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ABSTRACT 

The objective of this study is to develop a practical mathematical model to 

determine optimal operating rules for the reservoir system of the West Branch Penobscot 

River in the State of Maine of the US. This system is composed of five major lakes and it 

has three objectives. The hydro logical data are not available in winter in the upstream 

four lakes due to freeze and the length of flow data is less than 25 years. 

Dynamic programming (DP) has been used extensively for solving reservoir 

operation problems. One major drawback of DP for multiple reservoir operation is the 

"curse of dimensionality". Many variations of the original DP have been proposed to 

ease this problem, for example, incremental DP, discrete differential DP, differential DP. 

gradient DP, and spline DP. 

Instead of a DP approach, this smdy proposes using a nonlinear programming 

(NLP) approach to solve the multi-reservoir system. NLP has been developed 

extensively in the field of operations research but not yet widely used in reservoir 

operations. A distinct advantage of using an NLP model is that it can avoid the 

dimensionality problem because it solves directly the problem without discretizing the 

decision variables. 

To use the NLP approach, a real time operation model is specified at first. Then, 

a multivariate first-order autoregressive model is used to generate a large number of 

future inflow sequences. The MEMOS software package is then used to optimize the 

problem with each inflow sequence. MINOS can be implemented seemly in the 
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simulation process and can solve the problems without starting values of variables. The 

number of runs in a simulation is determined by a statistical model, which shows that 

500 runs are sufficient. Finally, the expected values and standard deviations of decision 

variables are tabulated and the distributions of decision variables are plotted. 

The proposed real time operation model runs once every month. An information-

updating scheme is embedded into the simulation and optimization models. For each 

month, the synthetic streamflows are updated to reflect the most recent hydrological 

conditions. Besides, the objective function and constraints can be modified if the 

situation of the system changes. 
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CHAPTER 1 

INTRODUCTION 

1.1 On Reservoir System Operation 

A reservoir system operation problem is usually a complex problem. The 

complexities may arise from several aspects: the objective domain, the uncertainty 

domain, the time domain, and the space domain. 

A reservoir may serve for one purpose or for many purposes, which include 

irrigation water supply, municipal and industrial water supply, hydropower generation, 

flood control, navigation, recreation, fish and wildlife maintenance, water quality 

management, downstream low-flow augmentation, etc. Some objectives often conflict 

with the others. For example, hydropower requires higher surface water elevation to 

provide larger water head for power generation but flood control requires lower surface 

water elevation to provide more storage for flood control. For some objectives, it is hard 

to measure their benefits in a quantitative manner. For example, the benefits derived 

from recreation have been extremely difficult to quantify. Multiple objectives also mean 

that there are often different groups involved in the overall operation. In addition to a 

(economical) benefit-driven operation, any alternative solution must be assessed with 

respective to environmental, political, and social feasibility. The more objectives 

involved with a reservoir, the more difficulties are in its operation. 
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The uncertainty that affects the performance of a reservoir system may be present 

in many ways, such as water demand for the future, inflows to the reservoir, the change 

of users and/or regulations, etc. Among them the uncertainty of the inflows is extremely 

important and is regarded as the major issue in reservoir system operation. There are 

many ways to deal with the uncertainty of inflows. The simplest way is to replace the 

uncertain inflows by their expected values, and then proceed with a deterministic 

approach. However, this approach is unacceptable when there is a large variation in the 

inflow time series. Besides the deterministic approach, there exist several stochastic 

approaches which can be classified into two major categories: "implicit" and "explicit". 

In the implicit stochastic approach, many synthetic inflow sequences are generated by a 

time series model. The system is then optimized for each inflow sequence, which is 

considered deterministic. The operating rules are derived by using multiple regression on 

the optimized operation sequences. On the other hand, the explicit stochastic approach 

assumes that the probability distributions of future inflows are known, which are usually 

estimated from historical records, and optimize the expected value of the objective 

function with respect to the distributions of inflows. 

Time is continuous and is extended to infinity. Two questions arise immediately 

within the time domain: How often will decisions to be made? How far will it be 

included in the operating problem? In literature, the first question was referred to the 

"time period" or "stage" of the operating problem and the second question was referred 

to the "planning horizon" of the problem. The time period may range from a day, a 

week, to a month. The planning horizon may range from 1 year, 10 year, to a maximum 
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(the life expectancy of a reservoir). Generally speaking, a reservoir operation problem 

can be categorized into a planning problem or a real-time operation problem. The former 

has longer time horizon and larger time periods while the latter has shorter time horizon 

and smaller time periods. The optimal operating rules derived from a plarming model 

usually are steady-state policies, that is, the operation policies for a given period will not 

change from year to year. On the contrary, the optimal operating rules derived from a 

real-time model can be adjusted in accordance with the latest hydrological condition. 

A reservoir system may consist of many reservoirs. These reservoirs may be 

either located in series on a river, or distributed in parallel on different rivers, or both of 

them. In principle, multiple reservoir operation is an extension from a single reservoir 

operation: the releases at a time period are dependent on the storage levels of the 

reservoirs and the possible future inflows to each of them. In practice, the operation of a 

multiple reservoir system is much more difficult than that of a single reservoir. On one 

hand, to use the traditional dynamic programming (DP) technique to deal wdth a multiple 

reservoir operation problem would result in the so-called "curse of dimensionality". On 

the other hand, to use the stochastic dynamic programming (SDP) to deal with the 

uncertainty of inflows, the probability distributions of inflows and their correlation to 

each other have to be defined and evaluated, which are extremely difficult for a multiple 

reservoir system. Therefore, the use of SDP for multi-reservoir systems usually assumes 

that the various natural inflows into the system are not cross-correlated. 
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1.2 Research Objective 

The objective of this study is to develop a practical mathematical model to 

determine optimal operating rules for a real-world reservoir system. The study area is the 

reservoir system of West Branch Penobscot River in the State of Maine of the US. This 

is a multi-objective multi-reservoir problem. There are five major lakes in this system. 

The objectives of the system include (1) generating desired hydropower at the power 

station, (2) maintaining desired water elevation in the upstream lakes, and (3) ensuring 

releases from the lakes greater than minimum requirements. 

Through the review of literature, researchers relied heavily on DP techniques to 

solve reservoir operation problems. The major difficulty to use DP on multiple reservoir 

operation is the "curse of dimensionality", which is caused by the discretization of the 

state variables. Many variations of the original DP had been proposed to ease this 

problem. Instead of using a DP solution approach, this study will propose using a 

nonlinear programming (NLP) solution approach to deal with the multi-reservoir system. 

NLP has been developed extensively in the field of operations research but not yet 

widely used in reservoir operation. NLP, unlike DP, does not discretize the decision 

variables and thus can avoid the dimensionality problem. 
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1.3 Organization 

In addition to this chapter, seven chapters are included in this dissertation. 

Chapter 2 reviews some recent papers that focused on large-scale reservoir systems 

operation. Some efforts to ease the '"curse of dimensionality" are included. Chapter 3 

describes the reservoir system to be studied in this dissertation. The problem is 

formulated in detail and the proposed solution procedures are outlined. Chapter 4 

presents a time-series model for synthetic streamflow generation. It covers model 

identification, parameter estimation, and model diagnostic checking. Chapter 5 presents 

an improved DP algorithm with coarse discretizations to solve the problem formulated in 

Chapter 3. The solution could serve as the starting values for an NLP model. Chapter 6 

presents an NLP solution procedure. The formulated problem is read and modified from 

a main program and is solved by calling an NLP solver—the MINOS software package. 

The simulation examples and statistical tests are also presented. Chapter 7 describes an 

information-updating scheme for synthetic streamflows, the objective function, 

constraints, and parameters in the problem formulation. The reliability analysis of the 

NLP model is illustrated by more test examples. Chapter 8 siunmarizes and concludes 

this study. Some recommendations are made for future studies. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 General 

A large number of publications on applying systems analysis techniques to 

reservoir operations have appeared in the literature during the past 30 years. Yakowitz 

(1982) gave a comprehensive review of DP models for water resources problems. 

Marino and Loaiciga (1983) presented a literature review on large-scale reservoir 

operation optimization models. Yeh (1985) presented a state-of-die-art review of 

reservoir management and operation models, which includes extensive lists of 

references. Wurbs et al. (1985) provided a state-of-the-art review and an annotated 

bibliography of system analysis techniques applied to reservoir operations, which cites 

over 700 references. Esogbue (1989) presented an overview of various aspects of DP 

and their applications in the water resources systems analysis. Wurbs (1991) presented a 

state-of-the-art review of modeling and analysis approaches for reservoir system 

operations, in which a broad range of modeling and analysis methods was covered. 

This Chapter will focus on some recent applications on large-scale reservoir 

system operation and some important techniques that were developed to ease the "curse 

of dimensionality". The applications using NLP solution approaches are also included. 
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2.2 Large-scale Reservoir System Operation 

Tai and Goulter (1987) presented a heuristic stochastic dynamic programming 

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

system. The approach utilizes the basic stochastic dynamic programming formulation 

for single reservoir problems. The linkages between the 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. 

Trezos and Yeh (1987) developed an optimization model, which takes into 

consideration the uncertainty of forecast 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. It uses the decomposition 

principle of dynamic programming without discretizing the state or control variable and 

therefore the method can be used for large-scale systems. 

Georgakakos and Marks (1987) presented a method for real-time operation of 

reservoir systems. The system is represented 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 which maximize the expected benefits of 

one of system's objective while satisfying the remaining objectives at pre-specified 

reliability levels. The solution is obtained by a method named extended linear quadratic 

Gaussian controller. It is a trajectory iterative algorithm theoretically expected to exhibit 

reliability and computational efficiency. 



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

correlation exists between the reservoirs' trajectories and hence between 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. They applied this model to the Quebec's La Grande 

River, which has five reservoirs. 

Foufoula-Georgiou and Kitanidis (1988) presented an algorithm, named gradient 

dynamic programming (GDP). The main irmovations over conventional discrete DP are 

in the functional representation of the cost-to-go flmction and the solution of the single-

stage problem. The cost-to-go function was approximated by the lowest-order 

polynomial. The improved accuracy of this interpolation scheme reduced the effect of 

discretization error and allowed the use of coarser grids, which reduced the 

dimensionality of the problem. Results for a four-reservoir example were presented. 

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 using the hydroelectric system on the North Fork of the 

Feather River in California illustrates the SSDP approach and its performance. 
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McLaughlin and Velasco (1990) described a real-time optimal control approach 

for operating a large hydropower reservoirs system. The stochastic operating problem is 

first formulated in general terms and then simplified to allow the use of classical linear-

quadratic stochastic control concepts. The solution to the simplified control problem is 

implemented by combining a linear deterministic control law with a linear estimation 

algorithm. The resulting stochastic controller was applied to a two-reservoir system in 

the Caroni River basin of Venezuela. 

Paudyal et al. (1990) addressed an optimal model of a system with two storage 

reservoirs and a run-of-river plant in series. The problem was dealt with by formulating a 

two-step model. In the first step, DP has been adopted as the primary tool for the 

optimization. To cope with the problem of dimensionality, the incremental DP technique 

is applied with the objective of maximizing monthly benefits derived firom energy from 

the system as a whole and ignoring streamflow stochasticity. In the second step, 

stochastic DP has been used to derive a long-term joint operation policy of the system of 

reservoirs in the configuration selected from the first step. 

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 program and an on-line program. The off-line 

deterministic dynamic program computes the values of the stored water through the year. 

The on-line program is formulated in terms of a stochastic dynamic program and 

conducted in real time for operation use. Each month a multidimensional search is made 

for the optimal set of reservoir releases that maximize system benefits. 
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Johnson et al. (1991) provided a theoretical justification for several heuristic 

operating guidelines, including the widely used space rule. The guidelines were 

expressed as a mathematical objective function and combined with constraints on system 

operation to yield one-period optimization submodels that can be used to determine 

releases within a simulation. The model was used to improve the simulated operation of 

the Central Valley Project in California over the critical period of record. 

Valdes et al. (1992) presented a group of optimization models for the real-time 

operation of a hydropower system of reservoirs. The dimensionality problems usually 

found in DP formulations are solved by a space-time aggregation/disaggregation 

procedure 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, the Lower 

Caroni system in Venezuela, Which is composed of four reservoirs in series. 

Karamouz et al. (1992) presented an implicitly stochastic optimization scheme 

for multiple reservoir systems. The scheme comprises 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 and 

synthetically generated series are required for this purpose. The three-step cycle begins 

with an optimization of reservoir operations for a given set of streamflows. The optimal 

operations from the solution are then analyzed in a regression procedure to obtain a set 

of operating rules. 
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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 

wdth a discrete lag-one Markov process, and uses Bayesian decision theory to 

incorporate new information by updating the prior probabilities to posterior probabilities. 

This continuous updating can significantly reduce 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 an alternative 

stochastic DP and a classical stochastic DP model. 

Mizyed et al. (1992) developed an operation model for the Mahaweli system in 

Sri Lanka. The model is to minimize a hydroelectric energy shortage and to satisfy 

prespecified irrigation demands. They compared two approaches for this system. The 

first involved monthly application of the optimal-control algorithm to find an optimal 

policy for the next year. The second was an implicit stochastic approach, in which linear 

operating rules are derived using deterministic optimal control. The implicit stochastic 

optimization approach had a great advantage regarding computer time and storage. 

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

develop numerical solutions to continuous-state dynamic programs can be reduced 

significantly when cubic piecewise polynomial functions, rather than tensor product 

linear interpolations, are used to approximate the value fimction. Tensor product cubic 

splines, represented in either piecewise polynomial or B-spIine form, and multivariate 

Hermite polynomials are considered. Computational savings are possible because of the 
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improved accuracy of higher-order function and because the smoothness of higher-order 

fimction allows 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. These two approaches are: (1) 

the traditional approach of determining release by interpolating in the policy tables 

produced by the SDP and (2) a reoptimized policy, which uses the cost-to-go function 

generated by the SDP to estimate the optimal release in each period. Reoptimizing the 

policy when a decision is made within the simulation resulted in better system 

performance, particularly when severe penalties were incurred for water and power 

shortages and coarse discretizations were employed in the SDP. The Shasta-Trinity 

system in Northern California is used as a case study. 

Crawley and Dandy (1993) developed a monthly planning and operational model 

for the Adelaide headworks system in South Australia. The system comprises ten major 

storages and three major supply pipelines. The objective of the model is to achieve a 

maximum yield for a given level of reliability and to reduce pumping cost. The model 

used linear goal programming to identify optimal operating policies for the system. The 

results obtained indicated that 5% to 10% saving of pumping cost could be achieved. 

Sadd et al. (1994) described a nonlinear disaggregation technique for the 

operation of multi-reservoir systems. The disaggregation is done by training a neural 

network to give 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 
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likely flow sequences. The aggregated storage level can be determined by stochastic 

dynamic programming in which all hydroelectric installations are aggregated to form 

one equivalent reservoir. The results of applying this technique to Quebec's La Grande 

river are reported. 

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 taken and tested using a simplified simulation model. This 

work illustrated the applicability and limitations of applying deterministic optimization 

to develop strategic operating rules for large-scale water resources system. 

Archibald et al. (1997) presented a method of determining an operating policy for 

a multi-reservoir system in which the operating policy for a reservoir is determined by 

solving a stochastic dynamic programming model consisting of that reservoir and a two-

dimensional representation of the rest of the system. They applied the method to 

examples of multi-reservoir system with between 3 and 17 reservoirs and showed that 

the operating policies determined were very close to optimal. 

Oliveira et al. (1997) used the genetic search 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 storage in each of multiple within-year 

periods. The proposed algorithm was applied to reservoir systems used for water supply 

and hydropower. 
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Nalbantis and Koutsoyiannis (1997) formulated a parametric rule for multi-

reservoir system operation. It was a generalized of the well-known space rule of 

simultaneously accounting for various operating goals and the goal of avoiding 

urmecessary spills. The rule is parameterized so that it contains two parameters for each 

reservoir. The rule derived a simulation model of the reservoir system, which is 

embedded in a scheme that optimizes the ruler's parameters. The rule tested on the case 

of the multi-reservoir water supply system of the city of Athens, Greece. 
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2.3 The "Curse of Dimensionality" 

Dynamic Programming has been used extensively for solving reservoir operation 

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

reservoir problem. When dealing with a multiple reservoir system, an increase in the 

number of discretization and/or state variables would increase the number of evaluations 

of the recursive formula and of core memory requirement per stage. This problem of 

rapid growth of computer time and memory associated with multiple state variable DP 

problems is referred to as the "curse of dimensionality" (Bellman, 1961). 

To ease the problem of dimensionality, many modifications to the original DP 

technique have been proposed. The following lists some important ones. 

Bellman and Dreyfus (1962) suggested the dynamic programming successive 

approximation (DPSA) technique. It decomposed an original multiple-state variable DP 

into a series of subproblems of one state variable. In an iteration, only one of the state 

variables Is allowed to change while the other variables were kept constant. This 

provides a considerable reduction in computation because the computations increase 

linearly instead of exponentially as the number of state variables of the DP increases. 

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

Differential DP (DDP). It was a successive approximation approach that started from an 

initial control strategy supplied by the user. The objective fimction was approximated at 

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

objective function was then optimized through a quadratic programming process to 

produce a new control policy, and the whole procedure was iterated until convergence. 
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Larson (1968) introduced a technique call 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 was discretized into uniform increments, called the state increments. Several states 

that around the trial trajectory form a band called a corridor. The traditional dynamic 

programming approach is applied within the corridor to find an improved trajectory. 

Then a new corridor is formed around the improved trajectory. The process is called an 

iteration. This procedure is repeated to some iteration k, which produces a difference in 

system retiun, fk - fk-i, less than a specified tolerance. At this point, the size of the state 

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

from die last iteration completed. The iterations continue until a specified minimum 

corridor size is reached. 

Kitanidis and Foufoula-Georgiou (1987) and Foufoula-Georgiou and Kitanidis 

(1988) proposed the Gradient DP algorithm (GDP). It uses cubic Hermite polynomials to 

approximate the future value flmction between grid points. Thus, for the same number of 

discretization levels, GDP should yield more accurate solutions. The improved accuracy 

of this Hermitian interpolation scheme reduces the effect of discretization error and 

allows the use of coarser grids which reduces the dimensionality of the problem. They 

found that the GDP solutions were of equivalent accuracy to those of an algorithm that 

used linear interpolation and had over tvdce the number of discretization levels. 
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Similar to GDP, Johnson et al. (1993) proposed using cubic piecewise 

polynomial functions to approximate the value functions. It is possible to save more 

computation time because of the improved accuracy of higher-order functions and 

because the smoothness of higher-order function allows efficient quasi-Newton methods 

to be used to compute optimal decisions. The test results showed that the use of the more 

efficient piecewise polynomial form of the spline was slightly superior to the use of 

Hermite polynomials. Besides, the programming of a spline piecewise polynomial 

approximation is easier than that of a Hermite polynomial approximation. 
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2.4 Nonlinear Programming Applications 

Literature in the past thirty years does not contain much on the use of nonlinear 

programming (NLP) techniques in reservoir systems operation. Lee and Waziruddin 

(1970) compared two NLP techniques, the gradient projection method and the conjugate 

gradient method, on a theoretical system of three reservoirs in series. The model had a 

quadratic function, 15 linear equality constraints, and 90 linear inequality constraints. 

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

for a large scale hydroelectric system encompassed by the Columbia river basin. The 

largest numerical case involved approximately 6000 variables, 4000 linear equations, 

11000 linear and nonlinear inequality constraints and a nonlinear objective function. 

Chu and Yeh (1978) applied Lagrangian procedures to solve real-time operations 

for a single reservoir system. The problem had a nonlinear concave objective flmction 

with nonlinear concave and linear constraints. The minimization of the Lagrangian was 

carried out by a modified gradient projection technique. 

Simonov and Marino (1980) presented a NLP model, which included reliability 

constraints. A three-level algorithm was proposed to solve this problem. The first two 

levels consist of a two-dimensional Fibonaccian search procedure and the third level is 

an optimization scheme using the gradient projection method. 

Rosenthal (1981) presented a nonlinear network flow algorithm for maximization 

of benefits in a multi-reservoir hydroelectric power system. The proposed algorithm was 

based on a reduced gradient methodology (with some nonstandard modifications) and on 

primal linear network flows (with simplifications from the special structure of network). 
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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 armual 

benefit from the construction of reservoirs and hydropower generation facilities. The 

generalized reduced gradient algorithm and the penalty success linear programming 

algorithm were used to solve the problem. 

Recently, Sylla (1994) provided a general formulation of water resources 

allocation problem with explicit engineering details and investigated several solution 

procedures for their applicabilities. The author developed an efficient algorithmic 

framework exploiting the special network structure to solve the problem occurred by a 

large number of linear equality constraints. 

Throughout the literature review, we see that DP dominates the optimization 

market of reservoir systems operation but why not NLP? In his review paper, Yeh 

(1985) said: 

''Nonlinear programming (NLP) has not enjoyed the popularity that LP 
and DP have in water resources systems analysis. This is particularly due 
to the fact that the optimization process is usually slow and takes up large 
amounts of computer storage and time when compared with other 
methods. The mathematics involved in the nonlinear models is much 
more complicated than that in the linear case, and NLP unlike DP can not 
easily accommodate the stochastic nature of inflows to the system." 

"NLP does offer, however, a more general mathematical formulation and 
may provide a foundation for analysis by other methods. NLP can 
effectively handle a nonseparable objective fionction and nonlinear 
constraints which many prograrrmiing techniques carmot. ... For a system 
of reservoirs, the number of constraints is large because they deal with 
similar subsystems, repeated in time or location. Therefore NLP will gain 
its practical importance in water resources systems with the development 
of computer technology and effective algorithms for large-scale, multi-
objective optimization." 



32 

In recent years, the computer technology advanced dramatically. We now have 

much faster computers with huge storage and memory. A 300 MHz Pentium II CPU 

IBM-compatible PC, a model of 1997, runs about 2000 times faster than a 4.77 MHz 

8088 CPU IBM PC, the first generation PC in 1981 (Mueller, 1998). The field of 

operations research also made fast progress. More and more mathematical programming 

packages were developed (NEOS Guide, 1998); some of them aimed at solving large-

scale problems. The NLP codes are faster and more reliable than the past. Thirteen years 

have passed since Yeh's prediction but there were still few applications using NLP on 

reservoir systems operation. The most distinct difference between an NLP model and a 

DP model is that NLP solves directly the problem without discretizing the decision 

variables. Therefore, for multi-reservoir systems operation, NLP could avoid the "curse 

of dimensionality". In Chapter 3, the author will propose using an NLP approach to deal 

with the multiple reservoir system specified for this study. 



CHAPTER 3 

PROBLEM FORMULATION AND SOLUTION PROCEDURE 

3.1 Problem Description 

Figure 3.1 shows lakes and ponds in the watershed of the West Branch Penobscot 

River in the State of Maine of the U.S. There are many lakes and ponds in this 

watershed, some are big and the others are small. 

All the parties interested in this hydrosystem formed an informal Storage Project 

Stakeholders Group composed of representatives of the Great Northern Paper, Federal 

and state regulatory agencies, native American tribes, private camp owners, fishermen, 

and other interested parties. The members of the Stakeholders Group do not have a 

common objective. The Great Northem Paper (GNP) is primarily concerned about the 

hydropower generation at the Ripogenus Lake. Other members of the Group have goals 

related to providing and maintaining an adequate habitat for fish and wildlife, to 

recreation and to other purposes. The members of the Group had revised a draft of water 

management plan in 1997 (parts of it are shown in Appendices A, B, C & D). 

The objective of this study is to produce a framework for the optimal operation 

of the hydrological system upstream from and including Ripogenus Lake, for fishery, 

wildlife, and hydropower generation. For fishery, the main concern is the controlled 

outflows from lakes and ponds during the period from mid-July to October. For wildlife. 



Figure 3.1 Lake and Ponds in the Watershed of the West Branch Penobscot River, Maine, USA 
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the primary concerns are the control of water levels of the lakes and ponds that will 

promote nesting opportunities for waterfowl during the period from mid-April to mid-

July. For the hydropower generation, the objective is not only to maximize total 

electricity generated but also to supply it when it is needed during the yearly cycle. In 

the winter, from November to mid-April, the gates of lakes upstream Ripogenus Lake 

are fully open and neither lake levels nor outflows are controlled. 

There are 32 lakes and ponds in this area but most of them are very small. Only 

11 of them have measured hydro logical data. Table 3.1 shows the storage capacity and 

drainage area of these 11 lakes and ponds. The largest five lakes (Canada Falls, 

Seboomook, Caucomgomoc, Ragged, and Ripogenus) contain 95.5% of the total storage 

capacity. It is reasonable, therefore, to analyze the hydrological system comprised of 

these five lakes and to develop an operational model for them and neglect the other six 

lakes and ponds which have less than 5% of the total storage capacity in the watershed. 

Table 3.1 Storage Capacity of Lakes and Ponds Upstream from Ripogenus Lake, Maine 

Lake or Pond Drainage Area 
(mile^)* 

Capacity 
(BCF)* 

Capacity 
Percentage (%) 

Penobscot Lake 15.75 0.352 0.86 
Canada Falls Lake 165.67 0.944 2.30 
Long Pond 14.40 0.131 0.32 
Dole Pond 28.35 0.168 0.41 
Seboomook Lake 301.80 5.100 12.41 
Loon Lake 59.90 0.459 1.12 
Caucomgomoc Lake 117.61 1.852 4.51 
Umbazooksus Lake 25.68 0.412 1.00 
Ragged Lake 40.09 1.328 3.23 
Harrington Lake 39.64 0.335 0.82 
Ripogenus Lake 613.01 30.00 73.03 

Total 1421.9 41.081 100 
* Imile =2.59 km 
** 1 Billion Cubic Feet (BCF) = 22,957 acre-feet = 28,317,000 cubic meters 
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3.2 Problem FormuJation 

3.2.1 Notations 

A schematic representation of the hydrosystem that is the major contributor to 

the Ripogenus Lake is shown in Figure 3.2. The notations used in this figure are Q = 

uncontrolled flows contributed by the watershed, S = storage volume. R = water 

releases, O = excess release from Ripogenus other than for hydropower generation. 

Figure 3.2 Schematic Representation of the Hydrosystem. 
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The notations used to define the objective function and constraints are as follows: 

t : index for time period, t = 1,2,...., 12 
I=January, 2=February,...., I2=December. 

j : index for storage site, j = 1, 2, 3,4, 5 
l=Canada Falls lake 
2=Seboomook Lake 
3=Caucomgomoc Lake 
4=Ragged Lake 
5=Lake Ripogenus. 
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Q,' : inflow to sitej in period t; j=l,...,5; t=l,...,12 
Hj., : elevation at site j at the end of period t; j=l,...,5; t=l....,12 
Sj.t : storage at sitej at the beginning of period t; j=l,...,5; t=l,...,12 
h' : release from sitej in period t; j=l,2,3,4; t=l,...,12 
Rs., : release through turbines at Ripogenus in period t; t= 1,..., 12 
Os, : release other than that which passes through turbines in period t; t=l 12 
n nun 
Rj. '  : minimum release fi-om sitej in period t; j=1.2,3.5; t=l 12 

Kj : maximum storage capacity of site j; j=l. ..5 
^min : dead storage of site j; j=l,...,5 

: the elevation of water surface at site j when the storage is dead storage; j=l. 5 

Ps., : power generation in period t; t=l,....12 
yjmax : maximum turbine flow 
T,. : target of lake elevation in sitej at the end of period t, j=1.2.3,4; t=l 12 

Tu : target of power generation in period t; t=l,...,12 
pmin : minimum power generation in period t; t=l,...,12 

utility function at sitej in period t,j=l,2,3,4;; t=l,...,12; Uj,, e(0,l) 

Us.iPs.,)'. utility function for power generation in period t; t=l,...,12; Us,, e(0,l) 

kj,i : utility scaling constants; j=l ,2,3,4,5; t=4,.. .,9 

3.2.2 The Objective Function 

As mentioned in Section 3.1, the three objectives of the system are (1) 

hydropower generation at Ripogenus Lake, (2) to maintain the water elevation in the 

four upstream lakes, and (3) to ensure releases greater than minimum requirements. 

Since there are no common dimensions for the measurement of the performance for 

these three objectives, they need special treatment before they can be grouped together. 

First of all, the minimum release component can be added to the constraint set, thus 

simplifying the problem. This means that the minimum-release targets will be achieved 

all the time. Next, since the elevation targets have been specified in the draft of GNP 

Water Management Plan (GNP, 1997), a good measurement for the performance of this 
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component of the objective is how close to a target is the solution. If we achieve a target 

then we are most satisfied. On the contrary, if we are far fi-om the target, we are least 

satisfied. The closer to the target, the more satisfaction we have. Mathematically, the 

satisfaction can be expressed as a utility function, that is. 

In equation (3-1), the utility Ujj refers to the four lakes upstream from Ripogenus 

and for the seven non-winter months, from t=4 (April) to t=9 (September). If the 

elevation of water in these lakes reaches its target, we are 100% satisfied and the utility 

is "1". If, on the contrary, the reservoir is empty, we are not satisfied at all and the utility 

is "0". Because the gates are fully open at the end of October, the targets of elevation are 

equal to the minimum elevations. Therefore, Equation (3-1) is not applicable. Under this 

situation, the elevations are set as minimum elevations and are put in the constraint set. 

In a similar way, once the targets of power and the minimum power at Ripogenus 

are specified, we can construct a utility fimction for the objective of power generation, 

that is. 

Tj —LL 1±. i=I2 3 4- t=4 5 9 
( T . - H , . y  

(3-1) 

f J -p y 
^ 5.1 ^5.1 t=l,2,...,12 (3-2) 

In Equation (3-2), if the power generation reaches the target {P5,t=T5,,), the utilit>' 

is "I", that is, we are 100% satisfied with the result. If the power reaches only minimum 

level {Pj.t= ), the utility is "0", that is, we are not satisfied at all. 
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Finally, one can put the utilities for these five lakes in a single objective function, 

that is. 

Maximize J]U, , {P. ,) + X C)} + Z^5., (A.,) + ̂ i.finai 
f = l  1=4 j = \ (  =  1 0  

(3-3) 

Equation (3-3) is a multi-attribute utility fimction, in which kj,, are the scaling 

5 

constants for these utilities, where = 1 V t=4,...,9. In general, the scaling constants 
;=i 

are assessed in accordance with the preference of a decision-maker. Since there are 

different parties represented in the stakeholder group, no one can decide the value of 

these constants independently. For the sake of equal importance, one can put an equal 

weight on each lake, that is, 

kjj = Q2 Vj=l,...,5;t=4,...,9 (3-4) 

l^sftnai is the remaining value of the system. The remaining value of the system 

after the end of the twelfth month may be considered as the amount of water in storage 

remaining at Ripogenus Lake. It is expected that there will be as much water as possible 

remaining for power generation for the following year. Similar to the elevation utilities, 

one can define a utility fimction for the value of storage at the Ripogenus Lake, 

^max final 
^ i .final ~ 1 rrmax rymin 

V " s  " 5  J  
(3-5) 

where ///""' is the final elevation at Ripogenus Lake at the end of the 12-month time 

horizon. 
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3.2.3 Constraints 

(1) Power Generation Function: 

Appendix E shows the turbine production curves for the hydropower plant at 

Ripogenus Lake, which were supplied by the GNP. For the purpose of calculation, 

several points on the curves are selected, listed in Table 3.2, and used for curve 

fitting. 

Table 3.2 Selected Points on Power Plant Production Curve 

Flow Rate (cfs) Production Flow Rate (cfs) Production 
(Kw/cfs) (Kw/cfs) 

400 12.00 1800 13.00 
500 12.55 2000 12.70 
600 13.05 2060 12.60 
720 13.30 2200 12.65 
830 13.20 2400 12.62 
900 13.35 2600 12.50 
960 13.38 2800 12.27 
1000 13.30 3000 11.90 
1100 13.05 3200 11.42 
1200 12.60 3400 10.90 
1400 13.00 3450 10.78 
1600 13.15 

Because the minimum required release during a year is 1300 cfs, only the points 

with flow rate greater than 1300 cfs are used for curve fitting. Figure 3.3 shows the 

fitted curve and its equation. 

Figure 3.4 shows the water head correction curves and their regression equation, 

which were supplied by the GNP. 
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Figure 3.3 Power Plant Production Curve 
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The generated power rate (KW) equals to the flow rate (cfs) through turbines 

times the turbine production (KW/cfs) times the water head correction factor. That 

is, 

Py, =^5., X(I1.4105 + 1.9724X10-'(^5,)-6.17248X10-'(/?5,)-) (3-6) 
f u ^ u ^ H,,., + //s., 

-758.0-1.6 xlO-''(/?5,)' /186.0 
V - / 

(2) Elevation-Storage Relationship: 

Appendix F shows the elevation-storage relationships for the five major lakes. 

For the purpose of computation, these relationships are approximated by nonlinear 

curves, such as the curves shown in Figures 3.5 to 3.9. The equations for the fitted 

curves are, 

H„ =1226.03+ 27.9519(5,,)-25.7418(5,,)'+10.0815(5,,)" (3-7) 

//,, =1047.48+ 10.4522(5,,)-1.5590(5,,)- +0.0964189(5,,)' (3-8) 

^ 3 ,  = 990.09 + 4.52151( 5 3 ,  )-0.140144( S 3 , ) '  (3-9) 

=1120.94+ 14.8072(5,,)-3.32646( ^ 4 , ) '  (3-10) 

^ 5 ,  = 912.492 + 1.38892( 5 5 ,  )-0.0114883( 5 5 , ) '  (3-11) 
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Figure 3.5 Elevation-Storage Curve, Canada Falls Lake 

1240 

1235 
H=1226.03+27.9519S-25.7418S^+10.0815S-

S>0.032 
1230 

.2 1225 
to > 

HI 1220 

1215 

1210 
0.4 0.2 0.6 0.8 1.0 1.2 0.0 

Storage (BCF) 

Figure 3.6 Elevation-Storage Cun/e, Seboomook Lake 
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Figure 3.7 Elevation-Storage Curve, Caucomgomoc Lake 
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Figure 3.8 Elevation-Storage Curve, Ragged Lake 
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Figure 3.9 Elevation-Storage Curve, Ripogenus Lake 

950 

940 

^ 930 

.S 920 
eo 

910 

900 

890 
0 5 10 15 20 25 30 35 

Storage (BCF) 

H=912.492+1.3889S-0.01148838-
S>0.663 ^ 

I I 



46 

(3) Mass Balance Equations: 

•^1./ ~ 
(3-12) 

'^2.1 "^Ql.t "^^1./ ~ ̂ 2.t*l (3-13) 

Qi.l ^3.f ~ (3-14) 

•^4,/ Qaj ^i.i ~ (3-15) 

^5., +Q5.1 +^2.f +^3,/ "••^4., -^5.1 ~Osj (3-16) 

The available hydrology data include actual elevation of the surface in the lake, 

the volume of water stored in the lakes, and the releases from the lakes. The inflows to 

lakes are calculated by the mass balance equations. Therefore, the evaporation and 

seepage losses are already included in the estimated inflows and do not appear in the 

mass balance equations (3-12) to (3-16). 

(4) Minimum Releases: 

(3-17) 

(5) Storage Bounds: 

57" < < K (3-18) 

(6) Maximum Release Through the Power Plant at Ripogenus: 

(3-19) 
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3.3 Solution Procedure 

The uncertainty of inflows plays a big role in reservoir systems operation. The 

two major approaches to deal with the inflow uncertainty are an explicit approach and an 

implicit approach. The explicit stochastic model usually gives a steady-state solution as 

the optimal operating policy. The steady-state solution implies that if the conditions of a 

system will not change, then, for a long run, the given operating policy will be optimal. 

In the reservoir system in this study, the available hydrological data are short and 

discontinuous in the winter. Also, the GNP water management plan is still under 

negotiation and the targets for releases and elevations of surface water are tentative. An 

implicit stochastic model allows the use of new information obtained during each time 

period. Thus, an implicit stochastic model is proposed for this system. The implicit 

stochastic model requires a time series model to generate a large numbers of future 

inflows for the purpose of simulation. 

In order to avoid the "curse of dimensionality", a nonlinear programming (NLP) 

approach will be adopted to solve problem formulated in previous section. However. 

NLP solvers usually require a set of "good" initial values for the variables. For a large-

scale problem, it is difficult to obtain a set of good initial values. Intuitively, die 

solutions obtained by a dynamic progranuning (DP) model may be seen as sub-optimal 

solutions to the original problem yet could be good starting values to the NLP model. 

At the begiiming of a month, the initial storage is observed and the inflows 

during the previous month are calculated. Then, a time series model is used to generate a 

large numbers of sequences of future 12-month synthetic streamflows based on the 
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historical data. A discrete DP algorithm is used to solve the problem and give a set of 

initial solutions to the NLP model, which employs a nonlinear solver to solve the 

problem. For each set of the synthetic inflows, both the DP and the NLP models are 

considered as deterministic. In order to decide how many runs in the simulation are 

sufficient, two simulations with the same runs are performed independently. The results 

of these two simulations are compared and tested for the shapes of their distributions. 

The simulations are terminated if the test reveals that there are no significant differences 

between these two simulations. Finally, the means and standard deviations of the 

decision variables are tabulated and the distributions of the decision variables can be 

presented graphically. 

A time horizon of 12 months was considered in the formulation of the problem. 

In other words, the decision made at present is based on the current storage in lakes and 

on the streamflows forecast for the next twelve months. As time advances, one will have 

new observed storage data. This storage does not necessary equal to the number decided 

by the optimization and simulation models because the forecasting can not be very 

precise. It is beneficial, therefore, to use the new information to update the optimal 

operating policies for the current time period. In addition, one can extend the historical 

streamflow data and use them to update the forecast synthetic inflows. This will improve 

the operating policies. Furthermore, the targets of elevations, the targets of power 

generation, and the parameters used in the problem formulation may change over time. 

All these can be updated in the future. 

The overall solution procedure is shown in Figure 3.10. 
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Figure 3.10 Problem Solution Procedure 
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CHAPTER 4 

SYNTHETIC STREAMFLOW GENERATION 

4.1 Introduction 

Time-series analysis has been an important tool in stochastic hydrology. It is used 

to build mathematical models for generating synthetic streaflows, forecasting future 

hydrologic events, detecting trends in hydrologic records, filling missed data, etc. The 

basic assumption of the synthetic streamflow generation is that the streamflow 

population can be described by a stationary stochastic process, that is, a process v^^hose 

parameters do not change over time. Then, a statistical model may be fitted to the 

historic streamflows and used to generate synthetic streamflows. 

Because the hydrologic data for the four upstream lakes in the winter are not 

available due to freeze, the inflows to these lakes are assumed to be zeros. In order to 

perform a continuous time series analysis, the interrupted periods are patched with flows 

artificially by the streamflow measured at a nearby flow-station, the Nine-Mile Bridge on 

the St. John River, where the streamflow data are available all year round. The 

streamflows at Nine-Mile Bridge are prorated to the four upstream lakes by the ratios of 

their respective drainage areas. 
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4.2 Univariate Time Series Analysis 

4.2.1 Data Transformation 

Most probability theory and statistical techniques applied to hydrologic time 

series analysis are developed assuming that the variables are normally distributed. 

Therefore, we need to test the data for normality before further analysis. A commonly 

used method for judging whether a set of data is normally distributed is to plot the 

empirical frequency distribution of the data on normal probability paper. A straight-line 

probability plot indicates that the data are normally distributed. Other tests for normality 

include the Chi-square test and the Kolmogorov-Smimov test. 

Figure 4.1 shows the normal probability plots of the historical monthly inflows 

using the Weibull plotting positions. Obviously, they are not normally distributed. 

Therefore, a transformation is needed to make them normal. Some widely used methods 

for transforming data to normal include the logarithmic transformation, the power 

transformation, and the Box-Cox transformation (Box and Cox, 1964). The Box-Cox 

transformation was found to be a powerful way to transform data to normal distributions. 

The Box-Cox transformation for a batch of data x/, x?,..., is defined by 

if 5^0 (4-1) 

= hi(x,) i f X  =  0  (4-2) 

in which the parameter A, can be estimated by the maximum likelihood method. 
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Figure 4.1 Normal Probability Plots of Historical Monthly Inflows 
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If it is assumed for some value of X that x{''\x3''\...,.r^'^'are independent noraial 

with mean fj. and variance cT, then the log likelihood function for the parameter A. can be 

written as (McLeod and Hipel, 1998) 

hi(Z(/l)) = Inf- )1 + (/I - 1)X ) (4-3) 2 v«v ) tr 
where 

= -5-2]^'" (4-4) 

The function hi(L(A,)) can be tabulated or graphed to determine the value of "k 

which maximizes the likelihood. This gives the maximum likelihood estimate of X 

which is denoted by A. The estimator A may also be determined by a numerical 

optimization method, for example, the golden section method. 

Figure 4.2 shows the hydrographs of historical monthly inflows. It shows that the 

inflows happened periodically thus are nonstationary. The Box-Cox transformation given 

in Equations (4-1) and (4-2) cannot remove periodicity from a time series. However, the 

following equation can be employed to deseasonalize the given data (Hipel and McLeod, 

1994), 

where m is the index of month, m= 1,2,..., 12 

y is the index of year, y=l,2,...,n 

and am are the fitted mean and standard deviation for the m'*' month. 
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Figure 4.2 Hydrographs of Historical Inflows 
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The fitted means and standard deviations can be estimated using the formula. 

1 ^ 

cr„ = 
n-\^x 

0 5 

(4-6) 

(4-7) 

The deseasonalized variables Zym are normally distributed with zero-mean and 

unit standard deviation. Figure 4.3 shows the normal probability plots of the transformed 

inflows while Figure 4.4 shows the hydrographs of the transformed inflows. 
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Figure 4.3 Normal Probability Plots of Transformed Monthly Inflows 
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Figure 4.4 Hydrographs of Transformed Monthly inflows 
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4.2.2 Model Identification 

A stationary process can be presented either in an autoregressive form or in a 

moving average form. However, a problem with either representation is that it may 

contain too many parameters. Thus, it may be necessary to include both autoregressive 

and moving average terms in a model. This leads to a general mixed autoregressive 

moving average (ARMA) process. 

Let the sequence of stationary normally distributed transformed streamflows be 

denoted zi, ..., Zn. Then a general autoregressive moving average model, ARMA(p,q), of 

this time series might be 

where the e, 's are independent identically distributed normal random variables. 

This model has p autoregressive terms ,...,^pZ,_^and q moving average 

terms in addition to the current £;. To identify values of p and q that may 

produce a reasonable model of the data, it is helpful to examine the sample 

autocorrelation flmction (ACF) rk and the sample partial autocorrelation function 

(PACF) (j)kk. The sample autocorrelation functions of a time series zi, zi, ..., Zn are 

generally estimated by 

(4-8) 



59 

The sample partial autocorrelation function may be obtained by the following 

relations, 

=r, k=l (4-10) 

i - l  

S  k > l  ( 4 - 1 1 )  

/=1 

<^jic = - Mk~,jc-i k > 1 (4-12) 

We may identify the orders p and q by matching the patterns in the sample ACF 

and PACF with the theoretical patterns of known models. Table 4.1 summarizes some 

important guidelines for selecting p and q. The sample autocorrelation function and 

sample partial autocorrelation function of the transformed streamflows for 50 lags are 

shown in Figure 4.5. It is seen that the ACF and PACF decay quickly. At 95% 

confidence level, the ACF and the PACF are cut off after one time lag. Referring to 

Table 4.1, it is suggested that p=l or q=l in the ARMA model would be sufficient. 

Table 4.1 Characteristics of Theoretical ACF and PACF for Stationary Processes 

Process ACF PACF 

AR(p) Tails off as exponential decay or 

damped sine wave 

Cuts off after lag p 

MA(q) Cuts off after lag q Tails off as exponential decay or 

damped sine wave 

ARMA(p,q) Tails off after lag (q-p) Tails off after lag (p-q) 

Source: from Wei (1990) 
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Figure 4.5 Autocorrelation Plots 
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4.2.3 Parameter Estimation and Model Selection 

From the model identification in previous section, both the first order 

autoregressive process, AR(1), and the first order moving average process, MA(1), are 

candidates to model the transformed streamflows. For simplicity, we would like to select 

one of them. For the AR(1) model, we write 

(4-13) 

The AR( 1) process is sometimes called the Markov process because the value of 

Zt is completely determined by the knowledge of Zn. Generally, the ordinary least square 

(OLS) estimation is used to find the parameters (pi, which minimizes the sum of die 

residual square, that is, 

min 5 = 2^ e; = Z )' (4-14) 
t=\ 

Equation (4-14) can be solved by a method of nonlinear optimization. Table 4.2 

shows the estimated parameters and minimum sum of residual square for the five lakes. 

Table 4.2 Parameter Estimation for AR(1) Model 

Canada Falls Seboomook Caucomgomoc Ragged Ripogenus 
0.24905 0.28684 0.27107 0.19853 0.37086 

s 214.02 209.37 211.42 219.09 197.67 

Similarly, the MA(1) model is 

z,=s,-9^£,_I (4-15) 

The ordinary least square (OLS) estimation is used to minimize the sum of die 

residual square, that is. 
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n 

min S = min ^ f," = min ^ (r, + 0^£,.^)" (4-16) 
/=i  

Table 4.3 shows the estimated parameters and minimum sum of residual squares 

for the five lakes. 

Table 4.3 Parameter Estimation for MA(1) Models 

Canada Falls Seboomook Caucomgomoc Ragged 1 Ripogenus 
-0.22930 -0.26279 -0.23335 -0.18986 -0.36050 

s 215.05 211.18 213.93 219.64 198.05 

The autoregressive AR(1) model is selected to generate the synthetic data 

because it has the smaller sum of residual squares. 

4.2.4 Diagnostic Checking 

After model selection, we have to assess model adequacy by checking whether 

the model assumptions are satisfied or not. The basic assumption is that the residuals 

are white noise, that is, the 's are uncorrelated random shocks with zero mean and 

constant variance. Hence, model diagnostic checking is accomplished through the 

analysis of the residual series e,. 

To check whether the errors are normally distributed, one can construct a 

histogram of the standardized residual / a, and compare it with the standard normal 

distribution using the Chi-square goodness of fit test or the Kolmogorov-Smimov one-

sample test. To check whether the residuals are white noise, we can compute the sample 



63 

ACF and PACF of the residuals to see whether they do not form any pattern and are all 

statistically insignificant. 

Another useful test is Box and Ljung's lack of fit test (1978). The estimated 

residual autocorrelation coefficient at lag /, r,, is computed as: 

n 

- S ) { S ,  - £ )  
, /=l,2,... (4-17) 

(=1 

The test is to check the joint null hypothesis: 

H , :  r , = r , = . . .  =  r „ = 0  (4-18) 

with the portmanteau statistic, Q(m), calculated from the formula: 

e,., + (4-19) 
/= i  

where m  denotes the number of residual autocorrelations computed. Under the 

hypothesis of model adequacy, Q(m) has an asymptotic ^"distribution on m-p-q degrees 

of freedom. In many instances the choice m=lO will suffice. In practice, to be on the safe 

side, m=20 is usually used. Table 4.4 shows the test results AR(1) models for the five 

lakes. 

Table 4.4 The Results of Box and Ljung's Lack of Fit Test on AR(1) Models 

1 Canada Falls Seboomook 1 Caucomgomoc | Ragged Ripogenus 

Q(20) 11.66 9.42 10.02 19.09 21.32 
1 Significance 
level (df=19) 0.90 0.97 0.95 0.45 0.32 

1 Decision Accept Accept 1 Accept 1 Accept Accept 
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4.3 Multivariate Time Series Analysis 

4.3.1 Model Identification 

The inflows to the five lakes are naturally related. Thus, a multivariate time series 

model is needed to take account of the correlation of the inflows. In principle, 

identification of multivariate time series is similar to the identification of univariate time 

series models. Assuming a vector time series is stationary, we identify its underlying 

model from the pattern of its sample correlation matrices and sample partial 

autoregression matrices. 

Let = (w„, w,,,..., for t=l,2,...,n denote n observations of a vector of A: 

ti m e  s e ries. The sample cross-covariance matrix at lag / is defined to be the kby k matrix 

C(/), whose {ij)^ element is given by 

S  =  -  S  ( ) ( ^ I -  ~  ' V "  1 , 2 , . . .  , i t ;  / =  1 , 2 . . .  ( 4 - 2 0 )  
f=/+i 

where the vv, and are the sample means of and series respectively. The sample 

tt) cross-correlation matrix at lag / is defined to be the ^ by ^ matrix R ( l ) ,  whose ( i j )  

element is given by 

forw-l,2,...,fc/=1.2... (4-21) 

The sample correlation matrix fimction is very usefiil in identifying a finite order moving 

average model as the correlation matrices are 0 beyond lag q for the MA(^) process but 

the matrices and graphs are complex when the dimension of the vector is increased. 
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Figure 4.6 shows the cross-correlation function of the inflows to the five lakes. At 95% 

confidence level, the cross-correlations are essentially zero after lag one for all cases. 

This indicates that the data can be modeled by a multivariate MA(1) model. To identify 

the order of a multivariate AR process, we may examine either the partial autoregression 

matrices (Tiao and Box, 1981) or the partial lag autocorrelation matrices (Wei, 1990). 

The calculation and presentation of these matrices are far more complex than those of an 

univariate AR model. For the sake of simplicity and consistency, the multivariate 

autoregressive AR(1) model is adopted for the system. 

4.3.2 Parameter Estimation 

The multivariate AR(1) model can be expressed as. 

Z(t) = A Z(t-l) + B e(t) (4-22) 

where Z(t) consists of m different but interdependent zero-mean time series 

Z''(t) = [Z,(t),..., Z„,(t)] 

8(t) consists of n uncorrected white noise of zero mean and unit variance. 

e^(t) = [ei(t),...,em(t)] 

A and B are mxm parameter matrices. 

Defming the covariance 

Mo = E[Z(t)Z'^(t)] (4-23) 

and the covariance at lag one 

M,=E[Z(t)Z'^(t-l)] (4-24) 
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The moment estimators for the multivariate AR(l) model are (Matalas, 1967) 

A = M, M; (4-25) 

= Mo - Ml Mo'M; (4-26) 

Operationally, we use sample covariance and sample lag-one covariance M,to 

replace Mi and M2 respectively. These estimates have the forms (Bras and Rodrigues-

Iturbe,1985): 

M„ = 

S: 

r°. S. S, 
-l-i» -I 

. . r?. S. S. "l*»i "t •• 

5: 

(4-27) 

M. = 

r!.S: 
-1-! •! 

r!.S.S. 

.  r ] .S ,S .  
-l-i 

r!.S: 

(4-28) 

where S, is the sample standard deviation of variable Zj 

r*. is the correlation between variables Zj and Zj at lag k. 

The elements of the above matrices can be computed using traditional estimators 

or by the following estimators (Bras and Rodrigues-Iturbe, 1985), 

(4-29) 

1 ^ 
(4-30) 

where X is the matrix of historical values of the vector Z(t). 
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Y is the matrix of historical values of the vector Z(t-l), 

Equation (4-26) gives estimates of the product BB^=D where D is the right hand side of 

(4-26). Given D, there are infinite solutions for B. The two popular solutions for B are 

the principal component analysis and the square root procedure (Salas, 1993). The 

square root method assumes that B is a lower triangular matrix and requires that D is a 

positive definite matrix. In cases that D is a positive semidefinite matrix, a method based 

on principal component analysis is required. 

The estimators by the principal component analysis are 

B = PE"^ (4-31) 

where P = P„ \ and P \  is the i"" eigenvector of matrix D. 

E = 

0 

0 . . . e. 

and ei,...,eni are the eigenvalues of matrix D. 

4.3.3 Diagnostic Checking 

After the model has been identified and its parameters estimated, it is necessary 

to check the model adequacy. The modified Li-McLeod lack of fit test (Li and McLeod. 

1981) is used to test the multivariate AR(1) model specified in previous section. 

The estimated residual cross-correlation matrix at lag / is defined to be the ^ by ^ 

matrix R-i, whose (/.y)^ element is computed as 
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n 

f.,il)= iJ=\X...Jc, /=0,1,... (4-32) 

V '=1 

n 

where e„ denotes an estimate of the residual for the ^ series and e, =^s,Jn. 
/ = ! 

A modified portmanteau statistic, , is calculated from the formula: 

e ; . , = + "Y.ff.'V ® K' no (4-33) 
i=\  

where® denotes iaronecker (tensor) product, is the estimated residual cross-

correlation matrix at lag zero, and r(/) = vec(R, ) where vec of a ^ by matrix is a 

vector with the element in position (/-l)*^+y. m denotes the number of residual 

cross-correlation matrices computed. Then, under the hypothesis of model adequacy, 

Q'„^, has an asymptotic x' distribution on mk' - p-q degrees of fi-eedom. In many 

instances the choice /?j=10 will suffice. In practice, to be on the safe side, m=20 is usually 

used. 

The calculated modified portmanteau statistic ^,20, =531.92 and its significance 

level is 0.149, based on 499 degrees of freedom. Using the level of significance a=0.05. 

one accepts the multivariate AR(1) model for synthetic streamflow generation. 
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4.4 Synthetic Streamflow Generation 

4.4.1 Random Number Generation 

Random numbers from a uniform distribution between the bounds 0 and 1 are 

considered first. These random numbers, referred to as m(0,1), are then used for 

generating random numbers from other distributions. There are many random number 

generators available. The most popular generators are called linear congruential 

generators, which may be expressed as 

X, = (ax, I n t e g e r i ^ ^  a ,  b ,  c  are integers (4-34) 
c ; 

This algorithm produces integer numbers between 0 and c-1. The values of the generated 

numbers depend on the constants a, b, and c and on the initial values x,, called the seed 

number. For example, if a=l 1, 6=3, c=13, and .ro=2, then the first five random numbers 

generated are 12, 5, 6, 4, 8. To obtain numbers uniformly distributed between zero and 

one, simply let u,=x,/c. Since u must not be zero and one exactly, c is always a very large 

value. For certain choices of the parameters a, b, and c, the variable u is approximately 

uniformly distributed between zero and one. 

The linear congruential generator produces pseudo-random numbers because they 

follow a deterministic sequence although the successive values of that sequence are not 

correlated. There are some methods to improve the randomness of generated random 

numbers. One of them is shuffling, that is, temporarily store an array of random 

numbers, using each new generated random number to replace one from the stored array 
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for output. Shuffling does not change the random numbers generated by a random 

number generator but change their orders in a random way. 

There are some methods for generating standard normal random numbers. One 

way to do so is by the inversion method. The cumulative normal distribution F{x) varies 

between 0 and 1. If a uniform (0,1) random number u is generated, then x=F\u) is a 

random number from the normal distribution F(x). 

The subroutine RNNOR in the IMSL Fortran library (Visual Numerics, 1997) is 

chosen to generate five sequences of pseudo-random standard normal numbers to be 

used for the white noise E(t) in Equation (4-22). The parameters in Equation (4-34) set in 

the subroutine RNNOR are b=0, c=2^'-l, and a can be one of {16807, 397204094. 

950706376}. It also offers options for shuffling or no shuffling. The standard normal 

random numbers are obtained by the inversion method. The seeds may be obtained 

through some random mechanism, for example, by reading the computer clock. 

However, one has to select proper seeds that make five sequences of random numbers 

completely independent. Table 4.5 provides 30 starting seeds for generating uniform 

random numbers by the linear congruential generator supported by IMSL. Each seed 

value xo can be used to generate a set of 131,072 uniform random numbers and ail sets 

will be independent of each other (Bratley et al., 1987). 
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Table 4.5 Starting Seeds for Generating Uniform Random Numbers 
(Based on Eq. (4-34) with a= 16,807, b=0, and 0=2"'-!) 

748932582 1985072130 1631331038 67377721 366304404 

1094585182 1767585417 1980520317 392682216 64298628 

250756106 1025663860 186056398 522237216 213453332 

1651217741 909094944 2095891343 203905359 2001697019 

431442774 1659181395 400219676 1904711401 263704907 

350425820 873344587 1416387147 1881263549 1456845529 

Source: Bratley et ai. (1987) 

4.4.2 Streamflow Generation 

Let Z(t-l) be the vector of last observed inflows. With the matrix A given by 

Equation (4-25) and matrix B given by Equation (4-31), and the random vector £(t), we 

can forecast possible future inflows Z(t) by Equation (4-22) as many times as required. 

Since Z(t) are deseasonalized and Box-Cox transformed numbers, in order to get 

the ordinary presentation of the inflows, they have to be inversely transformed by 

Xm = Mm + CTm X Zm (4-35) 

and 

qm = (?^x„,+l)"^ (4-36) 
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CHAPTERS 

DYNAMIC PROGRAMMING SOLUTION PROCEDURE 

5.1 Introduction 

Dynamic Programming (DP) is a procedure for optimizing a multistage decision 

process. It has been used extensively for solving reservoir operation problems. The 

essential feature of the DP approach is the dividing of the optimization into multiple 

stages, each stage having discrete possible states. The state variables are determined by 

recursively solving the objective function at each stage. The objective function of 

continuous state variables is replaced by sets of values at discrete points. Stages are 

typically represented by specific time periods during the plaiming horizon of the 

problem and states are usually represented by discrete levels of reservoir storage. The 

popularity of this technique can be attributed to the fact that the nonlinearity and 

stochasticity of water resources systems can be translated into a DP formulation and the 

advantage of decomposing complex problems into a series of subproblems which are 

solved recursively (Yeh, 1985). 

Section 5.2 presents a stochastic DP for a single reservoir operation. Section 5.3 

illustrates an example, which is solved by an original DP algorithm and an improved DP 

algorithm. The purpose of the DP model in this chapter is to get a set of good starting 

values for the NLP model developed in Chapter 6 if necessary. 
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5.2 Single Reservoir Operation 

Figure 5.1 illustrates a single reservoir having inflow q, and making release r, in 

each period /. The stochastic sequence of inflow q, is unknown. Given a known reservoir 

storage capacity of AT, the reservoir operation problem is to find the sequence of releases 

r, that maximize total net benefits. These net benefits may be a function of the storage 

volume as well as of the release. 

Reservoir Capacity K 

Inflow qr, Release r, 

Initial storage 5, 

Figure 5.1 Single Reservoir Operation 

The objective fLmction of the problem might be formulated as 

max = (5-1) 

where 

t indexes stage or time period. 
S( is the initial storage in period t. 
rt is the release in period t. 
q, is the inflows to the reservoir, it is a random variable 
ft is benefit in stage t 
iV is number of time periods control is applied. 
/v is terminal benefit 
E denotes the expected value of the total benefit 
So is the initial storage 
J{so) is optimal value function 
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The constraints include a mass balance of inflows and releases in each period c 

and the capacity restriction K on storage. Assume the losses, evaporation and seepage, to 

be ignored. 

5,^1 =s, +q,-r, for each period t  (5-2) 

s, < K for each period t (5-3) 

The reservoir operation problem defined by Equations (5-1) to (5-3) is a 

multistage decision-making process and can be solved by a DP formulation. In DP 

terminology, the time periods are called the stages, the points where decisions are to be 

made; St are called the state variables, which describe the state of a system at stage t\ r, 

are the decision variables, which are courses of action to be taken at each stage, f, are 

called the stage retum function, which is a scalar measure of the effectiveness of 

decision making in each stage. Equation (5-2) is called the stage transformation function, 

which expresses the relationships between the input state, the output state, and the 

decision. 

By Bellman's principle of optimality (Bellman, 1957), for every initial state so, 

the optimal objective value J*iso) is equal to Joiso), where the Jo is given by the last step 

of the following algorithm, which proceeds backward in time from period to 0. 

= (5-4) 

where Riis,) is the feasible solution set of releases, that is, the release has to satisfy the 

constraints. Equations (5-2) and (5-3). 
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The storage volumes Si are continuous numbers. To solve equations (5-4) and (5-

5), we usually restrict them to various discrete values. The random inflows q, are 

assumed to be continuous distributions in each period. Similarly, we restrict them to a 

number of discrete values. Let indices i and k denote the levels oi" inflow and storage 

volume, respectively, in period t and indices j and / denote the corresponding inflow and 

storage volume, respectively, in period t+\. Define plj as the transition probability of 

inflow in period r+1, when the inflow in period t equals Then the recursive 

equations can be rewritten as 

•^.v (•^iV jn) ~ fs (5-6) 

max (5-7) 

where the releases rk,it are determined by the continuity equation: 

= S l a +  ; ''k.l, ^ 0 (5-8) 
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5.3 Multiple Reservoir Operation 

Theoretically, the recursive Equation (5-7) can be extended directly to a multiple 

reservoir system with the state variables and random inflows being vectors instead of 

scalars. Computationally, it could be untreatable and unsolvable. The difficulties come 

from two folds. First, the increase in the number of state variables would result in "the 

curse of dimensionality". Second, it is very difficult to define and calculate 

multidimensional transition probabilities, which are required to deal with the stochastic 

inflows explicitly in the recursive equation. 

Instead of an explicit stochastic DP, one can treat the stochastic inflows 

implicitly. Monte Carlo dynamic programming (Young, 1967) is a well-known example 

of the implicit stochastic approach. In general, the implicit stochastic DP approach 

consisted of three steps. In the first step, a large number of equally likely streamflow 

sequences would be generated from a time series model. In the second step, each of 

these sequences would be run through a deterministic DP to get a series of equality 

likely optimal release trajectories. In the final step, a least-square regression analysis 

would be performed to get a final reservoir operating policy. 

To deal with the dimensionality problem, this study proposes using an NLP 

solution approach instead of a DP solution approach. The DP model developed in this 

chapter is used for supplying a set of starting values to the NLP model. First, an original 

DP algorithm with coarse discretization is developed. Then, an improved algorithm, 

similar to a discrete differential dynamic programming (DDDP) algorithm, is developed 
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to reduce the computational burden. The following shows an example, which is solved 

by these two algorithms respectively. 

Example 5.1: 

Let the planning horizon be one year, from April to March in the next year. The 

initial volume of storage at the beginning of April are assigned 0.5. 1.5. 0.5, 0.5. 15.0 

BCF at Canada Falls, Seboomook, Caucomgomoc, Ragged, and Ripogenus, 

respectively. The inflows in the plaiming periods are the first set of synthetic inflows 

obtained by the time series model in Chapter 4 using the numbers in the first row of 

Table 4.5 as seed numbers. Three types of discretization are considered. In 

Discretization 1, the storage volume of Ripogenus Lake is discretized into ten levels. For 

the other lakes, five levels are used. 

Solutions: 

Table 5.1 lists the objective values and CPU time solved by an original discrete 

DP algorithm. It shows that a finer discretization gives higher objective value but it 

consumes much more computer execution time. 

Table 5.1 Objective Values and CPU Time of Three Types of Discretization 
Solved by an Original Discrete DP Algorithm 

Discretization 1 1 
(5x5x5x5x10) 1 

Discretization 2 
(6x6x6x6x11) 

Discretization 3 1 
(7x7x7x7x12) 1 

Objective value 12.067 12.216 12.221 
CPU time (sec) 510 1 2,782 11,294 1 

* Executed on a Pentium 200 MHz PC with 128 MB memory. 
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The original DP searches all the combinations of the grid points, most of those 

are infeasible. We know that if the inflows to the lakes are sufficient, the optimal 

elevations for the four upstream lakes will reach the their targets. If the inflows are not 

sufficient, the optimal elevations will not reach their targets but vvdll be close to them. 

We can apply the DDDP approach to improve the original DP algorithm. The improved 

algorithm is as following. 

Step 0: Let the elevation targets at the four upstream lakes be the trial trajectory 

but no restriction to the elevation at Ripogenus. 

Step 1; Select levels of discretization. 

Step 2: Chose a size for the corridor around the trial trajectory. 

Step 3: Search the grid points inside the corridor only. Stop if a solution is found. 

This solution may not be the optimal solution but it would be 

satisfactory as a starting value for an NLP model. 

Step 4: Enlarge the size of the corridor and do step 3 again. If the size of the 

corridor reaches its maximum value and no feasible solution is found, 

then enlarge the levels of discretization and do step 2 again. 

Table 5.2 lists the objective value and CPU time for three types of discretization 

using the improved algorithm. It shows that the execution time drops considerably. 

Table 5.2 Objective Values and CPU Time of Three Types of Discretization 
Solved by an Improved Discrete DP Algorithm 

Discretization 1 1 Discretization 2 Discretization 3 
(5x5x5x5x10) 1 (6x6x6x6x11) (7x7x7x7x12) 

Objective value 12.067 12.194 12.221 
CPU time (sec) 199 1 356 2,884 

* Executed on a Pentiimi 200 MHz PC with 128 MB memory. 
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CHAPTER 6 

NONLINEAR PROGRAMMING SOLUTION PROCEDURE 

6.1 Introduction 

Because of the "curse of dimensionality", a DP model is not an efficient method 

for deriving operation rules for a multiple reservoir system. In addition, to solve an 

implicit stochastic DP problem, we have to run a deterministic DP many times: it would 

take considerable computer execution time. Instead, an algorithm of NLP also can solve 

the problem formulated in Chapter 3 because it is a problem with a nonlinear objective 

function and both linear and nonlinear constraints. An NLP algorithm does not suffer 

from the dimensionality problem because it does not discretize the decision variables. 

To develop a reliable NLP algorithm is a more complex task than to develop a 

DP algorithm because the mathematics involved in NLP models are much more 

complicated than those in DP models. Fortunately, there are more than two dozens of 

NLP solvers available in both the commercial and the academic field (NEOS Guide, 

1998). A number of them are suitable for large-scale problems, including CONOPT 

(Drud, 1994), LSGRG2 (Smith and Lasdon, 1992), MINOS (Murtagh and Saunders, 

1995), and LANCELOT (Corm et al., 1992). The MINOS software package, developed 

at the Stanford University, was chosen as the solver for the nonlinear optimization 

problems in this study. 
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6.2 About MINOS Software Package 

The MINOS, which stands for Modular In-core Nonlinear Optimization System. 

is a Fortran-based software designed to solve large-scale optimization problems 

expressed in the following form: 

Minimize F{x) + c^x + d^y (6-1) 

Subject to /(x) + A,y = bj, (6-2) 

A-,x + Aj,y = b^_, (6-3) 

/ <  
\j' J 

<u , (6-4) 

where the vectors c, d, hi, b2, /, u and the matrices ̂ /, A2, A3 are constant, 

F(x) is a smooth function, and fix) is a vector of smooth functions {/^(.v)}. 

The components of x are called the nonlinear variables, and the components of y 

are the linear variables. Similarly, the equations in (6-2) are called the nonlinear 

constraints, and the equations in (6-3) are the linear constraints. Equations (6-2) and (6-

3) together are called the general constraints. The constraints (6-4) specify upper and 

lower bounds on all variables. Some of the components of / and u may be -qo or +<» 

respectively. The vectors 6/ and 62 are called the right-hand side. 

MINOS is designed to find solutions that are locally optimal. The nonlinear 

functions in a problem must be smooth, that is, their first derivatives must exist. The 

flmctions need not be separable. Integer restrictions can not be imposed directly. If the 

nonlinear objective and constraint functions are convex within the region defined by 

linear constraints and by the bounds on the variables, any optimal solution obtained will 
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be a global optimum. Otherwise there may be several local optima. There is no general 

procedure for verifying that a given local optimum is indeed a global optimum. 

MINOS is capable of solving models of the following three types: LP, NLP with 

linear constraints, and NLP with linear and nonlinear constraints. If the function F(x) and 

f(x) are absent, the problem becomes a linear program. MINOS solves linear programs 

using the primal simplex method (Dantzig, 1963). When nonlinearities are confined to 

the term F(x) in the objective function, the problem is linearly constrained nonlinear 

problem. MINOS solves such problems using a reduced-gradient algorithm (Wolfe, 

1963) combined with a quasi-Newton algorithm (Murtagh and Saunders, 1978). If any of 

the constraints are nonlinear, MINOS employs a projected augmented Lagrangian 

algorithm, based on a method due to Robinson (1972). 

The user-supplied subroutines and files for MINOS include, 

• Subroutine FUNOBJ 
• Subroutine FUNCON 
• Subroutine MATMOD 
• A SPECS file 
• A MPS file 
• A BASIS file 

Subroutine FUNOBJ defines the nonlinear objective function and the gradient 

vector. Subroutine FUNCON defines the constraints and the Jacobian matrix. Subroutine 

MATMOD is occasionally needed, for applications involving a sequence of closely 

related problems. The SPECS file defines various run-time parameters that describe the 

nature of the problem being solved and the manner in which a solution is to be obtained. 

The MPS file specifies names for the constraints and variables, and defines all the linear 
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constraints and bounds. The optional BASIS file stores the values for variables, which 

normally have been saved at the end of an early run. They are used to restart the solution 

of a problem that was interrupted, or to provide a good starting point for some slightly 

modified problem. 

They are two ways to use the MINOS package for solving NLP problems: the 

stand-alone MINOS and the subroutine version of MINOS (minoss). The stand-alone 

MINOS reads a problem and other necessary files by itself and solves the problem. The 

minoss is called by a main program, which generates a problem to be solved or read the 

problem through a standard MPS file. 

The minoss can be called with a "Cold" start, a "Warm" start, or a "Hot" start. 

"Cold" start means that the program will choose an initial basis for variables unless other 

initial basis file is given. "Warm" start means that a basis is already defined, probably 

from an early call. "Hot" start means that a basis and certain other things defined by an 

earlier call should be kept. 
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6.3 Comparison of Solutions of DP and NLP 

Example 6.1: 

The problem is the same problem in Example 5.1. MINOS can solve this 

problem with or without the starting values of variables. The objective values and CPU 

time are shown in Table 6.1. 

Table 6.1 Comparison of Objective Values and CPU Time for Example 6.1 

NLP, wdth 
Starting values* 

NLP, without 1 
Starting values | 

DP, Discretization 1 
in Table 5.2 

Objective value 12.680 12.680 12.067 
CPU time"(sec) 14.50 17.63 1 199 

* The starting values are the solutions of Discretization 1 in Table 5.2. 
** Executed on a Pentium 200 MHz PC with 128 MB memory. 

Example 6.2: 

The problem is the same problem in Example 5.1 but let the initial storage at the 

upstream four lakes be dead storage (0.032, 0.929, 0.000, and 0.142 BCF at Canada 

Falls, Seboomook, Caucomgomoc, and Ragged, respectively). The objective values and 

CPU time are shown in Table 6.2. 

Table 6.2 Comparison of Objective Values and CPU Time for Example 6.2 

NLP, without j 
starting values | 

DP, Discretization 1 
in Table 5.2 

DP, Discretization 2 
in Table 5.2 

Objective value 12.518 Not found 11.243 
CPU time* (sec) 19.61 1 532 2,832 

* Executed on a Pentium 200 MHz PC with 128 MB memory. 
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From Examples 6.1 and 6.2, the objective values given by the DP are always 

smaller than those given by the NLP. This is because the DP limits the decision variables 

to certain levels but the decision variables in the NLP can approach to their targets as 

close as possible. The NLP solves the problem within 20 seconds but the DP takes 

hundreds or thousands of seconds. 

Occasionally, the DP fails to solve a problem while the NLP can find an optimal 

solution. This may due to the discredzation of the state variables that is too coarse and 

the optimal solution is hidden between some grid points. Another reason that the DP has 

difficulties to find an optimal solution is that the scales of the discretization of the four 

small lakes are much different firom that of the largest lake. For example, in Example 

5.1, one fifth of the storage volume at Canada Falls Lake is 0.19 BCF but one tenth of 

the storage volume at Ripogenus Lake is 3.00 BCF, which is 15.8 times bigger than the 

former. 

To let the scale of the discretization at Ripogenus Lake be equivalent to those of 

the others, it needs more than 100 levels of discretization and this will increase the 

computer execution time dramatically. On the contrary, to use fewer levels of 

discretization for the small lakes will result in less satisfactory operations. For example, 

three levels of discretization means that a lake is either full, half full, or empty. The 

measurement of utilities for elevation is restricted to these three levels. This will reduce 

the total utility of the operation for the system. 
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6.4 Simulation 

The subroutine MINOS gives much flexibility to solve a sequence of problems 

with the same structure but with different parameters or coefficients. For example, for 

the simulation purpose, one needs to solve the optimization problem with a large number 

of different inflow sequences. To use the stand-alone MINOS, one has to supply an 

updated MPS file and execute the program once again for each inflow sequence. To use 

the subroutine MINOS, one can put a DC-loop in a main program. The main program 

reads a problem through an MPS file at beginning and updates inflow data inside every 

loop. The subroutine MINOS is called to solve the problem inside every loop. This is to 

say that one needs to execute the main program once only, which requires an MPS file 

and one data file for the inflow sequences. Similarly, the values of initial storage and the 

starting values of variables can be removed from the MPS file and be read by the main 

program from a user-supplied data file. 

Example 6.3: 

The problem is the same as Example 6.2. At first, 1000 sequences of synthetic 

streamflows are generated using the seeds in the first row of Table 4.5. Then the 

subroutine MINOS is used to solve the problem for each inflow sequence. It consumes 

5,972.87 CPU seconds to complete these 1000 runs of optimization. 

The decision variables include elevations, storages, releases, power generation, 

and excess flows at Ripogenus. With 1000 runs in the simulation, there are 1000 values 

for each of the decision variables. Table 6.3 lists the expected values of the decision 

variables while Table 6.4 lists the standard deviations of the decision variables. 



Table 6.3 Expected Values of Decision Variables 

April May June July Aug. Sept. Oct. 

H Cana 1232.04 1236.75 1236.86 1235.66 1233.65 1230.55 1226.90 
S Cana 0.279 0.750 0.764 0.592 0.398 0.194 0.032 
R Cana 1019.19 527.75 287.35 276.48 333.37 331.83 439.62 

April May June July Aug. Sept. Oct. 

H Sebo 1064.13 1071.21 1071.29 1069.94 1067.98 1064.63 1055.92 
S Sebo 2.239 4.298 4.326 3.794 3.173 2.341 0.929 

R Sebo 2507.01 1192.51 967.18 949.26 941.00 1016.97 1596.03 

April May June July Aug. Sept. Oct. 

H Cauc 993.08 996.44 996.83 995.75 993.49 991.23 990.09 

S Cauc 0.674 1.473 1.568 1.306 0.770 0.253 0.000 

R Cauc 665.79 387.39 229.49 312.60 434.87 408.57 437.73 

April May June July Aug. Sept. Oct. 

H_Ragg 1126.52 1129.734 1130.67 1130.27 1126.96 1125.68 1122.98 

S_Ragg 0.418 0.721 0.819 0.768 0.452 0.347 0.142 

R_Ragg 26.18 28.18 29.28 89.51 195.60 117.16 160.87 

Jan. Feb. March April May June 

H R i p o  931.76 932.98 930.93 932.50 932.86 931.74 

S_Ripo 16.405 17.806 15.95 16.769 17.240 16.163 

R_Ripo 2412.89 2180.25 2015.53 1865.34 2252.69 2282.92 

P R i p o  26.57 24.95 23.33 21.61 25.46 25.66 

O R i p o  101.70 8.92 4.62 5.31 164.17 71.33 

July Aug. Sept. Oct. Nov. Dec. 

H_Ripo 932.08 933.89 935.64 937.00 932.90 928.87 

S_Ripo 16.540 18.425 20.265 21.846 17.475 13.607 

R R i p o  2162.44 2169.38 1913.40 2271.59 2328.25 2255.26 

P R i p o  24.70 24.93 22.68 26.38 26.64 25.38 

O R i p o  173.86 29.15 68.80 67.99 2.69 2.30 

H: elevation, FT S: storage, BCF R: release, CFS 
P: power generation, MW O: excess flow, CFS 



Table 6.4 Standard Deviations of Decision Variables 

April May June July Aug. Sept. Oct. 

H Cana 0.21 0.59 0.28 0.11 0.84 0.27 0.00 

S Cana 0.015 0.072 0.038 0.014 0.078 0.015 0.000 

R Cana 342.93 372.41 183.61 149.61 223.02 221.09 328.05 

April May Juiie July Aug. Sept. Oct. 

H Sebo 0.65 0.94 0.83 0.57 0.97 0.65 0.00 

S Sebo 0.157 0.351 0.31 0.185 0.282 0.132 0.000 

R Sebo 1051.04 938.33 721.19 637.52 472.99 289.31 763.63 

April May June July Aug. Sept. Oct. 

H Cauc 0.20 0.87 0.38 0.10 0.02 0.11 0.00 

S Cauc 0.045 0.209 0.092 0.023 0.003 0.025 0.000 

R Cauc 297.25 252.30 151.10 144.32 193.97 124.09 245.26 

April May June July Aug. Sept. Oct. 

H R a g g  I.Ol 2.09 2.05 1.59 0.29 0.16 0.00 
S R a g g  0.085 0.216 0.221 0.156 0.023 0.012 0.000 

R R a g g  9.68 22.08 17.48 43.59 65.36 47.62 52.15 

Jan. Feb. March April May June 

H R i p o  6.15 7.13 8.51 2.10 3.58 4.18 

S R i p o  6.085 7.248 8.316 2.145 3.712 4.226 

R R i p o  93.04 58.42 70.78 325.87 288.75 286.54 

P R i p o  1.17 0.69 0.51 3.39 2.60 2.63 

O R i p o  626.31 94.14 61.05 67.77 1171.22 427.08 

July Aug. Sept. Oct. Nov. Dec. 

H R i p o  4.51 4.81 4.53 4.92 5.51 6.28 

S R i p o  4.562 5.044 4.938 5.511 5.561 5.833 

R R i p o  153.15 148.18 200.66 87.76 91.32 80.43 

P E l i p o  1.68 1.76 2.52 1.17 1.16 0.93 

O R i p o  711.55 226.47 405.27 406.13 48.25 38.67 

H: elevation, FT S: storage, BCF R: release, CPS 
P: power generation, MW O: excess flow, CPS 
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6.5 Statistical Test 

To decide how many runs in a simulation are sufficient, one may check the 

expected values and standard deviations of decision variables whether they reach a 

steady state or not. For example. Figure 6.1 shows the average releases in April in 

Example 6.3. It shows that the averages of releases are rather stable after 600 runs. 

Figure 6.2 shows the standard deviations of releases in April. It also shows that 600 runs 

may sufficient. 

One will be more convinced if another simulation gives the similar results. A 

second simulation with 1000 runs is performed on the same problem in Example 6.3. 

The seeds for streamflow generation are those in the second row in Table 4.5. Figures 

6.3 and 6.4 show averages and standard deviations, respectively, of releases in April. 

They also tell that 600 runs in a simulation may be sufficient. 

Alternatively, one may compare the distributions of decision variables from two 

simulations with the same number of runs. If they are very close to each other, then the 

number of runs may sufficient. Otherwise one has to add more runs in the simulation. 

For example. Figures 6.5 and 6.6 show the frequency histograms of releases at Canada 

Falls Lake in simulations 1 and 2, respectively. Visually, the shapes of the histograms 

for the same variable seem very close to each other. 
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Figure 6.5 Frequency Histograms of Releases, Canada Falls Lake, 
Simulation 1 
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Figure 6.6 Frequency Histograms of Releases, Canada Falls Lake, 
Simulation 2 
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Statistically, one can apply the Kohnogorov-Smimov two-sample test to examine 

that two independent samples are not different in distribution characteristics. The test is 

sensitive to differences in any distributional characteristic: central tendency, dispersion, 

and shape. The null hypothesis is 

Ho: /,(x) = /,(x) (6-5) 

The altemative hypothesis is 

Ha. (6-6) 

The level of significance is a. 

The statistic is 

D = max I F, (x) - F, (x) | (6-7) 

where F, (x) andF,(x) are the cumulative distributions of /,(x) and (x), 

respectively. 

The critical value is given in Table 6.5. 

Table 6.5 Asymptotic Critical Values for Kohnogorov-Smimov Test 

a 0.01 0.05 0.10 0.15 0.20 

Da 
1.63 1.36 1.22 1.14 1.07 

Da 

(Source: Table E.9 in -iaan, 1977) 

where rig is call the effective sample size, = 

The decision is given by 

D < accept Ho-

Otherwise reject Ho-

_ "I 
n, +«-, 

(6-8) 
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The decision variables include elevations, storages, releases, power generation, 

and excess flows at Ripogenus. There are 144 decision variables in total. Not all of them 

are independent. Storage is a function of elevation. Power generation is a function of 

elevation and release. Release is dependent on storage and inflow. In real operation, 

operators control either the elevations in the lakes or the releases from the lakes. The 

release variables are selected and tested. 

Table 6.6 shows the test results for simulation 1 and simulation 2. It shows that 

all the release variables pass the Kolmogorov-Smimov two-sample test. That is, from the 

statistical point of view, there is no difference between these two simulations. Thus. 

1000 runs in the simulation would be sufficient. 

Table 6.7 shows the test results for only the first 500 runs in both simulations. It 

also shows that all the release variables pass the test. Therefore, 500 runs in a simulation 

would be sufficient. 

In practice, one usually starts with a lower number of runs in two simulations and 

does the test on some selected decision variables. If all of them pass the test then one 

terminates the simulations. Otherwise, one adds more runs to the simulations. After more 

practices on the simulation model, one may conclude that a certain number of runs 

would be enough for all cases. Then, in order to save time, the statistical test procedure 

may be omitted and only one simulation with the certain number of runs is required. 
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Table 6.6 The Kolmogorov-Smirnov Two-sample Test on Releases, 1000 Runs 

Canada Falls Seboomook Caucomgomoc Ragged Ripo genus 
D Accept D Accept D Accept D Accept D Accept 

January 0.039 yes 
February 0.029 yes 

March 0.029 yes 
April 0.C41 yes 0.020 yes 0.033 yes 0.006 yes 0.048 yes 
May 0.026 yes 0.023 yes 0.030 yes 0.009 yes 0.050 yes 
June 0.035 yes 0.048 yes 0.025 yes 0.024 yes 0.047 yes 
July 0.034 yes 0.025 yes 0.022 yes 0.039 yes 0.042 yes 

August 0.025 yes 0.030 yes 0.020 yes 0.026 yes 0.045 yes 
September 0.036 yes 0.014 yes 0.056 yes 0.023 yes 0.048 yes 

October 0.052 yes 0.037 yes 0.032 yes 0.042 yes 0.041 yes 
November 0.024 yes 
December 0.047 yes 

* a=0.05, Da=0.061 

Table 6.7 The Kolmogorov-Smirnov Two-sample Test on Releases, 500 Runs 

Canada Falls Seboomook Caucomgomoc Ragged Ripoj genus 
D Accept D Accept D Accept D Accept D Accept 

January 0.056 yes 
February 0.056 yes 

March 0.076 yes 
April 0.086 yes 0.060 yes 0.054 yes 0.008 yes 0.062 yes 
May 0.048 yes 0.060 yes 0.054 yes 0.012 yes 0.060 yes 

June 0.052 yes 0.066 yes 0.036 yes 0.034 yes 0.054 yes 
July 0.078 yes 0.066 yes 0.040 yes 0.022 yes 0.044 yes 

August 0.042 yes 0.038 yes 0.036 yes 0.044 yes 0.042 yes 
September 0.050 yes 0.022 yes 0.024 yes 0.034 yes 0.064 yes 

October 0.042 yes 0.058 yes 0.044 yes 0.050 yes 0.042 yes 
November 0.036 yes 
December 0.076 yes 

* a=0.05, Da=0.086 
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6.6 Data Presentation 

The decision variables include elevations, storages, releases, power generation, 

and excess flows at Ripogenus. There are 144 decision variables in total. After a 

simulation with n runs, one gets n values for each variable. Some important information 

can be drawn from these data. These data can be presented in the following ways, 

(1) Expected values of decision variables 

The expected values of decision variables are tabulated as those in Table 6.3. 

(2) Standard deviations of decision variables 

The standard deviations of decision variables are tabulated as those in Table 6.4. 

(3) Frequency histograms of decision variables 

Because the probability density flmctions of decision variables are not known 

exactly, the distributions of decision variables are plotted as frequency histograms. 

Figure 6.5 shows frequency histograms of releases at Canada Falls Lake. Figures 6.7 

to 6.10 show frequency histograms of releases at the other lakes. 

(4) Normal probability plots of decision variables 

In addition to the frequency histograms, the normal probability plots of decision 

variables can also be presented. The plotting positions are decided by the Weibull 

formula. Figures 6.11 to 6.15 shows the normal probability plots of elevations. 

Figures 6.16 shows the normal probability plots of power generation. 

In Figures 6.7 to 6.16, the data used for plotting are from the first 500 runs of 

simulation 1 in Example 6.3. Similarly, frequency histograms and normal probability 

plots for other decision variables can be plotted. 
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Figure 6.7 Frequency Histograms of Releases, Seboomook Lake 
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Figure 6.8 Frequency Histograms of Releases, Caucomgomoc Lake 
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Figure 6.9 Frequency Histograms of Releases, Ragged Lake 
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Figure 6.10 Frequency Histograms of Releases, Ripogenus Lake 
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Figure 6.11 Normal Probability Plots of Elevations, Canada Falls Lake 

April May 
1235 1238 

10 30 50 70 90 99 99 9 

Cumulative probabil'rty (%) 

<P 1235 

10 30 50 70 90 99 99 9 

Cumulative probability (%) 

June July 
1238 

Q 1235 

10 30 50 70 90 99 99 9 

Cumulative probability (%) 

1237 

1236 

c o 
(S > o 

UJ 1235 

1234 
10 30 50 70 90 99 99 9 

Cumulative probability (%) 

1237 

1232 

August 

o 1234 

10 30 SO 70 90 99 99 9 

Cumulative probability (%) 

1234 

1230 

September 

10 30 50 70 90 99 999 

Cumulative probability (%) 



103 

Figure 6.12 Normal Probability Plots of Elevations, Seboomook Lake 
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Figure 6.13 Normal Probability Plots of Elevations, Caucxjmgomoc Lake 
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Figure 6.14 Normal Probability Plots of Elevations, Ragged Lake 
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Figure 6.15 Normal Probability Plots of Elevations, Ripogenus Lake 
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Figure 6.15 Normal Probability Plots of Elevations, Ripogenus Lake 
(Continued) 
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Figure 6.16 Normal Probability Plots of Power Generation 
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Figure 6.16 Normal Probability Plots of Power Generation (Continued) 
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6.7 Applications 

The means, standard deviations, frequency histograms and probability plots of 

decision variables provide valuable information for optimal control of the system. Some 

general guidelines may be derived from them. The information can be used for real time 

operation and also for planning purposes. This section shows how to use the information 

through a number of examples. 

Figure 6.9 shows that, in April at Ragged Lake, more than 95% of time the 

optimal release is the minimum release (25.0 cfs). From Figure 6.14. at Ragged Lake, 

95% of the time the elevation at the end in April is below the target (1128.5 ft). This 

means that the inflow during this period is very low. The elevation seldom reaches the 

its target. In another words, the elevation target is too high to be reached because the low 

inflow. The similar phenomena happen in May and June. Even in July, only about 35% 

of time the elevation target is reached at Ragged Lake. 

Figure 6.11 shows that the elevation target of Canada Falls Lake is often attained. 

In April, about 90% of time the elevation reaches or is very close to its target. In May 

and June, about 70% of time it reaches or is very close to its target. 

Figure 6.12 shows that at Seboomook Lake, 70% of time the elevation at the end 

of August is higher than its targets. It seems that the elevation target is too low. 

According to the definition of elevation utility, too much water stored in a lake also 

reduces the utility. Why not just drain off the extra water? The reason is that it has to 

store the water for later use in September, during which the minimum releases are very 

high (see Appendix B) but inflow is low (see Table 7.2). 
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From Figure 6.16, in January, 90% of time the power will equal to or greater than 

24.4 MW; 50% of time the power will equal to or greater than 26.8 MW. The similar 

data for other months can be read from other probability plots. This information can be 

used to decide the firm power and the secondary power for every month. 

Figure 6.16 also shows an interesting result of the power generation. It shows 

that there is an upper boundary of power generation for each month. From April to 

October, when the upstream lakes also operate, about 20% of time the power generation 

reaches its boundary. For other months, when the upstream lakes do not operate, about 

10% of time the power generation reaches its boundary. This indicates that although the 

storage of upstream four lakes is much smaller than that of Ripogenus Lake the 

operations of these four lakes do help for the power production at the power plant. 
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CHAPTER? 

INFORMATION UPDATING AND RELIABILITY ANALYSIS 

7.1 Updating Synthetic Streamflows 

The synthetic inflows are used to simulate the uncertainty of the future flows. 

The parameters of the time series model are determined by the available historical data. 

As time advances one month, we will have information about the releases in the previous 

month and the current storage volume in the lakes. We can use this information to 

estimate the natural inflows to the lakes. That is. the length of historical streamflow data 

is extended one month longer. With the updated historical data, we can recalculate the 

parameters of the time series model and use the updated model to generate synthetic 

inflows for the next 12 months. 

For illustration purpose, examples in Chapter 6 use fixed seeds, from Table 4.5, 

to generate synthetic streamflows. In practice, the seeds can be any numbers between 1 

and 2^'-1. In order to ensure that the five sequences of random numbers for generating 

streamflows are independent to each other, one can generate a long sequence of random 

numbers and divide it into five even sequences. 
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7.2 Updating Targets and Parameters 

The constants set in the problem formulation in Section 3.2 include, 

(1) Elevation targets at four upstream lakes, T^ , 

(2) Power generation targets at Ripogenus Lake, Tj, 

(3) Maximum capacities of reservoirs, 

(4) Dead storage of reservoirs, 5"'" 

(5) Elevation at dead storage, 

(6) Minimum releases, /?™" 

(7) Maximum discharge through the power plant, 

(8) Minimum power generation, 

(9) Utility scaling constants, , 

(10) Initial storages, St = the first period 

These targets and parameters are either sitting as the coefficients of decision 

variables or in the right hand sides of constraints. Some of them may change in the 

future. The elevation targets and minimum releases will change if the regulations of the 

water management plan change. The power generation targets may be changed in order 

to meet the demands in the future. The maximum release through the power plant could 

be reduced if some of the turbines are to be repaired. The utility scaling constants can be 

negotiated with other members in the Group. The initial storages are observed at the 

beginning of a period thus are different fi-om month to month. 

The DP and NLP models will change if any constant in the problem formulation 

changes. For easy maintenance of the programs, these constants could be stored in a 

separate data file. The programs treat temporarily these constants as variables and read 

their values fi"om the data file. If any constant changes, the data file is to be changed but 

the program itself remains unchanged. 
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7.3 Updating the Objective Function and Constraints 

The time horizon of the proposed real time operation model covers a period from 

the current month through the next 12 months. As time advances, the initial storage will 

be the observed storage volume at the beginning of the current month. Some variables 

and constraints that are related to the initial storage will have to be modified from month 

to month. Thus, the objective fimction and constraints in the problem formulation differ 

slightly from month to month in a one-year cycle. The items needed to be changed from 

month to month include, 

(1) the mass balance equations for the first month, 

(2) the mass balance equations for the final month, 

(3) the power generation function for the first month, 

(4) the power generation function for the final month, 

(5) the final storage utility at Ripogenus in the objective function. 

In the nonlinear programming model, the changes of the mass balance equations 

are through the changes in the MPS file; the changes of the power generation function 

are through the FUNCON subroutine; the change of the final storage utility at Ripogenus 

is through the subroutine FUNOBJ. 

For the dynamic programming model, all the changes are performed within the 

programming of the model itself because there is no standard input format as for the 

nonlinear programming model. 
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7.4 Reliability Analysis 

The minimum releases from the lakes are treated as constraints in the problem 

formulation. If any constraint of the minimum releases can not be satisfied, the NLP 

model will fail to find feasible solutions for the decision variables. This situation 

happens if, in a period at any site, the required release is high but both the storage and 

the inflow are low. 

The planning horizon in Example 6.3 is from April to next March. The initial 

storages in April for the upstream four lakes are set as dead storages and the initial 

storage at Ripogenus is set as half full. In this example, one run out of 1000 runs failed 

for both simulation I and simulation 2. 

This section runs more examples to examine the reliability of the simulation 

model. Table 7.1 shows the numbers of failures of the simulation models, which start 

from May, June...and so on. The expected values of the final storages in a month are 

used as the initial storages for the next month. The synthetic streamflows for the 

simulation model starts from a month are generated by the available historical 

streamflow data up to the previous month. 

Table 7.1 Numbers of Failures Out of 1000 Runs by the Simulation Model 

Start from April May June July August September 

Simulation 1 1 9 0 3 6 114 

Simulation 2 1 16 4 0 5 129 

Start from October November December January February March 

Simulation 1 92 4 4 0 6 2 

Simulation 2 89 3 8 7 5 4 
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Table 7.1 shows that there is only a small fraction of the simulation failed except 

in September and October, in which 9% to 13% of the simulation failed. These can be 

attributed to the following four reasons: 

(1) The required minimum releases during this period are high. Referring to Appendix 

A, at Canada Falls Lake, the minimum release for August is 75 cfs but it is 200 cfs 

for September and 150 cfs for October. Similarly, at Seboomook Lake (Appendix B), 

the minimum release for August is 450 cfs but it is 900 cfs for September. 

(2) The storage volume during this period is low. Referring to Appendix A, the desired 

elevation at the beginning of September is 1233.1 ft, in which the storage is about 

one-third full (see Appendix F). Similarly, the desired elevation at the beginning of 

October is 1230.6 ft, in which the storage is only one-fifth full (see Appendix F). 

(3) Table 7.2 lists the monthly average of historical inflows to the lakes while Table 7.3 

lists the monthly standard deviations of historical inflows. They show that the 

average inflows during this period are not high but the standard deviations of inflows 

are high. High standard deviations mean that the ranges of the inflows are large: 

sometime they are very high but sometime they are very low. When the inflows are 

low, they will not able to sustain the minimum releases. 

(4) From the hydrographs in Figiu-e 4.2, the period during August and September in 

1996 experienced a very dry season. Therefore, the forecasted ftiture inflows in the 

successive months tend to be low to reflect the same trend. This may also cause more 

runs in the simulation to fail finding feasible solutions. 
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Table 7.2 Monthly Averages of Historical Inflows (cfs) 

Canada Falls Seboomook Caucomgomoc Ragged Ripogenus 

January 741.05 

February 669.95 

March 780.14 

April 1103.78 2324.45 1083.40 215.86 3641.36 

May 705.04 1402.68 681.86 142.06 2477.18 

June 281.28 642.82 261.29 65.70 1381.03 

July 202.95 427.99 194.86 67.27 846.47 

August 245.77 362.59 223.71 76.85 937.25 

September 265.86 353.34 203.49 75.93 704.22 

October 376.85 625.13 351.33 92.11 1135.51 

November 1475.49 

December 1283.04 

Table 7.3 Monthly Standard Deviations of Historical Inflows (cfs) 

Canada Falls Seboomook Caucomgomoc Ragged Ripogenus 

January 319.11 

February 296.30 

March 368.64 

April 314.43 744.70 276.58 67.96 1339.68 

May 412.45 700.54 307.43 103.50 1003.20 

June 137.78 487.40 119.13 39.63 882.07 

July 124.54 366.93 99.53 31.38 513.36 

August 161.69 224.04 186.14 36.68 783.69 

September 332.82 187.29 109.05 54.88 636.57 

October 284.75 449.06 271.99 61.42 825.38 

November 767.66 

December 893.51 
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CHAPTERS 

SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS 

8.1 Summary 

Chapter 1 outlines the complexities of reservoir systems operation. It indicated 

that a multi-objective multi-reservoir system with stochastic inflows is one of the most 

difficult problems in reservoir systems operation. 

Chapter 2 reviews some recent applications on large-scale reservoir systems, 

some applications applying NLP approaches and some important techniques developed 

to ease the "curse of dimensionality". Although DP suffers much by the dimensionality 

problem, it still dominates the optimization techniques in the field of reservoir systems 

operation. On the contrary, only few applications applied NLP approaches in this field 

but NLP has its potential power to overcome the dimensionality problems. 

Chapter 3 describes a real-world reservoir system with multiple objectives and 

multiple reservoirs. A short-term real-time operation simulation model is proposed for 

this system. The objective fimction and constraints of the mathematical model are 

described in detail. An NLP solution approach is proposed to solve the optimization 

problem in order to avoid the dimensionality problem. 

Chapter 4 illustrates a series of procedures to develop a time series model to 

forecast future inflows, including data transformation, model identification, parameter 
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estimation, model selection, model diagnostic checking, and random number generation. 

A first-order multivariate autoregressive model is decided to generate a large number of 

synthetic streamflows for the purpose of simulation. 

Chapter 5 develops an improved DP model with coarse grids to solve the 

optimization problem. The purpose of the DP model is to supply a set of starting values 

of variables for an NLP model if it requires such data. 

Chapter 6 develops a simulation model, which uses the MINOS sofhvare 

package to solve the nonlinear optimization problems. It reads the synthetic streamflows 

from the main program for each run of the simulation. MINOS may use the starting 

values supplied by the DP model or it can choose a basis of variables by itself. The 

Kohnogorov-Smimov two-sample test is used to test distributions of releases in two 

simulations in order to determine if the number of runs in a simulation is sufficient or 

not. After the simulation, the expected values and the standard deviations of decision 

variables are tabulated and the distributions of decision variables are presented in 

frequency histograms and in normal probability plots. 

Chapter 7 describes an information-updating scheme and the reliability analysis 

of the simulation model. The synthetic streamflows are updated monthly so as to reflect 

the most recent hydrological conditions. The parameters in the problem formulation can 

be updated easily. The objective function and constraints can be modified if the situation 

of the system will change in the fiiture. The reliability analysis shows that the simulation 

model works very well except starting in September and October, in which up to 13% of 

time the model fails to find optimal solutions. 
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8.2 Conclusions 

The use of a short-term implicit stochastic model rather than a long-term explicit 

stochastic model for the reservoir system in this study is a natural choice because the 

available hydrological data are short and discontinuous in the winter. The implicit 

stochastic model employs a time series model to forecast future inflow sequences, which 

can be updated monthly to reflect the most recent hydrological conditions. Also, since 

the proposed model is designed to be run monthly, any change in the problem 

formulation, for example the targets of release or elevations, can be updated easily and 

timely. Another advantage to use the implicit model is that it employs a multivariate 

time series model, which takes into accoimt the cross-correlation of inflows at multiple 

sites. In an explicit stochastic model, the cross-correlation of inflows is usually neglected 

for a multiple reservoir system because of the complexity of defining multi-dimensional 

transition probabilities and of the dimensionality problem. 

It is well known that a DP model is not an efficient technique for multiple 

reservoir system operation because of the dimensionality problem but until now 

researchers still rely heavily on DP techniques. On the contrary, NLP can avoid the 

dimensionality problem because it solves the problem without discretizing the decision 

variables. Only few applications using NLP approaches on reservoir operation had been 

reported in the literature. Parts of the reasons are that to develop a reliable NLP model is 

much harder than that of a DP model and an NLP model can not easily accommodate the 

uncertainty of inflows. In recent years, the field of operations research made 

considerable progress. Some reliable NLP solvers designed for solving large-scale 
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problems had been released and improved. This gives a chance to use NLP solution 

approach for the multi-reservoir system in this study. In addition, an implicit stochastic 

approach is proposed to deal with the uncertainty of inflows through a simulation model, 

which requires synthetic streamflows generated by a time series model. Thus, the NLP 

need not to take care of the uncertainty of inflows because each inflow sequence in the 

simulation model is considered deterministic. This gives a second chance to use the NLP 

solution approach for the multi-reservoir system. 

In the multi-reservoir system in this study, the storage volumes of the four 

upstream lakes are much smaller than that of the Ripogenus Lake. For example, one 

thirtieth of the storage volimie of the Ripogenus Lake is still greater than the whole 

storage volume at the Canada Falls Lake. How to discretize storage volumes of these 

lakes poses an extra difficulty to using a DP model to solve the optimization problem. A 

poor discretization will result in a DP algorithm that fails to find an optimal solution 

because the optimal solution may be hidden between the grid points. On the contrary. 

NLP can avoid this problem because it does not discretize the decision variables. This is 

another advantage to use an NLP solution approach for this system. 

MINOS software package is flexible. It can be used as either a stand-alone 

program or as a subroutine. The subroutine MINOS is properly implemented in the 

simulation procedure. The initial storage and the synthetic streamflows are input from 

the main program. The elevation targets, power generation targets, the minimum release 

bounds, and some other parameters also can be input or changed in the main program. 

This allows the user to supply only one MPS file in the simulation. MINOS is clever. 
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MINOS can handle the starting values of variables in various ways. For a ''Cold start", 

the program will choose a basis for the variables by itself This makes the design of the 

DP solution procedure unnecessary. MINOS is fast too. To simulate 1,000 runs of the 

optimization problems takes about one hour and forty minutes on a Pentium 200 MHz 

PC with 128 MB memory. The averaged time for a run is only 6 seconds. 

Through the test examples, the simulation model works very well except starting 

from September and October, in which up to 13% of time the model fails to find the 

feasible solutions for the decision variables. A failure in the simulation is caused if at 

least one minimum-release constraint is violated in a run, which could happen at any site 

in any period of the plarming horizon. The failures of the model starting from September 

and October are mainly due to the required releases in this period that are very high but 

the elevation targets are too low in the same period. Another reason includes the inflows 

in this period that are low but the fluctuation of the inflows is high. Ordy few failures 

happen when the simulation model starts from other months because it foresees the high-

release requirements in September and October and stores more water in advance. When 

the model starts from September or October it has no time to do such adjustments. If 

13% failure is acceptable then the NLP model does not need and change. Otherwise, one 

need to either reduce the minimum-release targets or increase the elevation targets 

during the period of September and October in order to increase the reliability of the 

operation. 

The test examples also show that 500 runs in a simulation would be sufficient. 

After a simulation, the expected values and standard deviations of decision variables are 
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tabulated and the distributions of decision variables are presented in frequency 

histograms and normal probability plots. The output data include not only the 

information for the current period but also the information for the coming year. These 

data can be used for real time operation and planning purposes. The operator can use the 

information to better judge the control of releases or elevations in the current period. The 

probability plots of power generation can be used to decide the firm power and the 

secondary power. The distributions of water elevations in the lake and releases for 

downstream can provide to the public the information for recreation purpose. They also 

can be used to adjust the targets for elevations and releases in the water management 

plan. 

How to define and evaluate an objective function is an extremely important issue 

for any system, especially for a multiple objectives system. There are many multi-

objective/multi-criterion decision theories available. This study does not treat this topic 

intensively. Rather, from a practical point of view, this study defines the satisfaction to 

reach the desired targets as 0-to-l utilities and uses the weighted average method to 

group different utilities together. The scale factors for different objectives may be 

decided by a system decision-maker or by participating groups. 
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8.3 Recommendations 

It has been shown that NLP is an effective workhorse for the multi-reservoir 

system in this study. As described in Chapter 1, there are many kinds of reservoir 

operation problems. Is NLP also a workhorse for those problems? NLP may not be a 

panacea for all these problems but there should be more problems suitable to be solved 

by NLP approaches. NLP does offer a solution to overcome the "curse of 

dimensionality". Nowadays there are several very reliable NLP solvers available for 

solving large-scale problems. This means that the hard part of an NLP solution approach 

has been solved in the field of operations research. The practitioners who work on 

reservoir systems operation using an NLP approach will focus on problem formulations 

rather than on algorithm developing or on algorithm improvements. This is similar to the 

use of an LP solver: the user formulates a problem and calls for an LP solver to solve it. 

It is the belief of the author that NLP will take its place in reservoir systems operation. 

The NLP model in this study communicates with MINOS directly. It reads a 

problem from two parts: the linear part is input through a MPS file and the nonlinear part 

is input through user-supplied subroutines FLfNCON and FUNOBJ. The MPS, 

FUNCON, and FUNOBJ are called "algorithm's form". To convert a mathematical 

programming problem to the "algorithm's form" is time-consuming and often error-

prone procedure. There are other ways to use the MINOS software package, for 

example, through the AMPL (Fourer, et al., 1993) or GAMS (Brooke et al., 1996) 

modeling systems. These are high level modeling languages for formulating 

mathematical models with concise algebraic statements that are easily read by modelers. 
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easily modified, and easily moved fi-om one computer environment to another. Modeling 

languages are designed to express the "modeler's form" in a way that can serve as direct 

input to a computer system. Then the translation to the "algorithm's form" can be 

performed entirely by the modeling systems. In addition, the modeling systems offer 

many mathematical programming solvers to be used within the systems. If one solver 

fails to solve a particular model, the modeling systems allow users to try another solver 

without rewriting or changing the model at all. This is useful especially for NLP models 

because no one solver works for all problems. Modeling languages can help to make 

mathematical programming more economical and reliable. They may be used to develop 

models for large-scale reservoir systems. 

As the popularity of the Windows operating system increases, the next 

generations of models for reservoir systems operation will feature a graphical user 

interface (GUI). With the aid of a GUI, the user can communicate interactively with the 

model, such as input data, retrieve data, update parameters, graphically display selected 

data, etc. Today there are available many interactive graphic-based toolkits, such as 

Microsoft Visual Basic, Microsoft Visual C++, and Digital Visual Fortran. They can be 

used to develop a model with a GUI, which can 'talk" to the conventional models of 

reservoir systems operation. 
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