added are after 9 years, or 1/3 of 

the sample period, and after 18 years, or 2/3 of the sample period.  These discrete 

measures are necessitated due to the time necessary to appropriate funds for capacity 

expansion and to complete the structural work. 

We formulate the capacity expansion problem as a recursive mathematical 

programming program: 

1 2 3{ ( , )} min{ ; ; }W tE V K W O O O=       (10) 

where 

1 ( , ) ( , ) { ( , )}W tO L K W S K W E V K Wτβ += + +     (11) 

2 ( ) ( , ) ( , ) { ( , )}l W t lO L K W S K W E V K Wλ
τθ β += ∆ + + + + ∆    (12) 

 3 ( ) ( , ) ( , ) { ( , )}h W t hO L K W S K W E V K Wλ
τθ β += ∆ + + + + ∆    (13) 

with terminal condition 

 { ( , )} 0W TE V K Wπ+ =         (14) 
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A terminal condition is necessary to initiate the backward recursive technique that 

is necessary for solving the optimization problem. K  is a state variable that denotes the 

reservoir capacity, β  is the discount factor, W  is a stochastic state variable representing 

climate, and θ and λ are economic parameters that capture returns to scale for investment 

costs.  The expectation operator EW{ } has a subscript to denote the source of future 

uncertainty.  The power function in the expressions for O2 and O3 represents the amount 

spent on investment in capacity for that period.  It is the size of the capacity converted 

into monetary units by the two previously mentioned economic parameters.  The second 

term, L(K,W), represents the monetary losses associated with rationing and equals zero if 

no water shortage occurs.  As the reservoir capacity increases, it is expected that 

reliability improves, and, hence, economic losses associated with water shortages are 

reduced.  The term S(K,W) represents the costs associated with spilled water and 

evaporation.  Spilled water and evaporation are costly because they represent purchased 

water that is lost and unused.  The time step τ in the economic model above does not 

correspond to the monthly time step used in the hydrologic model but corresponds to the 

9 year discrete increment period discussed earlier.   

We calibrate the parameters θ and λ to fit historical construction costs for recently 

constructed reservoirs in southern California.  They represent the private costs of 

construction and do not include external costs or benefits.  The benefits of additional 

construction will extend beyond 2030.  In order to account for this, we charge the city the 

‘annualized’ construction cost for every year that the additional capacity exists in our 

framework.  We assume that the new capacity will last for 50 years.  The formula for the 

annualized investment cost is: 
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where n is the lifetime of the investment, CI is the total cost of the investment, and r is the 

discount rate. 

We use the results from Barakat and Chamberlain (1994) to construct an index of 

consumer’s willingness to pay for water reliability as a function of the magnitude and 

frequency of the shortage.  Details of the algorithm for computing the economic costs of 

a shortage are contained in O’Hara and Georgakakos (2006).  Once the economic losses 

are computed for each ensemble trace, the economic losses are averaged across 

ensembles.  The expected costs for a representative consumer are then multiplied by the 

number of urban households in order to obtain an aggregate willingness to pay for the 

city to avoid the shortage.  

We calculate costs associated with spills and evaporation by penalizing the city 

for losing water through excessive importing.  To calculate the penalty for lost water at a 

specific point in time, we compare the sum of total imported water up to that month in the 

iteration with the sum of penalized evaporation and spills up to that point.  If the latter 

term is greater, we calculate the volume of water to penalize for spills and evaporation as 

the difference between the sum of total imported water at the current month and the 

summed volume of water subject to the spill and evaporation penalty up through the 

month prior to the current month.  Otherwise, we calculate the total volume of water 

subject to evaporation and spill penalty as the current volume of water that spilled and 

evaporated in the current month.  We then average the total volume of penalized lost 
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water over ensembles, and, lastly, we multiply the total by the rate charged for untreated 

imported water to convert it into monetary units.   

The location of the capacity expansion has to be specified in our model so that we 

know the additional surface area that the expansion creates.  We assume that our volume 

expansions occur at the largest reservoir that the city operates.   

1.4 Results 

The results from all the climate change and population growth scenarios are 

included in Table 1.8.  The remainder of the section summarizes what is reported in the 

Table.   

1.4.1. Baseline 

The expected costs associated with anticipated water shortages and optimal 

investment policy varies by climate scenario.  The three climate change scenarios all 

required more capacity than the historical scenario in order to minimize expected costs.  

The optimal investment policy for the Canadian and Hadley scenarios is to add 62 million 

m3 in each period and the optimal investment policy for the ECHAM4 scenario is to add 

123 million m3 in the first period and then 62 million m3 in the second period.  The 

optimal investment policy for the historical scenario is to add 62 million m3 in the second 

period only.  Increasing capacity is more effective at mitigating water shortages for the 

climate change scenarios, where the expected reliability losses are higher.   

1.4.2 Winter Imports 

Adding reservoir storage capacity leads to large reductions in expected shortage 

costs for all of the scenarios.  The optimal investment policy in this sensitivity is identical 

to the baseline case for three of the four scenarios even though the expected costs in this 
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sensitivity are far higher.  The only climate scenario in which the optimal investment 

policy changes is the ECHAM4 scenario, in which it is now optimal to add 123 million 

m3 in the first period and no capacity in the second period. 

1.4.3 High Population 

We find that higher population growth puts greater stress on the reservoir system.  

Fortunately, capacity expansion can mitigate these costs.  The optimal investment policy 

is to add 123 million m3 in the first period in the historical scenario.  The optimal 

investment policy for the Canadian and Hadley scenarios is to add 123 million m3 in the 

first period and 62 million m3 in the second period, while the optimal investment policy 

for the ECHAM4 scenario is to add 123 million m3 in each period.  The expected costs 

associated with higher than projected population growth are higher than the baseline case 

for all four climate scenarios.  

1.4.4 Low Population 

The low population sensitivity results in both lower expected costs and less 

optimal investment than the baseline case in all four climate scenarios.  The optimal 

investment policy for the historical, Canadian, and Hadley climate scenarios is to add 62 

million m3 in the second period (the Hadley scenario had a tie between two possibilities). 

The optimal investment policy for the ECHAM4 scenario is to add 123 million m3 in the 

first investment period.   

1.4.5 Higher Release 

The city is also required to maintain a fixed amount of water storage for 

emergency storage requirements.  Additional details and results concerning emergency 

storage requirements are provided in O’Hara and Georgakakos (2006).  We find that 
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changing the release parameter from 0.025 to 0.05 makes it difficult to maintain 

emergency storage requirements regardless of how much capacity is added.  If the 

emergency storage requirements were relaxed we would be able to change the operating 

policy in order to improve reliability without adding additional capacity.   

1.4.6 Increased Spillage 

The optimal investment policy for all climate scenarios is to add 123 million m3 in 

each period.  This is the maximum allowed investment that our model considers.  In this 

sensitivity scenario it is difficult for the reservoir system to carry sufficient water due to 

higher spills.  Because the reservoir system is carrying less water, and the release is 

defined as a percentage of the total amount of water in storage, the releases are far 

smaller than they need to be in order to maintain reliability requirements.  Adding 

capacity does reduce the losses associated with this scenario, although we see on Table 

1.8 that this is the most expensive scenario. 

1.4.7 Fire Induced Runoff 

This sensitivity is very favorable for the city due to the increase in runoff.  The 

optimal investment policy is to add 62 million m3 in both periods for the climate change 

scenarios and to add 62 million m3 in the second period with the historical parameters.   

1.5 Conclusions and Recommendations 

The paper formulates a methodology for assessing impacts of climate change and 

population growth in urban environments and for generating adaptation strategies.  

Uncertainty in climate variables, projected demands, and population growth are taken 

into consideration either explicitly through Monte Carlo simulation or through sensitivity 

analysis of low and high estimates.  The formulations are exemplified through application 
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to the urban area of San Diego, California, that relies on both local runoff and imported 

water to meet water demand.  Output from three climate models (Canadian, Hadley and 

Echam) are used in the case study and various scenarios of urban water balance are 

examined.   

Perhaps the most important conclusion of this work is that is that for urban 

environments with pronounced seasonal precipitation variability and for which imported 

water is a significant source of water supply, the expected costs of adaptation to climatic 

change and population growth are high.  Even over a short time horizon, the expected 

costs associated with climate change are in the hundreds of millions of dollars.   The 

expected costs associated with the climate change scenarios are higher than those of the 

historical climate scenario for all sensitivities and climate change scenarios except for the 

winter import sensitivity.  Among climate models, the Canadian climate model data 

produces the lowest expected costs of adaptation for the case study.  The loss of 

snowpack has drawn considerable attention in the western United States and elsewhere as 

a major concern of climate change.  The present study finds that the expected costs of 

climate change scenarios for urban environments may be high even though the region is 

not impacted by melting snowpack directly. 

The magnitude of the expected costs associated with the optimal investment 

policy indicates that further study in reducing unresolved uncertainty is warranted.  First, 

obtaining a better understanding of the distribution of future population projections 

should be an important future research target.  The optimal amount of capacity to add 

during the climate change scenarios varied sharply depending on anticipated population 

growth, underlying the importance of this variable.  If distributions of future population 
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growth are available or can be estimated from available data, Monte Carlo analysis could 

also be conducted with respect to this variable in the simulations.  Second, the uncertainty 

in the spill parameter needs to be resolved by using higher resolution (either hourly or 

daily) data.  It is clear from the results that the decision on adding capacity will depend 

on how accurately spills are modeled, and this is an important needed extension to the 

present case study work. 
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Table 1.1:  Sample Unconditional and Conditional Frequencies for Precipitation 
 
 

Month

Marginal 
Frequency of 

Zero 
Precipitation

Marginal 
Frequency of 

Non-Zero 
Precipitation

Sample 
Conditional 

Frequency (Zero -
Zero)

Sample 
Conditional 
Frequency 

(Zero - Non-
Zero)

Sample 
Conditional 

Frequency (Non-
Zero - Zero)

Sample 
Conditional 

Frequency (Non-
Zero - Non-Zero)

May 18.2% 81.8% 56.9% 43.1% 50.4% 49.6%
June 51.6% 48.4% 57.6% 42.4% 59.4% 40.6%
July 58.5% 41.5% 63.7% 36.3% 48.9% 51.1%

August 57.5% 42.5% 47.5% 52.5% 37.6% 62.4%
September 42.5% 57.5% 25.1% 74.9% 18.0% 82.0%

October 20.2% 79.8% 11.0% 89.0% 6.6% 93.4%
November 7.5% 92.5% 8.5% 91.5% 0.9% 99.1%  

 
 

Table 1.2: Precipitation Statistics for Historical Data 
 

Month n % zeros Distribution p* q** KS p-value
January 620 1.7% Gamma (p,q) 1.049 2.832 0.10
February 621 2.1% Gamma (p,q) 1.195 2.613 0.33

March 617 2.8% Gamma (p,q) 1.228 2.409 0.18
April 609 4.2% Gamma (p,q) 1.080 1.296 0.64
May 520 18.2% Lognormal (p,q) 0.731 0.713 0.14
June 308 51.6% Lognormal (p,q) -2.155 1.255 0.32
July 264 58.5% Lognormal (p,q) -2.225 1.293 0.32

August 271 57.5% Lognormal (p,q) -1.742 1.506 0.38
September 366 42.5% Lognormal (p,q) 0.677 0.740 0.05

October 502 20.2% Gamma (p,q) 0.857 0.886 0.13
November 582 7.5% Gamma (p,q) 1.082 1.489 0.09
December 620 1.4% Gamma (p,q) 1.141 2.093 0.27

*Denotes the shape parameter for the Gamma and the mean parameter for the Lognormal distributions
**Denotes the scale parameter for the Gamma and the variance parameter for the Lognormal distributions  
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 26

 
 

Table 1.3:  Import Regression Results for 1960-2003 
 

Parameters OLS Parameter 
Estimate

Standard 
Error t-Statistic p-value*

Regression Constant 0.0246 0.0046 5.37 0.000
Annual rainfall -0.0003 0.0001 -3.46 0.001
Lagged per capita imports 0.7285 0.0740 9.85 0.000
Lagged annual rainfall -0.0003 0.0001 -3.40 0.002

R-squared 0.782
*The p-value denotes the probability that the parameter estimate is statistically 
different than zero.    The t-statistic is the parameter estimate divided by the
standard error.  
 
Table 1.4:  Precipitation Statistics for the ECHAM4 Model Scenario of Climate Change 

 

(Parameters p  and q  correspond to the fitted distribution of Table 1.2)

Month Mean Variance p q % Zeros
January 3.73 26.16 0.53 7.02 9.2%
February 2.98 9.05 0.98 3.03 13.2%
March 2.21 2.79 1.76 1.26 13.9%
April 2.19 3.98 1.21 1.82 1.4%
May 2.97 13.93 0.61 0.95 21.9%
June 0.19 0.11 -2.39 1.42 51.6%
July 0.21 0.14 -2.28 1.42 65.9%
August 0.24 0.16 -2.11 1.35 68.6%
September 2.52 8.77 0.49 0.87 46.2%
October 0.49 0.11 2.29 0.21 38.7%
November 2.1 3.82 1.16 1.82 11.2%
December 2.98 16.6 0.53 5.57 5.1%  
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Table 1.5:  As in Table 1.4 but for the HADCM3 Climate Change Scenario 
 

Month Mean Variance p q % Zeros
January 4.12 33.49 0.51 8.12 1.2%

February 2.78 7.57 1.02 2.72 5.8%
March 2.77 3.62 2.13 1.3 2.8%
April 0.95 0.82 1.1 0.87 19.1%
May 3.39 13.5 0.83 0.78 33.1%
June 0 0 NA NA 62.7%
July 0.18 0.19 -2.7 1.95 51.1%

August 0.3 2.24 -2.82 3.25 38.9%
September 2.5 8.94 0.47 0.89 42.5%

October 2.59 97.79 0.07 37.71 20.2%
November 1.5 1.58 1.44 1.05 22.3%
December 2.9 3.03 2.78 1.04 5.1%  

 
Table 1.6:  As in Table 1.4 but for the CGCM2 Climate Change Scenario 

 
Month Mean Variance p q % Zeros

January 4.39 18.5 1.04 4.22 11.6%
February 2.51 4.08 1.54 1.63 1.4%

March 3.24 7.47 1.41 2.3 5.3%
April 1.08 0.65 1.79 0.6 0.5%
May 2.03 4.11 0.36 0.69 19.5%
June 0.4 1.22 -2.01 2.17 55.3%
July 0.16 0.06 -2.46 1.22 37.5%

August 0.33 0.3 -1.79 1.34 41.4%
September 2.62 5.68 0.66 0.6 27.7%

October 0.96 1.5 0.61 1.57 16.5%
November 2.3 7.71 0.68 3.36 9.9%
December 2.45 7.19 0.84 2.93 1.4%  
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Table 1.7:  Regression Results for Per Capita Consumption 
 

(59 observations; R-squared = 0.962)

Parameters Parameter 
Estimates t-Statistic p-value

γ 0 0.0003 0.31 0.76
γ 1 -0.0002 -4.38 0.00
γ 2 0.0000 2.29 0.03
γ 3 -0.0001 -2.26 0.03
γ 4 0.4312 4.11 0.00
d 3 0.0006 3.09 0.00
d 4 0.0006 3.73 0.00
d 5 0.0009 5.06 0.00
d 6 0.0006 2.58 0.01
d 7 0.0008 3.16 0.00
d 8 0.0006 2.17 0.04  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 



 29

 
 

Table 1.8:  Climate Change Results Summary Table 
 

Sensitivity Parameters Optimal Capacity Expansion Policy in Two Stages 
(Mill m3)

Population 
Growth

Import 
Scenario d α b Historical Canadian Echam Hadley

Expected Historical 0.025 0.807 0.86,0.9 0-62 62-62 123-62 62-62
Expected Winter 0.025 0.807 0.86,0.9 0-62 62-62 123-0 62-62

High Historical 0.025 0.807 0.86,0.9 123-0 123-62 123-123 123-62
Low Historical 0.025 0.807 0.86,0.9 0-62 0-62 123-0 0-62,0-123

Expected Historical 0.05 0.807 0.86,0.9 0-0 0-0 0-0 0-0
Expected Historical 0.025 0.4 0.86,0.9 123-123 123-123 123-123 123-123
Expected Historical 0.025 0.807 0.6 0-62 62-62 62-62 62-62

Sensitivity Parameters Minimum Expected Costs (Mill US$)
Population 

Growth
Import 

Scenario d α b Historical Canadian Echam Hadley

Expected Historical 0.025 0.807 0.86,0.9 540 635 783 729
Expected Winter 0.025 0.807 0.86,0.9 2,974 2,897 3,068 2,872

High Historical 0.025 0.807 0.86,0.9 607 700 864 805
Low Historical 0.025 0.807 0.86,0.9 465 566 702 648

Expected Historical 0.05 0.807 0.86,0.9 14 29 72 91
Expected Historical 0.025 0.4 0.86,0.9 6,565 7,367 7,517 7,481
Expected Historical 0.025 0.807 0.6 420 515 604 523  
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Figure 1.1: Schematic of Water Balance Model and Interactions 
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Figure 1.2: Ensemble Realizations of 5th and 95th Percentile Cumulative Simulated 
Release from the San Diego Reservoir System (dashed lines) Versus Corresponding 
Cumulative Observed Release (points denoted by ‘x’) for the Period: January 1948 – 

December 2003 
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Figure 1.3: Bulk Reliability Diagram and Histograms for Simulated and Actual 
Release Outflow 
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2  Adaptation to Climate Change Under Incomplete Information 

2.1  Introduction 

The expected costs associated with future climate change are important to 

understand in order to ascertain the potential benefits of expensive reductions in 

greenhouse gas emissions.  Economists recognize that the costs associated with future 

climate change will depend on how successfully agents adapt to their new environment.  

Little work has looked at how urban water managers could adapt to climate change 

despite a well-recognized finding in the hydroclimate literature that climate change is 

expected to impose serious problems on water systems through its impacts on land 

surface hydrology.  Global climate models (GCM’s), which are a system of non-linear 

differential equations that predict the impact of increased greenhouse gas emissions on 

climate variables by modeling the coupled dynamics between the ocean and atmosphere, 

are predicting that increased greenhouse gas emissions will lead to higher temperatures.  

Higher temperatures, in turn, can lead to larger runoff volumes earlier in the year by 

melting snowpack, increase demand for hydropower energy in summer months, increase 

evaporation from reservoirs, increase demand for irrigation in agriculture and increase 

urban water demand.  Snowpack in California acts as a natural reservoir equal to half of 

the storage capacity in the state and as much as 90% of this could be lost by 2100 under 

high temperature scenarios (Climate Action Team Report to the Governor and 

Legislature, section 4.3).  Increased evaporation can alter the intensity and frequency of 

precipitation.  Furthermore, rising sea levels, which occur from glacial melt induced by 
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higher temperatures, can lead to an increase in salinity levels and deterioration in water 

quality in freshwater deltas that supply water for urban consumption. 

This study evaluates the effectiveness of expanding existing reservoir storage 

under climate change scenarios for a single urban water system, the city of San Diego, 

California, by exploring what would occur if either managers did not adapt to climate 

change scenarios, managers did adapt and had perfect information about the nature of 

climate change, or if managers did adapt but had imperfect information about the climate.  

I utilize one of the first reservoir models designed for the purpose of determining the 

benefits of expanding reservoir storage in the presence of climate change and find that 

altered reservoir capacity expansion strategies can mitigate, but not eliminate, expected 

costs attributable to climate change.  Few climate change adaptation studies have 

evaluated the trade-off between scale and flexibility when considering precautionary 

investments in the presence of incomplete information.  I use the model to determine that 

adjustment costs associated with parametric uncertainty of future climate change depend 

on the adaptation strategy chosen by the agent and that evaluating smaller capacity 

expansion projects incrementally can lower expected adjustment costs relative to 

evaluating larger projects less frequently for a range of prior distributions.  In addition, I 

find that the efficiency gains from resorting to price-based rationing during droughts may 

lead to lower optimal capacity levels but did not in many of the scenarios I considered. 

Adaptation to climate change in water resource sectors must be anticipatory. 

Optimal investment planning in water infrastructure necessitates that water managers 

evaluate a time path of investment strategies into the future with anticipated values and 

distributions of variables that influence water supply and demand.  Accurate projections 
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of these variables are essential inputs for effective planning because capital 

improvements to upgrade infrastructure are lumpy due to economies of scale and can take 

years, or even decades, to implement.  Modest additions of reservoir storage can cost 

hundreds of millions of dollars, so the potential water shortages need to be sufficiently 

large in order to justify infrastructure investment.  In addition, both the investment in 

infrastructure and the losses that occur from water shortages are largely irreversible and 

sunk.   

Future planning is complicated by both parametric uncertainty and stochasticity.  

When contemplating climate change adaptation, water managers must make subjective 

judgments about the likelihood of potential climate scenarios since infrastructure 

investment decisions need to be made prior to the resolution of parametric uncertainty.  

Water managers can find the optimal adaptive strategy for each potential climate 

scenario, but they must plan robustly because they do not know which future climate 

scenario will occur.  Thus, how water managers adapt is critical.  Understanding the 

implications of adaptation strategies becomes important because different strategies can 

reduce adjustment costs associated with parametric uncertainty relative to other 

strategies.          

Climate change studies that explore the transition path along which adaptation 

and learning occur include Venkatesh and Hobbs (1999) and Kelly et al. (2005).  These 

studies assume that agents are aware that climate change is a possibility but are unsure of 

how climate change will proceed.  Agents would not know if a sequence of high 

temperatures signified that the mean of the temperature distribution had permanently 

shifted or if they were observing successive high draws from the tail of the preexisting 
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temperature distribution.  Agents learn how distributions change under future climate 

change over time by updating their prior beliefs with the observed climate shocks.   

Adjustment costs arise from both incomplete information and the time it takes to 

adjust the capital stock when parametric uncertainty is resolved.  Kelly et al. (2005) 

assume that incomplete information is the only reason why adjustment costs from climate 

change exist in agriculture because adaptation in agriculture, such as a farmer switching 

crops, is quick, incremental, and inexpensive relative to reservoir investment.  The nature 

of adaptation for water resources planning is different and it implies that both the benefits 

of anticipatory adaptation and the potential for adjustment costs are relatively higher in 

this sector than in sectors such as agriculture.  However, current research exploring 

adaptation to climate change has not concentrated on which adaptation strategies would 

be preferable under different scenarios.   

The agent is faced with a trade-off when considering precautionary investments to 

mitigate potential climate change.  Larger investments in water infrastructure yield 

greater economies of scale, yet take longer to build and may also be excessive.  Smaller 

investments can be implemented incrementally, but if multiple smaller investments are 

needed then this approach can be more expensive since it does not take advantage of 

economies of scale.  I consider two different investment strategies for the urban water 

manager designed to evaluate the possible approaches.  In one strategy (strategy A 

hereafter), the water manager updates his prior climate distributions and reevaluates 

larger investment opportunities less frequently.  The manager updates his prior climate 

distributions and reevaluates smaller investment opportunities with higher frequency in 

the second strategy (strategy B hereafter).   
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The strategy that is preferable is ambiguous a priori.  The parameters that will 

influence the outcome are the magnitudes of the economies of scale, the discount rate, the 

nature of the climate shock, the extent of parametric uncertainty, and the relative speed at 

which the two investments can be constructed.  Strategy A is preferable when the 

economies of scale are greater, the climate shock is more abrupt, parametric uncertainty 

is lower, and the larger investment can be constructed relatively quicker.  Strategy B is 

preferable under the opposite conditions.  Strategy A will result in larger gains and 

greater costs from immediate adaptation under a low discount rate that gives greater 

weight to the present and vice versa. 

2.2 Background 

2.2.1  Urban Water Supply Planning 

Urban water managers are obligated to provide water at a prespecified level of 

reliability to satisfy consumer demand.  Reliability is the level of probability at which 

water districts are able to supply water to meet consumer demand under various 

hydrologic conditions.  Water managers want to minimize the probability of a water 

shortage since the economic costs can be large.  The optimal level of reliability for a 

water district, conditional on a given water price, is graphically depicted in Figure 2.1.   

This figure shows that the welfare losses associated with water shortages decrease and 

that the costs of adding capacity increase as reliability is improved.  The cost-minimizing 

point is the minimum of the sum of these two terms and reflects the optimal level of 

system reliability. 

Optimal planning for urban water managers requires the evaluation of all possible 

supply and demand side planning projects.  Supply side management includes 
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constructing desalination plants, recycling water, adding reservoir storage, revising 

reservoir operating rules, or negotiating water transfers or options. Demand-side 

management includes the implementation of water conservation projects or alternate 

pricing schemes.  The existence of significant climate and weather uncertainty imply that 

water infrastructure must be constructed to maintain reliability under a broad range of 

potential weather realizations, particularly a sequence of dry years, in order to avoid 

shortages since temperature and precipitation are variables that influence both supply and 

demand.     

Evaluating the effectiveness of using existing reservoirs at maintaining reliability 

is the focus of the present study since they are constructed to accommodate historical 

hydrologic runoff and demand distributions and may be ineffective under altered climate 

scenarios.  Expanding reservoir storage to adapt to climate change impacts is under 

consideration in California for this reason as Governor Arnold Schwarzenegger has 

requested $4.5 billion to increase storage capacity in the state by 500,000 AF1.  Urban 

water reservoir storage facilitates consumption smoothing when the supply and demand 

for water are out of phase.  This is particularly acute in California both spatially, as 

southern California receives less than 10% of the state’s precipitation but has 2/3 of the 

population, and intertemporally, as 80% of California’s precipitation occurs from October 

to March but 75% of water use is from April to September (Hanemann 2006).   

Reservoir storage also enables precautionary savings by letting agents insure 

against supply shocks that arise from the interannual variability in precipitation.  This 

issue is also significant in California due to climate phenomena as annual runoff has 

                                                 
1 Information available on Governor’s web page http://gov.ca.gov/issue/water/, accessed on April 8, 2007. 
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ranged from 18,500 Mm3 to 166,500 Mm3 over the past 90 years (Hanemann 2006).  

Adding reservoir storage decreases both the likelihood of water shortages and the 

likelihood of water surpluses and may be optimal if the anticipated climate change 

impacts on the hydrologic cycle alter the amplitudes of supply and demand over time.  

The effectiveness of expanding reservoir storage to improve reliability under climate 

change will be a function of reservoir operating rules, existing reservoir capacity, and the 

climate change impacts on basin specific hydrologic parameters.          

2.2.2  Literature Review 

Research demonstrating the problems climate change is expected to impose on 

water systems includes Barnett et al. (2005), who find that reservoirs throughout the 

world, particularly in snow-dominated regions, will be insufficient to accommodate 

fundamentally altered hydrologic parameters.  Hayhoe et al. (2004) state that by 2100 

climate change “could fundamentally disrupt California’s water rights system.”  Barnett 

et al. (2004) find that “even with a conservative climate model, current demands on 

water resources in many parts of the West will not be met under plausible future climate 

conditions, much less the demands of a larger population and larger economy.”  Recent 

results by Vicuna et al. (2006) “show greater negative impacts to California hydrology 

and water resources than previous assessments of climate change impacts in the region.  

These impacts translate into smaller streamflows, lower reservoir storage, and decreased 

water supply deliveries and reliability.”     

Climate change adaptation studies have been undertaken in sectors as diverse as 

agriculture (articles include Mendelsohn et al. 1994, Schlenker et al. 2005, and Kelly et 

al. 2005), timber (Sohngen and Mendelsohn 1998), shoreline protection against sea level 
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rise (Yohe et al. 1995), and control structures to regulate lake levels (Venkatesh and 

Hobbs 1999).  Kelly and Kolstad (1999) and Pindyck (2002) recognize that learning is an 

important factor when considering adaptation to climate change.  Dixit and Pindyck 

(1994) contain an example of how the scale-flexibility problem arises under uncertainty 

in electricity planning.  However, Dixit and Pindyck discuss the trade-off between scale 

and flexibility with regard to the evolution of stochastic variables that exhibit persistence 

over time.  The emphasis in this study is evaluating the trade-off of scale and flexibility 

in the presence of parametric uncertainty.     

The important assumption in agriculture studies for calculating costs associated 

with climate change is the information set that the farmer possesses.  Many of the early 

agriculture studies, which are known as “dumb farmer” studies, assume that farmers do 

not adapt to climate change.  Later studies, starting with Mendelsohn et al. (1994), 

assume farmers are “clairvoyant” and adapt optimally.  Reilly and Schimmelpfennig 

(2000) discuss the appropriateness of these assumptions under different social and natural 

systems.  Kelly et al. (2005) assume that although farmers may adapt, they may not adapt 

optimally due to imperfect information about the current climate state and learn about the 

climate using Bayes’ Rule.  Viscusi and Magat (1992), Viscusi (1997), and Cameron 

(2005) conduct experiments for other forms of learning, such as alarmist learning or 

ambiguity aversion, when the agent is faced with multiple sources of information.   

Fisher and Rubio (1997) examine how investment in reservoir capacity by water 

managers can hedge against climate change shocks by developing a theoretical model 

that explores how optimal investment levels are related to the variability in precipitation.  

This study differs from Fisher and Rubio since it evaluates reservoir expansion for a 
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particular water district rather than deriving a theoretical model, although the techniques 

used are sufficiently general to be applicable to other reservoir systems for similar 

evaluations.  Also, Fisher and Rubio do not consider that water managers may experience 

parametric uncertainty when contemplating future planning nor do they address the time 

lag associated with adjusting the capital stock since they focus on the long-run 

equilibrium level of reservoir storage.  Adaptive reservoir management studies under 

climate change scenarios in the western United States include Vanrheenen et al. (2004), 

Carpenter and Georgakakos (2001), Yao and Georgakakos (2001), and Payne et al. 

(2004).  However, the gains that can be obtained from improved reservoir management 

are bounded without considering optimal changes to the capital stock since all inputs are 

variable in the long run.     

Dracup et al. (2005) and Dracup and Vicuna (2006)  survey large reservoir 

models of California’s Central Valley and State Water Projects that evaluate the impacts 

of climate change on water resources in California.  O’Hara and Georgakakos (2006) 

(OG hereafter) develop a reservoir model that can be used to evaluate the long-term 

investment implications of reservoir capacity for the city of San Diego as a way of 

adapting to climate change.  OG choose the city of San Diego to study because it is one 

of the largest urban water districts in the state and it relies more extensively upon its 

reservoir system than other water districts.  OG employ a reservoir model on a smaller 

spatial scale than typically used in order to avoid the difficulties associated with building 

a reservoir model for a large water system.  The coarse representation of individual water 

districts in larger models is problematic because heterogeneity exists for water rights and 

population growth amongst water districts, even ones in close proximity to each other, 
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throughout the state.  The desirable features of the San Diego reservoir model are that it 

is simulation-based which allows for hydrologic uncertainty, it can be run with a set of 

hydrologic inputs that are not limited to the sequence of historical inflows, and the small 

spatial resolution makes it possible to represent systems operations and enables accurate 

hydrologic modeling.  

2.3  Calculating Adjustment Costs 

2.3.1  Adjustment Costs 

Adjustment costs are the expected cost associated with the optimal action the 

agent would take under parametric uncertainty less the expected cost associated with the 

optimal action the agent would take if he had perfect information about the parameters.  

This definition is consistent with the one provided in Kelly et al. (2005).  The time lag 

associated with adjusting the capital stock once imperfect information is partially or fully 

resolved is embedded within this definition.  The expected adjustment cost can thus be 

expressed as:   

 (.)}{(.)}{)( θφ VEVEACE −=       (1) 

 In equation (1), the subscript θ  defines the information set under perfect 

information, the subscript φ  denotes the information set under imperfect information, 

and (.)V  represents the optimal value function.  Costs created by parametric uncertainty 

are of greater interest in this framework than costs created by natural climate variability 

because over a longer time horizon, if the climate parameters are known perfectly, the 

constructed reservoir can be designed optimally for the given climate.  However, 
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parametric uncertainty may only need to be partially resolved in order to eliminate 

adjustment costs due to the lumpy nature of capital investment.   

2.3.2  Adaptation Strategies 

The San Diego reservoir model designed by OG evaluates hypothetical future 

capacity expansion from 2006 to 2030.  This time-frame is consistent with the time 

horizon water utilities use for planning2.  Under Strategy A, the water manager is 

afforded two time periods for evaluation:  now (2006) and in 2014.   Under Strategy B 

the manager evaluates future capacity expansion every five years.  Evaluation periods on 

a shorter time scale are unrealistic because of the time required for site evaluation and 

study3.  Figure 2.2 presents the timeline for the investment decisions under imperfect 

information for both strategies and Figure 2.3 depicts the decision tree facing the 

manager for strategy A. 

 The planning period is divided into subintervals due to the time lags that occur 

with expanding capacity and for learning to have a discernable impact.  A climate state is 

randomly assigned at time 0=t .  The assigned climate state is unknown by the manager 

and remains unchanged over the investment planning time horizon.  At the same time, 

using prior probabilities, the water manager determines an optimal investment schedule 

over the relevant time period and decides if it is optimal to invest in storage that will 

                                                 
2 See The Regional Urban Water Management Plan by the Metropolitan Water District or Regional Water 
Facilities Master Plan by the San Diego County Water Authority. 
3 For example, the California Department of Water Resources (DWR) estimates it will cost $64.3 million to 
evaluate 5 potential surface storage sites in California.  In addition, any one new project will require over 
30 regulatory permits and compliances.   However, DWR is evaluating projects that are considerably larger 
than the reservoir expansion scenarios I consider in the San Diego model.  See Chapter 17 in California 
Water Plan Update 2005 by DWR.  
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become available at time τ=t 4.  Two things occur at time τ=t .  First, any investment 

that was undertaken at 0=t  is completed and is included in the reservoir system.  

Secondly, the manager updates his climate distributions according to Bayes’ Rule based 

on the observed climate and evaluates if future reservoir storage investment is desirable.  

If it is optimal to add reservoir storage for the next planning period they do so.  This 

process repeats itself for the number of times specified in Figure 2.2.  These problems 

can be formulated as: 

 min),( =WKVt },,0{ HLI ∆∆∈ )},()(),({ WIKEVICWKL t +++ +τβ  (2a) 

 min),( =WKVt },0{ LI ∆∈ )},()(),({ WIKEVICWKL t +++ ′+τβ   (2b) 

with terminal condition: 

 0),( =+ WKVT τ         (2c) 

 Equation (2a) is the optimization problem for strategy A and equation (2b) is the 

optimization problem for strategy B.  V  denotes the value function and the subscript t  

denotes the date at which the value function is evaluated.  The length of time between 

investment periods, denoted τ , varies between the (2a) and (2b) and this difference is 

denoted by a superscript with ττ ′> .  W  is a vector of state variables that represent the 

agent’s perceived future climate distributions.  The other state variable, K , denotes the 

capacity of the reservoir system.  The control variable, I , denotes the magnitude of 

reservoir storage investment.  In (2a) the manager can choose to construct no capacity, a 

low amount ( l∆ ), or a high amount ( h∆ ) of capacity while in (2b) they can only 

construct either the low amount of capacity or no capacity.  )(IC  is the cost of the 

                                                 
4 I use τ  to distinguish the next period in the investment planning process from the next period in the 
reservoir model.  τ  does not correspond to the monthly time step used in the reservoir model.   
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investment and ),( WKL  represents the economic losses suffered by consumers in the 

event they are unable to receive water5.  This term is a decreasing function of the capacity 

of the system.  β  is the time-invariant discount rate which I set to 90%.   

T  represents the year 2030, which is the final period of the model.  Equation (2c) 

is the terminal condition that is normalized to zero.  Even though investment in reservoir 

capacity prior to 2030 will improve reliability beyond 2030, the normalization is possible 

because I use annualized costs.  I calculate annualized costs so that the costs incurred by 

the city only reflect the portion of the investment utilized in the time period of interest.  

This is consistent with other water reliability studies (see Howe et al. 1994).  The 

discount rate at which the city can borrow funds for construction is set to 10%6.    

2.3.3  The Role of Price 

Although adding reservoir storage, motivated by climate change considerations, is 

the focus of the present study, water managers are also responsible for setting water rates.  

Rates in San Diego are designed to recover the capital and variable costs of the water 

system because the city is not permitted to earn revenue above their operating costs.  A 

related issue is that rate structures facing consumers are set in advance and do not 

fluctuate over the course of the year nor vary depending on climate condition.  San Diego 

deals with water shortages by first asking consumers to voluntarily reduce usage.  If this 

                                                 
5 Losses in the objective function only occur for consumption losses.  Recreational benefits, which are also 
provided by the city’s reservoirs, are not included in the objective function because the emergency storage 
requirements that the city maintains, which I treat as a constraint in the model, prevents the reservoirs from 
being drawn sufficiently low to eliminate appreciable recreational benefits.  
6 10%, which represents β−1 , is also the discount rate used in Carson 1991 and Howe et al. 1994 and is 
the discount rate used for the reported results.  I also conduct a sensitivity analysis with respect to the 
discount rate by setting it to 5% and 15% and this does not change the optimal investment patterns or 
fundamental results because of the use of annualized costs.  Higher discount rates make both future 
shortage costs and future construction costs smaller in magnitude and vice versa.     



 49

 
 

is insufficient they resort to quantity-based rationing targeted at residential consumers for 

outdoor use purposes.  Rate structures in San Diego are typical of other water districts.  

All users pay a base fee to connect to the system.  Single family residential consumers 

face an increasing block schedule while multifamily and nonresidential consumers pay 

rates that do not increase with usage. 

Quantity-based drought management is inefficient because preferences for water 

use are heterogeneous both within and across households.  The willingness to pay 

estimates used in this study are derived by asking consumers what they would pay to 

avoid a reduction in water usage that would be applied uniformly to all consumers.  A 

more efficient approach for a water manager would be to raise rates until the movement 

up the demand curve eliminated the shortage.  If the eliminated deadweight loss is 

sufficiently large then it could imply that the optimal capacity level is lower.  Price 

rationing alone may not lead to the highest level of efficiency but could still represent an 

improvement from the status quo.  In addition, adaptive pricing can become an appealing 

instrument to use under climate uncertainty due to the flexibility it allows.  Crew and 

Kleindorfer (1986) find that the adaptive pricing schemes they consider could lead to less 

required capacity.         

Mansur and Olmstead (2006) find that a deadweight loss of 

$26.04/household/summer can be eliminated in San Diego, one of ten cities in their 

study, if the city increases rates to eliminate the shortage instead of implementing a 

rationing policy which limits outdoor watering to two days/week for 180 days.  Shortages 

of this magnitude are consistent with the shortages I find in the San Diego reservoir 

model.  San Diego has average variability in their sample, but the efficiency gain of 
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$26.04/household/summer is small relative to the willingness to pay to avoid shortages in 

southern California7. Nonetheless, the efficiency gains do not necessarily need to be large 

in order to reduce optimal capacity levels.    

 I calculate the gains that can be achieved from resorting to price based 

management in the reservoir model by searching every six months in each ensemble to 

see if at least one shortage occurred.  If no shortages exist then I make no adjustment to 

the willingness to pay estimate.  If at least one shortage exists then I subtract the monthly 

deadweight loss associated with quantity based management from the monthly 

willingness to pay over that six month period: 

 ktktkt dwllossshortageperiodlossadjusted −= ___     (3)   

where k  denotes the ensemble index number, t  denotes the time period when the 

shortage occurred, and dwl  denotes the deadweight loss associated with quantity based 

management.  

2.4  Reservoir Model Background 

2.4.1  San Diego Background 

 The model depicts operations for the nine reservoirs that the city of San Diego 

utilizes for urban water supply.  The reservoirs have a combined capacity of 415,000 acre 

feet (AF) and facilitate consumption smoothing as well as maintain emergency storage 

requirements.  External benefits created by the reservoir system include flood control and 

recreational benefits, although the city’s water managers are not mandated to consider 

                                                 
7 The shortage described by the authors is equivalent to one shortage of approximately 10-15% (Carson 
1991).  Carson found annual willingness-to-pay over a five year period to avoid one shortage of this 
magnitude was $83 in 1987 dollars ($154 in 2005 dollars), which is equivalent to (undiscounted in 2005 
dollars) $772 over five years.  The Mansur and Olmstead savings of $26 over the period of the shortage 
would save slightly over 3% of the costs and would still result in a loss of $746.  
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these factors when scheduling releases and deliveries to the reservoirs.  The model 

assumes that the reservoirs are perfectly connected, although capacity pipeline constraints 

do exist and at times this assumption may not hold in practice.  The city relies upon local 

runoff for 10-20% of its supply and purchases water imports wholesale from the San 

Diego County Water Authority for the remainder of their supply.   

Not all urban water consumption is satisfied through the city’s reservoir system.  

This study evaluates the reliability of the reservoir system but not of the rest of the city’s 

water system.  OG do not include pipeline and water treatment constraints in the model.  

Some import purchases by the city bypass the reservoir system entirely and either travel 

to water treatment plants or, if treated, enter directly into the city’s distribution system.  I 

assume that the percentage of demand satisfied historically through the reservoir system 

is the same percentage that is met through the reservoir system in the future.  The 

managers operate the reservoirs in the same manner that they did historically.  City policy 

is to maintain 7.2 months of future expected demand for the city in the reservoirs for 

emergency storage throughout the year and purchase water imports at a discount in the 

winter when pipeline capacity is less constrained.  The city has historically operated their 

reservoirs to maximize the capture of local runoff during wet years.  This strategy 

minimizes losses to spills and evaporation but also increases vulnerability during dry 

years because of the possibility of paying extra to acquire imports8.   

2.4.2   Climate Change Data 
 

                                                 
8 I check the reservoir model and assess a charge if the city has to purchase excess imports during dry 
years.  I do not consider this calculation when evaluating the costs of climate change because these 
additional costs are small in magnitude relative to reservoir construction expenses.  Furthermore, imports 
are independent of the level of capacity in the model, so these costs would be invariant to different capacity 
levels.  



 52

 
 

OG validate the model to historical releases using data provided by the city from 

1948 to 2003.  OG obtain precipitation and temperature climate change data from the 

Intergovernmental Panel on Climate Change Data Distribution Centre for three GCM’s 

through 2030 for the model grid box containing San Diego: CGCM2 (Canadian), 

HADCM3 (Hadley), and ECHAM4 (Echam).  OG downscale the GCM data to create 

climate change precipitation and temperature distributions.  Downscaling is the process 

by which GCM data, which is generated in grid boxes of several hundred square 

kilometers in dimension, is transformed into local or basin specific parameters.  OG use 

the GCM scenario from the three models that assumes that greenhouse gas emissions 

grow 1% annually from 1990 into the future.  Unconditional mean monthly temperature 

is on average 4-5 degrees Fahrenheit higher in all three GCM’s relative to the historical 

climate, which implies there will be greater evaporation and demand under GCM 

scenarios.  The Hadley output has the largest variability for temperature amongst the 

GCM’s and Echam has the smallest.  There is not a strong signal for precipitation in any 

of the three GCM’s relative to each other.  There is also not a perceptible difference 

between GCM precipitation and historical precipitation on an annual level, although all 

three GCM models show slightly drier summers and wetter falls with greater variability 

relative to the historical climate.  

2.4.3  Temperature Uncertainty 

 I introduce additional uncertainty into the San Diego reservoir model by treating 

temperature as stochastic.  Temperature and precipitation are treated independently of 

each other since the historical cross-correlation between them is low for all months.  I 

model temperature as a first-order autoregressive process with monthly dummy variables 
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to account for persistence.  I use monthly historical data from 1927 to 2003 to find 

historical parameter estimates and the downscaled GCM data for climate change 

estimates.  The estimating equation is: 

 ttt mmondutemptemp εγγ +Η′++= −110     (4) 

where I assume ~tε  i.i.d. ),0( 2
TN σ .  mondum  is a vector of monthly dummy variables.  

Table 2.1 presents the results in degrees Fahrenheit. 

  The parameter estimates for the historical data are all significant at the 99% 

confidence level and the R-squared is 90%.  The parameter estimate for lagged 

temperature indicates that an increase of one degree Fahrenheit in the preceding month 

with the historical data leads to a 0.6 degree increase in the current temperature, while 

this parameter estimate is between 0.18 and 0.43 for the three GCM scenarios.  This 

implies that GCM’s are predicting a lower level of temperature persistence for the San 

Diego region under climate change scenarios than existed with the historical climate.  

Many of the monthly dummy variables are significant in the four specifications, with the 

summer months having higher coefficients than the winter months as anticipated.  I 

incorporate Monte Carlo uncertainty in the reservoir model for each climate scenario by 

sampling from normal distributions with the corresponding estimated standard errors 

reported in table 2.1.  I then add the randomly sampled error terms to the product of the 

explanatory variables and the corresponding parameter estimates found in equation (4) 

for each month for each climate scenario.  The sum of these terms becomes the 

temperature observation for that month and ensemble. 

2.4.4  Reliability Targets 
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I use monthly data on delivered water in San Diego aggregated by customer group 

from August 1999 to June 2004 to develop an explanatory model to generate reliability 

targets that can assess the performance of the reservoir system.  I do not disaggregate 

consumption by end-user groups because the billed water data the city maintains by 

consumer group is not on a monthly frequency while monthly reliability targets are 

necessary for the model.  The reliability targets must be generated as a function of 

climate variables so that wetter periods correspond to decreased demands and vice versa.    

I do not include some determinants that influence demand, such as per capita income, 

housing density, and housing characteristics in the estimating equation because they 

exhibit little variation over the five year period for which I generate reliability parameter 

estimates.  Furthermore, these variables are only available for the city every five years 

whereas monthly reliability targets are necessary.  I do not include price because it also 

exhibits little variation over the sample period.    The estimated equation is: 

tttttt TRRmmonduDD ερρρρρ ++++∆′++= −− 4132110    (5) 

where I assume ~tε  i.i.d. ),0( 2
DN σ . 

In equation (5), tD  represents per capita monthly water consumption in million 

gallons (MG), mondum  represents a vector of monthly dummy variables, tR  is monthly 

precipitation measured in inches, and tT  is monthly temperature measured in degrees 

Fahrenheit.  I include prior consumption because of persistence that occurs with water 

consumption.  I include lagged precipitation because demand may change over seasons 

that are systematically wetter or drier.  I interpolate future values for population from 

projections from the San Diego Association of Governments, which is the San Diego 
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regional planning authority, to calculate future reliability targets.  Future values of 

precipitation and temperature needed to calculate future reliability targets come from 

Monte Carlo sampling in the reservoir model.    

 Figure 2.5 plots the in-sample performance of the equation and table 2.2 presents 

the parameter estimates.  The R-squared of the regression is 96%.  The monthly dummies 

for the months March through August are all significant with 95% confidence and 

capture the seasonal impacts of water consumption that are not explained by the climate 

variables.  The current precipitation, lagged precipitation, and current temperature 

variables are all significant with 95% confidence with the expected signs.  

 Table 2.2 shows that if temperature increases by 1 degree Fahrenheit then 

monthly per capita consumption will increase by 0.00004 MG.  Monthly per capita 

consumption varied over the sample period by 0.0035 MG in the winter to 0.007 MG in 

the summer.  Increases in temperature of 4-5 degree Fahrenheit would increase per capita 

consumption ceteris peribus by approximately 0.0002 MG, which would be an increase 

of per capita consumption between 2%-5%.  The parameter estimates on precipitation are 

larger in magnitude.  An increase of precipitation by one inch in the current month will 

decrease per capita consumption by -0.0002 MG and an increase of precipitation in the 

previous month by one inch will decrease current per capita consumption by -0.0001 

MG.  These effects are between 3% and 4% of consumption.     

I make three adjustments to the reliability targets in the reservoir model.  First, I 

calculate a percentage of the reliability target consistent with the historical percentage of 

demand that was satisfied through the reservoir system since reservoir storage in San 

Diego is only used to satisfy a percentage of overall demand.  Second, I adjust demand 
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downward in future expansion scenarios using the elasticity estimate from Olmstead, 

Hanemann, and Stavins (2006) since future expansion would require an increase in rates 

in order to cover construction costs9.  Third, I subtract estimated future savings from 

water conservation projects from the projections.  Future per capita demand, ceteris 

peribus, will decrease due to future water conservation projects planned by the city10. 

2.4.5  Learning 

I model learning through Bayesian updating.  Water managers are knowledgeable 

of current events and are aware that climate change is a possibility.  Learning is identical 

between precipitation and temperature even though GCM predictions for temperature are 

thought to be more accurate than GCM predictions for precipitation.  For example, the 

Metropolitan Water District is reluctant to consider climate change scenarios for planning 

purposes until GCM models reach a clearer consensus on the impacts of climate change 

on precipitation (The Regional Urban Water Management Plan, page II-21).  Uncertainty 

exists for GCM predictions of precipitation because GCM’s have coarse horizontal 

resolution while precipitation patterns in a region are influenced by local terrain, soil, 

wind, humidity, and vegetative characteristics.  I utilize conjugate prior distributions for 

both precipitation and temperature parameters for analytic tractability.  

2.4.5.1  Prior Distributions 

                                                 
9 The Olmstead, Hanemann, and Stavins elasticity estimate is -0.33.  First, I calculate the percentage 
increase in required revenue that the new capacity would necessitate in order for construction.  I assume 
rates increase by this percentage because this represents a percentage increase in average cost.  I then 
calculate the corresponding decrease in demand this would create using the Olmstead, Hanemann, and 
Stavins elasticity estimate.   
10 Conservation estimates are obtained from The 2005 City of San Diego Urban Water Management Plan 
produced by The City of San Diego Water Department. 
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I consider four different subjective prior beliefs the manager could have on the 

likelihood of future climate states.  All three GCM’s are considered equally likely ex ante 

since I assume the manager has no a priori reason for having greater confidence in one 

GCM scenario relative to the other two GCM scenarios.  The water manager is not 

prepared at all for climate change in the first scenario and has a prior that the historical 

climate will continue into the future with probability one.  Alternatively, the manager 

may have the opposite opinion, in which case they place zero probability on the historical 

climate continuing and 1/3 probability on each of the three GCM scenarios.  In the third 

case, the manager places a ½ probability on the historical climate continuing and a 1/6 

probability on the three GCM scenarios.  The manager places a ¼ prior probability on 

each of the four climate scenarios in the final case.   

The manager calculates prior parameters for temperature and precipitation by 

taking weighted averages of the monthly temperature and precipitation parameters from 

the four climate scenarios.  The weights used to calculate the prior parameters represent 

the manager’s subjective prior belief that the four climate scenarios will occur in the 

future.  The manager makes his first period investment decision based on the prior 

temperature and precipitation parameters and updates his temperature and precipitation 

parameters with the observed parameters from the realized climate scenario.  Figure 2.6 

outlines the learning process. 

2.4.5.2  Temperature Updating 

 The manager knows the equation governing temperature but is uncertain about the 

parameter estimates and standard errors estimated in equation (4).  This can be viewed as 

an approximation to the learning process water managers might experience since the 
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parameter estimates from the climate change regressions lead to higher temperatures than 

the parameter estimates from the historical regression.  Following Degroot (1970), I 

assume that each parameter estimate, denoted by random variable X , is drawn from a 

normal distribution with unknown mean and precision.  The precision is defined as the 

inverse of the variance.  If the conditional distribution for the mean with a fixed precision 

is normal with mean m  and precision ψ  and the marginal distribution for the precision is 

gamma with parameters µ  and ν , then the joint posterior distribution is normal for the 

mean and gamma for the precision.  I utilize the distributional parameters for the gamma 

distribution as defined in Degroot (1970).  I update the parameters using the following 

formulas:  
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The observed parameters used for updating are the parameter estimate and 

standard error from equation (4) for each variable for the realized climate scenario.  At 

each updating interval I update the number of periods, t , by the number of years that 

have passed since the prior was formed because the estimates are monthly.  The prior 

mean and precision for each temperature parameter is the weighted average of the 

corresponding parameters the four climate scenarios.  I calculate the prior variance for 

each prior temperature mean by assuming that the climate scenario mean that is the 
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furthest away from the corresponding prior temperature mean represents the 95th 

percentile of the distribution.  I make the same calculation to obtain the prior variance for 

the precision.  This approach to calculating the prior variance is similar to Kelly et al. 

(2005).  Figure 2.7 displays the average monthly temperature time series for the four 

different prior parameter scenarios and shows that the priors with higher weights on the 

historical climate have successively lower temperatures.     

2.4.5.3  Precipitation Updating 

Parametric uncertainty exists over one of the two parameters for both the gamma 

and lognormal precipitation distributions.  Both parameters are required to calculate the 

mean and the variance for both distributions, so assuming that the agent doesn’t know 

one of the parameters is sufficient for characterizing parametric uncertainty for both 

moments of the distribution.  The water manager knows µ  but not ν  for the gamma 

distributions.  Suppose that monthly winter precipitation, denoted by random variable X , 

is drawn from a gamma ( νµ, ) distribution where ν  is unknown.  If ν  has a prior 

distribution of gamma ( 11,νµ ), then the posterior distribution for ν  will also be gamma 

and the parameters will be updated by the following formulas: 

 11 ' µµµ += t         (7a) 

 ∑ =
+=

t

i iX
111 ' νν        (7b)  

 I assume that the natural log of monthly summer precipitation is drawn from a 

normal distribution with unknown mean and known precision lr .  If the prior for the 

mean is normal with mean lm  and precision lψ , then the posterior distribution for the 

mean will continue to be normal and the posterior mean 'lm  will be updated by: 
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I calculate the prior precipitation parameter by taking a weighted average of the 

four climate parameters using the prior weights.  I create the prior variance using the 

same technique as in temperature.  I calculate the parameters for the gamma and 

lognormal distributions from moment conditions using these prior means and variances.     

2.5  Results 

2.5.1  Perfect Information Results 

Tables 2.3A and 2.3B show that altered reservoir investment strategies eliminate 

some but not all of the expected costs associated with climate change under perfect 

information.  The expected costs of climate change under optimal adaptation is the 

expected costs of optimal investment under a climate change scenario less the expected 

costs under optimal investment under the historical climate.  Under optimal adaptation 

using strategy A, climate change will still impose expected costs of $62 million (42% of 

historical scenario) in the Canadian scenario, $182 million (125%) in the Echam scenario, 

and $98 million (67%) for the Hadley scenario.  The expected costs are $63 million 

(43%), $191 million (131%) and $103 million (71%) respectively under strategy B.  It is 

not optimal in any of the four climate scenarios to add the maximum amount of allowed 

storage in the model.       

The value of adaptation under perfect information can be calculated from the 

same table.  This is the difference between the expected cost of climate change under 

optimal adaptation and the expected cost of climate change under no adaptation.  Under 

strategy A, altered investment strategies are expected to save $9 million in the Canadian 
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scenario (14% of costs), $41 million in the Echam scenario (22% of costs), and $16 

million in the Hadley scenario (16% of costs).  Under strategy B, altered investment 

strategies are expected to save $7 million in the Canadian scenario (10% of costs), $29 

million in the Echam scenario (15% of costs), and $10 million in the Hadley scenario 

(10% of costs).  The expected savings are smaller under strategy B since we see on table 

2.3 that the expected costs from making the non-adaptive investment are lower and that 

the expected costs from optimal investment are higher relative to strategy A.    

 Table 2.4 compares the expected optimal minimum cost of strategy A versus 

strategy B under perfect information.  Under strategy A, the optimal strategy is to add 

50,000 AF in the first period and 0 AF in the second period in the CGCM2 and 

HADCM3 scenarios; 100,000 AF and 0 AF in the ECHAM4 scenario; and 0 AF and 

50,000 AF in the historical scenario.  Under strategy B, the optimal investment strategy is 

to add 0 AF in the first, third and fourth periods and 50,000 AF in the second period 

under the CGCM2 and HADCM3 scenarios; 50,000 AF in the first and third periods and 

0 AF in the second and fourth periods under the ECHAM4 scenario; and 0 AF in the first, 

second, and fourth periods and 50,000 AF in the third period under the historical 

scenario.  It is optimal to add either more capacity and/or add capacity earlier under GCM 

scenarios than would otherwise be optimal with the historical parameters under both 

investment strategies.  The overall optimal magnitude of capacity added is identical for 

the two strategies under all four climate scenarios and the differences between the two 

strategies arise from timing differences about when the new capacity should be added. 

Strategy A has lower expected costs than strategy B for all three GCM scenarios 

under perfect information.  The largest difference in expected costs between the two 
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strategies is the Echam scenario.  This is the only one of the four scenarios in which it is 

optimal to add 100,000 AF of capacity.  Strategy A is preferable in part due to the 

economies of scale gained from adding 100,000 AF of capacity with one investment 

under strategy A rather than two investments under strategy B.  Strategy A is expected to 

save $9 million, or 2.7% of the optimal expected minimum cost, in the Echam scenario 

under perfect information relative to strategy B.  The advantage of one strategy relative to 

the other strategy under the other three climate scenarios depends on the optimal time to 

add the capacity since these scenarios do not benefit from the economies of scale 

afforded under strategy A.  The percentage difference in expected costs between the 

Canadian and historical scenarios is less than 0.5% in absolute value.  Expected costs for 

the Hadley scenario are 1.9% less under strategy A than under strategy B.   

2.5.2  Adjustment Costs 

Table 2.5A shows that the expected adjustment costs for strategy A increase when 

the manager has greater confidence that the historical climate will continue.  The three 

GCM scenarios have the lowest expected adjustment costs for the prior which places zero 

probability on the historical climate continuing.  The expected adjustment costs for this 

prior are 0% for the Hadley scenario, 2.3% ($5 million) for the Canadian scenario, and 

2.6% ($9 million) for the Echam scenario.  The Echam scenario has higher expected 

adjustment costs for this prior relative to the other two GCM scenarios because the 

optimal solution under perfect information is to add 100,000 AF in the first period, and 

the optimal first period investment with this prior is to add 50,000 AF.  The priors with 

positive probabilities on all four climate scenarios lead to expected adjustment costs of 

3.2% ($7 million) for the Canadian scenario, 9.9% ($33 million) for Echam, and 5.2% 
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($13 million) for Hadley.  The prior with a probability of 1 on the historical climate and 

zero for the three GCM scenarios has the highest expected adjustment costs for the three 

GCM scenarios.  They are 4.1% ($9 million) for the Canadian scenario, 9.9% ($33 

million) for Echam, and 5.2% ($13 million) for Hadley.  Table 2.5B shows that 

adjustment costs decrease for strategy B as the manager places greater prior weight on the 

likelihood of future climate change scenarios as well.  Expected adjustment costs under 

strategy B are zero for all priors for the Hadley scenario and are zero for three of the four 

priors for the Canadian scenario.  Expected adjustment costs are 3.2% ($7 million) for the 

Canadian scenario for the prior with probability one that the historical climate will 

continue.  The Echam scenario had expected adjustment costs of 2.7% ($9 million) for 

each of the four priors.     

The minimum expected cost is lower for strategy B than strategy A for ten of the 

twelve cases considered.  The two exceptions to this are the Echam (strategy A is $9 

million cheaper) and Hadley (strategy A is $4 million cheaper) scenarios with a prior of 

zero on the historical climate.  Strategy A becomes cheaper for these two climate 

scenarios when the agent’s prior has higher accuracy.  We see this is the case for Echam 

because for this prior strategy A leads to a positive investment in the first period whereas 

strategy B leads to none.  This implies that expected costs from water shortages are at 

least partially mitigated during the first period under strategy A.  Expected adjustment 

costs are at least as small under strategy B relative to the corresponding climate and prior 

in strategy A for all five cases with positive expected adjustment costs under strategy B.  

Figure 2.8 plots the expected percentage adjustment costs of the two strategies against 
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each other as a function of their prior.  The dotted lines correspond to strategy B and the 

solid lines correspond to strategy A.   

 I find that smaller, more frequent investment strategies are superior at reducing 

expected adjustment costs for most priors in this model because strategies with less 

opportunity for investment have greater dependence on the prior probabilities.  Under 

strategy A, one of the two investment decisions relies exclusively on the priors, while in 

strategy B only one of the four investment decisions relies exclusively on the prior 

probabilities.  The value of incremental adaptation is appealing in the Canadian and 

Hadley scenarios because their optimal investment strategy under perfect information 

does not benefit from the economies of scale gained from larger investments.  Strategy B 

is also preferable for Echam unless the prior has a high degree of accuracy.       

2.5.3  Price-Based Drought Regulation 

 Table 2.6 shows that in no cases under perfect information does price-based 

drought regulation lower the optimal capacity level under either strategy.  We also see 

that in only one instance under parametric uncertainty does price-based regulation during 

droughts alter optimal investment choices.  This occurs under the Echam scenario in 

strategy B with prior probabilities of ¼ for each climate scenario.  In this case, the 

optimal investment of 50,000 AF in period three becomes optimal to build during the 

fourth period.  Altering the investment pattern actually increases expected costs from 

$336 million to $338 million in this instance, because the optimal investment strategy 

under perfect information with price-based regulation is to add 50,000 AF in the second 

and third period.  When combined with parametric uncertainty, we see that price-based 

regulation has the potential to increase expected costs since it may lead the manager to 
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not build reservoir capacity when it is optimal to do so, although this need not be true in 

general. 

2.6  Conclusion 

 A fundamental problem confronting agents contemplating adaptation to climate 

change is the uncertainty associated with the future climate state.  Although the focus of 

the study is for reservoir construction by urban water managers, this type of problem 

arises in any sector vulnerable to climate change impacts where adaptation is relatively 

slow and lumpy.  Agents are confronted with many possible scenarios about how climate 

change could proceed, yet must plan robustly since they will not know how the future 

climate will unfold.  Evaluating how the costs associated with climate change are a 

function of the adaptation strategy chosen is a first step in assisting planners.    

Kelly et al. found adjustment costs of 1.4% in agriculture where adaptation can 

occur quickly and incrementally.  Eleven of the twelve cases considered under strategy A 

result in higher expected adjustment costs than this while this occurs for only five of the 

twelve cases considered in strategy B.  Thus, I find that how agents choose to adapt can 

have important implications under parametric uncertainty.  In addition, the expected 

adjustment costs are at least as low under strategy B for all cases in which strategy B 

exhibits positive expected adjustment costs even though strategy A leads to lower 

expected costs for all three GCM scenarios under perfect information.  So, if the water 

manager is clairvoyant, strategy A is preferable due to the savings involved with 

economies of scale in the Echam scenario.  However, when the manager is not 

clairvoyant, the flexibility provided by strategy B can reduce expected adjustment costs 

for a broad range of priors.   
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This is one of the first studies to consider how different investment strategies can 

mitigate adjustment costs under imperfect information.  The smaller reservoir model I 

utilize is robust to alternate climate scenarios, management schemes, and reservoir 

capacity levels.  Thus, it is ideal for evaluating optimal adaptation schemes for water 

managers under both perfect and imperfect information.  Evaluating the effectiveness of 

alternate options water managers have for maintaining urban water reliability should be 

explored in future research.  In addition, climate change impacts on other reservoir 

systems and water districts should also be evaluated due to the heterogeneity surrounding 

urban water districts throughout California and throughout the world.  Most importantly, 

future climate change adaptation studies should place greater emphasis on the strategy for 

adaptation when agents are confronted with parametric uncertainty.              
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Table 2.1:  Temperature Regressions 

Explanatory 
Variable:

Temp (F) 
Historical

Temp (F) 
Canadian

Temp (F) 
Echam

Temp (F) 
Hadley

Constant 20.66** 47.35** 32.60** 49.97**
std err 1.64 3.76 3.41 3.85

Lag Temp 0.60** 0.20** 0.43** 0.18**
std err 0.03 0.06 0.05 0.06

Jan Dummy 1.65** 1.65 2.25** 0.7
std err 0.3 0.85 0.48 1.22

Feb Dummy 3.14** 3.07** 2.97** 0.49
std err 0.3 0.8 0.44 1.16

Mar Dummy 3.86** 3.18** 3.92** 2.53*
std err 0.29 0.78 0.42 1.16

Apr Dummy 5.28** 5.19** 4.71** 4.59**
std err 0.28 0.78 0.4 1.15

May Dummy 6.11** 6.96** 6.28** 5.62**
std err 0.27 0.77 0.4 1.15

Jun Dummy 7.20** 8.98** 7.62** 8.32**
std err 0.28 0.79 0.41 1.15

Jul Dummy 9.46** 11.01** 10.24** 10.65**
std err 0.3 0.83 0.46 1.19

Aug Dummy 8.73** 12.10** 11.04** 12.16**
std err 0.34 0.89 0.58 1.24

Sep Dummy 6.82** 12.22** 9.24** 12.15**
std err 0.37 0.94 0.67 1.29

Oct Dummy 3.98** 9.35** 5.84** 8.25**
std err 0.35 0.95 0.64 1.3

Nov Dummy 1.21** 3.50** 1.96** 2.66*
std err 0.3 0.87 0.5 1.21

Obs 923 299 299 299
R-squared 90.00% 76.10% 92.60% 61.50%

** -- statistically significant at 99% confidence level
* -- statistically significant at 95% confidence level  
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Table 2.2:  Reliability Targets 

Explanatory Variable: Per Capita Consumption (MG)

Coefficient Std Err
Constant 0.00034 0.00109

Lag Per Cap Cons 0.431238** 0.10490
Precipitation  -0.00016** 0.00004
Temperature 0.00004* 0.00002
Jan Dummy 0.00017 0.00014
Feb Dummy 0.00006 0.00017
Mar Dummy 0.00056** 0.00018
Apr Dummy 0.00059** 0.00016
May Dummy 0.00092** 0.00018
Jun Dummy 0.00057** 0.00022
Jul Dummy 0.00083** 0.00026
Aug Dummy 0.00064* 0.00030
Sep Dummy 0.00030 0.00029
Oct Dummy 0.00027 0.00024
Nov Dummy -0.00024 0.00018
Lag Precip  -0.00009* 0.00004

Obs 59
R-squared 96.2%

** -- statistically significant at 99% confidence level
* -- statistically significant at 95% confidence level  
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Table 2.3:  Benefits of Adaptation Under Perfect Information 

Table 2.3A:  Expected Cost of Climate Change -- Strategy A

Realized 
Climate 

Scenario

Strategy A Non-
Adaptive 

Investment

Expected 
Cost -- 

Strategy A

Optimal 
Investment -- 
Perfect Info 
Strategy A

Minimum 
Expected 
Cost -- 

Perfect Info 
Strategy A

Expected 
Cost of 
Climate 

Change -- 
No 

Adaptation

Expected 
Cost of 
Climate 

Change -- 
Optimal 

Adaptation

% Difference:  
Adaption vs. 
No Adaption

CGCM2 0-50 216 50-0 207 70 62 14%
ECHAM4 0-50 368 100-0 327 222 182 22%
HADCM3 0-50 259 50-0 244 114 98 16%
Historical 0-50 146 0-50 146

Table 2.3B:  Expected Cost of Climate Change -- Strategy B

Realized 
Climate 

Scenario

Strategy B Non-
Adaptive 

Investment

Expected 
Cost -- 

Strategy B

Optimal 
Investment -- 
Perfect Info 
Strategy B

Minimum 
Expected 
Cost -- 

Perfect Info 
Strategy B

Expected 
Cost of 
Climate 

Change -- 
No 

Adaptation

Expected 
Cost of 
Climate 

Change -- 
Optimal 

Adaptation

% Difference:  
Adaption vs. 
No Adaption

CGCM2 0-0-50-0 214 0-50-0-0 208 69 63 10%
ECHAM4 0-0-50-0 365 50-0-50-0 336 220 191 15%
HADCM3 0-0-50-0 258 0-50-0-0 248 113 103 10%
Historical 0-0-50-0 145 0-0-50-0 145

Expected costs are expressed in millions of dollars.
Investment is expressed in thousand AF and is listed in the order in which it occurs.  
For example, 50-0 means invest 50,000 AF in period 1 and 0 AF in period 2.  
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Table 2.4:  Perfect Information:  Strategy A vs. Strategy B 

Realized 
Climate 

Scenario

Optimal 
Investment -- 
Perfect Info 
Strategy A

Minimum 
Expected Cost 
-- Perfect Info 

Strategy A

Optimal 
Investment -- 
Perfect Info 
Strategy B

Minimum 
Expected Cost --

Perfect Info 
Strategy B

% Difference

CGCM2 50-0 207 0-50-0-0 208 0.3%
ECHAM4 100-0 327 50-0-50-0 336 2.7%
HADCM3 50-0 244 0-50-0-0 248 1.9%
Historical 0-50 146 0-0-50-0 145 -0.3%

Expected costs are expressed in millions of dollars.
Investment is expressed in thousand AF and is listed in the order in which it occurs.  
For example, 50-0 means invest 50,000 AF in period 1 and 0 AF in period 2.  

 

Table 2.5A:  Expected Adjustment Costs for Strategy A 

Prior
Realized 
Climate 

Scenario

Optimal 
Investment -

- Perfect 
Info

Minimum 
Expected 
Cost -- 
Perfect 

Info

Optimal 
Investment 

Under 
Uncertainty

Minimum 
Expected 

Cost under 
Uncertainty

Expected 
Adjustment 

Cost

% 
Difference

(0,1/3,1/3,1/3) CGCM2 50-0 207 50-50 212 5 2.3%
(1/4, 1/4, 1/4, 1/4) CGCM2 50-0 207 0-100 214 7 3.2%
(1/2, 1/6, 1/6, 1/6) CGCM2 50-0 207 0-100 214 7 3.2%

(1,0,0,0) CGCM2 50-0 207 0-50 216 9 4.1%
(0,1/3,1/3,1/3) ECHAM4 100-0 327 50-50 336 9 2.6%

(1/4, 1/4, 1/4, 1/4) ECHAM4 100-0 327 0-100 360 33 9.9%
(1/2, 1/6, 1/6, 1/6) ECHAM4 100-0 327 0-100 360 33 9.9%

(1,0,0,0) ECHAM4 100-0 327 0-100 360 33 9.9%
(0,1/3,1/3,1/3) HADCM3 50-0 244 50-0 244 0 0.0%

(1/4, 1/4, 1/4, 1/4) HADCM3 50-0 244 0-100 256 13 5.2%
(1/2, 1/6, 1/6, 1/6) HADCM3 50-0 244 0-100 256 13 5.2%

(1,0,0,0) HADCM3 50-0 244 0-100 256 13 5.2%

The column 'Prior' reflects the prior probabilities the water manager places on each scenario occurring.
The first probability listed is for the historical climate and the last three probabilities are for the GCM
scenarios.  Expected costs are expressed in millions of dollars.
Investment is expressed in thousand AF and is listed in the order in which it occurs.  
For example, 50-0 means invest 50,000 AF in period 1 and 0 AF in period 2.  
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Table 2.5B:  Expected Adjustment Costs for Strategy B 

Prior
Realized 
Climate 

Scenario

Optimal 
Investment -- 
Perfect Info

Minimum 
Expected 
Cost -- 

Perfect Info

Optimal 
Investment 

Under 
Uncertainty

Minimum 
Expected 

Cost Under 
Uncertainty

Expected 
Adjustment 

Cost

% 
Difference

(0,1/3,1/3,1/3) CGCM2 0-50-0-0 208 0-50-0-0 208 0 0.0%
(1/4, 1/4, 1/4, 1/4) CGCM2 0-50-0-0 208 0-50-0-0 208 0 0.0%
(1/2, 1/6, 1/6, 1/6) CGCM2 0-50-0-0 208 0-50-0-0 208 0 0.0%

(1,0,0,0) CGCM2 0-50-0-0 208 0-0-50-0 214 7 3.2%
(0,1/3,1/3,1/3) ECHAM4 50-0-50-0 336 0-50-50-0 345 9 2.7%

(1/4, 1/4, 1/4, 1/4) ECHAM4 50-0-50-0 336 0-50-50-0 345 9 2.7%
(1/2, 1/6, 1/6, 1/6) ECHAM4 50-0-50-0 336 0-50-50-0 345 9 2.7%

(1,0,0,0) ECHAM4 50-0-50-0 336 0-50-50-0 345 9 2.7%
(0,1/3,1/3,1/3) HADCM3 0-50-0-0 248 0-50-0-0 248 0 0.0%

(1/4, 1/4, 1/4, 1/4) HADCM3 0-50-0-0 248 0-50-0-0 248 0 0.0%
(1/2, 1/6, 1/6, 1/6) HADCM3 0-50-0-0 248 0-50-0-0 248 0 0.0%

(1,0,0,0) HADCM3 0-50-0-0 248 0-50-0-0 248 0 0.0%
(1/2, 1/6, 1/6, 1/6) Historical 0-0-50-0 145 0-0-50-0 145 0 0.0%
(1/4, 1/4, 1/4, 1/4) Historical 0-0-50-0 145 0-0-0-50 149 4 2.5%

(0,1/3,1/3,1/3) Historical 0-0-50-0 145 0-0-50-0 145 0 0.0%
The column 'Prior' reflects the prior probabilities the water manager places on each scenario occurring.
The first probability listed is for the historical climate and the last three probabilities are for the GCM
scenarios.  Expected costs are expressed in millions of dollars.
Investment is expressed in thousand AF and is listed in the order in which it occurs.  
For example, 50-0 means invest 50,000 AF in period 1 and 0 AF in period 2.  
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Table 2.6:  Optimal Investment Under Existing Regulation vs. Optimal 
Investment Under Price-Based Regulation 

 
Strategy A Strategy B

Prior
Realized 
Climate 

Scenario

Existing 
Regulation 
Investment

Expected 
Cost

Price-
Based 

Regulation 
Investment

Expected 
Cost

Existing 
Regulation 
Investment

Expected 
Cost

Price-
Based 

Regulation 
Investment

Expected 
Cost

Perfect Info CGCM2 50-0 207 50-0 203 0-50-0-0 208 0-50-0-0 203
Perfect Info ECHAM4 100-0 327 100-0 320 50-0-50-0 336 50-0-50-0 328
Perfect Info HADCM3 50-0 244 50-0 238 0-50-0-0 248 0-50-0-0 242

(0,1/3,1/3,1/3) CGCM2 50-50 212 50-50 208 0-50-0-0 208 0-50-0-0 203
(1/4, 1/4, 1/4, 1/4) CGCM2 0-100 214 0-100 208 0-50-0-0 208 0-50-0-0 203
(1/2, 1/6, 1/6, 1/6) CGCM2 0-100 214 0-100 208 0-50-0-0 208 0-50-0-0 203

(1,0,0,0) CGCM2 0-50 216 0-50 210 0-0-50-0 214 0-0-50-0 208
(0,1/3,1/3,1/3) ECHAM4 50-50 336 50-50 328 0-50-50-0 345 0-50-50-0 336

(1/4, 1/4, 1/4, 1/4) ECHAM4 0-100 360 0-100 349 0-50-50-0 345 0-50-0-50 338
(1/2, 1/6, 1/6, 1/6) ECHAM4 0-100 360 0-100 349 0-50-50-0 345 0-50-50-0 336

(1,0,0,0) ECHAM4 0-100 360 0-100 349 0-50-50-0 345 0-50-50-0 336
(0,1/3,1/3,1/3) HADCM3 50-0 244 50-0 238 0-50-0-0 248 0-50-0-0 242

(1/4, 1/4, 1/4, 1/4) HADCM3 0-100 256 0-100 249 0-50-0-0 248 0-50-0-0 242
(1/2, 1/6, 1/6, 1/6) HADCM3 0-100 256 0-100 249 0-50-0-0 248 0-50-0-0 242

(1,0,0,0) HADCM3 0-100 256 0-100 249 0-50-0-0 248 0-50-0-0 242
The column 'Prior' reflects the prior probabilities the water manager places on each scenario occurring.
The first probability listed is for the historical climate and the last three probabilities are for the GCM scenarios.
Expected costs are expressed in millions of dollars.
Investment is expressed in thousand AF and is listed in the order in which it occurs.  
For example, 50-0 means invest 50,000 AF in period 1 and 0 AF in period 2.  
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From Water 
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Figure 2.1:  Determining the Optimal Level of Reliability (conditional on the price of 
water) 
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Strategy A

Strategy B

t=0 (2006):  priors for 
temperature and precipitation.  
Evaluate the effectiveness of 
adding storage (large, small, or 
none) at t=1.

t=1 (2014):  update priors for 
temperature and precipitation. 
Evaluate the effectiveness of 
adding storage (large, small, 
or none) at t=2.

prexisting reservoir capacity

prexisting reservoir capacity + 
capacity added at t=1

t=3 (2030)t=2 (2022)

prexisting reservoir capacity 
+ capacity added at t=1 & t=2

prexisting capacity
prexisting capacity + 
capacity added at t=1

prexisting capacity + 
capacity added at t=1 & 
t=2

prexisting capacity 
+ capacity added at 
t=1, t=2, & t=3

prexisting capacity 
+ capacity added at 
t=1, t=2, t=3, & t=4

t=0 (2006):
Evaluate the 
effectiveness of 
adding storage 
(small or none) at 
t=1 with priors.

t=1 (2011):  update 
distributions.  Evaluate 
the effectiveness of 
adding storage (small or 
none) at t=2.

t=2 (2016):  update 
distributions.  Evaluate 
the effectiveness of 
adding storage (small 
or none) at t=3.

t=3 (2021):  update 
distributions.  Evaluate 
the effectiveness of 
adding storage (small 
or none) at t=4.

t=4 (2026) t=5 
(2030)

 

Figure 2.2:  Timeline 
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Climate state is chosen simultaneously as the first investment 
decision and is never perfectly observed by manager.

Climate Change 
Scenario 1

Climate 
Change 
Scenario 2

Climate 
Change  
Scenario 3

Historical 
Climate Scenario

L S N L L LS N S N S N

L denotes large investment, S denotes small investment, and N denotes no investment.  The same options are available to 
the manager in the second decision period.

 

Figure 2.3:  Decision Tree 
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Figure 2.4:  Per Capita Consumption vs. Fitted Values 
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t=0:  Manager forms priors 
for monthly temperature and 
precipitation parameters by 
taking weighted averages of 
monthly temperature and 
precipitation parameters 
from the four scenarios (1 
historical & 3 GCM 
scenarios) considered.  The 
weights used to calculate the 
prior parameters represent 
the degree of confidence 
that the manager has for any 
of the four scenarios being 
realized in the future. Future 
expansion is evaluated using 
the prior parameters.  

τ years 
pass -- one 
of the 4 
scenarios is
realized

t=τ:  The manager 
observes τ monthly 
observations for each 
temperature and 
precipitation parameter 
for the realized climate 
scenario and updates 
prior temperature and 
precipitation parameters 
with the parameters 
from the realized 
climate scenario.  
Future expansion is 
evaluated using the 
updated parameters.    

t=2τ.  The manager 
continues to observe 
the same realized 
climate scenario.  
The manager 
updates temperature 
and precipitation 
distributions with the 
parameters from the 
observed climate 
and evaluates future 
capacity expansion. 

τ years 
pass 

Note:  The time between updating periods (τ), the magnitude of feasible capacity 
expansion, and the number of periods that the manager is allowed to update 
parameters is going to vary depending on the strategy chosen.

 

Figure 2.5:  Learning Process for Water Manager 
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Figure 2.6:  Average Monthly Temperature with Prior Parameters 
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Figure 2.7:  Expected Adjustment Costs (%) – Strategy A vs. Strategy B 

 

 

 

 

 

 

 

 

 



 80

 
 

References 

Barakat & Chamberlain, Inc. (1994) The Value of Water Supply Reliability: Results of a 
Contingent Valuation Survey of Residential Customers.  California Urban Water 
Agencies 
 
Barnett T, Malone R, Pennell W, Stammer D, Semtner B, Washington W (2004) The 
Effects of Climate Change on Water Resources in the West: Introduction and Overview.  
Climatic Change 62: 1-11 
 
Barnett TP, Adam JC, Lettenmaier DP (2005) Potential Impacts of a Warming Climate 
on Water Availability in Snow-Dominated Regions. Nature 438:303-309 
 
California Environmental Protection Agency (2005) DRAFT Climate Action Team 
Report to the Governor and Legislature.  California Environmental Protection Agency 
 
Cameron TA (2005) Updating Subjective Risks in the Presence of Conflicting 
Information:  An Application to Climate Change.  The Journal of Risk and Uncertainty 
30:63-97 
 
Carpenter TM, Georgakakos KP (2001) Assessment of Folsom Lake Response to 
Historical and Potential Future Climate Scenarios: 1. Forecasting. Journal of Hydrology 
249:148-175  
 
Carson RT (1991) Value of Diamonds and Water.  Paper presented at the European 
Association of Environmental and Resource Economists, Stockholm 
 
Crew MA, Kleindorfer PR (1986) The Economics of Public Utility Regulation.  The MIT 
Press, Cambridge MA 
 
Degroot MH (1970) Optimal Statistical Decisions.  McGraw-Hill Book Company, New 
York NY 
 
Dixit AK, Pindyck RS (1994) Investment Under Uncertainty.  Princeton University Press, 
Princeton NJ 
 
Dracup JA, Vicuna S, Leonardson R, Dale L, Hanemann M (2005) Climate Change and 
Water Supply Reliability. California Energy Commission, PIER Energy-Related 
Environmental Research, CEC-500-2005-053 
 
Dracup JA, Vicuna S (2006) An Overview of Hydrology and Water Resource Studies on 
Climate Change: The California Experience.  working paper 
 



 81

 
 

Fisher AC, Rubio SJ (1997) Adjusting to Climate Change: Implications of Increased 
Variability and Asymmetric Adjustment Costs for Investment in Water Reserves.  Journal 
of Environmental Economics and Management 34:207-227  
 
Griffin RC, Mjelde JW (2000) Valuing Water Supply Reliability.  American Journal of 
Agricultural Economics 82:414-426  
 
Hayhoe K, Cayan D, Field CB, Frumhoff PC, Maurer EP, Miller NL, Moser SC, 
Schneider SH, Cahill KN, Cleland EE, Dale L, Drapeki R, Hanemann M, Kalkstein LS, 
Lenihan J, Lunch CK, Neilson RP, Sheridan SC, Verville JH (2004) Emissions Pathways, 
Climate Change, and Impacts on California. Proceedings of the National Academy of 
Sciences of the United States of America 101:12422-12427 
 
Hanemann WM (2006) The Economic Conception of Water.  In: Rogers PP, Llamas MR 
(ed) Water Crisis: Myth or Reality? Taylor & Francis, London   
 
Howe CW, Smith MG, Bennett L, Brendeck CM, Flack JE, Hamm RM, Mann R, 
Rozaklis L, Wunderlich K (1994) The Value of Water Supply Reliability in Urban Water 
Systems.  Journal of Environmental Economics and Management 26:19-30 
 
Kelly DL, Kolstad CD (1999) Bayesian Learning, Growth, and Pollution.  Journal of 
Economic Dynamics and Control 23:491-518 
 
Kelly DL, Kolstad CD, Mitchell GT (2005) Adjustment Costs from Environmental 
Change.  Journal of Environmental Economics and Management 50: 468-495 
 
Mansur ET, Olmstead SM (2006) The Value of Scarce Water: Measuring the Inefficiency 
of Municipal Regulations.  working paper 
 
Mendelsohn R, Nordhaus WD, Shaw D (1994) The Impact of Global Warming on 
Agriculture: A Ricardian Analysis.  The American Economic Review 84: 753-771 
 
Metropolitan Water District of Southern California (2005) The Regional Urban Water 
Management Plan.  Metropolitan Water District of Southern California     
 
O’Hara JK, Georgakakos KP (2006) Quantifying the Urban Water Supply Impacts of 
Climate Change.  HRC Limited Distribution Report No. 24  
 
Olmstead SM, Hanemann M, Stavins RN (2006) Do Consumers React to the Shape of 
Supply? Water Demand Under Heterogeneous Price Structures. working paper 
 
Payne JT, Wood AW, Hamlet AF, Palmer RN, Lettenmaier DP (2004) Mitigating the 
Effects of Climate Change on the Water Resources of the Columbia River Basin.  
Climatic Change 62: 233-256   
 



 82

 
 

Pindyck RS (2002) Optimal Timing Problems in Environmental Economics.  Journal of 
Economic Dynamics and Control 26: 1677-1697 
 
Reilly J, Schimmelpfennig D (2000) Irreversibility, Uncertainty, and Learning: Portraits 
of Adaptation to Long-Term Climate Change.  Climatic Change 45: 253-278 
 
Rogers PP, Fiering MB (1990) From Flow to Storage. In: Waggoner P (ed) Climate 
Change and U.S. Water Resources. Wiley Series in Climate and the Biosphere, New 
York NY 
 
San Diego County Water Authority (2002) Regional Water Facilities Master Plan.  San 
Diego County Water Authority 
 
Schlenker, W, Hanemann WM, Fisher AC (2005) Will U.S. Agriculture Really Benefit 
from Global Warming?  Accounting for Irrigation in the Hedonic Approach.  The 
American Economic Review 95: 395-406 
 
Sohngen B, Mendelsohn R (1998) Valuing the Impact of Large-Scale Ecological Change 
in a Market: The Effect of Climate Change on U.S. Timber.  The American Economic 
Review 88: 686-710 
 
State of California Department of Water Resources (2005) California Water Plan Update 
2005:  A Framework for Action.  State of California Department of Water Resources    
 
The City of San Diego Water Department (2005) The 2005 City of San Diego Urban 
Water Management Plan.  The City of San Diego Water Department 
 
Vanrheenen NT, Wood AW, Palmer RN, Lettenmaier DP (2004) Potential Implications 
of PCM Climate Change Scenarios for Sacramento – San Joaquin River Basin Hydrology 
and Water Resources.  Climatic Change 62:257-281  
 
Venkatesh BN, Hobbs BF (1999) Analyzing Investments for Managing Lake Erie Levels 
Under Climate Change Uncertainty.  Water Resources Research 35: 1671-1683   
 
Vicuna S, Maurer EP, Joyce B, Dracup JA, Purkey D (2006) Climate Change Impact on 
Water Resources in California: Exploring Different Greenhouse Gas Emission Scenarios.  
under review 
 
Viscusi WK, Magat WA (1992) Bayesian Decisions with Ambiguous Belief Aversion.  
Journal of Risk and Uncertainty 5:371-387 
 
Viscusi WK (1997) Alarmist Decisions with Divergent Risk Information.  The Economic 
Journal 107:1657-1670 
 



 83

 
 

Yao H, Georgakakos A (2001) Assessment of Folsom Lake Response to Historical and 
Potential Future Climate Scenarios: 2. Reservoir Management.  Journal of Hydrology 
249:176-196   
 
Yohe G, Neumann J, Ameden H (1995) Assessing the Economic Cost of Greenhouse-
Induced Sea Level Rise: Methods and Application in Support of a National Survey.  
Journal of Environmental Economics and Management 29:S-78:S-97 
 

 

 

 

 

 

 

 

 



 

84 
 

 

3  Optimal Reliability for a Municipal Water System 

3.1  Introduction 

3.1.1  Background 

Municipal water planners design water systems in order to achieve reliability 

targets.  We define the reliability of the water system as the probability that supply is 

sufficient so that demand can be fully served.  Like managers in other public utilities 

sectors, such as electricity, water managers can influence reliability through both the 

demand side, by setting water rates and encouraging water conservation, and through the 

supply side, by building infrastructure and managing stored supplies.  Little research has 

determined the optimal levels for all of these variables simultaneously and reliability 

targets are often set without regard to economic criteria in practice11.  Ascertaining 

optimal water reliability targets will become increasingly important in future years as 

water supplies in many parts of the world are already strained, and population growth, 

economic growth, and climate change impacts on hydrologic processes will exacerbate 

this problem.   

The contribution of this paper is to analytically solve for the optimal level of 

reliability for a municipal water system as a function of the social costs and social 

benefits of maintaining reliability.  First, we extend the extensive public utility peak-load 

pricing literature, which has primarily considered conditions that characterize the 

electricity sector, by deriving the optimal price and capacity for water.  Important

                                                 
11 An example of an arbitrary reliability target set by the Metropolitan Water District described in Rodrigo 
(1996) is that “Metropolitan will provide 100 percent of full service demands to its member agencies at 
least 90 percent of the time, and under no circumstances will provide less than 80 percent of its full service 
demands – even under the most severe hydrologic events.”   
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assumptions built into this literature are that the product provided by the public utility is 

non-storable, there is no correlation between the supply and demand for the product, and 

that demand is stochastic but supply is deterministic.  These conditions are not relevant 

for municipal water since outdoor precipitation is both stochastic and a substitute for 

municipal water.  This implies that the supply and demand for municipal water are 

correlated.   

A second novel contribution of the paper is to determine how a third choice 

variable, conservation, influences reliability.  The peak-load pricing literature has focused 

on solving for optimal price and capacity only.  However, water planners have a broader 

set of options for maintaining reliability and it is important to derive how multiple 

variables interact simultaneously.  A third set of new results focuses on the implications 

of inefficient rationing for water supply since different rationing methods exist between 

water and electricity.  We examine a case where rationing for specific end-uses is 

implemented.  This type of rationing is often mandated for municipal water supply, 

whereas this is not typically done with electricity.  Suboptimal rationing rules in the 

peak-load pricing literature tend to focus on extreme cases, such as rationing to those 

with the highest willingness-to-pay first, those with the lowest willingness-to-pay first, or 

rationing at random.   

One reason why the peak-load pricing literature has focused on electricity is that 

water is storable whereas electricity is not.  Extending this work to water by treating 

inflow as stochastic in a dynamic context is difficult, if not impossible, to do analytically.  

Optimal rule curves, which are water levels that are used to determine reservoir water 

release schedules, must be derived in addition to solving for the optimal pricing scheme 
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and capacity requirements.  A second reason is that the lumpy and discontinuous nature 

of capital investment makes calculating the marginal cost of supplying water non-trivial.  

This second issue also exists with the construction of electricity power plants and is 

circumvented in the electricity literature by posing the problem in a static context.  We 

follow the same convention here for water.  Although this approach does not account for 

the important role that carry-over storage plays for water supply, we are able to determine 

the relationship between price and storage capacity and how they jointly influence 

reliability under both efficient and inefficient rationing.   

We find that it is never optimal to build sufficient reservoir storage capacity such 

that capacity does not constrain supplies, as this drives the marginal social benefits of 

reservoir storage to zero where they are less than the marginal costs of capacity 

expansion.  We show that optimal reliability is lower if the water price is constrained 

below the optimum.  We also find that optimal reliability increases if the central planner 

requires additional water conservation from consumers and that consumers will demand 

less than the socially optimal amount of water conservation if prices are set suboptimally 

low.  We further find that optimal price and capacity are higher, and thus optimal 

reliability is higher, under an inefficient rationing rule we consider than under efficient 

rationing.   

3.1.2  Municipal Water Planning 

Water managers can make multiple types of investments in order to supply water.  

The focus of the present study is on one specific component of water supply investment:  

reservoir storage.  Other forms of water supply augmentation include water recycling, 

desalination, underground aquifers, using reservoirs to maintain emergency storage 
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supplies, evaluating reservoir operating rules, water transfers, and water options.  All of 

these supply options will influence reliability differently in a dynamic context.  Reservoir 

storage, when used for consumption smoothing purposes, decreases both the likelihood of 

water surpluses and the likelihood of water shortages.  The optimal supply portfolio for 

the water authority will be a function of the cost, effectiveness, and degree of risk 

associated with each of these options.   

Although the focus of this study is for an invariant per unit water price charged by 

a water authority, water agencies often set water rates in increasing block schedules, so 

that the per unit rate for water paid by consumers is a function of the quantity of water 

they consume.  This rate structure is motivated in part by equity considerations so that 

consumers at all income levels have access to water for basic uses at a low price.  Water 

agencies typically charge nothing for the actual water and set rates at the historical 

average cost of treatment, transmission, and reservoir storage infrastructure.  Due to the 

“lumpy” nature of water supply infrastructure investment, the historical average cost of 

capacity can be far less than the future replacement cost of capacity (Hanemann 2006).  

Setting water rates equal to marginal supply costs is less common due to the 

infeasibilities associated with calculating marginal cost (Hall 1996), revenue constraints 

that may exist for water districts, and political considerations.   

 The rationing rule chosen by the regulator has efficiency implications if 

heterogeneity exists either across or within households for water.  Efficient rationing can 

be achieved by raising prices to eliminate the shortage since optimizing consumers will 

adjust their consumption until their marginal utilities are equated.  Quantity-based 

rationing can only attain this outcome if the regulator knows each consumer’s utility 
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function so that supplies can be distributed accordingly, whereas this knowledge is not 

necessary for efficient price-based rationing.  Exploring the different efficiency 

implications of alternate water rationing schemes is necessary for optimal pricing and 

capacity because spot market pricing is not always implemented by water authorities to 

curtail shortages.  Limitations to using spot market pricing include price uncertainty 

imposed on consumers, imperfect knowledge by the regulator of supply and demand 

conditions, institutional restrictions, or political considerations.  A variety of possible 

inefficient rationing rules could be considered, including rules based on past usage, 

consumer attributes, specific end-use restrictions, or voluntary reductions.  We consider 

one stylized suboptimal rationing rule based on end-use restrictions to illustrate the 

welfare implications of one type of inefficient rationing.  

3.1.3  Literature Review 

Traditional research on water reliability has focused on second-best policies.  

Engineering literature has concentrated on supply-side issues such as capacity expansion 

or reservoir operations (for example, see Loucks et al. 1981) as a means of maintaining 

reliability, where the reliability targets used for evaluation are chosen arbitrarily.  

Similarly, economists have written a multitude of articles on water price elasticity (for a 

recent example, see Olmstead et al. 2006).  Zarnikau (1994) solves for the short-run 

marginal cost of water but treats the capacity of the water system as fixed.  Riley and 

Scherer (1979) extend the peak-load pricing literature to the dynamic case for urban 

water by showing how the price of water optimally fluctuates over the course of the year 

when inflow is cyclical and deterministic.  Oliveira and Loucks (1997) contain a 
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summary of the issues associated with finding optimal reservoir rule curves, which is 

necessary to do when inflows are stochastic.        

The literature on public utility peak-load pricing under stochastic demand 

originated with Brown and Johnson (1969) and Visscher (1973) and is summarized in 

Crew and Kleindorfer (1986).  A critical issue in the peak-load pricing literature is that 

the optimal levels of price and capacity must be jointly determined with the rationing 

scheme employed by the utility in the event of a supply shortage.  Economic research that 

has either measured the willingness-to-pay by consumers to avoid water shortages, such 

as Carson (1991), Barakat & Chamberlain (1994), Howe et al. (1994), and Griffin and 

Mjelde (2000), or work that has evaluated the welfare impacts of supply-side investment, 

such as Rodrigo et al. (1996), have assumed that price is held fixed when evaluating the 

welfare impacts of supply shortages.  Thus, these studies assume that rationing is 

inefficient.    

 Studies have explored efficiency implications of alternate rationing rules, pricing 

schemes, and demand-side management for urban water, although none of these studies 

have extended this research to determine the optimal level of system reliability.  Fakhraei 

et al. (1984) theoretically derive the optimal water price (but not capacity) when 

considering two rationing schemes, neither of which are necessarily efficient, under 

stochastic supply.  Empirical work that has calculated the welfare implications of 

alternate rationing schemes include Woo (1994), who calculates the magnitude of the 

difference in welfare between price-based rationing and rationing by service interruption, 

and Mansur and Olmstead (2006), who calculate the efficiency difference between end-

use restrictions and price-based rationing.  Renzetti (1992) estimates the welfare 
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implications of different pricing schemes in Vancouver, BC.  Empirical studies that have 

estimated the effectiveness of alternate demand side management, particularly 

conservation, include Renwick and Archibald (1998), Renwick and Green (2000), and 

Timmins (2003).    

3.2  Model 

3.2.1  Reliability 

 Storable precipitation is r  with a differentiable CDF )(rF .  We assume that the 

accumulation interval is sufficiently long so that precipitation is not described by a 

mixed, discontinuous distribution with an atom at zero.  Storage capacity is denoted by 

k .  The maximum amount of water that can be supplied by the water authority, s , is 

},min{ kr .  So, even though this is a static model, rainfall must be stored in the period 

prior to it being consumed.  Also, the price and capacity of the system are set prior to 

precipitation occurring and are not adjusted ex post.  This is consistent with previous 

approaches in the peak-load pricing literature.  The cost of storage capacity is )(kC  and 

the treatment and transmission costs are )(sB  with derivatives 0)( >′ kC , 0)( >′ sB , 

0)( ≥′′ sB , and 0)( ≥′′ kC .  The sign of B ′′  is a function of the distance, density, and 

elevation of consumers from the reservoir and we conduct a sensitivity with respect to 

this assumption.  We assume throughout that treatment and transmission costs are 

homogeneous amongst consumers and ignore issues pertaining to zonal pricing.  

There are n  consumers of water.  The price of water is p  and per capita gross 

demand is )( pQ  with 0)( <′ pQ  for all consumers.  Demand can be satisfied either 

through point-of-use rainfall collection or through the water system.  The spatial rainfall 
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distribution and collection is uniform throughout the water district.  Point-of-use rainfall 

collection is )(rA , with 0)( >′ rA  and 0)0( =A  for all consumers.  Thus, aggregate net 

demand, which is decreasing with both price and rainfall, becomes: 

 ))()((),( rApQnrpD −=               (1)   

Shortages can occur from one of two reasons:  insufficient rainfall or insufficient 

capacity.  )(ˆ pr  is the rainfall shortage threshold with 0)(ˆ <′ pr .  If rpr >)(ˆ , then 

rainfall is insufficient to meet demand.  As price is increased, the threshold for a shortage 

decreases as higher prices indicate that less overall rain is needed to satisfy demand.   The 

rainfall shortage threshold exists for a given price when total net demand is exactly 

satiated by )(ˆ pr  at that price: 

 )(ˆ))(ˆ,( prprpD =                (2) 

The capacity shortage threshold, ),( kpr , is the level of rainfall such that 

),( kprrk <<  implies that shortages result from insufficient capacity with 0),( <kpr p  

and 0),( <kprk .  The capacity shortage threshold exists for a given price and capacity 

level when aggregate net demand is exactly satiated by reservoir storage capacity at that 

price and capacity level: 

 kkprpD =)),(,(                (3) 

The combination of the amount of capacity and level of demand in the system will 

determine which of the two threshold targets is greater.  The capacity unconstrained case 

arises if a shortage cannot occur for any )(ˆ prr > .  This implies ),()(ˆ kprpr >  and is 

graphically depicted in quantity-rainfall space on the left in Figure 3.1.  Shortages cannot 
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occur from insufficient reservoir storage capacity in the capacity unconstrained case.  The 

capacity constrained case exists if a shortage could occur when )(ˆ prr > .  This implies 

),()(ˆ kprpr <  and is graphically depicted in Figure 3.1 on the right.  The demand curve 

intersects the supply curve on the 45 degree line in the capacity unconstrained case and it 

intersects the supply curve on the horizontal segment in the capacity constrained case.   

)(kpB  is the boundary between the capacity constrained and capacity 

unconstrained cases.  This occurs for a given price and capacity level where 

)),(())((ˆ kkprkpr BB = , or when the demand curve intersects the supply curve at the kink 

in quantity-rainfall space.  Figure 3.2 shows that this price must be high for low levels of 

capacity and vice versa.  The curvature of this frontier in p-k space is going to depend on 

the second derivative of price with respect to demand.  )(kpB  in Figure 3.3 is convex to 

the origin, which implies that when demand is high it is more responsive to increases in 

price than when demand is low.    

A water shortage occurs with probability one in the zero reliability case.  )(kpZ , 

the highest price at which a shortage occurs with probability one, is the boundary 

between the capacity constrained case and the zero reliability case.  Figure 3.2 shows that 

this price is higher for lower levels of capacity and lower for higher levels of capacity.  

This can formally be defined as 1))),((( =kkprF Z , and for instances when the 

probability distribution of rainfall is bounded at maxr , occurs where 1)( max =rF .  This 

implies that price must be approaching zero for modest amounts of capacity and vice 

versa.  Figure 3.2 also shows that )()( kpkp ZB > .   
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3.2.2  Social Surplus 

Figure 3.3 shows that the social surplus from optimal levels of price and capacity, 

for a given set of consumer characteristics and rationing rule, needs to be solved for the 

capacity unconstrained case, the capacity constrained case, and the zero reliability case.  

Rationing is costless in all cases.  Utility for a representative consumer from water 

consumption is ))(( pQU  with 0))(( >′ pQU  and 0))(( <′′ pQU .  We adopt the standard 

convention that consumers maximize the utility they receive from consuming water less 

the costs of purchasing water.  The problem facing each consumer is to choose per capita 

net demand, ),( rpq , to maximize: 

 ),())(),(( rppqrArpqU −+               (4)  

 The first order condition for each consumer implies that ),(* rpq  solves: 

 prArpqU =+′ ))(),(( *               (5) 

We are interested in cases where positive storage capacity is desirable, so we 

assume that the expected marginal utility for consumers with no storage is greater than 

the marginal costs of no storage: 

 ∫
∞

=
′+′>′

0
)0()0()())((

r
CBrdFrAU              (6) 

 The expected social surplus in the capacity unconstrained case is the net surplus 

when inadequate rainfall leads to shortages plus the net surplus associated with sufficient 

rainfall to satiate consumers less the costs of capacity investment.  If consumers are 

homogeneous and rationing is efficient, optimal price and capacity is found by 

maximizing: 
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 The expected surplus in the capacity constrained case is the sum of three terms 

less the cost of reservoir storage.  Shortages can occur in this case from either insufficient 

rainfall or insufficient capacity.  The first term in (8) is the net surplus when there is 

insufficient rainfall to satisfy demand, the second term is the net surplus when there is 

insufficient capacity to satisfy demand, and the third term is the net surplus associated 

with satiated demand.  For this scenario, the water authority chooses price and capacity to 

maximize: 
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 The expected surplus under zero reliability is the sum of the net surplus with 

insufficient rainfall and the net surplus under insufficient capacity less capacity costs.  

The expected welfare in the zero reliability case is: 

)()()]())(([)()]())(([
0

kCrdFkBrA
n
knUrdFrBrA

n
rnU

kr

k

r
−−++−+ ∫∫

∞

==
         (9)   

3.3  Optimal Levels of Price, Capacity, and Reliability 

 First, we derive the optimal price conditional on a given level of reservoir storage 

capacity.  Next, we derive the optimal level of capacity conditional on price.  The optimal 

levels of price and capacity will be then simultaneously determined in order to derive the 

optimal level of system reliability. 
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3.3.1  Optimal Price 

3.3.1.1  Capacity Unconstrained Case 

 We find the first order condition for price in the capacity unconstrained case by 

maximizing (7) with respect to price to obtain: 
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∞
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 or: 
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 At the optimum, price equals the expected marginal supply cost conditional on the 

event that demand is satiated.  The optimal price in the capacity unconstrained case does 

not depend on the amount of capacity.  The second order sufficient condition is: 

 ))(ˆ()()))](ˆ,(())(()[( UUUUUU
p prfpQnprpDBpQUpr ′′−′−  

0)())(())],(())(([
)(ˆ

2 <′′′−′′+ ∫
∞

= Uprr

UUU rdFpQnrpDBnpQU      (10c)   

 The first term is the “threshold effect”.  The sign of the threshold effect depends 

on the sign of the difference between marginal utility and marginal transmission costs 

evaluated at the rainfall shortage threshold since both terms are positive.  However, this 

difference is negative by (10a).  (.)B′  is strictly decreasing in rainfall since 0(.) >′′B  and 

),( rpD  is greatest over this range of rainfall at the capacity shortage threshold ),( kpr .  

This implies that marginal treatment costs are highest at the rainfall shortage threshold 

and decrease as rainfall approaches infinity.  Thus, the threshold effect is positive 

because (10a) integrates to zero.  The second term is the “net surplus effect” and is 
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strictly negative.  We assume the absolute value of the net surplus effect is greater than 

the absolute value of the threshold effect so that the second order condition holds.    

3.3.1.2  Capacity Constrained Case   

For the capacity constrained case, we maximize (8) with respect to price and 

denote the solution )(kpC .  Substituting (1) and (3), the first order necessary condition 

becomes: 
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 Substituting in the functional form for marginal utility yields: 
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provided the denominator is positive.  This has a similar interpretation to the first order 

condition in the capacity unconstrained case except now the optimal price depends on 

capacity. 

 The second order condition is: 

 ))),((())(()))]),((),((()))((((.)[)( kkprfkpQnkkprkpDBkpQUr CCCCC
kpC ′′−′−  

0)()))((())]),((()))((([
)),((
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We assume the net surplus effect dominates the threshold effect here as well.  

With pSOC  denoting the second order condition, the optimal price responds to changes 

in capacity by: 

p

CCCC
k

C

SOC
kkprfkpQnrkpDBkpQUr

dk
kdp ))),((())(())]),((()))((((.)[)( ′′−′

=  (11d) 
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 The numerator is negative by (11a) by the same logic used to determine the sign 

of the threshold effect and the denominator is negative by the second order condition.  

Thus, 0)(
>

dk
kdpC

 since 0(.) >′′B .  Increasing reservoir storage implies that demand can 

be satisfied at lower levels of rainfall.  Marginal treatment and treatment costs will be 

increasing since the water authority is now supplying more water, which implies that 

optimal prices will be higher if capacity is expanded to cover construction costs.   

3.3.1.3  Zero Reliability Case  

Price is not included in (9).  Optimal price can fall anywhere in the zero reliability 

range for a given capacity level since demand will never be satiated for any amount of 

rainfall.  All payments represent a transfer to the water authority from the consumer and 

do not impact the social surplus. 

Figure 3.4 plots the optimal price as a function of capacity.  The capacity 

unconstrained price, Up , which is not a function of the level of capacity, is optimal when 

Ukk ≥ .  When k  falls below Uk , the capacity unconstrained price )(kpC  becomes 

optimal.  Zero reliability becomes optimal when k  is less than Zk and the range of 

optimal prices is )](,0[ kpZ .   

3.3.2  Optimal Capacity 

3.3.2.1  Capacity Unconstrained Case 

It is never optimal to choose capacity levels such that capacity cannot constrain 

supplies since (7) is strictly decreasing in capacity..  

3.3.2.2  Capacity Constrained Case 
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 We find the optimal solution for the capacity constrained case by maximizing (8) 

with respect to k .  Denoting the optimal solution as )( pk C , substituting (1) and (3), and 

simplifying, leads to: 
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 The first order necessary condition states that at the optimum, the marginal cost of 

increasing reservoir storage by an additional unit must equal the expected net marginal 

social surplus of additional capacity when capacity constrains supplies. 

 The second order sufficient condition is: 
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 This is similar to the second order conditions for price except that now there are 

two threshold effects.  The sign of the first threshold effect is ambiguous and the sign of 

the second threshold effect is positive by (12a) since 0(.) ≤′′U .  The net surplus effect is 

negative, and we assume that the net surplus effect dominates so that the solution is 

uniquely defined.  The comparative static derivative of optimal capacity with respect to 

price (using (1) and (3)) is:    

k
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C
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=      (12c) 
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where kSOC  denotes the second order condition.  The sign of this expression depends on 

the difference between marginal utility and marginal treatment costs at the capacity 

shortage threshold.  Demand is high when price is low, which implies low marginal 

utility and high marginal treatment costs, so this expression is negative for low prices.  

Demand decreases as price increases, leading to increasing marginal utility and 

decreasing marginal treatment costs.  It is beneficial to service this demand at low levels 

of price and the optimal amount of capacity is increasing.  As price continues to climb 

then eventually marginal utility becomes greater than marginal treatment costs.  The 

optimal amount of capacity is reduced as the marginal benefits of capacity become 

negative and using capacity to reduce supply becomes a substitute for using price to 

reduce demand.  This implies that )( pk C  is increasing and then decreasing in price as 

price increases.   

3.3.2.3  Zero Reliability Case 

Optimal capacity in the zero reliability case must be set so that: 
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Thus, the optimal capacity level in the zero reliability case is independent of 

price.  Figure 3.5 plots the optimal solution.       

3.3.3  Optimal Reliability 

3.3.3.1 Optimal Levels of Price and Capacity 

 We solve for optimal reliability when price and capacity are chosen to maximize 

expected social surplus.  Two different types of solutions exist:  one in which )(kpC  and 

)( pk C  intersect and optimal reliability is positive, and another case in which they do not 
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intersect and optimal reliability is zero.  Figure 3.6 shows both cases of reliability.  

Optimal reliability is positive when Zkk >0  and zero when Zkk ≤0 , where 0k  is the 

optimal capacity level when reliability is zero.  The optimal price and capacity levels 

have asterisks in the positive reliability solution.  Any price less than or equal to )( 0kpZ , 

denoted 0p  in Figure 3.6, gives the optimal price in the zero reliability case, and 0k  is 

the optimal level of capacity.   

 If the optimal level of reliability is positive, then )(kpC  and )( pk C  intersect 

where )( pk C  is upward-sloping.  First, the integral in (11a) is strictly increasing in 

rainfall since increased rainfall decreases demand, which lowers marginal transmission 

and treatment costs.  This implies that the net surplus must be strictly negative at the 

lower limit of the capacity shortage threshold under optimal pricing.  It follows that the 

numerator in (12c) is negative at the equilibrium and that )( pk C  must intersect the 

)(kpC  locus when )( pk C  is increasing.   

3.3.3.2  Pricing Constraints 

 We observe the impact on reliability in Figure 3.6 if water rates are set 

exogenously to water planners through long-term contracts by tracing the )( pk C  locus 

for *pp ≠  in the positive reliability case.  If price is exogenously set (slightly) higher 

than *p , then capacity is increased in order to encourage greater water consumption.  

However, if price is set sufficiently high, then demand is reduced so that the value of 

capacity decreases and the optimal level of capacity falls below *k .  Reliability increases 

for (slightly) higher p  since ))(,( pkpr C  is decreasing in p .  This is because higher 
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price has a positive direct effect on reliability by reducing the capacity shortage threshold 

and has a positive indirect effect on reliability by increasing capacity at the optimum, 

which also increases reliability.  The water authority uses capacity to reduce supply as a 

substitute for using price to reduce demand when *pp <  in order to save treatment and 

transmission costs.  Thus, optimal reliability is reduced when prices are constrained 

below the optimum.     

3.3.3.3  Decreasing Marginal Treatment and Transmission Costs   

As mentioned earlier, it is possible that is it cheaper to serve additional demand as 

a greater quantity of water is served, or 0)( <′′ sB .  Optimal price and capacity continue 

to be defined by the same first order conditions under this assumption.  However, this 

alters the second order conditions.  The sign on the net surplus effect in (10c) becomes 

ambiguous and the threshold effect becomes negative as (.)B′  is now increasing in 

rainfall.  Thus, (.)B′  is lowest at the rainfall threshold shortage in (10a) which makes the 

difference between marginal utility and marginal treatment costs positive at this level of 

rainfall. 

 By similar logic, the numerator in (11d) also becomes positive, which implies that 

0)(
<

dk
kdpC

.  Increases in capacity imply that larger levels of demand will be supplied 

with lower marginal supply costs.  Thus, it is beneficial to reduce price in order to 

encourage greater consumption.  This also implies that the slope of )( pk C  is strictly 

negative wherever it intersects the )(kpC  locus as (11a) is now positive at the capacity 

shortage threshold.  Figure 3.7 displays the new level of reliability.   
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3.4  Conservation Investment 

3.4.1  Central Planner 

 We now consider the impact of water conservation on optimal reliability.  The 

price of water is fixed at p  for simplicity.  We first consider the case of a central planner 

who rations efficiently and requires each consumer to make conservation investments c .  

)(cG  is a function that maps conservation investment into water quantity units with 

0)( >′ cG  and 0)( <′′ cG .  Aggregate net water demand is now: 

 ))()()((),,( cGrApQncrpD −−=                       (14) 

 The new capacity shortage threshold, with 0<∂
∂

c
r , becomes: 

 kcckprpD =)),,,(,(                         (15) 

 The boundary of the capacity constrained and capacity unconstrained cases 

becomes ),),,(()),,((ˆ ckckprcckpr BB =  and the boundary between zero reliability and 

positive reliability becomes 1)),),,((( =ckckprF Z .  )(ncV  is the social cost of investing 

in water conservation with 0)( >′ ncV  and 0)( ≥′′ ncV .   

3.4.1.1  Capacity Unconstrained Case 

 The optimization problem facing the water planner in the capacity unconstrained 

case is to choose capacity and conservation to maximize: 
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 Again, this function is strictly decreasing in capacity, so it is not optimal to 

choose capacity levels such that the capacity unconstrained case is realized.  Also, the 

optimal level of conservation does not depend on the level of capacity chosen.  The first 

order condition for conservation is:

 
)(
)()()),,(()())()((

),(ˆ

),(ˆ

0 U

U

cprr

Ucpr

r

U

cG
ncVrdFcrpDBrdFcGrA

n
rU

U

U

′
′

=′+++′ ∫∫
∞

==
  (17) 

The sum of the two integrals is the marginal benefit of an additional unit of 

conservation investment.  Both integrals are positive, which reflects the positive impact 

that conservation has on consumer surplus net of treatment and transmission costs.  The 

first integral is the marginal utility gained when conservation replaces supplies that are 

unavailable in the event of a shortage and the second integral is the savings in treatment 

and transmission costs that arise from demand reductions when the supplies are adequate 

to meet demand.   

3.4.1.2  Capacity Constrained Case 

Expected social surplus in the capacity constrained case becomes: 
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 The new optimality condition for capacity is: 
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 The second order condition, assumed to be negative, is: 
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The comparative static is: 
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The denominator is negative by the second order condition.  The sign of the 

numerator is ambiguous.  The first term in the numerator is positive for higher levels of 

conservation and the second term in the numerator is going to depend on the sign of 

BU ′−′ , which is negative at capacity shortage threshold for low p .  We assume the first 

term dominates the second term so that 0)(
<

dc
cdk C

.    

 The optimality condition for conservation investment becomes: 
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The marginal benefit of conservation is now the sum of three integrals, with the 

first two representing the marginal utility gained when conservation replaces supplies that 
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are unavailable in the event of a shortage.  The numerator for the comparative static is:
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 Again, assuming that BU ′−′  is negative and that the second order condition 

holds, the capacity shortage threshold shifts downward as the capacity stock rises.  Thus, 

the numerator is negative, and 0)(
>

dk
kdcC

. 

3.4.1.3  Zero Reliability Case 

 The optimization problem for the water planner in the zero reliability case is to 

choose capacity and conservation to maximize: 
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The first order condition for conservation is: 
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 The first order condition for capacity is:
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 If the second order condition holds, then the sign of  
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kdcO )(  will equal the sign 

of  ∫
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second order condition holds for capacity then the sign of 
dc

cdk O )(  is equal to the sign of 
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.  This expression is negative, so 0)(
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 Figure 3.8 shows the two possible types of unique equilibrium:  one in which zero 

reliability is optimal when )(kcO and )(ck O  intersect and another in which a unique level 

of positive reliability exists when )(kcC  and )(ck C  intersect.  We see that conservation 

and capacity are substitutes from this figure as a decrease in marginal conservation costs 

increases optimal conservation, and hence reduces capacity. 

3.4.1.4  Impact of Conservation on Reliability  

 Optimal conservation investment increases if the marginal cost of conservation 

investment falls.  This has an a priori ambiguous impact on reliability for low p  in the 

positive reliability case.  This is because increasing conservation has a direct effect of 

reducing )),(,( cckpr C , which increases reliability, while at the same time, 0)(
<

dc
cdk C

, 

so increasing conservation will also indirectly increase )),(,( cckpr C  and hence reduce 

reliability.  The result that the direct effect will dominate the indirect effect can be seen in 

(19a).   A level of capacity, denoted k ′ , exists such that if conservation investment is 

increased from c  to c′ , then capacity can be reduced from )(ck C  to k ′  so that demand is 

unchanged over the range of rainfall on which the capacity constraint is binding.  This 

also implies that the capacity shortage threshold is unchanged: 
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The marginal social utility from capacity is positive at k ′  by (19a).  First, since 

0)( ≥′′ kC  and 0)( ≥′′ sB , lower reservoir storage capacity lowers marginal capacity and 

marginal treatment costs.  In addition, reducing capacity increases the range of rainfall at 

which capacity constrains supplies to include higher-valued increases in marginal utility 

along with lower valued increases in marginal treatment and transmission costs.  This 

implies kck C ′>′)(  so that the first order condition holds: 
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 Thus, )),(,()),(,( cckprcckpr CC ′′> , or reliability is higher with increased 

conservation investment.  We interpret this result as a quid pro quo in which the water 

authority finds it optimal to increase reliability to consumers when they require a greater 

amount of conservation investment from consumers. 

3.4.2  Consumers Choose Conservation Investment 

We contrast the central planner results with the decentralized case in which 

consumers make individual conservation investments with conservation capital supplied 

in a competitive market.  The cost function for conservation capital is jvc  where jc  is the 

amount of capital supplied by firm j .  If each consumer demands c  units then the social 

cost function is vncncV =)( .  Consumers invest in conservation capital prior to 

observing rainfall.  The expected utility of a representative consumer in the capacity 

constrained case is to choose c  to maximize: 
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 Demand for conservation investment, *c , must satisfy: 
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 However, the same result in the central planner case arises if: 
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 Thus, price must be set at the socially optimal level for a specified level of 

capacity and conservation investment in order for the private incentives for conservation 

investment to be the same as the social incentives for conservation.  If the second order 

condition holds, then the sign of 
p

pcC

∂
∂ )(  is equal to the opposite sign of 

)),,((1( CckprF−− .   However, this is negative, which implies that 0)(
>

∂
∂

p
pcC

.  Thus, 

if price is set below the optimal level, then each consumer will demand strictly less than 

the socially optimal level of conservation investment.  The low price of water encourages 

consumers to demand too much water and too little conservation since water and 

conservation investment are substitutes.      

3.4.3  Consumer Heterogeneity and Conservation Investment 

 In this section, consumers still have homogeneous utility and demand, but now 

have heterogeneous conservation investment costs.  Consumers have either high 

conservation costs, denoted HV , or low conservation costs, denoted LV .  There are nφ  



 109

 
 

 

consumers with high conservation costs and n)1( φ−  consumers with low conservation 

costs for 10 ≤≤ φ .  Conservation costs are linear with conservation investment.  The 

objective problem facing the central planner in the capacity constrained case is to choose 

capacity and conservation to maximize: 
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The optimization problem is similar to (18) except now the costs vary depending 

on the consumer.  The first order condition for conservation (20a) must be appropriately 

modified.  The central planner does not know the type for each individual but does know 

the distribution of types throughout the entire population and chooses one level of 

conservation investment for each consumer.  However, at the decentralized optimum, we 

know that consumers will be choosing different levels of conservation investment.  The 

first order condition for the consumers will be identical to (27), except with different 

costs facing individual consumers depending on their type.  Hc  is the optimal level of 

water conservation for high cost consumers, Lc  is the optimal level of conservation for 

low cost consumers, and CENc  is the optimal level of conservation investment for the 

central planner. 

First, HL cc >  since we see 0)(*

<
dV

Vdc  from the comparative static derivative: 
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LHCEN ccc )1( φφ −+=  from the first order conditions.  This holds because the 

weighted sum of (27) for the two different consumer types equals (20a), when (20a) is 

modified as described above.  So, if the central planner knows the distribution of types 

without knowing which consumers belong to each of the types then they will attain the 

efficient aggregate outcome.  However, there are distributional implications associated 

with this result when the central planner does not know the type for each consumer, since 

the authority will require that consumers with low conservation costs underinvest in 

conservation relative to their optimal levels and that consumers with higher conservation 

costs overinvest in conservation.     

3.5  Suboptimal Rationing 

One common rationing technique is to place restrictions on outdoor use only.  In 

this section, we consider a stylized rationing rule that exemplifies this approach to 

determine the impacts on reliability levels.  There are two different types of demand: 

indoor and outdoor.  The water authority rations inefficiently in this scenario by 

allocating water for indoor use purposes, and once indoor usage is satiated, distributing 
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the remaining supplies for outdoor use consumption.  We retain the assumption that 

consumers are homogeneous and do not consider the possibility of cheating or 

enforcement costs under this approach.  Indoor demand is not dependent on rainfall.   

 )( pDI  is per capita net demand for indoor use water and ),( rpDO  is per capita 

net demand for outdoor use water.  The new rainfall shortage threshold is 

)))(ˆ,()(()(ˆ prpDpDnpr OI +=  and the new capacity shortage threshold is 

))),(,()(( kprpDpDnk OI += .  We restrict attention to the case for which )( pnDk I> .  

If this condition does not hold then there will be a permanent shortage, in which case the 

authority will ration all available supplies for indoor use and none for outdoor use.  

Optimizing consumers choose consumption to solve:  

 ))(),(())(( ** rArpDUpDUp OOOII +′=′=           (31) 

 We contrast these results with the results under efficient rationing with two uses.  

We write out the objective functions for the case of efficient rationing, and since the first 

order conditions are similar to the ones derived earlier under one use, we include them in 

the appendix.  The important difference is that there are now two marginal utilities in the 

first order condition and that differences may exist in the responsiveness of demand with 

respect to price between the two uses.  )(rθ , for 1)(0 ≤≤ rθ , is the fraction of available 

supplies such that the marginal utilities under a shortage are equated and solves 

))())(1(())(( rA
n

rrU
n

rrU OOI +
−′=′ θθ .  Supplies would be distributed in this fashion if 

the water authority were able to ration efficiently.         

3.5.1  Capacity Unconstrained Case 
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The objective function in the capacity unconstrained case under the inefficient 

rationing regime is to choose price and capacity to maximize: 
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The first integral represents the utility consumers receive when both demands are 

rationed and available rainfall is allocated for indoor use and the second integral is the 

utility for consumers when indoor use is satiated and outdoor use is rationed.   

By contrast, the objective function in the capacity unconstrained case with 

efficient rationing is to choose price and capacity to maximize: 
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 (32) and (33) are both strictly decreasing in capacity.  Thus, as earlier, it is not 

optimal to choose capacity levels so that an equilibrium exists in the capacity 

unconstrained space.  

The first order condition for optimal price, denoted UIp , under inefficient 

rationing becomes: 
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The first order condition for price is under efficient rationing is contained in the 

appendix.  The optimal price in both cases is independent of capacity levels and is a 

horizontal line in price-capacity space.  The two first order conditions differ by one term.  

Under efficient rationing, price must be set so that the second integral in (34) equals zero.  

The first integral in (34) (that is not included in the first order condition under efficient 

rationing) is positive.  The marginal utility for indoor consumption is constant for all 

levels of rainfall and this exactly equals the marginal utility for outdoor consumption at 

the rainfall shortage threshold.  Since the marginal utility for outdoor consumption is 

decreasing in rainfall, the difference between these terms is negative for all other levels 

of rainfall.  Thus, the entire expression is positive. 

This implies that the second integral in (34) is negative while the exact same 

expression, for a different price, must equal zero in the efficient rationing case.  If the 

change in demand to a unit increase in price is the same, for indoor and outdoor demand, 

then the sum of the marginal utilities must dominate the sum of the marginal transmission 

costs, and optimal price is higher under inefficient rationing in the capacity unconstrained 

case than under efficient rationing.  Higher price implies lower demand.  Lower demand 

implies higher marginal utility and lower marginal treatment costs.  In addition, higher 

price decreases the rainfall shortage threshold and increases the range of rainfall at which 
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demand is satiated to lower levels where marginal utility is high and marginal supply 

costs are low.                

3.5.2  Capacity Constrained Case 

The objective function in the capacity constrained case under inefficient rationing 

is: 
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The objective function in the constrained case contains an additional integral that 

represents utility associated with satiated indoor demand and outdoor demand constrained 

by insufficient capacity.   

The objective function under efficient rationing in the capacity constrained case 

becomes: 
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The first order condition for price under inefficient rationing becomes: 
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 (37) differs from the first order condition under efficient rationing with the 

inclusion of two additional integrals.  These integrals are included because the difference 

between the marginal utility of the two uses is zero under efficient rationing, whereas 

under inefficient rationing the optimal price equates these terms as closely as possible 

while at the same time minimizing the difference between marginal utility and marginal 

treatment costs under demand satiation.   

It is ambiguous if the slope of 
dk

kdpCI )(  is steeper or shallower than 
dk

kdpCE )( .  

The numerator of 
dk

kdpCI )(  has an additional term 
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kdpCI )(  has five additional terms 
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than the denominator of 
dk

kdpCE )(  and the terms have different signs.  For simplicity, we 

assume that the slopes of  
dk

kdpCI )(  and  
dk

kdpCE )(  are equal.   

Finally, the optimal price for a given capacity level is higher under inefficient 

rationing than under efficient rationing.  If the price responsiveness of demand for both 

indoor and outdoor consumption is equal, then the third integral in (37) must be negative 

since the first two integrals are positive.  Thus, since this third term equals zero optimally 

under efficient rationing, the optimal price must be higher under inefficient rationing.   

The first order condition for capacity under inefficient rationing for the capacity 

constrained case is: 
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 In (38), the optimal amount of capacity equates the net marginal benefits from 

outdoor consumption when capacity constrains supplies with the marginal cost of 

increasing this capacity.  The optimal amount of capacity under inefficient rationing is 

greater than the optimal capacity level under efficient rationing for a fixed price because 

the marginal utility under inefficient rationing is greater than marginal utility under 

efficient rationing for the same amount of capacity.  Equilibrium for (38) is attained by 

increasing the optimal amount of capacity under efficient rationing.   

In addition, the numerator in the expression 
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pdk CI )(  has an additional positive 
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dp
pdk CE )(  does not12.  The magnitude of the denominator’s of 

dp
pdk CI )(  and  

dp
pdk CE )(  

cannot be directly compared because they are the sums of terms with different signs.  For 

simplicity, we assume that the denominators of these two expressions are equal.  This 

implies that the slope of 
dp

pdk CI )(  will always be less than the slope of 
dp

pdk CE )(  at any 

price.  Furthermore, it is not the case that the slope of 
dp

pdk CI )(  is necessarily positive for 

low levels of price, as it is possible for 
dp

pdk CI )(  to be negative over all prices in the 

capacity constrained region.  This also implies that it is not possible to discern if the 

intersection of )( pk CI  and )(kpCI  occur where )( pk CI  is upward sloping.          

3.5.3  Zero Reliability Case 

 The objective function in the zero reliability case under inefficient rationing is: 
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 The objective function in the zero reliability case under efficient rationing 

becomes: 
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12 The term that the numerators have in common will take on different values since they are being evaluated 
at different optimal capacity levels. 



 118

 
 

 

 ∫
∞

=
−−+

−
+

kr OOI kCrdFkBrA
n

kknU
n

kknU )()()]())())(1(())(([ θθ                  (40)  

So, with efficient rationing, the optimal level of capacity is independent of price 

and the optimal price is free.  Under the inefficient rationing scheme we consider, if an 

interior solution were feasible then optimal price in the zero reliability case would set the 

sum of the difference between the two marginal utilities under rationing to zero: 

 ∫ =
+

−′−′
k

kpnDr O

I
I

O
I

III
I

rdFrA
n

kpnDrUkpDU
))((

0
0

0
)())]())((()))((([  

 0)())]())((()))((([
0

0 =+
−′−′+ ∫

∞

=
rdFrA

n
kpnDkUkpDU O

I
I

O
I

Ikr I                     (41) 

 However, price is restricted in the zero reliability case so that the difference 

between these marginal utilities cannot be equated and optimal price must satisfy the 

inequality constraint )),(,()( kprpDpD
n
k

OI <− .  As in the efficient rationing case, any 

price in the zero reliability range is optimal.    

 The first order condition for capacity in the zero reliability case is: 
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 Optimal capacity in the zero reliability case equates the marginal utility associated 

with outdoor water consumption in the event that capacity constrains supplies with the 

marginal cost of water supply.  If the second order condition holds, then the numerator of 

dp
pdk I )(0
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 since (43) is positive.  Also, optimal capacity levels under inefficient 

rationing are higher than optimal capacity levels under efficient rationing.  The marginal 

benefits of capacity are higher under inefficient rationing at the optimum for a fixed level 

of capacity.  This implies that the optimal level of capacity that solves the inefficient case 

will result in lower marginal utility for the efficient case.  Capacity must be reduced in 

the efficient case in order for an equilibrium to be attained as marginal utility will rise 

while marginal costs fall.     

3.5.4  Equilibrium and Reliability 

 Figure 3.9 plots the solutions for optimal price and optimal capacity under 

inefficient rationing relative to efficient rationing.  As before, equilibria are possible in 

both the zero reliability case and the capacity constrained case.  Furthermore, reliability is 

higher under inefficient rationing relative to efficient rationing as both optimal levels of 

price and capacity are higher.  Thus, increased reliability can also be viewed as 

compensation to consumers by accepting a suboptimal rationing regime.      

3.6  Conclusion 

 Continued population and economic growth, combined with adverse climate 

change impacts on the hydrologic cycle, will put greater stress on already strained water 

systems in future years.  Using economic criteria to evaluate the reliability of water 

systems will be at the forefront of how planners can adapt to these changes.  Water 

planners have a multitude of options at their disposal that can alter reliability, and 

understanding how they complement each other is essential for managing a scarce 

resource effectively.  It is difficult to recommend action based on research that examines 
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either supply side planning or demand side management in isolation since the results can 

only allow for a second best analysis. 

The most important results of the paper demonstrate that optimal reliability is 

lower if water price is constrained below the optimum, optimal reliability increases if the 

central planner requires more water conservation from consumers, and optimal reliability 

increases under the inefficient rationing rule we consider.  The result that conservation 

investment will be suboptimally low if prices are set low complements the finding from 

the empirical literature that the gains from a given level of additional conservation 

investment are limited when price is low.  The results also show that the impact of 

whether marginal treatment and transmission costs are increasing or decreasing in the 

quantity of water supplied has critical impacts on optimal water policy.  Specifically, 

expanding reservoir storage capacity increases the optimal water price if marginal costs 

are increasing and decreases the optimal price if marginal costs are decreasing. 

 This research makes an important contribution to the public utility peak load 

pricing literature by treating supply and demand as both stochastic and correlated.  

Furthermore, that literature traditionally has only looked at capacity and price, and an 

innovative contribution of this paper is to also explore the effects of conservation 

investment on optimal price and capacity levels.  Future work could explore the 

effectiveness of various types of supply investments for water managers in a dynamic 

context.  Other extensions could allow for additional types of consumer heterogeneity, 

explore alternate rationing rules, or introduce rationing costs.   
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Appendix 
 
First Order Conditions For Two Products Under Efficient Rationing 
 
Capacity Unconstrained Case 
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This is strictly decreasing in capacity, which implies that it is not optimal to build 
capacity to this level of reliability. 
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Zero Reliability Case 
 
Price 
 
Price can be set to any value since it is not included in the objective function. 
 
Capacity 
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Figure 3.1:  Shortage Thresholds 
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Figure 3.2:  Definition of pB(k) and pZ(k)   
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Figure 3.3:  Reliability Plotted in p-k Space 
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Figure 3.4:  Optimal Price as a Function of Capacity 
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Figure 3.5:  Optimal Capacity as a Function of Price 
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Figure 3.6:  Optimal Positive Reliability and Optimal Zero Reliability 
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Figure 3.7:  Optimal (Positive) Reliability with Decreasing Marginal Treatment and 

Transmission Costs 
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Figure 3.8:  Optimal Positive Reliability and Optimal Zero Reliability With 

Conservation 
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Figure 3.9:  Optimal Price and Optimal Capacity Under Inefficient Rationing 
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