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Abstract

We consider the capacity determination problem of a hydro reservoir. The reservoir
is to be used primarily for hydropower generation; however, commitments on release
targets for irrigation as well as mitigation of downstream flood hazards are also sec-
ondary’objectives. This thesis is concerned with studying the complex interaction
among various system reliabilities (power, flood, irrigation, etc.) and to provide de-
cision makers a planning tool for' further investigation. The main tools are stochastic
programming models that recognize the randomness in the streamflow. A chance con-
strained programming model and a stochastic programming model with recourse are
formulated and solved. The models developed incorporate a special target-priority
policy according to given system reliabilities. Optimized values are then used in a
simulation model to investigate the system behavior. Detailed computational results

are provided and analyzed.
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Chapter 1

Introduction and Literature review

1.1 Introduction

Life cannot exist without water. This is a truth held by all humans regardless of
their economic, social, or political status. Since the dawn of civilization, man has
struggled to secure this life-permitting source. Therefore, it is just common wisdom
to protect water resources and to manage water resources with utmost care. One
method for managing the water resources since ancient times is to collect water in
' reservoirs which in turn can be regulated to feed consumption by various entities. For
instance, water for irrigation, recreational use, maintaining livestock or even water
for generation of hydroelectricity can be made avilable in a timely manner through
such regulation. Furthermore, water reservoirs may also be used to mitigate the
effects of natural disasters due to floods or droughts. This need to carefully manage
water resources has enticed scholars and governing bodies alike to devise strategies
for optimal management and operation of such facilities.

In the last three decades in particular, countless efforts have been expended on



optimal sizing and operation of water reservoirs. There are many facets in the man-
agement of water reservoirs that can be optimized. The earliest water reservoirs in
history have focused mainly on maintaining a supply of life-supporting water and
mitigating flood hazards by building large controlling dams on water streams. With
the development of social systems and the progress of science, the need to build water
reservoirs to satisfy more than a single objective became more apparent. This led to
the emergence of so-called multi-purpose water reservoirs. In such reservoirs, several
objectives are considered simultaneously. The problem of planning the capacity of
these reservoirs is no longer a trivial problem. With several and often conflicting
objectives, the problem of planning the capacity and release policy of reservoirs be-
comes very complex. Consequently, the models of Operations Research/Management
Science have been used extensively where one wishes to optim.ize the benefits of a
multi-purpose water reservoir under multiple conflicting objectives and constraints
on their operation.

Operations Research (OR) is a branch of applied mathematics. It is a multi-
purpose discipline that utilizes mathematical models to represent real-life problems
and uses mathematical tools to determine optimal solutions -or decisions. In the
context of the reservoir management problem, such a model attempts to determine
an optimal tradeoff among many conflicting objectives. Among OR. tools there are-

such modeling techniques as linear/nonlinear optimization, networks modeling, and

queueing theory. Applications of such prescriptive OR tools are becoming increasingly



valuable due to their powerful analytical capabilities and their abiblity to be used in
conjunction with descriptive techniques such as simulation modeliﬁg. OR tools have
been applied successfully in many areas, for instance, transportation and warehousing
problems, computer networks analysis and configuration, healthcare management, fi-
nancial planning, as well as in water reservoir management and operational problems.

To analyze water re;servoir problems one needs a comprehensive understanding of
the common terms used in the water reservoir context. We will divide this chapter
into three sections. In section 1.2, the reservoir operation practices and procedures
are defined and discussed. In section 1.3, several optimization models that have been
proposed in the literature are presented. Section 1.4 presents the motivation for the

problem setting discussed in this thesis.

1.2 Water reservoirs: purposes, practices, and op-
eration

1.2.1 Water reservoirs defined

A reservoir can be considered to be an intermediate storage space, which acts as a
buffer between an uncontrolled supply of water and dem nd for water. It serves the
purpose of holding water in it when the supply of water was in excess of the demand,
so that demand could better be satisfied in a subsequent period when supply is scarce.

A reservoir has its inputs as water inflows (which are subject to random variations)
and output as water released from the reservoir for downstream use. One important

question that may arise is that how large should the reservoir size be selected, in order



to satisfy the demand. If there are no restrictions on the size of the reservoir, then
the reservoir can be built larger, thereby the input water resource can be fully made
use of for better satisfaction of the demand. However, construction costs of reservoir
increases with increased dam heights, and hence building excess capacity becomes
“too costly. The demand for water is generally expressed as long term contracts or
agreements that have been framed at the time of feasibility and acceptability of
. the water resource development project. Building a reservoir with an inadequate
capacity often results in nonobservance of such agreements, which could lead to severe
consequences, not only economic, but political and social as well. Thus, the optimal
- size determination becomes a problem of paramount importance. This problem of
optimal sizing and allocation of the precious water resource, is complicated because
of the uncertainty associated with supply.

Figure 1.1 depicts a typical water reservoir. A reservoir can be considered to be

consisting of three major hypothetical storage volumes, as described below.

Dead Storage

This is usually the highest among the following:
1. level imposed for sediment impounding in the reservoir.

2. level imposed by the minimum operating head of turbines used for power gen-

eration.

3. level imposed for recreational development.




Ground
Level

Flood reserve

o T T

Active Storage

Dead Storage

Dam

Figure 1.1: Typical water reservoir

Flood Storage

This storage is required to reduce potential downstream flood damage. This reserve

- is generally determined by the decison maker a priori based on the concept of a

probable maximum flood occuring with a certain return period (say 50 years). Once

the decision is made by the management on a flood occuring with a certain degree of

severity, and when the amount of flood water coming into the reservoir is estimated,

through flood routing calculations, the flood reserve volume required in the reservoir

is generally determined.




‘Active Storage

This is the storage used for streamflow regulation for purposes of meeting downstream
water requirements (arising from agriculture, municipal and industrial uses) and ex-
tracting energy as much as possible. If the runoff of the river impounding on the
reservoir fluctuates very much according to the season, and also if there is consider-
able variation in annual runoff, it leads to the necessity of a reservoir with a larger
active storage capacity to fully utilize the resources of the river by carrying the water

from the wet periods over to dry periods.

1.2.2 Purposes of water reservoirs

Although the name can be misleading, water reservoirs are used for much more than
just storing volumes of water or generating hydro-electricity. Water reservoirs are
built for either one purpose or multiple purposes, in which case they are termed
multipurpose water reservoirs. The purposes of building reservoirs include electricity
generation, providing drinking water to human and animal populations, providing

irrigation water for farming or industrial needs, and controlling flood hazards.

Irrigation

Most reservoirs are built on water streams or rivers, so they limit, in a sense, the
downstream flow of water for agricultural needs. Almost every reservoir authority
has to take this into consideration to prevent damage to crops that rely on the flow

of water. Irrigation water demands have to be satisfied in general as a part of an




agreement between the energy authority and farmer’s groups or the government that
oversees such agricultural activities. This purpose does not, in general, present any
‘tangible profit to the energy authority. Hence, there is a need to consider this issue
without hampering the energy generation which provides the main source of income

for reservoir management.

Hydro-energy generation

In addition to the downstream water demand for irrigation, the water release\d from
" a reservoir can be utilized to generate electricity (known as hydro-power generation).
In such reservoirs, the difference in water altitude is exploited to produce electricity.
This is done by releasing water and letting the pressure generated by the flow of water
turn the electricity generating turbines. Before the invention of the nuclear power
plants, hydro-electricity was the main source of power for most developed nations. In
most under-developed nations, this is still the method of choice next to thermal power
generation. Its appeal comes mainly from the availability of water in most nations at
no cost. Fortunately, a reservoir does not have to release water through two separate
ways to satisfy both demands, because the release made to satisfy water demand can
be used to generate electricity as well, and vice versa. Generation of hydro electric
energy is extremely useful as a substitute for electricity that is normally produced by
burning fossil fuel. Therefore, operating these reservoirs in the most optimal manner
is a necessity to sustain the operation and growth of industries, as well as providing

needed electricity to civilian populations.



' Controlling Flood hazards

. Water reservoirs are also heavily used as a storage space for excess rain waters that

would otherwise overflow and cause floods that are costly to civilian lives and agri-
cultural objectives. The water inflows are therefore stored in multi-purpose reservoirs
and released in a controlled manner to mitigate the flood hazard. That is, whenever
a flood inflow occurs, that excess water can temporarily be stored in the reservoir,
which could in a later period be released, thus eliminating possible flood damages.
This practice, known as flood routing, often requires reservoirs be provided with a
certain flood storage volume or flood release capacity. This is a very important as-
pect of the operation of water reservoirs especially in areas where the amount of rain
water varies dramatically from one season to the next, for example in monsoon areas.
This purpose of water reservoirs, similar to the irrigation purpose, does not provide
the energy authority with a tangible revenue. However, governments usually impose
such agreements on reservoir authorities because of its tremendous economical and

political impact on the civilian population.

Commercial navigation

Since the early days of civilization, water streams have been a preferred means of
navigation. This fact remains true even in the twentieth century. Therefore it is
imperative that water reservoirs are built with this in mind. Typically, barges in
water ways are heavily used in the transportation of bulk commodities such as coal

due to the lower energy and cost requirements in transportation. Moreover, the



development of reservoirs and water ways is also considered a part of the national

defense, since these steams provide inland transportation routes during times of war.

‘Other purposes

The afore-mentioned purposes of water reservoirs are not exclusive. Depending on
its location, a water reservoir can provide a good natural recreational facility for the
population. In east Tennessee, for example, there are several public parks on the
sides of water reservoirs, such as Melton Hill dam and Norris lake. Other purposes
include the protection of wildlife by providing sanctuaries for several species. These
will require a certain minimum level of flow to be maintained in the river, which is
generally determined according to standards set by administrative authorities based
on environmental considerations. Maintainance of these minimum levels depends not
only on the reservoir size decision, but also on how the reservoir releases are times.
Hall and Dracup(1970) pointed out that the optimum design of any system depends

not only on objectives but on the operating policy as well.

1.2.3 Operation of water reservoirs

The operating policy of the reservoir is usually geared towards satisfying the primal
purpose of the project. A water release policy is defined as the amount and frequency
of water release from the reservoir during a given period of time. A release policy that
is primarily designed to generate electricity will be geared towards maximizing the
benefits of energy generation. In a reservoir where the downstream water targets are
primal, the focus of the policy will be on minimizing the shortage of water supplied

9




for drinking, industrial, or farming needs. Reservoir authorities generally have broad
contractual agreements that constrain their releases, and the need for an optimal
release policy for operating the reservoir bec;)mes inevitable. In the next section, we
present an overview of the literature in this domain, and indicate how researchers used
reservoir characteristics to devise objective functions and constraints to optimally plan
and control the operation of reservoirs.

Water reservoir models have been studied in a multi’tude of ways. The most com-
mon are descriptive simulation models, prescriptive optimization models, and hybrid
combinations of optimization and simulation models (See Army Corps of Engineers,
1991). For the purposes of this thesis, we are mainly interested in the latter two, es-
pecially the use of optimization tools such as stochastic programming and validating
them using simulation models. It is important to note though that much of the re-
cent literature have focused on assessing the reliability rather than the design and/or

(
planning and operation of reservoirs. For an excellent review of the literature relating
to water reservoir models see Louck et al.(1981) and Yeh (1985).

Given the multiple objectives, the notion of optimizing a multi-purpose water
reservoir would be somewhat misleading. What one should consider is an optimal
trade-off of benefits and costs of the concerned objectives. Benefits could include such
things as the revenue from the energy generated, and costs could include construction

costs, costs of damages to farming crops due to floods or droughts. Such problems are

best studied under an optimization framework of modeling will be the emphasized in

10



the next section.

1.3 Optimization Models Applied to Water Reser-
voirs |

1.3.1 Linear Programming

Linear programming (LP) is a powerful, yet simple, modeling tool that can be used
to study a wide variety of application problems. Its ease of understanding and use
made it the tool of choice for much of the early applications of optimization model-
ing in reservoir systems. Due to the complex nature of system constraints in reser-
voir management and operation, a significant number of researchers have focused
on chance-constrained formulations, utilizing linear decision rules. Revelle, Joeres,
and Kirby (1969) published one of the key papers titled “the linear decision rule in
reservoir management and design: development of the stochastic model.” Much of the
literature that followed built upon and extended the basic concepts laid out in that
pioneering paper, for example Loucks and Dorfman (1975), Nayak and Arora (1971),
Curry and Helm (1973), Houck (1979), Houck and Datta (1981), and Sreenivasan
and Vedula (1996). Several specific LP models have also been presented in the litera-
ture. Loucks (1968) developed a stochastic LP model for a single reservoir subject to
random net inflows. Release rates were determined which minimized the sum of the
expected squared deviations from target reservoir volumes. Windsor (1973) developed
a LP model for analyzing multiple reservoir flood control operations. Sreenivasan and

Vedula (1996) present a chance constrained LP formﬁlation for a multipurpose reser-

11



. voir. The model determines a release policy that maximizes the annual hydro power

production while meeting the irrigation demand at a specified reliability level.

1.3.2 Dynamic programming

The dynamic programming (DP) approach involves decomposing a complex problem
into a series of simpler sub-problems which are solved sequentially, while transmitting
essential information from one stage of the decomposition to the next using state
- space concepts. Louck et. al (1981) state that the generalization of deterministic
dynamic programming to the stochastic case is somewhat straightforward. Stochastic
dynamic programming can be used to study very complex situations, as long as a few
state variables are involved. However, the applicability of dynamic programming
is hindered by what is called “the curse of dimensionality”, which means that the
problem at hand becomes computationally intensive as the number of state variables
increases.

Hall et al. (1968) used DP to determine releases over time for a single reservoir that
maximized revenues from the sale of water and energy. Giles and Wunderlich(1981)
describe a model based on DP and simulation that determines weekly releases and
end-of-week storage levels for a 19 reservoir system. Allen and Bridgeman (1986)
applied dynamic programming to three case studies involving hydroelectric power
scheduling. Martin (1987) incorporated a DP algorithm in a modeling procedure for
determining an optimal capacity expansion project for a water supply system. For

a method of transforming stochastic dynamic programming models into nonlinear

12



equivalents, see Ziemba (1971).
1.3.3 Nonlinear programming

The use of linear programming , despite its ease and tractability, is restrictive in mod-
eling reservoir operations in many cases. The main reason is that several objective
functions or constraints of the model are nonlinear in nature and they have to be
linearized to fit in an LP framework. Nonlinear programming (NLP) can be used in
such instances to reduce the approximations introduced by linearizing functions, and
to provide a more general formulation than LP would. However, the mathematics
required is generally much more complex, which generally implies a more expensive
computational effort. For that reason, NLP techniques have not been applied ex-
tensively to problems of optimizing reservoir system operations. The advances in

computer hardware and software in the recent years has alleviated the computational

* burden, and could result in a greater use of NLP in the future. Duren and Beard

(1972) incorporated a univariate gradient search algorithm, with the Newton-Raphson
technique, into a reservoir simulation model to develop a method of determining
the economically optimum flood control diagram for a single multipurpose reservoir.
Rosenthal (1981) used a nonlinear network flow algorithm to maximize benefits in a
hydroelectric power system. Diaz and Fontane (1989) used a quadratic programming
approach for optimizing hydroelectric power releases from a multiple-reservoir system

based on the objective of maximizing economic benefits.
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1.3.4 Stochastic Programming

Although stochastic programming can be presented as a special case of linear, dy-
namic, or nonlinear programming, it is a field that has received much attention re-
cently and deserves to be presented separately. In linear programming, we usually
assume complete knowledge of future events, and build models using deterministic
constraints with no possibility of recourse, i.e. changing the decision policy after some
random event that was approximated is realized. This limitation is overcome by us-
ing multi-stage stochastic programming with recourse models. Decisions are made at
the beginning of the planning period, however, the model takes into account the ran-
" domness in the parameters and it penalizes deviations from their true realizations by
using suitable cost functions. Decisions are therefore more informed and provide the
decision maker an opportunity for taking corrective action once the random events
are realized. In the case of water resrvoirs, the main random event is the amount
of water inflow. Other parameters that can be viewed as random are the irrigation
water demands.

Under this framework, it is important to distinguish between the so-called “here-
and-now”, or non-anticipative, and “wait-and-see”, or anticipative, situations. In the
former, or non-anticipative, the decision maker takes a decision before observing the
stochastic events. In the latter, or anticipative situation, the decision maker is allowed
to make a decision after having observed the realization of the stochastic event, in

which case the optimal value of the objective function as a result of this decision
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may itself be a random variable. We shall restrict our focus on non-anticipative
decision policies. The motivation here is that the reservoir management has to make
“decisions on releases before observing the stochastic water inflows in our case. The
non-anticipative situation can be modeled as either a chance-contrained stochastic
problem, which we will present in Chapters 2 and 3, or as a stochastic programming
model with recourse, which will be presented in Chapter 4.

A computational procedure was presented for a two-stage stochastic LP model by
Dantzig (1955), in which the activity levels are determined in the first stage, then a
corrective action is followed in the second stage. In his monograph, Prekopa (1995)
presents a thorough overview of stochastic programming. A rich theoretical back-
ground is provided together with a wide array of applications in such diverse areas as
water reservoirs scheduling, inventory control, and banking. Several other researchers
have studied the general theory of stochastic programming, see for example, Ediris-
inghe and Ziemba (1992), Salinetti (1983), Sengupta (1972), Wets (1983a, 1983b),
and Ziemba (1974). Edirisinghe (1999) considers bounding techniques within multi-
stage stochastic programming models. Bound-based approximations are proposed as
means of solving large problems efficiently.

In the context of water resources planning, Prekopa (1978a) used stochastic pro-
gramming in a flood control reservoir system design. Neveda (1988) presented several
applications of stochastic optimizatioﬁ methods to the electric power system opti-

mization. Multi-stage stochastic models have been used in the power scheduling of
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hydro-thermal systems under uncertainty on electrical load, see Nowak and Romisch
* (1999). Several other reserachers have modeled the water reservoir problem using
stochastic programming, see for example, Dorfman (1962), Dupacova (1980), Dupa-

cova et al. (1991), Prekopa (1978b), and Rapcsak (1974).

1.4 Multipurpose Water Reservoir with Target-
Priority

1.4.1 Motivation for the Problem Setting

We consider that a choice on a particular dam site has already been made. Then
depending on the geological conditions, the type of the dam (rockfill, earthen, concrete
types, etc.) can be decided, and with this information the actual dam construction
cost for a given dam height can be worked out, Apart from the increased capital cost
required for a larger dam construction, there is an environmental or social problem
associated with a larger reservoir. That is, if the reservoir is to be built large then it
requires that a larger area be inundated, which may include certain resiential areas.
Thus it may be necessary to establish compensation and resettlement programs to
mitigate adverse effects on the existing inhabitants affected in the proposed reservoir
area. Therefore, in practice, reservoir sizing decision is much complicated by the issues

of socio-economic impact, downstream river development, probable environmental

effects, and resettlement and relocation aspects.




1.4.2 Target-Priority Operation

In this thesis, we consider a situation witnessed in a number of reservoir applications
where an energy authority is responsible for the reservoir operation with its main
objective being generation of hydropower. It is assumed that the problem of choosing
a location for the hydro plant has already been made; however, its capacity has
yet to be determined. There is also a demand for water arising from downstream
irrigation requirements. Although satisfaction of these irrigation targets does not
bring explicit benefits to the energy authority, it is required to ensure an acceptable
level of reliability in meeting these water targets due to contractual agreements. In
recognition of these dual purpose services, in actug,l operation of such reservoirs,
operations managers are generally required to adopt a priority based operating policy,
which could be expressed as follows: If the target water quantity can be released while
the total amount of released water is used for generation of energy, then at least the
targeted amount of water must be released. In other words, so long as hydro power
can be generated, managers choose to satisfy water needs occurring in any given time
period. In this thesis, we consider a capacity-planning model that can accommodate
such a target-priority policy. The premise on which this policy is based is that if the
water level in the reservoir falls below a certain minimum level, as determined by the
hydro turbine minimum head requirement, no hydro-power can be generated.

The capacity planning model is formulated to maximize the monetary net benefit

due to power generation over a projected operational horizon, subject to constraints
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on reliabilities of operation. Apart from satisfying irrigation and power generation
needs, the reservoir is also operated to mitigate downstream flood hazards. During
flood inflow seasons, the reservoir is used for temporary storage of flood water that
can be released in a controlled manner in later periods, thereby eliminating potential
floods. This practice often requires reservoirs to be provided with a minimum flood
storage volume or flood reserve capacity, see Figure 1.1. The flood reserve capacity
to be maintained in any time period is assumed given and it is typically determined
| outside the operational models, considering historic flood inflow patterns.

Since flood reserve and dead storage volumes are regarded as given, the problem
of reservoir capacity determination becomes a matter of optimally sizing the active

storage as shown in Figure 1.1.

1.4.3 Organization of The Thesis

This thesis considers a s%ngle multipurpose reservoir planning problem with target-
priority operation. The proposed models are intended to provide the decision maker a
good insight into the problem, so that further socio-economic analyses could be made
use of before making a final decision. In chapter 2, a chance constrained approach to
the capacity planning for a multipurpose water reservoir with target priority opera-
tion is presented in detail. In chapter 3, a real life data set of cumulative inflows is
analyzed, and the model developed in chapter 2 is executed to validate the solutions
provided by the model. In chapter 4, we introduce a multi-stage stochastic p.rogram-

ming approach that can be applied to determine real-time releases. In chapter 5,
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section 5.2, we present a dynamic programming model with independent inflows. In

section 5.3, we develop a dynamic programming model with restricted dependence

on the monthly inflows. In chapter 6, we present an aggregated dynamic program-
ming model that will capture the general case of dependent inflows. Finally, in the
concluding chapter 7, we summarize the results of the different approaches we have
developed and provide guidelines for using these complex models in planning and

controlling multi-purpose water reservoirs.
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Chapter 2

‘Chance constrained model

2.1 Chance Constraints

. Chance constrained programming is a deterministic model except that certain or

’

all of the constraints are required to be satisfied only in a probabilistic sense. The
idea of chance constraints for LP optimization was first introduced by Charnes et
al. (1958)., for determining refinery rates for heating oils to meet stochastic weather
dependent demands. In the context of reservoir system optimization, the idea of

chance constraints was first proposed by ReVelle et al. (1969). A chance constrained

programming problem has the following structure:

min CX (2.1)
subject to
AX =b (2.2)
|
P(TX >(¢)>p (2.3)

”



X>0 (2.4)

-where P denotes the probability operator, X is the decision vector, A and T are

deterministic (fixed) technology matrices, and ¢ is a random vector. The constraint
(2.3) is a chance constraint because the event TX > ( is required to be satisfied
only with a given probability p (< 1). If T has only one row and ( is a univariate
random variable, then (2.3) is called an individual chance constraint; otherwise if T
is a matrix and ¢ is a vector then (2.3) is a “joint” chance constraint. In the latter
event, the satisfaction of the set of constraints TX > ( is given a single probability.

In the case of a single chance constraint, if the probability distribution of the
random variable ¢ is known, (2.3) can be converted to a deterministic equivalent
by using the cumulative probability distribution function of the random variable ¢,

denoted by F¢. That is,

PTX>()>p

holds if and only if

fC(TX) Z P

which thus implies that the resulting deterministic equivalent is
TX > .’l'-'gl(p) (2.5)

where - 1(.) is the inverse cumulative density of the random variable ¢. For example,
if p is chosen to be 0.9 then there will be, at most, 0.1 or 10% probability that the

constraint represented by (2.3) will not be met.

21




2.2 Literature Review

Chance Constrained Programming, (CCP), models based on individual chance con-
straints have been introduced by Charnes, Cooper and Symonds (1958). The more
general joint chance constrained models where the random right-hand-side vector is al-
lowed to have stochastically dependent components was first introduced by Prekopa

(1970). The issue of transforming joint chance constraints into their deterministic

~ equivalents has been extensively researched by Prekopa, see for example Prekopa

(1999) where he shows how probability bounds can be incorporated in CCP models
in order to compute approximate solutions. In his monograph, Prekopa (1995) also
presents a thorough overview of the theory and applications of stochastic program-
ming including the case of joint chance constraints in the context of water resources
management. Sengupta (1972) describes the idea of incorporating decisions on sys-
tem reliability into a CCP model in a more general setting. ReVelle (1999) discusses
several models for optimizing reservoir resources including models for reservoir relia-
bility.

Dupacova et al. (1991) describe the case of a multi-purpose water reservoir. Three
different formulations are described: a chance-constrained model, a stochastic pro-
gram with penalties model, and a mixed model. The first model attempts to minimize
the capacity of the reservoir subject to chance constraints on the reliability of meet-
ing demand for water for irrigation and industrial purposes. The second and third

models minimize the expcted total cost which includes losses due to failure of some
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reservoir functions. The treatment in this chapter differs from that in Dupacova et

al.’s in at least three dimensions. Firstly, we present a less aggregated model where
monthly time periods are used. Secondly, we consider the problem from a net benefit
perspective, where the benefit from generating energy is considered explicitly in the
objective function. Thirdly, we adopt a target-priority policy that requires the model
to choose a release that is greater than thé targeted amount of water provided the
release will result in energy generation. These distinctions will become apparent as
the problem and the model are formally presented in subsequent sections.

In the proposed chance constrained planning model, maintaining minimum flood
reserve capacity and dead storage, satisfaction of water targets, and generation of elec-
tricity are all considered in probabilistic sense, i.e., using chance constraints. More-
over, some of these constraints are of reliability‘ type since probgbilities of satisfaction
for these constraints are not available a priori, and thus, they need to be treated as
model parameters. In the sequel, we take a two-phase approach in addressing the

capacity-planning problem:

(i) in phase one, optimize the energy generation for given reliability and capacity

parameters, and

(ii) in phase two, optimize the net benefit of system operation to determine optimal

capacity and reliabilities.

We assume that the hydro reservoir is to be used for providing base energy or firm
energy with guaranteed reliability. The approach in phase one, see (i) above, captures
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the stated target priority policy within a chance-constrained setting of system oper-
ation to maximize the firm energy output. This is the focus of discussion in Sections
2 and 3. The approach in phase two, see (ii), which determines the optimal capacity
that maximizes the system monetary net benefit of power generation is considered in
~ Section 4. The solution of the resulting nonlinear model requires the solution of the
model in (i) iteratively, and thus, it is computationally tedious. We propose a Quasi-
Newton line search based on gradient estimation for efficient solution of the model,
utilizing an important sensitivity theorem in nonlinear programming, see Section 5.
The case study that motivated the present work is in Section 6, which also includes a
simulation analysis of the stochastic optimization model output to verify the validity
of the approach. This optimization-simulation framework is used for further analysis
and for providing insight into the capacity decision problem.

The notation required for subsequent development of the model would be intro-

duced as it becomes necessary.
2.3 Decision Policy

Consider a time period ¢ of reservoir operation. In this presentation, each period
of operation corresponds to a month. The total number of months in the planning
horizon is 12, thus repesenting a year. Denote the volume of water released in period
t by R;. The amount of inflow to the reservoir in period ¢ is denoted by I; while
the reservoir storage at the beginning of period ¢ is denoted by S;_;. In general, R,
would be a function of the history h; = {So, Ry, ..., Ri—1, St—1, I}, i.e., Ry = fi(hy)-
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The set of releases f; (ﬁl), fa(ha),- -, fi(ht),... constitute a release policy. More-
over, notice that such a release policy is non-anticipative, namely, release decisions
depend only on the random quantities realized so far and not on the hindsight of
future occurrences. Multi-period stochastic optimization models incorporating such
non-anticipative decision policy are extremely difficult to solve as the problem size
increases, see Dempster (1980). Therefore, it is customary to assume a convenient
functional form for f;(h;). While there can be a potentially large set of decision rules,
the one that is frequently used in water reservoir studies is the linear class of decision
rules, i.e. LDR, denoted by A;.

On the other hand, there is the class of so called zero-order rules, denoted by
Ao, which require that the decision to be made at any time period be independent
of the observations of the random variables at all previous time periods. Gartska
and Wets (1974) give a detailed theoretical account of the drawbacks of restricting
the optimal policy to the class of Ay or A;. For example, there are problems for
which there exist optimal decision rules, but no feasible Ay rule, and vice versa.
Also, the possibility exists that there are feasible solutions to the original problem
but no feasible solution to the equivalent LDR problem, and vice versa. Although
one cannot hope to find a ‘true’ optimal policy when the search is restricted to Ag
or Ay, for computational appeal, such have been used in the past literature. Prekopa
(1995, pp. 231-252) presents stochastic models applied to the optimization of water

resources where chance constraints are used together with a zero-order decision rule.
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For criticisms on using LDR in reservoir studies, see Curry et al. (1973), LeClerc and
Marks (1973), Loucks and Dorfman (1975), or Stedinger (1984).

In this formulation, we restrict the search of release policies to the class Ag. The
primary motivation for this restriction is that we are dealing with a long-term planning
problem. Moreover, in a chance-constrained model with a one-year horizon and 12
monthly periods, the computational advantage of using such a decision rule is that
it makes the multi-stage program collapse to a single-stage program. For details, see
Dirickx and Jennergren (1975), and for some generalizations, see Ziemba (1971). The
simulation study, reported in Section 6, establishes that the fixed Ag-optimal policy
from the chance-constrained model achieves the reservoir operatiohal characteristics
as intended. Indeed, the Ag-policy that we seek must satisfy the target-priority

behavior.
2.3.1 Target-priority operating policy

As mentioned previously, the model has to accommodate the target-priority policy.
However, the hydro-turbines require a certain minimum water-head for generating
electricity, a level usually referred to as the dead storage level of a hydro-reservoir.
We denote this fixed storage by SD. In this regard, a necessary condition to be
satisfied, so that the target water amount released in period # can be used to generate

energy, is

Sey+I,—T,>SD (2.6)
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where T; is the given deterministic water target for period ¢, ¢ = 1,...,12. In the
event the condition in (2.6) is satisfied, the model must accomplish a release R; > T..
Now, since {R;} € Ay and targets T} are deterministic values, the satisfaction of water
targets can be controlled via the constraint in (2.6). Consequently, the probability of
satisfaction of (2.6) will be used in the model as a surrogate for the “probability of
target satisfaction”, denoted by 6. Thus, the target-priority policy in the context of

the model can be stated as follows:

~ (P1) If the condition in (2.6) is satisfied during some period ¢, then the model is

required to choose a release R; not less than T;.

The proposed approach for modeling the policy (P1) is described in the next section

under the development of chance constraints.

2.4 Chance Constrained Model -

The energy authority measures its monetary benefit in terms of thle firm energy it
generates, as this reservoir will be used to provide base energy. Firm energy is defined
as the monthly minimum guaranteed energy generation level, herein denoted by L.
B(L) denotes the discounted monetary benefit from the generation of a firm energy
level L over a specified planning horizon. The discounted capacity construction cost
is denoted by C(K) associated with a reservoir of capacity K. For a chosen capacity
K, the energy authority is concerned with maximizing the firm energy generation,

provided the system constraints are satisfied, including that of target priority water
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demand satisfaction. The maximized firm energy level is therefore dependent on the
chosen capacity K. The trade-off between capacity construction costs and energy
generation benefits will be investigated through maximizing the net benefit function

NB(K, L) expressed as,
NB(K,L) = B(L) - C(K). (2.7)
2.4.1 System Constraints

As mentioned before, the storage level S; in a given month ¢ must be at least SD, the
dead storage level, for energy to be generated. Since S; is a stochastic variable, the
satisfaction of S; > SD can only be made with a certain probability, herein denoted
by a. Typically, @ may be chosen to be large, say 99%; however, in our case the
water target satisfaction is closely associated with the event S; > SD, and thus,
it is impossible to pre-specify a value for & without knowing its impact on target

satisfaction probability, 8. Therefore, we consider the constraints
P(S:>SD)>a,Vi=1,...,12 (2.8)

in our model as reliability constraints where « is treated as a variable that must be
chosen optimally to maximize the net benefit in (2.7).

By allowing a hypothetical empty volume of V;, known as the flood reserve, the
reservoir is intended to provide flood protection during month ¢. The corresponding

chance constraint is

PS,<K-V)>8,Vt=1,...,12 (2.9)
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where S is the flood protection probability pre-specified by the management. The
value of V; is typically determined a priori based on historical data.

Since the reservoir operation spans several years, while the model represents a
horizon of one year, it is necessary that the terminal storage of the reservoir should
ensure similar operation in the subsequent years as iong as the inflow patterns remain
the same. This is achieved in the model by requiring that the over-year storage, Sis,
will remain no less than the initial storage, denoted by Sy, with high probability,

denoted by p. The resulting over-year storage constraint is
P(S12 > So) > p. (2.10)

As discussed in section 2.3.1, the satisfaction of water targets is accomplished through

the surrogate constraint
PSS+, —T,>8SD)>0,vt=1,...,12, (2.11)

where 6 is a probability chosen by the reservoir management. However, a value of 6
in (2.11) cannot be specified a priori without knowing its implication on net benefits
for the energy authority. We will investigate the effect of § on reservoir capacity K
and other characteristics by analyzing the proposed model for various values of 6.

Finally, the continuity equation is given by
St=St_1+It—Rt,Vt=1,... ,12, (2.12)

assuming no evaporation or other losses. Observe that (2.12) is a physical constraint
and it must be satisfied for all random realizations (of scenarios up to time #) of
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inflow. For the ease of exposition, we collect the set of feasible pairs (S;, R;) for
all t = 1,...,12 satisfying the chance constraints (2.8)—(2.11) and the continuity

equation (2.12), and define the feasible set C as follows:

(R, S;) e R2,(t=1,...,12) :
C:= . (2.13)
(R:,S:) satisfy (2.8),(2.9),(2.10), (2.11), (2.12)

2.4.2 Target-priority model

The firm energy level L must be maximized, for a given capacity K, using a re-
lease policy that satisfies the constraint system presented in the preceding section.
However, the satisfaction of constraint (2.11) must also ens-ure that R; > T; due to
our target-priority policy. While there may exist several ways of enforcing this re-
quirement on the model, we choose the following sequential optimization framework:

Define the target deficits D; by
Dy:=[Ty — R)* ,Vt=1,...,12,

where the notation [z]* = max{0, z}. Given a sequence of deficits incurred in months
1,...,t =1, ie, Dy,...,D;;, the deficit in month ¢ is minimized subject to the
constraints of system operation in the entire time horizon of one year. By doing so,
the deficit D, in period ¢ is chosen such that it will not lead to infeasibility in the
future periods t + 1, ..., 12 of operation.

The sequence of deficit minimization problems that probabilistically ensure the

30



target priority policy, for ¢ = 1,...,12, is given by:

(CCP); : D; := min D, (2.14)
st. R.+D,>T, 7=1,...,t
D, <Dy, 7=1,...,t=1
{R.,S: }}2,€C,D, >0, 7=1,...,t.

For t = 1, the constraints D, < D} are considered void in the above formulation.

2.4.3 Firm Energy Generation Model

Corresponding to the sequence of deficits and releases, as determined by the mod-
els (CCP);, ..., (CCP),, the energy generated by the reservoir is denoted by

EG},... ,EGq, respectively. Thus, the firm energy level so generated is
Lfe = min{EGl, NN ,EG12}. (215)

Noting that the firm energy level Ly, is a stochastic variable, the reliability of ensuring

a (deterministic level) L for firm energy, denoted by 7, is
¥ :=P(Lse > L). (2.16)

However, determining the distribution function of Ly is quite complicated. For in-
stance, it requires determining correlations among all random variables EG;, and it
is a statistically onerous task in itself. Therefore, we consider the following set of
chance constraints, ensuring that monthly energy production exceeds a certain level

L of firm energy with a fixed reliability -y at all time periods, i.e.,
PEG,>L)>v,Vt=1,...,12, (2.17)
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where 7 is a prespecified probability. Given a value for v in the chance-constrained
optimization model, we simulate the optimal policy so obtained to estimate the cor-
responding 4. These simulation results are discussed in Section 6.

Phase-I of the capacity planning model seeks to maximize this firm energy level L
subject to the minimum deficits D} prescribed by the sequential deficit minimization
models (CCP), and satisfying the constraints of system operation. Consequently, the
resulting firm energy maximization model in Phase-I has the format:

(FEP): L*:= max L (2.18)
st. Be+Di2>T;, t=1,...,12
D, <Df, t=1,...,12
{Rt, St}%il € C,Dt 2 O, t= 1, s ,12

2.4.4 Net Benefit Maximization Model

For chosen model parameters K and e, let the corresponding maximum firm energy
level as determined by (FEP) be denoted by L*(K,a). This yields a net monetary

benefit of
NB(K,L*) = B(L*(K, o)) - C(K). (2.19)

In Phase-II of the proposed capacity planning model, we wish to maximize the net
benefit NB(K, L*) by optimally choosing the capacity K and dead storage reliability

a. The explicit constraints on the choice of K and « are given by,

0K <Kpx and 0<a<l, (2.20)
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where Kp,, is the maximum possible capacity for the reservoir based on the geo-
graphical and morphological limitations of the dam site. However, there will also
be implicit constraints on K and « in order to ensure feasibility in the firm energy

maximization problem. These will be discussed in a subsequent section.
2.5 Equivalent Deterministic Models

As depicted in Figure 2.1, the proposed methodology involves a two-phase procedure
- to maximize the net benefit function by searching over reservoir capacity (K) and
dead storage reliability (o), for a fixed target satisfaction reliability 8 and given values
of firm energy reliability v, flood storage reliability 8, over-year storage reliability p,
and initial storage Sp. In phase-I, for a current iterate (K, ), the twelve sequen-
tial programs (CCP);,... ,(CCP);, are solved to minimize monthly target deficits.
These deficits are in turn used within the firm energy maximization program (FEP).
Phase-II then finds step-sizes (AK, Aca) such that the new iterate of capacity and
dead-storage reliability pair yields an impirovement of the net benefit function, that

is,
NB(K + AK, L*(K + AK,a + Aa)) > NB(K, L*(K, a)). (2.21)

When such a step-size pair for improving the net benefit function can no longer be
found, the solution procedure is terminated. In the sequel, we will describe each of

these solution phases, along with the necessary algorithmic details.
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Figure 2.1: Proposed Methodology for the CCP Solution

34



2.5.1 Phase-I

In order to solve the chance-constrained models of target deficit minimization and
firm energy maximization, the probabilistic constraints must first be transformed to
their deterministic equivalent forms. This will be done in two steps: first, the target

deficit minimization and then, the firm energy maximization.

Step one

The continuity equations in (2.12) imply that

Sl=So+I1—R1
Se=81+L—Ry =S5+ (I, + ) — (R + Ry)

t: t
| Si=S+» L —> R,
=1 7=1

or,

t ,
Si=S8+Qi— > R, (2.22)
=1

where we have defined Q; := Zi___l I as the cumulative inflow from period 1 through

t. Consider the dead storage chance constraint (2.8):

P(S;>SD) > oWt =1,...,12

1
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From the expression for S; in (2.22), we can rewrite (2.8) as,

t
P(So+Qi—> R.>SD)>a,Vt=1,...,12

7=1

t
=P R +SD-5<Q)>e,Vt=1,...,12

T=1

t
= P@ <Y R+SD-S)<(1-a)Vt=1,..,12

7=1

t
= Fo,> R +SD-S)<(1-a),Vt=1,...,12

T=1

t
= Y R, +SD-S < F5l-a),Vt=1,...,12

7=1

t
= Y R, <F3l(l-a)+5—-SD,Vi=1,...,12
T=1

)
[

where Fg,(.) is the cumulative density function of the random variable Q;, ¢t =

1,...,12. Similarly, we can obtain the deterministic equivalents of the chance con-

straints (2.8)—(2.11). Therefore, the deterministic equivalents of the chance con-

straints (2.8), (2.9), (2.10), and (2.11) of (CCP), are easily obtained as, respectively,

t
> R <Fyl(l—a)+5~S8D, Vi=

T=1

t
SR 2F;MB)+ S+ Vi—K, Vi=

7=1

12

Y R <F;l(1-p)

t=1

t—1 ,
Y R <F!1-0)+S~-SD-T,, t=1,...,12
=1
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where Fétl () represents the ¢ quantile of @;. For t = 1 in (2.26), we have set

S°t-! R, = 0, which thus yields:

=1
Fol(1-6)+Sy—SD—T; > 0. (2.27)

The constraints in set C, defined in (2.13), therefore, have the following equivalent

deterministic description:
Cs:={Ri,...,R12>0 : {R,} satisfies (2.23), (2.24), (2.25), (2.26)} . (2.28)

"The deterministic equivalent linear program for deficit minimization problem (CCP);
in month-t is then given by,
(DP); - D} := min D (2.29)
s.t. Rt -+ .Dt > ﬂ
R >T.-D;, 7=1,...,t—1
{R}2,€Cy,D;>0,t=1,...,12

Bounds on parameters

It must be not;ed that under certain combinations of values for parameters o, 8, K, p
and ¢, it may turn out that the problem (DP); in (2.29), for ¢t = 1,...,12 are
infeasible. Using the upper and lower limits on cumulative releases in constraints
(2.23)—(2.26), and using K < Kpax, bounds on the latter system parameters can
be determined to ensure feasibility of operation. Toward this, define the following
thresholds on dead storage reliability:

o =1 Fy, [Fétil(l—@ —Tm], t=1,...,11

(2.30)
Q1o = 1-— FQ12 [F611 (1 - p) - So + S.D]
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Furthermore, define the capacity constants for t =1, ... ,12:

_ FoMB) ~F5L (1-60)+V;+SD+ Ty fort=1,...,11 231
= 31
FolB) - Fol(1—p)+ So+ Vi for t = 12
and consequently, for ¢t =1,...,12, let:
K, fa<ao
Kt(a) = -1 -1 . (232)
FoHB)—F3'1—a)+Vi+SD ifa> .

Then, the following bounds on the parameters of the optimization model can be

obtained:

Proposition 2.5.1 For the feasibility of Phase-I problem, the following bounds must

hold:
a< opaxi=1— X {FolF5}(B)+ Vi + SD — Kunax] } , (2.33)
0 < Opax =1 — X {Fouu[FoH(B) + Vi + SD + To1 — Kmad|} (2.34)
and
K 2 Knin(0) = max_{K,(a)} (2.35)

Moreover, the bounds on the initial storage for the feasibility of the Phase-I problem

are given by,
SO,min S SO S SO,ma.x (236)
where Somin and Somax are defined by:

SO,min = T1 + SD - F511(1 - 9) (237)

SO,ma.x = F(5112(1 — p) — F(:?—112 (,B) - ‘/12 -+ Kmax- (238)
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Proof. See Appendix A. m

2.5.2 Step two

To determine the energy generation function EG;, we make the following simplifying
(but practical) approximations. First, we approximate the relationship between the
water head (h) acting on the turbine and water storage (S) by a linear function as

follows:
h=eS+f (2.39)

where e and f are constants based on a typical operating range of the reservoir. Figure
2.2 depicts the range of linear approximation for the dam site under consideration in
this chapter.

Since we are dealing with a capacity planning problem, with the system being

" observed only at discrete points in time, i.e., ¢ = 1,...,12, the changes the system

may undergo in any period are presumed to take place at the end of that period.
Consequently, we approximate the effective water head acting on the hydro turbines
during any month by the average water head on turbines in that period. Thus, given
a transition of the system from S;_; to S;, associated with a release R,, the amount

of energy generation is
e
WRt['Q'(St + Si-1) + f] (2.40)

where w is a dimensional constant that reflects turbine efficiency. For a similar appli-
cation of this approximation, see ReVelle (1999, pp. 46-48). However, notice that the

39



110

106
102
98 <
Water
head(m) 94 4
90
86
82 4

78 ~

74 -

70

1] 200 400 60D 800 1000 1200 1400 1600 1800 2000
Storage (VICM)

—— fctual —E—linear Model

Figure 2.2: Water head and storage relationship

above expression is valid only if both S;—; and S; are not less than the dead storage,

SD, to be maintained. Had one of these storage volumes been less than SD, then

only a partial amount of the releases R, can contribute towards generating electricity.

To overcome this obscurity and to compute an average of the energy generated in

any period ¢ (¢t = 1,...,12), we simplify the transitions of the system as follows.

Transition,

(i) from {S;_; > SD} to {S; > SD} takes place with probability (a)?

(ii) from {S;-; < SD} to {S; 2 SD} with probability a(1 — )

(iii) from {S;_; > SD} to {S; < SD} with probability (1 — )

(In this case, the amount of water released that can generate power is R, + S; —
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SD (< R;). However, since the storage S; is not expected to be significantly
below the dead storage SD, released amount in this case is approximated by

R:.)

(iv) From {S;-; < SD} to {S; < SD} with probability (1 — &)? does not produce

any energy for period ¢.

In the case where (S;_; < SD) we approximate the average water head by (SD +
S:), and in the case where (S; < SD) we approximate the average water head by

(St-1 + SD). The expected energy production can then be expressed as follows:

EG; = (a)2th[ (See1+St) + fl+ (1l - a)th[ (SD + S) + f]
+ o1 — QRS (SD + 5,-1) + f]
— EG; = (a)’ th[ (Sg—1+ Sp) + f] + ath[ (SD+ S;) + f]
— (a)? th[ (SD + S) + f] + ath[ (St-1+ SD) + ]
(a)2th[ (See1 +SD) + f]
= EG, = (a)2th[§(St_1 +S)+ f]+ ath[§(2SD + Spo1 + S) + 2]
- (a)2th[g(25D + Sit + ) + 2f]
— EG;= —(a)2th[ (28D) +2f] + ath[ (28D + Si_1 + S:) + 2f]

— EG;= %ath(St—l + St) + awRy[e(SD) + 2f — ae(SD) — af]

‘Therefore, under these assumptions and approximations, we can express the expected
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energy production function in the following simplified form, for t =1,...,12:
1
EGy= anRt(St_l +S) + aw[2f — af +e(1 — a)SD]R;. (2.41)

'To check the validity of the approximations in (2.39), (2.40), and (2.41), the energy
computed by the model using (2.41) are compared with that obtained by simulating
the optimal release policy using exact energy computations.‘ One such comparison is
depicted in Figure 2.3, which provides the necessary justification. Detailed simulation
experiments are discussed in Chapter 3.

Noting that

t—1

Si—1 +St=250+Qt—1+Qt’"2ZRr_Rt

=1

and denoting the sum of ‘adjacent’ cumulative inflows by the random variable J; (:=
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Q¢-1 + Q:), the energy generation function in (2.41) can be restated as:

t—1
EG, = awR, BJt +(So+2f —af +e(l —a)SD) — (ZR, + %Rt) (2.42)
T=1

The chance constraint P(EGy; > L) > « for firm-energy generation can then be

1)

=P [Jt+(50+2f af +e(l —a)SD) — (ZR”+ Rt)j| awR)
¢

written as follows:

t—1
%Jt+(So+2f—af+€(1—a)SD)— (ZRr+ Rt>

=1

awhR;

=>P(Jt2 2L —2(So+2f —af +e(l —a)SD) — (ZR,JF;Rt))Z
( —-2(So+2f—af +e(l—a)SD) - (ZRT-F;P%))
) _

=>th( ZL —2(So+2f —af+e(l—-a)SD) - (ZR,-+;Rt>) <(1-9)

t—1

2L 1
ath—-2(.5’0+2f—ozf+e(1—a).S’D)—2(E= R,+§Rt) < Fpl(1-+)
2L t—1
ath_FJ_‘l(l 1) +2(So+2f —af +e(l —a)SD) —2(5 R. + Rt>

Multiplying both sides by 9—“’2—Rt, P(EGt > L) > « has the equivalent deterministic

form:

L <awR; _;.121(1 Y)+ (So+2f—af+e(l-—a)SD) - (ZR,-*—%Rt)

(2.43)

where thl is the inverse cumulative density function of J;. ‘After algebraic manipu-
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lation, the deterministic equivalent of the firm energy chance constraint becomes:

L—c(a)Ry— u(o, Ry,... ,R) <0, t=1,...,12 (2.44)
where,
1
ci(a) == aw (EFJ:l(l -7 +So+2f —af +e(l— a)SD) (2.45)
and
t—1 1
'th(a, R]_, ca ,Rt) = Qw (;R,— + '2‘Rt> Rt. (246)

Observe that the firm energy constraint (2.43) is nonlinear in the release quantities
since 1); is nonlinear in R;. Therefore, the firm-energy maximization problem is the

following deterministic nonlinear program:

(FP): L*:= max L
st. Ry>T,—Dr, t=1,...,12
L —c¢(a)Ry — (0, Ry,... ,R) <0, t=1,...,12
{R:}:2, € Ca.

2.5.3 Phase two

Having determined the maximum firm energy L* in Phase-I, see (2.47), according
to the current iterate (K, a), Phase-II seeks to maximize the net benefit function by
optimally choosing K and «, subject to the bounds computed in (2.33) and (2.35).

The resulting net benefit maximization problem is:

(NBP): max NB(K,a)=B(L*(K,a)) — C(K) (2.48)
st. Kpin(a) < K < Kpax
0 < o< amax
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provided that the target satisfaction probability is chosen not to exceed 0.y, i.e.,
0 < 0 < Omax, and the initial storage satisfies the bounds: Spmin < So < Somax- Note
that the Phase-II problem, (NBP), is a bivariate nonlinear programming problem on
variables K and a.

In general, the feasible region of the constraints of (NBP) may not be convex.
The latter convexity may be useful in devising solution procedures for (NBP). First,

we identify sufficient conditions under which the convexity can be ensured.

Proposition 2.5.2 Let the p.d.f of Q; be uni-modal with mode denoted by M,, for

t=1,...,12. The feasible set of (NBP) is convez if

02 g =1~ min {FC;;A (M, + Tt+1]} (2.49)
and
P Z Pmin = 1-— Fallz [M12 -+ So e SD] . (250)

Proof. The unimodality of @; implies that Fé}(a) is concave for a < Fy,(M;) and
convex for o > Fp,(M;). Given the definition of Ky(a) in (2.32), requiring o; >
Fo,(M,) yields that Kpi,(c) is convex. Noting the definition of oy in (é.30), the
inequalities in (2.49) and (2.50) are obtained. m

Nevertheless, NB(K,a) may still fail to be convex or concave in its arguments.
The difficulty lies in that the optimal value function L* of (FP) is neither convex
nor concave in «, although it is concave in K. In the next section, we describe a
procedure for solving (NBP).
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2.6 Solution Procedure

The sequential deficit minimization problems in (2.29) of Phase-I are all linear pro-
grams which may be solved using standard LP solvers. However, the firm energy
maximization problem in (2.47) is a nonlinear program due to the nonlinearity in the
energy constraint. Furthermore, Phase-II involves a bivariate nonlinear program, the
solution of which would require iterative solution of the programs in Phase-I. In this
section, we first discuss solution on the firm energy problem and then the solution

details of the Phase-II problem.

2.6.1 Solution of (FP)

This nonlinear program is solved by the following iterative methods. The primary
solution procedure is credited to Griffith and Stewart (1961); also see, Bazaraa et
al. (1993) for a detailed exposition of the basic algorithm. In this method, the
nonlinear program (FP) is solved by successively approximating it by a sequence
of linear programs. At the k% iteration of this algorithm, the nonlinear constraint
(2.44) is replaced by the first order Taylor’s (linear) approximation, evaluated at
Ri(k—1) where R,(k— 1) is the optimal solution of the approximating linear program
at iteration k£ — 1 for k > 1. For k = 1, the initial solution R,(0) is set to be the
releases provided by the optimal solution of (DP)5. Although convergence of this
algorithm is not generally guaranteed, it has been reported to be effective for solving

many practical problems. Whenever the algorithm fails to converge, or when it cycles,
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two other secondary solution procedures.were incorporated for solving (FP), the first
of which is the Merit Function Successive Quadratic Programming (MSQP) algorithm
given in Bazaraa et al. (1993). In this case, a Linear Complementary Problem (LCP)
is solved using Lemke’s Complementary Pivoting Algorithm (CPA). Whenever this
procedure also fails to find a solution, the Penalty Successive Linear Programming
(PSLP) algorithm is employed as the second secondary solution procedure.

As a necessary condition for optimality, resulting solutions are verified to be
Karush-Kuhn-Tucker (KKT) points. Furthermore, the second order sufficient con-
ditions (SOSC) for optimality, see Fiacco (1983, Lemma 3.2.1), are also checked. If
SOSC of (2.47) are violated at the current iterate (K, ), then a direct search grid
procedure is implemented within a specified neighborhood of (K, a) to seek an im-
proved iterate at which SOSC can be satisfied up to a prescribed tolerance. Having
such an iterate in hand, we proceed to solving the (NBP) using a gradient—base;i

technique, as given in the following section.

2.6.2 Solution of (NBP)

A two dimensional search technique based on a quasi-Newton line search algorithm is
used to solve the problem (NBP) for a given value of 8 € [0, 0pax]. For the exposition
here, consider the minimization version of (NBP). The iterative search procedure
is made more efficient by identifying the gradients of the function NB(K,c) with
respect to the variables K and a. Suppose at some iteration k of solving (NBP),

the gradient vector of NB(K, a) at the point z* := [K*, o*)' is given by g*. Then, a
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descent search direction p* is set by
ot = —Hk gk

where H* is a secant approximation of the Hessian matrix of NB at iteration k.
Then, é positive step length )\* is chosen so that the changes to capacity and dead
storage reliability, represented by M\*p*, yields a sufficient reduction of the objective
value, i.e., negative of the net benefit.

First, a maximum step length Ak along p* is specified, satisfying the constraints
of (NBP). Then the backtracking line search strategy (i.e., the reduction of step size
from its initial value A, by quadratic and cubic interpolation) is implemented until
an acceptable value of A\* is found (see Dennis and Schnabel, 1983, p.126), which
leads to the next iterate 2*+! = z* + \FpF.

Having determined z**!, the Hessian matrix update H**! is obtained by the
“Broyden-Fletcher-Goldfarb-Shanno” (BFGS) update procedure, (Dennis and Schn-
abel, 1983, Luenberger, 1984). The algorithm terminates at some iteration k£ whenever

one of the following conditions is met:

(i) The line search fails to produce a significant change in capacity and dead storage

reliability to improve the objective value (i.e., net benefit) along the direction

p-, or,

(ii) The gradient of the objective is zero. The gradient directions of the net benefit

function are computed as given in the next section.
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Gradients of the net benefit function

The gradients of the net benefit function are derived as follows, assuming that C(.)
is differentiable. Clearly,

ONB(K,o) _9B(L)dL*(K,a) 9C(K)
0K 9L 0K oK

(2.51)

and

ONB(K,o) 0B(L)OL*(K,c)
da 0L O

. (2.52)
Note that the optimal objective value L*(K, a) of problem (F'P) in (2.47) depends
on the optimal objective value D; of the problem (DP); in (2.29), t = 1,...,12.
The relevant gradient expressions are derived by applying a sensitivity theorem in

nonlinear programming, given in Fiacco (1983, Theorem 3.4.1), under the assumptions

stated below.

Assumption 2.6.1 Given an iterate (K, ), at an optimal solution of the linear pro-
gram (DP), in (2.29), fort =1,...,12, and at an optimal solution of the nonlinear

program (FP) in (2.47),
1. the gradients of the active constraints are linearly independent

2. strict complementary slackness holds, i.e., if a constraint is held as an equality,

then the corresponding Lagrange multiplier is strictly positive.

Proposition 2.6.2 Given a current iterate (K, ), suppose the SOSC are satisfied for
the problem in (2.47). At this iterate, let the optimal Lagrange multipliers associated

49



with the constraints identified below of the problem (DP); in (2.29) be denoted by:

ul, : constraint (2.28) forT=1,...,12
ub, : constraint (2.24) fort=1,...,12
ub, o constraint R, > T, — D, 7=1,...,t—1

T -

T

Moreover, let the optimal Lagrange multipliers be denoted by v for the constraints of

the problem (FP) in (2.47):

vt : constraint (2.28) fort=1,...,12
vk @ constraint (2.24) fort=1,...,12
vk : constraint Ry > Ty — D}, t=1,...,12
vk : constraint (2.44) fort=1,...,12

ALx*

Then, under Assumption 2.6.1, the derivatives 5k and OLx

5e. are given by:

LY K, & ,0D:
= Z vs + Z g (2.53)
oK = 0K
and

aL* aD* 12 act L %) 2 LOF M (1-a)
Z v +Z ( aa e )+;vl_—'—6a (2.54)

where %{‘- and 8—D‘- are determined fort=1,... 12 by the recursive equations:
8D*
= _Z Usr Z Usy BK (2.55)
and
a 1-a) & oD;
-—zul,——z 2 256)
t—1
For t =1, the above notation sets Z() =0.
=1

Proof. See Appendix B. m
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The result in Proposition 2.6.2 is invoked only when the required SOSC conditions
are satisfied, as indicated previously. Our computational experience with the model
suggests that the use of the above gradient expressions can speed up the solution of
(NBP) by a several orders of magnitude, as opposed to using a pure direct search

technique.
2.7 Concluding Remarks

In this chapter, we proposed a model that captures the muitipurpose objectives in-
volved in the design of a water reservoir while recognizing the randomness in stream-
flow. This is done through a chance-constrained optimization model for which some
of the reliabilities are specified a priori by the reservoir authority. The remaining
system reliabilities are determined as part of the solution of the capacity determina-
tion model. Also, the model allowed the incorporation of power generation aspects
of a reservoir to a sufficient degree of accuracy. A deterministic decision rule was
assumed for the model which in turn transformed the multi-stage problem to a sin-
gle stage problem. However, consideration of a special target-priority policy helped
retain some of the dynamic aspects of the sequential decision problem. This leads
to a multi-staged goal programming formulation which was solved by a two-phased
iterative scheme.

In the next chapter, the model is applied to a real life situation. The data obtained
for the case study is fed into the model to determine the optimal dam size and an

optimal release policy. A simulation analysis of the release policy is carried out to

o1




validate the approximations and the modeling approach used in this chapter.

52



Chapter 3
Application of the CCP Model

3.1 Data Analysis

The two phase optimization model in the preceding chapter is applied to a real-life
situation that involves planning the capacity (dam size) of a single hydro-reservoir.
This case study comes from the Sai-Buri reservoir project of the Energy Ger}erat—
ing Authority of Thailand (EGAT). The historical monthly inflow data is used to
form the random variables @ (i.e., cumulative inflows), and their empirical distri-
butions are generated. Tables 3.1, 3.2, and 3.3 provide the collection of cumulative
monthly inflows from 20 years of observations. The cumulative inflow is shown with
the corresponding cumulative probability.

Lognormal distributions are determined to closely approximate these empirical
distributions. However, various other types of theoretical distributions have also been
used in the literature, such as the uniform or multivariate normal distributions as in
Dupacova et al. (1991). The parameters of the lognormal distributions are determined

using the method of maximum likelihood estimation and the respective ‘goodness-of-
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Table 3.1: Cumulative Inflows and corresponding cumulative probabilities (Months

1,2, 3, 4)
Q1 Q2 Q3 Q4

CI(MCM) CP® | CI(MCM) CP | CI(MCM) CP CI(MCM) CP
20 0.14 50 0.08 75 0.06 80 0.03
35 0.325 80 0.18 110 0.08 125 0.08
50 0.47 110 0.37 145 0.25 170 0.21
65 0.71 140 0.54 180 0.37 215 0.35
80 0.815 170 0.69 215 0.54 260 0.39
95 0.83 200 0.82 250 0.69 305 0.68
110 0.89 230 0.86 285 0.79 350 0.75
125 0.91 260 0.92 320 0.82 395 0.83
140 0.93 290 0.94 355 0.88 440 0.92
155 0.94 320 0.94 390 0.92 485 0.93
170 0.96 350 0.96 425 0.92 530 0.94
185 0.96 380 0.96 460 0.94 575 0.94
200 0.96 410 0.96 495 0.94 620 0.94
215 0.97 440 0.98 530 0.96 665 0.94
230 0.97 470 0.98 565 0.96 710 0.96
245 0.98 500 0.98 600 0.96 755 0.96
260 0.98 530 0.98 635 0.96 800 0.96
285 0.98 560 0.98 670 0.98 845 0.98
300 0.98 590 0.98 705 0.98 890 0.98
315 1 620 1 740 1 935 1

¢CI: Cumulative Inflow; CP

: Cumulative probability




Table 3.2: Cumulative Inflows and corresponding cumulative probabilities (Months

5,6,7,8)

Qs Qs Q7 Qs
CI(MCM) CP° | CI(MCM) _CP | CI(MCM) CP | CI(MCM) CP

100 0.02 140 0.01 250 0.04 360 0.02
155 0.07 200 0.03 315 0.08 444 0.06
210 0.12 260 0.14 380 0.16 528 0.11
265 0.28 320 0.2 445 0.23 612 0.26
320 04 380 0.29 510 0.36 696 0.38
375 0.64 440 0.55 575 0.61 780 0.51
430 0.81 500 0.73 640 0.69 864 0.67
485 0.83 560 0.79 705 0.74 948 0.78
540 0.89 620 0.86 770 0.83 1032 0.85
595 0.92 680 0.9 835 0.88 1116 0.87
650 0.94 740 0.9 900 0.88 1200 0.88
705 0.94 800 0.94 965 0.9 1284 0.9
760 0.94 860 0.96 1030 0.91 1368 0.95
815 0.94 920 0.96 1095 0.93 1452 0.95
870 0.96 980 0.96 1160 0.95 1536 0.95
925 0.96 1040 0.96 1225 0.95 1620 0.95
980 0.98 1100 0.98 1290 0.95 1704 0.95
1035 0.98 1160 0.98 1355 0.97 1788 0.95
1090 0.98 1220 0.98 1420 0.97 1872 0.98
1145 1 1280 1 1485 1 1956 1

¢CIL: Cumulative Inflow; CP: Cumulative probability




Table 3.3: Cumulative Inflows and corresponding cumulative probabilities (Months
9, 10, 11, 12)

Q9 Q1o Q11 Q12
CI(MCM) CP¢ | CI(MCM) CP | CI(MCM) CP | CI(MCM) CP
690 0.04 750 0.02 800 0.02 825 0.02
790 0.12 850 0.06 900 0.06 927 0.06
890 0.24 950 0.17 1000 0.14 1029 0.1
990 0.31 1050 0.19 1100 0.16 1131 0.17
1090 0.4 1150 0.35 1200 0.31 1233 0.29
1190 0.5 1250 0.39 1300 0.36 1335 0.37
1290 0.56 1350 0.44 1400 0.41 1437 0.39
1390 0.65 1450 0.54 1500 0.49 1539 0.44
1490 0.74 1550 0.62 1600 0.58 1641 0.54
1590 0.81 1650 0.64 1700 0.6 1743 0.56
1690 0.88 1750 0.745 1800 0.66 1845 0.65
1790 0.89 1850 0.83 1900 0.72 1947 0.72
1890 0.89 1950 0.88 2000 0.82 2049 0.8
1990 0.91 2050 0.88 2100 0.88 2151 0.86
2090 0.92 2150 0.9 2200 0.9 2253 0.91
2190 0.93 2250 0.9 2300 0.92 2355 0.91
2290 0.95 2350 0.94 2400 0.92 2457 0.91
2390 0.95 2450 0.95 2500 0.98 2559 0.95
2490 0.97 2550 0.96 2600 0.98 2661 0.98
2590 1 2650 1 2700 1 2763 1

¢CL: Cumulative Inflow; CP: Cumulative probability
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fit’ x®-values are given in Table 3.5. The critical value is Xos%.dof=o = 16.919.
An alternative to the traditional hypothesis testing, one could use the more recent
information criteria measures, namely Akaikes’s AIC and Bozdogan’s ICOMP, see

Bozdogan (1990). These criteria define the statistical model as follows:
Statistical Model= Signal + Noise.
ICOMP, for example is designed to estimate a loss function of the form:
Loss= Lack of Fit + Lack of Parsimony + Profusion of Complexity.

By deriving the expression for lack of fit, lack of parsimony, and profusion of com-
plexity for several theoretical possible distributions, AIC and ICOMP will select the
model that minimizes the loss function. For example, if we assume that the data is

normally distributed, then:
AIC(Normal) = nin(27) + nln(6?) + n + 2(2),

where 62 is the estimated variance. If we assume that data is lognormally distributed,

then:
AIC(LogNormal) = nln(2r) + nln(6%) + n+ 23 1, In(z:) + 2(2),

where 6% = L 3" | In(z; — Z)? is the estimated variance. If the data is assumed to

be exponentially distributed, then:
AIC(Ezponential) = 2n + 2nin(Z) + n + 2(1),

where T = %22;1 z; is the sample mean. Similarly,
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Table 3.4: AIC Goodness of Fit Test

Month AIC Values
Geometric Poisson Normal Lognormal Exponential
@1 246 o0 240 173 266
Q- 274 o0 267 200 294
Q3 282 0 273 207 302
Q4 291 o0 283 214 311
Qs 299 o0 291 222 319
Qs 304 o0 294 228 324
Q7 312 o0 297 237 332
Qs 324 o0 308 248 344
Q9 338 0 315 263 358
@10 339 o0 315 265 359
Qu 340 00 315 266 360
Q12 341 00 315 267 361

AIC(Poisson) = 2nZIn(Z) + 2n% Y o, Inl(z; + 1) + 2,
and
AIC(Geometric) = —2nZin(Z) + 2n(1 + Z) + In(1 + 7) + 2.

Table 3.4 displays the goodness of fit results from using AIC. Note that the AIC crite-
rion is minimized for the LogNormal Assumption indicating that that the lognormal
distribution best describes the set of data we have. For more on informational model
selection criterion, see Akaike (1973) and Bozdogan (1987, 1988).

The flood reserve capacities as well as the water targets are also reported in Table
3.5. Note that for the present analysis, V; is constant at 124 MCM forallt =1, ..., 12.
The planning problem seeks to address three levels of water targets, labeled small,
medium, and large targets. The remaining given fixed data is: dead storage SD=140

MCM and maximum reservoir capacity Kmpa= 2,500 MCM.
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Table 3.5: Inflow parameters and water targets

month lognormal fit of Q) flood target level

mean(MCM) std.dev(MCM) x“-value | reserve® | small medium large
1 66.82 44.49 4.378 124 11.05  38.95 66.85
2 154.01 93.36 1.536 124 33.34 60.25 87.15
3 237.46 128.83 4.025 124 29.91  56.68 83.45
4 320.22 170.66 4.389 124 23.38  53.07 82.76
) 392.29 192.62 7.643 124 23.07  47.57 72.07
6 493.24 219.71 7.151 124 30.52  65.86 101.2
7 631.44 246.65 4.123 124 22.15 80.05 137.95
8 867.83 284.38 3.992 124 30 133.2 236.4
9 1299.84 425.95 7.205 124 20 226.01 432.01
10 1507.19 481.03 10.478 124 15.41 111.76  208.1
11 1618.09 510.81 8.278 124 19.07 65.02  110.96
12 1692.56 534.32 11.244 124 8.45 41.48 74.51

Table 1: Inflow parameters and water targets

“For the present analysis, V; is constant for all £.

Linear approximation of the dam elevation-storage relationship, see (2.39), yields
e = 0.016m/MCM (t-statistic=15.139). and f = 28.67m (t-statistic=65.471). The
dam cost-capacity relation was extrapolated from historical records and is determined
to be linear with C(K) = 380.90 + 0.136K m} (million Baht - Thai currency), see
Table 3.6. Using simple linear regression, we get a Pearson correlation coefficient of
0.998 which indicates a strong positive relationship. The t-statistic was computed to
be 24.3, and the p-value is 0.4 %. Note, however, that the latter linearity is really not
a simplification, as the Phase-2 model can handle‘ nonlinearity (preferably concavity)
with equal ease. The constant for energy éeneration in (2.40) is w = 1.962, assuming
an average efficiency of 90% for the turbine plant and making allowance for frictional
head loss along the penstock length by a factor of 80%. The benefit function B(.) is

assumed to be linear based on a present worth factor of 0.4310mPBper mega watt-hour,
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Table 3.6: Reservoir Construction Cost Data

Reservoir size | Cost (MB)®
450 445
675 468.5
950 510
1300 557.5

°MB: Million Bahts

ie. B(L)=04310L.
3.2 Model Application and Simulation Analysis

The two-phase optimization model was run for various parameter combinations for
v, p, 8, as well as for different initial conditions Sy. The output from the optimization
model, i.e., the capacity and the release schedule, is used within a simulation model to
investigate the system behavior. While optimization models utilize many simplifying
assumptions, simulation models provide an alternative powerful tool for analyzing
the system with its real-world complexity. Simulation systems have been studied
extensively in the literature, see for example, Shannon (1975) and Law and Kelton
(1991). In the context of water resources, ex-post simulation analysis of decisions
obtained by optimization models has been recognized as a standard tool and has
been researched extensively, see for example Dupacova et al. (1991). For an excellent
review of simulation models, see US Army Corps (1991). In particular, simulation
is an idéal tool for validating the results given by optimizai?ion models that have
incorporated approximations for the purpose of solution tractability, as in our case.

The specific objectives of the present simulation study are:
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1. validating the solution given by the proposed optimization model, and

2. providing further insight into the problem and identifying complex interaction

that exists among various system parameters.
3.2.1 Simulation Experiments

For a specified set of input parameters (reliabilities), the optimization model is first
run to determine the corresponding optimal reservoir capacity and the associated op-
timal release schedule. Then, cumulative monthly inflows are simulated according to
the specified lognormal parameters. For each random scenario of 12-monthly cumu-
lative inflows generated, the simulation model tracks constraint violations, as well as
the energy generation during each month. The simulation is carried out with 100,000
such scenarios generated randomly. Simulation procedure also tracks how often the
specified target-priority policy is violated. Consequently, the simulated values of tar-
get satisfaction reliability (6;), dead storage reliability (c;), flood storage reliability
(Bs), and over-year storage reliability (p,) are computed. These probabilities are eval-
uated by accumulating the number of times a given event is satisfied and then taking
the average over the number of simulation runs (scenarios). A comparison of these
simulated reliabilities with the reliabilities used within the optimization model is used
as one yardstick for validating the proposed optimization model.

It may be noted that when energy production is computed, the simulation model
applies the exact formulae rather than the linear approximations used in the opti-
mization model. We also déﬁne the term potential energy as the (maximum) amount
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of energy that could be generated if the available storage can be released without
bringing the storage below the dead storage. The simulation model computes both
the monthly potential energy (PEG;) and actual energy generated (EG;) where the
actual energy is computed following the release schedule given by the optimization
model. The probability that actual monthly energy exceeds the firm energy level L*
determined by the optimization model, denoted by -, is also computed.

For further validation of the proposed optimization model in terms of energy
generation, we develop simulated probability (frequency) distributions of firm energy.
Under a particular scenario of 12-monthly inflows, the realized value of the firm energy
random variable Ly, is given by Ls. = min{EG; : ¢t =1,...,12}. We focus on the
expected firm energy E[Ly.] of the distribution of Ly, as well as the probability 7,
that the simulated firm energy exceeds L*, where L* is the firm energy determined
by the c‘>ptimiza,tion model corresponding to the input reliability level . Note that
the simulated reliability 7, provides an estimate of the ‘true’ firm energy generation
reliability 7 = P{Ly, > L*}, see (2.16).

In addition to the validation of the output of the optimization model, sensitivity
analysis of the output is also performed via simulation. This analysis focuses on such

questions as:
1. the effect of varying water targets on system performance attributes,

2. the effect of initial storage on optimization model output and its simulation,

and
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3. the effect of varying the release schedule while fixing the reservoir capacity at

a certain optimal size.

3.2.2 Computational Results

The optimization model was run for a broad range of input parameters. Generally,
the simulation of the optimal capacity and releases confirms that resulting simulated
system reliabilities exceed those specified in the optimization model. However, a
particularly interesting feature needs to be highlighted here. Consider the case of § =
0.8 and setting the initial storage Sy t0 Sy min = 191.15 - see (2.37) applying medium
targets - along with p = 0.95, 8 = 0.8, and y = 0.9 in the optimization model. Three
different options are investigated: no targets, small targets, and medium targets. No
targets case is modeled by setting 7; = 0 and # = 0 in the optimization model.

The simulated reliabilities of the resultant optimal capacity and releases are in
Figures 3.1 and 3.2, respectively, for monthly energy production and dead storage
reliabilities. In Figure 3.1, the simulated firm energy (monthly) reliability falls below
v = 0.9 for no targets and small targets, during months 2 through 8. Coincidentally,
the optimal dead storage reliabilities as determined by the optimization model for the
no target and small target cases remain at low levels of 0.60 and 0.68, respectively,
while that for the medium target case is 0.88. This behavior characterizing simulated
7s falling below the specified v occurs almost consistently when the corresponding
optimal a turns out to be rather small (@ < 0.70), while simulated 3, or ps; remain

above the specified reliability levels. This leads us to the conclusion that at low levels
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Figure 3.1: Simulated firm energy generation reliability for S;=191.15
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Figure 3.2: Simulated dead storage reliability

64




of o, the energy generation function EG; in (2.41) over-estimates the actual energy
production. This may be attributed to the simplifying approximation incorporated
in the derivation of the EG, expressien. However, at higher values of o, this anomaly
is not as prominent, see Figure 3.3, where the iniéial storage is set at Sy = 669 and
the corresponding optimal « at all target levels turns out to be 1.0. Consequer:tly, in
the remaining analysis, a minimum level for o, denoted Omin, is specified in (NBP)
to ensure that no over-estimation of energy generation would occur in the optimiza-
tion phase. Figures 3.4 and 3.5 show the sensitivity of L* (firm energy from the
optimization model) on the initial storage volume Sy and the over-year storage relia-
bility p, as targets vary from small to medium. These figures correspond to the case
B = 0.65,7 = 0.85, and § = 0.65. Even at these moderate values of reliability, it
appears that firm energy output is significantly affected by increased water targets.
Figures 3.6 and 3.7 depict the latter sensitivity for the setting: 8 = 0.95,v = 0.95, and
¢ = 0.95. Evidently, with stronger requirement on performance reliability, presence
of larger targets dramatically affects the optimized firm energy production level.
The simulated firm-energy production agrees closely with that produced by the
optimization model. Figures 3.8 and 3.9 depict the sensitivity of the distribution of
simulated Ly, on the over-year storage reliability p, for the case of medium targets
and setting Sp = 669, 3 = 0.8, v = 0.9, and § = 0.8. As evident from these plots,
as p increases, the variance of the distribution of firm energy diminishes while the

expected firm energy also decreases. Thus, it appears that a higher level of over-year
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storage reliability is preferable in the optimization model, which is also consistent with
the intended long-term planning nature of the problem. Furthermore, as indicated
on these figures, the simulated reliability ¥, of actually meeting the firm energy level
L* produced by the optimization model also improves with larger p.

To study the impact of varying reservoir releases from their optimal values, con-
sider the case of medium targets with 8 = 0.95, 6 = 0.9, vy = 0.9, p = 0.95, and
So = 450. As releases are decreased from their optimal values, see Figure 3.10,
the simulated firm energy reliability, ¥;, drops drastically; in contrast, the over-year
storage reliability (p) improves only slightly. Increasing releases, on the other hand,

improves ¥, up to a certain level, but p is adversely affected. From a practical stand-
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point, it would be preferable to use a release schedule slightly larger than the optimal

releases so that a stable 7, is ensured at the expense of a slight degradation in p.
3.3 Concluding remarks

As demonstrated in this chapter, the methodology appears as an efficient and accurate
procedure for determining the optimal reservoir capacity. The proposed model along
with the simulation of its solution may be used by decision makers as a way of gain-
ing further insight into the capacity planning problem at hand. Due to the longterm
planning nature of the capacity determination problem, the use of the specific deter-
ministic release policy within a monthly model to trade off longterm benefits versus

costs may be appropriate. However, chance constrained formulations neither penal-
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ize explicitly the constraint violations nor provide recourse action to correct realized
constraint violations as a penalty. For this reason, Hogan et al. (1981) warn that
the practical usefulness of chance constrained programming as a modeling techhique
is limited and it should not be regarded as a substitution for stochastic program-
ming with recourse. In the next chapter 4, we shall develop a multi-stage stochstic
programming model where we take into account explicitly the magnitude of the de-

viations rather than only the frequency of violations as in the chance constrained

formulation.




Chapter 4

Multi-stage stochastic
programming model

4.1 Introduction

Stochastic programming with recourse provides a framework for modeling multiperiod
sequential decision problems with uncertain data. Such a model corresponds to the
real-life situation where, first, a decision is taken subject to the system constraints,
and subsequently, upon observing realizations of random parameters, a second, re-
course, decision is taken. This may be continued over many future decision epochs
where a decision at some period ¢ is taken contingent upon all observations made so
far, but without hindsight of the future. This yields a multiperiod stochastic program-
ming model with recourse. Dantzig (1955) pioneered this approach. He suggested a
LP model with uncertain data for a two stage problem. Activity levels, or decisions,
are determined in the first stage subject to the problem cénstraints. In the second
stage, after some of the random parameters have been observed, a corrective action

is made.
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Stochastic Programming with recourse is conceptually straightforward but repre-
sents some difficulties in applications. In general, it is easier to solve linear simple
recourse problems with random variables being discrete, uniform, or normal, see for
instance Ziemba (1974). Stochastic linear programs with discrete random variables
usually lead to deterministic equivalents of large size. Other types of random distri-
butions either require discrete approximations, as in our case as we will show later,
or resolve themselves into nonlinear deterministic equivalents, see Kall (1982), and
Wets (1974). For coinputational approximations for such problems, see Edirisinghe
and Ziemba (1992, 1996a, 1996b). Complete analysis by a stochastic programming
with recourse model requires that consequences of recourse actions be modeled and
computed for all possible realizations of the random variables. Recourse actions are
evaluated by an adequate estimation of losses resulting from random variation, which
is difficult to find in most cases. It is our intention to present the general multi-stage
stochastic formulation in this chapter, and then in later chapters adapt dynamic pro-
gramming type algorithms to solve this multi-stage stochastic programming model

efficiently.

4.1.1 Literaturé Review

Stochastic LPs for Markov processes have been studied by Manne(1962) and Thomas
and Watermeyer(1962). Loucks(1968) developed a stochastic LP for a single reservoir
subject to random, serially correlated, net inflows that were described by a first or-

der Markov chain and transition probabilities were estimated using historical inflows.
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Houck and Cohon(1978) also assumed a discrete Markov structure for the stream-
flows. Dorfman(1962) and Dupacova(1980) applied the same idea to the problem of
water resources management and planning. In this type of models, the decisions in
the consequent periods may be represented by loss functions of not meeting some op-
erational characteristics. Arunkumar and Yeh(1973) used the stochastic DP method
to maximize firm power output. Turgeon(1981) developed stochastic DP models for
the optimization of weekly operating policies of multireservoir hydroelectric power

systems.

4.1.2 Problem Setting

In chapter 2, we developed a chance-constrained programming model that recognizes
the randomness in monthly water inflow while allowing for target priority operation.
The results obtained from the solution of the model were robust when validated
through the simulation model. However, the CCP model allows only for uncertainty
being described according to a probability density function, (pdf), and thus sequential
realization of random inflow does not directly influence its release policy.

In this chapter, we develop a multi-stage stochastic programming with recourse
model for the reservoir problem involving multiple periods representing 12 months
of operation. However, we have to take into account the actual inflows and adapt
the release policy to the sequential unfolding of the random parameters. The main
source of randomness in the reservoir is the monthly water inflow to the reservoir.

The downstream demand for irrigation water is prescribed a priori and thus it is not
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Figure 4.1: Scenario tree

random, see Chapter 2. During any month, the randomness of inflow will be modeled
by a sample of discrete outcomes, generated randomly subject to.the history of inflow
up until that month. In the sequel, we will describe\how such samples are generated
to develop what is termed a scenario tree, see Figure 4.1, of potential future inflow
patterns. With fairly dense scenario trees such models tend to become exponentially
large as the number of stages and periods increase, and thus the computational cost
to solve them also increases exponentially. Therefore, it would be imperative to
either use approximation techniques such as Edirisinghe (1996, 1999) and Edirisinghe

and You (1996), and/or exploit the structure of the problem and identify or devise

decomposition techniques that render efficient solution of the multiperiod reservoir




model with scenario trees.

4.2 Multistage Stochastic Model

When developing a stochastic programming model, it is important to understand
the distinction between anticipative versus nonanticipative release policy. The former
case corresponds to the situation where release decisions in a given month are made
after observing, or forecasting, a particular sequence of inflows for future months.
Needless to say that such a release policy suffers from the drawback of being tailor-
made to a simple (sequential) forecast of inflow for future months. Among other
things, such an anticipative release policy could lead to severe problems in meeting
requirements such as energy generation, flood protection or irrigation demand and
thus it is unimplementable. On the other hand, in a nonanticipative release policy,
the model makes a decision at the present time while taking into account the different
outcomes of the random event in a probabilistic sense. In the problem at hand, the
reservoir manager must make a release decision before knowing what the inflows will
be in the future. Therefore, the model we devise is nonanticipative, and it requires
a “here-and-now” solution. As in the chance constrained model, the proposed model
will maximize the net benefit from the energy generation less the costs associated with
the reservoir construction as well as other operational or recourse costs. Operational
or recourse costs are imposed on the model so as to penalize the system operation

that would tend to violate the specified system constraints. These will be discussed

next.




4.2.1 System Constraints

We consider the prorblem of planning and operation of a multi-purpose water reservoir
~as described in Chapter 2. In the CCP model, the system constraints are specified as
chance constraints, where constraint violations are allowed and controlled via proba-
bilities. In the model presented in this chapter, the degree of violation of a constraint
is considered explicitly and controlled. First, the storage level at the beginning of
month (t+1), S;, must be at least SD, the dead storage level, for energy to be gener-
ated. Therefore the deviation from SD, denoted by §52, is modeled by the following

equation:
S;~SD = §3P. (4.1)

Note that 67° is a random variable and 65 > 0 indicates the satisfaction of the
dead storage constraint in month ¢. In the CCP model, we considered the chance
constraint P(67° > 0) > o requiring a 100% satisfaction of the constraint. In
the present model the quantity max{d7?,0} is penalized directly under all possible
realizations of inflows.

The reservoir is also used to mitigate flood hazards during high inflow seasons.
The deviation fr_om maintaining a specified flood reserve, V; in ménth t, is given by

the equation:

In order to ensure continued operation of the reservoir in subsequent years provided
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that the inflow distribution remains unchanged, we require the terminal storage, Sr,
be close in value to the initial storage, Sp. The deviation of Sr from the initial storage

level Sy is given by the equation:
Sp — Sg = 63°. (4.3)

In chapter 2, modeling the target priority directly with a linear constraint was not
possible since the releases were considered to be deterministic. A surrogate constraint
was used to ensure demand for water was satisfied with a certain probability. In the
present model, releases are not constrained to be deterministic, i.e. releases conform
to a nonanticipative policy. Therefore, the deviation of meeting water targets are

given by:
R, —T,=4P. (4.4)

Note that flood reserve constraint violations correspond to §f > 0, and water target
constraint violations correspond to 6P < 0. However, violation of the overyear storage
requirement indicates 65,99 # 0. Since the operation of a water reservoir is a continuous
process in time, the ending storage and the beginning storage are related by the

continuity equation,
St =81+ 1, — Ry, (4.5)

assuming no other loss of water is possible. In the next section, we consider the case

of modeling the energy generation under the stochastic programming with recourse

approach.




4.2.2 Energy generation

In chapter 2, the firm energy level, defined as the minimum guaranteed energy gener-
ated throughout a planning horizon, was maximized subject to the system constraints
and that the target priority in the release policy is satisfied. In order to maintain
the target priority nature and for computational convenience, a Ag release policy was
considered in the CCP model. However, in the present model, such a restriction is
not needed and the releases are random functions that depend on the history of inflow
realizations. In order to maximize the firm energy level, a certain firm energy level ié
specified to the model and the deviation of min(EG;,t =1,...,T), is accounted for

and minimized as will be explained in the next subsection.

Energy generation constraint

The energy generated is a function of the release and the average water head on the
turbines. Given a transition of the system form S;_; to S;, as in (2.40), the energy

generated at period t can be represented by the following
e
EG; = WRt[E(St +8-1) + fl- . (4.6)

Note that the release R; will not contribute towards energy generation if both S; and

S;—1 are below the dead storage level. In order to compute the exact value of the
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energy generation, we define the variables z;, v;, k¢, and 2; as follows

i >
5 = 1 lf St _.SD, (47)
0 otherwise
0 if S; > SD
— = ’ 4.8
v {—6;917 otherwise (48)
SD 3 >
hy = 0; if S; _.SD, (4.9)
0 otherwise
.= 1 if zt_lfl OR 1L't=1, (410)
0 otherwise
Note that (S; + S;—1) may be restated as:
St + St—l = 2SD + 6fD + (5;5'_11 (4.11)

For the case when both the beginning and ending storages in month ¢ are above the

dead storage,
St + St—l =25D + ht + ht—l (412)

holds. In general, however, (25D +h;+h;_,) represent the average “effective storage”
available for hydropower generation. We also want to determine the effective release,
defined as the released amount of water that contributes towards energy generation.
This can be done by subtracting the amount of water below SD from the release R,

as follows
Reff=Ri— 4 — Y1 (4.13)
The energy generation function can therefore be written as follows
EG, = wz(R, — y; — yt_l)[§(2SD + e+ heit) + £ (4.14)
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Observe now that only the amount of water released that contributes towards energy
generation is taken into account. Likewise, the average water head on the turbines is
not over-estimated by taking the simple average of S;_; and S; as in the CCP model.
Now to ensure a given firm energy level, say 7, any deviation from 7, which we shall
represent by §%¢, is penalized. Therefore, the energy generation constarint violation

can be Written as follows:
n— EG, = 6E°. (4.15)

4.2.3 Multistage stochastic model

Rewriting the constraints

As we mentioned in the introduction, the energy authority has to make here-and-now
decisions regarding the releases. This implies that the release in the first period, Rl,
is independent of the inflow. The same holds true for the target violation variable
6P since the target satisfaction depends only on the release. However, the storage
at the end of period 1 depends on the inflows due to the continuity equation (4.5).
This dependence implies that 672, 6F, and 6F€ also depend on the realization of the
random event, i.e. which inflow occured. Note, however, that the release in period 2
depends on the eﬁding storage of period 1, S, and does hence depend on the inflow
in period 1, I;. To reflect these dependenc.ies on which of the inflows was manifested,
let H;y := I,..., 1,1 be the history of inflows up to a period ¢. The constraints

(4.5),(4.4),(4.2), (4.1), and(4.3), are written as follows

St,'Ht—l = St—lﬂ'lt—l -+ It,’Hg_1 bl Rt,'Ht—l ;t = 1, P ,T (416)
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Rt,'He—1 - T:‘-,'Ht—1 = (557_“_1; t = 1, - ,T (417)

Sirtey — (K =Vi) =065, 5 t=1,...,T (4.18)
St —SD =63, ; t=1,...,T (4.19)
Str, —So=05%, ; t=T (4.20)

The energy generation constraint is more cumbersome since we want to consider a
firm-energy level, which is the same over a specified time horizon. Therefore, the
penalty 6FC is taken as the deviation of the firm energy level from the specified
energy level across a scenario. This delicate dependence can be easily represented by

n—EGin,_, =015, ; t=1,...,T - (4.21)

The objective funtion

In the objective function, we want to minimize the penalty from operating the reser-
voir. The penalty being the cost of deviating from the reservoir operating character-

istics. So it can be represented by the following
min  F(67, ,07%, 116810, 0k ) t=1,...,T. (4.22)

Note, however, that 672 need not be considered explicitly in the objective function
since it’s impact is implicitly penalized in the energy generation function EG;. The

cost function in (4.22) is nothing but the sum of the expected cost of each variable
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in each scenario. The complete objective function can be written therefore as

T
min N3P Fao 65, ) + 3 P 5.
g ¢ (4.23)
T T
+ 3 (P Fon (6D, ) ++ > (PP~ Fyr (65, )]
t=1 t=1

where ¢ is the set of all possible scenarios.

Complete Multistage Stochastic Model

We have defined the variables z;, v;, h;, and z, earlier to define the energy generation
constraint. However, we have introduced them as indicator function rather than
constarints that can be included in the complete formulation of the model. To convert

those to constraints, we proceed as follows. Let M denote a very large number.

Mz, —1) <600, 5 t=1,...,T (4.24)
Mz, ~ Yo <Oy, t=1,...,T (4.25)
Ve, 2> 0; ’ t=1,...,T (4.26)
Zetes < Tide +Teoryy; t=1,...,T (4.27)
0<z,,<1; t=1,...,T (4.28)
hier = Teae_ Oim, s t=1,...,T (4.29)
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With these definitions (constraints) in place, the multistage stochastic model is com-
pletely defined. The formulation is peresented in its general form as the following

MultiStage Stochastic Program (MSSP).

(MSSP)r : min /\[Zt | PHe- 1.7:5Ec(5”{t ,) +Z PHT-1 Fis, (6’HT 1)
+Zt I(PHt lfJD(ét'Ht 1))++Zt I(PHt lfap(dt}:‘?{g 1))]

S.t.

Ster = St-1e0 + Lepyy — Regeyy, 3t=1,...,T
Rt,'Ht 1 Tt’}-t: 1 5?7{: 1 t=1,...,T

St — (K =Vo) =6, ; t=1,...,T

St —SD = 5f£t 5 ot=1,...,T

Stur_, —So = 6T’HT 5 t=T

M(zip,_, —1) < 65, 5 t=1,...,T
_Mxtﬂ'lt—1 Yt Hen < 6t,7'lg_1; t=1,...,T
yt,’Hg_].ZO; t=1,,T

zt,’Ht—l Sxt,ﬂg_l +$t—1,’}{e_1; t=1, ,T
0<zy_,<1; t=1,...,T
ht’Ht l—mt'Ht 15t’Ht 1, t:].,...,T

n—EGiy,_, =085, ; t=1,...,T
(4.30)

This is a general formulation in all aspects. The time horizon is left as a parameter,
T, and so are the penalty cost functions. Now that the model is complete, a solution

procedure needs to be devised. In the next section, we propose stochastic dynamic

programming as a solution technique to solve this model efficiently.




4.3 Solution procedure: Stochastic Dynamic Pro-
gramming

4.3.1 Use of Stochastic Dynamic Programming

Dynamic programming (DP) is a solution procedure credited largely to Bellman(1957).
The popularity and success of this techniqu‘e can be attributed to fhe fact that most
multistage optimization probiems can be translated into a sequence of nested evalu-
ation problems. In addition, it has the advantage of effectively solving higl}ly com-
plex problems with a large number of variables by decomposing it into a series of
subproblems which are solved recursively, see Yeh (1985). To decompose a general
problem into multiple stages with decisions required at each stage, the value of ev-
ery stage should satisfy the separability condition and the monotonicity condition,
see Nemhauser (1966). A linear objective fuﬁction, for instance, is separable if the
different decision variables, say z;, appear in separate terms c¢;z;. The problem at
hand has these s;epa,rability and monotonicity properties. However, Yeh (1985) states
that the usefulness of the technique is limited due to the computational complexity
arising from the curse of dimensionality. The latter refers to the fact that a DP size
increases exponentially with the number of periods/stages and outcomes considered
in the model. He further states that stochastic DP is extremely well suited by its
nature to handle stochastic problems for long-range operation, which is part of what
our model accomplishes. By exploiting the special nature of the model, we intend to

solve the model efficiently using stochastic DP.
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4.3.2 Stochastic Dynamic Programming Model

By inspecting equations (4.1),(4.2),(4.3),(4.4), and (4.5), it becomes apparent that
all these constraints depend on two variables, S;_; and R;. In other words, given
the beginning storage and the release at period ¢, one can compute the deviations
and the value of the objective function explicitly. This is a very important remark,
it basically reduces the model (4.30) to an evaluation problem. One can, therefore,
consider a grid of discretized S;_; and R; and compute all other values, including the
energy generated, and find which combination minimizes the cost or maximizes the
benfit depending on the objective.

To apply this idea to the model, we need first to introduce the notion of a “scenario
tree”. A tree is a connected graph that contains no cycles. A graph consists of a set of
nodes that are connected together with a set of arcs. A graph is connected if every two
nodes are connected in the sense that there is a path, or a walk without repetition of
nodes, between the two nodes. A rooted tree is a tree with a specially designated node
called the root. We often view arcs in a rooted tree as defining predecssor-successor
relationships. The predecssor of a node is the next node in the unique path from that
node to the root. Each node in a tree has one unique predecessor, but not necessarily
one successor. A scenario tree is a tree Where the nodes represent decision points,
and the arcs represent possible realizations of a random parameter. In our model, the
nodes coorespond to the beginning of each period following a specific scenario, and

the arcs correspond to the possible realizations of the montly inflows.
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Consider period T — 1 and at each node in that period compute the reservoir
characteristics for each combination Si_; and R}. For each discretized release, we
compute the expected cost depending on the set of inflows Ir. For each beginning
storage Sk_;, we find the release that minimizes the penalty cost. We store the
information from each node as an array indexed on the discretized Si_,. Once all
nodes in period T — 1 are -done, we proceed backwards to period T — 2. We repeat
the same procedure with one exception, which is that for each combination St_, and
R%_l, the cost function for each inflow I%_; needs to include the cost from period
T —1. This is accomplished by computing Sr_; which is the ending storage at period
T —2 and the beginning storage at period T'— 1, and finding the cost associated with
that volume from the cost arrays that have been computed in the previous step for
period T'— 1. The exact ending storage may not be in the cost. array in which case
we can use any of the interpolation techniques. We proceed iteratively backwards
until we reach the starting point with given Sy and search on R;. This basic idea will

be utilized in the coming chapters to devise algorithms depending on the different

assumptions we make on the monthly water inflows.

4.4 Concluding Remarks

In this chapter, we have developed a mulit-stage stochastic program for the capacity
planning of a mﬁlti—purpose water reservoir. This model is presented in its most
general form, where all the model parameters are left as general. A solution approach
using stochastic dynamic programming will be implemer;ted. However, due to the size
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of the MSSP problem, it would not be possible to solve this problem in a reasonable
amount of time. To solve this problem efficiently, we have to recourse to either
restricting assumptions that will lead to approximate rather than optimal solutions,
or aggregation which is in itself a decompoisition method that will yield a bound on
the optimal solution. In other words, one cannot hope to solve a problem of this size
to optimality using available methodologies and available computational tools.

In the ensuing chapters, we present three different stochastic dynamic program-
ming models that would enable us to provide computational procedures that will
also be validated using simulation. In chapter 5, we present a stochastic dynamic
programming model for the case of independent monthly inflows, and the case of
restricted dependent cumulative monthly inflows. We will show that under these two
assumptions we devise a very efficient solution algorithm. Thgn, in chapter 6, we
peresent an aggregated dynamic program where we conserve the dependence among
monthly water inflows, but reseort to aggregation to reduce the problem size. We

develop an efficient dynamic programming algorithm to solve the problem.
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Chapter 5

Dynamic Programming Models of
Independent and Dependent
Inflows

In Chapter 4, we developed a multi-stage stochastic program in a general setting.
However, the solution of such a model in its full generality would be computation-
ally very difficult. This is owing to the fact that the deterministic equivalent of the
stochastic program is a massively large scale nonlinear mixed integer programming
formulation. For instance, with 12 monthly periods and 10 outcomes of random
inflows per period, the model has 10 diistinct scenarios and thus the size of the
problem is of O(10'?). To overcome this seemingly impossible task, we propose a
dynamic programming based solution technique. However, stochastic dynamic pro-
gramming as a general solution technique suffers from the computational drawback
known as the curse of dimensionality. The latter term refers to the fact that as the
number of stages in a dynamic program increases, the computational complexity in-

creases exponentially with the fineness of state space discretization. In a stochastic




dynamic program, the complexity is even worse due to increases in the number of ran-
dom outcomes per stage. In this chapter, we present two special cases of the model in
Chapter 4 that can be solved rather efficiently, namely the case where monthly inflows
are independent of each other, and the case when monthly inflows depend only on the
cumulative inflow thus far. In Section 5.1, we present the general recursive formulae
for the dynamic programming approach. In section 5.2, a “Dynamic Programming
with Independant Inflows” model is presented. Then, in section 5.3, we present a

“dynamic programming with resricted dependence” model.
5.1 Dynamic Programming General Recursion

In chapter 4, we proposed a multi stage stocahastic program with recourse, and we
proposed dynamic programming as a solution approach. Let Hy; = {I;,...,I,_;},
be defined as the history of the inflows realized up to a perioci t. Define the state
space as being the pair (#;_;, S:~1). The state of the system is completely defined
by this state space definition. The history of inflows H,_; provides the information
on what scenario of inflows has realized up to the period . The model is to select
the release R; that would minimize the expected penalty cost, less energy benefits,

relative to the inflows. The value function, denoted by ¢;(.), at the node H;_; of
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uncertainty resolution is then defined by the following, for a given value of S;_;:
¢t(%t—l7 St—l) = n}én EItrHt—l [f(%t—la St—l; It7 Rt) + ¢t+(%t7 St)]

s.t.

Si+ Ri=Si 1+ 1

S, — SD = 65P

R, —T, = 6P (5.1)
Si—(k-V)=6

v — EG, = 65¢

Sr—Sy=6% ift=T

' R, > 0.
Where,

F(Hs-1,St-1,1t, Ry) is the net cost function due to the penalties 672, 62, 6F, 62€,
and 67° and benefit due to the firm energy v. Also, Ep, 3, ,[.] denotes the conditional
expectation with respect to the random inflow I; given the resolution of uncertainty
up to period t, i.e., H;_;.

5.2 Dynamic Programming: Independent Inflows
Models

Solving the dynamic program (5.1) requires the solution of the nonlinear program
at each node H;_,, for a specified S;_;. This is an orenous task as the number of
such nodes increases exponentially with the addition of periods and/or outcomes.

Furthermore, the latter computation need to be performed for every possible S,_;,
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s determined by a suitable grid of values for S;_;. In this section we present an
efficient version of the above DP under the assumption that the monthly inflows are

independent.

Assumption 5.2.1 The monthly inflow at period t, namely the random variable I,

15 assumed independent of the history of inflows, Hq_;.

5.2.1 Modeling Inflows in the DP model

Under assumption (5.2.1), note that random variables Q;_; and I; are stochastically
independent. Therefore, the mean and variance of a distribution of the individual

monthly inflows are determined as follows.

Qi=L+Qy 1, t=1,..12
ElQ) = E[L)+ E[Q1], t=1,..,12 - (5.2)

Var[Qy] = Var[l) + Var[Q.,], t=1,..,12.
This yields the following mean and variance for I;:

E[It] =E[Qt] —E[Qt—l]v t=1,..,12
(5.3)
Var[ly] = Var[Q:] — Var[Qi-1], t=1,..,12.

Note here that we don’t have a description of the distribution of the monthly
inflows, although lognormal distributions were fitted for Q; in Chapter 3. There are
two approaches by which one is able to generate outcomes for I;. The first is to
assume a distribution for the inflow with the mean and variance defined by (5.3). For

example one can assume a uniform distribution with 3¢ limits, i.e.

I; := U(max(0, E[I;] — 34/ Var[L)), E[I] + 3\/Var|L],
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or a lognormal distribution, i.e.
It = ﬁN(E[It], Var[It]).

A more convenient approach where we do not need an explicit functional form for the
individual monthly inflows is to simulate the distribution of I, from the distributions
of Q; and Q;_; which we have already determined to be lognormally distributed. A
scenario branch at a particular node in period ¢ in this case is generated by considering
the lower and upper limits,

U, = E[I] + s(Var[I))*/*

L; = Maz(0, E[I;] — s(Var[l;))*/? (5.4)

where s represents the number of standard deviations around the mean.
With these limits on hand and the assumption that this is a uniform distribution,
welcan simply divide this interval [L;,U;] into n subintervals A?, where n is the
number of outcomes in each period. The midpoint of each subinterval A? would be
the inflow at that particular outcome. If we assume a uniform distribution, then
each outcome is equally likely with probability 1/n. If the lognormal distribution is
assumed, then we generate a large number of random variates and place them into the
appropriate subinterval. A frequency count divided by the total number of random
variates generated. The final approach is to simulate the individual monthly inflows
from the cumulative monthly inflows distributions which have been determined to
be lognormal. To generate a scenario branch at a particular node of a particular
period, we generate a random variate ¢;—; from @;_; and a random variate g; from

93



Q¢, and define variate 4; (for I;) as ¢; — ¢;_; provided that ¢ > g;_;. The variate i,
thus generated is placed in the appropriate subinterval. A frequency count is made,
and the probability of each outcome is computed as the frequency of variates in each

subinterval divided by the total number of variates generated.

Model Description

Under Assumption (5.2.1), the outcomes at period ¢ are determined independently
of the historical scenario being followed until period ¢. Thus, the outcomes and
their corresponding probabilities of occurence in each node in period ¢ are identical.

Therefore, the DP model in this can be presented as follows:

¢4(Si-1) = min  Ef, [F(Se-1, It Bt) + do11(Se)]
5.
Si+ Ry =Sy, + I
S, — SD = 5P
R, —T,=¢p (5.5)
S, — (k= V) = 6F
v— EGy = 65¢
Sr—Sy=06% for t=T

R; > 0.
Note that the value function does not depend on the history #;_, of the inflows,
and hence, for a given beginning storage S;_;, the value function is identical for all

nodes H;_, in period ¢. This is a very important result since it implies that we only
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solve the model in (5.5) once in each period. For instance, for 12 periods with with
10 outcomes, instead of solving ZZO 10¢ problems corresponding to the number of
nodes, we only have to solve 12 problems of the format (5.5) for each value of S,_;.
We also propose to solve the minimization in .(5'5) by a grid search on R;, thereby

avoiding a possibly difficult nonlinear programming procedure.

5.2.2 Pseudo Code

Given a set of discretized beginning storages S, for n = 1,...,N, and a set of
discretized releases Ri ,for j=1,...,J, we compute the value function for one node
in period 12 and copy it to all other nodes in the period.

Step O:Initialization
1. Set reservoir size and maximum firm energy level

2. Obtain inflow data (mean, standard deviation, and number of outcomes per
period; we also need probability of each outcome if a distribution other than

the uniform distribution is used)
3. Set t= T-1, where T= number of periods to be considered .in the model
Step 1:DO WHILE n < N
1. Set Si_1 =S, Let #*(Si—1) = M, where M denotes a large positive number.
Step 2: DO WHILE j < J

1. evaluate ¢;(Si—1, R}) as described in (5.5)
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2. for ¢*(S;-1) < #(Si_,, R)

let *(S;-1) = (S, R]) and R(S;_,) = R..

END DO
END DO

Step 3:
1. Set t=t-1.

2. ift <0, STOP,
else go to Step 1

5.2.3 Results Analysis and Simulation

Model Solution

As mentioned above, based on the assumptions we made, we only need to the value
function at one node per period. This is a tremendous advantage since it reduces
the problem to a simple evaluation problem that is solved in seconds even when we
consider cases with large number of outcomes per period. This actually turns out
to be very useful since we can make up for the loss of the dependence structure by
considering more outcomes per period. It would seem fairly reasonable to assume
that the larger the number of outcomes,. the closer the model gets to resembling
scenarios from a pure dependent inflows model. This remérk will actually be made
more clear in chapter 7. However, the accuracy of the solution is dependent largely

on the fineness of the grids chosen for S;_; and R;.
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The solution from this model is somewhat different from the CCGP model dis-
cussed in Chapter 2. The optimal solution from the CCGP model consisted of an
optimal reservoir capacity, optimal dead storage reliability and a Ag-release policy.
In the current model, however, the reservoir size is treated as input. The optimal
solution is a release policy that is a nonanticipative policy that depends on the begin-
ning storage since R; = F(S;_;). An example of a release policy output by the model
for 12 monthly periods is shown graphically in Figures C1-C11 in Apeendix C. Two
important remarks need to made here. First, note that as we move from the early
periods to the later periods, the function R} = F(S;_;) becomes smoother. This can
be explained by the fact that as we progress into the future months, more monhtly
inflows are realized, and thus, we have less uncertainty to account for. Secondly, note

¥
that to a certain beginning storage level, the release policy ﬂuqtuates considerably.
For larger values of the beginning storage, it becomes smooth in a direct relation-
ship with the beginning storage. This is a very interesting behavior in its own right.
It may be explained by first observing that the release amount is generally smaller
than the beginning storage level. This indicates that up to a certain level of storage,
the model chooses optimal releases with the knowledge of the expected value of the
inflows in the coming periods, heavily affecting the choice of the optimal solution.
When the beginning storage level becomes larger than a certain level, the informa-

tion from the knowledge of the expected value of the inflows in the coming period

has a lesser weight in the choice of the optimal release. Although, the releases are
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smaller than the beginning storage levels, in some cases rather drastically, this can be
explained by the fact that this is a long-term planning problem. The model could for
instance make the maximum release and generate a larger amount of energy, but due

to the conflicting objectives, this might hamper the operation in subsequent periods.

Simulation Analysis

The simulation study of the results developed by this DP model is also different from
that of the CCGP model. The input parameters input to the model are: reservoir
size K, the firm energy level v, the mean and standard deviation of the cumulative
inflows, the targets, and the release policy R;(S;-1). The output is the simulated
reliabilities, as, 0s, Bs, ¥s, ps- The simulation model also outputs the average energy
generated each period, the average potential energy generated during each period,
an average simulated firm energy level, and the firm energy reliability measure. We
do 100,000 simulation runs, by changing the inflow sequence for 12 months. At each
iteration, a release is selected from the optimal release policy depending on the period
and the beginning storage level of that period, S;_;. As evident from Figure 5.1,
the simulated reliabilities o, 65, f;, remain consistently above 0.9. This indicates
that the model does take into account these secondary objectives and they are all
satisfied with very high probabilities. Figﬁres 5.2 and 5.3 depict the simulated 7z,,
for both the actual energy generation and the potential energy generation. The
potential energy generation is defined as the energy generated if all available water

above the dead storage volume is released. Both remain consistently high indicating
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5.2.4 Summary

In this section, we have presented the first of this modeling effort using stochastic
dynamic programming. We have made several assumptions that allowed us to devise
a rather efficient alogorithm. The drawback of loosing the inherent dependence of
the monthly inflows has been countered by the fact that we consider a large number
of outcomes in each period which could essentially cover most of the scenario space
even in the dependent inflows case. The results given by the model were validated
using simulation. As evident from the discussion in the previous section, results of the
model are fairly coherent. Through the simualtion experiments, it was shown that the
optimal release policy maintained high reservoir reliabilities throughout most cases.
Furthermore, the firm energy, which is the primary concern of the energy authority,
remained consistently higher in simulation than that specified to. the DP model. The
firm energy relaibility also remained high indicating the robustness of the optimal
release policy as validated by in simulation runs of 100,000 iterations. The main
drawback still remain that the dependence structure in inflows has been ié;nored.
In the next section, we present a model that would take into account the inherent
dependence among the cumulative monthly inflow, yet taking advantage of a similar

efficient algorithm as presented in this chapter.
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5.3 Dynamic Programming: Restricted Dependent
Inflows Models

5.3.1 Introduction

In Section 5.2, we presented a dynamic programming model with independent inflows.
The results given by the model are satisfactory in general based on the simulation val-
idation and analysis. We have shown, however, that the resulting optimal release pol-
icy is of the form R} = f(S;~1), which means that the release policy does not depend
on the inflows realized so far explicitly. Thg continuity equation, S; = S;_1 + I; — Ry,
may suggest that there has to be implicit dependence between R, and I, . In this
section, we further st;engthen the analysis by incorporating the monthly inflows in-
formation explicitly into the reléase polic'y, under the more realistic case that monthly
inflows are dependent. This implies that the set of inflows and corresponding prob-
abilities are not necessarily the same for each outcome in a given period. If we use
dynamic programming in such a setting, we will run into major computational diffi-
culties as the probleﬁ grows exponentially with the number of periods and scenarios.
This is due to the fact that we would have to solve the DP model in (5.1) for each
node in the scenario tree;, which is O(NT) where T is the number of periods and N
is the number of outcomes in each period. The challenge is to develop a model where
the inflows do nqt depend on the history of the inflows #;_;, and yet make use of
the cumulative inflow information. We will show in the coming section that we can

accomplish this by considering the cumulative monthly inflows instead of the individ-
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ual monthly inflows in constructing the scenario tree. In section 5.3.2, we formally
present the dynamic programming model with restricted dependence. In Section 5.3.4
we present a suitable algorithm to solve the model efficiently. In Section 5.3.5, we
present a simulation study of the results obtained using the model. And finally, in

Section 5.3.6, we present some concluding remarks.

5.3.2 Dynamic Programming Model with Restricted depen-
dence

In this section, cumulative monthly inflows will be explicitly considered in the decision
policy. However, if we were to consider a full scale dependence, we would end up with
a problem that is no easier to solve than the multi-stage stochastic program with
recourse developed in Chpater 4. The restrictive nature of the dependence structure

of inflows is described in the following assumption.

Assumption 5.3.1 The individual monthly inflow at period ¢, random variable I, is

assumed stochastically dependent only on the cumulative inflows up to period t, Qs_;.

5.3.3 Model Description

Under Assumption (5.3.1), for a given cumulative inflow Q;_;, a given beginning stor-

age level S;_1, and a given release R;, the dynamic programming recursive formulation
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can be rewritten as follows:

¢+(Qs-1, St-1) = Hllén EI;]Qt—l [F(gs-1, St—1, It, Re) + $(Q, St)]
s.t.
Sit+Ri=S51+1;
S, — SD = §5P
R, —T, = 6P
Se— (k—V)=6F
v — EG, = §E¢
Sp—Sy=46%, if t=T
¢ =g+ I

R, > 0.

Given a realization ¢;_; of Q;_;, we have

Lilg1 = Q: — g1,

E[It|Qt—1] = E[Qt] — qt-1,

Var(lilg-1] = Var[Qy].
Thus to generate a scenario tree for I; in this case, one needs the distribution of
Ii|g;—1. This is due to the fact that for each instance of g,_;, one needs to generate
a set of outcomes from the distribution of I|g;_;. This will, however, lead to a
DP which is as compléx and computationally tedious as that in the general setting

Note that we have a given distribution for Q; and we need only generate one

sample from the distribution of @;. Therefore, if we generate the scenario tree where

105



the outcomes are cumuiative monthly inflows, we get the same outcomes for each
node in a particular period. However, the individual monthly inflows are dependent
on the level of cumulative inflows of the previous period and are thus different in
each outcome. This is also evident from the DP recursive formula in (5.6), as the
value function is only dependent on the level of cumulative inflows realized thus
far. From these observations, if we generate the senario~tree where the outcomes in
each period are based upon the cumulative inflows, then we need only to solve the
problem for one node in each period. This is a tremendous advantage because it
reduces the computational burden from solving Zzlio 10¢ problems to only solving 12

such problems.
5.3.4 Solution Algorithm

Given a set of discretized cumulative inflows Q7 ;,, n = 1,...,N, a set of dis-
cretized beginning storages S} ;, j = 1,...,J, and a set of discretized releases Rl
l=1,...,L, the algorithm can be described as follows.

Step O:Initialization
1. Set reservoir size and maximum firm energy level

2. Obtain inflow data (mean, standard deviation, and number of outomes per

period)

3. Generate outcomes and probabilities for each period from the provided distri-

bution
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4. Set t= T-1, where T'= number of periods to be considered in the model
Step 1: DO WHILE n<N and j<J

1. Set Q-1 =@}, and S;_; = S’f_l, Let ¢*(Q¢-1,S1—1) = M, where M denotes a

large positive number.
Step 2: DO WHILE I<L

1. evaluate ¢;(, @¢-1,S;—1, Ri) as described in (5.6)

2. if ¢*(Qi-1,5-1) < ¢t(Qt—1,5t—1,RD

let 9*(Qt-1,5:-1) = ¢(Qt— 1,51, Rl) and R}(Qs_1,5:-1) = RL.
END DO

END DO

Step 3:
1. Set t=t-1.

2. ift <0, STOP,

else go to Step 1

5.3.5 Analysis and Simulation

In this section, we analyze the release policies generated by the preceding DP model.
We first describe how random outcomes of different scenarios are generated and also
how the discretized cumulative monthI}; inflows used in the model are generated.
Then a simulation of the release policy is carried out to gain some insight into the
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complex structutre of the problem and to also validate the model’s solution. The
release policy of the current model is no longer a function of the beginning storage
Si—1 only. The release in each period ¢ depends on both the beginning storage S;_;

and the cumulative inflow of the previous period @;_;. Figures D.1 through D.11, in

release functions in Figures D.8 through D.11, which correspond to periods 9, 10,
11, and 12, are smoother than those in Figures D.1 through D.3 for instance, which

correspond to periods 2, 3, and 4. This can be explained by the fact that uncertainty

Fl
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Appendix D, are a typical example of such a release policy. Note that the optimal

L d

becomes smaller as monthly inflows are realized.

Furthermore, we notice a phenomenon that was not apparent in the independent
inflows DP model of Section 5.2. Consider Figure D.7 for instance, which corresponds
to the optimal release policy at the beginning of period 8, for a fixed beginning storage
level, the optimal release level increases up to a certain critical cumulative inflow,

®;-; and then starts decreasing as the cumulative inflow level Q;_; increases. This

|

is an interesting remark as it highlights one of the important tasks that the model is
accomplishing. This is due to the fact that the model uses the knowledge of the value
of the cumulative inflows in deciding which optimal release to choose. Before that
critical point Qf_;, the releases increase to maximize the energy generation. However,
once that level is exceeded, the model realizes that the probability of large inflows in

the coming periods decreases and so the releases are chosen to be smaller so as not

to hamper energy generation in coming periods.
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Simulation Analysis

[p] The simulation routine for this model is not too different form that of the previous
model. The inputs consist of the reservoir size, the frim energy level desired, and the
optimal release policy obtained from the model. The outputs include the simulated
reservoir reliabilities, the simulated ﬁrm energy reliability, and the frequency files
for the distribution of Ly, and S;;. Consider the case where the reservoir size is
2,000(MCM) and the frim energy level is required to be 4,000. In Figure 5.6, the
simulated target satisfactiOI} reliability 6; is reported, and as evident form the graph,
this reliability is very high ( > 0.99). I‘his proves that the model takes the target-
priority operation in to consideration. Figure 5.7 depicts the simulated dead storage
reliability a;;. The lowest level attained was 0.98.

Figure 5.8 shows the simulated flood storage reliability and we notice that it stays
very high up to month 8 then drops a little before recovering in period 12. The lowest
level attained was 0.65 which is still high for a flood storage reliability. Figures 5.9
and 5.10 depict the reliability of the potential energy generated and the reliability
of the actual energy generated respectively.  Two important observations in this
regard. The first is that he simulated energy generation reliability e 0 Figure
5.9, remains very high ( > 0.9), in fact in 7 of the 12 monthly periods vz, = 1.
This indicates that the model does cater to the primary concern of the reservoir
management which is the generation of energy. The second remark is that the levels

of the reliabilities of the potential energy and actual energy generation are close. This
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Figure 5.10: Simulated vpgg for Restricted Dependence Model

indicates that although the release policy is nonanticipative, the information provided
by the cumulative inflow, the releases are fairly close to the potential release defined
as the release of available water above the dead storage level SD. This validates the
claim made in the preceding section that the knowledge of the level of the cumulative

inflow helps the model in “estimating” the level of inflow in subsequent periods.

5.3.6 Summary of Results

To retain some of the inherent dependencies in the individual monthly inflows, and at
the same time retain the computational efficiency of the independent inflows model,
we have developed a model that is based on the cumulative inflow data. A scenario

tree is generated from the lognormal distributions of the cumulative inflows. The
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model uses a dynamic programming algorithm that solves only one node per period.
The model’s solution seems to be very reliable when the results are analyzed. The
simulation experiments further validate the model’s solution. We have noted that
although this is an independent inflows case, the restricted dependence formulation
helped retain some of the dependence structure as was evident from the analysis of

the results.
5.4 concluding Remarks

We have presented two efficient models that solve the multi-stage stochastic program
presented in Chapter 4. The models solutions were analyzed and further validated
using simulation models. However, neither model takes into account the inherent
dependence among the individual monthly inflows. In a life supporting system like
this one, it would be imperative to consider such dependencies explicitly. This will
be the topic of the next chapter, where we develop a model that recognizes the
dependence more rigorously. However, the model becomes extremely large, so we
apply an aggregation technique as a means to reduce the size of the problem for

efficient solution.
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Chapter 6

Aggregated Dynamic
Programming: Dependent Inflows
Model

6.1 Introduction

In Chapter 5, we presented a dynamic programming model with independent inflows
and a DP model for restricted dependence on the monthly inflows. In the former
we have made the assumption that the individual monthly inflows are independent.
We obtained an optimal release policy of the form R = f(S;_;). In the DP model
with restricted dependent inflows, we used the assumption that the monthly infows
are only dependent on the level of cumulative inflows realized thus far and not on
the particular history of the inflows. We derived an optimal release policy that is
explicitly dependent on the beginning storage S;_; as well the cumulative inflow Q;_;,
ie. Rf = f(Si-1,Q:—1). While the latter model remained computationally tractable,
it does not fully capture the dependence that exist among monthly inflows.

In this chapter, we consider a technique known as the “time-stage aggregation”
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whereby one combines or aggregates variables and constraints of several time periods
into a grand/aggregated‘ period. This: concept was used in Edirisinghe and Ziemba
(1992) to develop efficient bounds in the case of multistage stochastic convex models.
We utilize this concept to develop an efficient DP-based solution technique to the
multi-period reservoir problem presented in Chapter 4. In Section 6.2, we formally
develop and present the proposed “aggregated dynamic programming” (ADP) model.
Then, in Section 6.3, we develop a solution algorithm that solves the problem. In
Section 6.4, we study the results obtained with the model and validate them using
a simulation study. Finally, in Section 6.5, we conclude by summarizing the main

aspects of the model and the main results obtained.

6.2 ADP Model With Dependent Inflows

6.2.1 Prelude

To solve the model developed inChapter 4 in its full dependent inflows formulation
would be a formidable task. As menetioned previously, even a simple case of 12
periods with 5 outomes per period translates to solving Ezlio 5¢ subproblems, and thus
even if each subproblem can be solved in ﬁth of a second, it would take about 68
hours to come to determine an optimal policy. Furthermore, the memory requirements
in the solution process would be simply astronomical. The method of aggregation
is a general decomposition method that has been used to reduce the probem size.
The general idea of aggregation within mathematical programming has been studied

extensively in the literature. The typical approach involves aggregating rows and/or
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columns to yield an approximate mathematical program that is easier to solve, see
Zipkin (1980a, 1980b). In the context of stochastic mathematical programs, Birge
(1985) and Edirisinghe and Ziemba (1992) developed approximations by aggregating
constraints according to the underlying probability distributions. For a state fo the art
survey on aggregation in optimization, see Rogers et al.(1991). Its applications span
over a wide scope of applications. Aggregation can be applied at several levels. Some
methods aggregate the search space by reducing it using some limiting assumptions.
Other more commonly used methods of aggregation is to reduce the scenario space
whereby several scenarios of the original problem are grouped together as one scenario,
see Rockefeller and Wets (1991). The solution obtained would not be optimal to
the original problem. It would, however, be feasible and would present a bound on
the original solution. In a world puctuated by uncertainty, this limitation could be
tolerated to achieve an implementable solution that can be obtained faster.

In our problem, the monthly inflows are highly uncertain random variables, i.e.
they have high variance. For that matter, we use the aggregation principle to pro-
vide a good solution, although it might no be optimal. One way of aggregating the
scenarios is to combine months or periods as stages and solve a smaller stochastic
program. For example, if we divide the 12 periods into 4 stages where each stage hé,s
3 periods, with 10 outcomes in each period, we solve 10* problems. Although the size
of each subproblem may increase, the overall size of the DP model reduces to a more

manageable size.
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6.2.2 Model Description

Suppose we divide the number of periods, T, in the planning horizon into IT number
of stages. This yields % periods in each stage assuming % is integral. Let H,_; be

defined as the history of inflows up to stage m, i.e.,
Hﬂ—l = jl) < :Iﬂ'—l

- where I is the vector of inflows in stage m. Note here that the history of the inflows

For instance, if T' = 12, and II = 3, then we get

=1

is a series of vectors of size
132 = 4 periods per stage. In this case, the inflows vector in stage 1, [}, consists of
the random inflows of periods 1, 2, 3, and 4, i.e [, = (I}, I, I3, 1,)". With these, we
define the state of the system to be (#,_1,Sr—1), where S;_; is the storage level of
the reservoir at the beginning of stage 7. Also define I, to be the vector of inflows
and R, to be the vector of releases in stage m. Note that in the following, we use the
notation that f,"r to denote the inflow in period 7 of stage w, and the same holds for

the releases. Hence, we write the DP recursion formulae as the following:
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¢1r(7't7r—1;81r—1) = r%in Eiﬂ,mﬂ,_l [}.('Hw—la Sﬂ'—l) jﬂ') Rr) + ¢(%ﬂ'7 Sﬂ')]

s.t.
SE+Rl=8_,+1I}

SE+RE=8+12

SP+ R =8t P
Ry - T} =P*

~

R2 _ T2 — 6D’2
RP — TP = 6D7
Sy — (k—V) =601

82— (k—V) = 6F

S~ (k—V)=6Fr
v — EG: = 6EG!

v — EG? = 6567

v — EGP = 6ECG»
SE— 8o = 6%,

Fr 20. 118




o

Where p is the index of the last period in each stage 7.
6.3 Solution Algorithm

At each node in the scenario tree, we compute the value function defined in (6.1).
Note that each node in stage 7 is completely defined by the history of inflows, H,_;.
Consider a set of discretized beginning storage levels St ,n=1,...,N, and a set
of discretized releases Rf,, j=1,...,J. The following algorithm evaluates the value
function at each node of each stage for a pre specified set of discretized beginning
storage levels and releases. Note, however, that releases in this model are vectors, in
which case we would have a p-dimensional search on the releases.

Step O:Initialization
1. Set reservoir size and maximum firm energy level

2. Obtain inflow data (mean, standard deviation, and number of outomes per

period; we also need probability of each outcome

3. Set w= II — 1, where II= number of stagess to be considered in the model

N

4. The number of periods per stage is p = 5
Step 1: DO WHILE n<N:

1. Set Sy = 87 _,, Let ¢%(Hr1,Sr1) =M, M dénotes a large number.

w17

Step 2: DO WHILE j<J:
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1. evaluate ¢ (Hqy—1,Sr_1, RI) as described in (6.1)

2. if 5 (Heo1,8r-1) < $u(Hao1, i1, RY)
Set ¢;' (Hﬂ'-—l; Sﬂ’—l) = ¢1r(%1r—1, 871-_1, R’?‘r)

and R*(Hqy_1,8,_1) = &I

END DO
END DO

Step 3:

1. Set =7 —1.

2. if 7 < 0, STOP,

else go to Step 1

6.4 Results Analysis and Simulation Study

6.4.1 Results Analysis

The model presented in thsi chapter is an attepmt to retain some of the dependence
structure among the monthly inflows, and by using an aggregation technique, we
reduce the overall problem size. The use of DP enabled us to decompose the general
problem into smaller problems relevant to each node in the scenario tree. There is a
potentially large number of experiments that could be run on the model to see the
effect of changing the number of stages for a 12 monthly periods model. As expected,
the computational cost increases with the addition of stages. Memory requirements
also increase exponentially makning it almost impossible to solve the model for a
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reasonable number of outcomes (> 20 per stage). This restricted the scope of our

experiments to the case where we either use a small number of stages, say 3, or use a

small number of outcomes, say 10. Despite this drawback, the model’s results seemed

quite accurate. The model’s solution in this case is a release policy for each stage.

The release policy is a vector of releases for the number of periods in a particular

6.4.2 Simulation Study
Finding The Appropriate Scenario

The simulation study for this model is different from that of the previous models. In

the previous models, we have considered scenarios that are based on the individual

monthly inflows. We have also assumed independence among the inflows, so it did

not matter which inflows was realized. We have considered one node in each period,

so the release policy in each node of a particular period is the same. In the present

model, this is no longer the case. The release policy does depend explicitly on which

inflows have been realized. Say we are at stage 0, and we generate a random vector of

inflows for the number of periods in that stage, the release policy for the next stage is

dependent on which inflow vector has realized. Recall that in generating the scenario

tree, each branch corresponds to a vector of inflows, say I¢. In the simulation, we

generate a vector of equal size I, and that decides which of the nodes of the coming

stage will be the node of reference, i.e. which release policy to use for the next stage.

Basically, the branch of the scenario tree that most closely resembles the randomly

121



generated vector of inflows is the scenario we follow to get the release policy. There

are potentially several methods of measuring the distance between vectors. The most

common being the Fuclidean distance, ED, computed as follows:

ED = [YC(IF ~ IR,

1=t
where p is the number of periods in each stage. The scenario branch that minimizes

the Euclidean distance is chosen as the scenario that is being manifested.

Simulation Experiments and Results

The simulation is designed to not only validate the solution given by the model,
it is also designed to provide further insight into the problem. The setup for the
simulation remains no different from the one used in the previous models. We feed
into the simulation model the reservoir size, the firm energy level, and the release
policy tree. The release policy is now a tree since it depends on which scenario
manifested. In other words, the release policy that is a function of the beginning
storage is different for each node in a period, and betwen periods. The outcome of
the simulation is similar to the previous models, where the intention is to validate
the model’s solution through the observation of the frequency of deviating from the
optimal reservoir characteristics. Since the energy generation is of primal concern to
the energy authority, we also validate the solution by observing the simulated firm
energy level and reliability. The simulated target satisfaction relaibility is depicted in
Figure 6.1. As evident form the graph, 6, remains very high. In 10 of the 12 periods,
s = 1, indicating that the target priority operation is being carried out by the model.
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Figure 6.1: Simulated 0 for Aggregated DP Model

We see a slight drop in the target satisfaction reliability in months 9 and 10, which
correspond to the two months with the highest demand, see Figure 6.2. Even in such
circumstances, the target satisfaction relaibility does not fall below 0.975. Another
important aspect of the reservoir operation is the dead storage reliability «. Figure 6.3
depicts the simulated c;, and its level is consistently higher than 0.9. To control flood
hazards, the model provides a release policy that yields a high flood reserve relaibility
Bs, as evident from Figure 6.4. Note the slight drop in 8, towards the later months.
This may be explained by the fact that towards the end éf the planning horizon, the
overyear storage reliability becomes a concern. In order to satisfy the condtion that

St > Sy, larger volumes of water are stored in the reservoir in the later periods.
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Figure 6.4: Simulated g8 for Aggregated DP Model

Firm energy is the primary concern of the reservoir authority as it provides the main
source of income. Figure 6.5 depicts the reliability of the potential energy generation,
and Figure 6.6 depicts the reliability of the actual energy generation. Recall that
the actual energy generated is the energy generated by following the optimal release
schedule provided by the model, and potential energy generated is the energy that
could be generated if the volume of available water above the dead storage level is
relesed. Two important remarks on the performance of the model in this regard
have to be mentioned here. The first is that the actual energy generation reliability
remains consistently higher than 0.9 as shown in Figure 6.5. This indicates that the

model’s release policy is maximizing the energy generation. The second remark is
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that the levels and the behavior of the potential energy and actual energy generation

relaibilities are close. This leads us to the conclusion that the release policy is in
effect releasing as much water as possible without dropping the water level below the
dead storage reliability, given that all other reservoir reliabilities are not degraded as

eveident form the discussion of Figures 6.1, 6.3, and 6.4.

6.5 Concluding Remarks

In this chapter, we presented a dynamic programming solution for the multi-stage
stochstic model we have developedin chapter 4. The model considers the case of
dependent inflows. To alleviate the computational burden, a “time-stage” aggregation
scheme was used as a means of reducing the problem size. An efficient solution
technique was developed. The model’s release policy was validated using a simulation
study. The reservoir reliabilities, namely the dead storage, the target satisfaction, the
flood reserve, and the firm energy relaibilities remained consistently high, indicating

the accuracy of the approach developed.
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Chapter 7

Conclusion

7.1 Comparison of the Different Models

We have presented several state of the art models to study the planning and operation
problem for a single mulit-purpose water reservoir. For each model presented, we have
carried out a detailed simulation analysis. What remains to be done is to compare
the performance of each model relative to the other models. This is an important
issue since there are several factors that influence the performance of a model, such
as the planning horizon, the data available, and decision time frame. We have shown
through the use of simulation t(hat all of the models performed fairly well given the
assumptions that were imposed. In this chapter, we will compare these models on
several aspects: validity of model results, computational efficiency, as well as the

model robustness. In section 7.2, the thesis is concluded with possible directions for

future research.
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7.1.1 Validity of Optimal Solution

We have shown through the results analysis and the simulation study of the differ-
ent models that all of the models generated accurate results. The chance constrained
model have the flexibility of providing an optimum reservoir size and an optimum dead
storage reliability. The three stochastic programming models with recourse have the
flexibility of accounting for inflow dependence to a certain degree. We have shown
that these models, being planning models, have all suceeded in meeting the multiple
and conflicting objectives of the reservoir operation and management. We have also
shown, however, that the optimal solution and especially the firm energy level and
reliability, are significantly affected by the beginning storage level S; and the over
year storage reliability p. Overall, the stochastic programming models with recourse
provided solutions that could better accomodate the reservoir operating characteris-
tics. This is due to the fact that these models actually consider the randomness in the
inflows explicitly in the search for a solution through a scenario approach, whereas

the CCP model only uses the marginal distributions.
7.1.2 Computational Efficiency

The chance constrained model is generally efficient in computation; for instance, for
the case of a specified reservoir relaibilites, the problem is solved in less than 60
seconds. The computational efficiency of the three stochastic programming with re-
course models, however, depend on the number of random inflow outcomes considered

in each period, and on the fineness of the discretization of beginning storage and be-
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ginning cumulative inflow vectors. This is understandable since these two parameters

increase the search space exponentially. Despite this fact, solution of the independent
inflows model, for the case of 50 outcomes per period and 50 discrete points for the
search space arrays, takes about 12 seconds including generating the scenarios. The
restricted dependent inflows model takes about 6 minutes, because we are adding a
new search dimension, i.e., cumulative inflows. Computational time of the aggragated
dependent inflows model depends not only on the above dimensions but also on the
number of aggregations. For example, the case with 4 stages, i.e. 3 periods per stage
in a 12 month planning horizon, and 30 outcomes per stage takes approximately 30
minutes. In a situation where a preliminary solution is desired, it can be ;:oncluded
that the restricted dependent inflows model is the preferred choice because of its so-
lution efficiency, and its ability to incorporate partial inflow dependence information

by considering a large number of outcomes in each period.

7.2 Summary

In this thesis, we have considered the problem of optimally planning the capacity of
a water reservoir under a special target priority operation. To account for the ran-
domness in the monthly water inflow, we have used stochastic programming as a tool
to represent the random event. In Chapters 2 and 3, we have presented a chance
constrained goal programming model. We have shown via the model analysis and the
simulation study that one obtains robust release policies. We have investigated, in
particular, the effect that the beginning storage and the year ending storage reliability
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have on the firm energy and relaibility of operation. Realizing the fact that a chance
constrained formulation fails to take into account the magnitude of the constraint vi-
olations, three different models based on stochastic programming with recourse were
proposed. Modeling the problen; with explicit dependent structure among monthly
inflows is computationally intractable since it makes the problem very large. To al-
leviate this burden, we have made certain simple, but practical, assumptions on the
structure of inflows. On one hand, we assumed that monthly inflows are independent
of each other. This is not a very restrictive assumption as long as a large number of
outcomes is generated. The resulting nonanticipative release policy was analyzed via
simulation and the results are shown to be quite accurate. On the other hand, we
a,ssum'ed that the monthly inflows are dependent only on the cumulative inflow real-
ized thus far, but not on the complete history of inflows. Under this assumption, an
effcient solution algorithm was developed to evaluate the DP recursion. The optimal
relase policy generated by the model depends on the beginnning storage and on the
cumulative inflow realized so far. Thus, although the releases do not depend explic-
itly on the history of the inflows, some dependence is preserved in the information in
the cumulative monthly inflows. In other words, although the release do not depend
on which scenario was followed, they depend on the accumulation of inflow thus far.
In the final modeling effort using stochastic dynamic programming with recourse, we
propose a model that captures dependence among monthly inflows in a more general

setting. However, an aggregation methodology was proposed to circumvent the ex-
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ponential growth of the resulting DP model. The aggregated dynamic programming
model so obtained was solved using an efficient algorithm and the resulting release
policy, which now is dependent on a particualr scenario being foloowed, was validated
using simulation. The results show that the latter release policy outperforms the op-
timal policies of the other models in the metrics of reservoir reliability and the firm

energy production and reliability.

7.3 Future research

This thesis presents a comprehensive study of the optimal capacity planning problem
of a multi purpose water reservoir under uncertainty. While the proposed models pro-
vided robust results, their focus is limited to monthly decision periods. An operational
model would have to take into account a decision period much shorter than a month,
and would need to have the flexibility of providing better solutions as random events
unfold. One possible alternative is the rolling horizon approach, where the model is
re-solved at the end of each operational period, the model being revised with the new
data being observed. These avenues would certainly be worth considering and should

be the subject of future research.
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Appendix A

Bounds on Parameters

1.

Qy:

By taking the difference, (2.26)-(2.23), fot t =1,...,11, we get:
0< Fp,,,(1-6) - F3!(1-a) ~Tin

= Fo/(1-a)<F3. (1-0) - T

= 1-a < FalFg),(1-6) - T

thus @ > 1 Fo,[Fy! (1 -6) - Tyl t=1,...,11

Q12:

By taking the difference (2.25) - (2.23) for t = 12, we get:
0L F5,(1—p)~F5t(1—a)—So+SD

= Fo,(1—a) < FL(1—p)— S+ SD

= 1—a < Fo,[FoL(1—p) — S+ SD]

which yields, @ > 1~ Fg,,[F5 (1 — p) — So + SD]
Rt:
By using the fact that (2.24) < (2.26), fort =1,...,11, we get:
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Fo!(B)+Ve— K < Fgl, (1~ 6)~ SD - T,

therefore K > F51(8) — 5L (1—6) + SD + Ty

For ¢ = 12, we use the fact that (2.24) < (2.25), for ¢ = 12, which yields the
following:

Fol(B)+ S+ Vie—K < Fol(1-p)

therefore, K > Fg (8) + So + Via — F5 L (1= p).

. Ki(a) if a > o
By using the fact that (2.24) < (2.23), we get:
Fo.(B)+Vi—K < F } (1—a)-SD

Therefore, k > Fg'(8) — F5l(1 —a) +V; + SD.

. Omax in (2.33):

We use the fact that (2.24) < (2.23) and subsituting Kmm’ for K, we get:
F3l(B8)+ Vi — Koo < F3'(1— ) — SD

= F5,(8) + Vi — Kpoz + SD < F5}(1 - @)

= FQ,[F5 (B) + Vi~ Kpee + SD] < 1 — &

thus o < 1 — Fo,[F5 (8) + V; — Kmag + SD]

Therefore, by taking the maximum value for £ =1,...,12, we obtain:

Omax =1 — maxs—,..,12 {FQt[Fétl (B) +Vi+SD - Kmax]}

. BOmax in (2.34):

We use the fact that (2.24) < (2.26) fort = 1,...,11, and substituting K.z
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n (2.24), we get:

FG(B) + Ve — Kimaz < Fg, (1~ 6) = SD — Ty

— p-l

Qt41

(1—'9) 2 Féj(ﬂ)'*'VE_Kmaz'*'S-D'*"Tt-f-l
= 1-46 > FQ:+1[F5g1(ﬂ) + Vi — Kooz +SD +Tt+1]
thus, 6 <1 Fo,,.[Fg, (B) + Vi = Kz + SD + Ty

By taking the max over the range t = 1,... ,11 we get:

Omax =1- maxt_ w11 {FQt+1 FQt (IB) + V; + S.D+I1t+1 - Kma.x]}

. Somin in (2.37):
From (2.27), we get:
So > Ty + SD — F;!(1—6), therefore

SO,min = T]_ + SD — Féll(l - 9)

. So,maz in (2.38):

By observing that for ¢ = 12, (2.24) < (2.25), and substituing K, for & in

(2.24), we get:
FQ12 (B)+Vi+ S0 — Kinaz < FQIZ( ~p)
= Sy < Fg,,(1—p) — F5L(B) = Vi + Kiag-

Therefore,

S0,max 1= 5112(1 —-p)— Fg 112 (8) = Vig + Kmax- This concludes the derivation of

the expressions in chapter 2.m
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Appendix B

Proof of Proposition 2.6.2

Consider the following parametrized family of LP problems P;(¢) of (DP); in (2.29),

forj=1,...,12:

Pi(e) : min f;(z,€) = Dj
s.t. gi(z,e): ZRr—I—F 1-(a+Aa))+Sy~SD>0,t=1...,12

ZR,, F31(8 -Vi+(K+AK)>0,t=1,...,12

g3(z,¢€) ZR +Fgl(1—-p) >0

7'-1

gi(z,€) := ZR +Fol(1-0)+85—-SD-T,>0,t=1,...,12
g5(x,e)=RJ+D -T;>0

gi(z,€) = Tt—i—D*(K—i-AK,a+Aa)20,t=1,...,j—1
g5(z,€) =Rt>0,t—1 ,12

gs(z,€):=D; >0

(B.1)

where z = (Ry, ... , Ri2, D;)" and the perturbations ¢ = (AK, Ac)'. Let z*(¢) denote
an optimal solution of P;(¢), where we have suppressed the explicit dependence of the
solution on index j. Also denote the Lagrange multipliers associated with constraints
g+ 98 by wly(e), wle), w(E), wy(e), wl(e), us(e), wly(e), and ul(e), respectively.
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Define the optimal (Lagrangian) value function by f}(e) i.e.,

Fi (&) = L(z*(e),ule),e) = fi(z*(e),€)— < v, g >.

Notice that functions f; and g; are continuosly differentiable w.r.t. z. Furthermore,
they are (sub) differtiable in €, since D} is an optimal value function of a linear pro-
gram. Furthermore, P;(0) is a linear program, ensuring the second order optimality
conditions. Under the Assumption 2.6.1, thus, one can verify the regularity conditions
of Theorem 3.2.2 of Fiacco (1983). Consquently, applying the sensitivity Theorem

3.4.1 of Fiacco (1983, pp.83),

12

VEf;(E) = Vf] a ut Egz )75)

i=1,24,7 t=1

- Z z-:gz Zust 696 )75) . (BZ)

1=3,5,8

Since V. f; (z*(¢),e) = 0, we have

VE Z Z uzt Egz )5 6) I€=0

1=]1,2,4,7 t=1

— Z O)Vegz 5) lz-:_O "Zust egs ( )76) |€=(£B'3)

1=3,5,8

Ed - ’
Observing V. f3(e) le=o= (55", aDﬁ,‘f’“’) , it follows that for j = 2,... , 12:

- Z u2t Z ug:(0 BD* (B.4)

8D*

and

6D* 6F (1- -1 6D*
== Z uiy(0 Qt - Z ust : (B.5)
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For j =1, we have

0D & oD &, OFg1-a)
K ——;uzt(O) and —- ——Zult(O)T. (B.6)

t=1

. . . . aD
Thus, using (B.6) and applying (B.4) and (B.5) recursively, the expressions for Sz
and % are obtained.
Next, consider the following parametrized family of programs P(e) of the model

(F'P) given in (2.47):

P(¢): min f(z,¢):=~L

t
st.  hi(z,e) :=—ZR,+F‘}(1—(a+Aa))+So—SD20, t=1...,12
=1

hg(x,s):ZR,, FRl(B ~Vi+ (K+AK)>0,t=1,...,12

ha(z,€) := —ZR, +F5L(1—p) >0

=1
Ry(z,€) ==Y R +Fy(1-0)+S—~SD-T,>0,t=1,...,12
T7=1
hi(z,e) =R~ T, + D;(K + AK,a+ Aa) >0, t=1,...,12
hi(z,e) =R, >0,t=1,...,12
R (z,¢€) =—L—i—ct(a—i-Aa)Rt+¢t(a+Aa,R1,...,Rt)ZO, t=1,...,12

(B.7)
where £ = (Ry,..., Ry, L) and € = (AK, Aa)'. Let Z(¢) be the optimal solution of

P(g) and denote the associated Lagrange multipliers of A¢(.) by vi(e) fori=1,...,8

(for t = 1,...,12). Since functions ¢; and t; are (twice) differentiable w.r.t. their
arguments, one can ensure the differentiability requirements of the conditions in The-
orem 3.2.2 of Fiacco (1983). Moreover, SOSC conditions for (FP) in the proposition,

along with Assumption 2.6.1, allow us to apply Theorem 3.4.1 of Fiacco (1983) on
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the optimal (Lagrangian) value function f(e), defined by

f(e) = f(@(),e)— <v,h>.

Then, it follows that

F(€) Jemo= — sz (0)V.ht (Z(€), €) |emo - (B.8)

i=1 t=1

Noting that ls—o— R, ac‘(a) + 812:1( ) we get

oL & =, . 0D;
=D u0) + Y wh(0) 52t (8.9
t=1 t=1
and
) aD* 2 afe) | 9() 2 AFGM1-a)
Oa ; + Z (Rt Oa Oa: ) + ;vl (©) Oa '
(B.10)

This completes the derivation of the gradient expressions. m
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Appendix C

Sample release policies from
Independent SDP Model
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Appendix D

Sample optimal release policies
from Restricted SDP Model
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