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ABSTRACT 

A mcan-variancc stochastic optimization algorithm is developed for long-term operation 

of multi-reservoir systems. Two important factors in reservoir management problems are the 

prediction on benefits (expectcd value of water in storage at the end of a simulation period) and 

inflows. These, together with information on the state of the reservoir, constitute the information 

input to the decision-making unit and fully determine the release decision. Traditional 

optimization models arc based on deriving a release policy that optimizes a given objective. Such 

approaches do not account for the fact that the release, which is a function of random inflow and 

thus a random variable itself, may have a distribution with different variance measure based on 

the available forecasts. 

While much effort has been placed in developing an efficient method to incorporate the 

uncertainty in inflows and their spatial and temporal correlations in reservoir operations, very few 

approaches (e.g., Dsnamic Programming) use the benefit (Cost-to-Go) in a real-time 

implementation. The proposed temporal decomposition approach takes into account the value of 

water at the end of the operating horizon as a boundary condition. The first-period decision is 

common between forecasts while the decisions for remaining periods vary with forecast 

sequence. The parameter iteration method (Gal, 1979; Zhang et al., 1991) is used to approximate 

the value of the benefit function (or the Cost-to-Go). 

In desire to minimize the variance of the objective (expected return) to obtain robust 

operating (release) policy, a mathematically sound mean-variance formulation is implemented in 

real time that considers spatial and temporal correlation in streamflows. The foundation of the 

formulation presented is rooted in stochastic portfolio optimization scheme of Markowitz (1959). 

The mathematical routines for forecasts and optimization are utilized to set up a user-friendly 

Decision Support System for multi-reservoir management under hydroclimatic uncertainties. 
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CHAPTER 1 

INTRODUCTION 

Reservoir storage is necessary to use the highly variable water resources of a river basin 

for beneficial purposes such as municipal and industrial water supply, irrigation, hydroelectric 

power generation, and navigation. Dams and appurtenant structures also regulate rivers to reduce 

damages causcd by floods. Public recreation, water qualitv', erosion and sedimentation, and 

protection and enhancement of fish, wildlife, and other environmental resources are important 

considerations in managing reservoir/river systems. 

Numerous reservoir projects located throughout the United States, are operated by the 

Corps of Engineers, Bureau of Reclamation, Tennessee Valley Authority, and other federal 

agencies, state and regional agencies, local water districts, cities, and private industry'. Most of 

these projects were constructed during the period from 1900 through the 1970s, which has been 

callcd the construction era of water resources development. Although additional new reservoir 

projects arc needed and continue to be developed, most of the major reservoir systems required to 

manage the rivers in the United States are in place. Economic, environmental, and institutional 

considerations constrain construction of water resources development projects. Since the 1970s, 

water resources management policy and practice have shifted to a greater reliance on improving 

water use efficiency, managing floodplain land use, and optimizing the operation of existing 

facilities. 

Public needs and objectives and numerous factors affecting reservoir management change 

over time. Population and economic growth in various regions of the nation are accompanied by 

increased needs for flood control, water supply, energy, recreation, and the other services 

provided by water resources development. Depleting groundwater reserves have resulted in an 



15 

increased reliance cn surface water in many areas. Concerns have grown in recent years 

regarding maintenance of instream flows for preservation of riverine habitat and species, 

wetlands, and freshwater inflows to bays and estuaries. Each occurrence of a major flood and 

drought in a region motivates rcevaluation of water management practices. With an aging 

inventor^' of numerous dams and reservoirs being operated in an environment of change and 

intensifying demands on limited resources, operational improvements are being considered 

increasingly more frequently. 

Reservoir system operations can be categorized as; 

• Operations during relatively normal hydrologic conditions from the perspective of optimizing 

the present day-to-day, seasonal, or year-to-year use of the reservoir system 

• Operations during normal hydrologic conditions from the perspective of maintaining 

capabilities for responding to infrequent hydrologic extremes expected to occur at unknown 

times in the future 

-— Maintaining empty flood control storage capacity 

— Maintaining reliable supplies of water 

• Operations during hydrologic extremes 

— Operations during flood events 

— Operations during low-flow or drought conditions 

An operating plan or release policy is a set of rules for determining the quantities of water 

to be stored and to be released or withdrawn from a reservoir or system of several reservoirs 

under various conditions. Typically, a regulation plan includes a set of quantitative criteria \\ithin 

which significant flexibility exists for operational judgment. The operating rules provide 

guidance to the water managers who make the actual release decisions. In modeling exercises. 
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the reservoir systems analysis model contains some mechanism for making release decisions 

within the firamework of user-specified operating rules and/or criteria functions. 

Reservoir operating rules and the operating decisions made within the framework of these 

rules involve; 

• Allocating storage capacity and streamflow between multiple water users and tN-pes of use 

* Minimizing the risk and consequences of water shortages and flooding 

* Optimizing the bcneficial use of water, energy, and land resources 

• Managing environmental resources 

Management of large river/reservoir systems is t\pically vcr>' conservative as a result of the 

broad impact of decisions and failures. A significant cause of this risk-aversive nature is the 

uncertainty of future inflows. Since major water management decisions may have a long 

period of influence, operators frequently base decisions on stream flows that are less than the 

average flow in order to provide a safety factor during operations (Loaiciga and Marino, 

1986). As a consequence, reservoir operation decisions may be far from optimal and may 

result in undesired spills. This work focuses on developing a release policy for reservoir 

operations to assist decision makers improve reservoir and river basin management by taking 

into account varying climate conditions (e.g., ENSO). 

The project areas are the six reservoirs on the Salt and Verde Rivers of the Salt River 

Project (SRP) in Arizona, the Lewis River Basin System in Southwestern Washington, and the 

Santa Yncz River Basin in Southern California. 
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1.1 Literature review 

1.1.1 General: Early efforts in reservoir operations 

Reservoir operation has been extensively studied in the water resources literature because 

of the central role that storage management plays in the effective use of water. The basic purpose 

of a reservoir is to allow allocation over time of stored water in the face of uncertain future 

inflows. The reservoir operating policy plays an essential role in making the efficient use of this 

storage. 

In engineering practice through the mid-70s, reservoir operations were largely 

determined by empirical rules where operating policy is determined by operators' prior 

experience and current observations on the system. A particular example of the use of such 

operating strategy is the then New England Flood Control Center in Waltham, Massachusetts, 

operated by the U. S. Army Corps of Engineers (USACE, 1976). Precipitation, streamflow and 

reservoir were obtained for various locations in the basin. During a flood event operational 

decisions were made by the center staff of the center based on this information, then dispatched to 

the various flood control reservoirs. 

In this t\pc of operation, value judgements between present and future water uses are 

made on a hcuristic basis. However, due to the nature of the interaction between information and 

operation, the right trade-offs using the available information are difficult to make, especially 

when relatively large uncertainties arc involved. In order to assist in improving decisions, 

numerous formal models have been presented in the literature. However, those models have 

lacked the ability to incorporate most of the future streamflow information that may be available 

when a release decision is made. As it will be discussed in detail in this section, models based on 

stochastic optimization procedures at most use the predictive distribution given by a Markov 

model of streamflow as information on the fiiture inflows. The information is thus only based on 
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the estimation of a correlation coefficient. Clearly in practice, more information is available. 

Therefore, formal stochastic models have been set aside by the organizations responsible for 

reservoir operations. 

During 1970s, the shortcomings of the analytical reservoir operation techniques had 

begun to be understood and real-time, though deterministic, models have been proposed in 

literature. Those techniques allow the updating of information using real-time observations; 

however, they do not allow the incorporation of uncertainty around the predicted inflow to the 

reservoir. They cannot take into account the difference in the uncertaint\' around a prediction 

made, for e.xamplc, one day ahead against one month ahead. This difference in the prediction 

uncertainty is an essential factor in determining the difference in value between present and future 

water uses. The incorporation of this uncertainty into a formal algorithm for determining real

time release strategies is thus what is needed to allow release decisions to be made with full 

knowledge of future trade-offs. 

Traditionally, the different approaches have been divided into three classes according to 

the way on which hydrological information is treated, as proposed by Roefs and Bodin (1970): 

1. A simulation approach, 

2. An implicit stochastic approach, and 

3. An explicit stochastic approach. 

This classification, however, considers only first operation rules that are normally called off-line 

control strategies. An off-line control algorithm does not allow the use of real-time information. 

Since the above classification, real-time deterministic models in recent years include real-time 

information, and therefore, a fourth class of historical real-time (deterministic) operation policy 

will also be reviewed here. 
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The simulation approach is essentially a search approach. First, a reasonable initial 

operation rule is postulated; then, changes in decision rules that tend to move the operation in the 

direction of the desired objectives are tried. Usually a synthesized stream flow sequence is used 

because of a typically short historical flow record. Hufschmidt and Fiering (1966) successfully 

applied this approach in reservoir operations. 

The explicit stochastic approach uses probability distributions of flows instead of flow 

sequences and reservoir operation is viewed as a statistical decision making problem. The 

implicit stochastic approach docs not consider the distribution of flows directly. They are 

implicitly present to some degree in the optimization procedures. The real-time (deterministic) 

approach uses a deterministic set of inflow values over the operating horizon. An optimization 

procedure (e.g., Djuamic Programming) is used to allocate the water optimally over this period. 

Young (1967) was one of the leading figures to apply the implicit approach in reservoir 

opciations; Monte Carlo generated flow sequences and deterministic dynamic programming were 

used to determine an open-loop release rule. A closed-loop release rule was determined on the 

basis of a statistical average of the decision using regression. Under open-loop strategy, reservoir 

releases arc specified for all time periods at the beginning of a planning horizon, whereas under 

closed-loop strategy, release is given as a function of the state (e.g, storage) of the system, to be 

observed at a time period. 

Several optimization techniques can be used for the real-time (deterministic) case. 

Among them, Djuamic Programming (Hall et al., 1968; Larson and Keckler, 1969) and Linear 

Programming (Windsor, 1975; Mejia et al., 1974; Rocfs and Bodin, 1970) are noteworthy. 

Decomposition using dynamic programming for temporal optimization, and linear 

programming for spatial optimization had been studied by Becker and Yeh (1974). This enabled 

them to partly avoid the computational burden ("curse of dimensionality") of a high dimensional 
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system when using dj-namic programming. Similar methods had been used in the literature for 

applications more specifically oriented to power production. These include Erlenkotter (1973), 

and Rees and Larson (1971). Another approach, used by Narita et al. (1967) and Rao (1976), is 

the maximum principle approach. The authors conclude that for numerical solutions, both 

maximum principle and d>'namic programming lead to similar computational complexity. 

There are basically two ways of accounting for uncertainty under the e.xplicit stochastic 

approaches. The first is to specify a priori the probability that a particular level of flow is 

exceeded or a particular output is met. This approach leads to chance constrained programming 

(Herman, 1970; Askew, 1974; Loucks and Dorfman, 1975; RcVellc and Gundelach, 1975; 

LcClerc and Marks, 1973). By specifying reliability levels, the stochastic problem is rcduced to 

its deterministic equivalent. The chance-constrained formulation, however, has several 

shortcomings. Only part of the stochastic characteristics of the inflows is incorporated in the 

model and no information is taken into account about the magnitude of a constraint violation. 

Setting the reliability constraints is somewhat arbitrar>' and a conservative operating policy is 

usually the result. 

The second approach is to consider a full statistical decision problem, taking the full 

distributions into account. This approach (Loucks and Falkson, 1970) is computationally 

impractical in linear programming models. Thus most researchers were inclined to use the 

dsoiamic programming formulations. Stochastic djitamic programming (SDP) had been 

considered by Buras (1963), Butcher (1971) and Loucks and Falkson (1970). In SDP operating 

decisions are obtained through a limiting or equilibrium process. 
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1.1.2 Recent research in reservoir operations 

The vast research in reservoir operations have been reviewed by several scholars 

beginning in the early 1980s. Yakowitz (1982) presented a survey that reviews dynamic 

programming (DP) models for water resources problems (namely, reservoir operations), and 

examines computational techniques that have been used in literature to obtain solution to these 

problems. Yeh (1985) did an extensive review of the state-of-the-art mathematical models 

developed in the past (several noted earlier in this work) for reservoir operations, including 

simulation algorithms and the methods sur\'eyed include linear programming (LP), dynamic 

programming (DP), nonlinear programming (NLP), and simulation. The historical development 

of each key model is critically reviewed for the readership. Wurbs et al. (1985) provided a state-

of-the-art review and an annotated bibliography of system analysis techniques applied to reservoir 

operations. Esogbue (1989) presented an overview of various aspects of DP and their 

applications in the water resources systems analysis. Wurbs (1991) presented yet another review 

of modeling and analysis approaches for reservoir system operations. 

In light of extensive work that took place in the area of interest, this section focuses on 

rcccnt applications on large-scale reservoir system operation. Noting the references from earlier 

discussion on Linear Programming, this section concentrates on the following categories in 

reservoir operations; 

1. Stochastic Dynamic Programming 

2. On the "Curse of Dimensionality" 

3. Implicit Stochastic Optimization 

4. Linear Quadratic Control 

5. Nonlinear Programming 

6. Aggregation-Disaggregation 
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7. Genetic Algorithms 

1 • Stochastic Dynamic Programming 

Tai and Coulter (1987) presented a heuristic stochastic dynamic programming (SDP) 

approach for the development of a monthly operating policy for a multi-reservoir system. The 

approach utilizes the basic SDP formulation for single reservoir problems. The links between 

reservoirs within the system are provided by means of a "policy target" approach. The approach 

is demonstrated by application to a three-reservoir system on the Laurie River in Manitoba, 

Canada. 

Saad and Turgeon (1988) presented a procedure for the case where a high correlation 

exists between the reservoirs' trajectories and hence beUveen the state variables. The procedure 

consists of performing a principal component analysis (PCA) on the trajectories to find a reduced 

model of the system. The reduced model is then substituted into the operating problem and the 

resulting problem is solved by stochastic dynamic programming. The reservoir trajectories on 

which the PCA is performed can be obtained by solving the operating problem deterministically 

for a large number of equally likely flow sequences. The model was applied to the Quebec's La 

Grande River, with five reservoirs. 

Foufoula and Kitanidis (1988) presented the gradient dynamic programming (GDP) 

algorithm. The noteworthy contribution over conventional discrete DP is the functional 

representation of the cost-to-go function and the solution to a single-stage problem. The cost-to-

go was approximated by cubic Hermite polynomials. This type of higher order polynomial 

enabled the authors to reduce the number of state discretization (coarse grids could be used) and 

reduce the burdensome "curse of dimensionality" in conventional DP algorithms. 



23 

Kelman et al. (1990) developed the sampling stochastic dynamic programming (SSDP), a 

technique that captures the complex temporal and spatial structure of the streamflow process by 

using a large number of sample streamflow sequences. The best inflow forecast can be included 

as a hydrologic state variable to improve the reservoir operating policy. A case study on the 

hydroelectric system on the North Fork of the Feather River in California illustrates the SSDP 

approach and its performance. 

Braga Jr., et al. (1991) developed a DP model for optimization of hydropower production 

of a multiple storage-reservoir system with correlated inflows. The model consists of two parts: 

an off-line and an on-line program. The off-line dctcrministic d\Tiamic program computes the 

values of the stored water through the year. The on-line program is formulated in terms of a 

stochastic d\'namic program and conducted in real time for operational use. Each month, a 

multidimensional search is made for the optimal set of reservoir releases that ma.\imizes system 

benefits. 

Karamouz and Vasiliadis (1992) proposed a model, called Bayesian stochastic dynamic 

programming (BSDP), to generate optimal reservoir operating rules. This model includes inflow, 

storage, and forecast as state variables, describes streamflows with a discrete lag-one Markov 

process, and uses Bayesian decision theory to incorporate new information by updating the prior 

probabilities to posterior ones. This continuous updating significantly reduced the effects of 

natural and forecast uncertainties in the model. The rules generated by the BSDP model are 

applied in an operation simulation model and their performance is compared with a classical 

stochastic DP model. 

Johnson et al. (1993) demonstrated that the computational effort required to develop 

numerical solutions to continuous-state djTiamic programs can be reduced significantly when 

cubic piecewise polynomial functions, rather than tensor product linear interpolations, are used to 
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approximate the cost-to-go function. Tensor product cubic splines, represented in either 

piecewise poljuomial or B-spline form, and multivariate Hermite polynomials are considered. 

Computational cost are significantly reduced because of the improved accuracy of higher-order 

function and since the smooth higher order functions allow efficient quasi-Newton methods to be 

used to compute optimal decisions. 

Tejada-Guibert et al. (1993) compared two approaches for implementing reservoir 

operating policies using stochastic DP models. The two approaches are: (a) the traditional 

approach of determining release by interpolating the policy tables produced by SDP, and (b) a re-

optimized policy, which uses the cost-to-go function generated by the SDP to estimate the 

optimal release in each period. Re-optimizing the policy when a decision is made within the 

simulation, resulted in better system performance, particularly when severe penalties were 

incurred for water and hydropower shortages and coarse discretizations were employed within 

SDP. The authors used the Shasta-Trinity system in Northern California for a case study. 

2. On the "Curse of Dimensionality" 

Djuamic Programming (DP) has been used extensively for solving reservoir operation 

problems. DP technique is very efficient solution procedure when dealing with a single reservoir 

system. But when dealing with a multiple reservoir system, an increase in the number of 

discretization of state (storage) variables increases the number of evaluations of the recursive 

formula and the computer memory requirement per stage. The problem of exponential growth of 

computer time and memory associated with multiple state variable DP problems is referred to as 

the "curse of dimensionality" (Bellman, 1961). In order to reduce this problem of dimensionality, 

several modifications to the original DP algorithm have been proposed in the literature. A few of 

them are briefly discussed below. 
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BcIItnan and Dreyfus (1962) suggested the d>iiamic programming successive 

approximation (DPSA) technique. This technique decomposed the original multi-state variable 

DP into a series of sub-problems of one state variable. During a iteration, only one of the state 

variables is allowed to change while the other variables are left constant. This provides a 

considerable reduction in computation because of linear increase in memory allocation as 

opposed to exponential growth, as the number of state variables of the DP increase. 

MavTie (1966), and Jacobson and Mayne (1970) developed a technique known as the 

Differential DP (DDP). This is essentially a successive approximation approach that starts from 

an initial control strategy supplied by the user. The objective function is approximated at each 

stage by a quadratic polynomial through a truncated Taylor series formulation. This objective 

function is then optimized using a quadratic programming algorithm to produce a new control 

policy, and the entire procedure is iterated until convergence. 

Larson (1968) introduced a technique called the Incremental DP (IDP). Heidari et al. 

(1971) systemized it and referred it as Discrete Differential DP (DDDP). In DDDP, the first step 

is to assume a trial sequence of admissible decisions called the "trial policy" and the state vectors 

of each stage are computed accordingly. This sequence of states within the admissible state 

domain for different stages is called the "trial trajectory." The state space is discretized into 

uniform increments, called the "state increments." Several states around the trial trajectory form 

a band callcd "corridor." The traditional DP approach is applied within the corridor to find an 

improved trajectory' and then a new corridor is formed around the improved trajectory. This is 

the iteration process. This procedure is repeated for some iteration k, which produces a difference 

in system return, ft - ft.i, less than a specified tolerance. At this point, the size of the state 

increment can be reduced to set up a a narrower corridor around the improved trajectory for the 

last iteration. The iterations continue until a specified minimum corridor size is reached. 
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Kitanidis and Foufoula (1987), and Foufoula and Kitanidis (1988) proposed the Gradient 

Dynamic Programming (GDP) algorithm. This uses the cubic Hcrmite polynomials to 

approximate the cost-to-go function between grid points. Thus, for same number of discretization 

levels, GDP yields a more accurate solution. The improved accuracy of this Hermitian 

interpolation scheme reduces the effect of discretization error and allows the use of coarser grids 

which in turn reduccs dimensionality problem. The authors found that the GDP solutions were of 

equivalent accuracy to those of an algorithm that used linear interpolation and had over twice the 

number of discretization levels. 

Similar to GDP, Johnson, et al. (1993) proposed the use of cubic piecewise polynomial 

functions to approximate the cost-to-go functions. It is possible to save more computational 

burden bccause of the improved accuracy of these higher order functions and since the 

smoothness of these functions allow efficient quasi-Newlon methods to be used to compute 

optimal decisions. The case studies show, the use of the more efficient piecewise polynomial 

form of the spline was slightly superior to the use of Hermite polynomials. Besides, the 

flexibility in coding can be achieved with spline piecewisc polynomials. 

Researchers have studied the value of considering autocorrelation between strcamflows 

(inputs) in the stochastic planning reservoir systems (Srinivasan and Simonovic, 1999; Srinivasan 

and Simonovic, 1994; Kim and Palmer, 1997). Srinivasan and Simonovic (1999, 1994) present 

reliability programming (RP) formulations that offer a family of explicit stochastic models for 

planning the operation of complex water resources systems (namely, reservoirs). The authors 

note that these RP models use cumulative probability distributions of the sum of inflows to 

characterize their variability in the planning period. Due to the assumption of independence 

between inflows in different time period their approach lead to derivation of conservative 

operating policies. The authors have identified the impact of considering autocorrelation between 
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inflows on the reliability programming (essentially linear programming) models and provide 

examples for hydropower generation problems in reservoir operations. 

3. Implicit Stochastic Optimization 

As previously mentioned, the implicit stochastic approach docs not consider the 

distribution of flows directly. They are implicitly present to some degree in the optimization 

procedures (e.g., Dynamic Programming). 

Karamouz et al. (1992) presents an implicit stochastic optimization scheme for multi-

reservoir systems. The scheme is comprised of a three-step cyclic procedure that attempts to 

improve the initial operating rules for the system. The system requires two sets of 

contemporaneous streamflow series to be used in the simulation model. SsTithetically generated 

scries arc required for this purpose. The cycle begins with an optimization of reservoir operations 

for a given set of strcamflows. The optimal operation rules from the solution arc then analyzed in 

a regression procedure to obtain an acceptable set of operating rules. 

Mizyed ct al. (1992) developed an operation model for the Mahawcli system in Sri 

Lanka. The model is to minimize hydroelectric energy shortage and to satisfy pre-specified 

irrigation demands. Two approaches are compared for the system. The first involved monthly 

application of the optimal control algorithm to fmd an optimal policy for the following year. The 

second is an implicit stochastic approach, in which linear operating rules are derived using 

deterministic optimal control. The implicit stochastic optimization approach had greater 

advantage in saving computer time and memory allocation. 

Lund et al., (1996) described the application of deterministic optimization to the main 

stem of the Missouri River reservoir system and the development and testing of inferred optimal 

operating rules from these model results. An implicit stochastic optimization approach is used 
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and tested using a simplified simulation model. The work illustrated the applicability and 

limitations of applying deterministic optimization to develop strategic operating rules for large-

scale water resources systems. 

4. Linear Quadratic Control 

It is known (Sage and White, 1977) that the stochastic dynamic programming (SDP) 

problem can be solved anahtically in certain particular cases. The most widely studied case is 

when the objective is to optimize the expected value of a quadratic performance criterion 

(objective function) subject to linear equality constraints and the inputs arc Gaussian. Linear 

Quadratic Gaussian (LQG) control, as it is often called, allows, at a reasonable computational 

cost, the solution of the problems involving combined real-time forecasting and control for 

sj stems with many state, input and decision variables. LQG control has been thoroughly studied 

in control engineering. In water resources systems, however, LQG control has found few 

applications, mainly because most reservoir studies have dealt with long-term operation where 

the capacity constraints are dominant. 

Wasimi and Kitanidis (1983), for the first time, applied the discrete-time LQG control in 

the optimization of real-time daily operation of a multi-reservoir system under flood conditions. 

They modeled the djuamics of a multi-reservoir system by a set of linear differential equations 

(state-space formulation) and employed a quadratic penalty objective function to force the 

reservoir storages on a pre-specified track. Relating reservoir inflows to Gaussian rainfall inputs 

via a reduced-order state-space unit hydrograph model, they formulated a linear, quadratic 

Gaussian control problem and solved it anahtically. The model did not consider release and 

storage constraints. 
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Loaiciga and Marino (198S) presented a parameter estimation and stochastic control 

scheme using also a state-space, linear-difference equation system model. They presented 

reservoir inflows by a first-order autoregressive (ARl) model, and the objective was to optimize a 

quadratic, penalty-type performance index. Again, this model did not consider release or storage 

constraints. 

Trezos and Yeh (1987) developed an optimization model that takes into account the 

uncertainty of forecasts at the time a policy must be established. The uncertainty is expressed in 

term of the second moments of the forecast probability distributions. The proposed methodology 

is applicable to constrained stochastic system with quadratic objective functions and linear 

constraints. The method uses the decomposition principle of djTiamic programming without 

discretizing the state (storage) or control (release) variable and therefore, can be used for large-

scale systems. 

Georgakakos and Marks (1987) introduced a new method, extended linear quadratic 

gaussian (ELQG) control, for the real-time operation of reservoir systems. The advantage of this 

method over previous LQG control theory is that it is well suited for the optimization of 

constrained dynamical systems. The system is presented by a set of stochastic differential 

equations describing the reservoir and river dynamics in state-space form. The formulated 

reservoir operation problem calls for finding policies that maximize the expected benefits of a 

systems objective while satisfy'ing the remaining objectives at pre-specified reliability levels. The 

model, a trajectory iteration algorithm, is theoretically expected to exhibit reliability and 

computational efficiency. 

Georgakakos (1989) performed further extended the ELQG. Extensive computational 

experience indicated that although the ELQG method is reliable overall, it is more efficient in 

handling release rather than storage constraints. Furthermore, the treatment of probabilistic 
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constraints is exact only for Gaussian disturbances. Therefore, the author modified ELQG to 

more effectively handle non-Gaussian disturbances and storage constraints by taking onto 

account higher-order statistical moments and using a new barrier function method. Georgakakos 

and Marks (1987) used the penalty function to solve their system of equations. 

Hooper et al. (1991) applied the ELQG control to the Salt River Project reservoir system. 

The optimization problem was posed as the ma.ximization of total hydropower avoided cost, 

subjcct to constraints that represented system mass balance and physical or operating limitations 

on releases. The six surface reservoirs, groundwater storage, and planned cyclic groundwater 

storage were modified as six equivalent reservoirs. The ELQG control results showed that 

significant increases in hydropower-avoidcd costs could be achieved while maintaining water 

supply reliability at current levels or higher. 

5. Nonlinear Programmine 

Although nonlinear programming (NLP) has not enjoyed the popularity that LP and DP 

have in water resource systems analysis in the recent past due to computational burden, NLP does 

offer, however, a more general mathematical formulation and may provide a foundation for 

analysis by other methods. NLP can effectively handle a non-separable objective function and 

nonlinear constraints that many programming techniques cannot. NLP includes quadratic 

programming, generalized reduced gradients, geometric programming, and separable 

programming as special cases that can be used iteratively as a master program or as a subprogram 

in large-scale system problems. For a system of reservoirs, the number of constraints is large 

bccause they deal with similar subsystems, repeated in time or location. Advancement in 

computer technology has gradually enabled researchers to study the application of NLP in 

reservoir operations. 
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Lee and Waziruddin (1970) worked with a theoretical system of three reservoirs in series. 

The objective function was the maximization of a nonlinear function of irrigation release and 

water storage in the reservoir subject to linear constraints. As a first method, they used the 

gradient projection method but no step-size term was introduced. The main disadvantage of the 

gradient technique is its slow rate of convergence at points near a local optimum. On the other 

hand, their second technique, quasi-Newton method (for unconstrained problems), provides a 

much faster convergence rate because it not only considers the gradient but also the curvature of 

the objective function. Thus, a quasi-Newton method was applied to the constrained problem by 

handling constraints through projection. 

Gagnon et al. (1974) presented a penalty function technique to an optimization for a 

largc-scale hydroelectric system encompassed by the Columbia river basin. The largest 

numerical problem involved approximately 6000 variables, 4000 linear equations, 11000 linear 

and nonlinear inequality constraints and a nonlinear objective function. 

Chu and Ych (1978) applied Lagrangian procedures to solve real-time operations for a 

single reservoir system. The problem had a nonlinear concave objective function with nonlinear 

concave and linear constraints. The minimization of the Lagrangian was carried out by a 

modified gradient projection technique. 

Gal (1979) introduced the parameter ileralion method that reduces the computational 

effort by approximating the cost-to-go function (in SDP) only in the region of the state space 

encountered in previous simulations. The traditional objective function for dynamic 

programming is replaced by a function that belong to a certain known family of admissible 

functions. Similar to nonlinear curve-fit problem, the method considers the minimization of the 

norm of the error vector to obtain the set of parameter vectors that can be used by the next 
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iteration and so forth. These parameters determined the policy that minimizes the objective 

function. Gal's approach is discussed in more detail. 

Simonovic and Marino (1980) introduced an NLP model that included reliability 

constraints. A three-level algorithm was proposed to solve this problem. The first t\vo levels 

consists of a Uvo-dimcnsional Fibonacci search scheme and the third level is an optimization 

scheme using the gradient projection method. 

Rosenthal (1981) developed a nonlinear network flow algorithm for ma.\imization of 

benefits in a multi-reservoir hydroelectric system. The proposed algorithm is based on a reduced 

gradient methodology and on primal linear network flows with simplifications from the special 

structure of network. 

Lall and Miller (1988) formulated an NLP model to determine a set of storage capacities 

for the candidate set of reservoirs that maximized the expected net annual benefit from the 

construction of reservoirs and hydropower generation facilities. The generalized reduced gradient 

(GRG) algorithm and the penalty successive linear programming algorithm were used to solve the 

problem. 

Sylla (1994) provided a general formulation of water resources allocation problem with 

explicit engineering details and investigated several solution procedures for their applicability. 

The author developed an efficient algorithmic fhunework exploiting the special network structure 

to solve the problem by a large number of linear equality constraints. 

Zhong and Lansey (1992) present a temporal decomposition approach to solve long term 

deterministic model for optimal operations of multiple reservoir systems. Through Lagrangian 

relaxation, the long-term problem is decomposed into a number of smaller sub-problems. Each of 

the sub-problems is solved using standard NLP codes. Coordination between sub-problems is 

achieved in a Lagrangian term. The authors give a theoretical proof of global convergence 
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assuming a concave objective function. The method was applied on a nine-reservoir system in 

central China. This method, with necessary modification for real-time stochastic problem, is 

applied in this work. 

With the advent of fast computers with large memory space, NLP can become a 

promising tool in reservoir operations research and avoid the "curse of dimensionality" problem. 

6. A^^regation-Disa^^re^ation Approach 

The Aggrcgation-Disaggregation method consists in breaking up the original n-state 

variable stochastic optimization problem into n stochastic optimization sub-problems of Uvo-statc 

variables that are solved by dynamic programming. The fmal result is a sub-optimal global 

feedback operating policy for the system of n reservoirs. The main difficulties with the 

aggregation-disaggregation methods appear in the disaggregation step, because the system 

performance in terms of spillage in the plants or loss of peak power due to reservoir depiction is 

sensitive to the allocation of generation targets. The main advantage of this method is to 

concentrate the focus on the most important aspect in economical terms, which is the decision 

about the proportion of thermal generation. 

Turgeon (1980) applied the method where each reservoir of a multi-reservoir system is 

optimized in conjunction Nsith the aggregate representation of the remaining system. Although 

computational requirements are heavier, there are no iterations, which results in very acceptable 

computer times. The problems of determining the total hydroelectric production and 

apportioning the production among the rivers are solved simultaneously. It is shown that the sub-

optimal global feedback operating policy gives better results than the optimal local feedback 

operating policy. The reader is referred to the article for detail derivation of the aggregation-

disaggregation method. 



34 

Valdcs et al. (1992) introduced a group of optimization models for the real-time operation 

of a hydropower system of reservoirs. The dimensionality problem is solved by a space-time 

aggregation-disaggregation method that combines stochastic dynamic programming and linear 

programming techniques. The aggregated policy obtained is used in the real-time operation of 

the system to determine the recommended daily releases and power production from each 

reservoir of the system. The proposed methodology is applied to a case study on the Lower 

Caroni system in Venezuela with four reservoirs in series. 

Saad, et al. (1994) described a nonlinear disaggregation technique. The disaggregation is 

done by training a neural network to produce the storage level of each reservoir of the system. 

The training set is obtained by solving the deterministic operating problem of a large number of 

equally likely flow sequences. The aggregated storage level is determined by stochastic dynamic 

programming in which all hydroelectric installations arc aggregated to form one equivalent 

reservoir. The model was applied to Quebec's La Grande river. 

Turgeon (1998) made a further contribution to the area. This recent approach to long-

term reservoir management consists in solving the problem in Uvo major steps: an "optimization" 

step, which determines marginal values and targets, and a "simulation" step, which uses the 

marginal values and targets to adjust the reservoir releases. In the optimization step, the 

following problems are solved: 

1. Determine the optimal operating policy of all reservoirs combined by solving a SDP 

problem of one state variable (step 0.1). 

2. Determine the marginal value of the potential energy stored in each river in terms of 

its content and the content of all other rivers combined by solving a SDP problem of 

two state variables (step 0.2). 
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As opposed to his earlier paper (Turgeon, 1980), the problems of determining the total 

hydroelectric production and apportioning the production among the rivers are solved separately 

in steps 0.1 and 0.2. Two reasons are stated for this separation. First, the serial correlation of 

the river flows is taken into account in problem 0.1, but not in problem 0.2 and not in the 

problem solved by Turgeon (1980). Taking into account the river flow of last month in adjusting 

the hydroelectric generation for current month is an improvement in this paper. The second 

reason is that users often need to determine the total hydroelectric generation and the production 

cost, but not to split up the production among the installations. In this ease, the execution of the 

program can be stopped immediately after step 0.1, saving computer time. 

7. Genetic Algorithms 

Recently, Genetic Algorithms (GA) have been applied extensively in water resources 

planning and management problems. In essence, GAs are search algorithms which fall into the 

group of evolutionary strategies. They apply the Danvinian principle of survival of the fittest to 

scarch the solution space of a problem. In other words, a potential solution to a problem is 

perceived as an individual member of an artificial species. The subsequent search performed by a 

GA starts from a family of potential solutions resulting in the evolution of this artificial species 

towards individuals bearing "better" traits. The distinction between "better" and "worse" 

individuals is made upon their respective achievements in terms of the selected objective function 

which, at the same time, expresses how fit an individual is to "survive" in its environment. 

Oliveira, et al. (1997) use the genetic algorithms to derive operating policies for a multi-

reservoir system. The genetic algorithms used real-valued vectors containing information needed 

to define both system releases and individual reservoir storage volume targets as functions of total 
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storage in each of multiple within-year periods. The proposed algorithm was applied for water 

supply and hydropower generation. 

Milutin and Bogardi (1997) introduced a genetic algorithm based model developed to 

identify optimal water allocation patterns within a multiple<reservoir-multiple-demand water 

supply system. The primary aim of this study was to test the sensitivity of the devised GA w^ter 

allocation model to number of objective functions. The comparison of solutions derived by 

different GA models is carried out over a number of system performance mdeces (PI). The chosen 

criteria measures are estimated by simulating the system's operation over the entire time span 

assuming the release allocation strategies proposed by the models. 

These studies show some of the potential GAs offer to water resources analysis. 

Primarily, as opposed to conventional optimization and search methods (LP, DP, NLP), GAs show 

far less sensitivity to the dimension of the search space. For instance, Milutin and Bogardi's 

(1997) water allocation GA can easily accommodate the inclusion of additional reservoirs and/or 

demand point into the system, without having to be re-programmed or reaching the memory 

capacity of the computer. In addition, the computation times arc fairly low. Another advantage of 

GAs is that they can accommodate almost any fitness evaluation procedure (e.g., simulation) 

having almost no limitations on the tN-pe of the objective function used. However, due to the fact 

that each GA run starts from a random population of potential solutions, they have to be repeated 

several times and the final conclusion can be made only upon a comparison of the obtained 

outcomes. Another obstacle is handling of constraints which requires a careful selection of either 

an appropriate penalty function or a repair algorithm. Nevertheless, it is believed that GAs 

represent a new powerful tool with a significant potential to be exploited in water resources 

planning and management. 
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1.2 Research objectives 

1.2.1 Introduction 

The primary objective of the study is to provide an operator-friendly Decision Support 

Interface for the evaluation of operational plans and the determination of optimal policies in real 

time based on improved hydro-climatic forecasts. 

Accurate strcamflow forecasts yield better operational planning. Reservoir operation 

decisions, in particular, can take advantage of improved forecasts, by allocating storage and 

releases in anticipation of likely events. Salt River Project of Phoenix, Arizona sets a good 

example. In Fall of 1997, aware of the impending El Nino/Southern Oscillation (ENSO), Salt 

River Projcct began supplying consumers from their surface water reservoirs rather than from 

groundwater sources. The decision was based on the likelihood of high flows often associated 

with ENSO conditions but was not based on quantitative forecasts. The risk involved the 

potential of not being able to re-611 the reservoirs in the Spring. Their decision appeared to be 

successful with higher than average snowfall that brought reservoirs to acccptable levels. The 

result is a long-term gain in overall aquifer storage and on the order of a million dollars in 

reduced pumping costs. Additional lead-time and more accuratc forecasts of the influence of 

ENSO can further improve their operation policies. This work is a complement to the forecast 

models being developed at the University of Arizona and Portland State University. 

1.2.2 Multiple reservoir system operations 

An operating plan or release policy is a set of guidelines for determining the quantities of 

water to be stored and to be released or withdrawn from a reservoir or s>'stcm of several 

reservoirs under various conditions. Operating decisions involve allocation of storage capacity 

and water releases between multiple reservoirs, be^veen project purposes, between water uses, 
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and between time periods. Operating plans provide guidance to reservoir management personnel. 

In the modeling of and analysis of a reservoir system, some mechanism for representing operating 

rules and/or decision criteria must be incorporated into the model. 

A wide variety of operating policies are presently in use at reservoir projects throughout 

the United States and the world. They range from operating rules which specify ideal pool levels, 

but provide no guidance on what to do when deviation from these pool levels becomc neccssary, 

to operating rules that define very precisely how much water to release under all possible 

conditions. For many water supply reservoirs, operations are based simply on making 

withdrawals or releases as necessary' to meet water demands. Flood flows pass through 

uncontrolled spillways, and no pre-developed plans are in place for responding to supply 

depletion during infrequent severe droughts. On the other hand, complex regulation plans guide 

the operation of many reservoirs, including major multi-purpose, multiple-reservoir systems like 

the Salt River Project System of six reservoirs. 

Typically, an operating plan involves a framework of quantitative rules within which 

significant flexibility exists for operator judgment. Day-to-day operating decisions may be 

influenced by a complex array of factors and are often based largely on judgment and experience. 

Operating procedures may change over time with experience and changing conditions. 

Multiple-reservoir release decisions occur in situations in which water needs can 

alternatively be met by releases from two or more reservoirs. In Figure 1.1, diversions I and 3 

are firom specific reservoirs, but diversion 4 can be met by releases from any of the three 

reservoirs. Instream flow, as well as diversion, requirements at diversion location 4 can be made 

by releases from the reservoirs. 

One criterion for deciding from which reservoir to release is to minimize spills, since 

they can represent water loss from the system. However, spills from an upstream reservoir 
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(reservoir A in Figure l.l) may still be stored in a downstream reservoir (reservoir B) and thus 

are not lost from the system. For reservoirs in series, such as reservoirs A and B in Figure l.l, 

the downstream reservoir would be depleted before using upstream reservoir water to meet 

downstream demands. In addition to minimizing spills from the downstream reservoir, this 

procedure ma.ximizes the amount of water in storage above, and thus accessible to, each diversion 

location. For example, water stored in reservoir A can be used to meet diversions I, 2, and 4, but 

water stored in resen/oir B can be used to meet only diversions 2 and 4. 

For reservoirs in parallel, such as reservoirs B and C in Figure l.l, minimizing spills 

involves balancing storage depletions in the different reservoirs. The simplest approach might be 

to release from the reservoir with the largest ratio of conservation pool storage content to storage 

capacity. Thus, release decisions would be based on balancing the percent depletion of the 

conservation pools. Other more precise and complex approaches can be adopted to select the 

reservoir with the highest likelihood of incurring future spills. 

Cive.'-sicn 2 

Diversion + 

Figure l.l Multiple-reservoir conservation operations 
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Numerous other considerations may be reflected in multiple-reser-'oir release decisions. 

If the reservoirs have significantly different evaporation potential, minimization of evaporation 

may be an objective. The criteria of minimizing spills or evaporation are peninent to either 

single-purpose or multiple-purpose systems. Multipie-purpose, multiple-reservoir release 

decisions can involve a wide variety of interactions and tradeoffs. For example, releases to meet 

downstream municipal, industrial, or irrigation water supply, demands may be passed through 

hydroelectric power turbines. Thus, multiple-reservoir water supply release decisions may be 

based on optimizing power generation. Likewise, recreational aspects of the system could 

motivate release decisions that minimize storage-level fluctuations in certain reservoirs. 

^esar/cir A 

Figure 1.2. Storage zones for defining release rules 

As illustrated in Figure 1.2, conservation pools can be subdivided into any number of 

zones to facilitate the formulation of multiple-reservoir release rules. The multiple-zoning 

mechanism can be reflected in the operating rules actually followed by reservoir operators. Also, 

even in cases where operating rules are not actually precisely defined by designation of multiple 

zones, the multiple-zone mechanism can be used in computer models to approximate the 
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somewhat judgmental decision process of actual operators. The zones provide a general 

mcchanism or format for expressing operating rules. Multiple-reservoir release rules are defined 

based on balancing the storage content such that the reservoirs are each in the same zone at a 

given time to the extent possible. For example, in meeting the downstream diversion (or instream 

flow) requirement of Figure 1.2, water is not released from zone 2 of one reservoir until zone 1 

has been depleted in all the reservoirs. Since zone 1 in reservoir A is assigned zero storage 

capacity', no releases arc made from reservoir A until zone 1 is empt\' in the other Uvo reservoirs. 

With the storage content falling in the same zone in each reservoir, the release is made from the 

reservoir which is most full in terms of percentage of the storage capacit>' of the zone. For 

example, if the storage capacitics of zone 2 of reservoirs A, B, and C, respectively, are 55%, 60%, 

and 68% full, a release is made from reservoir C to meet the douTistream diversion requirement. 

Variations of this general tN-pe of multiple-reservoir release rule can be formulated. 

The operating policy to be developed under this project will involve water supply and 

hydroelectric power optimization. Following is a brief description of the two t\pes of operations 

schemes. 

1.2.3 Need for proper identification of release policy at dam sites 

fVia(er Supply 

Water is diverted or withdrawn from rivers and reservoirs for municipal, industrial, 

agricultural, and other beneficial uses. During normal hydrologic conditions, real time reservoir 

operations involve meeting water demands in accordance with the commitments and 

responsibilities of the water supply agencies. For example, during low-flow or drought 

conditions, operations may involve allocating limited water resources to competing users within 

the institutional framework of project ownership and agency responsibilities, contractual 
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agreements, legal systems for allocating and administering water rights, and political 

negotiations. 

Developing and administering water supply contracts and agreements, water rights 

allocation systems, and reservoir operating plans involve various types of reservoir system 

operation decision problems, which can be categorized as follows; 

• Allocation of a limited amount of water bc^vccn competing uses and users 

• Within-year temporal allocation of a limited amount of water (e.g., distributing available 

water over the irrigation season) 

• Determination of the trade-off between the amount of water to use during the current water 

year and the amount to be carried over in storage into the next year 

• Coordination of water supply operations with other project purposes 

• Coordination of the releases from each reservoir of a multiple-reservoir system 

• Various combinations of the above 

Maintaining high reliability for meeting water needs during infrequent drought or low 

flow conditions expected to occur at unknoNsn times in the future is a key consideration in water 

supply management. Municipal and industrial water supply t>pically requires a particularly high 

level of reliability. Project planning and design, contractual agreements, and water rights are 

topically based on ensuring a very dependable supply. 

Multiple-reservoir system operation involves coordinated releases from two or more 

reservoirs to supply common diversions or instream flow needs at downstream locations. Under 

appropriate circumstances, multiple-reservoir system operations can significantly increase 

reliabilities, as compared to operating each individual reservoir independent of the others. 

Coordinated release from two or more reservoirs increase reliabilities by sharing the risks 
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associated with the individual reservoirs not being able to meet their individual demands. 

Operated independently, one reservoir may be completely empty and unable to supply its users 

while significant storage remains in the other reservoirs. At other times, the other reservoirs may 

be empty. System operation balances storage depictions. Multi-reservoir system operation can 

also serve to minimize reservoir spills and evaporation and channel losses due to seepage and 

evaporation. In some systems, water treatment costs and electrical pumping costs for water 

conveyancc and distribution may vary significantly, depending on which demands are met by 

releases or withdrawals from which reservoirs. 

Hydroelectric Power 

Hydroelectric plants are generally used to complement the other components of an 

overall electric utilit>' system. Because the demand for power varies seasonally, as well as at 

different times during the week and during the day, the terms base load and peak load are 

commonly used to refer to the constant minimum power demand and the additional variable 

portion of the demand, respectively. 

The objective of an electric utilitj' is to meet system demand for energy, capacity 

(power), and reserve capacit>' at minimal cost. Power is the rate at which energy is produced. 

Capacity is the maximum rate of energy production available from the system. The value of 

hydroelectric energy and power is a function of the reliability with which they can be provided. 

Reservoir operating rules for hydroelectric power generation assume many different 

forms depending on the characteristics of the electric utility system and reservoir system, 

hydrologic characteristics of the river basin, and institutional constraints. However, designation 

of a power pool and power rule curve, as illustrated by Figure 1.3, is a key aspect of hydroelectric 

operations. The power pool is reserved for storage of water to be released through the turbines. 
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Inactive or active storage below the power pool provides additional head. If the reservoir water 

surface is at the top of power pool, net inflows (inflows less evaporation and withdrawals) are 
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Figure 1.3. Hydroelectric power rule curve 

passed through the reservoir. Flows up to the maximum generating capacity of the plant may be 

used to generate energy, the remainder of the flow is spilled. If the reservoir contains flood 

control storage, water will be stored in the flood control pool above the top of power pool during 

flood events. Power generation is curtailed any time the water surface elevation drops below the 

designated minimum power pool elevation. 

Hydroelectric power operations are typically based on two objectives: I) to ensure firm 

energy in accordance with contractual agreements or other commitments, and 2) to meet total 

system energy and power demands at minimum cost. The rule curve is designated to ensure firm 

energy. Operation is based on meeting firm energy commitments continuously as long as the 

power pool contains water. Additional secondary energy is generated only if the reservoir storage 

content is above the rule curve. The seasonal variation of the rule curve over the year is tailored 

to the hydrologic conditions and power demands of the particular area. For example, the rule 
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curve shown in Figure 1.3 reflects the folIo\sing considerations; power storage must be at a 

maximum during the middle of the calendar year in anticipation of high summer power demands 

coincident with low inflows. Droughts usually begin during the early summer for this particular 

case. A low pool elevation is acceptable in the fall and winter season because demands arc lower 

and inflows higher. 

Determining day-to-day and hour-to-hour releases when the storage is above the power 

rule curve, represents a basic real-time decision problem. Only firm energy can be generated if 

the storage is at or below the rule curve. Design of the rule curve must reflcct both hydroelectric 

power and flood control (if any) objectives. Rule curves can be established to optimize 

hydroelectric power operations subject to the constraint of maintaining highly reliable supplies 

for municipal, industrial, agricultural and/or low-flow augmentation purposes. Likewise, water 

supply release decisions may be based on optimizing hydroelectric power operations while 

meeting water supply demands. Hydropower operations may be constrained by minimum 

strcamflow requirements for fish and wildlife or other stream flow needs. 

1.3 Scope of study 

1.3.1 Introduction 

The problem of determining the optimal operating policy of a multi-reservoir power 

system is difficult to solve for several reasons. First, it has a nonlinear objective function. 

Second the production function of a hydro-plant is a non-separable function of the discharge and 

the water head which itself is a nonlinear function of reservoir storage. Third, there are bounds 

on both the state and decision variables. Fourth, the problem is stochastic because neither 

streamflows nor demands for electricity can be predicted a long time in advance. 
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Yet, there exists no method of solving this problem directly if the number of reservoirs is 

large. So, the problem must be decomposed and simplified. The most celebrated decomposition 

is certainly the one which consists in breaking down the problem into a stochastic long-term 

operating problem and a deterministic short-term operating problem, i.e. 'strategic' and 'tactical' 

problems, respectively. The strategic problem consists in determining the amount of water to 

release from each reservoir each week or each month of the planning horizon so as to minimize 

(or ma.ximizc) the objective function. The tactical problem, on the other hand, distributes over 

the week or over the month the total discharge selected by the strategic problem for that period. 

Turgeon (1981) solved the tactical problem for optimal short-term hydro scheduling. 

In this study, the parameter iteration method (Gal, 1979; Zhang et al., 1991) is used to 

fmd an approximation (strategic problem) for the optimal policy of a dynamic system dependent 

on stochastic state variables. The solution method is suitable for systems that would otherwise be 

difficult to solve by the usual dynamic programming (DP) approach. The probabilistic property 

at any time may be represented by the statistical parameters of the inflows and the computed 

reservoir states i.e., the initial water elevation or storage in the reservoir(s) at a given period in the 

operating horizon. Under this assumption, the parameter iteration method seeks to determine the 

correct coefficients of the remaining benefit function of an assumed form. The remaining benefit 

function defines the expected value (benefit) of the water remaining in the reservoir at the end of 

a given period, and is analogous to an expected value of the Cost-to-Go or Bellman function of 

deterministic dvTiamic programming. Given a set of initial parameters for the benefit function 

and an historical record of streamflow (synthetic streamfiow sequence), a sequence of 

optimization problems can be solved using nonlinear programming (NLP) to update the benefit 

function coefficients. This iterative procedure converges to the optimal remaining benefit 

functions, and the solution from the remaining benefit function is identical to that obtained by 
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stochastic dynamic programming (SDP). Once the optimal remaining benefit functions and 

forecasted inflows for the next period are available, optimal releases for the next period(s) can be 

determined for deterministic and probabilistic (expected return) scenarios. 

1.3.2 Parameter Iteration Method 

Gal (1979) developed the Parameter Iteration Method and applied it to the optimal 

management of a multi-reservoir water supply system in Israel. Zhang et al. (1991) applied the 

method on a single reservoir in the Yangtze River basin, China. In this section a comparison is 

drawn on the Parameter Iteration Method as proposed by Gal (1979) and the application 

performed by Zhang et al. (1991) with necessary assumptions and derivations to fit the problem at 

hand. 

Gal (1979) explains his Parameter Iteration Method by comparing to a t\pical dynamic 

programming problem. Consider a dxnamic programming problem of fmding an optimal policy 

for the periods (months) j = 1, 2, ..., T - \. Let the state space be the Euclidian ^-dimensional 

space P!' so that S = (Si,..., Sk) is the state vector. Sj denotes the state vector at the beginning of 

periody. Let V = (Vi, ..., Vn) be the decision vector which belongs to a subset of /?". Vj denotes 

the decision vector at the beginning of period./. Let Aj,/ = 1, 2, ... T-l, be the set of random 

variables (in our case, Aj is the inflow during month J). 

Sj+i is a function of Sj, Vj, and Aj, so that one can write: 

Sj.i=;^(s^Vj,A'j) (I) 

Gal (1979) denotes the expected cost during period j by C,(Sj, Vj) = E [Cj (Sj, Vj, Aj)], 

where Cj (Sj, Vj, Aj) is the actual expenditure during time period j. Cj(Sj, Vj) is the transition cost. 

If no stationarity is assumed (which is usually the case), C may depend on j. Let the final cost be 

W(St). a policy P for this problem is a set of mappings P = {Pj, 1 < Y < 77, where Pj is a 
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mapping from the state space into the decision space; i.e., Pj(S) = V means that if system is in 

state S at the beginning of period /, then water elevation (decision variable) during period J, 

according to policy P, is V. The total expected cost when starting with state S at the beginning of 

period J and using policy P until reaching period T is denoted by GPj(S). It can be defined 

recursively as follows (Gal, 1979): GPj(S) = W(S), and for I <y < 7", 

GPJ(S) = C(S, PJ(S)) + p £ [GPJ.,(/;(S, PXS), A-))] (2) 

Where Aj is defined by equation (1), 0 < P < 1 is the discount factor, and E is the expectation with 

respect to the random variable Aj (whose distribution may depend on S). 

The problem is to find a policy P which will minimize (Gal, 1979) GPj(S) for every J and 

S. 

The usual dvnamic programming approach is to define recursively a series of functions 

GT(S), GT.I(S), ..., GJ(S), where GJ(S) is the total expected cost fi'om the beginning of period J 

until reaching period T, when using an optimal policy. Thus GT(S) = W(S), and for ail 1 ^J<T, 

G/S) = min {C(S, V) + p £ [GP,.,(/;(S, V, X))]} (3) 
V 

where £[.] is the expectation with respect to Aj. 

In an attempt to explain the Parameter Iteration Method in contrast to d>'namic 

program m i n g  s o l u t i o n ,  G a l  ( 1 9 7 9 )  t h e n  c o n s i d e r s  t h e  c a s e  w h e r e  o n e  a s s u m e s  t h a t  G j ( S ) ,  i  = 1 , 2 ,  

T, belong to a certain known family of admissible functions /f= {h(S; ai, a:,..., affl)(ai, a:, 

a^) e A), where/4 is a subset in FT. In other words, for every ...,T, there exists a vector 

of parameters aj = (ai j, a:j,..., am j) so that 

G,(S) = h(S;a,j, a.j,..., a„j) = h(S; aj) (4) 

Gal (1979) denotes this situation as the perfect representation. For this case one could 

recursively find the parameters aj as follows; For / = 7" it is sufficient to choose m points ST', ..., 



49 

St" and then solve the set of m equations in m unicnowns ai t, •••, am t KSt'; ai t, ••• t) = W 

(St), / = 1, ..., m. It is important to choose St' so that these equations will be independent. 

Suppose that aj+i, St has been found; then one has to choose Sj', S" and solve the 

following equations for ai j,amj: 

h(S;a,j,a2j, ...,a„j) = min {C(S/, V^)+ p£:[h(/;(S;, Vj,A]);a,j.,, ...,an,H)l} (5) 
Vi 

Therefore, if equation (4) holds for ally = 1, 2,7" and if the number of unknown parameters m 

is not too large, then the solution of the dj-namic program may be feasible even if the dimension 

of the state space is large (Gal, 1979). Noteworthy, the set of vectors aj,y = 1, 2,..., f, determine 

both the optimal policy by using equation (5) and the total value function by using equation (4). 

Gal (1979) then assumes that equation (4) does not hold exactly but only approximately. 

In other words, assume that one is in the position of knowing the approximate behavior of the 

function Gj(S) (e.g., one could estimate that Gj(S) behaves more or less as a pol>'nomial of second 

degree (Gal, 1979) in Xi, ..., A'u); then a reasonable recursive procedure, which Gal (1979) 

denotes as the Parameter Iteration Method, can be defmed as follows; 

For J = r, choose M points (M > m) St", ..., St" and find the values of ai t, a„,T that 

will minimize the norm of the error vector (ei,..., e^), given by 

e, = min {C(S;, Vj) + p £ [h(^(S;, Vj, A]); a,j.,,..., a^j.,)]} - MS/; a, j,..., a„T) (6) 

Vi 

In contrast to the perfect representation case, the set of vectors aj defmed by the Parameter 

Iteration Method will depend to some extent on the number and location of the observation points 

Sj', i = 1, ..., M,J = I, 2, ..., T. In addition, the policy determined by minimizing the right hand 

side of equation (5) will not be optimal one but only an approximate of that, and the right hand 

side of equation (4) will only be an approximation of the total value. 
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Zhang ct al. (1991) applied the Parameter Iteration Method (Gal, 1979) to obtain the 

operating policy for a single reservoir in the Yangtze River basin, China. Zhang et al. (1991) 

denotes the total cost function represented by equation (4) as the Remaining Benefit (RB) 

function. They write the optimization problem to ma.\imize hydropower generation forward in 

time for Uvo adjacent time periods j and j + Ixo facilitate writing the remaining benefit function. 

A set of operation rules is defined by the following form (Zhang et al., 1991); 

Vj., = f(V„Xj) Vj (7) 

To avoid greater number of variables associated with the vectors V (elcvation/decision vector) 

and X (inflow vector), a remaining benefit function can be adopted and written with respcct to Vj 

f 1, which would defined by fewer variables. This minor change can considerably reduce the 

required computation time. This type of remaining benefit fimctions are defined as the total 

expected benefit (value) returns firom an arbitrary lime period J to period «>. The benefit function 

(RB(,)) presumably has the following linear form (Zhang et al., 1991): 

RB,(Xj,V,.i) = a,^Vj,,+b7Xj + X/C,V,., Vj (8) 

or, RBj = RBj(Xj,Vj.,) Vj (9) 

where parameters aj^ and bj^ are/ x / column vectors and £j is a s>'mmetric matrix. Xj and Vj +1 

are row and column vectors for inflows and water elevation, respectively. Equations (8) and (9) 

can be written for each of the n reservoirs in the system. Equation (8) is equivalent to the Cost-

to-Go function in dynamic programming. If that function is known, one can solve a real-time 

problem by ma.\imizing return for one or more periods plus the remaining benefit (RB) function 

at the end of the analysis period. The problem here then is to find the optimal benefit function 

value and its parameters. 
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Remainig Benefit (RB) Function Update 

The original stochastic hydropower maximization problem (Zhang et al., 1991) can be 

implicitly solved using the RB function. Given a set of initial RBj cocfFicicnts and a sequence of 

s>-nthetic streamflow generated based on historical data, a sequence of single period deterministic 

optimization problems of the following form can be solved forward in time; 

Pj(Xi,V,) =Max[N,(V„V,.,,X,) + RBj(Xj,Vj.,)l (10) 

V 

Where, Nj is the power generated in time period J. These deterministic problems are solved for 

ever)' sub-period for each of N years of sjTithetically generated monthly streamflows (Bras and 

Rodriguez-Iturbe, 1985). The solutions toMf=12) sub-problems per year are the samples of the 

random variables X, V, and P: 

{X,^ X:\ ... , Xm '}, {V:\ W,\ ..., Vm ". i ) ,  and {P,N PA ... , Pm '} 

k = l , 2 , . . . , A ^  ( 1 1 )  

Zhang et al. (1991) assume these processes are periodic with stationary ergodic property, or as 

stated in reservoir operations, the problem for a steady-state optimal policy is solved. 

Assuming the benefits P are linearly correlated with X and V, then the parameter vector 0 

can be determined by (Zhang et al., 1991): 

P,pC„Vj) = E(Pj)+0^ 
- E i X j )  

V. 
+ ej j = 1.2....,M=12 (12) 

12 monthly periods are used. Multiple Linear Regression (Haan, 1977) can be used to obtain the 

benefit function parameters. Conventional optimization schemes are also applicable. 

The value of the new remaining benefit function for any period j can then be defmed as: 

- E i X j )  
RBj(X„Vj.,) = E(Pi)+0^ j = l ,  2 , . . . , M = 1 2  (13) 
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The procedure is repeated for each month. Once the RB function is updated, the single 

period problems are again solved with the updated coefficients which may result in different 

policies and equation (13) is solved again for 0. This iterative procedure continues until the 

remaining benefit function coefficients converge to stable values. The generated streamflows can 

have any statistical properties including temporal and spatial correlations. This approach is 

essentially that proposed by Gal (1979). The linear remaining benefit function of Zhang et al. 

(1991) is used in this study. The advantage of using this form of a benefit ftinction (expressed in 

terms of random inflows) is that it provides information on future inflows. 

1.3.3 Real-time implementation 

Appendix A presents a Nonlinear Programming (NLP) temporal decomposition model 

for real-time multi-reservoir operations under hydroclimatic uncertaint>'. Two important factors in 

reservoir management problems are the prediction on benefits (expected value of water in storage 

at the end of a simulation period) and inflows. While much work have been in progress in an 

efficient way to incorporate uncertainty in inflows in reservoir operations, their exist very limited 

number of ways (e.g., Dynamic Programming) in which the benefit (Cost-to-Go) functions are 

utilized in real-time implementation. The proposed temporal decomposition approach not only 

takes into account the value of water at the end of the operating horizon as a boundary condition 

but also leaves the decision maker with the flexibility of making a first-period fixed decision, and 

let the decisions for next periods in the operating horizon vary as information (forecast) becomes 

available. This, in other words, is analogous to a multi-stage stochastic programming scenario. 

The parameter iteration method (Zhang et al., 1991)) is used to find an approximation to the value 

of benefit function (or the Cost-to-Go). The solution method utilizes NLP tools, provides scope 

to tackle correlation between streamflows in space and time, and is suitable for systems that 
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would otherwise be difficult to solve by the usual dynamic programming (DP) approach. The 

Lagrangian Duality is applied to find real-time operating policy for both deterministic and 

probabilistic forecasts. The model is applied on the Salt River Project multi-reservoir system in 

Arizona with power production objective. 

1.3 4 Mean-Variance Model 

Traditional optimization algorithms offer several stochastic models for planning and 

operation of reservoir systems. These optimization models are based on deriving a release policy 

that optimizes a given objective. Such approaches do not account for the fact that the release, 

which is a function of the random inflow and thus a random variable itself, may have a 

distribution with different variability on the available forecasts. In this paper, it is desired to 

minimize the variance of the objective (expected return) to obtain robust operating (release) 

policy. The paper in Appendix B presents a mathematically sound mean-variance formulation, 

implemented in real time that considers spatial and temporal correlation in streamflows. The 

foundation of the formulation presented is rooted in stochastic portfolio optimization scheme of 

Markowitz (1959). The variance-constraincd problem is solved by a series of rela.\ations. In 

essence, this is the penalty fimction approach in which constrained problems are solved using 

penalized rela.xations. A Multiplier-based penalty approach is used. 

To implement the mean-variance formulation, the uncertain benefit (expected value of 

water) at the end of the operating horizon is quantified using the parameter iteration method 

(Zhang et al., 1991). From a multivariate regression analysis the correlation in the parameters of 

the benefit fianction of an assumed form is obtained and introduced in the variance structure for 

the last period in a windowed operating horizon. The model is applied on the Salt River Project 

multi-reservoir system in Arizona with power production objective. 
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1.3.5 Decision Support System 

A Decision Support System (DSS) is developed (Appendix Q to operate multi-reservoir 

systems under hydroclimatic uncertainties. The DSS is developed under Visual Basic Shell with 

point-and-click approach to select necessary reservoir system configuration. The system accesses 

a database to locate the necessary data and utilizes a repertoire of mathematical and/or statistical 

models to finally present the desired information at the user's terminal. The DSS represents four 

basic models: SNUthetic Streamflow Generation Model, Forecast Model, Reservoir Simulation 

Model, and Optimization Model. Each model refers to relevant database and necessary sub

models. The optimization model uses the parameter iteration method (Zhang et al., 1991) to find 

an approximation to the value of benefit function (or the Cost-to-Go). The solution method 

utilizes NLP tools, provides scope to tackle correlation between streamflows in space and time, 

and is suitable for systems that would otherwise be difficult to solve by the usual d>'namic 

programming (DP) approach. The Lagrangian Duality (Zhong and Lansey, 1992) is applied to 

find real-time operating policy for both deterministic and probabilistic forecasts. The DSS also 

supports a mathematically sound mean-variance formulation, implemented in real time that 

considers spatial and temporal correlation in streamfiows. The foundation of the formulation 

presented is rooted in stochastic portfolio optimization scheme of Markowitz (1959). The 

implementation and workability of the DSS is tested by an application on the Salt River Project 

multi-reservoir system in Arizona with power production objective. 
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CHAPTER 2 

PRESENT STUDY 

2.1 Uniqueness of the study and author's contribution 

The primary objective of this study is to identify multi-reservoir operating policy that can 

tackle information available in real-time through advanced forecast models. A robust policy 

seeks to identify the release decisions at dam sites in a way so that the value of information is 

preserved. To achieve this goal, one needs to incorporate statistical measures of variance in 

model output within the optimization framework. While much effort have been placed in 

developing an efficient method to incorporate the uncertainty in inflows and their spatial and 

temporal correlations in reservoir operations, ver>' few approaches (e.g., DsTiamic Programming) 

use the benefit (Cost-to-Go) in a real-time implementation. Uniqueness of this study is in the 

application of a mean-variance formulation that exploits the mathematical robustness of nonlinear 

programming strategies as well as make use of variance-constrained solution technique. Chance-

constrained formulations, with the probabilistic representation of the constraints, fail to idcntif}' a 

policy that is flexible in terms of tackling the real-time information. Instead of re-instating such a 

model from literature, attempt is taken to introduce variance constraint in the formulation. This 

provides a direct measure of sensitivity analysis of the proposed model under different climatic 

conditions. 

Depending on the past rainfall history and available data on ENSO (El-Nino Southern 

Oscillation) and PDO (Pacific Decadal Oscillation), each forecast has the ability to have great 

impact on the reservoir operating policy (water release decisions). The model developed in this 

study will give operators the confidence to make major decisions at crucial times simply because 

the methodology is mathematically robust and is expected to tackle any variance in forecast 
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regardless of the techniques used to measure them (i.e., based on simple regression - lag n, ENSO 

or PDO analysis). 

One other major goal for any decision-making problem under uncertainty is to ma.ximize 

return while minimizing the variance in decision. This is equally important in reservoir 

operations since decisions arc made hoping a desired level of return (e.g., from hydropower 

generation) can be gained. The developed model will also be able to meet this goal cfFlcicntly 

using the mathematical framework of nonlinear programming. 

The author, under supervision of his major advisor, initiated the development of the set of 

mathematical models that lead to the final decision-making tool presented herein. With 

collaboration of other researchers in the project, forecast models have been developed and coded 

in MATLAB. The reservoir simulation model and set of optimization models arc also coded in 

MATLAB to preserve generality. A Decision Support System (DSS) is developed by the author 

as a final product. The DSS is built on the Visual Basic Shell and prompts the decision maker 

into choosing a specific reservoir configuration and set up databases for the four models; 

S>Tithctic Strcamflow Generation Model, Forecast Model, Reservoir Simulation Model and 

Optimization Model(s). In order to make the information available to public, the author and his 

supervisor took the initiative to report the theoretical information and the results in journal-paper 

format. Three papers arc presented in the appendices of this report. Extensive literature survey 

supports the necessary theoretical developments in the area of multi-reservoir operations under 

hydroclimatic uncertainties. 

2.2 Future study 

The main focus of future development will be the further improvement of the form of the 

remaining benefit function. In this study the linear remaining benefit function is written in terms 
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of the last month's inflow. It would be interesting to investigate the scenarios when the sum of 

inflows for every month in the parameter iteration method is used instead. 

One other aspect that is an important issue in reservoir operations is how to make annual 

release decisions. For the Salt River Project (SRP) the total use and groundwater pumping plans 

arc available. Using the available information, the author proposes future study in the area. 

Furthermore, it may be to a multi-reservoir manager's needs to var>' the first month's (in 

the operating horizon) decision which has been fixed in this study by using the Lagrangian 

Duality. It would be interesting and challenging task to identify an algorithm that can make this 

possible. Further investigation and literature survey is necessarj' to achieve these goals. 
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ABSTRACT 

This paper presents a Nonlinear Programming (NLP) temporal decomposition model for 

multi-reservoir operations under hydrociimatic uncertainty. Two important factors in reservoir 

management problems arc the prediction of benefits (expectcd value of water in storage at the end 

of a simulation period) and inflows. While much theoretical work has been completed to 

efficiently incorporate the uncertainty in inflows in reservoir operations, few use the benefit 

functions in real-time decision-making. Gal (1979) first proposed a method that accounts for the 

value of water at the end of the operating horizon as a boundary condition during real-time 

implementation. This work extends Gal's work by considering an ensemble of streamflow 

forecasts and maximizing the expected return while accounting for the temporal and spatial 

correlation between reservoir inflows. The first-period decision is common between forecasts 

while the decisions for remaining periods var\' with forecast sequence. The parameter iteration 

method (Zhang et al., 1991) is used to find an approximation to the value of benefit function (or 

the Cost-to-Go). 

The solution method utilizes NLP tools, provides for including the spatial and temporal 

correlation between streamflows, and is suitable for systems that would otherwise be difficult to 

solve by dynamic programming (DP). Lagrangian Duality is applied to find an optimal real-time 

operating policy for deterministic and probabilistic forecasts. The model is applied to the Salt 

River Project multi-reservoir system in Arizona with a power production objective. 
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INTRODUCTION 

The principal purpose of a reservoir system is to provide inertia against variable inflows 

and allow releases that improve the system benefits. The principal design factor to bring about 

this inertia is reservoir capacity. A second important factor is the system operation. Both define 

the inertia a reservoir provides against variable inflows. A tradeoff between these t\vo factors 

exists in that a larger reservoir may make the operational rule less critical, while more efficient 

reservoir operations may make a smaller reservoir possible. Two important elements in reservoir 

management are the prediction of value of water in storage at the end of a simulation period and 

reservoir inflows. 

The problem of determining the optimal operating policy of a multi-reservoir power 

system is difficult to solve for several reasons. First, it has a nonlinear objective function. 

Second, the production function of a hydro-plant is a non-separable function of the discharge and 

the water head which itself is a nonlinear function of reservoir storage. Third, there are bounds 

on both the state (reservoir storage) and decision variables (reservoir releases). Fourth, the 

problem is stochastic because neither strcamflows nor demands for electricity can be predicted in 

advance. Finally, correlation between streamflows in space and time makes real-time decision

making under uncertainty a challenge since most optimization methods cannot directly consider 

this information. 

As a result, no method for solving this problem exists if the number of reservoirs is large. 

The problem must be decomposed and simplified. The most common decomposition is breaking 

the problem into stochastic long-term and deterministic short-term operating problems, i.e. 

strategic and tactical problems, respectively. The strategic problem consists in determining the 

amount of water to release from each reservoir each week or each month of the planning horizon 

so as to minimize (or maximize) the objective function. The tactical problem, on the other hand. 
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distributes over the week or over the month the total discharge selected by the strategic problem 

for that period. For example, Turgeon (1981) solved the tactical problem for optimal short-term 

hydro scheduling. 

In this paper, the parameter iteration method (Gal, 1979) determines the value of water 

stored in the reservoirs at the end of each period. The resulting remaining benefit function defines 

the expected value (benefit) of the water remaining in the reservoir at the end of a given period, 

and is analogous to an expected value of the Cost-to-Go or Bellman function of deterministic 

dynamic programming. The parameter iteration method seeks to determine the correct 

coefficients of the remaining benefit function of an assumed form. This iterative procedure 

converges to the optima! remaining benefit functions, and the solution from the remaining benefit 

function is identical to that obtained by stochastic dynamic programming (SDP), but can be used 

to solve larger problems. 

Once the optimal remaining benefit functions and forecasted inflows for the next periods 

arc available, real-time optimal releases for the ne.xt periods can be determined for deterministic 

and probabilistic (expected return) scenarios. In a probabilistic scenario an ensemble of forecasts 

are made. When a forecast of more than a few periods is considered the problem may be large. 

To overcome this difficulty, an improved temporal decomposition method based on 

Lagrangian Duality in nonlinear programming (Nash and Sofer, 1996) is applied. The approach 

by Zhong and Lansey (1992) divides the original deterministic model into smaller independent 

sub-problems (slave problems) that can be solved relatively quickly. Since the solution of the 

sub-problems must solve the original problem, coordination between sub-problems is 

accomplished by a Lagrangian function. By generating flows in an ensemble, the spatial and 

temporal correlations between streamflows can be preserved. 
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The influence of forecast length and uncertainty on river system management are studied 

for the Salt River Project multi-reservoir system in Arizona. In addition, the cost-to-go function 

is general and can include terms beyond the last period inflow as in DP. The benefit of this 

generality is analyzed numerically. 

BACKGROUND 

Reservoir operation has been studied extensively in the water resources literature because 

of the central role that storage management plays in the effective use of water. The basic purpose 

of a reservoir is to allow allocation over time of stored water in the face of uncertain future 

inflows. The reservoir operating policy plays an essential role in making the efficient use of this 

storage. 

The vast research in reservoir operations have been reviewed by several scholars 

beginning early 1980s: Yakowitz (1982), Ych (1985), Wurbs et al. (1985), Esogbue (1989), and 

Wurbs (1991). Yakowitz (1982) presented a survey that reviews djTiamic programming (DP) 

models for water resources problems (namely, reservoir operations), and examines computational 

techniques which have been used in literature to obtain solutions to these problems. Yeh (1985) 

did an extensive review of the state-of-the-art mathematical models developed for reservoir 

operations, including simulation. The highlights of recent research in reservoir operations are 

several modifications of dNnamic programming for deterministic and stochastic conditions. 

Stochastic Dsnamic Programming 

Stochastic D\Tiamic Programming (SDP) has been used extensively for solving reservoir 

operation problems. Djuamic Programming is a ver>' efficient solution procedure when dealing 

with a single reservoir system. However, when dealing with a multiple reservoir system. 
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increasing the number of discretization of state (storage) variables multiplies the number of 

evaluations of the recursive formula and the memory requirement per stage on a computer. The 

problem of exponential growth of computer time and memory associated with multiple state 

variable DP problems is referred to as the "curse of dimensionality" (Bellman, 1961). In order to 

reduce the problem of dimensionality, several modifications to the original DP algorithm have 

been proposed in the literature (Bellman and Dreyfus, 1962; Maj^ie, 1966; Jacobson and Mayne, 

1970; Larson, 1968; Hcidari et al., 1971). 

To introduce hydrologic uncertainty SDP has been applied by: Tai and Coulter (1987), 

Saad and Turgeon (1988), Foufoula and Kitanidis (1988), Kelman et al. (1990), Braga Jr., ct al. 

(1991), Johnson ct al. (1993), and Tcjada-Guibert ct al. (1993). Kitanidis and Foufoula (1987), 

and Foufoula and Kitanidis (1988) proposed the Gradient Dynamic Programming (GDP) 

algorithm using cubic Hermite polynomials to approximate the Cost-to-Go (Bellman) function 

between grid points. For same number of discretization levels, GDP yields more accurate 

solution than DP. Similar to GDP, Johnson, et al. (1993) proposed the use of cubic picccwise 

poKnomial functions to approximate the Cost-to-Go (Bellman) functions. The improved 

accuracy of these higher order functions and the smoothness of these functions allow efficient 

quasi-Newton methods to be used to compute optimal decisions with reduced computational 

effort. Karamouz and Vasiliadis (1992) proposed a model, called Bayesian stochastic dynamic 

programming (BSDP), to generate optimal reservoir operating rules. This model includes inflow, 

storage, and forecasts as state variables, describes streamflows with a discrete lag-one Markov 

process, and uses Bayesian decision theory to incorporate new information by updating the prior 

probabilities to posterior ones. This continuous updating significantly reduces the effects of 

natural and forecast uncertainties in the model. 
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Linear Quadratic Control 

Stochastic dynamic programming (SDP) problems can be solved anaUtically for 

particular cases (Sage and White, 1977). The most widely studied case is known as Linear 

Quadratic Gaussian (L(^) control wherein the objective is to optimize the expected value of a 

quadratic performance criterion (objective function) subjcct to linear equality constraints on 

control variables and inputs arc Gaussian. LQG control has been thoroughly studied in control 

engineering for systems with many state, input and decision variables. In water resources 

systems, however, LQG control has found few applications, mainly because most reservoir 

studies have dealt with long-term operation where the capacity constraints are dominant. 

Noteworthy arc the works by: Wasimi and Kitanidis (1983), Loaiciga and Marino (1985), Trczos 

and Ych (1987), Gcorgakakos and Marks (1987), Georgakakos (1989) and Hooper et al. (1991). 

Nonlinear Programming 

Nonlinear programming (NLP) has not enjoyed the popularity that LP and DP have in 

water resource systems analysis. NLP however, offers a more general mathematical formulation 

and may provide a foundation for analysis by other methods. NLP can effectively handle a non-

separable objective function with nonlinear constraints unlike LP and DP. NLP solution methods 

includes sequential quadratic programming (SQP), generalized reduced gradients (GRG), 

geometric programming, and separable programming. Advances in computer technology have 

gradually enabled researchers to study the application of NLP in reservoir operations. 

Lee and Waziruddin (1970) worked with a theoretical system of three reservoirs in series. 

The objective function was the ma.\imization of a nonlinear function of irrigation release and 

water storage in the reservoir subject to linear constraints. Gagnon et al. (1974) presented a 

penalty function technique to an optimization for a large-scale hydroelectric on the Columbia 
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river basin, and Chu and Yeh (1978) applied Lagrangian procedures to solve real-time operations 

for a single reservoir system. Simonovic and Marino (1980) introduced an NLP model that 

included reliability constraints. Rosenthal (1981) developed a nonlinear network flow algorithm 

to ma.ximize benefits from a multi-reservoir hydroelectric system. The algorithm is based on a 

reduced gradient methodology and on primal linear neUvork flows with simplifications from the 

special structure of network. 

Zhong and Lansey (1992) present a temporal decomposition approach to solve long term 

dctcrministic model for optimal operations of multiple reservoir systems. Through Lagrangian 

relaxation, the long-term problem is decomposed into a number of smaller sub-problems. Each of 

the sub-problems is solved using standard NLP codes. Coordination between sub-problems is 

achieved in a Lagrangian term. The authors give a theoretical proof of global convergence 

assuming a concave objective function. The method was applied on a nine-reservoir system in 

central China. This method, with necessar>' modifications for the real-time stochastic problem, is 

applied in this work. Also noteworthy are works by Lall and Miller (1988) and Sylla (1994). 

With the advent of faster computers with large memories, NLP appears to be a promising 

tool in reservoir operations research and avoids the "curse of dimensionality" problem. This 

paper presents one such improved NLP based Lagrangian based model that can successfully 

implement real-time reservoir operation via an efficient temporal decomposition. The 

mathematical robustness of NLP can also be exploited in studying the value of information in 

reservoir operations with long term variable forecasts (Ahmed, 2001). 
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BENEFIT OR COST-TO GO (BELLMAN) FUNCTION ANALYSIS 

Problem Formulation 

The formal statement of the optimization problem in this study is to maximize the total 

energy production over the long term from a multi-reservoir system containing n reservoirs. The 

reservoir releases are made primarily to produce energy. The releases are limited to satisfy 

conservation of mass within each reservoir and the physical and technical limits on the system. 

Those constraints include limits on reservoir capacity, power production and release. 

Mathematically, this stochastic problem may be written with respect to the reservoir stages as: 

.VR M 
Ma.x X E[2; N,(XJ,V,)-{C(DEMANDJ-5; Q,)}] j=l,2,...M (1) 

n=l ;=1 total 

V ^ e V  

Subjcct to: V < Vj < V (2) 

(3) 

Y < Yj < Y (4) 

N < N j < N  ( 5 )  

S(Vj) = S(Vj.,) + Xj-B(Qj + Yj) (6) 

DEMANDj > 2] Qj (7) 
total 

V>0 (8) 

where j denotes the time index, and E(Nj) is the expected total power production over the entire 

system at y-th time period of a total of M periods, DEMAND is the total system water demand, 

and C is the cost per kilowatt-hour energy. Xj is the stochastic inflow vector, and Vj, Yj, and Qj 

are vectors of water elevations, reservoir spills, and reservoir releases, respectively. Nj is the 

vector of power productions. Reservoir storage, S, can be described as a function of the water 
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surface elevation, V (decision variable vector). The system configuration is defined by the 

connectivity matrix B. 

The objective function, Equation (1), is the summation of the net energy production over 

the time horizon. ZNj is the value of power produced while {C (DEMANDj - ^ Q,)} term is 
total 

the cost in terms of energy consumption of supplying water demands from groundwater rather 

than from surface supplies. Equations (2) through (5) impose bounds on the water levels, spills, 

reservoir discharge and power production for each period. Equation (6) is the conservation of 

mass relations for a general system. Note that {DEMAND, - ^ Q} is the water supplied from 
total 

ground water source. 

If the power coefficient and efficiency are omitted, the total power generation fi^om the 

system during any time period may be expressed as: 

N, = Q/Hj (9) 

where Hj is the vector of average water surfece elevations during period j which can be 

approximated by; 

H, = (Vj-, + Vj)/2.Va (10) 

In the above expression, Vj.; are the water levels in the reservoirs at the end of the J-l time 

period. Va is the water surface elevation at the outlet of the powerhouse that can be defined as the 

downstream reservoir elevation or a constant value. If a level pool exists, Vd can be described as 

a function of the upstream releases; 

Vd = Vd(Q,+Yj) (11) 

Using equations (6) and (10) and neglecting evaporation (for the sake of derivation) and seepage 

(not considered in the study) losses, equation (9) can be rewritten as; 

N, = [A(S(Vj -,) - S(V,)) + AXj - Yjf [(Vj., + V,)/2 - V^] (12) 
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where A = B"', or 

Nj = N,(Xj,Vj.,,Vj) (13) 

Therefore, Nj is a nonlinear function of two adjacent time periods water elevations and present 

time period inflows. Similariy, constraints (4) and (5) can also be written as functions of V and X 

in a general form as: 

Sequential Quadratic Programming (SQP) (Nash and Sofer, 1996; Nocedal and Wright, 1999) is 

used to solve this problem. 

Parameter Iteration Method 

Gal (1979) developed the Parameter Iteration Method and applied it to the optimal 

management of a multi-reservoir water supply system in Israel. Zhang et al. (1991) applied a 

similar method to a single reservoir in the Yangtze River basin, China. In this section a 

comparison is drawn on the Parameter Iteration Method as proposed by Gal (1979) and the 

application performed by Zhang et al. (1991) with necessary assumptions and derivations. 

Gal (1979) compares the Parameter Iteration Method with dynamic programming (DP). 

Consider a DP problem of finding an optimal policy for the periods (months) j = 1, 2, ..., T - \, 

let the state space be the Euclidian it-dimensional space P/' so that S = (S|, ..., S^) is the state 

vector. Sj denotes the state vector at the beginning of period /. Let V = (Vi, ..., V„) be the 

decision vector at the beginning of period j that belongs to a subset o^RP. Let Aj, / = 1, 2,... 7"-

I, be the set of random variables (in our case, Aj is the inflow during month j). 

Sj+i is a function of Sj, Vj, and A], so that one can write: 

Gj(Xj,Vj.,,Vj)>0 (14) 

SH=.A(Sj,Vj,A;) (15) 
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Gal (1979) denotes the expected cost during period J by Cj(Sj, Vj) = E [Cj (Sj, Vj, A])], 

where Cj (Sj, Vj, X) is the actual expenditure during time period J. Cj(Sj, Vj) is the transition cost. 

If stationarity is not assumed (which is usually the case), C may depend on j. Let the final cost be 

W(St). a policy P for this problem is a set of mappings P = {Pj, \ <j <T}, where Pj is a 

mapping from the state space into the decision space; i.e., P,(S) = V means that if system is in 

state S at the beginning of period J, then the water elevation (decision variable) during period J, 

according to policy P, is V. The total expectcd cost when starting with state S at the beginning of 

period J and using policy P until reaching period T is denoted by GPj(S). It can be defmed 

r e c u r s i v e l y  a s  f o l l o w s  ( G a l ,  1 9 7 9 ) ;  G P , ( S )  =  W ( S ) ,  a n d  f o r  [  < j < T ,  

GPj(S) = C(S, P/S)) + p £ [GP,>,(/J(S, P/S), Xj))] (16) 

where Aj is defmed by equation (15), 0 < p < 1 is the discount factor, and E is the expectation 

with respect to the random variable Aj (whose distribution may depend on S). The problem is to 

find a policy P which will minimize (Gal, 1979) GPj(S) for every j and S. 

The usual dNTiamic programming approach is to recursively define a series of functions 

GT(S), GT.I(S), ..., Gj(S), where Gj(S) is the total expectcd cost from the beginning of period j 

until reaching period T, when using an optimal policy. Thus GT(S) = W(S), and for all I <j < T, 

GJ(S) = min {C(S, V) + p £ [GP;.,(/;(S, V, A]))]} (17) 
V 

where £[.] is the expectation with respect to AJ. 

In contrast to dynamic programming solution. Gal (1979) then considers the case where 

one assumes that Gj(S), / = 1,2,..., 7", belong to a family of admissible functions H = {h(S; ai, a:, 

am)(ai, a:, . . . ,  a™) 6 A), where/C is a subset in /T. In other words, for every; = I, 2, ..., 

there exists a vector of parameters aj = (ai j, a^j,..., amj) so that 

Gt(S) = h(S;a, j, a,,,a„,j) = h(S; aj) (18) 
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Gal (1979) denotes this situation as the perfect representation. For this case one could 

recursively find the parameters aj as follows: For / = f it is sufficient to choose m points St', 

St"" and then solve the set of m equations [hCSt*; ai t, ... a™ x) = W (Sj), ' = I, .... m] for /w 

unknowns (ai t> ... amr). It is important to choose St so that these equations are independent. 

Suppose that aj>i, at has been found; then one has to choose Sj', Sj"" and solve the 

following equations for aij,..., amj: 

h(S;an,a:j, ...,a„,) = min {C(S/, V^) + p E [h(/;(S;, V^, A]); a,h, ...,a„,M)l} (19) 
Vj 

Therefore, if equation (18) holds for ally = 1, 2,..., T and if the number of unknown parameters m 

is not too large, then the solution of the dynamic program may be feasible even if the dimension 

of the state space is large (Gal, 1979). Noteworthy, the set of vectors aj,/ =1,2,..., T, determine 

both the optimal policy by using equation (19) and the total value function by using equation 

(18). 

Gal (1979) then assumes that equation (19) does not hold exactly but only approximately. 

In other words, assume that one is in the position of knowing the approximate behavior of the 

function Gj(S) (e.g., one could estimate that Gj(S) behaves more or less as a poh-nomial of second 

degree (Gal, 1979) in X\, ..., Xk); then a reasonable recursive procedure, which Gal (1979) 

denotes as the Parameter Iteration Method, can be defined as follows; 

For j = T, choose M points (M > m) St', ..., St" and find the values of ai t, .-, am t that 

will minimize the norm of the error vector (ei,..., e^), given by 

e. = min {C(S/, Vj) + p £[h(/-(S;, Vj,X); a,j.,,..., a„j.,)]} -h(Sj'; a,j,..., a„T) (20) 

Vi 

In contrast to the perfect representation case, the set of vectors aj defined by the Parameter 

Iteration Method will depend to some extent on the number and location of the observation points 
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S/, / = = 1, 2, T. In addition, the policy determined by minimizing the right hand 

side of equation (19) will not be optimal one but only an approximate of that, and the right hand 

side of equation (18) will only be an approximation of the total value. 

Zhang et al. (1991) applied the Parameter Iteration Method (Gal, 1979) to obtain the 

operating policy for a single reservoir in the Yangtze River basin, China. Zhang et al. (1991) 

describes the total cost function represented by equation (18) as the Remaining Benefit (RB) 

function. They write the optimization problem to maximize hydropower generation forward in 

time for two adjaccnt time periods j and j + I to facilitate computing the remaining benefit 

function. 

A set of operation rules can be defined by the following form: 

V,., = f(Vj,X,) Vj (21) 

To avoid greater number of variables associated with the vectors V and X, a remaining benefit 

function can be adopted and uritten with respect to Vj + i, which would defined by fewer 

variables. This minor change can considerably reduce the required computation time. This type 

of remaining benefit fiinctions are defined as the total expected benefit (vahte) returns from an 

arbitrary time period J to period oo. Zhang et al. (1991) assumed the benefit function (RB(,)) of 

the form: 

RBj(Xj,V,.,) = a,^V,., + b,^Xj + X7C,Vi., Vj (22) 

or, RBj = RB,(Xj,Vj.,) Vj (23) 

where parameters aj^ and b,^ are; x / column vectors and Q is a symmetric matrix. Xj and Vji 

are row and column vectors for inflows and water elevation, respectively. Equations (22) and 

(23) can be written for each of the n reservoirs in the system. Equation (22) has been shown to be 

equivalent to the Cost-to-Go function in DP. If that function is known, one can solve a real-time 
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problem by maximizing return for one or more periods plus the remaining benefit (RB) function 

at the end of the analysis period. The problem here then is to fmd the optimal benefit function 

value and its parameters. 

Alternate forms of Remaining Benefit (RB) Function 

In reservoir operation studies, optimal reservoir releases arc determined with a full 

knowledge of future inflows. In practice, reservoir operators must make decisions based on real

time information such as currcnt storage, strcamflow, and forecasted inflows from snowmelt. 

Only in systems with limited capacity for carr\'ovcr storage or regions with minor inter-annual 

climatic variation can operators come closc to the optimal long-term operation. Thus, end-of-

pcriod (carn'over) storage values arc often used to prevent excessive drawdown of aquifers and 

draining of surface reservoirs. 

The factors that may influence the carryover storage value can be taken into account 

rather efficiently using the Parameter Iteration Method. The method allows for adding additional 

terms (i.e., SOI, Nino-3 SST, annual strcamflow, previous month's strcamflow) as desired to 

quantify' the value of water remaining and in turn provide the operator with a better feel for the 

carryover storage. 

Equation 22 is the base remaining benefit function considered in this study. Three other 

forms have been tested numerically as described below. From knowledge on the optimum 

parameters of these functions and corresponding R* values, a fifth and last form of remaining 

benefit function is derived. Results on reservoir elevations (decision variable), releases and 

cany over storage are presented. 

Equation 22 represents a linear form of the remaining benefit function. Gal (1979) used a 

quadratic form that was suitable for the system considered. The authors have sought to 
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investigate the influence of such quadratic terms on the value of water and carr^'over storage. A 

suitable form then is 

RB,(Xj,VjH) = arVj.,+bj^Xj + Xi^£jVjM+dj^Vv,+ej^X-j Vj (24) 

where the quadratic forms of reservoir elevations (V) and last month's inflows (X) are added for 

brevity. 

The third form of the remaining benefit function carries information on Southern 

Oscillation Indices (SOIs) and Nino-3 Sea Surface Temperatures (SSTs) for the last three months 

for every optimization period. The discussion on streamflow forecasts later in this paper supports 

the fact that El-Nino docs play an important role (if not highly significant) on the water resources 

of Arizona, namely the SRP. When added to the base form of the function (equation 22), the 

remaining benefit function takes the following form: 

RBj (Xj, Vj.,) = a/ V,H + b/X, + X/£, Vj+ d/ Z SOI + Z SSI V j (25) 
lc=j k=j 

Long-term information like previous year's inflows can also be easily incorporated in the 

remaining benefit function. Notable annual serial correlations are observed (Table 2.7) at Uvo 

streamflow forecast locations. Instead of solving the optimization problems for each month, the 

problem can be efficiently solved over a 12-month period with the annual remaining benefit 

function as the Cost-to-Go. This approach is particularly relevant for systems that are operated 

on annual cycles or dominated by snouTnelt and targets are defined for end of summer conditions. 

The function takes the form: 

RB, (Xj, Vj. ,) = Vj., + bj^ Xj + Xj^ £j Vj., + d,^ 'z X^nnual V j (26) 
k=f 
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Considering the improvement on corresponding values (Tables 2.3-6, 2.8-9) obtained 

from multiple linear regression on the above functions, the function below is applied to the 

optimization scheme. 

RBj(Xj,Vj.,) = a7VjH+hrXj + X,^£,Vj.,+sj/ 1 SST Vj (27) 
k=j  

Remaining Benefit (RB) Function Update 

The original stochastic ma.\imization problem (Equations 1-8) can be implicitly solved 

using the RB function. Given a set of initial REj coefficients and a sequence of sNuthctic 

streamflow generated based on historical data, a sequence of single period deterministic 

optimization problems of the following form can be solved for\vard in time; 

Pj (Xj, Vj) = Ma.x [Nj (Vj, Vj.,, Xj) - {C (DEMAND^ - ^ Qi)} + RBj (XJ, .,)) (28) 
total 

The remaining storage from the previous period is used as the initial condition in the next. These 

deterministic problems are solved for every sub-period for each of N years of sjnthetically 

generated monthly streamflows (Bras and Rodriguez-Iturbe, 1985). The solutions to M(=I2) 

sub-problems per year are the samples of the random variables X, V, and P; 

{X,^ X:\ ... , Xm'}, ... , Vm'. .}, and {P.N P.'. ... , Pm'} 

k=l,2,...,N (29) 

These processes are assumed to be periodic with stationary ergodic propert\', or as stated in 

reservoir operations, the problem for a steady-state optimal policy is solved. Note that for the 

remaining benefit function canying information on annual inflows (equation 26), this 

deterministic optimization problem was solved over a 12-month period instead of monthly. This 

makes the optimization runs more time efficient even though the decision variables for every 
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month is considered simultaneously. Regardless, for the application system the end-of-the-

horizon (September) benefit remains the same. 

Assuming the benefits P are linearly correlated with X and V, then the parameter vector 0 

can be determined by 

12 monthly periods are used. Multiple Linear Regression (Haan, 1977) is used to obtain the 

benefit function parameters. Conventional optimization schemes arc also applicable. 

The value of the new remaining benefit function for any period j can then be defined as: 

The procedure is repeated for each month. Once the RB function is updated, the single 

period problems are again solved with the updated coefficients that may result in different 

policies and equation (31) is solved again for 6. This iterative procedure continues until the 

remaining benefit function cocfficicnts converge to stable values. Figure 2.1 is a flowchart of the 

parameter iteration method. The generated streamflows can have any statistical properties 

including temporal and spatial correlations. This approach used here is essentially that proposed 

by Gal (1979) with the linear remaining benefit function of Zhang et al. (1991). The advantage of 

using this form of a benefit function (expressed in terms of random inflows) is that it provides 

information on future inflows. 

Pj(Xj,Vj) = E(Pj)+0^ + e, j = l,2,...,M=12 (30) 

RB,(X„V,.,) = E(Pj)+ 0^ 

REAL-TIME IMPLEMENTATION 

In control thcor\' terms, two fundamental approaches can derive release policies 

(controls). The first is an 'open loop' strategy, where releases R(j) are specified for all time 
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periods j = 1, 2,..., Afat the beginning of an M-period planning horizon. The second approach 

is a 'closed loop' strategy (Bras et al., 1981), where the release R(j) is given as a function of the 

state of the system, to be observed at time period j. With these classifications, the parameter 

iteration algorithm of the previous section can be classified as closed loop. 

The solution from parameter iteration method can be used as a boundary condition for the 

optimization problem (Bras et al., 1981). If a single period forecast is made, one period problem 

can be solved to determine the release for the next period, i.e., if the lead-time (number of periods 

for which forecast is available with non-stationar>' properties) is known from a forecast model, 

the benefit (value) of water obtained from the parameter iteration method for the last period in 

real-time becomes the boundary condition. 

Extension to Probabilistic Multi-period Scenario 

If a short-term forecast is available, problem for several periods that optimizes equation 

(28) will not fully use that information. To incorporate forecast information a set of problems can 

be solved with alternative realizations of that forecast and the expected return for the next period 

determined (Figure 2.2). With probabilistic forecast, the objective function (Equation 28) for 

multi-period real-time optimization takes the form; 

NR St 

Max X N,(Vj,Vj.,,X,)-{C(DEMANDj-2; Q)} + RBm(Xm.,,Vm)}] 
/i=l j=l total 

VjS K 

j = 1.2,...M (32) 

The expectation, E{.}, is computed from an ensemble of streamflow sequences based upon 

forecasted statistics. Since a single decision is required for the next period (after the first period 

another problem will be formed) the set of problems are linked. The first-period decision is 
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common between forecast sequences while the decisions for remaining periods vary. Rather than 

solving one large problem, the problem is temporarily decomposed using Lagrangian relaxation 

(described in the next section). The remaining periods of the N sequences is solved 

independently in M sub-problems (denoted as sub-problem 2 to M+1, see Figure 2.2) using 

Nonlinear programming methods. 

The use of generated sequences for both the cost-to-go evaluation and real-time 

implementation maintains spatial and temporal correlation in the streamflows. SDP, on the other 

hand, can only consider lag-one temporal correlation and no spatial relationships. 

Lagrangian Duality - Temporal Decomposition Approach 

To solve for releases for the ensemble of streamflow sequences, a temporal 

decomposition approach is applied (Zhong and Lansey, 1992). The technique divides the original 

model into a finite number of smaller independent sub-problems (slave problems) that can be 

solved relatively quickly. The solution of the sub-problems must solve the original problem. 

Therefore, coordination between sub-problems is accomplished through a Lagrangian function. 

For demonstration, a detailed description of the methodology is presented below for the 

deterministic case for a unique single sequence of inflows. A summary is provided later for the 

probabilistic (expected return) case. 

For a single streamflow sequence (Figure 2.2), let Z: be a pseudo-variable that is defmed 

as a vector of water surface elevations at the beginning of period 2, where vector dimension 

equals number of reservoirs. Zz must equal to the ending water level for period 1 for each 

reservoir. Therefore, the constraints Vi = Z: are added to the model which, for deterministic 

(with unique sequence of inflows) scenario, takes the following form: 
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m M 
Max 2 Nj(Z:,V,,Yj)-{C(DEMANDj-2 Q,)} + m. (X„.,. Vm)] 

(1=1 ;=1 total 

Vj6 K 

j = l,2,...M (33) 

Subject to: V < Vj < V (34) 

Q < Q , < Q  ( 3 5 )  

Y < Y j < Y  ( 3 6 )  

V < Z) < V (37) 

Zj = Vi (38) 

G,(Z:,V,,Yj,X,)>0 (39) 

Note that only the new constraint. Equation (38), contains variables from more than one 

time period. As such, the problem can be decomposed by appending this constraint to the 

objective function, i.e., writing the following Lagrangian function: 

NR M af 
L= X N,(Z:,V,,Y,)-{C (DEMAND,-2; Q)} + RBm PCm-i, Vm)] + ^ 7t/(V,-Z:) 

n=l j=l total j=) 

(40) 

or, 

NR if 

L = Z f Z (DEMANDj - 2^ q)} + RBs, (Xm-i, V.v,) + tij^ V, - n/ z, 1 
n=I j=l total 

(41) 

or, 

L = f ;  L i  ( 4 2 )  
/=! 

where, 
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L, = ^ (Z:, V,, Yj) - {C (DEMAND, - Q,)} + RBm (Xm-i, Vm) + n/ V, - n/ Zz 
total 

(43) 

and >tj is the vector of Lagrange multipliers for each reservoir at theyth time period. The function, 

L, is defmed as the dual objective function and the original objective function, Z [Nj - {C 

(DEMANDj - ^ 0,)}+ RBm], is the primal objective fimction. 
total 

Zi, Vj, and Yj onl\' appear in the dual objective function and the remaining constraints for 

time period j. Therefore, the model is separable by time period with the objective function for 

cach period of the form of Equation (43). The solution approach is then to decompose the model 

by time period and solve each sub-problem for optimal Z, V, and Y. 

Solution Method 

Equation (38) is not an explicit constraint in the sub-problem and so there is no guarantee 

that it will be satisfied. If the proper set of multipliers, w, arc used, it can be shown that this 

equation will be satisfied and the overall optimum V* and Y* are attained for a concave original 

problem (Zhong and Lansey, 1992). To locate the correct values for tij, coordination 

(decentralization) among sub-problems is accomplished in a Master problem. The solution 

method can be viewed as a Uvo-level optimization (Figure 2.3). The Master and sub-problems 

and their solution algorithms are described next in detail. 

Sub-problems 

The form of the sub-problems is similar to that of the original problem with the addition 

of the pseudo variable, Zi 

MaxLj(Z2, V„ Yj) (44) 
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Subject to: V < Vj < V (45) 

Y < Yj < Y (46) 

V < Z, < V (47) 

Gj(Z:, V,,Yj,Xj)>0 (48) 

where,; = 1, 2,A/and Z.j(.) is given by Equation (43). The values of Lagrange multipliers are 

fixed by the Master module or the upper-level (Figure 2.3). The size of this problem is 

significantly smaller than the original one. The constraints, being both linear and nonlinear, 

represent the physical system. The decision variables are the initial and final water surfacc 

elevations, Vi and Z:, respectively, and the spills, Yj. The reservoir release can be obtained from 

the storage function, represented by the conservation of mass for each reservoir in the system. 

The time length of the sub-problem is, however, a tradeoff with the number of Lagrange 

multipliers and their convergence. As the sub-problem duration increases so does the solution 

time. On the other hand, the number of multipliers and the number of Master problem iterations 

decrease with number of sub-problems. 

Master Problem 

Given the optimal V, Z, and Y from the solution of a series of (lower-level) sub-

problems, the purpose of the Master problem (upper-level) is to update the Lagrange multipliers, 

Ji, toward their optimal values. The Master problem takes the form: 

M 
(49) 

with n unrestricted in sign 
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This unconstrained minimization problem is solved using the BFGS (Broyden-Flctcher-Goldfarb-

Shaano) quasi-newton Nonlinear programming update scheme (Nash and Sofer, 1996; Nocedal 

and Wright, 1999). A flowchart (algorithm) of the two-level temporal decomposition 

methodology is shown in Figure 2.4. 

The single sequence problem solution technique is easily extended to solve the problem 

for an ensemble of streamflows (Figure 2.2). In this case the vector dimensions considered are 

the number of reservoirs, number of streamflow sequences and the number of Lagrange 

multipliers. The problem size increases with number of sequences, N. 

APPLICATION 

The Benefit Function analysis and real-time decomposition methods were applied to the 

operation of the Salt River Project (SRP) six-reservoir system, under the present physical 

conditions (Table 2.1). 

The Salt River Project (SRP) is the nation's oldest and most successful multi-purpose 

reclamation development, providing a dependable supply of water and power for the greater 

Phoenix Valley (Figure 2.6). The project delivers water to 1.012e'square meters (250,000 acres) 

of land and electricity to approximately 325,000 customers (as of 1980). During 1977, the project 

sold 10.3 billion kilowatt-hours (kwh) of electricity; 8.6 billion were generated by the project and 

an additional 1.7 billion kwh were purchased from other utilities. The six Salt River Project lakes 

are a major source of domestic and agricultural water for metropolitan Phoenix and provide a 

varict)' of recreational opportunities. The keystone of this water storage and delivery system is 

Theodore Roosevelt Dam, which was completed in 1911. The project also operates a 1,300-mile 

transmission and distribution sj stem for deliver}' of water to users. 

The SRP reservoir system (Figures 2.6 and 2.7) is comprised of six reservoirs on the Salt 

and Verde rivers. The reservoirs collect runoff from a \s'atershed of more than 33670 square 
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kilometers (13,000 square miles). The present capacity of the Theodore Roosevelt Dam, the 

oldest and the largest, is approximately 1.632c' cubic meters (1323 KAF). This capacity is larger 

than the remaining reservoirs on the Salt and Verde combined. Three dams downstream of 

Roosevelt on the Salt River are; Horse Mesa Dam (Apache Lake), Mormon Flat Dam (Canyon 

Lake), and Stewart Mountain Dam (Saguaro Lake). Two dams on Verde River are: Bartlett Dam 

(Bartlctt Lake) and Horseshoe Dam (Horseshoe Lake). Granite Reef Dam at the confluence of 

Salt and Verde rivers diverts water from the storage system into the distribution canals. It has no 

storage capacit>'. 

SRP augments water deliveries with groundwater supplied by about 250 pumps 

throughout the salt valley. The wells have a seasonally var\ ing maximum capacity, that averages 

40 million m^ (300 KAF) per month. The water supply difference is made up by relatively costly 

groundwater pumping. System net energy production is difference between hydroelectric 

generation and the energy consumed by the groundwater pumping (Equation 1). Hydroelectric 

power is produced at six sites in the SRP reservoir and distribution system; four dam sites on the 

Salt river and hvo smaller low head facilities in the distribution canal network (not considered in 

this study). The combined generation capacit>' of the Salt-river dams is 229 MW, of which 89 

MW is conventional generation, and 140 MW is in the form of pumped storage (not considered in 

this study) (Hooper et al, 1991). 

The Verde-river reservoir system has smaller capacity compared to the Salt river system 

(0.38 billion m^ versus 2.08 billion m^) and average inflows (546e6 m' versus 951e6 m^). Two 

dams have no hydroelectric power generation capability. Current SPR policy is to release water 

from the Salt river reservoirs up to the turbine capacity (May-Sept) at Stewart Mountain Dam, 

then to augment if necessary with releases from the Verde river reservoirs. This policy assists in 

meeting water supply and peak energy demand. The Salt system is then shut down during 
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Octobcr through April. There is a 2.81 cms (100 cfs) minimum flow requirement (due to set 

water rights) downstream of Bartlctt dam. Release decisions arc made at the beginning of water 

\'ear (Octobcr-Septcmber) based on pre-set target total use (Table 2.2). When a release plan is 

determined, SRP uses detailed system simulation models to allocate water to various uses, to 

determine possible shortages, and to protect upcoming reservoir storage levels. Indian water 

rights arc treated as minimum release constraints, and SRP member deliveries as target release. 

SRP operates the reservoir system for the single objective of delivering irrigation water to 

SRP member lands and to contract water uses. By treating the water supply requirements as 

constraints, the authors have ma.\imizcd a «ef-power-gcncration objective function (Equation 1). 

Slream/low forecast 

A critical element of this stochastic optimization model is accuratc streamflow forecasts 

in particular long range forecasts that may be influenced by large scale climatic variability. 

Initially, the impact of ENSO on the Salt-Verde streamflows are studied using the Mann-

Whitne\' test and box plot using separate data sets based on ENSO indices. Following 

Ropelewski's (1986, 1987) classification of El Nirio and La Nina years, the annual flow 

observations for the Salt River basin was subdivided into two groups, either El Nitio and non-El 

Nifio or La Niiia and non-La Nifia. The Mann-Whitney test (Mechoso et al., 1992) was applied to 

examine the statistical significance of the differences between the tNvo groups. The null 

hypothesis of no statistical significant difference between El Niiio/La Nina and non-El Niiio/La 

Nina years is rejected in all tests at 5 % significance level. 

Furthermore, a box-plot analysis was carried out on the seasonal streamflows, PDSI, and 

precipitation of the Salt River basin to analyze the possible shift of response in the exceedence 

probability distribution of these hydroclimatic variables during the cold, normal, and warm SST 



92 

phases of the Nino 3 area in the Equatorial Pacific. From this analysis it was found that the ENSO 

signal has slight cfTects on Salt-Verde basins streamflow, precipitation, and PDSI. 

The area of analysis of sea surface temperatures was extended to the entire Pacific and 

spatial correlations for several lags were estimated beUveen SSTs and the Salt-Verde 

streamflows, using CLIMLAB2000 (1999). Two regions of high correlation are found: one in the 

Northwestern Pacific and the other in the Southern Pacific near Australia. Regional SSTs 

averaged over these Uvo zones are included in the set of predictors of streamflow. 

Stepwise multiple linear regression (Haan 1977) was then applied to develop streamflow 

forecast models. The independent variables are classified into three groups; 1) the global climatic 

indiccs such as SOI, PDO, SST on Niiiol+2, Nino3, Nino3.4, Niiio4, and the selected regions 

mentioned above, and the 400mb heights for 14 regions, 2) local hydrologic variables such as 

precipitation, winter snow water equivalent, and 3) the previous streamflows. Both monthly and 

seasonal climatic indices were used to develop a mathematical model for streamflow forecasts for 

different levels (12 windows) of seasonal aggregation, from annual to monthly. Each season has 

different starting month (beginning in October), while the ending month is always September 

(end of water year). As is expected, regression equations based on monthly indices gave better 

results. For the validation of the forecast model, a cross-validation technique was applied for 

models with selected independent variables. Both the calibration and validation procedures were 

developed in MATLAB. 

Finally seasonal forecasts were disaggregated into monthly streamflows. A multivariate 

disaggregation technique based on Valencia and Schaake (1973) was selected and applied in this 

stud)' because the streamflow data from the Salt-Verde River showed high correlation between 

two sites. The disaggregation algorithm structure follows that of Fisher (1999) and Koch and 

Fisher (2000) which is used to generate SN-nthetic streamflows. Further, the disaggregation 
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algorithm is subdivided into Uvo main components; spatial and temporal. Although it is possible 

to produce an algorithm that disaggregates spatially and temporally at the same time, the resulting 

size of parameter matrices can slow computational time in addition to producing suspect 

parameters. Therefore, in order to save computational time and produce and preserve only those 

statistics that arc realistic and desired, the spatial and temporal disaggregation models are 

developed independently and executed sequentially as needed. 

Figure 2.5 shows the conceptual algorithm given the expected inputs and outputs to the 

disaggregation block. Initially, some input data are needed regardless of which disaggregation 

schcmc is implemented. The "Key" series represents the historical scries of data in the form that 

is to be disaggregated. The "sub-series" represents the historical series of data in the form of the 

disaggregated output. For instance, a temporal model may disaggregate annual data into monthly 

data. The annual data is the "Key" scries and the monthly data is the "sub-series". The historical 

key and sub-series data are needed for each spatial and temporal model implemented. This 

algorithm has two main components. The first is the model fitting process. The second is the 

execution of the fitted disaggregation model. The model only needs to be fit initially to produce 

the parameters that are needed to execute the disaggregation block. Once the parameters have 

been found in step I, the disaggregation block can be executed given any forecast to produce 

sequences of streamflows. 

A total of 12 (Uvelvc) seasonal forecasts are generated (per stream/lateral flow) for 

October-September water year. An example follows: 

Seasonal forecast 1: October-September—12 months, starting October 1st 

" 2: Nov-Sep—II months, starting November 1st 
" 3; Dec-Sep—10 months, starting December 1st 
" 4; Jan-Sep—9 months, starting January 1" 

5: Feb-Sep—8 months, starting February 1" 
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11: Aug-Sep—2 months, starting August 1" 
12: Sep-Sep—I month, starting September 1" 

Once the seasonal forecasts are available (12 of them as above), each of the 12 is 

disaggregated to monthly expected values. For any year in the historical data, 12 seasonal 

forecasts arc to be disaggregated to monthly, generating 12 monthly flow sequences representing 

the windowed approach as above. Once the expected value of monthly forecast is generated, for 

ever>' year, n sequences are generated by adding random term vector in the forecast equations that 

arc based on stepwise multiple regression (Haan, 1977). The windowed approach allows the 

proper implementation of a set of windowed streamflow scenarios and to draw a comparison 

between the expected monthly return and the monthly return based on a unique sequence of 

streamflows. One objective of this study has been to investigate the number of random sequences 

neccssar\' for monthly expected returns to converge to stable values. Sample windowed forecasts 

with generated sequences arc shown in Appendix D. 

Remaining benefit analysis 

The next step to real-time implementation is to obtain the benefit of water at the end of 

the operating horizon. The remaining benefit (RB) function or Cost-to-Go analysis is applied on 

the three variable-head reservoirs: Roosevelt on Salt river, and Bartlett and Horseshoe on Verde 

river. The lower Salt reservoirs operate with level pool. Separate runs were performed using 

each of the remaining benefit function. For the base form (Equation 22), the parameter iteration 

method was applied for a 20-year period (240 sub-problems) and the optimum benefit function 

parameters for Roosevelt and Bartlett reservoirs were determined at IS"* iteration (Tables 2.3 and 

2.4). Tables 2.10-11 show the decision variable results. The run was completed on a Pentium 

400MHz computer with 64MB RAM, and took approximately 50 minutes for the benefit function 
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parameters to converge. Run-time increases to several hours with increasing number of 

sequences. Alternate forms of remaining benefit function runs were made for up to 80-year 

period depending on parameter convergence. Results on the decision variables for Roosevelt and 

Bartlctt dams are show in Tables 2.12-13. The carryover storage from these runs are sho\vn in 

Tables 2.14-15. The tables show January-September monthly elevations (decision variables) for 

all remaining benefit functions considered. For the application system a 60-year duration proved 

sufficient. Of coursc the decision on what duration to use is system dependent. 

Results on optimum remaining benefit function (RBF) parameters and corresponding R' 

values (for Roosevelt and Bartlctt) are tabulated in Tables 2.3-4 for the base RBF below 

(Equation 22 repeated); 

RB,(Xj,Vj.,) = a/VjH + bi^X, + Xj^QVj., Vj (50) 

A 20-ycar duration was applied with the base form of RBF above. As cxpccted, with increasing 

number of terms in the alternative form of these regression equations (equations 24-27) the 

duration to convergence of parameters increased to 60 years on the average. Results from the 

alternate form of RBF arc tabulated in Tables 2.5-6, and Tables 2.8-9. Higher R" value points 

toward the following appropriate form (Equation 27 repeated) of RBF for die application system: 

RBj (Xj, Vj.,) = ajWj M + bj^ X, + Xj^ C, V,., + d,^ Z SST V j (51) 
fc=/ 

Real-time implementation results 

The 12 windowed streamflow forecasts (Appendix D) for the Salt River system are used 

to set up the real-time optimization problem using the Lagrangian Duality. The remaining benefit 

(Cost-to-Go) from the last period (September) in the operating horizon is applied as a boundary 

condition for the real-time implementation. The coordination was performed using the Lagrange 
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multipliers for cach sequence, generating a vector of optimum multipliers. This method was 

applied for all the periods for as many periods in the windowed length. The decision variables 

(reservoir elevation) and corresponding water release decisions are presented in windowed tabular 

form in Tables (2.16-17) for Roosevelt and Bartlett reservoirs, respectively. Table 2.18 compares 

the expected monthly return and monthly return from a unique sequence (namely, the expected 

value forecast for May-September) in million dollars. The run for Table 2.18 was completed for 

Ma\ -Scptembcr windowed length. Similar comparisons can be made from other windowed 

lengths. Noteworthy, numbers in two columns shown in Table 2.18 are not comparable. These 

numbers would be comparable with those obtained from true streamflow values, but such true 

values do not exist. Returns are obtained using estimated streamflows (forecasts). Therefore, the 

question if optimization is optimistically biased (Hobbs and Hepenstall, 1989) cannot be tackled 

under the present conditions. The returns are expected to converge with increasing number of 

sequences, N. An experimental run shows this convergence in Table 2.19. 

Convergence of the dual and primal objective fimctions 

As a check to the successful performance of the Lagrangian Dualit>' principle, the dual 

and primal objective functions arc plotted in Figure 2.8. Lj is the value of the dual objective 

function, Np is the value of the primal objective function and Lo is the optimal value of the dual 

objective function. It is seen that the dual objective function gradually reduces to meet the primal 

objective function as iterations proceed. 

CONCLUSIONS 

A Nonlinear Programming (NLP) temporal decomposition model for multi-reservoir 

operations under hydroclimatic uncertainty is presented. While much effort have been placed in 
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developing an efficient method to incorporate the uncertainty in inflows and their spatial and 

temporal correlations in reservoir operations, very few approaches (e.g.. Dynamic Programming) 

use the benefit (Cost-to-Go) in a real-time implementation. The temporal decomposition 

approach presented in this work takes into account the value of water at the end of the operating 

horizon as a boundary' condition. It also leaves the decision-maker with the flexibility of making a 

first-period fixed decision, and let the decisions for next periods in the operating horizon vary as 

information (forecast) bccomes available. The parameter iteration method (Gal, 1979; Zhang et 

al., 1991) is used to approximate the value of the benefit function (or the Cost-to-Go). Although 

the annual serial correlations support the consideration of inter-annual inflows within the 

remaining benefit function (Equation 26), the correlations are not strong enough for the 

corresponding parameter to be significant (Table 2.8). This methodology is the foundation for the 

mcan-variance formulation developed and implemented in real time that considers spatial and 

temporal correlation in streamflows (Ahmed, 2001). 
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NOTATION 

/ = 1 ,  2 , « i n d e x  o f  r e s e r v o i r  

7 = 1, 2 , . . . ,  M index of time period 

0^ vector of parameters in remaining benefit function 

B reservoir configuration (connectivit>') matrix 

E(.) expectation 

H [Hij H:,... Hnjl^ vector of net water heads (elevation) 

M number of monthly periods 

N lower bounds of power outputs 

N upper bounds of power outputs 

N, [NijN:, ... Nnjl^ vector of power productions 

N streamflow sequence 

P ( , )  benefit (value of water) 

Q lower bounds of controlled reservoir releases 

Q upper bounds of controlled reservoir releases 

Q, [QijQ:j Qnjf vector of controlled reservoir releases 

RB remaining benefit function 

s. [Si, S:j... Snjf vector of water storage 

SOI Southern Oscillation Index 

SST Sea Surface Temperature 

V lower bounds of reservoir water levels 

V upper bounds of reservoir \vater levels 

V, [Vij V;j... Vnjr vector of reservoir water levels 

Vd [Vid V2d... V„(j]^ vector of downstream water levels 
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Xj [Xij X:j... Xnj]^ vector of direct inflows to reservoirs 

Y lower bounds of forced spills 

Y upper bounds of forced spills 

Yj [Yij Y:j... Ynjl^ vector of forccd spill 
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Tabic 2.1. Salt River Projcct (SRP) dams and lakes specifications 

Dam Lake Capacity 

(AF) 

Surface acreage 
when full 

(AF) 

Max depth 

(FT) 

Roosevelt Roosevelt 1,336,734 17,300 234 
1,591.800 19,200 249 

Variable head (modified) (modified) (modified) 
7 unit power plant 

15.800 kwatt 

Horseshoe Horseshoe 131,427 2,800 142 

Variable head 
No power plant 

Bartlctt Bartlctt 178,186 2,700 188 

Variable head 
No power plant 

Horse Mesa Apache 245,138 2,600 266 

Level pool 

3 unit power plant 
30.000 kwatt 

Mormon Flat Canvon 57.852 950 142 

Level pool 

1 unit power plant 
7,000 k^^•att 

Stewart Mt. Saguaro 69,765 1,280 116 

Level pool 
1 unit power plant 

10.400 kwatt 
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Tabic 2.2. Current Salt River Projcct (SRP) total use and groundwater pumping plan 

Month 

Total Use 
(Surfacc + Groundwater) 

AF(*1000) 

Groundwater Pumpagc 

AF(»1000) 

Octobcr 832 240 
November 885 260 
Dcccmbcr 920 270 

Januars' 10 5 

Fcbninrv 30 15 

Marcii 68 35 

April 154 65 

Mav 250 95 

June 360 125 

Julv 485 155 
August 617 180 

September 738 210 

Sourcc: Salt River Project (SRP), Phoenix, Arizona 



Table 2.3. Optimum remaining benefit function parameters for Roosevelt 
(using base RBF) 

- a 

Oct Nov Dcc Jan Feb Mar Apr May Jun Jul Aug Sep 

11.02 10.31 409.3 102.48 135.28 161.95 846.14 81.47 12.40 3.86 40.32 18.83 

-b 

36.98 0.78 73.35 5.20 35.48 11.72 44.83 20.52 27.06 0.36 0.10 2.48 

c 

18.44 0.43 37.20 2.80 17.91 6.06 22.83 10.41 13.56 0.20 0.16 1.30 

Remaining benefit function used; RBj (Xj, Vj«| ) = a/ Vj M + b/ Xj + X/ Ci V,., (equation 22) 

= 0.89971 



Tabic 2.4. Optimum remaining benefit function parameters for Bartlett 
(using base RBF) 

a 

Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep 

2.75e-2 2.10e-3 1.40e-l 1.20c-1 5.50c-2 5.I0C-2 7.70e-2 8.7IC-2 -2.20e-5 -1.74e-5 -1.50e-5 -1.30e-5 

b 

6.24e-2 9.90e-4 1 t 9.4le-4 I.34e-3 9.2c-4 2.52c-1 -1.41 l.OOc-3 l.OOc-3 9.99c-4 9.10C-4 

c 

-3.72e-2 1.57e-5 6.98e-2 4.37e-5 3.29e-4 3.13e-5 -O.J 5 0.85 -9.80e-8 -I.Olc-7 7.03C-7 4.49c-8 

Remaining benefit function used; RBj (Xj, Vj + j) = a/ Vj +1 + b/ Xj + X/ Cj Vj +, (equation 22) 



Tabic 2.5. Optimum remaining benefit function parameters for Roosevelt 

(using quadratic RBF) 

a 

Oct Nov Dcc Jan Feb Mar Apr May Jun Jul Aug Sep 

14.59 -26,92 32.36 -19.69 -53.54 -13.44 -44.04 -72.92 191.27 -0.85 41.14 -5.09 

-1.57 0.16 -0.07 0.033 0.18 -0.01 -0.02 -0.04 -0.75 -0.02 -0.18 0.07 

0.74 -0.09 0.02 -0.03 -0.10 -0.01 0 0.01 0.36 -0.01 0.08 -0.05 

7.10 13.81 -15.78 10.02 26.97 6.68 22.20 36.55 -4.66 1.37 -20.44 3.20 

0 0 0 0 0 0 0 0 0 0 0 0 

Remaining benefit function used: RBj (Xj, Vj + |) = gj Vj + i + bj Xj + Xj Cj Vj, i + dj V"j, i + Cj X'j (equation 24) 

= 0.98733 



Tabic 2.6. Optimum remaining benefit function parameters for Roosevelt 
(using SOI and Nino-3 SST) 

Oct Nov Dcc Jan Feb Mar Apr May Jun Jul Aug Sep 

-6.31 ^9^41 -1.59 -1.85 MS ^6^23 3^96 040 -4.37 r44 6?70 -1.75 

-6.05 I -9.98 I -1.34 I 0.86 I -25.86 | -19.98 | -47.34 | 35.39 | 33.44 | 0.79 I -5.87 | -i.29 

8.10 5.12 26.22 -0.24 13.15 10.36 24.03 -17.22 -16.49 -0.36 3.04 0.70 

3.40 -0.31 -7.15 0.56 -8.99 -8.46 -8.03 1.56 4.11 -0.55 -2.41 -1.22 

6.34 I -0.51 I 13.23 1 24.15 | -15.65 | 6.09 -31.82 -47.10 -0.30 -0.56 -5.55 -I.OI 

Remaining benefit function used: RBj (Xj, Vj +1) = a/Vj +1+ X/Cj Vj^ i +d/ ^2^ SOI + Cj^ SST (equation 25) 
k = j  k = j  

R- = 0.85901 



Tabic 2.7. Lag-1 serial correlation or autocorrelation cocfficicnts 

Location Oct Nov Dec Jan Feb Mar Apr Mav Jun Jul Aug Sep 

Verde •0.031 -0.139 0.183 -0.023 -0.033 0.062 -0.153 -0.046 0.027 0.144 -0.061 -0.059 

Salt + Tonto 0.221 0.052 -0.029 -0.082 0.070 0.024 -0.096 -0.102 0.049 0.019 -0.169 0.110 



Tabic 2.8. Optimum remaining benefit function parameters for Roosevelt 
(using intcr-annual streamflow information) 

a 

Oct Nov Dec Jan Feb Mar Apr May Jim Jul Aug Sep 

-22.18 -46.93 -35.62 -101.49 -199.91 -60.56 -7.69 36.64 -44.63 -5.76 -37.48 -13.13 

b 

-15.29 -9.99 -52.01 1.14 -26.34 -18.85 -46.69 30.26 32.79 0.79 -7.35 -1.29 

c 

7.73 5.13 26.55 -0.38 13.39 9.78 23.71 -14.65 -16.17 -0.36 3.77 0.70 

d 

-0.01 0 0.09 0.02 0.26 -0.07 -0.07 0 0 0 0 0 

Remaining benefit function used; RBj (Xj, Vj +1) = Vj ̂  i + bj^ Xj + Xj^ Cj Vj +, + d/ ^ X,^uj (equation 26) 
k = j  

R-= 0.91652 



Table 2.9. Optimum remaining benefit function parameters for Roosevelt 
(using Nino-3 SST) 

a 

Oct Nov Dcc Jan Feb Miir Apr May Jun Jul Aug Sep 

-108.21 -39.02 -43.66 -92.21 -38.17 -99.31 13.41 17.71 -50.78 3.22 38.62 -0.41 

b 

-15.91 -9.98 -51.24 0.82 -25.97 -20.58 -46.87 34.08 33.86 0.89 -4.96 -1.22 

c 

8.03 5.12 26.17 -0.22 13.20 10.65 23.80 -16.56 -16.70 -0.42 2.59 0.66 

d 

6.53 -0.54 10.52 24.17 -11.37 8.77 -8.23 -5.12 0.14 -0.69 -6.46 -1.11 

Remaining benefit function used: RBj (Xj, Vj +1) = Vj»i + Xj + Xj^ Cj Vj»i + d/ Y. 
k = j  

R-= 0.99727 



Tabic 2.10. Windowed monthly elevations (ft) for Roosevelt lake 
(using base RBF) 

Win// Oct Nov Dec Jan Feb Mar Apr Mav Jun Jul Aug Sep 
1 2011.56 2009.18 2011.60 2011.82 2014.15 2014.92 2014.97 2012.35 2002.47 2001.07 2013.15 2011.54 
2 — 2002.74 2001.33 2007.02 2012.21 2010.64 2011.54 2007.02 1998.20 2007.26 2015.32 2012.60 
3 — — 2031.48 2011.41 2013.16 2019.84 2013.32 2014.76 2005.78 1996.64 2007.77 2006.00 
4 — — — 2017.73 2014.37 2017.98 2014.56 2014.41 2008.24 2004.71 2013.32 2011.05 
5 — — — — 2021.29 2012.69 2018.74 2014.08 2008.15 2004.67 2014.86 2012.16 
6 — — — — — 2027.72 2010.59 2013.99 2007.48 2005.84 2013.55 2012.41 
7 — — — — — — 2007.65 2000.38 1994.24 2006.98 2013.03 2010.54 
g — — — — — — — 2004.11 1995.61 2004.59 2011.99 2008.40 
9 — — — — — — — — 2003.74 2004.30 2008.34 2004.47 
10 — — — — — — — — — 2002.11 2007.22 2005.73 
li — — — — — — — — — — 2011.39 2007.85 

RBj (Xj, Vj ̂ ,) = a/ Vj ̂ + b/ Xj + Xj"^ Q V,., (equation 22) 



Tabic 2.11. Windowed monthly elevations (ft) for Bartlctt lake 
(using base RBF) 

Win# Oct Nov Dcc Jan Feb Mar Apr May Jun Jul Aufi Sep 
1 1659.46 1658.58 1659.37 1659.68 1659.16 1659.47 1659.02 1659.82 1659.48 1661.07 1660.32 1658.92 
2 — 1660.02 1659.76 1659.63 1659.34 1659.71 1659.69 >659.97 1658.68 1660.12 1660.48 1660.20 
3 — — 1658.16 1660.01 1658.36 1657.99 1660.59 1659.69 1659.88 1661.38 1658.98 1659.25 
4 — — — 1659.40 1660.45 1660.27 1660.16 1659.23 1658.72 1660.20 1659.83 1660.14 
5 — — — — 1659.79 1659.49 1659.41 1660.54 1659.81 1660.18 1659.07 1659.74 
6 — — — — — 1659.61 1659.17 1661.63 1659.58 1660.68 1660.55 1659.80 
7 — — — — — — 1660.62 1659.14 1658.43 1658.19 1658.32 1659.84 
8 — — — — — — — 1658.95 1661.90 1658.35 1660.65 1658.81 
9 — — — — — — — — 1662.52 1657.65 1660.57 1660.49 
10 — — — — — — — — — 1660.49 1659.41 1659.04 
11 — — — — — — — — — — 1660.28 1660.07 

RBj (Xj, Vj. , )  =  aj'' Vj + , + b/ Xj + Xj"^ Cj Vj., (equation 22) 



Table 2.12. Windowed monthly elevations (ft) for Roosevelt lake 
(using Nino-3 SST) 

Win# Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep 
I 2011.33 2009.30 2011.63 2011.72 2014.12 2015.05 2014.97 2012.46 2001.93 2001.58 2012.67 2010.24 
2 — 2002.80 2001.19 2007.12 2012.08 2010.98 2012.09 2007.11 1997.33 2007.16 2013.64 2012.79 
3 — — 2027.16 2014.95 2013.15 2020.40 2014.46 2014.08 2005.56 1998.11 2007.58 2005.89 
4 — — — 2014.97 2015.13 2017.37 2015.52 2014.65 2008.32 2003.38 2013.19 2010.98 
5 — — — — 2016.33 2015.81 2016.28 2014.71 2008.59 2005.26 2014.24 2012.32 
6 — — — — — 2021.96 2015.21 2013.99 2008.04 2005.32 2013.43 2012.23 
7 — — — — — — 2007.43 2000.33 1994.03 2006.92 2012.96 2010.31 
8 — — — — — — — 2005.41 1997.35 2005.90 2012.54 2009.14 
9 — — — — — — — — 2002.95 2004.28 2008.05 2004.59 
10 — — — — — — — — — 2002.08 2007.26 2005.73 
11 — — — — — — — — — — 2011.33 2007.86 

RBj (Xj. Vj.,) = aj"^ Vj., + b^ Xj + Xj^ Cj Vj ̂ , + d/ ^ SST (equation 27) 



Tabic 2,13. Windowed monthly elevations (ft) for Bartlctt lake 
(using Nino-3 SST) 

Win# Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep 
1 1658.30 1658.75 1659.53 1659.57 1659.59 1660.34 1659.78 1658.18 1661.97 1661.77 1659.48 1658.86 
2 — 1659.46 1659.80 1659.60 1660.00 1659.50 1660.57 1657.97 1658.64 1660.90 1660.96 1660.06 
3 — — 1660.23 1659.21 1659.64 1659.26 1658.97 1657.99 1657.84 166047 1657.94 1659.58 
4 — — — 1659.71 1661.00 1660.32 1659.89 1659.66 1659.54 1659.12 1658.97 1658.73 
5 — — — — 1659.84 1657.73 1659.81 1659.12 1659.91 1659.74 1660.97 1658.45 
6 — — — — — 1661.77 1659.39 1659.66 1659.59 1662.49 1660.39 1659.74 
7 — — — — — — 1659.63 1659.59 1659.75 1660.33 1659.49 1659.57 
8 — — — — — — — 1663.08 1660.47 1659.96 1659.71 1659.58 
9 — — — — — — — — 1659.50 1659.79 1659.39 1660.99 
10 — — — — — — — — — 1659.14 1658.93 1165.91 
11 — — — — — — — — — — 1660.37 1669.89 

RBj (Xj, Vj^,) = Vj. , + b/ Xj + Xj^ Cj Vj., + d/ SST (equation 27) 



Table 2.14. Monthly elevations (ft) and carryover storage (billion (l^) for all RBFs 
(Roosevelt Lake) 

RBF Jan Feb Mar Apr May Jun Jul Aug Sep Carryover 
storage 

Eqn. 22 2017.73 2014.37 2017.98 2014.56 2014.41 2008.24 2004.71 2013.32 2011.05 2.78 
Eqn. 24 2016.40 2014.86 2017.47 2015.01 2014.29 2008.50 2004.79 2013.12 2010.95 2.77 
Eqn.25 2015.78 2014.89 2017.28 2015.24 2014.34 2008.48 2004.28 2013.16 2010.98 2.77 
Eqn. 26 2015.34 2015.05 2017.26 2015.21 2014.25 2008.36 2003.97 2013.17 2010.98 2.77 
Eqn. 27 2014.97 2015.13 2017.37 2015.52 2014.65 2008.32 2003.38 2013.19 2010.98 2.77 

RBF = Remaining Benefit Function (refer to corresponding equations) 

NJ ON 



Tabic 2.15. Monthly elevations (ft) and carryover storage (billion fl^) for all RBFs 
(Bartlett Lake) 

RBF Jan Feb Mar Apr May Jun Jul Aug Sep Carryover 
storage 

Eqn. 22 1659.40 1660.45 1660.27 1660.16 1659.23 1658.72 1660.20 1659.83 1660.14 0.241 
Eqn, 24 1659.01 1659.17 1659.09 1660.32 1658.54 1661.33 1659.30 1660.06 1659.95 0.241 
Eqn. 25 1659.21 1659.54 1658.21 1657.23 1659.86 1659.80 1657.23 1658.17 1660.08 0.242 
Eqn. 26 1660.86 1659.47 1657.23 1660.90 1657.18 1655.53 1658.24 1658.96 1658.69 0.242 
Eqn. 27 1659.71 1661.00 1660.32 1659.89 1659.66 1659.54 165912 1658.97 1658.73 0.242 

RBF = Remaining Benefit Function (refer to corresponding Equations) 



Tabic 2,16. Windowed monthly releases (billion cubic ft.) at Roosevelt dam 

Win# Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep 
1 — — — — — — — 1.199 0.510 0.556 1.240 0.720 
2 — — — — — — — 0.804 0.414 0.724 1.722 1.067 
3 — — — — — — — 2.077 0.630 0.377 0.818 0.704 
4 — — — — — — — 0.909 0.907 0.646 1.276 0.963 
5 — — — — — — — 1.062 0.902 0.600 1.283 0.859 
6 — — — — — — — 2.087 0.786 0.621 1.286 0.926 
7 — — — — — — — 0.501 0.285 0.613 1.263 0.806 
8 — — — — — — — 0.631 0.321 0.517 0.929 0.675 
9 — — — — — — — — 0.4320 0.631 0.985 0.704 
10 — — — — — — — — — 0.606 0.659 0.576 
11 — — — — — — — — — — 1.124 0.830 

Note: Salt system is shut down October through April 



Table 2.17. Windowed monthly releases (billion cubic ft.) at Bartlett dam 

Win# Oct Nov Dcc Jan Feb Mar Apr May Jun Jul Aug Sep 
1 0.616 0.745 1.018 0.902 0.912 1.345 0.902 0.417 0.311 0.421 0.774 0.549 
2 — 0.663 0.732 1.021 1.400 1.154 0.922 0.460 0.346 0.527 0.936 0.699 
3 — — 1.530 0.658 0.433 1.514 0.855 0.361 0.262 0.304 0.600 0.500 
4 — — — 1.434 1.484 1.774 1.505 0.534 0.349 0.402 0.714 0.606 
5 — — — — 1.030 1.348 1.315 0.504 0.340 0.372 0.699 0.560 
6 — — — — — 1.939 1.052 0.489 0.348 0.417 0.687 0.527 
7 — — — — — — 0.660 0.387 0.291 0.568 0.907 0.655 
8 — — — — — — — 0.338 0.282 0.477 0.701 0.556 
9 — — — — — — — — 0.304 0.430 0.524 0.518 
10 — — — — — — — — — 0.435 0.509 0.543 
11 — — — — — — — — — — 0.665 0.581 



Table 2.18. Monthly system return from power production (May-Scptcmbcr Window) 

Month 'E.xpccted Monthly Return **Monthly Return 
(million $) (million $) 

May 31.32 34.54 
June 37.70 40.76 
July 42.87 43.28 

August 19.04 17.58 
September 16.47 19.92 

Note: Salt system is run May-September 

Obtained from forecast sequences 
** Obtained from a unique sequence of streamflows (expected value forecast) 



Tabic 2.19. Convergence of monthly system expected (in Million $) return with increasing number of forecast scqucnccs, N 
(May-September Window) 

Month N= 11 
(base) 

N = 20 N = 60 

May 31.32 30.05 30.03 
June 37.70 35.68 35.29 
July 42.87 41.97 41.63 

August 19.04 18.34 18.32 
September 16.47 16.14 16.02 

Note: Salt system is run May-September 
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Figure 2.8. Convergence curve plot: The ratios of the dual objective function value (/,j)/optinial value 
(Lo) and the primal objective function value (Np)/optimal value (Lo) versus the iteration number 
for the BFGS update scheme. 
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Mean-Variance Model for Reservoir Operations 
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Meitn-Variance ModeJ for Reservoir Operations 

Iftckhar Ahmed, and Kevin E. Lansey (1) 
(1) Department of Civil Engineering and Engineering Mechanics 

The Universit>' of Arizona, Tucson, AZ 85721 

ABSTRACT 

Traditional optimization algorithms offer several stochastic models for planning and 

operation of reservoir systems. These optimization models are based on deriving a release policy 

that optimizes a given objective. Such approaches do not account for the fact that the release, 

which is a function of the random inflow, thus a random variable itself, may have a distribution 

with different variability on the available forecasts. In this paper, it is desired to minimize the 

variance of the objective (expected return) to obtain a robust operating (release) policy. The 

paper presents a mathematically sound mean-variance formulation, implemented in real time that 

considers spatial and temporal correlation in streamflows. The foundation of the formulation 

presented is rooted in stochastic portfolio optimization scheme of Markowitz (1959). The 

variance-constrained problem is solved by the penalty fimction approach in which a series of 

constrained problems are solved using penalized relaxations. A Multiplier-based penalty 

approach is used (Powell, 1978). 

To implement the mean-variance formulation, the uncertain benefit (cxpected value of 

water) at the end of the operating horizon is quantified using the parameter iteration method 

(Zhang et a!., 1991). From a multivariate regression analysis the correlation in the parameters of 

the benefit function of an assumed form is obtained and introduced in the variance structure for 

the last period in a windowed operating horizon. The model is applied to the Salt River Project 

multi-reservoir system in Arizona with power production objective. 
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INTRODUCTION 

Accurate strcamflow forecasts yield better operational planning of reservoir systems. 

Rcscr\'oir operation decisions, in particular, can take advantage of improved forecasts, by 

allocating storage and releases in anticipation of likely events. For example, in fall of 1997, 

aware of the impending El Nino/Southern Oscillation (ENSO), the Salt River Project (SRP) of 

Phoeni.v, Arizona began supplying consumers from their surfecc water reservoirs rather than from 

groundwater sources. The decision was based on the likelihood of high flows oflcn associated 

with ENSO conditions but was not based on quantitative forecasts. The risk involved the 

potential of not being able to refill the reservoirs in the spring. Their decision was succcssful 

with higher than average snowfall that brought reservoirs to acceptable levels. The result is a 

long-term gain in overall aquifer storage and on the order of million dollars in reduced pumping 

costs. Additional lead-time and more accuratc forecasts of the influence of ENSO can further 

improve their operation policies. 

The likely performance of water resource systems is often described by the mean and 

variance of benefits, pollutant concentrations, or some operating variable. This paper develops a 

mean-variance nonlinear programming (NLP) model that captures particular aspects of possible 

system performance under variable real-time forecasts. The model is flexible in its application in 

power production and water supply objectives for reservoir system. 

A conceptual representation of the reservoir management problem is shown in Figure 3.1. 

Flows enter the reservoir and releases are made at all times. At a certain time, to, a decision must 

be made regarding the volume of water that should be released. Sj stem operators make decisions 

based on information on fliture inflows and present and future benefits. The benefits (value of 

water at the end of a period or the Cost-to-Go) from releases are usually assumed to be 
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dctcrministic (Gal, 1979) and thus the major source of uncertainty are the inflows. Both the 

inflow pattern and benefits have significant impact on the release decisions over time. 

Two important links in the operation diagram are the prediction on benefits and inflows. 

These, together with information on the state of the reservoir, constitute the infonnation input to 

the decision-makers and fully determine the release decision. The flow diagram assumes 

compatibilitN' between information and the decision-makers are able to use all information that is 

available. This information can take on varying forms and span different periods. In this work, 

the hydrologic input (strcamflow) is considered as a random process. This means that even the 

best forecasts can not fully determine the future behavior of the streamflow and is an important 

starting point in the theoretical considerations that follow. 

Consider the inflow into a reservoir for which we have 20 years of daily data and a better 

reservoir operating rule is to be devised. A reasonable procedure is to estimate the correlation 

coefficients, p of a lag-1 Markov model of the following form (Bras and Rodriguez-Iturbe, 1985) 

and use the Markov model as the predictor (Figure 3.1). 

Q..J = + Pj (OJ/CTJ.,)(Q,j.,-HJ.i) + E,HI (1-/^-)"^ (1) 

where, Q,, is the streamflow in the /th year and yth time period; n and a are the mean and 

standard deviation, respectively; p \% the lag-1 correlation coefficient, and E is the random number 

with zero mean and a standard deviation of 1 (for normally distributed streamflow distribution). 

The first problem that arises is the choice of time interval used for the Markov model. 

One might want to use several interval lengths because different hydrologic processes might be 

correlated over different time spans. Here, let us assume a daily lag-one correlation coefTicient 

has been estimated. In this estimation process, several structural assumptions can or should be 

made. To avoid having to work with 360 correlation coefficients (one for each daily transition of 

the year), one can reasonably assume that the process from day-to-day doesn't change over a 
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weekly or monthly period so that only 52 or 12 coefficients need to be estimated. A more 

accurate estimate is also possible becausc more data is available for each estimation. The 

estimated Markov model can thus be used to predict future daily inflows. 

The prediction variance in this example is the residual variance associated with the 

Markov model. The forecast equation (I) is estimated from streamflow data of many different 

days that are assumed to represent equal processes. However, this is never true since for a 

particular day in one year, a flood wave might be in progress and in another year on the same day 

a flood wave might have passed and thus the river may be in the period of recession flow. In the 

first case, the estimated prediction variance is too small and in the second, it is large. This 

e.Nample shows the shortcomings inherent in the use of only historical information. Clearly more 

information is desirable and sometimes needed, as in the case of the flood conditions. 

In many cases information other than that contained in the historical example can be 

provided. One might suggest building a physical model of the groundwater recession flow. This 

may be quite complex, depending on present groundwater levels that arc a function of the 

situation before and af^er the flood wave. If the region is quite large, this task becomes 

computationally infeasible for a model. 

In view of the example, two general classes of information can be identified. These may 

be termed "a priori" (or statistical average) and "real-time" information. With "a priori" 

information, the future behavior of a process can be predicted based on an average knowledge of 

the past. This information is most conveniently given in the form of a variance reduction of the 

future prediction. An important point is that to a large extent the information is independent of 

the particular flow characteristics of the river at the time the prediction is made. 

The technique most often used to extract "a priori" information is regression analysis. 

The term "statistical average" can be used to indicate that one must average over possible non-
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stationarities in the system to obtain the information. A certain period of observation is needed to 

extract this information, and during that observation period the system might be non-stationary. 

Also the system behavior might deviate in the future when the information is used for forecasting. 

"Real-time" information describes essentially all other available information on the future 

behavior of the streamflow seen from a particular point in time. It can be based on past 

experience or particular observations at current time. Subjective judgement and intuition also fall 

in this information class. The main features are that real-time information is not explicitly 

extracted from average knowledge of the past and that it is only available at the particular point in 

time and results from the state of the system at that point. Because of our limited knowledge of 

the hydrologic system, the stochastic nature of the system and the existence of possible non-

stationaritics, real-time information will always be available. 

The development of a flexible mean-variance optimization algorithm for long-term 

(monthly) reservoir operations that can incorporate information is the primarv' goal of this paper. 

The addition of a variance constraint in the traditional chance-constraint form seeks to minimize 

risk by maximizing return. The formulation allows autocorrelation between streamflows (inputs) 

in the stochastic planning reservoir systems (Srinivasan and Simonovic, 1999; Srinivasan and 

Simonovic, 1994). Long-term forecasts arc based on global events such as the El-Nino Southern 

Oscillation Index (ENSO) and the Pacific Decadal Oscillation (PDO). The optimization 

algorithm is able to utilize the available information (in terms of forecasts) such that the variance 

in power production (therefore, water release decisions) at dam sites can be reduced while the 

objective is achieved. The next sections provide brief background and discussion on algorithmic 

development of an operation model that is rooted in the field of stochastic portfolio optimization 

in finance theory. 
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BACKGROUND 

The vast research in reservoir operations have been reviewed by several scholars 

beginning early 1980s: Yakowitz (1982), Ych (1985), Wurbs et al. (1985), Esogbue (1989), and 

Wurbs (1991). Yakowitz (1982) presented a survey that reviews d>'namic programming (DP) 

models for water resources problems (namely, reservoir operations), and examines computational 

techniques which have been used in literature to obtain solution to these problems. Yeh (1985) 

did an extensive review of the state-of-the-art mathematical models developed in the for reservoir 

operations, including simulation. The highlights of recent research in reservoir operations are 

several modified forms of the dynamic programming technique under deterministic and stochastic 

scenarios. 

The uncertainty in streamflows (inputs) can be incorporated within an optimization 

model either implicitly or explicitly. In an implicit model, the uncertainty in inputs is 

incorporated through scnsitivit>' analysis where optimization is performed with different scenarios 

of uncertain data to evaluate their impact on the operating policy (Gr^'gier and Stedinger, 1985; 

Pereira and Pinto, 1985; Reznicek and Simonovic, 1990). Whereas, in ,in explicit model, the 

uncertainty in inputs is incorporated directly in the model formulation. 

Widely used explicit approach for modeling reservoir systems with, for example, 

hydropower generation objective, is the stochastic dynamic programming (SDP) (Bras et al., 

1983; Stedinger et al., 1984; Trezos and Yeh, 1987; Foufoula and Kitanidis, 1988; Braga et al., 

1991). Yeh (1985) quotes the advantages of the djuamic programming formulations: 1) 

nonlinear features, which characterizes a large number of water resources systems, can be 

translated into formulation; 2) the formulation can effectively decompose highly complex 

problems with a large number of variables into a series of sub-problems which are solved 

recursively. Yakowitz (1982) pointed out that for an optimization problem with a separable 
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benefit function, it is theoretically possible to obtain a solution with the methods of stochastic 

djTiamic programming. 

Unfortunately, the traditional stochastic dynamic programming (DP) approach is not 

flawless. "Curse of Dimensionality" has been an outstanding problem with DP. Kclman et al. 

(1990) developed a sampling stochastic d>'namic programming (SSDP) algorithm that is mostly 

free from these flaws. Setting aside the better representation of the temporal and spatial 

streamflow distributions, it seems that sampling stochastic dynamic also suffers from the other 

problems associated with the traditional SDP approach such as large computational requirement. 

Ba\ esian methods are one w ay of dealing with the uncertainty in many planning studies. 

Davis et al. (1972) and Benjamin and Cornell (1970) review the basic methodology. Keeney and 

Raifa (1976) combined Bayesian analysis with multi-attribute utility thcor>' and their analysis can 

incorporate the variability in system performance and uncertainty in planning parameters with a 

single decision maker's attitude toward risk. Examples of the use of multi-attribute utility theory 

in water resources planning arc given by Keeney and Wood (1977), Goicoechea et al (1979) and 

KrzNsztofowicz and Duckstein (1979). Unfortunately, there are several drawbacks to this 

methodology. The method requires the development of a utility function that incorporates a 

decision maker's tradeoffs between competing system attributes and also their attitudes toward 

risk. Not only is such a function very difficult to construct for a single identified decision maker, 

but such a function will probably not reflect the priorities of all groups having significant 

influence on the decision making process (Hashimoto et al., 1982; Loucks et al., 1981). 

Karamouz and Vasiliadis (1992) proposed a model, called Bayesian stochastic dxiumic 

programming (BSDP), to generate optimal reservoir operating rules. This model includes inflow, 

storage, and forecast as state variables, describes streamflows with a discrete lag-one Markov 

process, and uses Bayesian decision theory to incorporate new information by updating the prior 
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probabilities to posterior ones. This continuous updating significantly reduced the effects cf 

natural and forecast uncertainties in the model. Unfortunately, none of the e.xisting mathematical 

models consider the variabilitv' (under uncertainty) in real-time forecast to explicitly minimize 

variance in expected return. 

Advocated here is the inclusion of response variance-related system performance criteria 

within analysis of alternatives in hydroclimatic forecasts. Traditional reservoir optimization 

models arc based on deriving a release policy that optimizes a given objective. Such approaches 

do not account for the fact that the release, which is a function of the random inflow and thus a 

random variable itself may have a distribution with different variance measure based on the 

available forecasts. It may be desirable to minimize the variance of the objective to obtain robust 

operating (release) policy. 

The underlying concept of this approach comes from the field of stochastic portfolio 

optimization in fmance theory. The usefulness of optimization methods in portfolio management 

has been recognized sincc the 1950s, cf the Markowitz mean-variance model (Markowitz, 1959). 

Hirschlcifcr (1965) writes: "Investment is, in essence, present sacrifice for future benefit. But the 

present is known, whereas the future is always an enigma. Investment is also, therefore, certain 

sacrifice for uncertain benefit." The discrete time djTiamic features and the uncertainty (modelled 

as random) inherent in investment leads to the area of stochastic programming. In light of 

Hirschleifer's statement, the challenge is to reduce the variance in return of a present investment. 

Consider the following objective function (Markowitz, 1959): 

where, k is the current asset; x^ is the units of asset k, and is the return of asset k, and Var 

(^ Xk ) = risk. Here one would like to maximize the return such that the variance in return 

(2) 
k k 

k 
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can be reduced, i.e., seeking a risk aversive behavior. To be consistent with units in equation 2, 

standard deviation of return can be used instead. However, for the penalty approach implemented 

in the optimization routine, this matter is not crucial. Markowitz's (1959) work points toward 

common usage of this combined form of units (equation 2). 

Similar mean-variance type models have recently been applied in engineering fields. For 

example, in transportation engineering, one is interested to fmd the optimal travel path (route-

generation) with least travel-time. Traditional methods of route generation are based on choosing 

routes that minimize cxpected travel-time between origin and destination. Such approaches do 

not account for the fact that travelers often incorporate travel-time variability within their 

decision making. Thus, routes with lower travel-time variability are preferred by some travelers 

even if the route is not one with the lowest mean travel-time. Such traveler behavior is best 

captured by a multi-objective model in which the choice of a route is based on the mean as well 

as the variance of the path travel-time (Sen et al., 2000). 

The existence of uncertaintv' in reservoir operations has long been recognized. The 

streamflow being the stochastic parameter, the state (storage) and control (release) parameters are 

also stochastic. Therefore, variabilit\' in reservoir release decisions is expected. Researchers 

have studied the value of considering autocorrelation between streamflows (inputs) in the 

stochastic planning reservoir systems (Srinivasan and Simonovic, 1999; Srinivasan and 

Simonovic, 1994; Kim and Palmer, 1997). Srinivasan and Simonovic (1999, 1994) present 

reliabilitv' programming (RP) formulations that offer a family of explicit stochastic models for 

planning the operation of complex water resources systems (namely, reservoirs). The authors 

note that these RP models use cumulative probability distributions of the sum of inflows to 

characterize their variability in the planning period. Due to the assumption of independence 

between inflows in different time periods lead to the derivation of conservative operating policies. 
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The authors have identified the impact of considering autoconelation bet\vecn inflows on the 

rcliabilit}' programming (essentially linear programming) models and provide examples for 

hydropower generation problems in reservoir operations. 

With the advent of faster computers, the combination of nonlinear programming (NLP) 

tools and the mathematics behind the mean-variance formulation, as presented in this paper, can 

be viewed as an attractive feature in reservoir operations under hydroclimatic uncertainty. Not 

only docs the structure of the problem remains quadratic for hydropower generation and water 

supply objectives, but the formulation also allows for direct consideration of spatially and 

temporally correlated inputs. With the prediction on benefits (Gal, 1979) (expected value of 

water in storage at the end of a simulation period) and real-time forecast of inflows (Ahmed, 

200!) available, the formulation presents a less conservative approach to reservoir operations. 

These, together with information on the state of the reservoir, constitute the information input to 

the decision-making unit and f\illy determine the release decisions and their variability. The next 

sections develop the algorithm for the mean-variance model and a windowed dynamic solution 

approach for reservoir operations in real-time considering spatial and temporal inflow 

correlations. 

PROBLEM STATEMENT 

The formal statement of the optimization problem is to maximize the total energy 

production over the long term from a multi-reservoir system containing n reservoirs. The 

reservoir releases are made primarily to produce energy. The releases are limited to satisfy 

conservation of mass within each reservoir and the physical and technical limits on the system. 

These constraints include limits on reservoir capacity, power production and release. 

Mathematically, this stochastic problem may be written with respect to the reservoir stages as: 
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m M 
Max ^ E[5; N,(XJ,V,)-{C(DEMANDJ.5; Q,)}] j=l,2,...M (3) 

Subject to; V < Vj < V (4) 

(5) 

Y< Y< Y (6) 

N < Nj < N (7) 

S(V,) = S(V,.,) + X,-B(Q, + Yj) 

DEMANDj > 2 Q, 

(8) 

(9) 
total 

V > 0  (10) 

where j denotes the time index, and E(Nj) is the expected total power production over the entire 

system at /-th time period of a total of M periods, DEMAND is the total system demand, and C is 

the cost per kilowatt-hour energy. Xj is the stochastic inflow vector, and V,, Yj, and Qj arc 

vectors of water elevations, reservoir spills, and reservoir releases, respectively. Nj is the vector 

of power productions. Reservoir storage, S can be described as a function of the water surface 

elevation, V (decision variable vector). The system configuration is defined by the connectivity 

matrix B. 

The objective function. Equation (3), is the summation of the energy production over the 

time horizon. The {(DEMANDj - ^ Qj) C} term is essentially the water supply objective. 

Equations (4) through (7) impose bounds on the water levels, spills, reservoir discharge and 

power production for each period. Equation (8) is the conservation of mass relations for a generic 

system. 

total 
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If the power coefficient and efficiency are omitted, the total power generation from the 

system during any time period may be expressed as: 

Nj = Q/Hj (II) 

where Hj is the vector of average water surface elevations during period J that can be 

approximated by: 

Hj=(Vj., + Vi)/2-V, (12) 

In the above expression, Vj _ i are the water levels in the reservoirs at the end of the j-1 time 

period. Va is the water surface elevation at the outlet of the power-house and is defined as the 

downstream reservoir elevation or a constant value. If a level pool exists, Vj can be described as 

a function of the upstream releases: 

Vd = V,(Qj + Yj) (13) 

Using equations (8) and (12) and neglecting evaporation (for the sake of derivation) and seepage 

(not considered in the study) losses, equation (11) can be rewritten as: 

Nj = [A(S(Vj.,) - S(V,)) + AXj - Y/ [(Vj., + Vj)/2 - Va] (14) 

where A = B ', or 

H = N,(Xj,V,.,.V,) (15) 

Therefore, Nj is nonlinear function of two adjacent time period water elevations and present time 

period inflows. Similarly, constraints (6) and (7) can also be written as functions of V and X in a 

general form as: 

Gj(X„V,.,,Vj)>0 (16) 
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MEAN-VARIANCE FORMULATION 

Stochastic mathematical programming solutions may correspond to either one critical 

hydrological scenario or usually result in the assessment of some sort of mean behavior of the 

system. Then why not apply a mean-value problem? The variability and uncertainty of the 

hydrologic input (streamflows) makes it a daunting task to identify the resulting variability in the 

model output (water release) as high, medium or low. In operations research, many engineering 

applications arc experienced where one can, by brute force, identify' uncertain model parameters 

(e.g., demands) as being within a range from low to high. But none of these models can actually 

tackle the real problem of variability in the parameters. With the variance and the power function 

being continuous, the following two formulations are proposed; 

Ma.x[E(.) 1 Var(.)<a] (17) 

and, 

Min[Var(.) I E(.)>pl (18) 

where, a and P arc the tolerance levels on the variance [Var (.)] and the expectation [E(.)] of the 

return respectively. Increasing this tolcrance level allows for a sparse distribution of response 

and vice versa. The choice of the tolcrance level is up to the user. As discussed eariier, 

formulation (17) and (18) take into account the variability in model response within an 

optimization framework, and thus eliminates the possibility of any misinterpretation by the 

operators of a reservoir system. Equation 17 is implemented in this work. 

Variance estimation 

The First Order Second Moment (FOSM) analysis can efficiently and accurately estimate 

the variance of model output given uncertainty of the model input. The FOSM estimates are 

found by approximating a function, for example equation (13), with a Taylor series expansion 
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around the mean value of the parameters and dropping higher order terms (Benjamin and Cornell, 

1970; Mays and Tung, 1992). The first order approximation to estimate Var(N) is: 

d E i N )  ^  d E { N )  
Var(N) = [ f Cov(X) [ ] (19) 

oX oX 

where N is the power function represented by equation (13), X is the uncertain input or 

streamflow and Cov(A) is the covariance matrix of the uncertain parameters. Equation (19) 

provides a matrix of variance values that define the variance of the expected return, in this case 

the power generated from the system, and the covariances of streamflows between operation 

periods, i.e., at different lags. Regardless of the form used (variance or standard deviation) for 

the chance constraint, the approximation on variance and standard deviation in this paper takes 

the form (in case of variance): 

Var(N)= S Var(x,)(20) 
/=1 

where, N is the number of forecasted streamflow sequence, and N the power function. Similar 

expression can be written for standard deviation, which is simply the square root of the variance. 

The algorithm developed in this work tackles the multivariate nature of problems in 

hydrologic river-basin studies. In general, river basin planning involves development of multiple 

sites, all of which are naturally related. Reservoir operation cannot be independent of other 

impoundments in the same river network. Streamflow is usually sampled at discrete, related 

locations. Therefore it is necessary to jointly consider data from the various stream gages. The 

lag-0 covariance, M°, in stochastic parameters, X, can be expressed as (Bras and Rodriguez-

Iturbe, 1985): 

M° = £:[X(t)X^(t)l (21) 

or in matrix form, for n sites, the lag-0 covariance matrix takes the form: 
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Pxx 0"x fx 

M'' = (22) 

Pxr O'x <''r ' •*i'» -"i *» 

Similarly, the lag-1 covariance, M', can be mathematically represented as the following: 

M'=£[X(t-l)X^(t)I (23) 

or, in matrix form: 

P o" • Pxx'^xO'x ' *l'n *1 '« 

M' = (24) 

Thus, for w time periods, the spatial and temporal covariance matrix, Cov(X), takes the following 

matrix form: 

Cov(X) = 

M 
«-! 

(25) 

K 
where the superscripts represents the lag, and subscripts refer to the site identification number. 

It should be noted that M° is a symmetrical matrix, but M' is not. The elements of the 

matrices (21) and (23) are computed using traditional estimators. Numerical stability and 
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consistency require some care in defming sample statistics. The following estimators are applied 

as suggested in Bras and Rodriguez-Iturbe (198S). 

If there are N observed years and X is the matrix of historical (observed) values of the 

streamflows at lag-0, then X is an M X AT matrix. Defining Y as the matrix of historical (observed) 

values of streamflows at lag-1, for jV years the matrix Y is also w x M Noteworthy, Y is the same 

as X lagged by one month. Therefore, N + 1 years of data are actually required. The sample 

estimates of M° and M' are then 

lVIo=—XX^ (26) 
N — 

and 1VI' = —XY^ (27) 
AT 

THE BENEFIT OR COST-TO GO (BELLMAN) FUNCTION AND 

REAL-TIME IMPLEMENTATION OF THE MEAN-VARIANCE PROBLEM 

The Benefit Function 

In order to implement the mean-variance formulations (Equations 17 and 18), it is 

essential to quantify the uncertain benefit (value of water) at the end of the operating horizon. A 

parametric approach suggested by Zhang et al. (1991) is applied to obtain the benefits from each 

of the operating periods. Ahmed (2001) provides details of RB development. From multivariate 

regression analysis the correlations between the benefit fiincticn parameters arc obtained. These 

correlations are introduced in the variance structure for the last period in the operating horizon. 

Noteworthy, the variance structure only needs modification for the last period in a real-time 

implementation. 
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The formulation represented by equations (3-10) can be rewritten without much effort for 

two adjacent time periods J and J + 1 to fiiciiitate writing the benefit ftjnction for the parameter 

iteration method (Zhang et a!., 1991) forward in time horizon. 

A set of operation rules can be defined by the following form: 

Vj.,=f(Vj,Xj) Vj (28) 

To avoid a possibly large number of variables associated with the vectors V and X, a simple 

remaining benefit function is assumed to be only a function of Vj + i and the present inflow Xj. 

This assumption can considerably reduce the required computation time. This npe of remaining 

benefit functions are defined as the total benefit (value) returns from an arbitrary time period J to 

period oc. The benefit function (RB(,)) is assumed to have the form: 

RB,(X„V,M) = aj"'Vj.,+b,^X, + Xj^C,VjH Vj (29) 

or, RB, = RBj(Xj,V,.,) Vj (30) 

where parameters aj\ bj^ are j x I column vectors and C, is a symmetric matrix. Xj and Vj m are 

Ix ] row vectors for inflows and water elevation, respectively. Equations (29) and (30) can be 

written for each of the n reservoirs in the system. The problem is then to find the optimal benefit 

function value by updating the parameters. 

Alternate forms of Remaining Benefit (RB) Function 

In reservoir operation studies, optimal reservoir releases are determined with a full 

knowledge of future inflows. In practice, reservoir operators must make decisions based on real

time information such as current storage, streamflow, and forecasted inflows from snowmelt. 

Only in systems with limited capacity for carryover storage or regions with minor inter-annual 

climatic variation can operators come close to the optimal long-term operation. Thus, end-of-
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period (carnovcr) storage values are often used prevent excessive drawdown of aquifers and 

draining of surface reservoirs. 

The factors that may influence the carryover storage value can be taken into account 

rather efficiently using the Parameter Iteration Method. The method allows for adding additional 

terms (i.e., SOI, Nino-3 SST, annual streamflow, previous month's streamflow) as desired to 

quantify the value of water remaining and in turn provide the operator with a better idea for the 

carr\'over storage value. 

Equation 30 is the base remaining benefit function considered in this study. Tltree other 

forms have been tested numerically as described below. From knowledge on the optimum 

parameters of these fijnctions and corresponding R" values, a fifth and last form of remaining 

benefit function is derived. Results on reservoir elevations (decision variable), releases and 

carr\'ovcr storage arc presented. 

Equation 30 represents a linear form of the remaining benefit function. Gal (1979) used a 

quadratic form that was suitable for the system considered. Several other forms of remaining 

benefit functions have been studied (Ahmed, 2001). The following form was chosen for this 

work based on the significance of added terms (to equation 29) and high R' 

RBj(Xj,V,n) = aj''VjH+b7Xj + Xj^£,Vj.,+d/ Z SST Vj (31) 
k=j  

Remaining Benefit (RB) Function Update 

The original stochastic maximization problem (Equations 3-10) can be implicitly solved 

using the RB function. Given a set of initial RBj coefficients and a sequence of sjnthetic 

streamflow generated based on historical data, a sequence of single period deterministic 

optimization problems of the following form can be solved forward in time; 
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Pj (Xj, Vj) = Max [Nj (Vj, V,.Xj) - {C (DEMAND^ - ^ Q.)} + V,.,)] (32) 
total 

VjMe 

These deterministic problems are solved for every sub-period for each of N years of sjtithctically 

generated (Bras and Rodriguez-Iturbc, 1985) monthly streamflows. The solutions to the sub-

problems are the samples of the random variables X, V, and P: 

{X,\ X:\ ..., Xm"}, {VA ..., Vm\ ,}, and {P^ P^ ..., Pm'} 

k=l,2,...,N (33) 

These processes are assumed to be periodic with stationary ergodic property', or as stated in 

reservoir operations, the problem for a steady-state optimal policy is solved. As we will sec later, 

real-time operation is indeed ncccssary with knowledge of inflow statistics and forecasts (with 

lead times defined) due to observed non-staticnar>' behavior. 

Assuming the benefits P are linearly correlated with X and V, then the parameter vector 6 

can be determined bv: 

Pj(X„Vj) = E(P,)+0^ + e, j = l,2,...,M=12 (34) 

Multiple Linear Regression (Haan, 1977) is used to obtain the benefit fijnction parameters. 

Conventional optimization schemes are also applicable. 

The value of the new remaining benefit function for any period j can then be defined as: 

RB,(Xj,V,.,) = E(P,)+e^ 
V. 

j=I,2,...,M=12 (35) 

The procedure is repeated for each month. Once the updated RB fiinction is available, 

another series of single period optimization problems is solved for X, V, and P, that are used to 

update the RB function once more. This iterative procedure of updating and solving for optimal 
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policies continues until the remaining benefit function coefficients converge to stable values. This 

approach is essentially that proposed by Gal (1979). The advantage of using the linear form 

(Zhang et al., 1991) of a benefit function (expressed in terms of random inflows) is that it 

provides information on future inflows. Variability of future benefit i.e., RB not considered. 

Figure 3.2 is a flowchart of the parameter iteration method. 

Real-time Implementation 

This problem (equations 17 and 18) is solved using a penalty fimction approach in which 

constrained problems are solved using rcla.\ation (Nash and Sofer, 1996; Mays and Tung, 1992; 

Powell, 1978) with a penalty term. Penalty methods solve a constrained problem by solving a 

sequence of unconstrained problems. In general, a sequence of unconstrained optima approaches 

the solution of the constrained problem, but does not attain it exactly, even if c.xact arithmetic is 

used. A family of methods can achieve the goal of attaining the solution of the constrained 

problem exactly. 

Sequential Quadratic Programming (SQP) is implemented under MATLAB. The 

MATLAB SQP implementation consists of three main stages: a) updating of the Hessian matrix 

of the Lagrangian fijnction using the BFGS quasi-Newton approximation, b) Quadratic 

Programming (QP) solution, and c) line search and merit function evaluation. The solution to the 

QP sub-problem produces a vector dt, which is used to form a new iterate: 

xk^i^xic + adk (36) 

The step length parameter a* is determined in order to produce a sufficient decrease in a merit 

function. The merit function used by Powell (1978) of the form below is used in the MATLAB 

implementation. 
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M/(x)=/(x)+ S rig,(x)+ S r,/wax{0,gi(x)} (37) 
1=1 i=mg+l 

Powell (1978) recommends setting the penalty parameter 

r, = (rtc^i), = max [ A,, (l/2){(rt), + >?,}] i  =  J ,  . . . , m  (38) 

This allows positive contribution from constraints that are inactive in the QP solution but were 

recently active. In this implementation, initially the penalty parameter r, is set to 

where || . 1| represents the Euclidean norm. This ensures larger contributions to the penalty 

parameter from constraints with smaller gradients, which would be the case for active constraints 

at the solution point. 

QUANTIFYING VALUE OF INFORMATION — A mNDOtVED APPROACH 

Figure 3.3 shows the implementation of a windowed approach applied in linear reliability 

programming (LRP) framework by Srinivasan and Simonovic (1999, 1994). Considering the 

deterministic equivalents of probabilistic chancc-constraints, Srinivasan and Simonovic (1999, 

1994), derived flow values from the marginal cumulative density function (CDF) of inflow in the 

first time period based on the assigned probability levels. There was no associated error in 

estimation of inflow since no convolution is involved in the first time period. The flow values for 

the second time period were taken from the CDF of (ATi + Xi), X being the inflow, that was 

derived by convolution marginal PDFs of Xi and Aj with the assumption of independence 

between inflows. These flow values influence the decision variables in the first as well as the 

second periods. Letting S*, Q*, and Y* be reservoir storage, release for h\dropwer generation 

and the spill in time period j and in the window k, the optimal decision variables for the operating 

period (12 months in Figure 3.3) are obtained as the set of the decision variables in the first time 

'•. = ||vy(x)||/||Vg,(x)|| (39) 
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period of each of the twelve windows. The sets of optimal decision variables are then \vritten as 

(Srinivasan and Simonovic, 1999): 

(40) 

0 = (41) 

r=[r; ,r- (42) 

The windowed approach, as applied by Srinivasan and Simonovic (1999, 1994) does not consider 

correlation between monthly inflows. They introduced two other approaches, the CUMSUM and 

the RISKSUM, that do take into account the correlation bet^veen inflows and show better 

performance in reliability programming. 

In light of the work presented by Srinivasan and Simonovic (1999, 1994), this work 

extends the application of a windowed optimization scheme that incorporates spatial and temporal 

correlations in streamflows through a mathematically robust variance structure (equations 19 and 

25) and the sequential quadratic programming. The approach seeks to incorporate variabilit\' in 

expccted return and operation decisions given the real-time forecast and its statistics. 

APPLICATION 

The Benefit Function analysis and real-time decomposition methods were applied to the 

operation of the Salt River Project (SRP) si.x-reservoir system, under the present physical 

conditions (Table 3.1). The Salt River Project (SRP) is the nation's oldest and most successful 

multi-purpose reclamation development, providing a dependable supply of water and power for 

the greater Phoenix Valley (Figure 3.4). The project delivers water to l.0l2e' square meters 

(250,000 acres) of land and electricity to approximately 325,000 customers (as of 1980). During 

1977, the project sold 10.3 billion kilowatt-hours (kwh) of electricity; 8.6 billion were generated 
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by the project and an additional 1.7 billion kwh were purchased front other utilities. The six Salt 

River Project lakes are a major source of domestic and agricultural water for metropolitan 

Phoenix and provide a variety of recreational opportunities. Keystone of this water storage and 

delivery system is Theodore Roosevelt Dam, which was completed in 1911. The project also 

operates a 1,300-mile transmission and distribution system for delivery of water to users. 

Following the long-standing reclamation principle, the project uses a small portion of 

electric revenues to help support water operations, thereby keeping water costs low. At the same 

time, the project maintains reasonable and competitive electric rates. This combination of 

dependable power and water has enabled the economic development of this desert valley and has 

made Maricopa one of the most productive agricultural counties in the nation. 

The SRP reservoir system (Figures 3.4 and 3.5) is comprised of six reservoirs on the Salt 

and Verde rivers. The reservoirs drain a watershed of more than 33670 square kilometers (13,000 

square miles). The present capacity of the Theodore Roosevelt Dam, the oldest and the largest, is 

approximately 1.632c' cubic meters (1323 KAF). This capacit\' is larger than the other reservoirs 

on the Salt and Verde combined. Three dams downstream of Roosevelt on the Salt River are: 

Horse Mesa Dam (Apache Lake), Mormon Flat Dam (Canyon Lake), and Stewart Mountain Dam 

(Saguaro Lake). Two dams on Verde River are: Bartlett Dam (Bartlett Lake) and Horseshoe Dam 

(Horseshoe Lake). Granite Reef Dam at the confluence of Salt and Verde rivers diverts water 

from the storage system into the distribution canals. It has essentially no storage capacity. 

SRP augments water deliveries with groundwater supplied by about 250 pumps 

throughout the Salt river valley. The wells have a seasonally varying maximum capacity', that 

averages 0.04 billion m^ (300 KAF) per month. System net energy production is difference 

between hydroelectric generation and the energy consumed by the groundwater pumping 

(Equation 3). Hydroelectric power is produced at six sites in the SRP reservoir and distribution 
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system: four dam sites on the Salt river and two smaller low head facilities in the distribution 

canal network (not considered in this study). The combined generation capacity of the Salt-river 

dams is 229 MW, of which 89 MW is conventional generation, and 140 MW is in the form of 

pumped storage (not considered in this study) (Hooper et al, 1991). 

The Verde-river reservoir system has smaller capacity compared to the Salt river system 

(0.38 billion m' versus 2.08 billion m') and average inflows (546e6 m^ versus 951c6 m^). Two 

dams have no hydroelectric power generation capability'. Current SPR polic>' is to release water 

from the Salt river reservoirs up to the turbine capacity (May-Sept) at Stewart Mountain Dam, 

then to augment if neccssar\' with releases from the Verde river reservoirs. No releases are made 

from the Salt system during October through April. There is a 2.81 cms (100 cfs) minimum flow-

requirement (due to set water rights) downstream of Bartlett dam. Release decisions are made at 

the beginning of water year (October-September) based on pre-set target total use (Table 3.2). 

When a release plan is determined, SRP uses detailed system simulation models to allocate water 

to various uses, to determine possible shortages, and to protect upcoming reservoir storage levels. 

Indian water rights are treated as minimum release constraints, and SRP member deliveries as 

target release. 

SRP operates the reservoir system for the single objective of delivering irrigation water to 

SRP member lands and to contract water uses. By treating the water supply requirements as 

constraints, the authors have ma.\imized a ner-power-generation objective function (Equation 3). 

Streamjlow forecast 

A critical element of this stochastic optimization model is accurate streamflow forecasts 

in particular long range forecasts that may be influenced by large scale climatic variability. 
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Initially, the impact of ENSO on the Salt-Verde streamflows are studied using the Mann-

Whitney test and box plot using separate data sets based on ENSO indices. Following 

Ropclewski's (1986, 1987) classification of El Nino and La Nina years, the annual flow 

observations for the Salt River basin was subdivided into two groups, either El Nino and non-El 

Nino or La Nifia and non-La Nina. The Maiui-Whitney test (Mechoso et al., 1992) was applied to 

examine the statistical significance of the differences between the Uvo groups. The null 

h>pothesis of no statistical significant difference between El Nino/La Nifia and non-El Nino/La 

Nifia years is rejected in all tests at 5 % significance level. 

Furthermore, a box-plot analysis was carried out on the seasonal streamflows, PDSl, and 

precipitation of the Salt River basin to analyze the possible shift of response in the excecdence 

probability distribution of these hydroclimatic variables during the cold, normal, and warm SST 

phases of the Niiio 3 area in the Equatorial Pacific. From this analysis it was found that the ENSO 

signal has a slight influence on Salt-Verde basins streamflow, precipitation, and PDSI and should 

be included in a forecast model. 

The area of analysis of sea surface temperatures was extended to the entire Pacific and 

spatial correlations for several lags were estimated behveen SSTs and the Salt-Verde 

streamflows, using CLIMLAB2000 (1999). Two regions of high correlation are found: one in the 

Northwestern Pacific and the other in the Southern Pacific near Australia. Regional SSTs 

averaged over these t^vo zones are included in the set of predictors of streamflow. 

A stepwise multiple linear regression (Haan 1977) was then applied to develop 

streamflow forecast models. The independent variables are classified into three groups: 1) the 

global climatic indices such as SOI, PDO, SST on Ninol+2, Nifio3, Nino3.4, Nifio4, and the 

selected regions mentioned above, and the 400mb heights for 14 regions, 2) local hydrologic 

variables such as precipitation, winter snow water equivalent, and 3) the previous streamflows. 
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Both monthly and seasonal climatic indices were used to develop a mathematical model for 

streamflow forecasts for different levels (12 windows) of seasonal aggregation, from annual to 

monthly. Each season has different starting month (beginning in October), and ending month was 

always September (end of water year). As expected, regression equations based on monthly 

indices gave better results. For the validation of the forecast model, a cross-validation technique 

was applied for models with selected independent variables. Both the calibration and validation 

procedures were developed in MATLAB. 

Finally seasonal forecasts were disaggregated into monthly streamflows. A multivariate 

disaggregation technique based on Valencia and Schaakc (1973) was selected and applied in this 

study bccausc the streamflow data from the Salt-Verde River showed high correlation between 

the Uvo sites. The disaggregation algorithm structure follows that of Fisher (1999) and Koch and 

Fisher (2000) which is used to generate synthetic streamflows. Further, the disaggregation 

algorithm is subdivided into two main components: spatial and temporal. Although it is possible 

to produce an algorithm that simultaneously disaggregates spatially and temporally, the resulting 

size of parameter matrices can slow computation time in addition to producing suspect 

parameters. Therefore, in order to save computation time and produce and preserve only those 

statistics that are realistic and desired, the spatial and temporal disaggregation models were 

developed independently and executed sequentially as needed. 

Figure 3.6 shows the conceptual algorithm given the expected inputs and outputs to the 

disaggregation block. Initially, some input data are needed regardless of which disaggregation 

scheme is implemented. The "Key" series represents the historical series of data in the form that 

is to be disaggregated. The "sub-series" represents the historical series of data in the form of the 

disaggregated output. For instance, a temporal model may disaggregate annual data into monthly 

data. The annual data is the "Key" series and the monthly data is the "sub-series". The historical 
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key and sub-series data are needed for each spatial and temporal model implemented. This 

algorithm has Uvo main components. The first is the model fitting process. The second is the 

e.Kecution of the fitted disaggregation model. The model only needs to be fit initially to produce 

the parameters that are needed to execute the disaggregation block. Once the parameters have 

been found in step 1, the disaggregation block can be executed given any forecast to produce 

sequences of streamflows. 

A total of 12 (Uvelvc) seasonal forecasts are generated (per stream/lateral flow) for 

October-September water year. An example follows: 

Seasonal forecast I: October-September—12 months, starting October 1st 

2: Nov-Sep—11 months, starting November 1st 
3; Dec-Sep™ 10 months, starting December 1st 
4: Jan-Scp—9 months, starting January 1" 
5: Feb-Sep—8 months, starting February 1" 

" 11; Aug-Sep—2 months, starting August I" 
12: Sep-Sep—1 month, starting September 1" 

Once the seasonal forecasts are available (12 of them as above), each of the 12 is 

disaggregated to monthly expected values. For any year in the historical data, 12 seasonal 

forecasts are to be disaggregated to monthly, generating 12 monthly flow sequences representing 

the windowed approach as above. Once the expected value of monthly forecast is generated, for 

every year, n sequences are generated by adding random term vector in the forecast equations that 

are based on stepwise multiple regression (Haan, 1977). The windowed approach allows the 

proper implementation of a set of windowed streamflow scenarios and to draw a comparison 

between the expected monthly return and the monthly return based on a unique sequence of 

streamflows. One objective of this study has been to investigate the number of random sequences 
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necessan' for monthly expected returns to converge to stable values. Sample windowed forecasts 

with generated sequences are shown in Appendix D. 

Remaining benefit analysis 

The next step to real-time implementation is to obtain the benefit of water at the end of 

the operating horizon. The last period's remaining benefit (RB) acts as boundary condition for 

the windowed approach. 

The remaining benefit (RB) function or Cost-to-Go analysis is applied on the three 

variable-head reservoirs: Roosevelt on Salt river, and Bartlett and Horseshoe on Verde river. The 

lower salt reservoirs arc at level pool according to SRP specifications. For the base form 

(Equation 29), the parameter iteration method was applied for a 20-ycar period (240 sub-

problems) and the optimum benefit function parameters for Roosevelt and Bartlett reservoirs 

were determined at IS"* iteration (Tables 3.3 and 3.4). Tables 3.6 and 3.7 show the corresponding 

decision variable results. The run was completed on a Pentium 400MHz computer with 64MB 

RAM, and took approximately 50 minutes for the benefit function parameters to converge. Run

time increases to several hours with increasing number of sequences. Alternate forms of 

remaining benefit function (equation 31) runs were made for up to 80-year period depending on 

parameter convergence. Decision variable results based on this for Roosevelt and Bartlett dams 

are show in Tables 3.8 and 3.9. The September remaining benefit function parameters arc used in 

setting up the mean-variance model in real time. 

Mean-Variance analysis 

The Mean-Variance model represented by equation (17) was applied on the Salt River 

System for a period of May through September with the Salt system running. A set of spatial and 
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temporal correlation coefficients were computed and presented in Table 3.12. These coefficients 

were implemented in the covariance matrix (equation 25). The variance constrained was added to 

the set of constraints from previous real-time run based on temporal decomposition. 

The objective has been to ma.ximize the return (in dollars) such that variance in return is 

less than a set tolerance. Decision variables (elevations) from the initial runs using the form of 

benefit function given by equation 29 are presented in Tables 3.6 and 3.7. When compared to 

results from real time runs using temporal decomposition, the variations in reservoir elevations 

for Roosevelt and Bartlctt lakes don't fluctuate much. However, making the variance constraint 

more restrictive, and satisfying feasibility conditions, these results can be varied according to 

users' needs. Similar results are shown in Tables 3.8 and 3.9 for runs performed using the second 

form of benefit function (equation 31). The release decisions are tabulated in Tables 3.10 and 

3.11 in billion cubic feet. 

Expected monthly return 

The expected monthly return and corresponding standard deviations and variance from 

the first order approximation (equation 19) are listed in Table 3.13. The tolerance limit a was set 

to 10. Similar results can be developed for any windowed forecast length and tolerance limit. 

Overall the methodology satisfies all constraints and is thus a major contribution to the field of 

reservoir operations under uncertainty. 

CONCLUSIONS 

While much effort has been placed in developing an efficient method to incorporate the 

uncertainty in inflows and their spatial and temporal correlations in reservoir operations, verj' few 

approaches (e.g., D\Tiamic Programming) use the benefit (Cost-to-Go) in a real-time 
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implementation. Here, the parameter iteration method (Gal, 1979; Zhang et al., 1991) is used to 

approximate the value of the benefit function (or the Cost-to-Go). This approach allows temporal 

and spatial correlations in streamflows to be directly considered in the decision process. Since 

operators often desire to minimize the uncertainty in their decisions, the variance of the objective 

(expected return) is used to measure the robustness of an operating (release) policy. This paper 

presented a mean-variance formulation that considers spatial and temporal correlation in 

streamflows and can be implemented in real time. The foundation of the formulation presented is 

rooted in stochastic portfolio optimization scheme of Markowitz (1959). The variance-

constraincd problem is solved by a series of reIa.\ations. In essence, this is the penalty fiinction 

approach in which constrained problems are solved using penalized rela.xations and a multiplier-

based penalty approach. 
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NOTATION 

/  =  1 ,  2 , « i n d e x  o f  r e s e r v o i r  

y = \,1,... ,M index of time period 

k window number 

a standard deviation of inflow 

p streamflow correlation coefficient 

e penalty parameter 

n Lagrange multipliers 

0^ vector of parameters in remaining benefit function 

B reservoir configuration (connectivit\') matrix 

Cov(X) inflow covariance matrix 

E(.) expectation 

H [Hij H:,... H„j]^ vector of net water heads (elevation) 

M number of monthly periods 

M° lag-0 covariance matrix 

M' lag-1 covariance matrix 

N lower bounds of power outputs 

N upper bounds of power outputs 

Nj [Nij Nij... N„jl^ vector of power productions 

N streamflow sequence 

P(,) benefit (value of water) 

Q lower bounds of controlled reservoir releases 

Q upper bounds of controlled reservoir releases 

Qj [Qij Q^j Qnjl^ vector of controlled reservoir releases 
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RB remaining benefit fiinction 

Sj [Sij Si)... Sn,]^ vector of water storage 

SST Southern Oscillation Index 

V lower bounds of reservoir water levels 

V upper bounds of reservoir water levels 

Vj [Vij V:j... Vnjf vector of reservoir water levels 

Vd [Vid V;d V„a]^ vector of do\%nstream water levels 

Xj [Xi, X:j... Xn,r vector of direct inflows to reservoirs 

Y lower bounds of forced spills 

Y upper bounds of forccd spills 

Yj [Yij Y;j... Y„jf vector of forced spills 
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Figure 3.3. Implementation of the windows approach (after Srinivasan and Simonovic, 1999) 
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Tabic 3.1. Salt River Project (SRP) dams and lakes specifications 

Dam Lake Capacity 

(AF) 

Sur&ce acreage 
when full 

(AF) 

Max depth 

(FT) 

Roosevelt Roosevelt 1,336,734 17,300 234 
1,591,800 19,200 249 

Variable head (modified) (modified) (modified) 
7 unit power plant 

15,800 kwatt 

Horseshoe Horseshoe 131,427 2,800 142 

Variable head 
No power plant 

Bartlett Bartlett 178,186 2,700 188 

Variable head 
No power plant 

Horse Mesa Apache 245,138 2,600 266 

Level pool 
3 unit power plant 

30,000 kwatt 

Mormon Flat Canvon 57,852 950 142 

Level pool 
1 unit power plant 

7,000 kwatt 

Stewart Mt. Sai^aro 69,765 1,280 116 

Level pool 
1 unit power plant 

10.400 kwatt 
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Tabic 3.2. Current Salt River Project (SRP) total use and groundwater pumping plan 

Month 

Total Use 
(Surface + Groundwater) 

AF(*1000) 

Groundwater Pumpage 

AF(»1000) 

Octobcr 832 240 
November 88S 260 
December 920 270 
January 10 5 
Fcbruarv' 30 15 
March 68 35 
April 154 65 
May 250 95 
June 360 125 
Julv 485 155 

August 617 180 
September 738 210 

Sourcc; Salt River Project (SRP), Phoenix, Arizona 



Tabic 3.3. Optimum remaining benefit function parameters for Roosevelt 
(using base RBF) 

- a  

Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep 

11.02 10.31 409.3 102.48 135.28 161.95 846.14 81.47 12.40 3.86 40.32 18.83 

- b  

36.98 0.78 73.35 5.20 35.48 11.72 44.83 20.52 27.06 0.36 0.10 2.48 

c  

18.44 0.43 37.20 2.80 17.9J 6.06 22.83 10.41 13.56 0.20 0.16 1.30 

Remaining benefit function used: RBj (Xj, Vj +1) = aj^ Vj + i + bj^ Xj + Xj^ Cj Vj +1 (equation 29) 

R^= 0.89971 



Table 3.4. Optimum remaining benefit function parameters for Bartlett 

(using base RBF) 

a 

Oct Nov Dcc Jan Feb Mar Apr May Jun Jul Aug Sep 

2.75e-2 2,10c-3 I.40e-1 l.20e-l 5.50e-2 5.l(}e-2 7.70e-2 8.71e-2 -2.20e-5 -1.74e-5 -l.SOc-S -I.30C-5 

b 

6.24e-2 9.90e-4 -I.20e-I 9.4le-4 1.34e-3 9.2e-4 2.52e-l -1.41 l.OOe-3 l.OOe-3 9.99e-4 9.J0e-4 

c 

-2n2c-2 1.57e-5 6.98e-2 4.37C-5 3.29e-4 3.l3e-5 -0.15 0.85 -9.80e-8 -l.Olc-7 7.03C-7 4.49c-8 



Table 3.5. Optimum remaining benefit function parameters for Roosevelt 

(using Nino-3 SST) 

a  

Oct Nov Dcc Jan Feb Mar Apr May Jun Jul Aug Sep 

-108.21 -39.02 -43.66 -92.21 -38.17 -99.31 13.41 17.71 -50.78 3.22 38.62 -0.41 

b  

-15.91 -9.98 -51.24 0.82 -25.97 -20.58 -46.87 34.08 33.86 0.89 ^.96 -1.22 

c 

8.03 5.12 26.17 -0.22 13.20 10.65 23.80 -16.56 -16.70 -0.42 2.59 0.66 

d 

6,53 -0.54 10.52 24.17 -11.37 8.77 -8.23 -5.12 0.14 -0.69 -6.46 -1.11 

Remaining benefit function used; RBj (Xj, Vj +i) = a/Vj+1 + b/Xj + X/Cj Vj +1 + d/ SST (equation 31) 
*=; 

R^= 0.99727 



Tabic 3.6. Windowed monthly elevations (ft) for Roosevelt lake 
(using base RBF) 

WiniV Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aufi Sep 

1 2010.58 2009.29 2011.42 2011.63 2013.25 2013.97 2014.32 2012.82 2001.85 2001,03 2011.01 2012.89 

2 — 2002.77 2001.33 2007.10 2011.61 2010.96 2011.97 2007.03 1998.40 2007.03 2011.32 2012.42 

3 — — 2001.88 2007.53 2012.01 2011.91 2012.32 2013.37 2005.76 1997.21 2007.79 2006.09 

4 — — — 2007.64 2010.97 2011.10 2012.11 2013.55 2008.46 2004.96 2011.45 2010.99 

5 — — — — 2005.59 2007.56 2008.59 2011.87 2008.01 2004.80 2010.92 2012.26 

6 — — — — — 2002.98 2006.59 2011.68 2007.77 2005.61 2011.66 2012.29 

7 — — — — — — 2007.63 1999.46 1994.85 2007.49 2012.05 2010.65 

8 — — — — — — — 2004.63 1997.28 2003.87 2011.78 2008.42 
9 — — — — — — — — 2002.59 2003.35 2008.02 2004.52 
10 — — — — — — — — — 2002.08 2007.64 2005.73 

11 — — — — — — — — — — 2010.58 2007.85 

RBj (Xj, Vj.,) = aj^ Vj ̂ , + b/ Xj + X/ Q V,. , (equation 29) 



Table 3.7. Windowed monthly elevations (ft) for Barilctt lake 
(using base RBF) 

Win# Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep 

1 1660.38 1659.64 1658.49 1659.54 1659.06 1660.47 1659.06 1659.66 1659.41 1659.74 1659.59 1656.32 

2 — 1658.77 1659.03 1659.08 1659.94 1659.95 1659.63 1659.71 1660.14 1659.70 1659.24 1658.94 

3 — — 1659.76 1659.51 1659.62 1658.87 1660.68 1660.77 1660.51 1657.65 1659.49 1659.94 

4 — — — 1659.28 1660.01 1658.24 1662.63 1660.07 1659.18 1661.24 1659.37 1659.35 

5 — — — — 1659.55 1659.78 1659.62 1659.59 1661.21 1660.04 1659.03 1659.38 

6 — — — — — 1660.93 1659.12 1659.52 1659.85 1656.63 1660.72 1659.61 

7 — — — — — — 1660.29 1662.87 1659.01 1659.44 1660.70 1659.72 

K — — — — — — — 1662.39 1661.81 1662.33 1660.81 1659.32 
9 — — — — — — — — 1656.44 1659.21 1659.04 1659.60 

10 — — — — — — — — — 1658.05 1660.04 1659.57 

11 — — — — — — — — — — 1659.76 1659.02 

RBj (Xj, Vj. ,) = Vj ̂ , + b/ Xj + X/ Cj Vj., (equation 29) 



Tabic 3.8. Windowed monthly elevations (ft) for Roosevelt lake 
(using Nino-3 SST) 

Win# Oct Nov Dec Jan Feb Mar Apr May Jun Jul Auj? Sep 

I 2011.39 2009.29 2011.58 2011.98 2013.98 2015.36 2014.94 2012.44 2001.41 2003.57 2010.41 2012.08 

2 — 2002.80 2001.22 2007.13 2012.09 2010.78 2011.99 2007.05 1998.40 2007.23 2015.23 2012.58 

3 ... — 2006.10 2014.72 2013.16 2013.03 2014,29 2014.18 2005.99 1998.33 2007.53 2008.19 

4 — ... — 2014.62 2015.22 2015.35 2015.64 2014.34 2008.94 2005.47 2013.07 2010.91 

5 — — — — 2014.03 2015.02 2015.42 2014.60 2008.15 2005.07 2014.36 2012.27 

6 — — — — — 2009.66 201461 2013.87 2007.57 2005.80 2013.39 2012.53 

7 — — — — — — 2007.72 2000.39 1994.80 2007.36 2013.27 2010.45 

8 — — — — — — — 2005.41 1997.35 2005.91 2012.54 2009.13 

9 — — — — — — — — 2002.89 2004.57 2008.14 2004.51 

10 — — — — — — — — — 2002.56 2007.21 2005.74 

11 — — — — — — — — — — 2011.44 2007.89 

RBj (Xj, Vj +,) = Vj ̂ , + b/ Xj + X/ Cj Vj,, + d/ SST (equation 31) 
k ^ j  



Table 3.9. Windowed monthly elevations (ft) for Bartlctt lake 
(using Nino-3 SST) 

Win# Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep 

I 1659.83 1659.18 1660.17 1659.09 1659.33 1659.55 1659.12 1659.37 1662.54 1659.29 1658.58 1658.86 

2 — 1659.19 1659.58 1659.57 1659.54 1658.03 1659.59 1659.90 1658.84 1660.11 1659.41 1659.24 

3 — — 1659.85 1659.61 1659.66 1661.52 1659.47 1660.06 1664.87 1659.86 1659.57 1658.56 

4 — — — 1659.22 1659.28 1657.68 1659.39 1659.34 1661.78 1662.36 1660.13 1659.63 

5 — — — — 1660.68 1659.66 1659.38 1659.27 1659.31 1659.30 1657.64 1659.19 

6 — — — — — 1659.09 1659.58 1659.32 1659.54 1659.56 1660.61 1659.05 

7 — — — — — — 1659.72 1659.46 1658.51 1658.25 1659.92 1659.54 

8 — — — — — — — 1663.08 1660.47 1659.96 1659.71 1659.58 

9 — — — — — — — — 1658.79 1662.52 1658.96 1659.23 

10 — — — — — — — — — 1662.40 1657.73 1659.03 

11 — — — — — — — — — — 1660.24 1659.69 

RBj (Xj, Vj.,) = 3,^ Vj •, + bj^ Xj + Xj^ Cj Vj., + d/ SST (equation 31) 



Table 3.10. Windowed monthly releases (billion cubic ft.) at Roosevelt dam 

Win# Oct Nov Dcc Jan Feb Mar Apr May Jun Jul Aug Sep 

1 — — — — — — 1.199 0.510 0.556 1.240 0.720 

2 — — — — — — — 0.804 0.414 0.724 1.722 1.067 

3 — — — — — — — 2.077 0.630 0.377 0.818 0.704 

4 — — — — — — — 0.909 0.907 0.646 1.276 0.963 

5 — — — — — — — 1.062 0.902 0.600 1.283 0.859 

6 — — — — — — — 2.087 0.786 0.621 1.286 0.926 

7 — — — — — — — 0.501 0.285 0.613 1.263 0.806 

8 — — — — — — — 0.631 0.321 0.517 0.929 0.675 

9 — — — — — — — — 0.4320 0.631 0.985 0.704 

10 — — — — — — — — — 0.606 0.659 0.576 

11 — — — — — — — — — — 1.124 0.830 

Note: Salt system is shut down October through April 



Table 3.11. Windowed monthly releases (billion cubic ft.) at Bartlett dam 

Win# Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep 

1 0.616 0.745 1.018 0.902 0.912 1.345 0.902 0.417 0.3 M 0.421 0.774 0.549 

2 — 0.663 0.732 1.021 1.400 1.154 0.922 0.460 0.346 0.527 0.936 0.699 

3 — — 1.530 0.658 0.433 1.5J4 0.855 0.361 0.262 0.304 0.600 0.500 

4 — — — 1.434 1.484 1.774 1.505 0.534 0.349 0.402 0.714 0.606 

5 — — — — 1.030 1.348 1.315 0.504 0.340 0.372 0.699 0.560 

6 — — — — — 1.939 1.052 0.489 0.348 0.417 0.687 0.527 

7 — — — — — — 0.660 0.387 0.291 0.568 0.907 0.655 
8 — — — — — — — 0.338 0.282 0.477 0.701 0.556 

9 — — — — — — — — 0.304 0.430 0.524 0.518 

10 — — — — — — — — — 0.435 0.509 0.543 

11 — — — — — — — — — — 0.665 0.581 



Table 3.12. Standard deviation of monthly streamflows and lag-/? correlation cocflficicnts 
(May-Scptembcr Window) 

Standard Deviation 
(Flows in CFS) 

Location May June July August September 

Verde Site 
(Location 1); 170.66 41.72 71.11 229.92 207.24 

Salt Site 
(Location 2); 1085.10 310.55 120.05 511.70 369.06 

Lag-0 Correlation Coefficients (p") 

Spatial Correlation 
Coefficients: 0.856 0.570 0.569 0.824 0.529 

Lag-n Correlation Coefficients (p") 

Temporal Correlation 
Coefficients; 

Pii" P22" P12" Pii" 

May-Jun (lag-1) 0.421 0.923 0.717 0.445 — 

May-Jul (lafi-2) 0.044 0.521 0.498 -0.044 — 

May-Aug (lag-3) -0.075 -0.151 -0.028 -0.198 — 

May-Sep (lag-4) -0.012 -0.087 -0.076 0.069 — 

Jun-Jul (lafi-1) 0.279 0.547 0.579 0.004 — 

Jun-Aug (lag-2) 0.136 -0.072 0.321 -0.108 — 

Jun-Sep (lag-3) -0.017 - O . I I O  -0.069 0.068 — 

Jul-Aug (lag-1) 0.037 0.078 0.077 -0.070 — 

Jul-Scp (lag-2) -0.052 -0.121 -0.105 -0.033 — 

Aug-Sep (lag-1) -0.012 0.232 0.209 -0.062 — 



Tabic 3.13. Monthly system return from power production (May-September Window) 
( a =  1 0 )  

Month 'Expected Monthly Return Standard Variance 
Deviation 

(million $) (million $) (million $)' 
May 34.96 2.20 4.84 
June 41.04 1.61 2.59 
July 44.23 0.58 0.34 

August 19.39 1.68 2.82 
September 14.57 0.89 0.79 

Note: Salt system is on May-September 

* Obtained from windowed forecast sequences 
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ABSTRACT 

A Decision Support System (DSS) is developed to operate multi-reservoir systems under 

hydroclimatic uncertainty. The DSS is developed under Visual Basic Shell with point-and-click 

approach to select necessary reservoir system configuration and guide the user to set up or update 

database to generate reservoir release decisions. The system accesses a database to locate the 

necessary data and utilizes a repertoire of mathematical and/or statistical models to finally present 

the desired information at the user's terminal. The DSS represents four basic models: Synthetic 

Strcamflow Generation, Forecast, Reservoir Simulation, and Optimization. Each model refers to 

relevant database and necessary sub-models. The optimization model uses the parameter iteration 

method (Zhang et al., 1991) to find an approximation to the value of benefit function (or the Cost-

to-Go). The solution method utilizes NLP tools, provides scope to tackic correlation between 

streamflows in space and time, and is suitable for systems that would otherwise be difficult to 

solve by the usual dynamic programming (DP) approach. Lagrangian Duality (Nash and Sofer, 

1996; Zhong and Lansey, 1992)) is applied to find real-time operating policy for both 

deterministic and probabilistic forecasts. The DSS also supports a mathematically sound mean-

variance formulation, implemented in real time that considers spatial and temporal correlation in 

streamflows. The foundation of the formulation presented is rooted in stochastic portfolio 

optimization scheme of Markowitz (1959). The implementation and workability of the DSS is 

tested by an application on the Salt River Project multi-reservoir system in Arizona with power 

production objective. 
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INTRODUCTION 

"Computer-based models together with their interactive interfaces are typically called 

decision support systems" (Loucks, 1993). In other words, a decision support system (DSS) is a 

computer-based information system that helps a manager make decisions by providing relevant 

data in an easily understandable form. The user of a DSS formulates a problem using an 

interactive and menu-driven front end. The system then accesses a database to locate the 

neccssar}' data and utilizes a repertoire of mathematical and/or statistical models to finally present 

the desired information at the user's terminal. A DSS allows the manager to explore several 

"what if scenarios in order to arrive at a decision. The DSS thus merely helps the manager make 

a decision; it does not and cannot make a decision for the manager. Therefore, in order to design 

a DSS it is neccssar>' to have a database, a set of mathematical decision tools in the form of 

optimization and non-optimization (namely, simulation) models, and an online interactive system 

(a windows-based interface under Visual Basic Shell) that can be used by the manager to tap the 

resources of the DSS. 

The challenge to DSS developers is to know what information will be needed and how to 

provide it in the form and at the time that can be most useful. The needed information will, in 

most cases, depend on the issues being addressed, on the spatial and temporal resolutions 

required, and the level of decision making required. Santos (1991) presents a simple diagram 

illustrating the three levels of management and the objectives, and information characteristics 

associated with various levels of decision-making (Figure 4.1). 

Generally, as Figure 4.1 indicates, bottom level management deals with operational 

information, while the middle and top levels are concerned with tactical (mid-term) and strategic 

(long-term) information, respectively. The analysis tools included within a DSS can include 

descriptive or prescriptive models of natural, physical, economic and social processes, geographic 
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information systems (GTS), expert systems (Artificial Intellingence, AI), executive information 

systems (data bases, analysis tools, and interfaces that address the need of the managers), and 

group negotiation support systems (Loucks, 1995). 

Requirements for a Decision Support System 

A decision support system may include the following characteristics (Mittra, 1986; 

Loucks, 1995): 

1. It relies heavily on sophisticated quantitative techniques of model building. 

2. In cases where an analytic optimization model cannot be solved, the DSS relies on 

simulation. 

3. It uses statistical analysis to collcct data and to predict trends. 

4. It uses features whercb}' non-computer-oricnted people can use it in an interactive mode. 

5. It is usually aimed at semi-structurcd and unstructured tasks. 

6. It is designed to remain flexible and adaptable so that it can be modified to meet the specific 

decision-making st> le of the user. 

A semi-structured or unstructured task involves a decision process that is partly routine 

and partly judgmental. The routine part can be easily automated but the judgmental part has to be 

developed by the manager. A DSS therefore, provides a delicate balance behveen human 

judgement and automated procedures. It adopts a coherent strategy for going beyond the 

traditional use of computers in fairly structured situations while avoiding ineffectual efforts to 

automate inherently unstructured tasks. The DSS thus thrives best on semi-structured tasks. 
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Decision Support Systems for reservoir management 

Reservoir management often takes into account multiple users, multiple purposes, and 

multiple objectives. Increased public involvement in reservoir management has changed the 

manner in which engineers approach this task. Reservoir management experience indicates a 

continuing need for increasingly complex computer modeling to assist water resource 

management organizations in satisfying today's demanding river and reservoir users. Today we 

study river basins, lakes, estuaries, and other water resources systems with a greater awareness of 

their complexity, their sensitivity and adaptability to exogenous forces, and of our own 

limitations in understanding their behavior. For example, numerous conflicts now arise in tr\ ing 

to satisfy' reservoir system operating objectives. Environmental mandates, increasing demands on 

dwindling water supplies, pro-active recreational interests, the restructuring of the power utility 

industry, and last but not least the specter of climate change compete to influence river basin 

operations (Zagona, 2000; Loucks et al., 1981). 

Decision support systems are necessary to efficiently manage complex interactions 

between the numerous constraints and objectives over an entire basin. Such systems improve 

efHcicncy by allowing more accurate, rapid and comprehensive evaluations of management 

alternatives. Recent advances in hardware and software technologies have made it possible for 

modeling tools to meet continuously changing needs. However, taking full advantage of these 

technological breakthroughs is expensive and requires the help of computer science professionals. 

Wurbs (1993) notes that engineers and scientists naturally prefer the flexibility of working with 

their in-house programs, but most water management agencies have neither the staff nor the 

budget to develop new, flexible models in-house. U.S. Army Corps of Engineers Hydrologic 

Engineering Center (HEC) reported that developing their new generation of modeling tools is not 

only difficult, but requires a change in approach, amounting to a software development cultural 
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change for HEC, and that the development effort increased several fold over the old programming 

approaches (Davis, 1998). Another approach to developing decision support systems based on 

new generation mathematical models is to contract the work to outside groups that specialize in 

software development. This t\pe of arrangement can also be problematic becausc successful 

model development depends on a close, collaborative working relationship between developers 

and end users and flexibility to modify the requirements throughout the product evolution. 

During the 1970s and 1980s many site-specific river basin models and decision support 

systems were developed and used by engineers in u'ater management organizations. Due to 

limitations of software and hardware technology of the time, representations of the physical 

system and operating policies were typically coupled with—"hard wired" in—the code, capturing 

the systems and policies in effect. These models, which are not easily modified or flexible 

enough to apply to continually changing systems, are now facing obsolescence (Zagona, 2000). 

Object-oriented graphical simulation models such as STELLA (High Performance 

Systems, 1998) have also been used in a few applications (Palmer et al., 1993). For optimization 

models, general purpose packages such as AMPL (Foureret al., 1993) and GAMS (Brooks et al., 

1992) provide high level languages for model formulation. These general modeling tools require 

that the modeler program the domain process equations such as mass balance and routing 

algorithms, as well as site-specific physical and policy details. Thus they are well-suited for 

simple applications (Wurbs, 1994), but difficult and time-consuming to use for more complex 

situations. 

The faculty and researchers at the University of Arizona have collaborated on a research 

initiative to develop a general-purpose point-and-click format decision support system for multi-

reservoir operations under hydroclimatic variability. The DSS comes with user-friendly 

interfaces and operates under Visual Basic Shell to guide the user through the data manipulation 
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and decision-making process. This goal is accomplished without the need to support in-house 

computer programming and software maintenance, thus drastically reducing the economic impact 

of development and maintenance. This paper presents the implementation techniques of the DSS 

and displays the capabilities of its individual modules through an application on the Salt River 

Project (SRP) multi-reservoir system in Central Arizona. The Salt River Project is markedly 

different with respect to important physical processes and operating policies. The diversity and 

complexity' of policy modeling in real time is tackled by use of simple interactive interfaces of the 

DSS. Results-display capabilities are also identified. The development and testing of the DSS 

verifies the importance of collaboration between research and development group and water 

management agencies (namely, Salt River Project) in producing easy-to-use tools that meet real-

world challenge in real time reservoir management. The DSS supports svnthetic streamflow 

generation scheme, benefit function (Cost-to-Go) analysis, forecast models under hydroclimatic 

variabilitN', reservoir simulation and real-time operation. 

BACKGROUND 

Among the first contributions in the field of computer-aided decision support systems 

was the seminal work on management decision systems of Scott Morton (1971). He viewed a 

DSS as "an aid for those management problems that are large, unstructured, ... and that involves 

management judgement" (Loucks, 1995). Through his ideas, Morton initiated a bold step 

towards getting optimization, simulation and multi-objective methods and models developed by 

management scientists accepted in practice. Broad human input and judgement are often 

necessary in understanding and solving real world problems which are much bigger, much more 

complex, and relatively less structured than the ones model developers usually deal with. Scott 

Morton (1971) felt that if any of these modeling tools were going to be used effectively on a 
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broad scale, the real-world problem solvers needed help through development of DSSs. Keen and 

Scott Morton (1978) and Sprague and Carlson (1982) have addressed the need for DSS in 

decision-making problems that are highly dependent on mathematical programming and 

simulation techniques. 

Since Scott Morton's (1971) work, the world has seen substantial growth in DSS 

development. Specifically, impressive growth of DSS development and use is observed within 

the environmental and water resources fields (Allen et al., 1992; Labadie, 1989; Loucks, 1992; 

Loucks and da Costa, 1991; Santos, 1991). Researchers and practitioners, with help from the 

computer industry', continue to identify ways to improve existing DSSs and make them more 

useful for those they are intended to support. 

Several generalized reservoir/river system simulation models have been in the use since 

the early 1980s. Among them, HEC-5 (USACE, 1989, 1997), IRIS and IRAS (Loucks et al., 

1989, 1990; Loucks et a!., 1994), and TAMUWRAP (Wurbs and Walls, 1989) are considered to 

be representative of the state-of-the-art interactive models. 

The Interactive River System Simulation (IRIS) model development was motivated 

largely by the objective of providing a useful tool for water managers responsible for negotiating 

agreements among individuals and organizations in conflict over water use. IRIS operates in an 

menu-driven microcomputer or workstation environment with extensive use of computer graphics 

for information transfer between machine and user. The configuration of the system is specified 

by object-oriented nodes (reservoirs, inflow sites, junctions, and other key locations) and 

interconnected links (river reaches, canals). It includes hydroelectric power and water quality 

features. System operating rules include (1) reservoir release specified as a function of storage 

and season of the year, (2) allocation functions for multiple links firom the same node, and (3) 

storage distribution targets for reservoirs operating in combination. The model has the unique 
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feature of allowing rules to be changed interactively by the user during the course of a simulation 

run. A second attractive feature allows several alternative sets of inflow sequences to be 

considered in a single run of the model. 

The Interactive River-Aquifer Systems (IRAS) model was developed as an extension to 

IRIS (Loucks et al., 1994). It is a generalized program for analyzing regional surface and 

groundwater management systems. The model predicts the range and likelihood of various water 

quantity, qualit\- and hydropower impacts over time associated with alternative design and 

operating policies. IRAS provides a menu-driven, graphics-based user interface. 

TAMUWRAP or The Water Rights Analysis Package was developed at Texas A&M 

University and is designed to simulate management and use of the streamflow and reservoir 

storage resources of a river basin, or multiple basin, under prior appropriation water rights (Sax 

et al., 2000) permit system. TAMUWRAP can be used to evaluate operation of a particular 

multiple-reservoir, multiple-user system while considering interactions with numerous other 

water management entities which also hold permits or rights to store and withdraw water from the 

river system. The original model described by Wurbs and Walls (1989) has been expanded 

significantly (Wurbs et al., 1993), and capabilities for considering salinity have been added 

recently (Wurbs et al., 1994). 

Among generalized reservoir/river system analysis models based on object-oriented 

programming, RSS (CADSWES, 1994), RiverWare (Zagona et al., 2000), CALIDAD (U.S. 

Bureau of Reclamation, 1994). Object-oriented programming has become increasingly popular in 

recent years. The advantages of object-oriented programming are well known, making it the 

standard for developing portable, extensible, complex software systems (Booch, 1994). The 

River Simulation System (RSS), developed at the Center for Advanced Decision Support for 

Water and Environmental Systems (CADSWES) in the University of Colorado-Boulder under the 
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sponsorship of the Bureau of Reclamation, is designed to be readily adaptable to any 

reservoir/river system. The interactive, graphic-based model combines advanced computer 

graphics and data management technology with river/reservoir system simulation capabilities. It 

utilizes several commercial software (namely, S-plus, ARC/INFO, INGRES, HYDAS) that are 

available within to manage input data and analyze output. Improved models have been developed 

that utilize many of the basic concepts reflected in RSS. One such model developed by 

CADSWES is the Tennessee Valley Authority (TVA) for evaluating multiple-purpose operations 

of the TVA reservoir system. 

RiverWarc, also developed by CADSWES, utilizes object-oriented software technology 

to achieve a modeling tool which is river-basin domain specific, but also provides a model-

building construction kit for representing detailed physical situations and complex operational 

policies (Zagona ct al., 2000). The package comes with an extensive librar\' of user-selectable 

physical process algorithms that permit site-specific detail. Operating policy is expressed 

separately by the user through RiverWare-specific languages interpreted by the software. The 

point-and-click graphical interface facilitates model construction and execution, and 

communicates the assumptions and results with others. Zagona et al. (2000) compares 

RiverWare with other general modeling tools, briefly describes its model construction kit and 

runtime utilities, and presents several applications developed and used by the Tennessee Valley 

Authority (TVA) and the U. S. Bureau of Reclamation (USBR). 

Enhanced visual communication was a major emphasis particularly in the development of 

IRIS, RSS, and CALIDAD. In recent years, interactive computer graphics has become an 

important tool in facilitating communications between analysts and water managers. All of the 

models provide voluminous output, including computed storages, releases, diversions, instream 

flows, and hydroelectric power generated. Simulation and optimization results are summarized in 
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meaningful concise formats, including tabular and graphical presentations, summary statistics, 

and reliability measures. Nevertheless, object-oriented programming requires exceptional effort 

and time to be developed. Aside from water resources engineers, computer systems analysts and 

software experts need to collaborate efficiently at all times during the development process. For a 

quick, precise and economical delivery of a front-end product to reservoir managers. Visual Basic 

guided DSSs show promises in river-basin management and groundwater recharge problems. 

DESIGN AND IMPLEMENTATION 

A DSS alwa\s contains a feedback loop that helps the manager answer "what if 

questions. As a result, the DSS has to be implemented as an online interactive system where the 

user can easily begin and be guided by the system, preferably in a menu-driven manner. A 

t>pical feedback loop in a DSS is depicted in Figure 4.2. 

The DSS requires a unique approach to systems analysis and design. The usual process 

of designing and implementing a system has to be interfaced with rapid and frequent user 

feedback to ensure that the DSS being developed will ultimately address the decision-making 

needs of the managers. The design and implementation of a DSS require sophisticated 

mathematical modeling techniques (e.g., statistical forecasting and mathematical programming 

tools like linear/nonlinear/dynamic/integer programming), simulation methods, and high-powered 

computer support. Recent improvements in technology have made possible the implementation 

of such systems. 

Tools for building a Decision Support System 

Conceptually a DSS consists of four modules (Mittra, 1986): 

1. Control 
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2. Data storage 

3. Data manipulation 

4. Modci-building 

The control module is the DSS front end. It is usually menu-driven and interfaces with 

the other three modules. The performance of a control module is evaluated by how well it 

prompts the user in formulating the problem and generating the response. A well-designed 

control module acccpts user keystrokes and interprets them as specific action-initiating 

commands. 

The data storage module contains all the data required by the DSS. It provides flexibility 

in updating data as they bccome available. The DSS provides all the current data as well as 

historical data required by the model-building module. 

The data manipulation module is responsible for retrieving data from the data storage 

module and producing reports and/or graphs. The data manipulation module is supported by a 

report-generating package, and a graphics package (namely, MATLAB toolkits). As a minimum 

for river basin management problem, the graphics capability includes such tools as forecasted 

time series, reservoir simulation and optimum operating policy results in the form of relevant 

graphs and images. 

The model-building modide contains all the quantitative model-building software. It 

utilizes optimization modeling principles, statistical analysis, forecasting algorithms, decision 

analysis methods and simulation principles. Usually the model-building module is the most 

difficult component in a DSS to design, since the selection appropriate algorithms from the vast 

repertoire of mathematical models is a nontrivial job. 

Figure 4.3 is a schematic of the four component modules if a DSS. 
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Mulii-reservoir model construction kit 

The Decision Support System developed in this study for multi-reservoir operations 

under hydroclimatic uncertainty is divided into four main models (Figure 4.4): 

1. SNiithetic streamflow generation 

2. Forecast 

3. Reservoir simulation, and 

4. Optimization 

The point-and-click method is applied using Visual Basic Interfaces (VBI) to set up each model 

and finally generate the desired outputs. The mathematical basis and Visual Basic construction of 

each of the above models is described in brief in the next sections. 

S\-nthetic streamflow generation model 

Generated streamflows have been called synthetic or operational to distinguish them 

from historic observations. This sub-module of the DSS generates synthetic streamflow for 

assigned number of sites based on an Autoregressivc-l (ARl) Markov process. River basin 

simulation studies use many sets of streamflow, rainfall, evaporation, and/or temperature 

sequences to evaluate the statistical properties of the performance of alternate water resources 

systems. For this purpose, generated SNUthetic flows resemble those sequences that arc likely to 

be experienced during a planning period. 

A simple model of annual streamflows is the autoregressive Markov model. The historic 

annual flows r,. are thought of as a particular value of a stationary stochastic process Xy (a random 

variable). Due to the fact that the annual flows are not generally independently distributed, the 

generating model should reproduce the relationship between flows in different years. A common 

and responsible assumption is that annual flows are the result of a Markov process. The 
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sequential generation of SNUthetic streaniflows requires the conditional distribution of the flow in 

one year given the value of the flows in previous years. However, if the streamflows are a first-

order (lag 1) Markov process, then the dependence of the distribution of the flow in year>'+/ on 

flows in previous years is summarized by the value of the flow in year y. In addition, if the 

annual streamflows have a multivariate normal distribution, then conditional distribution of Xy^i 

is normal with mean and variance; 

£IX^,lXy = Xy] = ^ + p(x,-^) (1) 

Var(Xy.,|Xy = Xy) = o=(l-p-) (2) 

where Xv is the value of X,. in the yeary. This relationship is illustrated in Figure 4.5. As the 

absolute value of the correlation p between the flows increases, the conditional variance of Xy^i 

that docs not depend at all on the value Xy becomes less important. 

A disaggregation algorithm (Fisher, 1999; Koch and Fisher, 2000) is used to generate 

SN-nthetic monthly strcamflows and forecasts for benefit functions analysis and real-time 

implementation, respectively. The algorithm is produced as a series of routines that are capable of 

executing a Valencia and Schaake (1973), Mejia and Rousselle (1976), and/or a Lane (1982) 

disaggregation model. Further, the disaggregation algorithm is subdivided into Uvo main 

components; spatial and temporal. Although it is possible to produce an algorithm that 

disaggregates spatially and temporally at the same time, the resulting size of parameter matrices 

can slow computational time in addition to producing suspect parameters. Therefore, in order to 

save computational time and produce and preserve only those statistics that are realistic and 

desired, the spatial and temporal disaggregation models is developed independently and executed 

sequentially as needed. A flow chart of the disaggregation algorithm is given in Figure 4.6. 

The above mathematical tool is applied to generate N years of monthly sjnthetic 

streamflows. From the Reservoir Management Modules interface (Figure 4.4), the DSS user can 
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directly go to the interface titled Reservoir System Configuration (Figure 4.7) by clicking on the 

Streamflow Generation Model button. From there, the user is prompted to choose a reservoir-

system configuration out of eight possible scenarios. This leads to the relevant database interface 

(e.g., Figure 4.8) that directs the user to provide/update appropriate data files to execute the 

synthetic streamflow generation model coded in MATLAB. 

Forecast model 

A total of 12 (t\vclvc) seasonal forecasts are generated (per stream/lateral flow) for all 

Octobcr-Scptcmbcr water years (as many years in historical data). An example follows: 

Seasonal forecast 1: Oct-Sep—12 months, starting October 1st 
" 2; Nov-Sep—11 months, starting November 1st 

3: Dcc-Sep~-10 months, starting December 1st 
4: Jan-Sep—9 months, starting January 1" 
5: Feb-Sep—8 months, starting February 1" 

11: Aug-Sep—2 months, starting August 1" 
12: Sep-Sep—l month, starting September 1" 

Once the seasonal forecasts are available (12 of them as above), each of the 12 is 

disaggregated to monthly expected values. For any year in the historical data, 12 seasonal 

forecasts are to be disaggregated to monthly, generating 12 monthly flow output files representing 

the windowed approach as above. Once the expected value of monthly forecast is generated, for 

every year, n sequences are generated by adding random term vector in the forecast equations. 

The forecast algorithm is produced as a series of routines that are capable of executing a 

Valencia and Schaake (1973) disaggregation model. Further, the disaggregation algorithm is 

subdivided into Uvo main components: spatial and temporal. Although it is possible to produce 

an algorithm that disaggregates spatially and temporally at the same time, the resulting size of 

parameter matrices can slow computational time in addition to producing suspect parameters. 



204 

Therefore, in order to save computational time and produce and preserve only those statistics that 

are realistic and desired, the spatial and temporal disaggregation models are developed 

independently and executed sequentially as needed. 

Disaggregation Algorithm 

Figure 4.6 shows the conceptual algorithm given the expected inputs and outputs to the 

disaggregation block. Initially, some input data are needed regardless of which disaggregation 

scheme is implemented. The "Key" series represents the historical series of data in the form that 

is to be disaggregated. The "sub-series" represents the historical series of data in the form of the 

disaggregated output. For instance, a temporal model may disaggregate annual data into monthly 

data. The annual data is the "Key" series and the monthly data is the "sub-series". The historical 

key and sub-series data are needed for each spatial and temporal model implemented. This 

algorithm has Uvo main components. The first is the model fitting process. The second is the 

execution of the fitted disaggregation model. The model only needs to be fit initially to produce 

the parameters that are needed to execute the disaggregation block. Once the parameters have 

been found in step I, the disaggregation block can be executed given any forecast to produce 

sequences of streamflows. 

Figure 4.9 shows the t\pical DSS interface setup to generate disaggregated monthly 

forecast from 12 seasonal ones. Simply clicking on the desired command button the user can run 

the appropriate code developed in MATLAB to generate monthly forecast for the specified time-

length, for every available year in the historical data. This windowed forecast approach is directly 

used in real-time implementation and the mean-variance stochastic model (Ahmed, 2001). 
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Reservoir simulation model 

The Simiilaiion Model (Figure 4.4) solves an exactly specified reservoir simulation 

problem. Reservoir simulation refers to the mathematical simulation of a river network with 

reservoir(s). The planning and operation of reservoir system requires the simulation of these 

systems to determine if demands can be met for water supply (municipal, industrial, and/or 

agricultural users, hydropower, instream flow maintenance for water quality, and flood control). 

The purpose of reservoir simulation for a given multi-reservoir system is to determine the 

reservoir operation (reservoir releases) over a given time period with known streamflows at input 

points to these reservoirs and other control points throughout the system. Reservoir simulation 

can be used to determine if a reservoir operation policy for a particular system can be used to 

meet demands. Reservoir simulation could also be used in a trial-and-crror fashion to develop 

reservoir operation strategies (policies), and for determining reservoir storage requirements. 

The routing of flow through a reservoir is accomplished by using the continuity equation: 

SH = Sj + Xj-Qj-Ej (3) 

Where j is a time period, Sj is the reservoir storage at the beginning of time period /, and Xj is the 

inflow during time period j, Qt is the release during time period j and Ej is the net evaporation (Cj 

- Pj) from the reservoir surface. Pj and ej are evaporation and precipitation, respectively. 

Similar to Streamflow Generation Model and Forecast Model, the Simulation Model 

prompts the DSS user to choose a specific system configuration (Figure 4.7) and provide/update 

required data files to generate the simulation results. A typical data file interface for a reservoir 

system (viewed under inset) is shown in Figure 4.10. 

Optimization model 

The Optimization Model (Figure 4.6) under the DSS is divided into following three sub-

modules (Figure 4.11): 
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a. Benefit function (Cost-to-Go) analysis 

b. Real-time implementation 

c. Mean-variance model 

Benefit function analysis 

The formal statement of the optimization problem (as applied to the Salt River Project 

system in Arizona) is to maximize the total energy production over the long term from a multi-

reservoir system containing n reservoirs. The reservoir releases are made primarily to produce 

energy. The releases arc limited to satisfy conservation of mass within each reservoir and the 

physical and technical limits on the system. These constraints include limits on reservoir 

capacity, power production and release. Mathematically, this stochastic problem may be written 

with respect to the reservoir stages as (Ahmed, 2001); 

m \t 
Max 5; E iZ N, (X„ \,) - {C (DEMAND, - J] Q,)}] j = 1, 2,... M (4) 

Subject to: V < V, < V (5) 

2 < Q j < Q  (6) 

Y < Y, < Y (7) 

N < Nj < N (8) 

S(V,) = S(V,.,) + X,-B(Qj + Yj) 

DEMANDj > Qj 

(9) 

(10) 
total 

V > 0  (11) 
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where ] denotes the time index, and E(Nj) is the expected total power production over the entire 

system at /-th time period of a total of A/periods, DEMAND is the total system demand, and C is 

the cost per kilowatt-hour energy. Xj is the stochastic inflow vector, and Vj, Yj, and Qj are 

vectors of water elevations, reservoir spills, and reservoir releases, respectively. Nj is the vector 

of power productions. Reservoir storage, S can be described as a function of the water sur&ce 

elevation, V (decision variable vector). The system configuration is defined by the connectivity 

matrix B. 

The objective function, Equation (4), is the summation of the net energy production over 

the time horizon. Equations (5) through (8) impose bounds on the water levels, spills, reservoir 

discharge and power production for each period. Equation (9) is the conservation of mass 

relations for a general system. The {C (DEMANDj - ^ Q,)} term is essentially the water 
total 

supply objective. 

The above formulation can be rewritten without much effort for two adjacent 

time periods J and j + 1 to facilitate writing the benefit function for the parameter iteration 

method (Zhang et al., 1991) forward in time horizon. 

A set of operation rules can be defined by the following form; 

Vj., = f(Vj,Xj) Vj (12) 

To avoid greater number of variables associated with the vectors V and X, a remaining benefit 

function can be adopted and ^vritten with respect to Vj i, which would defined by fewer 

variables. This minor change can considerably reduce the required computation time. This type 

of remaining benefit fimctions are defined as the total expected benefit (vahie) returns fi'om an 

arbitrary time period j to period ao. The benefit function (RJB( ,)) presumably has the following 

form: 
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RB,(Xj,Vj.,) = a,^Vj.,+b/Xj + X/CjVj., Vj (13) 

or, RB, = RBj(X„Vj.,) Vj (14) 

where parameters aj^ and bj^ arej x 1 column vectors and Cj is a symmetric matrix. Xj and Vj +1 

are row and column vectors for inflows and water elevation, respectively. Equations (13) and 

(14) can be written for each of the n reservoirs in the system. Equation (13) is equivalent to the 

Cost-to-Go function in dynamic programming. If that function is known, one can solve a real

time problem by maximizing return for one or more periods plus the remaining benefit (RB) 

function at the end of the analysis period. The problem here then is to find the optimal benefit 

function value and its parameters. 

Equation 13 represents a linear form of the remaining benefit function. Gal (1979) used a 

quadratic form that was suitable for the system considered. Several other forms of remaining 

benefit functions have been studied (Ahmed, 2001). The following form was chosen for this 

work based on the significance of added terms and high R' (Ahmed 2001); 

RB,(X,,Vj.,) = a,^V,., + b/Xj + Xj^C,Vj.,+d,^ Z SST Vj (15) 
k = j  

The DSS comes with options to choose and work with user-preferred remaining benefit function. 

Remainig Benefit (RB) Function Update 

The original stochastic ma.ximization problem (Equations 4-11) is implicitly solved using 

the RB function (Ahmed, 2001). Given a set of initial RBj coefficients and a sequence of 

SNTithetic streamflow generated based on historical data, a sequence of single period deterministic 

optimization problems of the follow ing form can be solved forward in time: 

P,(Xj,V,) =Max[N,(V,,Vj.,,Xj)-{C(DEMANDj-2 Q)}+RB, (X,, V,.,)] (16) 
lotal 
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V j . , e K  

These determinisiic problems are solved for every sub-period for each of N years of s>'nthetically 

generated monthly streamflows (Bras and Rodriguez-Iturbc, 1985). The solutions to M(=I2) 

sub-problems per year are the samples of the random variables X, V, and P: 

These processes arc assumed to be periodic with stationary ergodic property, or as stated in 

reservoir operations, the problem for a steady-state optimal policy is solved. 

Assuming the benefits P arc linearly correlated with X and V, then the parameter vector 0 

can be determined by: 

12 monthly periods arc used. Multiple Linear Regression (Haan, 1977) can be used to obtain the 

benefit function parameters. Conventional optimization schemes are also applicable. 

The value of the new remaining benefit function for any period J can then be defined as; 

The procedure is repeated for each month. Once the RB function is updated, the single 

period problems are again solved with the updated coefficients that may result in different 

policies and equation (18) is solved again for 0. This iterative procedure continues until the 

remaining benefit function coefficients converge to stable values. Figure 4.12 is a flowchart of 

the parameter iteration method. The generated streamflows can have any statistical properties 

{X,^ XA ... , Xm "}, {VA VA ... , Vm ".,}, and {P,S ..., 

k=l,2,...,N (17) 

P,(Xj,V,) = E(P,)+ 0^ + ej j=l,2,...,M=12 (18) 

RB,(Xi,V,.,) = E(Pj)+0^ 
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including temporal and spatial correlations. This approach is essentially that proposed by Gal 

(1979). 

Real-time implementation 

To overcome the difficulty of directly solving a large-period single problem, a temporal 

decomposition approach based on Lagrangian Duality is applied (Zhong and Lansey, 1992). The 

technique divides the original model into a finite number of smaller independent sub-problems 

(slave problems) which can be solved relatively quickly. The solution of the sub-problems must 

solve the original problem. Therefore, coordination beUveen sub-problems is accomplished 

through a Lagrangian function. A detailed description of the methodology is presented below for 

the deterministic case with unique sequence of inflows, and a summary is provided later for the 

probabilistic (expected return) case. Applications for both scenarios are dependent on results 

obtained from the parameter iteration method. 

For a single streamflow sequence (Figure 4.13), let Z; be a pseudo-variable that is 

defined as a vector of water surface elevations at the beginning of period 2, where vector 

dimension equals number of reservoirs, ti must equal to the ending water level for period I for 

each reservoir. Therefore, the constraints Vj = Z: are added to the model. 

The new set of constraints written in terms of the pseudo-variable Z; contains variables 

from more than one time period. As such, the problem can be decomposed by appending this 

constraint to the objective function, i.e., writing the following Lagrangian function (Ahmed, 

2001): 

iVR \{ Kt 
L = S tZ N,(Z:,V,,Yj)-{C(DEMANDj-X Q,)} + RBm (Xm-., Vm)] + ^/(V.-Z.) 

n=l y=I total /=I 

(20) 

or. 
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NR K( 
L = Z [ S Nj (Z:, Vi, Y,) - {C (DEMANDj - ^ Q)} + RBM (X^.,, VK,) + K/ V, - Zj ] 

n=l ;=l total 

(21) 

or, 

L = | ;  L ,  ( 2 2 )  
j=i 

where, 

L, = NJ (Z:, V,, YJ) - {C (DEMAND, - J] Q)} + RBM (XM-U VM) + V, - TT/ Z, 
total 

(23) 

and 7t, is the vector of Lagrange multipliers for each reservoir at theyth time period. The function, 

L, is defined as the dual objective fimction and the original objective function, Z [Nj - {C 

(DEMANDJ - Z 0;)}+ RBMI, is the primal objective fimction. 
total 

Z:, V|, and Y, only appear in the dual objective function and the remaining constraints for 

time period j. Therefore, the model is separable by time period with the objective function for 

each period of the form of Equation (23). The solution approach is then to decompose the model 

by time period and solve each sub-problem for optimal Z, V, and Y. 

Extension to Probabilistic Multi-period Scenario 

If a short-term forecast is available, a single stage problem for several periods, that 

optimizes equation (4) will not fully use that information. Thus a set of problems can be solved 

with alternative realizations of that forecast and the expected return for the next period 

determined. With probabilistic forecast, the objective function (Equation 4) for multi-period real

time optimization takes the form; 
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NR Kt 

Max 5; [E{ 2; Nj (Zj, V,, Y^) - {C (DEMANDj - J] Q)} + RBM (XM.,, V„)}] 
1=1 ;=1 to(a/ 

V j 6  F  

j = l,2,...M (24) 

The expectation, E{.}, is computed from a set of streamflow sequences based upon forecasted 

statistics. Focus is then made on making a single first-period decision (Sub-problem I in Figure 

4.13). Sub-problems 2 through M+I are let to vary by streamflow sequences. Solution 

methodologies for both deterministic and probabilistic scenarios arc similar in the manner the 

NLP tools are utilized. The constrained optimization problems are solved using Sequential 

Quadratic Programming (SQP) and unconstrained problems to update Lagrange multipliers arc 

solved using a Quasi-Newlon search scheme (Nash and Sofer, 1996; Nocedai and Wright, 1999), 

Mean-variance model 

Stochastic mathematical programming solutions may correspond to either one critical 

hydrological scenario or usually result in the assessment of the mean behavior of the system. The 

variability and uncertainty of the hydrologic input (streamflows) makes it a daunting task to 

identify the resulting variability in the model output (water release) as high, medium or low. In 

operations research, many engineering applications are experienced where one can, by brute 

force, identify uncertain model parameters (e.g., demands) as being within a range from low to 

high. But none of these models can actually tacklc the real life problem of variability in the 

parameters. With the variance and the power function being continuous, two formulations can be 

applied: 

Ma.x[E(.) I Var(.)<a] (25) 

and. 
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Min[Var(.) I E(.)>p] (26) 

where, a and P arc the tolcrance level on the variance [Var (.)] and the expectation [E(.)] of the 

return. As discussed earlier, formulations (25) and (26) take into account the variability in model 

response within an optimization fiaraework, and thus eliminate the possibility of any 

misinterpretation by the operators of a reservoir system. Equation 25 is implemented in this 

study. 

The First Order Second Moment (FOSM) analysis can efficiently and accurately estimate 

the variance of model output given uncertainty of the model input. The FOSM estimates are 

found by approximating a function with a Taylor series expansion around the mean value of the 

parameters and dropping higher order terms (Benjamin and Cornell, 1970; Mays and Tung, 

1992). The first-order approximation to estimate Var(N) is; 

d E i N )  ^  d E i N )  
Var(N) = [ 1^ Cov(X) [ ] (27) 

oX OA 

where N is the power function, X is the uncertain input or streamflow and Cov(A^ is the 

covariance matrix of the uncertain parameters. Equation (26) provides a matrix of variance 

values that define the variance of the expected return, in this case the power generated from the 

system, and the covariances of streamflows between operation periods, i.e., at different lags. 

Regardless of the form used (variance or standard deviation) for the chance 

constraint, the approximation on variance and standard deviation in this paper takes the 

form (in case of variance): 

Var(N) = Z  Var(x,) I N  (28) 
/=1 
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where, N  is the number of forecasted streamflow sequence, and N the power function. 

Similar expression can be written for standard deviation, which is simply the square root 

of the variance. 

In order to implement the mean-variance formulations (Equations 24 and 25), it is 

essential to quantify the uncertain benefit (value of water) at the end of the operating horizon. 

The parameter iteration method (Zhang et al., 1991) is applied to obtain the benefits from each of 

the operating periods. From multivariate regression analysis the correlations between the benefit 

ftinction parameters are obtained. These correlations are introduced in the variance structure for 

the last period in the operating horizon. The variance structure only needs modification for the 

last period in a real-time implementation. 

The DSS applies these schemes to generate optimal release policy for a reservoir system 

in real-time under hydroclimatic uncertainties. The sub-modules interface of the optimization 

model is shown in Figure 4.11. Clicking on the Benefit Function command button leads to the 

Benefit Function Analysis interface (Figure 4.14). For example for the SRP system the user will 

be prompted to provide the initial water surface elevation for the three var>ing-head reservoirs: 

Roosevelt, Bartlett and Horseshoe. The output can be generated by simply clicking the Run 

command in the interface. Similar interfaces are developed and linked among the optimization 

sub-modules to tackle the real-time implementation and the mean-variance model under 

windowed operating horizon (Ahmed, 2001). 

APPLICATION 

The DSS was applied to the operation of the Salt River Project (SRP) six-reservoir 

system, under the present physical conditions (Table 4.1). 
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The Salt River Project (SRP) is the nation's oldest and most successful multi-purpose 

reclamation development, providing a dependable supply of water and power for the greater 

Phoenix Valley (Figure 4.15). The project delivers water to I.012e' square meters (250,000 

acres) of land and electricity to approximately 325,000 customers (as of 1980). During 1977, the 

project sold 10.3 billion kilowatt-hours (kwh) of electricity; 8.6 billion were generated by the 

project and an additional 1.7 billion kwh were purchased from other utilities. The six Salt River 

Projcct lakes arc a major source of domestic and agricultural water for metropolitan Phoenix and 

provide a variet\' of recreational opportunities. The keystone of this water storage and deliverj' 

system is Theodore Roosevelt Dam, which was completed in 1911. The projcct also operates a 

1,300-milc transmission and distribution system for delivery of water to users. 

Following the long-standing reclamation principle, the project uses a small portion of 

electric revenues to help support water operations, thereby keeping water costs low. At the same 

time, the project maintains reasonable and competitive electric rates. This combination of 

dependable power and water has enabled the economic development of this desert valley and has 

made Maricopa one of the most productive agricultural counties in the nation. 

The SRP reservoir system (Figures 4.15 and 4.16) is comprised of six reservoirs on the 

Salt and Verde rivers. The reservoirs drain a watershed of more than 33670 square kilometers 

(13,000 square miles). The present capacity of the Theodore Roosevelt Dam, the oldest and the 

largest, is approximately 1.632e' cubic meters (1323 KAF). This capacity is larger than the other 

reservoirs on the Salt and Verde combined. Three dams downstream of Roosevelt on the Salt 

River are: Horse Mesa Dam (Apache Lake), Mormon Flat Dam (Canyon Lake), and Stewart 

Mountain Dam (Saguaro Lake). Two dams on Verde River are: Bartlett Dam (Bartlett Lake) and 

Horseshoe Dam (Horseshoe Lake). Granite Reef Dam at the confluence of Salt and Verde rivers 
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diverts water from the storage system into the distribution canals. It has essentially no storage 

capacity. 

SRP augments water deliveries with groundwater supplied by about 250 pumps 

throughout the salt valley. The wells have a seasonally varying nia.\imum capacity, that averages 

0.04 billion m^ (300 KAF) per month. The water supply difference is made up by relatively 

costly groundwater pumping. System net energy production is difference between hydroelectric 

generation and the energy consumed by the groundwater pumping (Equation 4). Hydroelectric 

power is produced at six sites in the SRP reservoir and distribution system; four dam sites on the 

Salt river and two smaller low head facilities in the distribution canal network (not considered in 

this study). The combined generation capacity of the Salt-river dams is 229 MW, of which 89 

MW is conventional generation, and 140 MW is in the form of pumped storage (not considered in 

this study) (Hooper et al, 1991). 

The Verde-river reservoir system has smaller capacity compared to the Salt river system 

(0.38 billion m^ versus 2.08 billion m') and average inflows (546e6 m^ versus 95le6 m^). Two 

dams have no hydroelectric power generation capability. Current SPR policy is to release water 

from the Salt river reservoirs up to the turbine capacity (May-September) at Stewart Mountain 

Dam, then to augment if necessary with releases from the Verde river reservoirs. The Salt system 

is shut down during October through April. There is a 2.81 cms (100 cfs) minimum flow 

requirement (due to set water rights) downstream of Bartlett dam. Release decisions are made at 

the beginning of water year (October-September) based on pre-set target total use (Table 4.2). 

When a release plan is determined, SRP uses detailed system simulation models to allocate water 

to various uses, to determine possible shortages, and to protect upcoming reser\'oir storage levels. 

Indian water rights are treated as minimum release constraints, and SRP member deliveries as 

target release. 
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SRP operates the reservoir system for the single objective of delivering irrigation water to 

SRP member lands and to contract water uses. By treating the water supply requirements as 

constraints, the authors have maximized a ner-power-generation objective function (Equation 4). 

Remaining benefit analysis 

With the long term forecast available (Appendix D), the next step to real-time 

implementation is to obtain the benefit of water at the end of the operating horizon. The 

remaining benefit (RB) function or Cost-to-Go analysis is applied on the three variable-head 

reservoirs: Roosevelt on Salt river, and Bartlett and Horseshoe on Verde river. The lower Salt 

reservoirs operate with level pool. Separate runs were performed using each of the remaining 

benefit function. For the base form (Equation 23), the parameter iteration method was applied for 

a 20-year period (240 sub-problems). The run was completed on a Pentium 400MHz computer 

with 64MB RAM, and took approximately 50 minutes for the benefit function parameters to 

converge. Run-time increases to several hours with increasing number of sequences. Alternate 

forms of remaining benefit function runs were made for up to 80-year period depending on 

parameter convergence. For the application system a 60-year duration proved sufficient. Of 

course the decision on what duration to use is system dependent. 

Results from the alternate form of RBF are tabulated in Tables 4.3 on Excel interface. 

Higher R^ value pointed toward the following appropriate form (Equation 15 repeated) of RBF 

for the application system: 

RB,(X„Vj.,) = aj^Vj., + bj^Xj + Xi^CjVjM+il/ Z SSI Vj (51) 
fc=/ 
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Real-time implementation results 

The 12 windowed streamflow forecasts (Appendix D) for the Salt River system are used 

to set up the real-time optimization problem using the Lagrangian Duality. The remaining benefit 

(Cost-to-Go) firom the last period (September) in the operating horizon is applied as a boundary 

condition for the real-time implementation. The coordination was performed using the Lagrange 

multipliers for each sequence, generating a vcctor of optimum multipliers. This method was 

applied for all the periods for as many periods in the windowed length. The decision variables 

(reservoir elevation) in windowed tabuhr form in Tables (4.4) for Roosevelt. Table 4.5 compares 

the expected monthly return and monthly return from a unique sequence (namely, the expectcd 

value forecast for May-September) in million dollars. The run for Table 4.5 was completed for 

May-September windowed when the Salt system is on. Similar comparisons can be made from 

other windowed lengths. The returns arc expectcd to converge with increasing number of 

sequences, N (Ahmed, 2001). The mean-variance formulation represented by equation 25 was 

applied to the application system and corresponding expected system retum, standard deviation 

and variance are shown in Table 4.6. 

CONCLUSIONS 

A DSS is developed under Visual Basic Shell with point-and-click approach to scIect 

necessary reservoir system configuration and guide the user to set up or update database to 

generate reservoir operation policy. The system accesses a database to locate the necessary data 

and utilizes a repertoire of mathematical and/or statistical models to fmally present the desired 

information at the user's terminal. Excel and Matlab are appropriately linked to complete the 

task. Sample application on the Salt River Project multi-reservoir system support the workability 

of the DSS. In a nutshell, the DSS comprises of a simulation model, forecast model, optimization 



219 

models that includc remaining benefit function analysis, real-time implementation via temporal 

decomposition and mean-variance analysis. Future improvement will include graphics and 

animation of water level fluctuation in application reservoirs. 
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NOTATION 

/ = I ,  2 , ,  M  i n d e x  o f  r e s e r v o i r  

;• = 1,2,..., A/index of time period 

0^ vector of parameters in remaining benefit function 

B reservoir configuration (connectivity) matrix 

E(.) expectation 

H [Hi, H:,... H„,]^ vector of net water heads (elevation) 

M number of monthly periods 

N lower bounds of power outputs 

N upper bounds of power outputs 

N. [NijN:j... N„,]^ vector of power productions 

N streamflow sequence 

P ( , )  benefit (value of water) 

Q lower bounds of controlled reservoir releases 

Q upper bounds of controlled reservoir releases 

Qi [QijQ:j ••• QnjF vector of controlled reservoir releases 

RB remaining benefit function 

s, [Sij S:j ... Snj]^ vector of water storage 

SST Sea Surface Temperature 

V lower bounds of reservoir water levels 

V upper bounds of reservoir water levels 

V, [Vij V:j ... V„,]^ vector of reservoir water levels 

Vd [Vid V;d... Vndl^ vector of downstream water levels 

X, pCij X:j ... Xnj]^ vector of direct inflows to reservoirs 



lower bounds of forced spills 

upper bounds of forced spills 

[Yij Yij... Ynj]^ vector of forced spills 
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Table 4.1. Salt River Project (SRP) dams and lakes specifications 

Dam Lake Capacity 

(AF) 

Surface acreage 
when full 

(AF) 

Max depth 

(FT) 

Roosevelt Roosevelt 1,336,734 17,300 234 
1,591,800 19,200 249 

Variable head (modified) (modified) (modified) 
7 unit power plant 

15,800 kwatt 

Horseshoe Horseshoe 131,427 2,800 142 

Variable head 
No power plant 

Bartlett Bartlett 178,186 2,700 188 

Variable head 
No power plant 

Horse Mesa Apache 245,138 2,600 266 

Level pool 
3 unit power plant 

30,000 kwatt 

Mormon Flat Canvon 57,852 950 142 

Level pool 
1 unit power plant 

7,000 k\vatt 

Stewart Mt. Saguaro 69,765 1.280 116 

Level pool 
1 unit power plant 

10,400 kwatt 
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Table 4.2. Current Salt River Project (SRP) total use and groundwater pumping plan 

Month 

Total Use 
(Surface + Groundwater) 

AF(MOOO) 

Groundwater Pumpage 

AF(«1000) 

Octobcr 832 240 
November 885 260 

December 920 270 

January 10 5 

Fcbruan' 30 15 

March 68 35 

April 154 65 
May 250 95 

June 360 125 

July 485 155 

August 617 180 
September 738 210 

Source: Salt River Project (SRP), Phoenix, Arizona 
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Table 4.4. Windowed monthly elevations (ft) for Roosevelt lake 

X Miciofoft Excel Book8 

:|;r. i 



Table 4.5. Monthly system return from power production (May-September Window) 

X MictojoM kneel Hook.9 

Note: Salt system is run May-September 

Obtained from forecast sequences 
** Obtained from a unique sequence of streamflows (expectcd value forecast) 



Table 4.6. Monthly system return from power production (May-September Window) 

(From Mean-Variance Formulation with a = 10) 

X Miciototl Encel Book12 

* Obtained from windowed forecast sequences 



Figure 4.17. Windowed monthly water surface elevations (fl) for Roosevelt lake 
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Figure 4.18. Windowed monthly water release decision (billion cu. ft.) at Roosevelt dam 
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Appendix D 

Windowed Strcamflow Forecasts 



Salt and Tonto combined strcamflow forecast scquenccs 
(October - September) 

Oct  Nov Dec Jan  Feb Mar  Apr  May Jun Ju l  Aug Sep 

(Flows in  CFS)  
EV 327.  13  334.  85  426.  05  425.  83  487.47 954.41 898.13 447.62 190.51 207.  81  463.13 329.06 
1  165.  20 237.  93  428.  92 247.  99  280.62 1319.73 881.41 400.32 183.76 165.  30 570.40 905.12 
2  773.  69  236.  52 67.  03  506.  47 431.03 1028.07 1404.72 729.30 166.05 176.  96 338.30 392.32 
3  85.  93 212.  93  151.  47 286.  56  983.37 1511.75 949.42 521.77 228.12 149.  59  1540.24 464.0  
4  514.  43 508.  26 625.  62 234.  94 1089.18 815.59 1074.85 598.74 268.39 183.  39  288.51 499.8  
5  62.  07 143.  00 200.  16  1020.  88  1129.39 962.50 743.69 331.25 126.37 142.  36  878.57 531.5  
6  233.  84 247.  19  334.  42 879.  77  537.65 1182.97 587.69 280.31 117.94 138.  45 490.53 443.4  
7  864.  52 711.  01  1256.  20 410.  97  503.03 1161.77 507.01 290.70 167.10 254.  84 258.98 140.4  
8  1610.  85  457.  98  770.  68 418.  32 565.74 814.88 988.25 586.93 123.77 198.  11  370.67 342.6  
9  35.  80 293.  96  259.  10  348.  04 1749.84 2230.18 1070.87 640.97 269.50 133.  15  836.65 458.8  
10 244.  37 419.  35  507.  84  370.  68  453.52 1386.86 2650.47 922.04 198.33 241.  18  262.83 547.4  

EV = expected value 



Salt and Tonto combined strcamflovv forecast scqucnccs 
(November - September) 

Nov Dec Jan  Feb Mar  Apr  May Jun Ju l  Aug Sep 

(Flows in  CFS)  
EV 186.39 160.08 264.21 380.19 456.76 500.19 300.56 154.61 270.42 643.08 398.28 
1  275.55 143.68 210.14 273.37 301.02 341.88 231.13 163.55 421.01 1471.98 498.84 
2  58 .87 44.23 218.22 613.20 465.05 301.67 202.69 141.91 254.47 1930.38 775.56 
3  105.84 92.82 254.23 258.94 526.85 388.14 312.49 164.07 234.09 565.67 323.85 
4 258.29 697.19 537.51 203.94 401.18 406.90 227.28 98.90 310.02 830.88 785.00 
5  441.16 213.71 421.79 490.24 224.57 228.34 143.04 129.84 115.88 1019.33 339.16 
6  109.07 136.01 262.20 366.34 319.41 490.47 219.31 99.79 349.64 1178.09 392.76 
7  133.97 76.28 168.46 365.08 593.88 1004.98 498.63 184.94 338.40 417.93 427.04 
8  150.58 98.58 267.81 357.19 354.36 623.85 383.82 145.28 278.58 806.67 361.01 
9  369.26 188.49 125.83 259.07 649.89 641.91 273.47 126.17 288.75 490.38 782.82 
10 152.63 151.96 377.25 1892.66 314.22 432.23 323.39 205.27 254.72 537.63 884.68 
EV = expected value 

to U/l 



Salt and Tonto combined strcamflow forecast sequences 
(December - September) 

Dec Jan  Feb Mar  Apr  May Jun Ju l  Aug Sep 

(Flows in  CFS)  
EV 1486.  29  671.  90  614.  07  2514.  01  2032.56 775.56 23b .40  140.60 305.50 262.86 
1  5126.  63  554.  40 326.  11  1789.  72 2153.52 916.01 276 .91  154.93 313.90 328.36 
2  706.  90 533.  11  415.  71  3245.  88  3239.00 865.17 270 .21  115.58 168.83 219.00 
3  1873.  06  1042.  13  663.  56 3332.  93  1012.76 376.73 232 .37  164.44 397.87 213.53 
4 3267.  74 1099.  58  606.  59  2409.  0 4  1311.49 614.97 175 .67  134.05 170.59 235.22 
5  1777.  55  1336.  94 545.  56  2880,  91  2242.74 1179.94 410 .21  145.73 106.14 373.86 
6  513.  71  209.  54 826.  66  3656.  74 3757.15 1417.62 276 .03  107.23 278.03 371.10 
7  8798.  98 728.  63  799.  34 2835.  56  1026.15 479.92 272 .03  222.88 680,65 294.65 
8  1179.  07 497.  35  252.  40 3688.  72 3118.82 869.64 221 .21  136.82 370,05 296.37 
9  3579.  41  5476.  16  1049.  92 1258.  69  1180.79 478.97 147 .24  107.15 216,35 134.16 
10 1621.  85  1012.  32 537.  53  5285.  41  1623.86 687.82 278 .81  196.64 230.87 116.48 

EV = expected value 



Salt and Tonto combined strcamflow forecast scqucnccs 
(January - September) 

Jan Feb Mar  Apr  May Jun Ju l  Aug Sep 

(Flows in  CFS)  
EV 962.73 1072.18 2250.63 1981.22 939.47 338.66 241.20 476.53 359.45 
1  1317.69 1327.27 1686.24 1365.14 808,38 348.45 217.93 495.58 369.20 
2  1402.43 538.69 1473.72 2915.31 1171.52 476.76 246.12 670.06 539.11 
3  281.02 1036.91 4561.89 1786.17 791.72 279.43 199.80 329.75 220.83 
4  209.41 1249.71 1452.61 1434.85 929.42 331.11 365.74 1351.14 494.92 
5  1183.26 1365.98 1888.42 1356.65 749.38 359.58 220.12 938.67 718.75 
6  476.16 841.36 4609.79 1505.59 922.30 357.62 204.78 311.82 321.72 
7  529.06 1736.90 2372.55 1942.90 1021.49 262.64 296.16 607.26 319.48 
8  1181.68 667.05 2487.34 1196.40 568.76 205.30 140.15 678.11 666.50 
9  2459.29 1099.17 3380.09 1460.44 580.34 292.11 230.18 370.89 181.83 
10 1402.50 1169.15 2723.51 1622.73 797.25 277.55 171.82 392.52 427.02 
EV = expected value 



Salt and Tonto combined strcamflow forecast sequences 
(February - September) 

Feb Mar  Apr  May Jun Ju l  Aug Sep 

(Flows in  CFS)  
EV 1026.44 2547.69 2276.95 996.35 336.71 224.16 479.42 369.53 
1  1461.99 2962.32 2227.24 1070.16 532.96 354.39 261.06 200.23 
2  343.53 2773.60 1222.79 691.35 290.30 235.31 854.71 557.90 
3  2721.80 1196.29 1318.17 626.67 211.01 193.88 796.17 470.96 
4  527.33 1543.28 1738.59 885.16 176.72 199.91 1290.97 1342.32 
5  4945.31 1454.83 3236.43 1278.96 228.13 177.10 613.84 304.50 
6  609.07 2483.07 2588.95 1095.61 406.18 255.04 387.68 423.44 
7  734.88 1536.06 1226.62 712.34 179.75 111.25 1368.64 442.49 
8  934.40 1212.01 2003.46 974.09 297.63 200.26 743.36 768.07 
9  708.40 1493.49 1537.22 599.52 318.64 341.86 1257.75 552.73 

10 1163.23 1078.46 3915.83 1613.59 396.80 291.82 679.53 338.45 

EV = expcctcd value 
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Salt and Tonto combined streamflow forecast sequences 
(March - September) 

Mar Apr May Jun Jul Aug Sep 

(Flow in CFS) 
EV 1712. 85 1597. 33 779.19 293.47 231. 75 480.38 345. 86 
1 758. 54 1181. 20 541.31 177.77 207. 29 1133.82 1502. 63 
2 2837. 32 882. 34 524.43 366.39 211. 61 345.40 186. 26 
3 1469. 90 1285. 91 602.98 186.21 181. 41 1290.83 885. 28 
4 1081. 06 1310. 18 653.01 328.34 239. 87 843.31 787. 96 
5 919. 73 630. 44 458.55 318.40 247. 70 1134.27 502. 91 
6 1045. 30 2074. 47 799.05 192.36 413. 04 589.18 393. 45 
7 2140. 49 1900. 90 790.49 248.40 131. 39 603.66 418. 93 
8 2569. 48 3443. 01 1256.02 389.74 277. 34 162.47 378. 46 
9 4934. 65 1173. 32 765.32 468.32 233. 16 237.05 110. 62 
10 3891. 70 2017. 87 933.07 302.56 384. 96 225.12 151. 39 
EV = expected value 

Salt and Tonto combined streamflow forecast sequences 
(April - September) 

Apr May Jun 

(Flow in 

Jul 

CFS) 

Aug Sep 

EV 325. 91 187.33 106.29 229.13 471. 49 301.11 
1 248. 62 141.66 132.68 326.09 516. 42 300.80 
2 407. 52 244.56 156.55 267.25 319. 68 224.68 
3 301. 23 218.84 144.00 363.03 386. 71 270.35 
4 260. 20 168.73 110.81 481.45 549. 13 363.23 
5 161. 49 127.53 86.52 196.64 1101. 03 428.32 
6 200. 57 128.88 72.34 156.92 1103. 76 331.12 
7 241. 90 105.91 74.79 184.95 948. 58 936.72 
8 488. 85 236.67 120.10 273.26 227. 66 325.85 
9 249. 42 129.60 63.90 256.24 638. 80 575.86 
10 349. 87 218.02 112.07 309.76 334. 66 269.41 

EV = expected value 



Salt and Tonto combined streamflow forecast sequences 
(May - September) 

May Jun Jul Aug Sep 

(Flows in CFS) 
EV 235.57 119 .93 193.10 347.17 252.27 
1 324.76 156 .68 176.85 313.05 166.56 
2 154.98 85 .09 166.83 517.46 798.96 
3 143.95 104 .48 208.64 595.84 208.94 
4 221.94 122 .73 136.86 341.55 294.77 
5 199.63 116 .35 218.26 367.13 477.95 
6 177.56 97 .58 188.32 495.96 177.54 
7 237.35 118 .08 202.55 281.43 98.98 
8 149.60 82 .91 194.28 409.22 215.14 
9 184.26 78 .48 316.14 383.25 121.33 
10 224.39 135 .49 217.75 483.04 173.01 

EV = expccted value 

Salt and Tonto combined streamflow forecast scquenccs 
(June - September) 

Jun Jul Aug Sep 

(Flows in CFS) 
EV 217.44 216.71 274.69 229.79 
1 96.85 159.51 433.41 248.64 
2 66.46 193.38 405.64 181.73 
3 197.46 277.59 289.97 363.28 
4 142.52 144.66 375.48 255.10 
5 245.93 241.18 287.07 236.80 
6 314.33 178.67 217.43 206.41 
7 266.18 251.16 213.24 321.02 
_8 230.41 410.82 286.04 183.26 
9 146.53 209.69 323.88 176.75 
10 349.58 184.27 268.78 132.73 

EV = expected value 



Salt and Tonto combined streamflow forecast sequences 
(July - September) 

Jul Aug Sep 

;Flows in CFS) 
EV 226.37 246. 18 215.27 
1 152.39 198. 83 329.64 
2 241.62 436. 91 97.47 
3 191.96 379. 52 123.88 
4 202.58 248. 66 309.95 
5 176.82 132. 25 619.70 
6 111.77 344. 24 195.40 
7 137.19 344 . 02 191.87 
8 327.06 274. 49 157.13 
9 108.91 331. 56 232.12 
10 226.53 185. 93 315.18 

EV = expected value 

Salt and Tonto combined streamflow forecast sequences 
(August - September) 

Aug Sep 

(Flows in CFS) 
EV 419.76 309.96 
1 428.77 304.50 
2 321.84 409.00 
3 557.18 224.32 
4 437.83 288.42 
5 328.83 428.26 
6 368.60 340.13 
7 456.24 258.12 
8 588.99 192.23 
9 549.32 231.14 
10 408.44 333.34 



Verde streamflow forecast scqucnccs 
(October- September) 

Oct  Nov Dec Jan  Feb Mar  Apr  May Jun Jul  Aug Sep 

(Flows in  CFS)  
EV 229.96 278.31 380.24 336.86 340.51 502.16 336.68 155.72 116.08 157.08 288.91 226.4  
1  116.13 197.76 382.80 196.18 196.02 694.36 330.41 139.26 111.96 124.95 355.83 622.98 
2  543.07 196.58 59.82 400.66 301.09 540.91 526.58 253.71 101.17 133.76 211.03 270.03 
3  60.41 176.98 135.19 226.69 686.91 795.40 355.91 181.51 138.99 113.07 960.83 319.41 
4 361.63 422.44 558.35 185.86 760.83 429.11 402.93 208.29 163.53 138.63 179.98 344.06 
5  43.63 118.65 178.64 807.59 788.91 506.41 278.78 115.24 77.00 107.61 548.07 365.83 
6  164.38 205.45 298.46 695.96 375.56 622.41 220.30 97.51 71.86 104.65 306.00 305.23 
7  607.73 590.95 1121.14 325.11 351.38 611.25 190.06 101.13 101.81 192.63 161.56 96.68 
e 1132.37 380.65 687.82 330.92 395.19 428.74 370.46 204.18 75.41 149.75 231.23 235.85 
9  25.17 244.32 231.24 275.32 1222.31 1173.39 401.43 222.98 164.20 100.65 521.92 315.80 
10 171.78 348.54 453.24 293.23 316.80 729.69 993.57 320.76 120.84 182.30 163.96 376.77 

EV = cxpectcd value 

K» L/l vO 



Vcrdc strcamflow forecast scquenccs 
(November - September) 

Nov Dec Jan  Feb Mat  Apr  May Jun Ju l  Aug Sep 

(Flows in  CFS)  
EV 247.64 273.22 381.19 522.85 430,80 344.23 171.78 129.12 196.66 349.54 261.30 
1  366.10 245.23 303.18 375.94 283.91 235.28 132.10 136.58 306.18 800.08 327.29 
2  78.22 75.49 314.84 843.28 438.61 207.60 115.85 118.51 185.06 1049.25 508.84 
3  140.62 158.42 366.79 356.09 496.90 267.11 178.60 137.02 170.24 307.47 212.44 
4  343.17 1189.95 775.49 280.46 378.38 280.03 129.90 82.60 225.46 451.62 515.03 
5  586.13 364.75 608.53 674.19 211.81 157.14 81.75 108.43 84.27 554.05 222.52 
6  144.91 232.14 378.29 503.79 301.26 337.54 125.35 83.34 254.27 640.34 257.69 
7  178.00 130.19 243.05 502.07 560.12 691.61 284.99 154.45 246.10 227.16 280.18 
e 200.06 168.26 386.38 491.21 334.22 429.33 219.37 121.33 202.59 438.46 236.86 
9  490.60 321.72 181.55 356.27 612.95 441.76 156.30 105.37 209.99 266.54 513.61 
10 202.78 259.36 544.27 2602.82 296.36 297.46 184.83 171.43 185.25 292.22 580.44 

EV = expected value 



Vcrdc strcamflow forecast sequences 
(December - September) 

Dec Jan Feb Mar Apr 

(Flows in 

May 

CFS) 

Jun Jul Aug Sep 

EV 571.11 245.79 161 .59  565 .  30 319.24 134.87 97 .  68 113 .68  224.21 186.  81  
1  1969.93 202.81 85 .82  402 .44  338.24 159.30 114 .  90 125 .27  230.38 233.  37  
2  2 1 1 . 6 2  195.02 109 .40  729 .87  508.73 150.46 112 .  12 93 .45  123.90 155.  64 
3  719.73 381.23 174 .62  749 .44  159.07 65.51 96 .42  132 .95  292.00 151.  76  
4  1255.64 402.25 159 .63  541 .69  205.99 106.95 72 .90  108 .39  125.20 167.  17  
5  683.03 489.08 143 .57  647 .80  352.25 205.19 170 .22  117 .83  77.90 265.  70  
6  197.39 76.65 217 .54  822 .25  590.11 246.53 114 .54  86 .  70 204.05 263.  74 
7  3381.04 266.55 210 .35  637 .  60 161.17 83.46 112 .  88 180 .21  499.54 209.  41  
8  453.06 181.94 66 .42  829 .44  489.86 151.23 91 .79  110 .  63 271.59 210.  63  
9  1375.40 2003.29 276 .29  283 .03  185.46 83.29 61 .  10 86 .64  158.78 95.  35 
10 623.20 370.33 141 .45  1188 .47  255.05 119.61 115 .69  158 .99  169.44 82.  79  

iV = expected value 



Vcrdc strcamflow forecast scqucnccs 
(January - September) 

Jan Feb Mar  Apr  May Jun Ju l  Aug Sep 

(Flows in  CFS)  
EV 535.58 554.10 1035.57 561.85 199.21 130.47 149.96 266.62 226.14 
1  733.04 685.93 775.88 387.14 171.41 134.25 135.50 277.28 232.28 
2  780.18 278.40 678.09 826.74 248.41 183.68 153.02 374.90 339.17 
3  156.78 535.87 2099.04 506.53 167.88 107.65 124.23 184.49 143.97 
4  116.50 645.85 668.38 406.90 197.08 127.56 227.40 755.96 311.37 
5  658.26 705.94 868.91 384.73 158.90 138.53 136.86 525.19 452.20 
6  264.89 434.82 2121.08 449.65 195.57 137.78 127.32 174.46 202.41 
7  294.32 897.63 1091.67 550.98 216.60 101.18 184.14 339.76 201.00 
8  657.38 344.73 1144.48 339.28 120.60 79.  09  87.14 379.40 419.32 
9  1368.13 568.05 1555.26 414.16 123.06 112.54 143.12 207.51 114.40 
10 780.23 604.22 1253.16 460.18 169.05 106.93 106.83 219.61 268.65 

EV = expected value 



Verde streamflow forecast sequences 
(February - September) 

Feb Mar  Apr  May Jun Ju l  Aug Sep 

(Flows in  CFS)  
EV 384.60 876.56 491.11 188.05 127.10 139.00 260.91 209.02 
1  547.80 1019.21 480.39 201.98 201.18 219.76 142.07 113.26 
2  128.72 954.28 263.74 130.49 109.59 145.92 465.14 315.57 
5  1852.98 500.55 698.05 241.39 86.12 109.82 334.06 172.24 
6  228.22 854.32 558.40 206.79 153.33 158.15 210.98 239.51 
7  275.36 528.50 264.57 134.45 67.85 68.99 744.83 250.29 
8  350.11 417.01 432.12 183.85 112.36 124.19 404.54 434.45 
9  265.43 513.85 331.56 113.15 120.28 211.99 684.48 312.65 
10 435.86 371.05 844.59 304.55 149.79 180.96 369.81 191.44 

EV = expectcd value 
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Verde streamflow forecast sequences 
(March - September) 

Mar Apr May Jun Jul Aug Sep 

(Flows in CFS) 
EV 723. 93 392 83 182.81 129.99 155.70 256. 57 196. 71 
1 320. 59 290 49 127.00 78.74 139.27 605. 57 854. 65 
2 1199. 18 216 99 123.04 162.29 142.17 184. 48 105. 94 
3 621. 25 316 24 141.47 82.48 121.88 689. 42 503. 52 
4 456. 90 322 21 153.-21 145.43 161.16 450. 41 448. 17 
5 388 . 72 155 04 107.59 141.03 166.42 605. 81 286. 04 
6 441. 79 510 17 187.47 85.20 277.50 314. 68 223. 78 
7 904 . 67 467 49 185.46 110.03 88.28 322. 41 238. 27 
8 1085. 98 846.74 294.69 172.63 186.33 86. 77 215. 26 
9 2085. 61 288 56 179.56 207.43 156.65 126. 61 62. 92 
10 1644 . 81 496 25 218.92 134.01 258.63 120. 24 86. 11 
EV = expected value 

Verde streamflow forecast sequences 
(April - September) 

Apr May Jun Jul Aug Sep 

(Flow in CFS) 
EV 246.48 144.71 108.64 212.14 338.75 244.50 
1 188.02 109.44 135.61 301.92 371.03 244.25 
3 227.81 169.06 147.18 336.12 277.84 219.52 

4 196.78 130.35 113.26 445.76 394.53 294.94 
5 122.13 98.52 88.44 182.06 791.06 347.79 
6 151.69 99.56 73.94 145.29 793.02 268.87 
7 182.95 81.81 76.44 171.24 681.52 760.61 
8 369.71 182.83 122.75 253.00 163.57 264.59 
9 188.63 100.12 65.31 237.24 458.96 467.59 
10 264.60 168.42 114.55 286.80 240.44 218.76 

EV = expected value 



Verde streamflow forecast sequences 
(May - September) 

May Jun Jul Aug Sep 

(Flows in CFS) 
EV 126. 05 105 49 178.23 261.64 207.54 
1 173. 78 137 .81 163.23 235.92 137.03 
2 82. 93 74 .84 153.98 389.97 657.32 
3 77. 03 91 .89 192.57 449,03 171.89 
4 118. 76 107 .95 126.32 257.40 242.51 
5 106. 82 102 .34 201.45 276.67 393.21 
6 95. 01 85 .83 173.81 373.76 146.07 
7 127. 01 103 .86 186.95 212.09 81.43 
8 80. 05 72 .93 179.32 308.39 177.00 
9 98. 60 69 .02 291.80 288.82 99.82 
10 120. 08 119 .17 200.98 364.02 142.33 

EV = expected value 

Verde streamflow forecast sequences 
(June - September) 

Jun Jul Aug Sep 

(Flows in CFS) 
EV 113.70 160.54 195.53 193.50 
1 50.64 118.16 308.51 209.37 
2 34.75 143.26 288.74 153.03 
3 103.25 205.64 206.41 305.91 
4 74.52 107.16 267.28 214.81 
5 128.60 178.66 204.34 199.40 
6 164.37 132.36 154.77 173.81 
7 139.19 186.06 151.79 270.32 
8 120.48 304.34 203.61 154.32 
9 76.62 155.34 230.54 148.84 
10 182.80 136.51 191.32 111.77 

EV = expected value 



Verde streamflow forecast sequences 
(July - September) 

Jul Aug Sep 

(Flows in CFS) 
EV 162.54 189.96 202.84 
1 116.60 153.42 310.61 
2 173.49 337.14 91.84 
3 137.83 292.85 116.73 
4 145.46 191.88 292.05 
5 126.96 102.05 583.92 
6 80.25 265.63 184.11 
7 98.51 265.46 180.79 
8 234.83 211.81 148.06 
9 78.20 255.84 218.72 
10 162.65 143.47 296.98 

EV = expected value 

Verde strcamflow forecast sequences 
(August - September) 

EV 248.51 217.00 
1 253.84 213.18 
2 190.54 286.34 
3 329.86 157.04 
4 259.21 201.92 
5 194.68 299.82 
6 218.22 238.13 
7 270.11 180.71 
8 348.69 134.58 
9 325.21 161.82 
10 241.80 233.37 

EV = expected value 


