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Optimization of Multi-Reservoir Management Rules Subject to Climate
and Demand Change in the Potomac River Basin

James H. Stagge

ABSTRACT

Water management in the Washington Metropolitan Area (WMA) is challenging be-
cause the system relies on flow in the Potomac river, which is largely uncontrolled and
augmented by the Jennings-Randolph reservoir, located 9-10 days travel time upstream.
Given this lag, release decisions must be made collectively by federal, state and local
stakeholders amid significant uncertainty, well in advance of accurate weather forecasts
with no ability to recapture excess releases. Adding to this uncertainty are predictions of
more severe and sporadic rainfall over the next century, caused by anthropogenic climate
change.

This study aims to evaluate the potential impacts of demand and climate change on
the WMA water supply system, identifying changes in system vulnerability over the
next century and developing adaptation strategies designed to maximize efficiency in
a nonstationary system. A daily stochastic streamflow generation model is presented,
which succesfully replicates statistics of the historical streamflow record and can produce
climate-adjusted daily time-series. Using these time series, a multi-objective evolution-
ary algorithm is used to optimize the system’s operating rules given current and future
conditions, considering several competing objectives.

This research was supported through the Via Doctoral Scholars program and by the
Institute for Critical Technology and Applied Science (ICTAS).
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Chapter 1

Introduction

The combined effect of continued urban expansion coupled with predictions of more se-

vere and intermittent precipitation due to climate change points to a potential increase in

the frequency and severity of water shortages in the U.S. Mid-Atlantic states. The Wash-

ington DC metropolitan water supply is of particular interest because water release deci-

sions must be made well in advance of the water’s usage due to long travel times between

the primary water supply reservoir and the city’s water intakes. In light of this evolving

water supply challenge, a quantitative evaluation of the effects of demand and climate

change is necessary to identify potential vulnerabilities in the water supply system. In

addition, operational rules must be reevaluated to ensure that current needs are met effi-

ciently and to identify adaptation strategies to counteract the effect of future demand and

climate change.

When implemented in 1982, the Washington DC metropolitan area (hereafter ”WMA”)

water supply system was considered an example of combining optimization and simu-

lation techniques to improve water resource efficiency, replacing plans for as many as

16 major reservoirs with a distant water supply reservoir (Jennings Randolph Reservoir)

and one small, nearby reservoir (Little Seneca Reservoir) (Palmer 2007). While this design

allows the 38,000 km2 Potomac watershed to remain largely uncontrolled, it increases the

importance of effective water management, particularly as population growth and cli-
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J.H. Stagge Introduction

mate change place greater stress on the system. The largest physical operational issue in

the WMA system is the location of the Jennings Randolph Reservoir 300 km upstream of

Washington DC, which creates a 9-10 day delay between water supply releases and their

capture at water supply intakes located at Great Falls (MD) and Little Falls (Washington,

DC). This situation creates a unique challenge for water supply managers because the

necessary forecast lead time is beyond the scope of accurate weather forecasts.

In the addition to the physical challenges of the water supply system, the WMA faces

unique management challenges due to the region’s complex government and institutional

landscape. The current water supply system operates under a series of eight separate

agreements among agencies including the U.S. Army Corps of Engineers (USACE), the

states of Maryland and Virginia, the District of Columbia, two local utilities, and the In-

terstate Commission on the Potomac River Basin (ICPRB). In the face of these competing

interests and hydrologic uncertainty brought about by long lag times, a system is needed

to quantitatively and objectively determine the optimum timing, magnitude and location

of water supply releases.

These challenges are addressed in three distinct manuscripts, each focusing on a major

theme:

Manuscript 1 presents a novel method for generating synthetic, climate-adjusted daily

streamflow time series. This method relates General Circulation Model (GCM)-scale

climate indicators to discrete climate states in a Markov chain, which in turn controls

the parameters of a daily flow model. The analysis and generation procedures are

described in detail, using the Potomac River as a case study. This method is capable

of generating long sequences of feasible, synthetic daily flows and is used in this

context to create input time series for Manuscripts 2 and 3.

Manuscript 2 examines the existing water management strategies of the WMA, given

current demand and climate. A multi-objective evolutionary algorithm scheme

is used to optimize the system’s operating rules, maximizing system-wide bene-

2



J.H. Stagge Introduction

fit while considering several competing objectives, which range from water supply

and reservoir storage to recreation benefit and environmental flows.

Manuscript 3 evaluates the potential impacts of demand and climate change on the WMA

water supply system, identifying changes in system vulnerability over the next

century. Using a similar optimization framework to Manuscript 2 and climate-

adjusted streamflow time series generated in Manuscript 1, strategies for adaptation

are tested. These adaptation strategies include policy and operating rules designed

to maximize effectiveness and to maintain current levels of service, given demand

and climate change over the next century.

These studies apply novel techniques, data, and analyses to quantitatively determine

water supply releases in a system with long lag times and changing demand and climate.

In addition to its significance in the field of water management research, this work sup-

ports ongoing work by the ICPRB, providing a set of tools to improve the robustness and

efficiency of the WMA water supply system.

Bibliography

Palmer, R. (2007). The confluence of a career: Virtual droughts, shared-vision planning,
and climate change. Journal of Water Resources Planning and Management 133, 288.
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Chapter 2

Manuscript 1: Markov Chain Model for

Generation of Daily Climate-Adjusted

Streamflows

Abstract

A daily stochastic streamflow generation model is presented, which successfully repli-

cates statistics of the historical streamflow record and can produce climate-adjusted daily

time-series. A monthly climate model relates General Circulation Model (GCM)-scale

climate indicators to discrete climate states in a Markov chain, which in turn controls

the parameters of a daily flow model. Daily flow is generated by a two-state (increas-

ing/decreasing) Markov chain, with rising limb increments randomly sampled from a

Weibull distribution and the falling limb modeled as exponential recession. When ap-

plied to the Potomac River, a 38,000 km2 basin in the Mid-Atlantic United States, the

model reproduces daily, monthly, and annual statistics of the historical streamflow record,

including extreme drought flows. This method can be used across a wide range of water

resources planning applications and offers the advantage of a parsimonious model, re-

quiring only a sufficiently long historical streamflow record and large-scale climate data.

4



J.H. Stagge Markov Chain Model for Generation of Daily Climate-Adjusted Streamflows

Simulation of Potomac streamflows subject to the Special Report on Emissions Scenarios

(SRES) A1b, A2, and B1 emission scenarios predict a slight increase in mean annual flows

over the next century, with the majority of this increase occurring during the winter and

early spring. Conversely, mean summer flows are projected to decrease due to climate

change, caused by a shift to shorter, more sporadic rain events. Date of the minimum

annual flow is projected to shift 2-5 days earlier by the 2070-2099 period.

2.1 Introduction

Water resources planners and engineers are currently attempting to reconcile two compet-

ing concepts: first, that water management policy must adapt to address the nonstation-

ary nature of hydrologic systems, and second, that estimates of streamflow effects due

to climate change often have greater uncertainty than their climatic components, tem-

perature precipitation and evapotranspiration (Matalas 1997). As stated by Srikanthan

and McMahon (2001), one of the major gaps in the design and operation of hydrological

systems is the quantification of uncertainty as a result of climatic variability.

This paper presents a novel extension of existing daily stochastic streamflow mod-

els (Sargent 1979; Aksoy and Bayazit 2000; Szilagyi et al. 2006) to generate long period

climate-adjusted streamflow time-series. This is accomplished by linking parameters of

a daily flow generation model to discrete climate states in a monthly Markov-chain cli-

mate model. Climate states are classified using GCM-scale climate indicators and state

transition probabilities are modified to simulate non-stationarity.

The proposed method is an alternative to the often onerous and uncertain task of

creating a detailed conceptual rainfall-runoff-routing model and downscaling GCM cli-

mate data to daily weather patterns at the regional and watershed scales. It benefits from

avoiding daily GCM outputs, which tend to have greater uncertainty , in favor of monthly

climatic trends and draws the corresponding flow response from the historical record. It

can generate very long sequences of feasible, synthetic daily flows which are vital in de-

signing adaptive water management policies. The proposed method could also be incor-

5
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porated as a real-time forecasting tool. Finally, the method reproduces flow statistics at

daily, monthly, and annual time scales, including low flows and the characteristic shape

and correlation structure of daily hydrographs, while maintaining a parsimonious struc-

ture.

This paper presents the analysis and generation steps of the proposed method in de-

tail. Performance is evaluated using the Potomac River as a case study. This 38,000 km2

basin is located in the Mid-Atlantic United States, along the borders of Maryland, Virginia

and West Virginia. The Potomac River is vital for supplying water to the Washington,

DC metropolitan area, accounting for approximately 78% of the annual water demand

(Ahmed et al. 2010). In light of this importance, a quantitative evaluation of the effects of

climate change on the Potomac River is required to ensure that water management plans

are sufficiently robust to satisfy future requirements.

2.2 Background

2.2.1 Stochastic Streamflow Models

Generation of synthetic streamflow time series is typically employed to extend the his-

torical record and expand the set of feasible conditions a water management system may

encounter, while maintaining the distribution (mean, variance, skewness, serial correla-

tion) and seasonality of the historic streamflow record. Original stochastic streamflow

methods focused on long-term water planning and tended to operate at the monthly or

annual time scale, typically employing some form of the autoregressive (AR) model. One

of the first autoregressive models for streamflow generation, the Thomas-Fiering model

(Thomas and Fiering 1962) is, in essence, a periodic lag-one AR(1) process. Though

still employed, the Thomas-Fiering model has generally been supplanted by the Box-

Jenkins set of autoregressive-moving average (ARMA) functional forms (Box and Jenkins

1970). ARMA(1,1) models have generally been shown to be more effective at generating

monthly streamflow timeseries (Bartolini and Salas 1993; Stedinger et al. 1985). These

6
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models are sometimes classified as periodic autoregressive moving average (PARMA)

models, referring to their periodic structure, with seasonally varying means, standard

deviations, and lag coefficients.

In their most basic form, autoregressive models assume normality, which is rare in nat-

ural streams. Flows tend to be positively skewed, with a lower bound approaching zero,

related to baseflow, and an unbounded upper tail, corresponding to extreme flood events.

To effectively use autoregressive models, raw flow must therefore be transformed to ap-

proximate a normal distribution, using differencing, logarithm transforms, the gamma

distribution (Hirsch 1979), or the Box-Cox transformation (Box and Cox 1964). With-

out these transformations, autoregressive models can produce anomalous results, such

as negative flows.

The first attempts at daily streamflow generation also employed the AR model, typ-

ically with a lag-1 or lag-2 process (Beard 1967; Quimpo 1968; Quimpo and Yevjevich

1967; Payne et al. 1969). However, the characteristic hydrograph shape, with its intermit-

tent, highly skewed storm pulses and gradual recession, is difficult to reproduce using

autoregressive models without significant modifications (Sharma et al. 1997). Several

methods have since been proposed which maintain historical distributions, while better

approximating natural hydrograph shapes, including disaggregation schemes and shot

noise/Markov Chain models.

Rather than modeling daily flows directly, disaggregation schemes begin with monthly

or annual models, such as ARMA, and then apportion flows to create daily or weekly

series. Original parametric disaggregation models used statistical parameters from the

historic time series to downscale annual flows (Valencia and Schakke 1973; Stedinger and

Vogel 1984; Maheepala and Perera 1996). In large systems, this type of disaggregation

model can quickly become over-parameterized (Grygier and Stedinger 1988). More re-

cent approaches to disaggregation operate on the principle of resampling. The method

of fragments, originally proposed by Harms and Campbell (1967), resamples short dura-

tion fragments of the historical record (Srikanthan and McMahon 1982) or synthetically

generated hydrographs (Porter and Pink 1991) and scales them to match monthly or an-

7
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nual sums. Nonparametric techniques such as moving block bootstrapping (Vogel and

Shallcross 1996) or K-Nearest Neighbor models (Lall and Sharma 1996; Prairie et al. 2006;

Buishand and Brandsma 2001) have been applied more recently to identify appropriate

fragments.

Shot noise (SN) models were introduced to produce a more realistic daily hydrograph

by modeling the in-stream response produced by a pulse, corresponding to a storm event.

In the original SN streamflow models, Weiss (1977) modeled rainfall occurrences as a

Poisson process, with intensities following an exponential distribution. Watershed re-

sponse is also modeled exponentially, with separate transfer functions for baseflow and

direct runoff. Treiber and Plate (1975) extended this model using transition (Markov)

probabilities to control pulse and recession days and a transfer function which convolved

pulses to generate runoff. Sargent (1979) condensed this method, focusing on a more con-

ceptual model of runoff generation, using a modified exponential distribution for pulse

heights and an exponential decay for recession curves.

The shot noise/Markov chain model is more physically consistent with hydrologic

processes, is capable of maintaining flow characteristics at the monthly and annual ag-

gregated scale, and performs favorably when compared to other models (Chapman 1997).

This general model formulation has since been used to generate synthetic daily stream-

flows in a wide range of hydrologic scanarios (Kottegoda 1980) including intermittent

streams (Aksoy and Bayazit 2000; Aksoy 2003) and multiple sites (Szilagyi et al. 2006).

2.2.2 Climate Change and Streamflows in the Mid-Atlantic

Climate research suggests that the Earth’s climate is changing due to human activities

which alter the composition of the global atmosphere, increasing levels of carbon dioxide

and other greenhouse gases (Meehl et al. 2007). All scenarios assessed by the Intergov-

ernmental Panel on Climate Change (IPCC) project increases in global mean surface air

temperature, with the scenarios beginning to diverge by the end of the next century (2090-

2100) (Meehl et al. 2007).

8
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Climate projections in the Mid-Atlantic region predict moderate increases in mean

annual temperature, precipitation, and streamflow over the next century (Najjar et al.

2009; Pyke et al. 2008; Hayhoe et al. 2008; Meehl et al. 2007). An evaluation of the four

best performing GCMs in the Chesapeake Bay watershed suggests an increase in mean

annual temperature of 3.9±1.1◦C and an increase in precipitation of 9±12% by the end

of the century under the A2 scenario (Najjar et al. 2009). This continues the historical

trend of precipitation increases throughout the northeast U.S. during the 20th century

(Groisman et al. 2001, 2004). Milly et al. (2005) predict a 3.6% increase in mean annual

streamflow (SRES A1B) for the 2041-2060 scenario in the Mid-Atlantic, with 55-70% of

GCM models showing an increase in flow. Variability in these results follows the pattern

outlined in Matalas (1997), with the greatest confidence in temperature models, followed

by precipitation and ultimately streamflow, which shows the greatest uncertainty.

Despite projected increases in mean annual precipitation and flow for the Mid-Atlantic,

variation in the distribution and seasonality of precipitation and runoff is potentially

more important for water resources management. Storm events are projected to become

both more severe and intermittent, with precipitation intensity expected to increase by

one standard deviation along the east coast of the U.S. by the end of the 21st century, con-

current with a decrease in the total number of storm events (Meehl et al. 2007). The annual

number of dry days in the region is projected to increase by 0.25–0.5 standard deviations

by 2100 (Tebaldi et al. 2006). This increase in dry days, combined with an increase in

heat waves, defined as consecutive days with temperatures at least 5◦C higher than daily

norms, will likely produce longer and more pronounced droughts in the region (Meehl

et al. 2007).

These projections suggest a moderate increase in mean flows, but with greater likeli-

hood of both flooding, due to storm intensity, and drought, due to prolonged dry periods.

Seasonality is also expected to shift, with the greatest increase in precipitation occurring

during the winter and spring (Najjar et al. 2009). Similar seasonal trends were noted in

Mccabe and Ayers (1989), Moore et al. (1997) and Hayhoe et al. (2007).

9
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2.3 Model Definition

2.3.1 Model Overview

The proposed model is designed to simulate daily streamflows under both current and

potential future climate conditions. It is a combination of a monthly climate model, which

generates climate based on the likelihood of discrete climate states, and a daily stream-

flow model, which generates hydrographs based on parameters tied to the climate state.

2.3.2 Daily Streamflow Model

The daily streamflow generation model consists of two parts: (i) determination of the

river’s state, i.e. increasing or decreasing streamflow, and (ii) calculation of the ascension

or recession curve based on this state. A two-state Markov chain is employed to deter-

mine whether flow is increasing (wet), or decreasing (dry) on a given day. The Markov

chain is assumed to be first order, depending only on whether the previous day was ”wet”

or ”dry”, and can be represented by the transition probability matrix:

P =

 Pdd Pdw

Pwd Pww


where Pdd is the probability of a dry day given the previous day was dry, Pdw is the

probability of a wet day given the previous day was dry, Pwd is the probability of a wet

day following a dry day, and Pww is the probability of a wet day given the previous day

was wet.

The ascension limb of the daily hydrograph, occurring on wet days, is simulated by

randomly generating daily flow increases, ∆Q, from a Weibull distribution. The Weibull

distribution was found to provide the best fit to flow increments in the Potomac data set,

mirroring results in Szilagyi et al. (2006). The two-parameter gamma distribution used

in Aksoy (2003) was tested, but was found to provide a poor fit to the data. Randomly
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Figure 2.1: Daily flow simulation model.

generated increment values are then ranked in increasing order from the smallest to the

largest increment, which occurs at the hydrograph peak. This preserves the correlation

structure of the ascension curve and the characteristic shape of daily hydrographs (Aksoy

2003).

The recession curve, occurring on dry days, is modeled as exponential decay, which is

a simple, yet generally accepted form for baseflow recession (Tallaksen 1995):

Q = Qoe
−bt (2.1)

Previous studies have split the recession curve into two portions (upper and lower)

with unique recession coefficients (Sargent 1979; Aksoy 2003; Szilagyi et al. 2006). These

recession equations take the form:

Q = Qoe
−buppert (2.2)

Q = Q∗e−blower(t−t∗) (2.3)

where bupper is the upper recession coefficient, blower is the lower recession coefficient,

Qo is the preceding peak flow, Q* is the initial flow in the lower recession, t is the number
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of days after the peak, and t* is the time from the start of the lower recession. Concep-

tually, the upper coefficient describes recession following a large storm event, which is

primarily influenced by channel storage, while the lower coefficient models baseflow re-

cession, which is influenced by groundwater storage. Rather than employing an arbitrary

splitting criterion, like the monthly mean flow (Aksoy 2003) or the 90% ratio (Sargent

1979), breakpoints were selected iteratively to minimize the sum of squared error for the

upper and lower recession curves.

Because the purpose of this model is to generate daily streamflow scenarios for use

in water resources planning and drought management, greater attention was paid to low

flow modeling. With this in mind, a third recession coefficient was added to model ex-

treme low flow recession:

Q = Qdroughte
−bdrought(t−tdrought) (2.4)

where bdrought is the drought recession coefficient, Qdrought is the initial flow in the

drought recession, and tdrought is the time from the start of the drought recession. This

addition considerably improved low flow accuracy, preventing flows from approaching

zero during extreme low flow events. Inclusion of an additional term is reasonable in

the Potomac River application given that previous uses focused on intermittent streams,

where zero flow is expected (Aksoy 2003). The extreme low flow criteria point was set at

the 5% low flow exceedance level by maximizing goodness-of-fit and confirmed visually

using flow-duration curves. The drought recession coefficient is assumed to be equal for

all climate states, as it depends only on baseflow and river stage. The low flow drought

condition is experienced very rarely, with only 56% of years in the historical record (1931-

2007) falling below this level at any point, and typically only for 1-5 days.
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Pdw
Pww

Figure 2.2: Streamflow analysis and model fitting procedure.

2.3.3 Monthly Climate Model

Simulation of monthly climate states is governed by a first-order Markov chain, with

transition probabilities derived from the historical record. Monthly climate states may

be tied to temperature, precipitation, humidity, atmospheric pressure, or any number of

climate indices. Classifying monthly climate into discrete states is common in synoptic

atmospheric research and has been used to correlate global climate indicators with local

weather cycles (Kalkstein et al. 1987; Yarnal and Draves 1993; Michelangeli et al. 1995;

Huth 1999). Several climate generation models use Markov chains to describe climatic

patterns, either explicitly using circulation typing or implicitly using hidden Markov

models (Hughes and Guttorp 1994; Bellone et al. 2000; Thyer and Kuczera 2003; Sansom

and Thomson 2007). Climate change is simulated by adjusting the Markov transition

probabilities based on GCM scenarios, mirroring shifts in weather patterns.

During the analysis process (Figure 2.2), principal component analysis (PCA) Hotelling

(1933) is used (i) to investigate patterns in variation within the daily streamflow model

parameters and (ii) to condense these parameters into a smaller set of components that are

mutually orthogonal. Use of PCA in this fashion is a common method designed to sim-

plify and normalize multivariate climate data prior to clustering (Corte-Real et al. 1999;

Kidson 2000).
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The resulting normalized and orthogonal components are grouped using a hierarchi-

cal Ward (1963) clustering algorithm in JMP statistical software (SAS Institute Inc. 2007).

Ward’s method minimizes the within-cluster sum of squares at each cluster step, while

merging clusters based on the squared distance between the new centroid and the two

original centroids, weighted by the number of observations (Ward 1963).

Clustered streamflow parameters are then tied to large-scale climate indices using his-

torical GCM data. This analysis is performed using discriminant function analysis (DFA),

a statistical method used to determine the set of continuous variables that best assign

observations to pre-determined groups. In this instance, DFA is used to identify the com-

bination of 15 potential climate measures that best classifies membership to the monthly

climate states determined through clustering.

2.3.4 Generating Historical and Climate-Adjusted Streamflows

To generate historical or climate adjusted daily streamflows based on GCM simulations,

the analysis process is essentially reversed: (i) discriminant functions are used to clas-

sify future GCM realizations into monthly climate states, (ii) new climate state transition

probabilities are calculated, and (iii) the daily flow model is executed using the newly

adjusted climate transition probabilities and historical flow parameters associated with

each climate state.

Accuracy of this process may be validated by analyzing the historical record. In this

case, the discriminant functions are used to re-classify historical months into climate

states, allowing for some misclassification due to errors in the discriminant functions.

Transition probabilities are then obtained, daily streamflows generated, and results com-

pared with the actual historical time series at daily, monthly, and annual scales. This

step provides for both validation of the model and a baseline model, against which the

climate-adjusted results can be compared (Figure 2.3).
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Pdw
Pww

Figure 2.3: Streamflow generation procedure. Mean refers to the area-weighted mean,
N/S refers to the North/South trend and E/W refers to the East/West trend.

2.4 Results

2.4.1 Data Preparation

The Potomac River was used as a case study to demonstrate the capabilities of the pro-

posed method. Flows were analyzed and simulated for USGS stream gauge 01646500,

located on the Potomac River near the Little Falls pumping station in Washington, DC. A

daily record of streamflows between 10/01/1929 and 11/30/2007 was obtained from the

Interstate Commission on the Potomac River Basin (ICPRB). This data set was adjusted by

the ICPRB to reflect historic flows in the Potomac River without the effects of human in-

teraction, calculated by adding daily river withdrawals and subtracting reservoir releases

from the historical record (Ahmed et al. 2010). This adjustment compensates for the ef-

fects of increasing population and development, allowing for more accurate comparisons

across a long time series.

Both monthly and daily historical climate data were obtained from the NOAA-CIRES

20th Century Reanalysis (V2) dataset, made available by NOAA and the U.S. Department

of Energy (Compo et al. 2011). Grid dimensions (2.0◦ latitude x 2.0◦ longitude) are compa-
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Table 2.1: Evaluated global climate models (IPCC - AR4).

Model Institution Location Reference

CCSM3 National Center for Atmospheric USA Collins et al. (2006)
Research (NCAR)

CGM 3.1 Canadian Centre for Climate Modeling Canada Flato (2005)
and Analysis

CSIRO MK3 CSIRO Atmospheric Research Australia Gordon et al. (2002)
MIROC 3.2 Center for Climate System Research Japan Watanabe et al. (2011)
PCM1 National Center for Atmospheric USA Washington et al. (2000)

Research (NCAR)

rable to available climate-adjusted GCM data sets, which reduces the likelihood of scaling

effects.

Five GCMs (Table 4.4) were used to simulate climate adjusted streamflows. Each GCM

is based on the IPCC’s AR 4 round of climate models and was accessed via the WCRP

CMIP3 Multi-Model data portal (Meehl et al. 2007). For all GCMs, climate variables iden-

tical to the historical climate dataset were used, with historical climate represented by the

Climate of the 20th Century (20C3M) scenario and potential future climate simulated by

the SRES A1b, A2, and B1 emission scenarios. Current conditions were simulated based

on the 1961-2000 time period, while future climate scenarios were separated into three

segments of equal duration: 2010-2039, 2040-2069, and 2070-2099.

2.4.2 Fitting the Daily Streamflow Model

Parameters of the daily streamflow model were fit to each month in the historical record

individually, each day classified as being either in an increasing ”wet” state or a decreas-

ing ”dry” state. State transition probabilities were calculated as:

Pij =
nij∑
j nij

, i, j = w, d (2.5)

where nij is the number of observed transitions from state i to j. Wet day increments

for each month were fit to the Weibull distribution using the ”fitdistrplus” package in R
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(version 2.12.0) (Delignette-Muller et al. 2010). Goodness of fit was summarized using the

Bayesian information criterion (BIC). Dry day recession coefficients were calculated using

nonlinear least-squares estimation (R-”nls” package). Flows were then ranked and all po-

tential breakpoints tested iteratively to determine the optimal splitting criterion between

the upper and lower recession curves.

The two transition probabilities of the daily flow model operate in tandem to describe

the frequency and duration of the increasing limb, with Pdw analogous to storm frequency

and Pww analogous to storm duration. As would be expected for the region, the winter

and early spring is characterized by low frequency, long duration events (low Pdw, high

Pww) while the summer and early fall months are characterized by high frequency and

short duration events (high Pdw, low Pww) (Figure 2.4a).

Fitted recession coefficients control the recession rate for three distinct flow zones,

with bupper related to recession following large storm events, blower related to baseflow

recession, and bdrought related to recession during extreme low flows. As expected, the re-

cession coefficients affiliated with groundwater storage show considerably less variability

than bupper (Figure 2.4b). Recession coefficients decrease during the spring recharge pe-

riod as more groundwater is available for baseflow, slowing recession rates. Alternatively,

the large peak in bupper during the fall coincides with the lowest annual groundwater lev-

els. Following a large storm event in the fall, recession is rapid and quickly returns to

baseflow levels.

The scale and shape parameters of the increasing limb Weibull distribution control

the magnitude and flashiness of the increasing limb, respectively. Low shape parameter

values correspond to a more flashy flow distribution, with both more extreme high flow

increments and more increments near zero. As would be expected, these low shape values

occur during the summer and early fall months, when rain events tend to be convective

and severe in nature (Figure 2.4c). In contrast, the late winter and spring are character-

ized by high shape parameters, corresponding to more frontal storm events. The scale

parameter is related to the magnitude of storm events and, as such, mirrors the general
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Figure 2.4: Daily streamflow model parameters. Line represents mean parameter,
while errors bars signify standard deviation.

shape of monthly flows in the Potomac River, with peaks in March and April and lowest

flows in September and October (Figure 2.4d).

2.4.3 Extracting Principal Components from Model Parameters

Because of scaling issues and the potential for correlation among the streamflow param-

eters (Pdw, Pww, shape, scale, blower, bupper, and breakpoint), PCA was used to calculate a

smaller set of normalized, orthogonal summary statistics. The scale parameter and the

breakpoint between upper and lower recession curves were adjusted using a logarithmic

transform prior to being normalized because of their highly skewed nature.
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Three stopping criteria were used in the PCA work: the Kaiser-Guttman criteria (eigen-

values λ > 1) (Guttman 1954; Kaiser 1960), the Scree plot (Cattell 1966), and Parallel

Analysis (Horn 1965). Agreement among these tests was common and typically resulted

in 2-3 components being retained for each month. Approximately 60-81% of the stan-

dardized variance was explained by these components. Across most months, the first

eigenvector explained 38-50% of the variance, with predominant loadings from the reces-

sion coefficients, breakpoint and scale parameters, each in the same direction. The second

component generally explained 17-31% of the variance and typically took loadings from

the state transition probabilities, Pdw and Pww, in opposing directions. Where present,

the third component explained 15-17% of the overall variance, with loading solely from

either Pww or the shape factor. There was no discernible temporal pattern in loading or in

variance explained.

2.4.4 Clustering Monthly Climate States

Following PCA, the resulting normalized, orthogonal components were grouped using

a hierarchical Ward (1963) clustering algorithm in JMP statistical software (SAS Institute

Inc. 2007). Clustering showed a slight temporal trend, with the winter and spring months

tending towards more (5-6) distinct clusters and the summer tending towards fewer (4)

clusters. Greater variability in flow regimes during the winter and spring months may

be caused by a wider variety of complicating climate factors, including snowmelt and

long-term groundwater storage.

2.4.5 Creating Predictors of Climate States

Clusters of historical streamflow regimes were then related to historical climate using

discriminant function analysis. Potential climate variables used in this study include:

mean surface temperature (K), mean surface pressure (Pa), mean precipitation rate (kg

m-2 s-1), wet day frequency (%), and individual storm frequency (%). Wet day frequency

is the ratio of days with measurable (> 0.25 cm) rainfall to total days in a month, while
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individual storm frequency is the ratio of unique rainfall events to total days in a month.

These two measures describe the frequency and duration of rainfall in a given month. To

avoid issues at monthly boundaries, ongoing storm events that began prior to the first

day of a month are considered a unique storm event.

For each of these 5 climate variables, 3 measures were used to summarize climate

across the 3x3 spatial grid: watershed area-weighted mean, North to South (N-S) varia-

tion, and East to West (E-W) variation. This simplification resulted in 15 potential discrim-

inating variables. When extending this method to other applications and geographical

locations, any number of climate indicators could be employed, including other gridded

GCM climate variables or summary variables, such as measures of quasi-periodic global

climate patterns such as the El Niño-Southern Oscillation (ENSO) and the Atlantic Multi-

decadal Oscillation.

All climate variables followed a normal distribution, satisfying one of the primary

assumptions of DFA, although violations of this normality assumption do not tend to

affect results significantly (Tabachnick and Fidell 2007). Climate predictor variables were

transformed to prevent dissimilar variances and selected in a stepwise fashion, evaluating

the entire model at each step against Wilks’ lambda (Λ) (F-Test) and the relative percent

misclassified. Percent misclassified ranged from 14% to 42%, with the best fit occurring

during the summer months and the worst fit in the winter and spring. This trend suggests

that streamflow in the winter and spring months is partially related to variables other

than the immediate climate, such as snowmelt or groundwater recharge. Flow regime

during the summer is less dependent on these extraneous variables and is more readily

explained by the current climate.

Other trends are apparent in the discriminating power of the climate variables (Ta-

ble 2.2). Mean monthly precipitation rate is significant for nearly all months and typi-

cally explains the most variability within each monthly discriminant function. The area-

weighted mean is important during winter and spring, when most precipitation occurs

in large, frontal events; however, the directional components (N-S, E-W) become signif-

icant in late summer and early fall as storm events become more spatially fragmented.
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Table 2.2: Climate variable discriminating power. Numbers refer to the rank order in
which the variables enter the discriminating equation.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
% Misclassified 33.8 31.0 32.4 39.4 42.3 33.8 14.1 26.8 19.7 19.4 22.2 31.9
# Variables 5 5 5 5 5 5 5 6 7 7 6 5

STemp
Mean 3 4 2

N-S 3 7
E-W 5 5 6

SPress
Mean 2 5 5

N-S 4 4 2 4 3 4
E-W 1 2 4 1

PRate
Mean 2 1 1 1 1 1 1 1 1 1 1

N-S 5 5 3
E-W 4 3 6 6 2 3 5

WetDay
Mean 3 3 3 3 3 2

N-S 2 2 4 4 3 6 2
E-W 5 5 4

StormFrq
Mean 5 4 2 4

N-S 7 5
E-W 2 5

Number of days with measurable rainfall (WetDay) is the second most consistent climate

indicator, present in the majority of discriminant functions and following the same pat-

tern as total precipitation, with the area-weighted mean dominating winter and spring

and directional components dominating during summer. Atmospheric pressure is a sig-

nificant climate indicator both during the mid-winter and summer months. Atmospheric

pressure in the summer likely functions as an indicator of convective storm events. Tem-

perature and unique storm events (StormFrq) tend to have the least discriminating power;

however, regional mean temperatures become significant during the summer months.

2.4.6 Simulation of Historical Streamflow

Historical flow sequences were generated using the Climate of the 20th Century (20C3m)

scenarios for each GCM and compared to the observed historical record in order to vali-
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date the streamflow generation method and to identify any bias introduced by the climate

models. Stochastic simulation of flow reproduced the observed historical record closely

at the daily, monthly and annual time steps. The MIROC, CSIRO and NCAR CCSM mod-

els were consistently the best performers across all metrics, while the NCAR PCM1 and

CCC models generally produced poorer statistical agreement. As a general rule, agree-

ment was best during months with a consistent climate, whereas months at the transition

between seasons produced greater error.

Seasonal Trends

All GCMs adequately modeled the seasonality among monthly aggregated flows on the

Potomac River (Figure 2.5). Across all months, the model with the most consistent agree-

ment is the MIROC model. The CSIRO and NCAR CCSM models were also capable of

reproducing the central tendency and distribution of monthly means (Table 2.3). The

PCM1 and CCC models perform adequately for the majority of months, with some devi-

ation occurring due to an underestimate of the median and higher flows. Variance among

months with low flows was the most successfully modeled monthly parameter, which is

likely related to the emphasis on drought modeling in the model’s creation.

Monthly agreement is best for mid-seasonal months across all GCM models, with

greater error at the seasonal transitions. Agreement during the summer and early fall

(Jun - Oct) is best, with Mann-Whitney p-values between 0.168 and 0.990, suggesting no

statistical difference (Table 2.3). All GCMs underestimate the median for February (p =

0.039-0.384), but match the distribution well (Kolmogorov-Smirnov p = 0.042-0.343). Like-

wise, the distribution of monthly flows in May agree well with the historical record, but

tend to underestimate the median. November and December have good agreement with

regards to the median and low flows, with some underestimates of the upper limb of the

distribution (Figure 2.5).
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Figure 2.5: Monthly mean flows for the historical scenario (1961-2000). Median values
are displayed as central lines, with black representing the historical record and colored
lines representing the various models. The 25th and 75 th percentiles are represented
by the shaded area for the historical record and thin lines for model simulations.

Annual Statistics

At the annual time step, several statistics are reproduced successfully, including the an-

nual mean, coefficient of variation (CV), date of minimum flow and date of maximum

flow. No statistical difference exists for the MIROC, CSIRO, and CCSM models (p = 0.151-

0.301) between the GCM generated distribution of annual mean flows and the observed,

while the CCC and PCM1 models show a slight statistical difference (p = 0.023-0.039)

attributed to a slight underprediction (Table 2.3). The distribution of Annual CV is also

well-captured for all GCMs (p > 0.05), except for the CCC model (p = 0.024) (Table 2.3).

The occurrence of the annual minimum and maximum, with medians of Sep 28 and

Mar 7 respectively, are modeled successfully by all GCMs. Dates were adjusted based

on water year (Oct 1 - Sep 30) for maximum flow and low flow year (Apr 1 - Mar 31) to
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prevent discontinuities. Date of the minimum flow has significantly less variation than

the date of the maximum flow.

While the fitted models produce a slight bias in the distribution of annual minimum

flow for the wettest years, all models reproduce the extreme low flows (recurrence in-

terval < 3 years) very well. While this limitation should be considered when using the

model, it is important to note that years with greater than average low flows are of less

consequence for low flow modeling and the 7Q10 is a much more useful measure for sim-

ulating drought operations. All GCMs have similar performance with respect to extreme

low flows, except for the PCM1 model, which tends to predict more severe low flows than

the historical record.

Daily Flow Distribution

Daily flow behavior tends to be more difficult to replicate than the aggregated monthly

or annual statistics because of the numerous climatic factors affecting daily flows and

the rapid changes in flow brought about by storm events. The proposed model cap-

tures much of this daily variability, successfully simulates the distribution of daily flows,

and replicates the autocorrelation structure. As with monthly aggregated flows, the best

agreement occurs in months with relatively stable climate, rather than during transitional

seasons. The distribution of daily flows is most consistent for January and the summer

months (June, July and August).

The MIROC and CSIRO GCMs produce the most consistent agreement for the daily

flow distribution (Table 2.4). The remaining models perform well for most months, with

some isolated months exhibit a slight bias. The CCSM model agreement is good in all

aspects, except for predicting high flow events occurring in September and October (Hy-

draulic Alteration > 10%) . The PCM1 and CCC GCMs both successfully reproduce the

daily flow distribution for all months, except for the winter, where they underpredict me-

dian storm events (50-75% exceedance probability). Across all months, the CCSM model

tends to be the ”wettest” model, producing consistently higher flow distributions, while
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Figure 2.6: Correlogram of daily streamflow.

the PCM1 model tends to be the ”driest” model, producing the lowest daily flow distri-

butions.

Some seasonal trends exist within the daily flow distributions. Daily flows during the

winter months are reproduced well across the entire flow distribution, while the model

tends to overpredict low flows during the spring (March and April). Summer flows are

captured well, though all GCMs exhibit a tendency to underpredict the highest 15% of

flows during the fall months (Sep, Oct and Nov), with the remainder of the distribution

reproduced very well. Fall storm events may prove difficult to model because they occur

in a time period when precipitation events are transitioning from convective to frontal

behavior and when hurricanes or tropical storms may impact the region.

The underlying structure of the Markov model adequately reproduces the autocorre-

lation structure of the daily streamflows (Figure 2.6). This result matches findings from

other similar studies of Markov chain-based streamflow generation models (Xu et al.

2001).
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Table 2.5: Percent change in mean annual flow for climate change realizations.

Model 2010-2039 2040-2069 2070-2099

CCC 3.73 ( 2.62 – 4.37) 3.34 (-0.11 – 5.98) 5.04 ( 3.20 – 7.47)
CCSM 0.50 (-2.29 – 2.50) 3.54 ( 1.86 – 5.08) 3.89 ( 0.70 – 6.49)
CSIRO 0.19 (-3.09 – 6.47) 2.35 ( 1.15 – 4.03) 0.68 (-4.88 – 9.64)
MIROC 2.23 ( 1.37 – 3.25) 3.10 (-1.13 – 6.88)
PCM1 6.23 ( 5.66 – 6.79) 8.58 ( 7.42 – 9.59) 8.60 ( 7.78 – 9.27)

2.4.7 Predicted Climate Change Effects on Streamflow

The effect of climate change on streamflow in the Potomac River was evaluated by gen-

erating daily streamflow time series subject to three climate change emission scenarios

(SRES A1b, A2, and B1) for three discrete time periods (2010-2039, 2040-2069, 2070-2099).

Annual Flows

Simulation of climate adjusted streamflows under the three emission scenarios suggests

an increase in mean annual flow between 1 and 7% by 2070-2099 (Table 2.5). A consistent

increase of 2-4% in the 2040-2069 time period matches closely with Milly’s (2005) predic-

tion of a 3.6% increase in mean annual flow. The greatest increase in mean annual flow

occurs in the CCC and PCM1 models, while the remaining GCMs show greater variabil-

ity and only a moderate increase in mean annual flow. In addition to this slight increase

in mean annual flow, the coefficient of variation (CV) among annual flows is predicted to

increase significantly, suggesting a wider distribution of flows. As expected, these trends

continue throughout the century and are most evident for the A2 scenario and less de-

tectable for the B1 scenario.

There is little projected change in the date of the annual maximum flow; however, the

date of the minimum annual flow is predicted to occur 2-5 days earlier by the 2070-2099

time period, on average. This shift is consistent across all GCM models and scenarios.
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Seasonal Trends

Nearly all GCM simulations show an increase in mean monthly flows for the Potomac

River in the months between December and April, with this shift increasing throughout

the next century (Figure 2.7). As expected, this increase is greatest for the highest emis-

sion scenario, A2. In addition to an increase in the central tendency of winter flows, the

distribution of monthly flow is projected to increase in variability, particularly increasing

for high flows. This trend of increased flow during the winter and early spring corre-

sponds well with studies by Najjar et al. (2009), Mccabe and Ayers (1989), Hayhoe et al.

(2007), which project similar seasonal shifts.

In contrast, the model realizations predict a decrease in summer flows, particularly for

the months of July and August (Figure 2.7). This seasonal trend is evident for all GCMs

except for PCM1.

The months of October and November show the greatest uncertainty in predictions for

monthly flows over the next century. This is not a surprising result, given their difficulty

in validation. The NCAR models (CCSM and PCM1) and CSIRO all predict a significant

increase in flow during these months in the future, which may be attributable to tropical

storm events or other long duration, high precipitation events. However, a similar trend

is not apparent in the other GCM realizations.

Extreme Low Flows

Estimates of the change in extreme low flows predict a slight decrease in the 7Q10 mini-

mum flow given the modeled emission scenarios. A notable decrease was detected for all

GCMs, except for the NCAR CCSM model, which produces mixed results and the PCM1

model, which produced a consistent increase. For those models with an apparent de-

crease in extreme low flows, the 7Q10 minimum flow is predicted to decrease by 0-10.1%,

with the greatest decrease attributable to the A2 emission scenario (Table 2.6). This trend

suggests that droughts will increase in severity over the modeled time period.
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Figure 2.7: Variation in monthly mean due to climate change (CCC). Median values
are displayed as central lines, with black representing the historical record and colored
lines representing climate change time steps. The 25th and 75 th percentiles are repre-
sented by the shaded area for the historical record and thin lines for climate change
simulations.
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Table 2.6: Percent change in 7Q10 minimum flow for climate change realizations.

Model 2010-2039 2040-2069 2070-2099

CCC -1.82 (-5.98 – 1.62) -0.83 (-2.73 – 0.66) -0.09 ( -3.25 – 4.69)
CCSM 2.21 ( 1.00 – 4.57) -0.03 (-2.07 – 3.09) 2.60 ( -1.66 – 5.84)
CSIRO -5.74 (-7.87 – -2.09) -3.11 (-5.63 – -1.34) -5.57 (-10.06 – -3.32)
MIROC -1.17 (-2.69 – 0.43) -4.31 ( -5.91 – -1.68)
PCM1 2.99 ( 2.93 – 3.05) 3.23 ( 2.28 – 4.10) 9.07 ( 6.94 – 10.87)

Daily Flows

The apparent increase in winter flows is attributable to an increase across the entire range

of streamflows, rather than an increase in a particular part of the flow distribution. This

trend continues until the transitional months of March and April, where the increase oc-

curs primarily in the low and middle flows (60-90% exceedance), with no change in either

extreme low flows or high flows.

The decrease in July and August flow is explained by a consistent decrease in flows

during these months across all levels of flow, except for the extreme low flows (90-99%

exceedance) which remain consistent with the historical record.

As in the case of monthly means, the fall months exhibit mixed trends across the pro-

jected future climatic conditions. The CCSM, CSIRO and PCM1 models, which project a

significant increase in mean flow during the months of September and October, attribute

this to an increase in high streamflow events (exceedance < 40%), which further points to

an increase in large, sustained rainfall events, potentially related to tropical storm events.

2.5 Conclusions

A stochastic streamflow method was developed that links a monthly climate model with

a daily streamflow generation model. Using discriminant functions, GCM-scale climate

data may be directly related to discrete streamflow states, which in turn control the gen-

eration of daily streamflow time series. With engineers and planners increasingly focused
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on the potential effects of climate change on water resources, this model allows the gener-

ation of long daily streamflow time series which can be used for simulation or adaptation

studies.

A case study was presented using the Potomac River to evaluate the method. His-

torical streamflow statistics are reproduced successfully at the daily, monthly and annual

time steps. In addition, the autocorrelation structure of daily streamflow is maintained.

Bias correction was not utilized in this study to allow for direct analysis of the model

without significant transformation, however, future iterations could evaluate the benefits

of bias correction in this context.

Extending this model to evaluate the effect of climate change on streamflow in the

Potomac produced results in keeping with other streamflow projections for the Mid-

Atlantic. Mean annual streamflow is projected to increase by 1-7% by 2100, with the ma-

jority of this increase occurring during the winter and early spring. This increase occurs

across all levels of streamflow. Conversely, summer flows are projected to decrease, par-

ticularly during July and August, caused by a decrease in large, sustained storm flows.

This change in summer flow is projected to increase the severity of extreme low flows

slightly and to shift the date of the annual minimum flow, which historically occurs in

mid-September, 2-5 days earlier by the 2070-2099 time period. The models diverge in

their predictions of the fall months, suggesting a need for further research and poten-

tially additional climate indicators. Some GCMs predict a large increase in mean flow

during September and October, which may point to an increase in tropical storm events.

The included case study presents the streamflow analysis and simulation process as

applied to an individual streamflow station; however, this model may be expanded to

simulate climate-adjusted streamflow at multiple locations within a watershed using spa-

tial disaggregation techniques such as the method of fragments (Porter and Pink 1991) or

by simulating at each location simultaneously using a covariate term.

As presented, the method is an extensible framework, which can be modified to in-

clude additional climate indicators or more complex streamflow models, providing sig-

nificant opportunities for future exploration. For instance, there is potential for better
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simulation of tropical events or for including periodic global climate patterns such as the

El Niño-Southern Oscillation (ENSO) as these simulation models improve.
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Chapter 3

Manuscript 2: Genetic Algorithm

Optimization of a Multi-Reservoir

System with Long Lag Times

Abstract

A scenario of particular importance in water resources management occurs when reser-

voir release decisions must be made well in advance of accurate hydrologic forecasts due

to long travel times between reservoir releases and demand. This typical situation is

evaluated using the Washington Metropolitan Area (WMA) water supply as a case study.

Several classes of operating rules are evaluated using a state-of-the-art multiobjective evo-

lutionary algorithm linked to a hydrologic simulation/decision model. Operating rules

were evaluated based on the historical period of record (1929-2007) and synthetically gen-

erated time series. The proposed optimization framework is effective for a wide range of

water resources vulnerability studies and was successful in improving the efficiency of

the WMA system with respect to competing objectives ranging from reservoir storage to

recreation and environmental flow requirements.
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3.1 Introduction

Optimization of water resources decision-making focuses on maximizing a system’s ben-

efit while considering competing objectives and the uncertainty inherent in natural sys-

tems. A scenario of particular importance for many water supply systems with long

travel times occurs when release decisions must be made well in advance of the water’s

usage and subsequent benefit. This form of uncertainty is a unique water management

challenge and must be handled carefully in optimization schemes to adequately simulate

the impact of imperfect foresight. This paper demonstrates an optimization scheme us-

ing a state-of-the-art multiobjective evolutionary algorithm, capable of quantitatively and

objectively determining the timing, magnitude and location of water supply releases in a

system with long lag times.

The Potomac River (Figure 4.1) is the primary source of water for the Washington DC

metropolitan area (hereafter WMA). When it was implemented in 1982, the WMA water

supply system was considered a model for combining optimization and simulation to

improve water supply efficiency (Sheer and Flynn 1983), replacing plans for as many as

16 major reservoirs with a single, distant reservoir (Jennings Randolph Reservoir) and

a small, nearby reservoir (Little Seneca Reservoir). While this design allows the 38,000

km2 Potomac watershed to remain largely uncontrolled, it increases the importance of

effective water management decisions. The location of the Jennings Randolph Reservoir

300 km upstream of the Washington DC water supply intakes creates a 9 to10 day lag

between reservoir releases and their subsequent capture. This delay remains beyond the

forecast horizon of accurate weather predictions, requiring release decisions to be made

amid significant uncertainty, with no ability to recapture excess releases.

The use of evolutionary, or genetic, algorithm solvers in water resources optimization

has proven successful because of their robustness and flexibility (Oliveira and Loucks

1997; Chen 2003; Wardlaw and Sharif 1999; Momtahen and Dariane 2007). Evolutionary

algorithms are capable of searching large and complex decision spaces and evaluating

nonlinear and nonconvex objective functions. In addition, for multi-objective problems,
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Figure 3.1: Potomac watershed and Washington DC water supply. Volumes are shown
as 106 m3, or MCM. Figure generated by the Interstate Commission on the Potomac
River Basin (ICPRB).

they are considered a posteriori decision tools, which produce a set of optimal solutions,

from which decision makers can weigh the relative importance of conflicting objectives

following optimization.

By using an evolutionary algorithm solver overlaid onto a daily simulation and deci-

sion model, operating rule parameters were optimized for the WMA water supply sys-

tem, a watershed with significant lag time. Operating rules were evaluated first using the

historical time series (1929-2007), which includes the drought of record (1930-1931), and

then using long duration synthetic time series, which allow for a wider range of feasi-

ble hydrologic scenarios, each following the distribution and temporal relationship of the
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historical record. Use of synthetic time series tests the robustness of optimized rules and

prevents over-fitting to the relatively small set of historical drought events.

3.2 Background

3.2.1 Formulation of Reservoir Optimization Problems

Optimization of reservoir operations depends on an accurate representation of the phys-

ical system. At its most basic, this requires continuity constraints such as a mass balance

for each reservoir:

dSr

dt
= Ir(t)−Rr(t)− Lr(t) t = 1, . . . T (3.1)

where T is the total operation period, Sr(t) is the water volume in storage in reservoir

r, Ir(t) is the inflow rate from the upstream system, Rr(t) represents the release rate, and

Lr(t) is a summation of losses including evaporation, direct rainfall, and seepage. These

terms are typically constrained in the model, with upper and lower bounds on reservoir

storage capacity and release constraints based on the reservoir outfall. Conservation of

mass between reservoirs is handled by state-space equations that describe routing, travel

time, and losses.

Apart from hydraulic models used to simulate the system, it is necessary to mathe-

matically describe operating rules, or release policies, for the system in such a way that

the coefficients, and occasionally the form, of the rules can be modified to produce op-

timal system behavior. These rules represent the closest approximation of operational

decision-making, which may also be affected by a human element in practice. A com-

mon modification to reservoir operating rules is the inclusion of a hedging term, which

allows for minor demand shortages in the hopes of preventing severe shortages in the

future. In systems with significant travel times, hedging can be used as a buffer, releasing
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water in excess of demand to prevent shortages caused by future streamflow uncertainty

(Schwartz 2000).

More complex reservoir systems typically include additional modifications, such as

discrete storage zones and storage target rule curves. In zone based operations, reservoirs

are divided into virtual storage zones and decisions are contingent on the volume of water

contained in the reservoir. Typical zones include flood control (typically kept empty),

general use, permanent storage, and dead storage, which includes water that cannot be

physically discharged. In the WMA system, the Occoquan Reservoir employs a discrete

zone-based system to determine hedging ratios (Hirsch 1979). The Jennings Randolph

and Savage Reservoirs operating policies incorporate storage-based rule curves, which

adjust storage zones seasonally (Ahmed et al. 2010).

3.2.2 Multobjective Evolutionary Algorithms

Genetic or evolutionary algorithms (EA) are a relatively recent class of numeric optimiz-

ers, first envisioned by John Holland in 1975 and developed in usable form by Goldberg

(1989). They are general-purpose solvers based on the biological principles of evolution

and have proven capable of calculating near optimal solutions across a wide range of

complex and non-linear models. EA solvers operate by coding candidate solutions of

all decision variables (genes) into strings, analogous to chromosomes. A population is

created by randomly generating sets of feasible ”chromosomal” solutions. Applying the

objective function to each individual, the fitness is evaluated and used to preferentially se-

lect parents with the greatest fitness for the subsequent generation. Genes of the children

are determined by two generalized reproductive mechanisms: crossover and mutation.

Crossover involves dividing the two parent solution strings and merging them to create

new solutions. Mutation involves randomly modifying an individual gene within a solu-

tion string, which introduces perturbation and aides in preventing the selection of local

optima (Momtahen and Dariane 2007).
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The advantage of EA methods is that they do not impose many of the limitations of

traditional optimization, making them adaptable, suitable for nonlinearities, and capable

of being directly linked with hydrologic simulation models without the need for simpli-

fying assumptions (Labadie 2004). Because each realization contains full knowledge of

the decision variables, complicated objective functions such as those based on drought

risk indices are simple to calculate (Hashimoto et al. 1982). However, EA solvers are

considered an approximative heuristic algorithm and cannot guarantee a globally opti-

mal solution or know when an optimal solution has been found (Ferreira and Ludermir

2009).

In the majority of water allocation problems, optimization is used to balance several

competing objectives. Historically, these multi-objective problems were solved by weight-

ing the various objectives and summing the result to create a single objective problem

that could be solved using traditional optimization schemes (Deb 2001). The drawback

of this procedure is that weighting schemes must be determined a priori and the result-

ing solution represents only a single tradeoff value. In light of conflicting objectives, a

more rigorous approach is needed to address the system as a true multi-objective prob-

lem. Multiobjective optimization solves for a set of compromise solutions, termed the

Pareto optimal front, that represent optimal solutions which cannot be improved with-

out affecting the other objectives. By using this approach, decision makers are able to

see the entire objective space before decisions must be made regarding preferences and

tradeoffs. Therefore, the goal of multi-objective evolutionary algorithms (MOEAs) is to

use evolutionary algorithm principles of crossover and mutation to produce successively

better populations that converge on the Pareto optimal front, while maintaining sufficient

diversity to adequately cover the entire objective space.

3.2.3 Water Resources Applications of Evolutionary Algorithms

Evolutionary algorithms have been used successfully to optimize operating parameters in

deterministic reservoir optimization (Oliveira and Loucks 1997; Chen 2003; Wardlaw and

Sharif 1999). Momtahen and Dariane (2007) optimized several parameterized reservoir
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release rule forms using a direct coded genetic algorithm solver and concluded that EA

methods are efficient relative to traditional optimization. Despite this, Momtahen and

Dariane (2007) cautions against large numbers of policy parameters which tend to cause

overfitting and reduce computational efficiency.

In sensitivity tests on a 4-reservoir system, Wardlaw and Sharif (1999) found an op-

timal crossover probability of 0.7, meaning that parents will exchange genetic material

70% of the time with 30% of the parents copying their genes directly to the next gen-

eration without modification. Optimum results were achieved with approximately one

mutation per chromosome (Wardlaw and Sharif 1999).

3.3 Application

3.3.1 Potomac River Basin

This study uses the Potomac River Basin and the WMA as a case study to apply an evolu-

tionary algorithm optimization scheme to a system with long lag times. The WMA, cur-

rently the country’s 7th largest metropolitan area, houses more than 5 million residents

over its 40,000 square kilometers, and spans 15 counties and the District of Columbia.

Municipal water needs of the WMA are managed by three major suppliers:

Washington Suburban Sanitary Commission (WSSC), which serves the Maryland sub-

urbs,

Fairfax Water, which serves Fairfax County and other northern Virginia suburbs, and

Washington Aqueduct, which provides water to the District of Columbia

Additionally, the city of Rockville, MD maintains a separate water supply system,

drawing from the Potomac River. The Potomac River accounts for approximately 78% of

the water treated by the WMA water suppliers in a typical year, with the remainder of
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demand met by reservoirs located outside the non-tidal Potomac watershed on the Oc-

coquan (Fairfax Water) and Patuxent (WSSC) rivers (Figure 4.1). For much of the year,

withdrawals from the Potomac remain a small fraction of the total flow, with average

summer demands reaching 2×106 m3/day and annual Potomac flows averaging 26×106

m3/day (Ahmed et al. 2010). During periods of low flow, which typically occur in sum-

mer and early fall, the natural flow of the Potomac may be augmented with releases from

the Jennings Randolph and Little Seneca reservoirs to satisfy withdrawal requirements.

Reservoir characteristics are summarized in Table 4.1.

The Jennings Randolph Reservoir has significantly greater storage capacity available

for water supply (51×106 m3) than the Little Seneca (14×106 m3), but is located approx-

imately 9 days of hydrologic travel time upstream of the WMA intakes, while the Little

Seneca is only 1 day upstream of the WMA intakes. The two reservoirs are therefore

operated in concert, with the Jennings Randolph making primary releases and the Little

Seneca being used to ”fine tune” flows upstream of the intakes.

The remaining capacity in the Jennings Randolph Reservoir is allocated for flood con-

trol (42×106 m3, 28% of total storage) and water quality releases (58×106 m3, 38%). The

Corps of Engineers manages these portions, leaving flood storage empty for emergencies

and making water quality releases in conjunction with the Savage Reservoir to meet a low

flow requirement in the North Branch of the Potomac measured at Luke, Maryland.

The Savage Reservoir, located 8 km from the Jennings Randolph Reservoir, is owned

by the Upper Potomac River Commission (UPRC) and operated with guidance from the

Table 3.1: WMA operational characteristics.

Total Available Watershed Upstream Travel
Storage Storage Area Distance Time

Reservoir Manager 106 m3 106 m3 km2 km days

Jennings Randolph CO-OP,USACE 109 51 681 320 9
Little Seneca CO-OP 16 14 54 25 1
Savage UPRC 24 23 272 320 9
Patuxent WSSC 51 39 342 - -
Occoquan Fairfax 31 30 1,533 - -
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U.S. Army Corps of Engineers, Baltimore District to satisfy the North Branch low flow

requirement. Additionally, water supply releases are made from the Savage Reservoir

concurrently with releases from Jennings Randolph per a matching agreement.

In addition to the Potomac water supply system, three WMA reservoirs are located

outside the Potomac watershed and used as off-line water supply storage. The Occo-

quan Reservoir, managed by Fairfax Water, is located on the Occoquan River on the bor-

der of Fairfax and Prince William counties. The WSSC operates two reservoirs in series,

the Triadelphia and T.H. Duckett Reservoirs, on the Patuxent River along the border of

Montgomery and Howard counties in Maryland. Current operating rules specify that

WSSC and Fairfax Water rely more heavily on the Potomac River during winter and

spring months to preserve storage in the off-line reservoirs for use during the summer

low-flow season. In 2008, 31% of WSSC’s production came from the Patuxent reservoirs

and 42% of Fairfax Water’s production came from the Occoquan Reservoir.

3.3.2 Origins of the Potomac Basin System

While the physical organization of the Potomac Basin System is not uncommon, the cir-

cumstances surrounding its creation are unique, created, in part, by the confluence of two

state governments, the federal government and multiple water suppliers. The existing

water supply system began taking shape during the drought of 1966, when Washington

DC was forced to declare its first ”water emergency” in more than a century (Dyne 2007).

At this time, predictions of future demand concluded that demand would soon exceed

natural flows in the Potomac River, prompting the U.S. Army Corps of Engineers to iden-

tify 16 potential dam sites on the river (U.S. Army Corps of Engineers 1963). Because of

public opposition, only one of the proposed reservoirs, the Jennings Randolph, was built,

with construction beginning in 1975 and ending in 1981. During this time, water alloca-

tion studies (Sheer 1996; Palmer et al. 1979, 1982) concluded that demand could be met

through coordinated operation of the existing Patuxent and Occoquan reservoirs and the

Jennings Randolph, allowing flow in the Potomac to remain largely unimpeded. Even

greater protection was offered by constructing the smaller Little Seneca Reservoir in 1985
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to act as a buffer against uncertainty in releases from the upstream Jennings Randolph

Reservoir.

Because of the unique jurisdictional issues associated with shared water across wa-

ter suppliers, state governments, and the federal government, several agreements were

signed to ensure equitable access to water during a drought event (Low Flow Allocation

Agreement, 1978) and to facilitate shared decision-making (U.S. Army Corps of Engineers

1982). As part of the Water Supply Coordination Agreement, the water suppliers share

the operating and capital costs of the reservoirs and must jointly agree on the timing and

magnitude of water supply releases from the Jennings Randolph and Little Seneca reser-

voirs during periods of drought.

Water supply releases have been made on three occasions since completion of the cur-

rent WMA water supply system. During the first release, in the summer of 1999, water

was released from the Jennings Randolph Reservoir over a period of 26 days and from the

Little Seneca Reservoir one day, totaling 11×106 m3 (Dyne 2007). The 1999 drought high-

lighted the need for coordinated water conservation measures, with Maryland, Virginia

and Washington DC each imposing different water restrictions. To address this issue,

the Metropolitan Washington Council of Governments (MWCOG) adopted a Water Sup-

ply and Drought Plan in 2000 (Metropolitan Washington Council of Governments 2000)

which contains specific triggers for water restrictions. Consistent water restrictions were

not a problem in 2002, when 26×106 m3 were released in 3 pulses between mid-July and

late September. Water supply releases made in 2010 were taken solely from the Jennings

Randolph Reservoir between September 10 and September 21 and again on September

23 (Ahmed et al. 2010). In each instance, cooperative operations between the Interstate

Commission on the Potomac River Basin (ICPRB), the multistate organization that acts as

coordinator within the river basin, and the WMA water suppliers ran smoothly and the

augmented flow of the Potomac provided adequate water to meet demand.
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3.4 Methods

3.4.1 Systems Modeling

Hydraulic routing and reservoir operations were simulated using OASIS (Version 3.09.033),

developed by Hydrologics, Inc. OASIS is a water management simulation and decision

model, which uses a node-arc architecture to model reservoirs, reaches, inputs and with-

drawals. Operating rules are expressed as goals or constraints and solved via linear pro-

gramming using a daily time step, mimicking the imperfect foresight of daily operational

decision-making.

The OASIS model was developed in conjunction with the ICPRB and water suppliers

to ensure that all data, operating rules, and assumptions were accurate. Reservoir details,

including stage-storage curves, sedimentation rates, and existing operational rule curves,

were provided by the ICPRB. Current Potomac channel routing and travel time estimates

were also provided to the authors. Daily demand among the three major WMA water

suppliers was simulated using a set of multivariate regression equations, incorporating

an autoregressive-moving average (ARMA) error term, provided in Ahmed et al. (2010).

3.4.2 Streamflow Time Series

Two streamflow time series were evaluated: the historical time series (1929-2007) and a

group of stochastically generated streamflow time series. The historical record was ad-

justed by the ICPRB to remove the effect of reservoir releases and upstream consumptive

use, creating a time series of historical streamflows unaffected by demand change and hu-

man interaction (Hagen and Steiner 1998; Hagen et al. 1998b,a; Hagen and Steiner 1999).

To expand the set of feasible conditions beyond the historical streamflow time se-

ries, synthetic daily time series were generated using the stochastic method described

in Stagge (2012). This method uses a coupled monthly Markov climate model and daily

Markov streamflow model to accurately reproduce the distribution (mean, variance, skew-
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ness) and seasonality of the historical streamflow record. Parameters are successfully

modeled at the annual, monthly and daily time scales (Stagge 2012). Flows were then spa-

tially disaggregated based on the commonly used ”Method of Fragments” (Srikanthan

and McMahon 1982; Porter and Pink 1991) and bias corrected using quantile-quantile

mapping (Panofsky and Brier 2007).

3.4.3 Optimization Scheme

Optimization of system operating rules was carried out using S-metric Evolutionary

MultiObjective Algorithm (SMS-EMOA) (Emmerich et al. 2005; Beume et al. 2007), an

Indicator-based multiobjective evolutionary algorithm (MOEA), wrapped around the OA-

SIS simulation model. SMS-EMOA is a steady-state (µ + 1) MOEA designed to maximize

the multi-dimensional hypervolume (S-metric) dominated by a finite number of points.

The use of hypervolume as a quality metric was originally proposed by Zitzler and Thiele

(1998) and was proven by Fleischer (2003) to converge to the Pareto set, given a finite

search space and reference point. Hypervolume measures assign greater weight to re-

gions with unique points or high curvature, which tends to produce more detailed esti-

mates of the Pareto front than crowding distance, used as selection criterion in NSGA-II

(Deb et al. 2002), which seeks to distribute solutions uniformly. Use of dominated hyper-

volume is also invariant to linear scaling of the objective functions.

The version of SMS-EMOA used in this study is based on the EMOA package (Mers-

mann 2011) in R and uses simulated binary crossover (SBX) and polynomial mutation

(Deb 2001). In benchmark studies, this version of SMS-EMOA was shown to outper-

form several other multiobjective evolutionary algorithms in solution convergence, while

maintaining a well-distributed solution set (Beume et al. 2007). In an extensive assess-

ment of state-of-the-art MOEAs (Reed et al. 2012), a model using the hypervolume indica-

tor, Indicator-Based Evolutionary Algorithm (IBEA) (Zitzler and Künzli 2004), performed

very well, scoring among the best for hydrologic model calibration and groundwater cal-

culation problems.
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3.4.4 Objective Function and Constraints

The WMA water management optimization problem is formulated as a multi-objective

optimization system, with objectives designed to cover the range of potential benefits

within the Potomac River system in a quantifiable manner. To the greatest extent possible,

the operational constraints and objectives in this model were developed through close

consultation with the water suppliers and the ICPRB. Target volumes and flows were

often based on legal agreements, such as the Low Flow Allocation Agreement. Because

the functional limit of current MOEAs has been shown to be approximately 10 objectives

(Reed et al. 2012), this optimization model uses six objectives, which include:

1. Shortage, which minimizes delivery shortages to the water suppliers (volume)

2. Storage, which minimizes low storage volumes in any of the reservoirs (volume)

3. Flowby, which minimizes days when flow in the Potomac does not exceed low flow

requirements (days of violation)

4. Rec. Season, which minimizes days during the recreation season that Jennings Ran-

dolph levels fall below recreation facilities (days of violation)

5. Whitewater, which minimizes days when whitewater releases cannot be made due

to low storage volume (days of violation)

6. Env. Flows, which minimizes days when flow in the Potomac falls below recom-

mended environmental levels for three consecutive days (days of violation)

These objectives are presented as a constrained multi-objective optimization problem:

Minimize Z = [ZShort, ZStor, ZFlowby, ZRec Season, ZWW, ZEnv Flows] (3.2)

where each of the Z terms represent individual objective functions.

The first objective, ZShort (Equation 3.3), sums the percent water delivery shortage at

all supply points, including WSSC, Fairfax Water, the USACE, the city of Westernport,
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MD, and the city of Rockville, MD. In Equation 3.3, Demi refers to daily demand, Deli

refers to daily delivery, T represents the total number of days in the time series, and i

represents the 5 water suppliers.

ZShort =
∑
i

T∑
t=0


Demi(t)−Deli(t)

Demi(t)
if Demi(t) > Deli(t)

0 otherwise
(3.3)

The second objective, ZStor (Equation 3.4), calculates a penalty when reservoir usable

storage falls below 40%. In Equation 3.4, Sj represents usable storage (%) in reservoir

j, which corresponds to the 6 reservoir storage accounts: (1) Jennings Randolph Water

Quality, (2) Jennings Randolph Water Supply, (3) Savage, (4) Patuxent, (5) Occoquan, and

(6) Little Seneca. The storage penalty is a piecewise function (Figure 3.2a), which applies

increasingly larger penalties as reservoir usable storage approaches zero.

ZStor =
∑
j

T∑
t=0



100− 6× Sj(t) if 0 ≤ Sj(t) < 10%

60− 2× Sj(t) if 10 ≤ Sj(t) < 20%

40− Sj(t) if 20 ≤ Sj(t) < 40%

0 if Sj(t) ≥ 40%

(3.4)
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Equation 3.5 describes the flowby penalty, ZFlowby, which sums all days when the

legally prescribed flowby, QFlowby is not satisfied by flow, Qk, at each of the k locations.

The pertinent flowbys are 60 MGD at Luke, MD, 300 MGD at Great Falls, MD and 100

MGD at Little Falls, MD.

ZFlowby =
∑
k

T∑
t=0

(
Qk(t) < QFlowby

T

)
(3.5)

The fourth objective function, ZRec Season (Equation 3.6), refers to the summer Recre-

ation Season, which occurs each year between May 1 and August 31, represented in the

function by T Rec Season. During this period, water managers strive to maintain water levels

in the Jennings Randolph Reservoir, represented as ElevJR, above three recreation access

points. These points, termed EBeach, EWV, and EMD, are 443.5 m, 440.4 m, and 432.8 m

above sea level, respectively. The penalty function increases as each access point becomes

inaccessible (Figure 3.2b).

ZRec Season =

TRec Season∑
t=0

((
EJR(t) > EBeach

TRec Season

)
+ 2×

(
EJR(t) > EWV

TRec Season

)
+5×

(
EJR(t) > EMD

TRec Season

))
(3.6)

ZWW (Equation 3.7) calculates the ratio of days when whitewater releases cannot be

made due to low storage volume. Whitewater releases are set to occur on the 15th and 30th

of April and May, whose set is represented as TWW. Whitewater releases are represented

by QWW.

ZWW =

nWW∑
t=0

(
QWW(t) = 0

TWW

)
(3.7)

The final objective function, ZEnv Flows (Equation 3.8), uses a measure to summarize

water supply activity’s effect on the ecological health of the Potomac River. While the
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legal flowby requirement below Little Falls, MD is set at 200 MGD, the Potomac Basin

Large River Environmental Flow Needs study stated that there ”is strong concern that a

continuous, multi-day period of flows at or very close to 100 MGD would be injurious

to the biota” (Cummins et al. 2010). This function sums the number of occurrences when

flow below Little Falls, MD,QLF, remains below 200 MGD for 3 or more consecutive days.

ZEnv Flows =
n∑

t=0

(
(QLF(t) and QLF(t− 1) and QLF(t− 2)) < 200 MGD

n

)
(3.8)

3.5 Results

For both historical time series and synthetic time series, performance of the system un-

der existing reservoir release rules was compared to rule optimized using multiobjective

evolutionary algorithms.

3.5.1 Potomac Water Supply Response

Simulation of the WMA water supply system response to historical and synthetic time

series provides an insight into how the the system reacts under drought conditions and

can identify areas of particular vulnerability. Water supply response was simulated using

the 79 year (1929-2007) historical record and 10 synthetic streamflow time series of equal

length. Stochastically generated streamflows generated in Stagge (2012) closely match

the daily, monthly and annual distribution of historical streamflows, while maintaining

autocorrelation.

As expected, the WMA water supply system response under these time series is simi-

lar to the simulated response using the true historical flows, with respect to the 6 objective

functions. Because a 6-dimensional surface cannot be presented visually, Figure 3.3 dis-

plays each pair of objective functions individually. This figure compares 10 simulations,

represented by black•’s, with the historical record, represented by a red H for the full time
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Figure 3.3: Objective function for the historical and simulated streamflow time series.
Actual historical simulation is represented by red H, the historical record with the
Dust Bowl years removed is represented by blue �, and simulated streamflows are
represented by •.

series and a blue red � for the historical time series with the Dust Bowl era removed.

Axes in Figure 3.3 are unitless and scale-invariant, as they represent the various objective

functions.

According to Figure 3.3, the 10 synthetic streamflow realizations produce fewer fail-

ures than the historical record (shown in red), with respect to storage and environmental

flows but produce more whitewater failures. It is important to note that a large portion

of storage failures in the historical record occurred during the extreme drought between

1930 and 1932. If these years are removed from the record, shown in Figure 3.3 by a blue

�, the frequency and magnitude of the various penalties show much greater similarities.

As is the case for many climate models (Schubert et al. 2004; Seager et al. 2008), the

stochastic streamflow generation model cannot reproduce the most extreme drought con-

55



J.H. Stagge Genetic Algorithm Optimization of a Multi-Reservoir System

ditions of the ”Dust Bowl” era. These conditions are unlike any other drought during the

modern era (Cook et al. 2008) and caused highly irregular weather across much of the

United States, including the multi-year drought in the Potomac watershed lasting from

the summer of 1930 through the winter of 1931, with historically low recharge occurring

during the intervening winter. This anomaly is difficult to explain using only climatic

factors (Schubert et al. 2004) and is more thoroughly explained by a combination of cli-

mate and land surface feedback, whereby high dust loads caused by lack of vegetation

suppressed precipitation (Schubert et al. 2004; Miller et al. 2004; Rosenfeld et al. 2001). Ex-

traneous interaction factors are not captured in the streamflow generation model (Stagge

2012), which relies on transition probabilities between discrete monthly climate states. All

other climate-driven droughts are simulated successfully (Figure 3.3).

While comparing multiple realizations, patterns begin to emerge among the objective

functions. The storage, ZStor, and recreation objectives, ZRec Season , are closely related, as

both are volumetric measures albeit for different reservoirs and time frames. Operating

rules that minimize these objectives can be classified as ”storage-conservative”, favoring

storage in the reservoirs at the expense of downstream flows. The whitewater objective,

ZWW, is most closely related to recreation storage, though not strongly tied to the stor-

age objective. This is logical, as whitewater releases and the recreation season objective

depend on maintaining adequate storage in the Jennings Randolph Reservoir during an

overlapping season in the late spring (April 1-May 30). By comparison, ZStor tends to

focus on extreme low flows, which occur in late summer long after whitewater releases.

The flowby, ZFlowby, and environmental, ZEnv Flows, objectives are closely related, as

they are both flow measurements and promote a less conservative water management

scheme. Operational rules that minimize these objectives tend to make larger and more

frequent reservoir releases to ensure that downstream goals are met, at the expense of

reservoir storage. In the case of a system with long lag times, optimizing these objective

functions can be viewed as increasing the flow buffer.

No shortage failures occur in simulations of current climate and demand, based on

rules provided by the WMA water suppliers. These existing operating rules prioritize
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daily demand as their primary goal. This remains a reasonable model, as suppliers were

reticent to allow service outages if demand could otherwise be met. Therefore priority

was given to operating rules that met this objective.

3.5.2 Operating Rule Optimization

Five distinct rule modifications were considered in this study: the buffer equation, load

shifting, demand restrictions, and reservoir rule curves for the Jennings Randolph and

Patuxent reservoirs. Optimal rule modifications were calculated based on historical flows

and one of the more challenging synthetic streamflow realizations which remained within

the typical range from the historical record.

An overview of optimization results is presented in Table 3.2. This table shows the

maximum percent improvement, relative to simulation using existing operating rules, for

each rule modification. Each of the optimized rules tend to improve system performance,

though there is no single modification which is dominant across all objectives (Table 3.2).

This is in part because each modification has a distinct purpose. For instance, the ma-

jority of storage failures in the historical record occur in the Patuxent reservoir system.

Because of this, the Patuxent rule curve is most effective at preventing this type of failure,

followed by the Load Shifting rule, which shifts demand to the Patuxent and Occoquan

reservoirs, with a preference for the reservoir with more usable storage capacity. Like-

wise, the objectives that deal with the main stem of the Potomac, ZFlowby and ZEnv Flows,

are most effectively minimized by the Buffer Equation and Demand Restrictions, which

both adjust flows in the Potomac. Finally, the Jennings Randolph rule curve modification

is most effective at minimizing ZRec Season and ZWW, as these objectives deal directly with

storage in the Jennings Randolph Reservoir. While the Jennings Randolph rule modi-

fication improved ZRec Season, this objective showed the smallest improvement (Table 3.2)

because recreation season releases are handled by a separate set of stepped rules that were

not included for evaluation in this study.
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Table 3.2: System optimization results - Historical time series. All values represent the
maximum % improvement over the existing operation rules.

Rule Modification ZStor ZFlowby ZRec Season ZWW ZEnv Flows

Buffer Eq 0.5 21.4 0.51 0 17.8
JR Rule Curve 0.01 10.7 0.5 66.67 15.5
Patux Rule Curve 8.6 0 0.3 0 1.1
Load Shifting 2.4 7.1 0.1 0 4.4
Demand Res 0.8 14.3 0.1 0 18.9

The historical time series proved to be more challenging for the system, producing

higher penalties, but also allowing greater improvements through modifications of the

operational rules. Because the synthetic time series was less challenging for the WMA

system, the improvements due to rule modification in this case were meager.

Buffer Equation

Within the WMA water supply operating rules, the buffer equation is designed to balance

storage levels along the main stem of the Potomac River, namely between the upstream

Jennings Randolph and downstream Little Seneca Reservoirs. Reservoir releases from the

Jennings Randolph are calculated based on estimated demand using a 9-day lookahead;

however, the buffer equation adjusts these releases based on the imbalance, in percent

usable storage, between the Jennings Randolph Water Supply volume and Little Seneca

storage. If the Water Supply volume in the Jennings Randolph is lower than storage in

the Little Seneca Reservoir, the buffer is negative, reducing releases from the upstream

Jennings Randolph under the assumption that the deficit will be satisfied through ad-

ditional releases from the downstream Little Seneca Reservoir. Conversely, if levels in

the Little Seneca Reservoir are lower than the Jennings Randolph Water Supply account,

the buffer is positive, producing a release from the Jennings Randolph Reservoir that is

larger than necessary, based on the assumption that Little Seneca releases will be curtailed

to allow the reservoir to refill. Under the current policy, the slope of the Buffer Equation

(Figure 3.4) is identical for both of these situations, adding or subtracting a maximum of

568×103 m3/d.
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Figure 3.4: Optimized buffer equation - Historical time series. Current operating rules
are shown by the bold, black line between 568×106 m3/d and - 568×106 m3/d. For
each non-dominated solution, the color scale shows the improvement (green) or de-
crease (red) in objective function relative to current policy.

The Buffer Equation directly controls releases from the Jennings Randolph Water Sup-

ply storage, though it also indirectly affects releases from the Little Seneca Reservoir. In

this way, it incorporates the uncertainty caused by travel time.

An alternative formulation for the Buffer Equation is proposed, which deviates from

existing policy by 1) allowing unique slopes for positive and negative storage imbalances,

2) adding a breakpoint to each equation to allow different slopes for high imbalances and

low imbalances, and 3) handling the case of storage imbalances where reservoir volume

remains greater than 90% separately from all other cases. Each of these rule adjustments

were designed to increase flexibility for specific instances, rather than applying a sin-

gle rule for all circumstances. The results of multiobjective optimization suggest that a

21.43% improvement in ZFlowby and a 17.78% improvement in ZEnv Flow can be achieved

by increasing the slope of the Buffer Equation (Figure 3.4). This improvement comes at

the cost of recreational season storage, due to increased releases from the Jennings Ran-

dolph Reservoir (Figure 3.4). Conversely, Recreational Season storage can be improved

by maintaining the existing Buffer Equation, but greatly decreasing the Buffer Equation

for situations when usable storage is greater than 90%. In the case of positive imbalances,

i.e. Jennings Randolph storage (%) is less than Little Seneca, the buffer flow approaches
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zero. This additional rule prevents unnecessary attempts to balance storage between the

Little Seneca and Jennings Randolph when storage is nearly full. By balancing increases

in slope for the main Buffer Equation and a significant decrease in Buffer flows for cases

where the reservoirs are nearly full, all objectives may be improved.

Load Shifting

While the Buffer Equation deals only with balancing releases between the Jennings Ran-

dolph and Little Seneca, Load Shifting controls how daily demand is allocated to the

offline reservoirs, the Patuxent and Occoquan. Because of the strategic importance of

the Little Seneca Reservoir in fine-tuning Potomac flow, demand is shifted to the offline

reservoirs prior to requiring releases from the Little Seneca Reservoir. When predicted

flow in the Potomac River is not sufficient to satisfy predicted demand, production at the

Patuxent and Occoquan water treatment plants is temporarily increased above standard

production levels. Following the load shifting event, production at the offline reservoirs

is curtailed an equivalent amount, to replenish storage. Load shifting occurs only when

storage in the Jennings Randolph, Little Seneca, Occoquan and Patuxent remains above

trigger points, called Load Shift Storage Indices.

The modified Load Shifting rules adjust the Load Shift Storage Indices as well as the

ratio between the Patuxent and Occoquan Reservoirs. In the existing operating proce-

dure, unmet demand is apportioned equally between the Patuxent and Occoquan Reser-

voirs. Rather then maintain a balance between these two reservoirs during a load shift

event, the proposed rules allow the ratio to be other than 50% and allow this ratio to ad-

just dynamically based on the ratio of available storage between the reservoirs. This Load

Shift equation, shown in 3.4a, is defined by three points, with the midpoint representing

the standard percent of the load allocated to the Patuxent Reservoir. When usable stor-

age is higher in the Patuxent Reservoir, a higher percent of the load is allocated to this

reservoir and vice versa. The final parameter evaluated in this scheme is the threshold

that determines when a load shift event ends and demand can be returned to the Po-

tomac River. In the existing model, Potomac flows must be 1,136×106 m3/d in excess of
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Figure 3.5: Optimized load shift equation - Historical time series. Current operating
policy is a constant 50% allocation between the Patuxent and Occoquan Reservoirs,
shown as a bold, black line. For each non-dominated solution, the color scale shows
the improvement (green) or decrease (red) in objective function relative to current pol-
icy.

demand and flowby level before a load shifting event may end. This ”Load Shift Buffer”

works to prevent oscillating between load shifting and regular operation.

Consistent improvement is realized by increasing the Load Shift Storage Indices and

decreasing the Load Shift Buffer flow. Increasing the Load Shift Storage Index reduces

load shifting to the Patuxent and Occoquan as storage in the system becomes extremely

low. The greatest increases in Load Shift Storage Index, relative to total storage are in the

Jennings Randolph (1,000 - 1,500×106 m3), Patuxent (700-1,000×106 m3), and Little Seneca

(350-800×106 m3). The increase in Occoquan Storage Index is relatively small (0-200 ×106

m3), suggesting that the Occoquan is capable of handling greater load than the Patuxent.

This is due to its relatively high watershed area, which promotes recharge. By increasing

this threshold point, more support is required from the Little Seneca Reservoir, which

tends to be underutilized in the existing rules. Reducing the Load Shift Buffer allows a

Load Shift event to end sooner, reducing pressure on the offline reservoirs once Potomac

flows become adequate to support demand. In both cases, improvement is mostly at-

tributed to decreasing load on the Patuxent Reservoir, which is stressed in the current

system based on ZStor failures.
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Additional improvements are possible by lowering the Load Shift equation, further

decreasing the load on the Patuxent Reservoir. Decreasing the standard Patuxent load

from 50% to 33% and including the balancing equation strikes an effective compromise

between the ZStor objective and the flow objectives, ZFlowby and ZEnv Flow (Figure 3.5).

This policy reduces Patuxent storage failures by 3.17 % and Occoquan storage failures

by 2.66%, while causing no change in Flowby failures and actually improving environ-

mental flows slightly (Figure 3.5). Raising the Load Shift equation improves ZFlowby at the

expense of ZStor, while the opposite is true for decreases in the Load Shift equation.

Monthly Rule Curves

The Jennings Randolph and Patuxent reservoirs were selected to undergo rule curve

optimization, based on Patuxent Reservoir’s high number of simulated storage failures

and the Jennings Randolph’s importance for water supply, recreation and whitewater re-

leases. All reservoirs in the WMA water supply system operate according to zone-based

rule curves in some form, except for Little Seneca which maintains a full storage volume

throughout the year.

Jennings Randolph storage is managed by the Baltimore District Corps of Engineers

and uses 3 zone-based rule curves (high, medium, and low) to guide releases during the

non-Recreation Season months (September through April). These releases are designed to

approximate the natural contribution of the Potomac River’s impounded North Branch,

while refilling the reservoir prior to the summer recreation season. Recreation releases

are handled by a separate set of stepped rules, designed to maintain recreational storage

targets, conditional on current storage.

Multiobjective optimization was used to adjust the the low and middle rule curves, ig-

noring the high rule curve, which is set near the Corps of Engineers’ upper storage limit to

provide adequate flood storage. As expected, adjustments to the Jennings Randolph rule

curves produced the greatest impact on objectives directly related to Jennings Randolph

storage, reducing ZRec Season by 0.51% and ZWW by 66.67%. ZStor was not greatly impacted
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by optimization because the majority of storage failures occur in other reservoirs. Among

the optimized rules, the greatest improvements were realized by modifying the minimum

curve, which controls releases when storage in the Jennings Randolph is very low. Very

little improvement was attributed to changes in the middle rule curve.

Whitewater releases and recreation season storage were improved by increasing the

middle and low rule curves between March and May, immediately prior to the recreation

season, which forces the Jennings Randolph Reservoir to operate more conservatively,

decreasing the daily release from 734×103 to 294×103 m3/d at a higher cutoff point. This

modification allows for an additional 4 whitewater releases over the course of the histor-

ical record and improves recreation season storage modestly (0.51 %), but increases the

environmental flow penalty. This tradeoff occurs because conservative operation of the

Jennings Randolph forces downstream reservoirs to satisfy water deficits, either by shift-

ing load to the Patuxent and Occoquan or by making Little Seneca releases. In both cases,

releases can be made with more precision because they depend on current conditions,

rather than the 9-day forecast.

Immediately following the recreation season, in September, performance was consis-

tently improved by increasing the minimum curve elevation, causing the Jennings Ran-

dolph water quality account to operate more conservatively when storage is extremely

low. After September, the optimized rule curves deviate, based on the preferred objective.

ZFlowby and ZEnv Flows can be improved by 10.71 and 15.54%, respectively, by lowering the

low rule curve, allowing for larger releases at the expense of Jennings Randolph storage.

This modification is effective if aquatic life along the entire length of the Potomac River

would benefit from intermittent flow pulses. However, using Jennings Randolph storage

to decrease the number of consecutive low flow days can be inefficient because of up-

stream losses and the potential for natural storm events to occur during the 9-day travel

time. If the only point of environmental concern is downstream of Little Falls, small

pulse releases could be made from the Little Seneca Reservoir to eliminate consecutive

days with flow close to the minimum flowby.
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Modification of the Patuxent rule curve is almost entirely designed to maintain storage

in the highly stressed Patuxent Reservoir, thereby improving system storage, ZStor. The

Patuxent Reservoir is typically the first reservoir in the WMA system to fall below 40%

usable storage in any of the historical or simulated drought years. Thus, the optimized

rule curves greatly improve ZStor with little impact on the other objectives because of the

Patuxent’s location outside of the Potomac watershed.

The Patuxent operates based on 2 rule curves and an emergency storage trigger, which

control daily water treatment withdrawals based on usable storage. Adjusting the upper

and lower rule curves using multiobjective optimization produced an 8.64% improve-

ment in system storage. This improvement is produced by raising the Lower curve con-

sistently throughout the entire year, causing the Patuxent to function more conservatively

during periods of extreme low flows. Modifications to the Upper curve occur primarily in

the summer and early fall, when droughts are likely to occur. During the drought period,

the optimized rules increase the Upper rule curve, forcing a reduction of Patuxent with-

drawals and thereby decreasing the frequency and severity of storage failures. During the

recharge period, beginning in December and continuing through May, the optimized Up-

per rule curve remains nearly identical to current operations. These results suggest that

the Patuxent Reservoir can be operated more conservatively without causing significant

detriment to the remainder of the WMA system.

Demand Restrictions

Following inconsistent implementation of water restrictions during the drought of 1999,

the Metropolitan Washington Council of Governments standardized the use of water de-

mand restrictions by setting three trigger levels: voluntary, mandatory and emergency

(Metropolitan Washington Council of Governments 2000). As part of this agreement,

regional governments agreed to declare water restrictions simultaneously based on the

pre-determined triggers. Voluntary restrictions are triggered when combined storage in

the Jennings Randolph and Little Seneca reservoirs falls below 60%. Trigger points for

mandatory and emergency restrictions are set at 25 and 5% of either Jennings Randolph or
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Table 3.3: Parameters of the demand restriction rule. Current MWCOG demand re-
striction policy is presented as a single value, labeled ”MWCOG”, while optimized
results, ”Optim”, are presented as a range. Optimized values for Mandatory and
Emergency restrictions are not presented, as these restrictions are not imposed.

Jen Randolph Little Seneca Demand Reduction (%)
WS Index Index June-Sep Remainder of Year

MWCOG Optim MWCOG Optim MWCOG Optim MWCOG Optim

Voluntary 60 75-85 60 74-85 5 1.2-4.7 3 4.1-7.3
Mandatory 25 25 9.2 5
Emergency 5 5 15 15

Little Seneca storage, respectively. The mandatory and emergency rules are close approx-

imations of the actual MWCOG demand triggers, simplified to improve computational

time. The potential demand reduction values, shown in Table 3.2, are based on water use

reductions during the drought of 1999 and other historical restrictions throughout the re-

gion. Reduction in water use is typically achieved by banning of lawn watering, filling of

swimming pools, operation of ornamental fountains, and other similar activities.

Under current levels of demand and both the historical and synthetic streamflow

record, the combined storage of the Jennings Randolph water supply account and Lit-

tle Seneca remains greater than 75.80% at all times, suggesting that voluntary restrictions

would never be implemented using the current scheme. Because this is not likely the in-

tended goal of the MWCOG rules, the demand restriction triggers were evaluated using

the multiobjective optimization framework. To allow for greater flexibility in the model,

the voluntary trigger which previously considered Jennings Randolph water supply and

Little Seneca storage together was separated, allowing each reservoir to be evaluated

based on a specific trigger point, similar to rules for Mandatory and Voluntary restric-

tions. In addition, percent reduction for each restriction level was evaluated within very

tight bounds to determine if there was any notable benefit of maximizing percent reduc-

tion.

Evaluation of the model suggests that operations could be improved by increasing

the trigger for voluntary demand restriction. By raising the voluntary demand restriction

setpoints to the range of 74-84 %, demand restrictions are called in 2-3 years over the
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historical record. Mandatory and Emergency restrictions are never imposed. This policy

is more consistent with the MWCOG’s expectation of requiring demand restrictions only

during the most severe droughts. Because water use restrictions are called so infrequently,

even in the optimized rules, the percent restrictions appear to have less impact than the

trigger point.

Figure 3.6 presents the Pareto front of optimized demand restriction rules. The Pareto

front is defined as the set of solutions in which each objective function cannot be im-

proved without negatively affecting another objective. In other words, the Pareto front

represents optimal solutions for all possible objective weighting schemes. In order to

present this 6-dimensional surface, pairwise combinations of the objective functions are

presented in grid form. For each 2-dimension pair, the blue surface represents the set of

solutions which minimize the pair of objectives. Other non-dominated points, shown in

black, do not minimize the particular pair of objectives but provide an optimal solution

elsewhere in the objective space. Using this figure, tradeoffs among the objectives can be

easily considered.

Figure 3.6 illustrates that increases in the demand restriction trigger improves all ob-

jectives, except for ZWW. The extent of this improvement is balanced between improving

ZStor and the flow-based objectives (ZRec Season and ZEnv Flows). The location of the current

policy point, far from the Pareto front, suggests that improvements can be realized for all

objectives.

3.6 Conclusions

Efficient water management policies are critical in water supply systems with significant

lag between reservoir releases and their subsequent use to meet demand. The Washing-

ton DC Metropolitan Area water supply system, which is characterized by a 9-day lag,

was used as a case study to evaluate a rule optimization scheme, using a multiobjective

evolutionary algorithm linked to a hydrologic/decision simulation model. Evolutionary
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Figure 3.6: Demand Restriction - Pareto Front comparison. Comparison of current
operating procedures, shown by a red H, and the set of optimized demand restriction
rules. The blue surface represent the Pareto front for each pair of objective functions.

algorithms are capable of searching large and complex decision spaces and are robust to

nonlinear functions and constraints.

Optimization of the water management rules proved effective at improving system

performance and provided insight into reducing uncertainty caused by the physical lay-

out of the system. In total, 6 objective functions were considered, which measured de-

mand shortage, reservoir storage, minimum river flowby, recreation days, whitewater

releases, and environmental benefit.
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While no single rule modification was dominant across all objectives, certain changes

provided consistent improvements. Modifying the Load Shift Index, which prevents load

being shifted to the Patuxent and Occoquan reservoirs during times of low storage, re-

duced storage penalties by 2.4 % and flowby penalties by 7.1%. Additionally, the existing

trigger points for water use restrictions were found to be set too low, never engaging,

even during the historical drought of record. Increasing these triggers allowed for occa-

sional water use restrictions to be placed on the region’s consumers, improving flowby

and environmental flows by 14.3 and 18.9%, respectively.

Other modifications involve a tradeoff between objectives. Modification of the Buffer

Equation, which balances storage between the upstream Jennings Randolph Reservoir

and the downstream Little Seneca Reservoir was able to improve both storage in the

Jennings Randolph and downstream flow metrics. However, if Jennings Randolph stor-

age was maximized via excessively conservative release policies, downstream flows were

negatively impacted.

The methods outlined in this study have great potential for continued study within

the WMA and application to other, similarly complex water supply systems that could

benefit from more efficient water resources decision-making.
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Chapter 4

Manuscript 3: Water Resources

Adaptation to Climate and Demand

Change Using Multiobjective

Evolutionary Algorithms

Abstract

The effects of climate change are increasingly being considered in conjunction with pop-

ulation/demand change and reservoir sedimentation in forecasts of water supply vul-

nerability. A case study is presented, based on the Washington DC Metropolitan Area

water supply, where the relative effects of these factors are evaluated first by simulation

and then addressed using a multiobjective evolutionary algorithm to develop adaptation

strategies. Optimized reservoir management policies were compared a posteriori using 6

distinct objectives, ranging from reservoir storage to environmental and recreational ben-

efit. Simulation of future conditions show the system becoming more stressed with time.

Reservoir sedimentation is projected to increase the severity of reservoir storage failures

(volume < 40%), by 114%. Demand increases and climate change are projected to further
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stress the system, causing longer periods of low flow in downstream water bodies and

a loss of recreational use due to low reservoir storage. Optimized rules are capable of

mitigating some of these effects, most notably returning simulations of 2070-2099 climate

to historical levels.

4.1 Introduction

Climate research suggests that the Earth’s climate is changing in response to changes

in the global atmospheric composition, brought about by human activities (Meehl et al.

2007). As atmospheric research improves the reliability of global climate predictions, wa-

ter resources planners and engineering must consider climatic changes as potentially im-

portant factors in predicting and addressing water vulnerability.

As with other non-stationary factors typically considered in water supply planning,

such as demand change and reservoir sedimentation, the risks posed by a changing cli-

mate must be identified and evaluated. Once vulnerabilities are identified, adaptation

strategies can be developed to mitigate these effects.

This process is applied to the Potomac River and the Washington DC Metropolitan

Area (WMA) water supply system (Figure 4.1) . The relative and combined effects of de-

mand change, reservoir sedimentation, and climate change are evaluated for the WMA

over the next century. System operating rules are then optimized based on several con-

flicting objectives using a state-of-the-art multiobjective evolutionary algorithm, SMS-

EMOA. Results of this optimization provide insight into potential adaptation strategies

that could be employed to improve efficiency and maintain the current level of service in

the WMA in the future without the need for physical modifications to the system.
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Figure 4.1: Potomac watershed and Washington DC water supply. Volumes are shown
as 106 m3, or MCM. Figure generated by the Interstate Commission on the Potomac
River Basin (ICPRB).
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4.2 Methods

4.2.1 Washington Metropolitan Area Water Supply Model

As in Stagge (2012b), the WMA is used as a case study to evaluate the effects of demand

and climate change on water resources operations. The WMA houses more than 5 mil-

lion residents across 40,000 square kilometers in Maryland, Virginia and Washington DC.

Municipal water needs of the WMA are managed by three major suppliers:

Washington Suburban Sanitary Commission (WSSC), which serves the Maryland sub-

urbs,

Fairfax Water, which serves Fairfax County and other northern Virginia suburbs, and

Washington Aqueduct, which provides water to the District of Columbia.

The current water supply system is the result of several design iterations and collab-

oration among the numerous levels of government, water suppliers and citizen groups.

Details of the system are provided in Stagge (2012a) and Ahmed et al. (2010). This system

relies predominantly (≈ 78% annually) on flow from the Potomac River to satisfy water

demands, with the remainder of water provided by two off-line reservoirs: the Patux-

ent Reservoir system operated by WSSC and the Occoquan Reservoir operated by Fairfax

Water (Table 4.1). Flow in the Potomac is augmented by two reservoirs. The Jennings Ran-

dolph Reservoir is the larger of the two (109×106 m3), but is located approximately 9 days

hydrologic travel time upstream of the WMA intakes (Table 4.1). The Little Seneca Reser-

voir is located only a day upstream of the MWA intakes, but has significantly smaller

usable storage and a smaller watershed area. These two reservoirs are therefore operated

in concert, with the Jennings Randolph providing primary releases and the Little Seneca

used to ”fine tune” flows immediately upstream of the intakes. While allowing the main

stem of the Potomac River to remain relatively uncontrolled, this layout adds uncertainty

to the system, as release decisions must be made in advance of accurate weather forecasts.
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Hydraulic routing and reservoir operations were simulated using OASIS (Version

3.09.033), developed by Hydrologics, Inc. OASIS is a water management simulation and

decision model, which uses a node-arc architecture to model reservoirs, reaches, inputs

and withdrawals. Operating rules are expressed as goals or constraints and solved via

linear programming using a daily time step, mimicking the imperfect foresight of daily

operational decision-making.

The OASIS model was developed in conjunction with the ICPRB and water suppliers

to ensure that all data, operating rules, and assumptions were accurate. Reservoir details,

including stage-storage curves, sedimentation rates, and existing operational rule curves,

were provided by the ICPRB, as well as the current Potomac channel routing and travel

time estimates. Daily demand among the three major WMA water suppliers was simu-

lated using a set of multivariate regression equations, incorporating an ARMA error term,

provided in Ahmed et al. (2010).

4.2.2 Multiobjective optimization

Optimization of system operating rules was carried out in a manner similar to Stagge

(2012a), using SMS-EMOA (Emmerich et al. 2005; Beume et al. 2007), an Indicator-based

Multiobjective Evolutionary Algorithm (MOEA), wrapped around the OASIS simulation

model. SMS-EMOA is a steady-state Multi-Objective Evolutionary Algorithm designed to

maximize the multi-dimensional hypervolume (S-metric) dominated by a finite number

Table 4.1: WMA operational characteristics.

Total Available Watershed Upstream Travel
Storage Storage Area Distance Time

Reservoir Manager 106 m3 106 m3 km2 km days

Jennings Randolph CO-OP,USACE 109 51 681 320 9
Little Seneca CO-OP 16 14 54 25 1
Savage UPRC 24 23 272 320 9
Patuxent WSSC 51 39 342 - -
Occoquan Fairfax 31 30 1,533 - -
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of points. Hypervolume metrics, developed by Zitzler and Thiele (1998) and Fleischer

(2003), are invariant to objective scaling, tend to converge on the Pareto set, and assign a

greater weight to regions with unique points or high curvature in the objective space.

As in Stagge (2012a), a version of SMS-EMOA based on the EMOA R package (Mers-

mann 2011) using simulated binary crossover (SBX) and polynomial mutation is used

to optimize operational decision variables across multiple objectives. This optimization

scheme has proven efficient and effective relative to other MOEAs in benchmark studies

(Beume et al. 2007).

Six objective functions were developed in conjunction with water suppliers and the

ICPRB and designed to cover the range of potential benefits within the Potomac River

system. Target volumes and flows were often based on legal agreements, such as the Low

Flow Allocation Agreement. Because the functional limit of current MOEAs has been

shown to be approximately 10 objectives (Reed et al. 2012), this optimization model uses

six objectives, which include:

1. Shortage, which minimizes delivery shortages to the water suppliers (volume)

2. Storage, which minimizes low storage volumes in any of the reservoirs (volume)

3. Flowby, which minimizes days when flow in the Potomac does not exceed low flow

requirements (days of violation)

4. Rec Season, which minimizes days during the recreation season that Jennings Ran-

dolph levels fall below recreation facilities (days of violation)

5. Whitewater, which minimizes days when whitewater releases cannot be made due

to low storage volume (days of violation)

6. Env Flows, which minimizes days when flow in the Potomac falls below recom-

mended environmental levels for three consecutive days (days of violation)

These objectives are presented as a constrained multiobjective optimization problem,

identical to that posed in Stagge (2012a):
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Minimize Z = ZShort, ZStor, ZFlowby, ZRec Season, ZWW, ZEnv Flows (4.1a)

ZShort =
∑
i

n∑
t=0


Demi(t)−Deli(t)

Demi(t)
if Demi(t) > Deli(t)

0 otherwise
(4.1b)

ZStor =
∑
j

n∑
t=0



100− 6× Storj(t) if 0 ≤ Storj(t) < 10%

60− 2× Storj(t) if 10 ≤ Storj(t) < 20%

40− Storj(t) if 20 ≤ Storj(t) < 40%

0 if Storj(t) ≥ 40%

(4.1c)

ZFlowby =
∑
k

n∑
t=0

(
Qk(t) < QFlowby

n

)
(4.1d)

ZRec Season =

nRec Season∑
t=0

((
ElevJR(t) > ElevBeach

nRec Season

)
+ 2×

(
ElevJR(t) > ElevWV

nRec Season

)
(4.1e)

+ 5×
(

ElevJR(t) > ElevMD

nRec Season

))
ZWW =

nWW∑
t=0

(
QWW(t) = 0

nWW

)
(4.1f)

ZEnv Flows =
n∑

t=0

(
(QLF(t) and QLF(t− 1) and QLF(t− 2)) < 200 MGD

n

)
(4.1g)

where each of the Z terms represent individual objective functions. For all objective func-

tions, n represents the total number of days in the time series, i represents the 5 indi-

vidual water suppliers, and j represents the 6 reservoir storage accounts: (1) Jennings

Randolph Water Quality, (2) Jennings Randolph Water Supply, (3) Savage, (4) Patuxent,

(5) Occoquan, and (6) Little Seneca. ZShort (Equation 4.1b), sums the percent water deliv-

ery shortage at all supply points, including WSSC, Fairfax Water, the USACE, the city of

Westernport, and the city of Rockville, where Demi refers to daily demand, Deli refers to

daily delivery. ZStor calculates a penalty when reservoir usable storage falls below 40%

of the usable storage in the baseline year 2012. Penalties increase as storage approaches

zero using a piecewise function which approximates the existing drought restriction set-
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points (Metropolitan Washington Council of Governments 2000). ZFlowby, which sums

all days when the legally prescribed flowby, QFlowby is not satisfied by flow, Qk, at each

of the k locations. The pertinent flowbys are 60 MGD at Luke, 300 MGD at Great Falls

and 100 MGD at Little Falls. ZRec Season (Equation 4.1e), refers to the summer Recreation

Season, which occurs each year between May 1 and Aug 31, represented in the function

by T Rec Season. During this period, water managers strive to maintain water levels in the

Jennings Randolph Reservoir, represented as ElevJR, above three recreation access points.

These points, termed EBeach, EWV, and EMD, are 1455 ft, 1445 ft, and 1420 ft, respectively.

ZWW (Equation 4.1f) calculates the ratio of days when whitewater releases, QWW, cannot

be made due to low storage volume. Whitewater releases are set to occur on the 15th and

30th of April and May, whose set is represented as TWW. ZEnv Flows (Equation 4.1g), uses

a measure to summarize water supply activity’s effect on the ecological health of the Po-

tomac River. While the legal flowby requirement below Little Falls is set at 200 MGD,

the Potomac Basin Large River Environmental Flow Needs study stated that there ”is

strong concern that a continuous, multi-day period of flows at or very close to 100 MGD

would be injurious to the biota” (Cummins et al. 2010). This function sums the number

of occurrences when flow below Little Falls, QLF, remains below 200 MGD for 3 or more

consecutive days.

4.2.3 Climate adjusted streamflow generation

The effect of climate change is simulated by stochastically generated daily climate-adjusted

streamflow and precipitation time series. These daily time series were generated using

the Markov Chain Model, described in detail in Stagge (2012b). In this method, GCM-

scale climate indicators are related to discrete monthly climate states, extracted from the

historical record for the study region. The transition probabilities between these climate

states are then adjusted based on GCM climate projections. The parameters of a daily

streamflow model, similar to Aksoy (2003) and Szilagyi et al. (2006), are controlled by

the monthly climate state and used the generate climate-adjusted daily streamflow. Daily

flow is generated based on a two-state (increasing/decreasing) Markov chain, with ris-
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ing limb increments randomly sampled from a Weibull distribution and the falling limb

modeled as exponential recession. Stagge (2012b) showed this model capable of both re-

producing historical streamflow statistics at the daily, monthly and annual time step and

of generating climate-adjusted streamflows that match the general findings of classical

climate downscaling studies (Najjar et al. 2009; Milly et al. 2005; Hayhoe et al. 2007).

Daily streamflow was generated for USGS stream gauge 01646500, located on the Po-

tomac River near the Little Falls pumping station in Washington, DC and spatially disag-

gregated to daily streamflow and precipitation values at the necessary upstream sites us-

ing the ”Method of Fragments” (Srikanthan and McMahon 1982; Porter and Pink 1991), as

in Stagge (2012a). Flows were bias-corrected using quantile-quantile mapping to remove

residual model bias, particularly at the upstream sites.

4.3 Results

4.3.1 Projected Changes to WMA Water Supply Reliability

Three major processes are projected to affect the reliability of the WMA water supply

system over the next century. These are demand change, reservoir sedimentation, and

climate change. To identify the relative impact of these processes on the system, the sys-

tem was simulated while adjusting each parameter in isolation.

Demand Change

Per the Low Flow Allocation Agreement, signed by all member states, the ICPRB pro-

vides a minimum 20 year forecast of demand change once every 5 years. The most recent

projection, Ahmed et al. (2010), evaluates demand change through the year 2040. These

predictions are based on recent water use information provided by the WMA water sup-

pliers and demographic projections from the most recent MWCOG Round 7.2 Coopera-

tive Forecast (Metropolitan Washington Council of Governments 2009). Demand change
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Table 4.2: Projected WMA population and demand change (2010-2040). Demand is
presented as 103 m3/d. Percent change from 2010 is presented in parentheses.

Population (in Millions) Water Demand

2010 2040 2010 2020 2030 2040

Fairfax 1.54 2.03 (32.0%) 663 755 (13.8%) 826 (24.5%) 866 (30.7%)
WSSC 1.72 2.01 (16.6%) 651 707 (8.6%) 746 (14.7%) 771 (18.6%)
Aqueduct 0.98 1.23 (26.0%) 571 624 (9.2%) 652 (14.1%) 673 (17.8%)
Rockville 0.05 0.06 (37%) 18 20 (10.4%) 22 (20.8%) 24 (31.3%)

Total WMA 4.28 5.33 (24.5%) 1,903 2,106 (10.7%) 2,246 (18.0%) 2,335 (22.7%)

beyond 2040 is not considered in this study, as water demand forecasts tend to become

unreliable beyond the 30 year horizon in this region (Ahmed et al. 2010), given the added

uncertainty of population change and innovations in water efficiency.

The MWCOG Round 7.2 Cooperative Forecast (Metropolitan Washington Council of

Governments 2009) predicts an increase in population of approximately 1 million (24.5%)

between 2010 and 2040, which corresponds to a projected water demand increase of

432×103 m3/d (22.7%) (Table 4.2). The greatest increase in population, and therefore

water demand, is projected to occur within the Fairfax Water service area of Northern

Virginia. Demand increase for Fairfax Water is projected to increase by 31% between 2010

and 2040, while the WSSC and Washington Aqueduct service areas are expected to in-

crease demand by 19 and 18%, respectively (Ahmed et al. 2010). The City of Rockville,

which maintains a separate water supply, is projected to have a relatively large increase

in demand by percent (31.3%), but this remains a small portion of the total WMA water

supply because of Rockville’s small service area.

This projected increase in demand will produce a consistent increase in Recreation

Season failures, ZRec Season, and Environmental Flow failures, ZRec Season (Figure 4.2). By the

year 2040, this increase in demand alone will result in an additional loss of approximately

0.5 days/year with access to the Beach (2.0% increase) and 0.9 days/year with access to

the West Virginia boat ramp (58.3% increase). While this loss of recreation time may not

appear significant, a 58.3% increase in the more severe WV boat ramp failures suggests

that demand will drive a loss of recreation revenue. Additionally, recreation failures tend
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Figure 4.2: Effect of demand increase and reservoir sedimentation on Storage and
Recreation Season objectives.

to occur in extended groups, rather than a single instance. In this way, the additional

failures may significantly affect individual recreation seasons.

Increased demand does not significantly affect WMA storage as a whole (Figure 4.2),

however, it is important to note that increased demand begins to adversely affect storage

in the Little Seneca Reservoir by the 2030 demand year.

Sedimentation

Usable reservoir storage volume is expected to decrease with time due to the deposition of

sediment carried by reservoir inflows. Sedimentation rates were analyzed in Ahmed et al.

(2010) using the non-parametric Kendall-Theill Robust Line (Sen 1968; Thiel 1950), which

determined that sedimentation rates ranged between 57×103 and 481×103 m3/yr for the

Little Seneca and Jennings Randolph reservoirs, respectively (Table 4.3). References for

the bathymetric surveys are provided in Table 4.3.

Reservoirs in the WMA water supply system are projected to lose 7-15% of their us-

able storage volume due to sedimentation in the 30 years between 2010 and 2040. Based

on the most recent survey, the sedimentation rates in the Jennings Randolph Reservoir

is particularly high relative to the other reservoirs Table 4.3 , and significantly greater
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Table 4.3: Projected sedimentation and storage loss (2010-2040). All volumes are pre-
sented as 103 m3. Percent change from 2010 is presented in parentheses.

Reservoir Usable Storage (106 m3) Sed Rate Source

2010 2040 (103 m3/yr)

Jennings Randolph 102,500 88,100 (-14.1%) 481 USACE (1997)
Little Seneca 13,800 12,100 (-12.3%) 57 Hagen (1999)
Occoquan 29,500 25,000 (-15.4%) 151 CDM (2002)
Patuxent 38,100 35,400 (-7.2%) 91 Ortt et al. (2007)
Savage 23,300 21,200 (-8.8%) 68 Ahmed et al. (2010)

than the original ”design” sedimentation rate of 25×103 m3/yr, which was based on up-

stream suspended sediment concentrations (Burns and MacArthur 1996). By 2040, the

storage capacity loss in the Jennings Randolph Reservoir is projected to be 25% of the

original storage volume (14.1% between 2010 and 2040). Despite these predictions of

storage loss, sedimentation rates tend to change with time, as the sediment contribution

of upstream watersheds change. Increased development tends to increase sediment load

per area (Allmendinger et al. 2007), though this effect may be mitigated by improvements

in non-point source runoff treatment. It is important to note that the Jennings Randolph

watershed, historically home to coal mining, has seen a decrease in this industry and has

been subject to increased oversight with respect to non-point source runoff.

As expected, reservoir sedimentation is expected to increase the frequency and sever-

ity of reservoir storage shortage, defined as usable storage < 40% by ZStor (Figure 4.2).

This noted increase is due to storage failures in the Patuxent and Savage reservoirs. Inter-

estingly, the Jennings Randolph and Little Seneca water supply reservoirs do not develop

storage failures until the 2040 sedimentation level. This suggests that there may be op-

portunities for improving ZStor as storage is lost to sedimentation through changes in how

load is allocated among the reservoirs. Because ZRec Season is strongly tied to storage in the

Jennings Randolph, it is not surprising that ZRec Season is relatively unaffected by sedimen-

tation losses (Figure 4.2). Further, sedimentation has little impact on the flow measures,

ZFlowby and ZEnv Flows.
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Table 4.4: Evaluated global climate models (IPCC - AR4).

Model Institution Location Reference

CCSM3 National Center for Atmospheric USA Collins et al. (2006)
Research (NCAR)

CGM 3.1 Canadian Centre for Climate Modeling Canada Flato (2005)
and Analysis

CSIRO MK3 CSIRO Atmospheric Research Australia Gordon et al. (2002)
MIROC 3.2 Center for Climate System Research Japan Watanabe et al. (2011)
PCM1 National Center for Atmospheric USA Washington et al. (2000)

Research (NCAR)

Climate Change

Output from five GCM simulations (Table 4.4) was used to generate streamflow and pre-

cipitation throughout the Potomac watershed at 30 year intervals (2010-2039, 2040-2069,

2070-2099) using the streamflow generation method presented in Stagge (2012b). These

simulations predict a slight increase (1-7%) in mean annual flow over the next century,

with the majority of this increase occuring during the winter and early spring. Con-

versely, mean summer flows are predicted to decrease, particularly during July and Au-

gust, caused by a shift towards shorter, intense, but sporadic rain events. These general

trends match well with similar simulations of climate change in the region (Najjar et al.

2009; Pyke et al. 2008; Hayhoe et al. 2008). An important factor with water management

implications is the prediction that the date of the minimum annual flow in the Potomac

River is predicted to shift 2-5 days earlier in the year, on average, by the 2070-2099 period

(Stagge 2012b). As expected, the highest emission scenario, SRES A2, results in the most

severe shifts in streamflow, while the low emission scenario, SRES B1, produces a more

modest change.

The effect of climate change alone on water supply reliabilty in the WMA region is

shown graphically in Figure 4.3. Simulation of climate change predicts an increase in

nearly all objective functions over the next century. Results presented in Figure 4.3 ac-

count for model bias by correcting streamflows using quantile-quantile bias correction

and then comparing each climate-adjusted scenario to a simulation of current climate
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Figure 4.3: Effect of climate change on system objectives. Lines represent the mean of
5 GCMs: CCSM, CGM, CSIRO, MIROC, and PCM1 for the A2, A1b, and B1 emission
scenarios.

conditions using an identical model. Interestingly, the greatest change in most objective

functions occurs in the first part of the next centry (2010-2039), though streamflow trends

continue relatively consistently throughout the century (Stagge 2012b). This trend may

suggest that the current rules developed based on the historical streamflow record may

not be robust to shifts in the timing and distribution of streamflow subject to climate

change. This further stresses the importance of adaptation studies.

When examined in greater detail, the climate-adjusted streamflows result in an in-

crease in Patuxent and Savage storage failures, though the severity of these failures actu-

ally tends to decrease throughout the century. This is presumably because load is shifted

to other reservoirs such as the Little Seneca and Occoquan, which previously did not pro-
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duce storage failures, but begin to once subjected to climate change streamflows. Though

storage in the Jennings Randolph Reservoir is never low enough to be considered a stor-

age failure, climate change conditions significantly decrease the number of days with ac-

cess to the Jennings Randolph beach by 300-400 days, or 3.9-5.2 days/year. Access to the

WV boat dock is decreased by an average of 0.4-1.3 days/year. Whitewater releases are

predicted to be curtailed an additional 4-14 days over the simulation period, an increase

of 18.3-41.2%.

4.3.2 Adaptation Strategies

Although simulations predict that the combined effect of demand increases, reservoir

sedimentation and climate change will decrease the WMA’s water supply effectiveness,

there is potential to improve efficiency and decrease vulnerabilities by adapting operating

rules to these changing conditions.

As in Stagge (2012a), five rule modifications were considered with regard to adapta-

tion: the buffer equation, load shifting, demand restrictions, and reservoir rule curves for

the Jennings Randolph and Patuxent reservoirs. Using the multiobjective evolutionary

algorithm SMS-EMOA, parameters within these rules were adjusted to improve perfor-

mance of the system. Adaptation rules were generated using both the historical record

and the CSIRO A2 scenario (2070-2099), both subject to year 2040 levels of demand and

sedimentation. The CSIRO output was chosen as representative of A2 conditions at the

end of the next century. In verification tests, the CSIRO model consistently produced

good statistical agreement with the historical record across daily, monthly and annual

time steps.

As expected based on simulation, conditions in the 2070-2099 CSIRO climate change

scenario are more challenging for the system than simulation with historical climate and

2040 future demand/sedimentation. This results in larger Storage, Flowby, Recreation

Season, and Environmental Flow penalties, though the Whitewater penalty remains equiv-
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Table 4.5: Optimization results for 2040 demand/sedimentation conditions. All val-
ues represent the maximum % improvement over the existing operation rules.

ZStor ZFlowby ZRec Season ZWW ZEnv Flows

Buffer Eq 0.55 20.00 0.71 0 11.11
JR Rule Curve 0.19 26.67 0.12 83.33 4.94
Patux Rule Curve 6.12 6.67 0.24 0 6.17
Load Shifting 0.45 13.33 0.36 0 2.47
Demand Res 2.87 26.67 0.47 0 10.49

alent. No shortage failures were noted, because the existing operating rules prioritize

satisfying daily demand. This remains consistent with water suppliers’ expectations.

Buffer Equation

Within the WMA water supply operating rules, the buffer equation is designed to balance

storage levels between the reservoirs on the main-stem Potomac, the upstream Jennings

Randolph and downstream Little Seneca Reservoirs. Reservoir releases are calculated

based on estimated demand; however, the buffer equation adjusts these releases based

on the imbalance, in percent usable storage, between the Jennings Randolph Water Sup-

ply volume and Little Seneca storage. If the Water Supply volume in the Jennings Ran-

dolph is lower than storage in the Little Seneca Reservoir, the buffer is negative, reduc-

ing releases from the upstream Jennings Randolph under the assumption that the deficit

will be satisfied through additional releases from the downstream Little Seneca Reservoir.

Conversely, if levels in the Little Seneca Reservoir are lower than the Jennings Randolph

Water Supply account, the buffer is positive, producing a release from the Jennings Ran-

dolph Reservoir that is larger than necessary, based on the assumption that Little Seneca

releases will be curtailed to allow the reservoir to refill. Under the current policy, the slope

of the Buffer Equation (Figure 4.4) is identical for both of these situations, adding or sub-

tracting a maximum of 568×103 m3/d. Stagge (2012a) found that ZFlowby and ZEnv Flow can

be improved by adding an intermediate breakpoint to the buffer equation and increasing

the equation slope. Conversely, Recreation Season storage can be improved by adding an
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Table 4.6: Optimization results for future conditions (CSIRO A2, 2070-2099 climate).
All values represent the maximum % improvement over the existing operation rules.

ZStor ZFlowby ZRec Season ZWW ZEnv Flows

Buffer Eq 20.71 50 37.79 88 15.20
JR Rule Curve 1.27 16.67 9.24 98 15.20
Patux Rule Curve 6.39 4.17 0 0 2.34
Load Shifting 1.29 8.33 0 0 4.09
Demand Res 1.46 4.17 0.52 0 5.26

additional rule, which uses a much lower buffer when both reservoirs are nearly full (>

90%).

Under future conditions, the Buffer Equation modification has a similar effect, reduc-

ing the frequency of missed flowby targets and the number of days with consecutive days

with extreme low flows. Buffer equation adjustments are capable of mitigating the impact

of climate change, reducing penalties in the 2070-2099 realization to levels comparable to

2040 simulations with demand and sedimentation only. However, no version of the Buffer

Equation is capable of reducing system-wide penalty measures to current, 2012 levels.

As with current conditions, the Buffer Equation reduces flowby and environmental

flow failures by increasing buffer flow on the left side of the equation, corresponding

to the situation when usable Little Seneca storage (%) is lower than Jennings Randolph

(Figure 4.4) . Using the optimized buffer equation, a significantly greater release is made

from the Jennings Randolph in this situation, which in turn reduces load on the Little

Seneca Reservoir and acts as a pulse in the Potomac River to prevent extreme low flows

downstream of Little Falls. The shape of the Buffer Equation needed to improve ZFlowby

and ZEnv Flow does not significantly change with time between current conditions Stagge

(2012a) and 2070-2099 conditions.

A trend towards larger buffer flows over time exists among solutions that optimize

ZRec Season. In particular, the slope of the right side of the Buffer Equation, which controls

how Jennings Randolph releases are curtailed when Jennings Randolph storage falls be-

low Little Seneca storage, is projected to increase with time (Figure 4.5). As stress on the

system increases with time, it follows that Jennings Randolph releases must increasingly
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Figure 4.4: Optimized buffer equation under future conditions with respect to Flowby.
Current operating rules are shown by the bold, black line between 568×103 m3/d
and - 568×103 m3/d. For each non-dominated solution, the color scale shows the
improvement (green) or decrease (red) in objective function relative to current policy.

be reduced to protect Recreation Season storage, particularly when Jennings Randolph

storage is low relative to other reservoirs in the WMA system.

Load Shifting

While the Buffer Equation deals only with balancing releases between Jennings Randolph

and Little Seneca, Load Shifting controls how daily demand is allocated to the offline

reservoirs, the Patuxent and Occoquan. When predicted flow in the Potomac River is not

sufficient to satisfy predicted demand, production at the Patuxent and Occoquant wa-

ter treatment plants is temporarily increased above standard production levels. Follow-

ing the load shifting event, production at the offline reservoirs is curtailed an equivalent

amount, to replenish storage. Load shifting occurs only when storage in the Jennings Ran-

dolph, Little Seneca, Occoquan and Patuxent remains above trigger points, called Load

Shift Storage Indices.
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Modification of the Storage Indices and Load Shift equation has relatively little im-

pact on the WMA system in simulations of future demand/sedimentation conditions

(Table 4.5) and climate change (Table 4.6). While changes to load shifting generally re-

sults in better performance than the current policy, this improvement cannot completely

mitigate the effects of climate change or of demand and sedimentation change.

No trends exist over time time among the optimized load shifting parameters, sug-

gesting that the effectiveness of load shifting has been maximized and that no further

improvements will be realized with time. Adjustments to the load shift equation were rel-

atively successful under current conditions because the Occoquan Reservoir had unused

storage which could be used to reduce load on the already stressed Patuxent Reservoir.

However, as future conditions constrain and stress the entire WMA system, this addi-

tional Occoquan storage is not as readily available, as shown by increases in Occoquan

storage penalties (storage < 40 %).

Additionally, benefits were realized under current conditions by increasing the Load

Shift Storage Indices. Increasing these rule parameters shifts load from the Patuxent and

Occoquan reservoirs to the Little Seneca Reservoir sooner in drought conditions. Similar

to findings for the Load Shift equation, this adjustment improves overall system effective-

ness under future conditions, but is limited by increased demands on the Little Seneca

Reservoir.

Monthly Rule Curves

All reservoirs in the WMA water supply system operate, at least during a portion of

the year, according to zone-based rule curves, except for Little Seneca which maintains

a full storage volume throughout the year. To determine adaptation potential, operating

rule curves for the Jennings Randolph and Patuxent Reservoirs were evaluated using

multiobjective optimization. The Jennings Randolph Reservoir was chosen for evaluation

because it is the primary water supply reservoir on the Potomac River, while the Patuxent

Reservoir was most vulnerable to storage failures.
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Jennings Randolph water quality storage is managed by the Baltimore District of the

U.S. Army Corps of Engineers and uses 3 zone-based rule curves (high, medium, and

low) to guide water quality releases during the non-Recreation Season months (Septem-

ber through April). These releases are designed to approximate the natural contribution

of the Potomac River’s impounded North Branch, while refilling the reservoir prior to the

summer recreation season. Recreation releases are handled by a separate set of stepped

rules, designed to maintain recreational storage targets, conditional on current storage.

The multiobjective evolutionary algorithm, SMS-EMOA was used to adjust the medium

and low rule curves for the Jennings Randolph Reservoir. Similar to findings in Stagge

(2012a), modifications of the Jennings Randolph rule curves primarily improved objec-

tives related to Jennings Randolph storage, reducing ZRec Season by 0.1-9.2% and ZWW by

83.3-98%.

The seasonal distribution of flows in the Potomac River is predicted to shift due to

climate change towards higher flows during the winter and spring, followed by lower

flows in the summer and early fall (Stagge 2012b). This seasonal trend is mirrored by

a shift in the optimized Jennings Randolph Reservoir rule curves, increasing the middle

and low rule curves between March and May, immediately prior to the recreation season.

A similar trend was noted while optimizing the system with regard to current conditions;

however, the trend is more pronounced given future conditions. These newly adjusted

rules force the Jennings Randolph to operate more conservatively, making smaller re-

leases during this time. In this way, the climate-induced increase in spring flows is used

to increase the available storage buffer prior to a summer flow regime characterized by a

greater proportion of low flows.

Modification of the Patuxent rule curve is designed to maintain adequate storage

in the highly stressed Patuxent Reservoir while providing additional water supply for

the WSSC. Simulations suggest that the Patuxent Reservoir is vulnerable during future

droughts, typically entering low storage (< 40%) conditions prior to the remaining WMA

reservoirs and thereby contributing to the ZStor penalty. For both evaluated cases (2040
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demand/sedimentation, CSIRO 2070-2099), adjusting the Patuxent rule curves improves

ZStor by 6.1-6.4 %.

The Patuxent Reservoir operates based on 2 rule curves which control daily water

treatment withdrawals based on storage zone. This improvement is attributed to an in-

crease of approximately 1,000-1,500×103 m3 in both the upper and lower rule curves be-

tween the months of September and February. This modification allows the Patuxent

Reservoir to refill more effectively if storage is low during the fall and winter by decreas-

ing water treatment rates and shifting load back to the Potomac River. While this shift is

similar in both the climate change simulation and the sediment and demand change sim-

ulation, the optimal rule curves deviate in mid-summer. Most likely because of the pre-

dicted increase in summer droughts due to climate change, the upper and lower Patuxent

rule curves tend to be approximately 300×103 m3 higher through the months of July and

August. This allows the Patuxent Reservoir to conserve storage and shifts load to other

sources during severe summer droughts.

Demand Restrictions

The Metropolitan Washington Council of Governments has standardized the implemen-

tation of water use restrictions by setting three demand restriction levels: voluntary,

mandatory and emergency, each with a unique storage trigger (Metropolitan Washington

Council of Governments 2000). As part of the MWCOG agreement, all regional govern-

ments have agreed to abide by these triggers, declaring restrictions simultaneously. Vol-

untary restrictions are triggered when combined storage in the Jennings Randolph and

Little Seneca reservoirs falls below 60%. Trigger points for mandatory and emergency

restrictions are set at 25 and 5% of either Jennings Randolph or Little Seneca storage, re-

spectively (Table 4.7). This is a simplification of the actual MWCOG demand restriction

rules to improve computational time, but matches actual operation very well. Percent de-

mand restriction, shown in Table 4.8, is based on water use reductions during the drought

of 1999 and other historical restrictions. Reduction in water use is typically achieved by
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Table 4.7: Optimized demand restriction triggers, in % usable storage. Current de-
mand restriction triggers (Metropolitan Washington Council of Governments 2009) are
presented as a single value, termed ”MWCOG”, while optimized results for the 2040
Demand and Sedimentation case ”2040” and the CSIRO A2 2070-2099 case, ”2070”,
are presented as a range across all non-dominated solutions.

Jennings Randolph Little Seneca

MWCOG 2040 2070 A2 MWCOG 2040 2070 A2

Voluntary 60 74-85 74-83 60 73-82 72-83
Mandatory 25 17-25 18-25 25 24-53 26-59
Emergency 5 11-17 11-15 5 4-15 3-14

banning lawn watering, filling of swimming pools, operation of ornamental fountains,

and other similar activities.

In a review of the WMA under current conditions, Stagge (2012a) found that the exist-

ing MWCOG demand restriction triggers would not be implemented during a repeat of

the historical streamflow record and current demand levels. Using an identical multiob-

jective optimization scheme, new trigger points were evaluated and proven to improve

system operation, greatly decreasing Flowby and Environmental Flow penalties. Reser-

voir storage was improved, though to a lesser extent.

As stress on the WMA water supply increases due to the factors discussed earlier,

the likelihood of demand restrictions increases, highlighting the importance of an effec-

tive demand restriction policy. Under the existing MWCOG policy and 2040 demand

and sedimentation levels, the WMA service area would undergo 3 years with Voluntary

restrictions based on simulations using 79 years of historical climate data. Simulations

based on the CSIRO 2070-2099 A2 climate scenario increase the number of years with

Voluntary restrictions to 4, 3 of which eventually required mandatory restrictions. Op-

timization of the demand restriction triggers and the corresponding demand reduction

produced improvements in all objective functions as discussed further below.

Similar to findings for current conditions, system performance is improved by increas-

ing the Voluntary trigger from 60% of Jennings Randolph and Little Seneca storage to

74-85%. Another finding is that the operations improved when the Mandatory restriction
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Table 4.8: Optimized demand restriction water use reduction (%). Current demand re-
striction policy (Metropolitan Washington Council of Governments 2009) is presented
as a single value, termed ”MWCOG”, while optimized results for the 2040 Demand
and Sedimentation case ”2040” and the CSIRO A2 2070-2099 case, ”2070”, are pre-
sented as a range across all non-dominated solutions. Optimized values for Emer-
gency restrictions are not presented, as these restrictions are not imposed.

June-Sep Remainder of Year

MWCOG 2040 2070 A2 MWCOG 2040 2070 A2

Voluntary 5 4.1-6.2 2.2-5.3 3 8.6-11.8 4.4-8.0
Mandatory 9.2 8.6-11.8 4.4-8.0 5 3.6-8.4 8.6-11.5
Emergency 13.3-18.6 13.9-19.7 15 12.5-19.5 13.3-18.5

trigger point was decreased from 25% to 17-25% for Jennings Randolph storage but in-

creased from 25% to 24-59% for Little Seneca storage (Table 4.7). This difference occurs

because Little Seneca storage is prioritized within the reservoir release rules. Because

Little Seneca storage is utilized only during extreme drought events, its storage typically

remains higher than the Jennings Randolph Reservoir. Additionally, because of its small

size, slow refill rate, and small travel time, it is vital to protect storage in the Little Seneca

Reservoir during drought events.

These updated drought restriction rules improve ZFlowby by 4.2-26.7%, ZEnv Flows by 5.3-

10.5%, and greatly reduce the frequency and severity of low reservoir storage penalties.

These changes particularly improve Patuxent and Occoquan storage, given the 2070-2099

climate scenario. These improvements are tempered by an increase in demand restric-

tions, though the change is likely within an acceptable range, increasing the number of

Voluntary restrictions from 4 to 8 years over a 79 year period.

4.4 Conclusions

The effects of climate change are increasingly being considered in conjunction with pop-

ulation/demand change and reservoir sedimentation in forecasts of water supply vul-

nerability. A case study was presented, based on the Washington DC Metropolitan Area

water supply, where the relative effects of these factors are first evaluated using system
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simulation and then addressed using multiobjective optimization to develop modified

operational rules. These rules form the basis for a system adaptation strategy to optimize

efficient management in the system without the need for physical improvements. All sim-

ulations and optimization were evaluated with respect to 6 objectives: demand shortage,

reservoir storage, minimum flowby requirements, recreation days, whitewater releases,

and consecutive days with extremely low flows, termed environmental flow days.

A system-wide increase in demand of 22.7% by the year 2040 is projected to decrease

available storage in the Jennings Randolph Reservoir, decreasing the number of Recre-

ation days, measured above lake access points. Increased demand is also projected to

increase load on downstream reservoirs, resulting in an increase in consecutive low flow

days.

WMA reservoirs are projected to lose 7-15% of their usable storage volume due to

sedimentation between 2010 and 2040, causing an increase in storage failures (defined as

volume < 40%), predominantly in the Patuxent and Savage Reservoirs. By 2040, the ef-

fects of sedimentation alone will begin to cause occasional storage failures in the Jennings

Randolph and Little Seneca Reservoirs as well.

Climate change is also projected to increase water supply vulnerability in the WMA.

Climatic trends in the region are towards higher flows in the winter and early spring,

followed by lower flows in the summer, with more sporadic but intense storm events

(Stagge 2012b). Simulations of 5 GCMs predict an increase in storage failures within the

system, with Savage Reservoir failures projected to increase 36% by 2070-2099. By the end

of the century, storage failures begin to occur in the Little Seneca and Occoquan reservoirs,

where historically they did not occur. An increase in storage penalties is accompanied by

a decrease in whitewater releases and a doubling of Recreation Season failures.

Using the multiobjective evolutionary algorithm, SMS-EMOA, linked to a hydrologic

simulation/reservoir decision model, OASIS, 5 potential modifications to existing operat-

ing rules were evaluated. These include a buffer equation, which balances load between

upstream and downstream reservoirs, a load shifting equation, which balances load be-

tween Potomac and off-line reservoirs, water use restrictions, and zone-based rule curves
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for the Jennings Randolph and Patuxent Reservoirs. Use of a multiobjective evolutionary

algorithm to optimize the operation rules proved to be efficient and functional, as it al-

lowed for a posteriori decisions regarding the relative importance of the objectives. None

of the optimized operating rules were able to completely mitigate the combined effects of

demand change, sedimentation and climate changes. However, some, such as the buffer

equation, were able to mitigate the effect of climate, with respect to the objectives.

Flowby and environmental flow penalties were decreased by modifying the buffer

equation to allow separate equations for upstream and and downstream imbalances. Re-

sults for the load shift equation remain very similar to the optimized load shift equa-

tion found for current conditions (Stagge 2012a). This suggests that the effectiveness of

this rule is maximized. Optimization of the zone-based rule curves suggests that Jen-

nings Randolph storage should be managed more conservatively during March, April

and May in the future, while storage in the Patuxent could be improved by managing

the reservoir more conservatively in the refill period (September - February). The Patux-

ent rule curve shows a distinct trend towards more conservative refill operation with the

increasing effects of climate change. Evaluation of demand restriction triggers suggests

that system-wide operation could be improved by increasing the reservoir storage trig-

gers for the minor, voluntary restriction. For the more severe, mandatory restriction, the

optimized rules suggest a decrease in the Jennings Randolph trigger and an increase in

the Little Seneca trigger. In this latter case, the increase in the Little Seneca trigger is due

to its relatively small size and long refill rate.

Using a combination of synthetic streamflow generation, water resources decision

modeling and multiobjective optimization, the potential vulnerabilities of the WMA wa-

ter supply system have been evaluated. Further, this work provides a framework for de-

veloping and comparing strategies to mitigate the effects of demand and climate change.
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Chapter 5

Conclusions

In order to develop a more sustainable, resilient water supply, water planners and engi-

neers must consider a range of non-stationary factors, including demand change, reser-

voir sedimentation and climate change. These factors are projected to increase stress on

the Washington DC metropolitan area (WMA) water supply over the next century. A

comprehensive analysis of these issues, with a focus on the WMA water supply, was pre-

sented in this study, focused on three distinct aspects of the problem:

Manuscript 1 outlined the development and application of a novel method for the

generation of daily, climate-adjusted streamflow timeseries. This method relates GCM-

scale climate indicators to discrete climate states in a Markov chain climate model, which

in turn controls the parameters of a daily flow model. This method is extensible and

capable of generating long sequences of feasible, synthetic daily flows that reproduce

streamflow statistics at the daily, monthly and annual time scales. Mean annual stream-

flow in the Potomac River is projected to increase by 1-7% by 2100, with the majority of

this increase occurring during the winter and early spring. Conversely, summer flows are

projected to decrease, particularly during July and August, caused by a decrease in large,

sustained storm flows. This change in summer flow is projected to increase the severity

of extreme low flows slightly and to shift the date of the annual minimum flow, which

historically occurs in mid-September, 2-5 days earlier by the 2070-2099 time period.
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Manuscript 2 examined the existing water management strategies of the WMA, given

current demand and climate. The unique layout of the WMA system creates a 9-10 day

lag between reservoir releases and their subsequent capture close to Washington DC. This

delay remains beyond the forecast horizon of accurate weather predictions, introducing

added uncertainty to the water management decision making process. Five potential

modifications to existing operating rules were evaluated by pairing a multiobjective evo-

lutionary algorithm solver with a daily hydrologic simulation and decision model. Mod-

ifying the Load Shift Index, which prevents load being shifted to the Patuxent and Oc-

coquan reservoirs during times of low storage, reduced storage penalties by 2.4% and

flowby penalties by 7.1%. Additionally, the existing trigger points for water use restric-

tions were found to be set lower than necessary. By increasing these trigger points, flowby

and environmental flows were improved by 14.3 and 18.9%, respectively.

Manuscript 3 evaluated the potential impacts of demand, sedimentation, and climate

change on the WMA water supply system, identifying changes in system vulnerability

over the next century. Population and demand growth are predicted to decrease reser-

voir storage and increase the number of consecutive low flow days downstream of Lit-

tle Falls, Washington DC. Reservoir sedimentation is projected to greatly affect reservoir

storage, increasing the severity of low reservoir storage events by 114%, predominantly

in the Patuxent and Savage Reservoirs. Climate change is predicted to increase stress

on the WMA water supply, lowering reservoir storage and decreasing water availability

for recreation and whitewater releases. Adaptation strategies are developed using the

optimization scheme developed in Manuscript 2. Several mitigation opportunities are

identified, including better balancing between the Jennings Randolph and downstream

reservoirs, more conservative rule curves for the Patuxent and Jennings Randolph reser-

voirs, and more balanced triggers for implementing water use restrictions. The modified

Patuxent rule curve improves storage in the system by 6.1-6.4%, while adjustment to the

water use restrictions improves flowby by 4.2-26.7% and greatly reduces the frequency

and severity of low reservoir storage.
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Specific results regarding climate and demand change on streamflows in the Potomac

watershed and the use of evolutionary algorithms to develop adaptation strategies are vi-

tally useful within the Washington, DC region. But the methods developed in this study

are also generally applicable to a wide range of water supply and vulnerability studies.

There is great potential for continued exploration and research based on improving the

climate-adjusted streamflow generation model. Climate variables with longer periodic-

ity, such as ENSO measures, or more complex models of surface-groundwater interaction

could be included in the streamflow generation model. There is also potential to expand

the scope of rule forms considered in the optimization model. These rules could poten-

tially include conditional forecasts of streamflow. Finally, there is potential to use new,

auto-adaptive evolutionary algorithms, which are more robust with regard to initial pa-

rameter selection.
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