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ABSTRACT

Design capacities of irrigation system canals determine the size and the cost of
the system. Decisions to define the canal capacities depend on many uncertain
parameters such as those describing the system operation and crop return. The most
economical design can be obtained from an optimization model that accounts for these
uncertainties while considering both the system design and operation. A two-stage
stochastic problem with recourse is formulated in which the canal capacitics are the first
stage decisions and the water allocations are made in the second stage. This dissertation
examines the Two-stage Regularized Stochastic Decomposition algorithm and modifies
it to better handle general engineering applications. It was used to solve for the optimal
canal capacities under uncertain parameters present in the right hand side (RHS) of the
second-stage constraints. The L-Shaped method was then used to solve for these
capacities under uncertain objective coefficients as well as RHS parameters. Obtained
capacities from the stochastic approach were compared with results obtained from a
traditional design procedure and from a deterministic optimization model in different
conditions. The comparison demonstrates the merit of the proposed approach and points
out the necessity to consider the parameters uncertainties when designing under certain

conditions.




1. INTRODUCTION

1.1 Statement of the Problem

Canal design capacities have a great impact on the future revenues of any
irrigation project. The water allocations defined by any optimization model must be
within present capacities of the delivering canals. The system benefits can be potentially
improved if a different canal layout and/or capacities were in place. Therefore, the
initial design stage which defines the canal capacities should consider varying operational
schemes and conditions. The main objective of this study is to present a design model
that is able to determine the canal design capacities while accounting for future operation
that are inherently uncertain.

The difficulty of the proposed design approach lies in the uncertainty of future
conditions. Crop demands, available water, water prices, and crop selling prices at
different periods are all input parameters which can not be predicted with certainty. A
two-stage stochastic optimization model can be formulated to account for these uncertain
conditions while considering the system design and operation. The deterministic first-
stage decisions of this formulation represent the canal design capacities while the future
water allocations comprise the stochastic second-stage variables. The first-stage portion
of the objective is the initial canal construction cost while the second-stage component
is the expected value of future crop revenues.

Two different mathematical algorithms were modified and used to solve the two-
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stage stochastic optimization problem. Several conditions were analyzed for varying
degrees of uncertainty. The obtained solutions from these methods were compared with
results from other design procedures to evaluate the merits of the proposed design

approach.

1.2 Literature Review

Only a few studies dealing with the design of irrigation canal system have been
found in the literature. Moreover, no work has been found where the design and
operation stages are combined together in one optimization model while considering the
uncertain future operation inputs. The literature cited in this section include deterministic
approaches used in the design and/or operation of the irrigation system. The review will
be highlighting those methodologies consider the problem uncertainties. Since a two-
stage optimization model is solved, the major mathematical approaches developed to

solve this type of problem are discussed.

1.2.1 System Design Capacities

In traditional design procedures, the canal capacity is found from the water
requirement of an average unit area of the defined crop pattern at the maximum demand
month on a continuous flow basis. The water requirement is referred to as the "water
duty or water modulus”". The water duty from a single crop (Jensen 1981) can be

expressed as:
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I,*A (1)

S —
9= 536t

where I, is the net irrigation water requirement (mm/day), t is the irrigation duration
(hours/day), MAD is the management allowable deficiency factor that is selected based
on the type of the crop, and 7 is the irrigation efficiency.

Ozal (1969) proposed a synthetic approach in which the field monthly delivery
requirements of various crops are weighted to find the average delivery requirement,
defined earlier as the water duty. The month which gives the maximum field delivery
requirement (FDR) is taken as the basis for the capacity design. This value is converted
to total delivery requirement (TDR) at the diversion point by accounting for farm and
conveyance losses. Ozal’s method is based on the maximum crop requirements which
have been derived from extremely dry periods that have very low probabilities of
occurrence and are of a very short duration. As such, the canal system will be over-
designed for most periods and its construction cost will be high. The level of satisfying
crops for their demands for water should be based on the economic evaluation of the
whole system. The reductions in crop yield due to water failures should be evaluated and

the optimum probability level of the water supply should be selected.

1.2.2 Irrigation Planning Using Optimal Formulation

Several studies have addressed the problem of determining the optimal routes,
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sizes, and types of facilities to deliver defined amounts of water to users. For example,
Hall and Hammond (1965) and Gupta (1975) applied network analysis; Buras and
Schweig (1969) and Martin (1980) solved the problem using dynamic programming; and
Galinato, et al. (1977) and Brockway and Allen (1980) determined optimal facilities
capacities using a combination of branch and bound, dynamic programming, and linear
programming. Problems requiring the joint determination of the optimal designs and
deliveries have been examined by Hall (1961), Sathaye and Hall(1976a,1976b), and
Fleming, et al. (1983); and Oran and Karmeli (1979). All of these studies considered
the water supplies, crop demands and other variables as deterministic. Crop demand
patterns and other operation schedules were also pre-specified.

The allocation problem that determines the quantities of water to be delivered to
different crops of predetermined areas is of particular concern when water supply is
limited. To determine the optimal water allocation for multi-crop models, Loftis and
Stillwater (1986), Loftis and Houghtalen (1987) used dynamic programming and Akand
et al. (1992) applied linear programming. Others such as Hall and Buras (1961), Dudely
(1972), and Bras et al. (1987) developed simplified single crop models with the aid of
an off-storage reservoir to adjust the time pattern of the water availability to the system

demand.

1.2.3 Uncertainty im Irrigation Planning

Irrigation design and operation decisions reflect many types of uncertainties.
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Hydrologic variables, hydraulic parameters, and management practices are sources of
such uncertainty. Hydrologic variables include available stream water and potential crop
evapotranspiration, ET,, which is related to the crop’s water demands. Among the
uncertain hydraulic parameters are the hydraulic conveyance, turnout diverting losses,
and canal flow resistance. Management practices in irrigation systems which attempt to
describe the system behavior for the purpose of design are fully dependent on all
unknown uncertain conditions. The irrigation efficiency, for example, is usually
uncertain since it is associated with future management practices.

A few researchers have considered these uncertainties in designing canal systems
using different approaches. Most studies have focused on a single-canal system with
other components such as reservoirs and/or groundwater wells. Smith (1972) developed
a chance-constraint programming formulation with different decision rules to design a
system with ground water wells, a conveyance canal, and the areas of developed land as
decision variables. He maximized the present value of the additional aggregate
consumption benefits from the project. Equivalent deterministic constraints for the
stochastic irrigation water requirements and effective precipitation were included in the
model. More recently, Afshar et al. (1991) formulated a chance-constraint optimization
model to design a reservoir and a conveyance canal. The model considered the
interactions between design and operation parameters including reservoir capacity,
delivery system capacity, and hectares of land to be developed and planted with different

Crops.
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Flynn and Marino (1987) developed a method for determining the optimal design
capacities and management strategies for water delivery systems in the presence of
probabilistic supplies and known transportation losses. They used the calculus of
variations to solve a continuous distance model of the conveyance system. The
probabilistic yearly supply was assumed to have a known discrete distribution and was
approximated by a set of discrete values and their associated probabilities. They later
applied their approach to a discrete conveyance system with localized demands at the
demand nodes (Marino and Flynn 1987).

Gates et al. (1992) developed an evaluation approach for assessing strategies that
improve an irrigation water delivery system but did not incorporate the tcol in an
optimization model. The model accounted for parameter uncertainty in both water supply
and demand. Measures for the objectives of adequacy, efficiency, dependability, and
equity derived by other researchers (Molden et al., 1990), were used to evaluate system
performance for each alternative. They used Monte Carlo simulation to compute the
expected value and coefficient of variation for the evaluation measures over the planning
horizon. Subjective notions attached to the evaluation of system performance were
addressed using fuzzy-set membership functions. Reservoir inflow, precipitation, crop
evapotranspiration, and reservoir evaporation were analyzed as stochastic correlated time
series while river and canal conveyance losses, irrigation efficiencies, and upward flow
from the shallow water table were modeled as independent random variables.

The above summarized review shows that the reliability of an irrigation system
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can be assessed but it is difficult to embed a full description of the system uncertainty
in an optimal design and/or allocation model. Numerous attempts have considered some
of the uncertain parameters in a design or allocation model but to date a complete
probabilistic description has not been successfully included in an optimal design/operation

model.

1.2.4 Two-stage Stochastic Formulation

Two-stage stochastic LP with recourse problems (Wets, 1982) have a first-stage
set of decision variables that must be made at present and a set of second-stage variables
to be determined in the future based on the uncertain future conditions and satisfying

restrictions resulting from the first-stage decisions. A general formulation of the problem

is as follows:
Min f(x) = cx + Ez[Q(x,®)] (1)
s.t. x€XgRM (2)
where Q(x,®) = Min qy (3)
s.t. W= -Tx (4)

The problem consists of the following components: [1] a first-stage objective

function, cx, with its associated nl first-stage decision variables, x, and m1 first-stage
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constraints, [2] a second stage objective function Q(x,w), with second-stage solution y
of n2 variables, and m2 second-stage constraints based on some random observation w.
Following is a discussion of the major approaches used in solving the posed problem for
the case of fixed recourse, where the matrix W is general but not stochastic.

Dantzig and Madansky introduced the decomposition approach in 1961 to solve
stochastic programs. The approach takes advantage of the structure of the dual problem.
Later, Van Slyke and Wets (1969) extended the approach by developing the L-shaped
method to solve problems with discrete random variables.

In 1986, Fraunendorfer and Kall introduced an approach which solves the problem
by successive partitioning schemes using the function’s upper and lower bounds. These
bounds, used to approximate the objective function, were first introduced by Madansky
(1960). Other bounding schemes can be found in Dupacova (1979), Gassman and
Ziemba (1985), Dula (1986) and Frauendorfer (1988). Recently, Edirisinghe and Ziemba
(1994a) developed upper and lower bounds of the stochastic function using first and cross
moments. They considered the case of bounded random right-hand side and objective
coefficients of the second-stage problem. Later Edirisinghe and Ziemba (1994b)
developed these bounds in cases of unbounded domains of the random parameters then
proposed an order-cone decomposition scheme to solve the stochastic problem.

The Stochastic Quasi Gradient method 'SQM’ is another approach for solving the
two-stage stochastic problem. The method is statistically based, with roots originated

from the work of Robbins and Monroe (1951) and Kiefer and Wolfowitz (1952), who
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proposed a method for unconstrained unidimensional optimization. Fabian (1960) and
Ermoliev (1976) later developed the SQM to solve constrained optimization problems.
A survey of many numerical efforts in this area can be found in Ermoliev (1988).
Ruszczynski (1987) updated the SQM by obtaining the step directions by minimizing a
linear approximation to the objective function plus a quadratic proximal term. A few
difficulties arise with SQM. The function projection P on X, required by the algorithm,
is easy only for problems with simple structure. The choice of an efficient step-size and
algorithmically implementable stopping criterion are still open questions. Details of the
method and proofs are found in Ermoliev (1983, 1988) and Wets (1982).

Higle and Sen (1991) introduced a Stochastic Decomposition (SD) approach which
combines many of the strengths of the decomposition based algorithms and the stochastic
gradient methods. SD produces a piecewise linear approximation of the objective
function then solves one subproblem and one master program at each iteration. A major
problem with the algorithm is the progressively increasing size of the master program as
a result of the new cut (constraint) added at each iteration after solving the subproblem.
This problem can result in severe delays in computations especially for large problems
with many random parameters. Later, Yakowitz (1994) introduced a quadratic term in
the master program so that a cut-dropping scheme can be used to limit the size of the
master program. This modification along with other enhancements of the original SD

algorithm resulted in the Regularized Stochastic Decomposition "RSD" algorithm.
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1.3 Scope of the Study
As noted, to design the irrigation system of canals under uncertain conditions, a
stochastic two-stage optimization model is proposed. The methedology for solving this
model, an extended version of the RSD algorithm, is presented in APPENDIX A.
APPENDIX B discusses the design when uncertainty in the model constraints is
considered. Designs resulting from the new method are compared with other design
approaches. The impact of uncertainty in the model objective function is studied in

APPENDIX C. A detailed summary of the three appendices is presented below.

1.3.1 General Approach and Application

The first paper presents the two-stage stochastic formulation as a general approach
for designing engineering systems which require consideration of their future operation.
The RSD algorithm, used to solve the formulated problem, is explained in detail but
without theoretical proofs. For this information, the reader is referred to Yakowitz
(1994)., The algorithm was originally developed to solve the two-stage stochastic
problem with linear first-stage objective functions. In addition, stochastic parameters
could only appear in the right hand side of the second-stage constraints. It was
necessary to modify the algorithm to handle the first-objective nonlinearity and the
stochasticity of the second-stage objective coefficients to cover a wider range of
applications. The modified algorithm is applied to a regional water supply system as an

example to evaluate the proposed algorithmic modifications.
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1.3.2 Uncertainty in the RHS of the Model

The second paper presents an application to the design of a system of irrigation
canals using the proposed optimization method. Design and operation stages are
combined in a two-stage stochastic problem with random parameters present in the RHS
of the second-stage constraints. The RSD algorithm is used to solve for design capacities
of a proposed application system. Continuous random distributions of the available water
and crop demands are considered. Results obtained for different conditions are compared
with designs obtained from a traditional design approach and a deterministic optimization

model.

1.3.3 Uncertainty in the Model Objective

Future revenues from the irrigation system are represented in the proposed two-
stage formulation by the second-stage objective function. The variable coefficients of this
objective are mainly controlled by the future crop yields and their selling prices, both of
which cannot be predicted with certainty. The third paper evaluates the influence of
uncertainty in these coefficients on the design capacities of the irrigation canals.
Uncertainty in the RHS paraineters, when simultaneously considered with the objective
uncertainty, is also evaluated.

The RSD modification suggested in the first paper that handles the uncertainty of
the second-objective coefficients, resulted in long execution time due to some

computational problems. For this reason, another method known as, the L-Shaped
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method, is used instead to handle the uncertainty in the two-stage formulation. Since the

L-Shaped method requires the solutions of all possible subproblems (second-stage
problems) at each iteration, discretized distributions, obtained from an approximate

sampling procedure, are used for the objective coefficients and the RHS parameters.
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2. PRESENT STUDY

The methods, results, and conclusions of this study are presented in the three
papers that are appended to this dissertation. The following is a summary of the most
important findings in these papers.

The RSD algorithm, presented in paper one, was successfully programmed and
verified to solve any two-stage stochastic optimization problem with recourse.
Nonlinearity of the first-stage objective was incorporated in the programmed algorithm.
A regional water supply system was presented as an application of the modified RSD.
Another modification of the RSD accounted for the uncertainty in the second-stage
objective coefficients. However, a major problem was encountered during the execution
of the program. The number of dual multipliers of the second-stage problem continued
to grow as the iterations progressed. This resulted in an exponential increase in the
solution time. Although the solution at different iterations was moving toward the
optimal point, none of the termination criteria were satisfied and the final solution was
not reached when the program was stopped. This modification was successfully applied
to a small test problem, known as the CEP1 problem. The problem and results are
appended in Appendix D along with a description of efforts made to resolve this
problem.

The stochastic two-stage formulation was used to design the irrigation system of

canals considering different types of uncertainties. RSD was used in the case of random
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RHS while the L-Shaped method accounted for the randomness of the second-objective
coefficients.

The results from the above two cases (Papers two and three) demonstrated that
the uncertainty of all parameters had a minimal effect on the design when the water
availability was not a restrictive design factor. A deterministic formulation can usually
provide good reliable capacities under these conditions. For drier conditions, the
deterministic optimal capacities become insufficient and the design decisions must
consider parameter uncertainty.

The most important finding of this research can be stated as follows: In arid
areas, when the dryness level (i.e., the level of water availability below optimum levels)
is high and construction cost of the canals is expensive, the irrigation system of canals
should be designed using a stochastic optimization approach. From this study, the
parameters which should be considered as uncertain, are the available water and the crop
selling prices.

The traditional design procedure does not consider the canal construction cost or
the dryness level. It is conservative and usually tends to oversize the canal capacities.
The capacities obtained from the stochastic design will approach the traditional results
for increasing dryness levels and decreasing canal construction costs. Larger
construction-cost coefficients in the first-stage result in a more economical design using

the stochastic approach than the traditional one.
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2.1 Uniqueness of the Study
The following unique contributions have resulted from this work:
(1) A new methodology for irrigation system design was developed.
(2) An existing stochastic algorithm was extended to better solve engineering
problems.
(3)  An alternative approach for incorporating the second-stage objective uncertainty

in engineering optimization was applied to irrigation system design.

Each contribution is briefly elaborated below. The new problem formulation and
methodology combines all design and operation decisions in a two-stage optimization
model. The model accounts for uncertain inputs during the future operations which have
not previously successfully been developed. The above findings indicate the importance
of using this approach under certain conditions so that the most economic design is
attained.

The RSD algorithm was used to consider the uncertainty of the RHS in the
irrigation problem. More importantly, it was extended and successfully applied to a
regional water supply problem. The code is available to solve any two-stage stochastic
optimization problem with recourse with linear or nonlinear first-stage objective
functions. It was also shown that the current algorithm modification to consider random
objective coefficients did not function efficiently (more details found in appendix D).

Finally, although a few stochastic algorithms have been developed to consider the

randomness of the objective coefficients, we are not aware of any engineering
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applications. The L-Shaped method was coded to accomplish that for any two-stage
stochastic application and was successfully applied to the irrigation system design

problem,
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ABSTRACT

To efficiently design many engineering systems, the future operation of the system
which usually has many uncertain parameters must be considered. A two-stage stochastic
programming formulation can satisfy this requirement. The first stage of this formulation
represents the design criteria at the present time when a decision must be made. The
second stage represents the future operation or the system response to the design where
other actions (recourse decisions) are to be made after observing the future random input.
To solve this type of problem, the Regularized Stochastic Decomposition (RSD)
algorithm was employed and modified to better handle real engineering problems. The
resulting algorithm is applied to a regional water supply problem that seeks the design
capacities of recharge facilities and, water, and secondary wastewater, and tertiary
wastewater treatment plants while meeting future demands. Results are shown for
different forms of uncertainties and for linear and nonlinear first-stage objective
functions. The advantages of using this design approach in engineering applications
along with other problems are evaluated.
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INTRODUCTION

Design and analysis of engineering systems usually involve many uncertainties.
Often times these uncertainties are neglected because they are not known, their values
are low, or the uncertain parameters themselves play an insignificant role in the process.
However, when the uncertain parameters significantly affect the design, their
uncertainties must be taken into account. One way to account for these uncertainties in
mathematical programming models is to use a probabilistic representation instead of the
uncertain coefficients. Some versions of these models were introduced in the late 1950’s
by Dantzig (1961) and Charnes and Cooper (1959). One such approach is chance
constrained programming which is widely used in engineering applications. Many
engineering applications can be formulated as a two-stage program so that the initial
design decisions are made while considering the future system operations. Another way
to account for the uncertainties in this case is to assign a probability distribution to the
uncertain coefficients. Although this approach is well known in the area of operation
research, it has not been broadly applied to engineering problems. This is mostly
attributed to the fact that most of the algorithms developed to date are still under testing
and formalization.

This study considers one of the more recently developed algorithms to solve two-
stage stochastic linear programs with recourse. = The Regularized Stochastic

Decomposition (RSD), has been applied to solve simple engineering applications under
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limiting conditions. The present work employs this approach and modifies it so that it

can be applied to a wider and more practical range of applications. The modified
algorithm is applied to a regional water supply planning problem.

This paper is organized as follows. First a review of the main approaches used
to solve the two-stage stochastic programs with recourse is presented. Next, the RSD
approach is described in detail and the modifications are discussed. Finally, an example
regional water supply problem is introduced and the results for different types of

uncertainties are shown.
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BACKGROUND

Two-stage stochastic LP with recourse problems have a first-stage set of decision
variables that must be made at present and a set of second-stage variables to be
determined in the future based on the uncertain future conditions and satisfying
restrictions resulting from the first-stage decisions. A general formulation of the problem

is:

Min f(x) = cx + E5lQ(x,w) ] (1)
s.t. x€Xc R™ (2)
where Q(x,w) = Min gy (3)
s.t. Wy=o-Tx (4)

The problem consists of the following components: [1] a first-stage objective
function, cx, with its associated nl first-stage decision variables, x, and m1 first-stage
constraints, and [2] a second stage objective function Q(x,w), with second-stage solution
y of n2 variables, and m2 second-stage constraints based on some observation w. The
random vector, o, is defined on a probability space (f1,A,P) where Q2 is a compact set.
The distribution probability function, F,, is associated with w, and E|[.] is the
mathematical expectation with respect to w. The set of feasible first-stage decisions, X,

is assumed to be convex and bounded. With these conditions, the total objective function
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will be a piecewise linear convex function of x.

The stochastic program is said to have complete recourse property if the second-
stage is feasible for all values of xeX. A problem has a simple recourse property if
W=(I,-) (Wets, 1982). This type of problem is very common in many practical
applications and because of its simple formulation, many algorithms have been
extensively developed for its solution. The literature reviewed in this section focuses on
the case of fixed recourse, where the matrix W is general but not stochastic.

Dantzig and Madansky introduced the decomposition approach in 1961 to solve
the stochastic programs. The approach takes advantage of the structure of the dual
problem. Later, Van Slyke and Wets (1969) extended the approach by developing the
L-shaped method to solve problems with discrete random variables.

In 1986, Fraunendorfer and Kall introduced an approach which solves the problem
by successive partitioning schemes using the function’s upper and lower bounds. These
bounds, used to approximate the objective function, were first introduced by Madansky
(1960). He used a discrete random variable w which attains values at the vertices of the
rectangle bounded by [a;,b;], where a;, b; define the interval bounds of each component
w, for i=1,....,m. The stochastic function defined at the new random variable was an
upper bound of the original function, i.e., E[Q(x,m)] <E[(q(x,®)]. Other bounding
schemes can be found in Dupacova (1979), Gassman and Ziemba (1985), Dula (1986)
and Frauendorfer (1988). Recently, Edirisinghe and Ziemba (1994a) developed upper

and lower bounds of the stochastic function using first and cross moments. They
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considered the case of bounded random right-hand side and objective coefficients of the
second-stage problem. Later Edirisinghe and Ziemba (1994b) developed these bounds
in cases of unbounded domains of the random parameters and proposed an order-cone
decomposition scheme to solve the stochastic problem.

The Stochastic Quasi-Gradient Method *SQM’ is another approach for solving
two-stage stochastic problems. The method is statistically based, with roots originating
in the work of Robbins and Monroe (1951) and Kiefer and Wolfowitz (1952), who
proposed a method for unconstrained unidimensional optimization. Fabian (1960) and
Ermoliev (1976) later developed the SQM to solve constrained optimization problems.
A survey of many numerical efforts in this area can be found in Ermoliev (1988). The
method uses statistical estimates for the values of the functions and derivatives rather
than exact values and is not hampered by continuous distributions of the random
parameter. Ruszczynski (1987) updated the SQM by obtaining the step directions by
minimizing a linear approximation to the objective function plus a quadratic proximal
term. A few difficulties arise with SQM. The function projection P on X, required by
the algorithm, is easy only for problems with simple structure. The choice of an efficient
step-size and algorithmically implementable stopping criterion are still open questions.
Details of the method and proofs are found in Ermoliev (1983, 1988) and Wets (1982).

Higle and Sen (1991) introduced a Stochastic Decomposition (SD) approach which
combines many of the strengths of the decomposition based algorithms and the stochastic

gradient methods. SD produces a piecewise linear approximation of the objective
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function then solves one subproblem and one master program at each iteration. A major
problem with the algorithm is the progressively increasing size of the master program as
a result of the new cut (constraint) added at each iteration after solving the subproblem.
This problem can result in severe delays in computations especially for large problems
with many random parameters. Recently, Yakowitz (1994) introduced a quadratic term
in the master program that restraints the movement of the solutions so that the function
estimates are assumed to be adequate. Thus the size of the master program can be
limited by introducing a cut-dropping scheme similar to that given in Mifflin (1977) and
Kiweil (1985). Theoretical developments and/or proofs of the RSD algorithm are not
included in the discussion to follow. For more details, the reader can consult other

references (Higle and Sen, 1991 and Yakowitz, 1994).

Regularized Stochastic Decomposition (RSD)

To briefly summarize the RSD algorithm (Yakowitz, 1994), a random realization
w is generated at each iteration k and a master program is solved at the current solution
Xy, called the current incumbent, producing a direction d,. Adding d, to the current
incumbent x, ; results in a new point z, called the candidate solution (z,= x,,+d,). The
total objective function is computed at z, x,,, and other points to check if the current
incumbent solution should be replaced by the candidate or to stay as it was. Termination
criteria are then checked to decide whether to stop or to proceed with new random

generations. The master program is formulated as:
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(M%) Min[0.5 Jdfl +v,(d,)] (5)

subject to:
Xp tdy € X (6)
v (dy) = max (£ (%, +d})) V jegk (7)

The function f, is a linear approximation of the objective function given in (1) at (x,.
+d,) and known as a cut or support. The superscript j defines the iteration at which the
cut was first developed while the subscript k defines the iteration at which the cut was
last updated, usually the current iteration. The set J* is redefined in each iteration
according to a cut-dropping scheme that acts to limit the size of the master program. It

is defined as:

gk = g% | fy,, 1 (8)

where J¥! represents the indices of active constraints (cuts) obtained from the master
program solution at the previous iteration and characterized by having positive Lagrange
multipliers. v, is the index of the cut associated with the current incumbent, and k
represents the index of the cut developed at the current iteration, which is associated with
the current candidate.

The cut at any point x is defined in terms of the linear coefficients a and £ as:




£ (%) = 6 +(c+f) ) %, (9)

To obtain expressions for o and 8 , the dual of the second-stage stochastic subproblem

is required. The subproblem is first given at the current candidate as:

9 Q(z,,w,) = Min qy (10)
s.t. W}, = O)k - Tzk (11)
The dual to this problem is:
(DSY
Q(Zk'mk) = Max ﬂ:(wk" Tzk) (12)
s.t. mell = {n:nwW g (13)

At any iteration k, an estimate of the objective function at any point x is given by:

k

£y 0 =cx+ 13w, (0,00 (14)
t=1

Equating this equation (14) with equation (9), the expressions for « and 8 are obtained:
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k k x
= Tlc Y #, 0, (15)
t=l
k k i
Pr =3 ) ® T (16)

Equation (14) shows that at a certain x, all #’s for all previously generated
random observations, are required, which implies solving the subproblem (DS) k times
at each iteration k. The stochastic decomposition approach exploits some properties of
the constraint set II to avoid much of that burden. Assuming II is a non-empty closed
convex polyhedral set and noting its independence of the random vector @, a set ¥V will
denote the set of all extreme points (vertices) of the set II. V* is a subset of V and
represent the vertices which were found up to the current iteration k. At each iteration
k, the subproblem (DS¥) needs to be solved once using the last generated realization to
get one #5, which is used to update V*. The other #*, for t=1,2,...,k-1 are then obtained

from the set V* using the following simple argmax operation:

k
€ argmax(n(0,-Tzy) wEVE] (17)

The cuts which were previously generated, will lack information gained from
subsequent sampling of the random variable w. Therefore, the coefficients of these cuts

are modified at each iteration according to the following formula:
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J - J k

ak = —1<1<—1 ak_l + % ﬂk mk (18)
- J k

pk = kkl ﬁk—l = 'I—J; N T (19)

Since a particular solution may remain as the current incumbent for many
iterations, its associated cut X, which was first developed when the cut was accepted,
may give a looser estimate of the objective function than is possible at this time. So, a
re-estimation of that cut is necessary to guarantee that the function estimate at an
incumbent solution converges to the actual value (with a probability of 1). The re-
estimation is done by computing new cut coefficients (c,8) at the current incumbent
using the current set of subproblem dual vectors, VX, This step is required if either of

the following two conditions is satisfied at any iteration:
k V-1
fk (Xk_l) - fk (xk_l) > 0, or (20)
k-1, =1, (21)
where £,(x,.,) is the objective estimate at the current incumbent using the last cut derived
at the current candidate. Equation (21) means that 7, iterations (defined as an input

parameter), have passed since iteration, 7,.,, where the cut associated with the incumbent

(X.1), was last evaluated.
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A test should be made at each iteration to decide if the new candidate z, should

replace the incumbent solution x,. Satisfying this condition means that a sufficient
fraction of reduction in the objective value is attained using the new candidate. If this
acceptance condition is satisfied, then z, replaces x,. Otherwise, x,, remains as x,. This

condition is defined as follows:

1 4 V-1 Yk-1
[£x (zi) ~£ (Xy)] < B [V (dey) =Ly (X5.4)] (22)

where 9 is a fixed parameter such that 0<% <1. The right hand side represents the
anticipated amount of descent of the objective function in moving from x., to z,, while
the left hand side represents that descent after updating (i.e., updating the cuts with last
generated realization at iteration k).

A sub-sequence of the incumbent solutions, {x,}, produced by the algorithm was

shown to accumulate at an optimal solution of the two stage problem (Yakowitz, 1994).

Termination Criteria

Several termination rules can be used for this type of problem. Three rules,
however, are used in the present algorithm.
1. The number of vertices found in V, is observed. The algorithm should terminate if
that number does not change within a prescribed number of iterations, KP.
2. The stability of the objective function is monitored using an exponentially smoothed

average, n,. Given a tolerance value g, the algorithm should terminate if the following
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condition is satisfied:

Y
[£x () —n,l

Yx
fk

<€ (23)

Choosing appropriate value of 5, with Ae(0,1), 7, is defined as:

Yk
Afy, + (1-2) , 1F kex*
k Nk-1 (2 4 )

N = I Np-r v otherwise

K® is a set of indices which defines a sub-sequence of iterations along which the
incumbent solutions are accumulating at the optimal solution. This sub-sequence is

needed when the incumbent solution changes infinitely often. It is defined as:

K* = (K ID % 8,) (25)

where §, defines the monotonic sequence {6,},” ., that converges to zero with probability

1. Define u,<u,<1 and starting with sufficiently large §,, &, is given according to:

#1851, if Jdpl<pabpy

| (26)
oin {8y, Idxil , otherwise.

3 =

3. Check the stability of descent (the regularizing term) d,, p,<€. A statistic p, is

defined similar to 7, by:
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4, Check the re-estimation conditions (equations 20 and 21). If satisfied, re-evaluate
the cut at the current incumbent using the new V~,

5. Check the new incumbent condition (equation 22). If satisfied, replace x, with
7 and vy, with k. Otherwise, keep x, and 1, as they are. Determine J* according
to equation 8.

6. Solve the master program Mt to obtain d,, »,(d,) and Lagrange multipliers A, of
the relevant constraints. Set z,,,=x,+d,.

7. Check the termination criteria. If satisfied, stop. Otherwise, go to step 1.

The algorithm was coded in Fortran in a way which allows one to solve any two-
stage stochastic problem. GRG2 (Lasdon. 1985), a nonlinear programming model, was
used to solve the master problem at each iteration. GRG2 applies the generalized
reduced gradient method as a basis for solving the NLP. A small subroutine linked to
GRG?2 is required to describe the first-stage objective function and constraints of the

investigated problem,
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Nonlinear First-Stage Objective Function

The RSD approach, to date, is limited to solving linear two-stage problems with
uncertainty only in the RHS of the second-stage constraints. Since many engineering
problems behave in a nonlinear manner, the algorithm was modified to handle the
nonlinearity of the first-stage objective function. The assumption of convexity of the
overall problem is violated, in this case, especially with problems in which the first-stage
objective function is non-convex. Therefore, global optimality of the optimal solution
is no longer guaranteed. However, local optimal solutions are often adequate in
engineering practice. Starting from different initial points can potentially improve the
solution and bring it closer to the global optimal solution.

The nonlinearity in the first-stage objective is introduced by including this
nonlinear function, g(x,), in the objective of the master program. The cuts identified
with this objective, will only approximate the second-stage stochastic function. The new
objective, equation (28), replaces equation (5) and the cut expression is also modified
from equation (9) to equation (29). All other definitions and equations remain the same.

The new forms of equations 5 and 9 are:

(M¥)  Min[0.5]d,J? + g(x) + v, (d)] (28)

£, (%)= dy + By * %, (29)
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Stochastic Coefficients of the Second-Stage Objective Function
Both the SD (Higle and Sen, 1991) and the RSD (Yakowitz, 1994) algorithms
were originally developed for the case of stochastic right hand sides of the second-stage
constraints. In many applications, the coefficients of the second-stage objective function
include future revenues and/or prices that might be subject to a great deal of uncertainty.
Therefore, it was necessary to modify the algorithm to handle the stochasticities of the
second-stage objective function. Although the modification was successfully developed,
arising problems during computation point out the difficulty in practical usage of the
algorithm in certain situations.
To consider the uncertainty of the second-stage objective function, the subproblem

and its dual must be redefined for the case of deterministic RHS and stochastic objective

coefficients:
(9 _ L
Q(z,, qy) = Min (q)y (30)
g.t. Wy=H-Tz, (31)
(DS
R(z,,q) = Max n(H - Tz,) (32)

g.t. wnell ={n:nw < q (33)
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Recall that the set II, in the case of random RHS, was independent of the random

realization wy,. This observation made it possible to select any =, that corresponds to ¢,
for t=1,2,....,k-1, using a simple argmax operation (Equation 17). In the present case,
IT is no longer independent of the random observation q, and the argmax operation alone
does not guarantee the feasibility of the selected . Another approach to determine the
correct multipliers is suggested.

Since (H-Tz) is independent of q, at each iteration, the multipliers which were
identified in V* can be arranged in descending order according to the value of x(H-Tz).
For each q,, t=1,....,k-1, the corresponding =, is selected by testing the feasibility of the
sorted multipliers in V* one by one until equation (33) is satisfied. This multiplier, =,
is selected to be the one which corresponds to the current g,. This sorting-testing scheme

should perform well if the number of multipliers in V* is finite and small.




APPLICATION SYSTEM

Consider a region which has two communities. Each community has demands
for both potable water for municipal use, and reused water for irrigation and other
purposes. The goal is to design water supply facilities required to satisfy the community
demands over a 20-yr period of time. The demands of potable water can be met from
direct supply from the aquifer and/or treated water from the water treatment plant which
is supplied from a surface source (see Figure 1). The demands of reused water can be
also met from direct supply from the aquifer or from a tertiary treatment plant which is
supplied from a secondary wastewater treatment plant. The aquifer is recharged through
a basin system with water from the river or the wastewater treatment plant after
secondary treatment.

The planning problem is to determine the design capacities of the recharge basin,
water treatment plant, secondary wastewater treatment plant, and tertiary treatment
facility. These decisions represent the first-stage decision variables in the two-stage
formulation. The second-stage variables represent the water allocations (in million
gallons per day, mgd) from the supply facilities to different users during different time
periods, The variables y, to y,;, shown on the system outline of Figure 1, are the
second-stage operation variables for the first period. The total number of the second-
stage variables for the two periods is 34.

The first-stage objective function represents the present construction cost of the

four supply facilities. These costs were first assumed to be linear functions of the design
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where x, is the design capacity of the supply units with x,, x,, X, and x, being capacities
of the recharge basin, water, secondary, and tertiary treatment plants, respectively. q'
is an objective function coefficient related to the allocation, y,!, (the superscript 1 means
the first period) and depends on its treatment and pumping costs. q, is a unit price of the
penalty water used to maintain feasibilty as explained later. The first-stage constraints
are only simple bounds to maintain non-negative values of the capacities. The second-
stage constraints, are divided into eight groups and explained below.

[1] Capacity constraints insure that the total delivered amount of water to any unit during
any time period '£’ will be less than the capacity of the unit.

[2] River Availability constraints insure that the available water in the river AV’ exceeds
the amount diverted to the system during any time period ¢£. The average amounts of
available water during the two periods was assumed to be 120 mgd.

[3] Demand constraints guarantee that the potable demands 'DP’ and the reuse demands
'DU’ are satisfied for the two communities during any period '¢’. ep, and eu, are
external penalty water required to maintain feasibility during random generated
constraints which may cause the demand to exceed the supply. Table 3 lists the values
of the demands used in this application.

[4] Aquifer Storage Constraints assure that the amount of water stored in the aquifer by
the end of each period is greater than a pre-specified reserve amount 'QS’. The amount
of stored water equals the initial storage *QI’ plus entering water minus withdrawing

water plus external penalty water.
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[5] Reuse Quality Constraints maintain a pre-specified ratio of the total reuse demands

'PCR’ to be direct supply from the aquifer.

[6] Potable Quality Constraints maintain a pre-specified ratio of the total potable demands
'PCP’ to be delivered from the water treatment plant.

[7] Temporal Continuity Constraints assure that all demands and losses are met using true
sources of water. If these constraints are not present, a situation might result in which
the model constraints are all satisfied although the true supplies from the river or the
initial storage of the aquifer during advanced periods are not sufficient to satisfy the
demands.

[8] Mass Balances Constraints preserve the mass balances at different nodes and
accounting of their losses. The nodes of concern are the supplying units and the two
nodes of potable demands (P).

The total number of second-stage constraints in this problem is forty two. The
stochastic parameters in the right hand side (RHS) of the second-stage constraints are
AV, DP, and DU. The number of independent random parameters considered in this
case is 10. Stochasticity in the treatment costs of the four supplying units along with the
pumping costs, are also considered which represent eight independent random
parameters. Continuous normal distributions with a coefficient of variation of 0.25 were

assumed for all random parameters.
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RESULTS AND DISCUSSION

The problem was solved using the RSD model for the following three cases:

[1] Linear first-stage objective function and stochastic RHS.
[2] Non-linear first-stage objective function and stochastic RHS.
[3] Linear first-stage objective function and stochastic second-stage objective function.

Demands, available water, and treatment costs with its related pumping costs were
considered random parameters in different cases. To assess the improvement in the
objective function using the stochastic design (using the RSD model), the objective
function was evaluated using the optimal deterministic design with the mean values of
the corresponding uncertain parameters. All runs were completed using a SPARC-station
LX computer system.

In case 1, the design capacities using the stochastic approach were obtained after
15.75 hours. The four capacities using this design were larger than those of the
deterministic design with about 5% improvement in the total objective function.

In case 2, a power form for the first-stage objective function was assumed. Two
separate designs were examined using different values of the power function exponent.
Table 4 lists the stochastic and deterministic designs for these two cases along with the
total function improvement obtained when the stochastic design was used instead of the
deterministic one. Results show that the stochastic design in both linear and concave
non-linear first-stage objective (power coeff.= 0.80) tends to enlarge the facility

capacities. While it tends to reduce the capacities in case of the convex non-linear case
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(power coeff. = 1.50).

The solution in the third case with stochastic objective function coefficients, was
exactly the same as that obtained from the deterministic model (given in Table 4, case
of linear first-objective function). This solution was reported on the results of the
algorithm after large number of iterations. This means that the variability in the
objective coefficients for this particular setting of the problem had no effect on the first-
stage decisions.

A major problem related to the execution time required to solve the third problem
was encountered. The number of vertices at any iteration was growing similar to the
number of iterations. That resulted in marked delay on the progress of the algorithm,
While 940 iterations were solved during the first 24 hours, only 200 iterations were done
in the following 24 hours.

These observations indicate that the possibility to satisfy the first termination
criterion is very weak. This result suggests to discard the first termination criterion and
to terminate the algorithm if the other two criteria are satisfied while the incumbent does
not change for a certain number of iterations. The termination of the algorithm is
justified by the fact that the newly founded multipliers do not affect the last solution.
This condition can be reached after a reasonable execution time, potentially in cases of
small problems with few discretized random variables. When incorporating this
modification to the present program, the application problem was still not small enough

to satisfy any of the termination criterion. The model was stopped after four days of
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execution with about 1500 iterations yielding very close solution values to the final

solution but again not satisfying any of the termination criteria.

SUMMARY AND EXTENSIONS

The regularized stochastic decomposition (RSD) algorithm was coded to solve any
two-stage stochastic linear program. An application system that seeks the design
capacities of four supply plants to different users with different demands was solved.
The original RSD algorithm considers only the case of stochastic right-hand side of the
second-stage constraints in linear problems. Two modifications were implemented to the
algorithm to account for other conditions. First, the ability to consider a nonlinear first-
stage objective function was incorporated. This modification was successfully
demonstrated in the application. Global optimality might be sacrificed based on the given
application. The second modification allows consideration of the stochasticity of the
second-stage objective function coefficients. Although that modification was successfully
programmed, the computations showed that the algorithm can not be efficiently applied.
The case of stochastic objective coefficients tends to yield an infinite number of dual
multipliers for the subproblem. This results in significantly increased execution times
per iteration as the iterations progress. These cbservations indicate that another approach
to better handle the stochasticity of the objective coefficients is still needed.

Finally, the results of the application system show significant improvements

obtained when considering the stochasticity of different parameters. Maximum
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improvement was obtained from the case of convex nonlinear objective function.

ACKNOWLEDGEMENTS

This study was done under the sponsorship of the Water Research Center project
financed by U.S. AID. The author would like to thank the Southwest Watershed

Research Center at the USDA for its financial and technical support.

REFERENCES

Charnes, A. and Cooper, W. W. (1959), "Chance-Constrained
Programming",Management Science, Vol. 6, No. 1, pp. 73-79.

Dantzig, G.B. and A. Madansky (1961),"On the solution of two-stage linear programs
under uncertainty”, Proc. Fourth Berkeley Symposium an Mathematical Statistics
and Probability, Vol. 1, University of California Press, Berkeley, pp. 165-176.

Dula, J.H. (1986), "Bounds on the Expectation of Convex functions”, Ph.D. dissertation.

Dupavcova, J. (1979), "Minimax stochastic programs with nonseparable penalties”,
Proceedings of the 9th IFIP Conference, Warsaw in Lecture Notes in Control and
Information Sciences, 22, Springer Verlag, Berlin, 1980.

Edirisinghe, N.C.P. and W.T. Ziemba (1994a), "Bounding the expectation of a saddle
function with application to stochastic programming"”, Mathematics of Operations
Research, 19, pp. 314-340.

Edirisinghe, N.C.P. and W.T. Ziemba (1994b), "Bounds for two-stage stochastic
programs with fixed recourse”, Mathematics of Operations Research, 19, pp.
292-313.

Ermoliev, Y. (1976), "Methods of stochastic programming”, (in Russian) Nauka,
Moscow.




53

Ermoliev, Y. (1983), "Stochastic quasigradient methods and their application to System
optimization”, Stochastics 9, pp. 1-36.

Ermoliev, Y. (1988), "Stochastic quasigradient methods”, in Numerical Techniques for
Stochastic Optimization, Y. Ermoliev and R.J-B Wets (eds.), Springer-Verlag,
Berlin, pp. 141-185.

Fabian, V. (1960), "Stochastic approximation method", Czechoslovakian Math. J., 10,
pp. 191-200.

Frauendorfer, K. (1988), "Solving SLP recourse Problems with arbitrary multivariate
distributions - the dependent case", Mathematics of Operations Research, 13, pp.
377-394.

Frauendorfer, K. and P. Kall (1986) "A solution method fore SLP recourse problems
with arbitrary multivariate distributions- the independent case”, Problems of
Control and Information Theory (to appear).

Gassman, H.I. and W.T. Ziemba (1985), "A tight upper bound for the expectation of a
convex function of a multivariate random variable", Math. Prog. Study (to

appear).

Higle, J.L. and Sen, S.(1991) "Stochastic decomposition: an algorithm for two stage
linear programs with recourse,” Math. of Oper. Res. 16, pp. 650-669.

Kiefer, H. and J. Wolfowitz (1952), "Stochastic estimation of the maximum of a
regression function", Ann. Math, Statist., 23, pp. 462-466.

Kiwiel, K.C. (1985), Methods of Descent for Nondifferentiable Optimization, Lecture
notes in Mathematics no. 1133, Spring-Verlag, Berlin,

Lasdon, L. S. and A. D. Waren: GRG2 User’s Guide, Dept. of General Business, The
University of Texas, Austin, 1983,

Madansky, Z. (1960), "Inequalities for stochastic linear programming problems",
Management Sci. 6, pp. 197-204.

Mifflin, R.(1977), "An algorithm for constrained optimization with semi-smooth
functions", Math. Oper. Res., 2, pp. 191-207.

Robbins, H. and S. Monro (1951). "A stochastic approximation method", Ann. Meth.
Statist., 22, pp. 400-407.




54

Ruszczynski, A, (1987), "A linearization method for non-smooth stochastic programming
problems”, Math. of O.R., 12, pp. 32-49.

Van Slyke, R. and R.J-B Wets (1969), "L-shaped linear programs with applications to
optimal control and stochastic programming"”, SIAM J. Appl. Math., 17, pp. 638-
663.

Wets, R.J-B (1982) "Stochastic programming; solution techniques and approximation
schemes", in Mathematical Programming" The State of the Art, A.Bachem, M.
Groetschel, B. Korte, eds., Springer- Verlag, Berlin, pp. 506-603.

Yakowitz, D. S., "A Regularized Stochastic Decomposition Algorithm for Two-Stage
Stochastic Linear Programs."” Comp. Optimization and Applications, Vol. 3
(1994) pp. 59-81.



55

Table 1. Construction Cost Coefficients for the First-Stage Decision Variables ($/mgd)

Unit Recharge Water Treat. Wastewater Treat. Tertiary
Coefficient 10,000 300,000 150,000 60,000

Table 2. Cost Coefficients for the Second-Stage Objective Function ($/mgd)

Treatment Cost Coefficients

Unit Recharge Water Treat, Wastewater Treat. Torrential
Coef. in Period 1 0.10 10.00 6.00 1.00
Coef. in Period II 0.12 12.00 6.50 1.20

Piping and Pumping Cost Coefficients

Route VR V-W RQ WP PSS TU ST QU QP SR SV TV
PeriodI 5.00 0.00 20.0 20.0 20.0 5.00 50.0 30.0 100 200 0.00 0.00
Period I 6.00 0.00 22.0 22.0 22.0 5.60 550 350 120 220 0.00 0.00

*# The route V-R means from the component V (river) to the componeat R (recharge)

Table 3. Demands for different users in million gallons per day (mgd)

User P1 P2 Ul U2

PERIOD 1 40.0 50.0 30.0 35.0
PERIOD 2 50.0 60.0 40.0 45.0
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Table 4. Results for the Case of Stochastic RHS

Unit 'R’ W i T’ °0Obj.Fn’ NK!' NV? KPP Time

(mgd) (mgd) (mgd) (mgd) (10° dollars) (hrs)
in irst-Objective Function

Det. Soln 161.83 38.82  88.00 47.89 83.511
Stoch. Soln  218.00 42.40 96.07 50.32  79.497 2719 198 100 15.75
Improvement in Obj. Fn. = 4.014 (million $) = 5.05 %

Case of Nonlinear First-Objective Function with Power Coeff.= 0,80
Det. Soln 155.26 38.82 88.00 62.63 68.514
Stoch. Soln 247.87 46.81 106.11 67.53 60.888 1284 139 50 2.50

Improvement in Obj. Fn. = 7.627 (million $) = 11.13 %

Case of Nonlinear First-Objective Function with Power Coeff.= 1,50

Det. Soln 161.18 38.82  88.00 11,25 285.324
Stoch. Soln  155.07 20.03  50.00 0.00 217.122 954 39 50 2.33
Improvement in Obj. Fn. = 68.20 (million $) = 23.90 %

! Number of iterations 2 Number of Vertices 3 Number of iterations required by termination criteria #1
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ABSTRACT

Design capacities of irrigation system canals determine the size and the cost of
the system. Decisions to define the canal capacities depend on many uncertain
parameters such as those describing the system operation and crop return. To assist in
making those decisions, an optimization model can be formulated that accounts for these
uncertainties while considering both the system design and operation. A two-stage
stochastic recourse problem is formulated in which the canal capacities are the first stage
decisions and the water allocations are made in the second stage. The Two-stage
Regularized Stochastic Decomposition approach is used to solve for the optimal capacities
under several different conditions. These capacities are compared with results obtained
from a traditional design procedure and from a deterministic optimization model. A
comparison of the results demonstrates the merit of the proposed approach and points to
the need of applying it when designing under uncertain conditions.




INTRODUCTION

Canal capacities of any irrigation project represent the principal cost in the design
stage. Their values have a great impact on the future revenues of the system under
different environmental and operational conditions. Many allocation models have been
developed to plan for the most economic schedule of distributing water to crops at
different growth stages. All of these models, however, are constrained by predefined
canal capacities. System benefits might be improved if a different canal layout was in
place. So, it is of interest to determine the best canal capacities during the initial design
stage considering varying operational schemes and conditions.

When determining optimal water allocations, it is possible to use deterministic
parameter values since they are readily available. However, when a decision maker
seeks canal design capacities, the uncertainty of many parameters should be considered.
Crop demands, available water, water prices, and crop selling prices at different periods
are all input parameters which can not be predicted with certainty. From historical data
for the uncertain parameters, the type of distribution and its statistics can be determined
to be used as input in the optimization modeling. To consider this uncertain future, a
two-stage stochastic optimization approach can be formulated in which the canal design
decisions are incorporated in the first deterministic stage and the future water allocations
comprise the stochastic second stage. The first stage portion of the objective is the initial

canal construction cost while the second stage component is the expected value of future




61

Crop revenues.
The Regularized Stochastic Decomposition (RSD) algorithm (Yakowitz, 1994) will
be used to solve the two-stage model. In this paper, the parameters that appear in the
right hand side of the model constraints will be considered as uncertain, Their
probability distributions will be assumed to be continuous and they will be treated as
independent random variables. A deterministic optimal design of the system will also
be developed using the mean values of each uncertain parameter. This design along with

other traditional designs will be compared to the design obtained from the RSD approach.

BACKGROUND

Traditional Design

Most traditional methods for sizing irrigation canals assume that each field is
irrigated from only one canal. The canal capacity is found from the water requirement
of an average unit area of the defined crop pattern at the maximum demand month on a
continuous flow basis. The water requirement is referred to as the "water duty or water

modulus”. The water duty from a single crop (Jensen 1981) can be expressed as:

_u* MAD 1)
0.36x1) %t

where I, is the net irrigation water requirement (mm/day), A is the area (ha), t is the
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irrigation duration (hours/day), MAD is the management allowable deficiency factor that

is selected based on type of the crop, and 4 is the irrigation efficiency.

Ozal (1969) proposed a synthetic approach in which the field monthly delivery
requirements of various crops are weighted to find the average delivery requirement,
defined earlier as the water duty. The month which gives the maximum field delivery
requirement (FDR) is taken as the basis for the capacity design. This value is converted
to the total delivery requirement (TDR) at the diversion point by accounting for farm and
conveyance losses. Ozal’s method is based on the maximum crop requirements which
have been derived from extremely dry periods that have very low probabilities of
occurrence and are of a very short duration. As such, the canal system will be over-
designed for most periods and its construction cost will be high. The level of satisfying
crops in their demands for water should be based on the economic evaluation of the
whole system. The reductions in crop yield due to water failures should be evaluated and
the optimum probability level of the water supply should be selected. However, to date,
few approaches that consider multi-crop, multi-soil farm irrigation systems, utilize the
concept of risk during design.

It is worthy to note that in the method of continuous delivery, water is
continuously supplied to all distribution canals on the farm in accordance with established
water rights or in proportion to the serviced areas. This continuous delivery method is
usually successful for large area irrigation systems, possibly in combination with other

methods, or for irrigation of rice (Rydzewski, 1987).
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Optimal Design
Several studies have addressed the problem of determining the optimal routes,
sizes, and types of facilities to deliver defined amounts of water to users. For example,
Hall and Hammond (1965) and Gupta (1975) applied network analysis; Buras and
Schweig (1969) and Martin (1980) solved the problem using dynamic programming; and
Galinato, et al. (1977) and Brockway and Allen (1980) determined optimal facility
capacities using a combination of branch and bound, dynamic programming, and linear
programming. Problems requiring the joint determination of the optimal designs and
deliveries have been examined by Hall (1961), Sathaye and Hall(1976a,1976b), and
Fleming, et al. (1983); and Oran and Karmeli (1979). All of these studies considered
the water supplies, crop demands and other variables as deterministic. Crop demand

patterns and other operation schedules were also pre-specified.

Allocation Models

Twe main types of allocation problems are addressed in practice. Both types
attempt to maximize the net profit. The first problem is to assign planting areas to each
crop. Mobasheri (1968) was among the first to examine this problem and developed a
linear programming multi-crop model. He determined the acreage to be planted in a
system consisting of a reservoir and an irrigation area with four crops.

The second type of allocation problem is to determine quantities of water which

are to be delivered to different crops of predetermined areas. This problem is of
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particular concern when water supply is limited. To determine the optimal water
allocation for multi-crop models, Loftis and Stillwater (1986), Loftis and Houghtalen
(1987), used dynamic programming and Akhand (1992) applied linear programming.
Others such as Hall and Buras (1961), Dudely (1972), and Bras et al. (1987) developed
simplified single crop models with the aid of an off-storage reservoir to adjust the time

pattern of the water availability to the system demand.

Uncertainty in Irrigation Planning

Irrigation design and operation decisions reflect many types of uncertainties.
Hydrologic variables, hydraulic parameters, and management practices are sources of
such uncertainty. Hydrologic variables include available stream water and potential crop
evapotranspiration, ET,, which is related to the crop’s water demands. Among the
uncertain hydraulic parameters are the hydraulic conveyance, turnout diverting losses,
and canal flow resistance. Management practices in irrigation systems which attempt to
describe the system behavior for the purpose of design are fully dependent on all
unknown uncertain conditions. The irrigation efficiency, for example, is usually
uncertain since it is associated with future management practices.

A few researchers have considered these uncertainties in designing canal systems
using different approaches. Most studies have focused on a single-canal system with
other components such as reservoirs and/or groundwater wells. Smith (1972) developed

a chance-constraint programming formulation with different decision rules to design a
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system with ground water wells, a conveyance canal, and the areas of developed land as
decision variables. He maximized the present value of the additional aggregate
consumption benefits from the project. Equivalent deterministic constraints for the
stochastic irrigation water requirements and effective precipitation were included in the
model. More recently, Afshar et al. (1991) formulated a chance-consiraint optimization
model to design a reservoir and a conveyance canal. The model considered the
interactions between design and operation parameters including reservoir capacity,
delivery system capacity, and hectares of land to be developed and planted with different
crops.

Flynn and Marino (1987) developed a method for determining the optimal design
capacities and management strategies for water delivery systems in the presence of
probabilistic supplies and known transportation losses. They used the calculus of
variations to solve a continuous distance model of the conveyance system. The
probabilistic yearly supply was assumed to have a known discrete distribution and was
approximated by a set of discrete values and their associated probabilities. They later
applied their approach to a discrete conveyance system with localized demands at the
demand nodes (Marino and Flynn 1987).

Gates et al. (1992) developed an evaluation approach for assessing strategies
which improve an irrigation water delivery system but did not incorporate the tool in an
optimization model. The model accounted for parameter uncertainty in both water supply

and demand. Measures for the objectives of adequacy, efficiency, dependability, and
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equity derived by other researchers (Molden et al. 1990), were used to evaluate system

performance for each alternative. They used Monte Carlo simulation to compute the
expected value and coefficient of variation for the evaluation measures over the planning
horizon. Subjective notions attached to the evaluation of system performance were
addressed using fuzzy-set membership functions. Reservoir inflow, precipitation, crop
evapotranspiration, and reservoir evaporation were analyzed as stochastic correlated time
series while river and canal conveyance losses, irrigation application efficiencies, and
upward flow from the shallow water table were modeled as independent random
variables.

In summary, the reliability of an irrigation system can be assessed but it is
difficult to embed a full description of the system uncertainty in an optimal design and/or
allocation model. Numerous attempts have considered some of the uncertain parameters
in a design or allocation model but to date a complete probabilistic description has not

been successfully included in an optimal design/operation model.

PROBLEM FORMULATION

To account for the two levels of decisions when designing and operating an
irrigation canal system, a two-stage optimization problem is formulated. A deterministic
model is presented in this section followed by the extension to a stochastic model.

The first-stage objective function represents the initial canal construction costs
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low amounts of available water, this set of constraints would result in problem
infeasiblities if the external penalty water was not available. Omitting these constraints
avoids these infeasiblities and allows the yields to take on any value during these events.
This relaxation also agrees with practical operation during extreme events when the
actual ET of some crops may drop below half of the maximum potential. Therefore, the

accuracy of the yield outcomes is only sacrificed during these uncommon conditions.

Regularized Stochastic Decomposition
This section briefly discusses the RSD approach which is used to solve the posed
two-stage stochastic linear programming problems with recourse. A detailed description
of the algorithm can be found elsewhere (Yakowitz, 1994 and Elshorbagy et al., 1995).
The overall objective of the two-stage LP problem with recourse is to optimize
the overall return after making an initial investment while considering the future
uncertainty and the potential of making future decisions. A general formulation of the

problem is as follows:

Min fix) = cx + E-[Q(x,w)] (12)
st. xe€eXcRM (13)
where  Q(x,0) = Min qy (14)

st. Wy=o -Tx (15)
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The problem consists of the following components: [1] a first-stage objective

function, cx, with its associated first-stage nl decision variables, x, and first-stage ml
constraints, [2] a second-stage objective function Q(x,w), with second-stage solution y
of n2 variables, and second-stage m2 constraints based on some observation &. Using
the expected value of second-stage realizations as the second-stage objective function, the
total objective function will be a piecewise linear convex function of x. Note that x and
y in this general formulation correspond to C and X, respectively in the irrigation
problem.

Several approaches are available to solve this type of problem. One promising
technique is Stochastic Decomposition (SD) (Higle and Sen, 1991) and its enhancements.

The SD approach decomposes the problem in a first-stage problem at a certain
point and linear approximations of the stochastic second-stage problem at that point. The
dual formulation of the second-stage problem is exploited to establish these
approximations, known as cuts or supports of the subproblem. The developed cuts are
updated at each iteration using an updating scheme to account for last observation. A
master program which combines the first-stage problem and all updated cuts of the
second-stage problem, is then solved to move to a new x so that maximum reduction in
the approximated function is attained.

Yakowitz (1994), later added a regularizing term to the master program objective
function to constrain the movement to a new x so that the algorithm’s convergence

performance was enhanced. This regularizing term along with other modifications
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resulted in the Regularized Stochastic Decomposition (RSD) algorithm. The algorithm
was later modified to account for nonlinearity in the first-stage objective function
(Elshorbagy et al., 1995).

The RSD algorithm provides a lower bound estimate of the overall objective
function at each iteration. Thus, although the decision variables converge to their
optimal values in the limit, the objective function value at termination is not necessarily
a good estimate of the true value. To obtain a better estimate of the objective function
at the final first-stage solution, a Monte-carlo simulation to determine the expected value

of second-stage objective must be performed.

APPLICATION SYSTEM

A simple irrigation canal system was generated for example purposes for this
study. The system has 9 canals, 6 fields, and one source of water connected to a single
canal. The time horizon consists of two 6-month growing seasons. Figure 1 shows the
outline of a symmetrical branching system of canals and the crops grown in each field
during the two periods. The crop pattern through the year includes cotton, grape, and
maize during the first growing period of May through October followed by wheat and
barley during the second growing period of November to April. Table 1 lists the
relevant crop data. Data such as demands, ET,,, for cotton, grape, wheat, and barley

were obtained from irrigation scheduling records and weather data of Maricopa County
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Agricultural Center (Akhand 1992). Data for maize were obtained from the FAQ

irrigation and Drainage Paper 33 (Doorenbos and Kassam, 1979). To simplify the design
process, the planting dates of one crop grown in different ficlds were assumed to be the
same,

The canal capacities are expected to be small so that linear construction cost
functions are acceptable. The cost coefficients were chosen to reflect their dependence
on the length of each canal, the excavation cost of the canal was based on the site
topography and other design considerations. Table 2 lists the construction cost
coefficients. This system was designed using a traditional design procedure and
deterministic and stochastic optimization models. The approaches used in designing the

system and results are discussed in the following subsections.

Traditional Design Solution

Ozal’s approach was used to design the canal systems based on two six-month
periods. Recall that each field had only one crop thus the water requirement of an
average unit area is constant for the total area. In systems with more than one canal
irrigating one field, this approach does not specify how to allocate canal flows to specific
fields. Itis suggested that each field be equally divided into a number of sections equal
the number of delivering canals based on the selected configuration. Each canal will then
be responsible for delivering water to a certain number of these fields sections.

The required capacity of each canal in each period was determined based on the
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total delivery requirement of each field’s sections supplied by the canal plus the

requirements of other downstream canals. The maximum capacity from all periods was
then selected to be the final canal capacity. Design values using Ozal’s approach are
listed in Table 3. The required flow rates were easily obtained by dividing each canal
capacity by the duration of the considered period in seconds. In this design, a 20-hour
operating day was assumed. This simple design cannot deal with other external sources
of water nor can it consider any shortage of the amount of water available to the system.
It also does not consider the canal construction costs or the interrelation between the field

allocations during different periods and the canal capacities.

Optimal Deterministic Design Solution

A deterministic optimal design was determined for this system using the
formulation discussed earlier. The final model contained 32 constraints, 9 first-objective
canal capacities, 28 allocations and 12 penalties flow decisions. The entire
design/allocation model was solved as a single problem using GAMS, the General
Algebraic Modeling System (Brooke et al., 1988), with its linear programming solver.
The design capacities were obtained under different conditions, such as the price of the
penalty variables and the amount of available water, The available water during the two
time periods were assumed to be 2.5 and 2.2 million cubic meters, respectively. The
price of outside penalty water was varied and the model was solved for each case. The

canal design and allocation stayed the same for penalty costs higher than $0.20/cubic




meter of water where no water was used from the outside source.

To evaluate the influence of water deficit on the design capacities, the amounts
of available water were then reduced from the sufficient amounts at zero deficit level
which were found to be 3.5 and 3.2 millions of cubic meters. Keeping the penalty costs
constant at $0.40/cubic meter, different levels of deficit were examined. As expected,
reducing the available water results in smaller design capacities for the canals. Canal
capacities for different levels of deficit and using high penalty costs are given in Table
4. The deficit level defines the percentage reduction of available water from the no

deficit condition.

Stochastic Design

The stochastic optimization model has two types of uncertain parameters which
appear in the right hand side of the model constraints; crop demands and available water.
The effect of the variability of each type on the canal capacities and the future revenues
was evaluated using the RSD approach and for different levels of parameter uncertainty.
The computer machine used in these runs was a SPARC station LX. The results were
then compared with the optimal deterministic solution which were developed using the

mean parameter values.

(1) Avzilable Water: The variability of available water which appears in the right hand

side of the model constraints was evaluated using the RSD approach. The available
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water during the two periods were assumed to follow normal distribution with mean
values equal to 2.5 and 2.2 millions of cubic meters/season, respectively. The prices of
the penalty variables were changed and for each price, the system was designed for
different coefficients of variation (CV) for available water. Some results using the
stochastic optimization approach are listed in Table 5.

Using low prices of the external water, the design capacities were significantly
different from those obtained from the deterministic design (CV=0.0). However, since
this water was cheap and can be used as much as the main water in canals, the increase
in the total revenues was minimal. Increasing the prices of the external water results in
larger design capacities and more increase in the revenues using the stochastic design
instead of the deterministic one. Note that the capacities also increase with CV until they
equal those obtained from the zero deficit level deterministic design beyond which they
do not change. The percentage increase in the net revenues also increases with the price
of the penalty water until the price reaches $0.20/m® after which no more increase in
revenues is observed since the external water is not used at all. Figure 2 shows the
relationship between % increase in the net revenues and the coefficient of variation of
the random available water for different penalty variables prices.

To evaluate the effect of the water shortage on the design, the influence of slack
flows was eliminated by fixing their prices at a high value ($0.40/m®). A similar analysis
was then repeated for different levels of deficit where the mean availability was set below

the sufficient amount of available water which were noted previously to be 3.5 and 3.2
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constraints and in the objective function, can not be handled by the present version of the
RSD approach. To examine the influence of the demand variability on the design, ET,,,
was kept at its mean value in objective function. The available water was also
considered deterministic and set to 3.2 and 3.0 million cubic meters during the two
periods, respectively.

Continuous normal distributions for crop demands were assumed and the
deterministic demands were assumed to be the mean values. These values along with
their standard deviations are listed in Table 7. Canal capacities from the deterministic
and stochastic designs are given in table 8. The results shows insignificant increase in
revenues using capacities obtained from the stochastic design.

Another design was carried out when both the available water (of 25% deficit
level) and the demands, were considered stochastic. Results of that design are shown in
Table 9. Again the percentage increase in revenues using the stochastic design in that
case was close to the one obtained when considering only the randomness of the available
water. This indicates that the canal capacities are not very sensitive to the variabilities

of crop demands for this system.

Influence of the Construction Cost Coefficient on the Design
The total revenues, using the traditional design capacities, were computed for
different CV using Monte-Carlo simulation. The increase in revenues when using

capacities of the stochastic design instead of the traditional one were found to be very
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small for the given construction cost coefficients. Since the traditional design (Ozal's

approach) does not depend on the construction cost, another set of cost coefficients were
chosen to evaluate the influence of these coefficients on the canal capacities as well as
the revenues obtained using different design approaches.

The given cost coefficients (Cost Coeff. Type I) were multiplied by a factor of
10 yielding new construction cost coefficients (Cost Coeff. Type II) as given in table 2.
For a 50% deficit level, the RSD was applied again to design for new capacities using
the cost-coefficients type II. The total revenues using this stochastic approach as well
as other approaches were computed. The results, given in Table 10, show that the
increase in revenues when the stochastic design was used instead of the traditional one
was very significant in this case. The high percentage increase in revenues decreased
with CV and can be explained as follows. Due to the non-optimal nature of the
traditional approach, the design procedure tends to oversize the canal capacities. On the
other hand, the stochastic design also tends to oversize the canals to cover the parameter
variabilities. However, the oversizing from this approach would be optimized and based
on the relative value of the first objective to the total objective. Using low construction-
cost coefficients, the design capacities from the traditional and stochastic approaches were
similar while high coefficients reduced the oversizing of capacities introduced by the
stochastic design. Thus the stochastic design resulted in smaller capacities and higher
revenues than the traditional design. When CV is increased, the oversized capacities by

the stochastic design will also increase and approach the traditional capacities so that the
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percentage increase in revenues decreases (Figure 4). These results point out the need
of considering accurate construction-cost coefficients in the first-stage when using the
stochastic approach in designing the system under uncertainties.

The execution times for most of the previous runs varied according to the number
of considered random variables. In cases of stochastic available water, the number of
random variables was only two and the execution times for different cases (different
deficit level and CV) was on the range of 2-9 hours. In case of stochastic demands and
available water, the number of random variables was 14, and the execution time
increased to about 20 hours. Other execution times are included in Table 5. These
reported times, are still believed to be reasonable given the fact that the considered

random variables were treated as continuous distributions.

SUMMARY AND CONCLUSIONS

A mathematical programming model was presented to solve for the required canal
capacities considering the future uncertain farm revenues. The RSD algorithm was used
to solve for the required capacities under different available water and demand levels.
The stochastic design was successfully applied with most runs converging and terminating
in reasonable execution times. The main observations reported from the study can be
summarized as follows: [1] In the case of low deficit levels and random available water,

the design capacities did not change with CV or penalty prices. They were equal to
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those obtained from deterministic design when sufficient water is available. [2] In case
of random available water and high deficit level, the capacities using the stochastic
approach were dramatically different compared to the deterministic design and the design
was more economical than when neglecting parameter variability. [3] In the case of
random crop demands, the stochastic design did not result in significant increases in
revenues over the deterministic optimal design. [4] Traditional design procedures which
do not consider the canal construction cost coefficients, tend to oversize the capacities
in a manner similar to the stochastic design when these coefficients are relatively low.
Larger construction coefficients in the first-stage result in more economical design using
the stochastic approach than the traditional one.

Different probability distributions, configurations, sizes, and number of future
periods considered, may have significant impacts on canal system design. Therefore, the
above observations may be significantly different for other systems and/or different
settings. However, it is clear that the proposed stochastic approach should be used in
designing the system under any condition since it has been shown that this design was
efficient, economical, and robust under some conditions for the hypothetical irrigation
system.

As was mentioned earlier, there are many parameters which affect the design of
irrigation system such as the number of future periods, size of the system, and the
distribution type of the random variables. The effect of these parameters on the design

also needs to be examined. Uncertainties of prices on the objective function of the




formulated model should also be considered in the design.

The current formulation can be modified to design for ground water wells along
with their pumping facilities. The penalty variables can replace deliveries from these
wells to different fields. Construction costs of the pumping facilities required for the

wells can be incorporated in the first stage as linear or nonlinear functions.
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Table 1. Crop Data

Crop Cotton  Grapes Maize Wheat Barely
Planting Date May 1 Feb. 1 June 1 Nov. 1 Nov. 10
Growing Season May 1- May 1- Jun 1- Nov 1- Nov 10-

Nov. 1 Aug 15 Oct. 1 May 1 May 1
Seasonal Cons. Use  1200.0 900.0 750.0 950.0 750.0

(mm)

Meximum Yield 1.81 3.34 8.00 6.00 6.50

(tons/ha)

Efficiency 60.0 80.0 65.0 60.0 60.0
K, 0.85 0.85 1.25 1.00 0.90
Maximum ET 900.0 700.0 600.0 700.0 500.0

(mm)

Yield Price 1277.0 672.0 135.0 143.0 121.0

Canal Number

1

2

3

4

5

Table 2. Capacity-Construction Cost Coefficients of Canals

6

7

8 9
Capacity-cost Coef. 0.70 0.70 0.30 0.30 0.50 0.50 0.30 0.30 0.80
($/flow capacity)
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Table 3. Canal Capacities Using Ozal’s Design Method.

CANAL 1 2 3 4 5 6 7 8 9
Million m*3 3.756 2.825 0.304 0.428 1.725 1.305 0.316 0.386 0.469
m*3/sec  0.302 0.227 0.024 0.034 0.139 0.105 0.025 0.031 0.038

Table 4. Canal Capacities Using Detreminstic Optimal Design.

CANAL 1 2 3 4 5 6 7 8 9

Zero deficit  3.497 2.159 0.259 0.309 1.310 1.079 0.414 0.524 0.000
25 % deficit 2.623 1.399 0.259 0.260 0.697 0.571 0.414 0.497 0.000
50 % deficit 1.749 0.693 0.259 0.048 0.297 0.258 0.013 0.224 0.000
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Table 5. Results using the RSD Stochastic Design for Different CVs and Different Prices

of the Penalty Variables
PENALTY PRICE
($/m"3) 0.05 | 0.10 | 0.15
Cv 000 025 050 075 100 000 025 050 000 025
CANAL
1 2,500 2.826 3.133 3.460 3.497 2.500 3.481  3.497 2500  3.497
2 1.292 1.575 1.842 2.126  2.159  1.292 2.145 2.159 1.292  2.159
3 0.259 0259 0.259 0.259 0.259  0.259 0259 0259 0.259  0.259
4 0340 0314 0275 0.284 0309 0340 0.296 0309 0340 0.296
5 0.525 0.796 1.068 1310 1.310 0.525 1.310 1310 0525 1.310
6 0.397 0.633 0.869 1.079 1.079 0.397 1.079 1079 0397 1.079
7 0345 0414 0414 0414 0414 0345 0414 0414 0345 0.414
8 0.000 0.136 0341 0.524 0.524  0.000 0.524 0524 0.000 0.524
9 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Number of Iterations:
— 1512 2628 2260 889 - 456 402 - 545
Number of Multipliers
- 35 52 61 67 — 42 80 — 97
Input Terminating Number®
- 100 100 50 100 - 50 50 — 50
Execution User Time(hrs)
— 1.11 4.21 2.72 0.58 — 0.12 0.14 — 0.28

evenues(million of dollars):

Using Deterministic Capacities:

4114 4090 4071 4057 - 3542 3375 —_— 2630
Using Stochastic Capacities:

4116 4095 4078 4067 — 3640 3536 - .2935
Increase in the net revenues™ ($1000):

0.252 0.505 0.754  0.947 - 9.842  16.06 - 30.52
% Increase

0.06 0.12 0.19 0.23 —_ 2.78 4.76 - 11.61

* Number of iterations where no new multiplier was found so that the program might
terminate.

** Increase in the net revenues using the RSD solution when compared to deterministic
design using the mean values of the random parameters.




Table 6. Deterministic and Stochastic Results for Different CVs and Different

Deficit Levels.
Deficit Level 10% | 25% | 50% |
Canal# Det. Dsgn Stoc. Dsgn Det. Dsgn Stoc. Dsgn Det. Dsgn Stoc. Dsgn
CvV=0.25 0.50 0.75,1.0
1 3.147 3.497 2.623 3.497 1.749 2.623 3.454 3.497
2 1.854 2.159 1.399 2.159 0.693 1.399 2.121 2.159
3 0.259 0.259 0.259 0.259 0.259 0.259 0.259 0.259
4 0.289 0.309 0.260 0.309 0.048 0.259 0.259 0.312
5 1.065 1.310 0.697 1.310 0.297 0.698 0.698 1.274
6 0.866 1.079 0.571 1.079 0.258 0.571 0.571 1.047
7 0.414 0.414 0.414 0.414 0.013 0.000 0.000 0.414
8 0.339 0.524 0.497 0.524 0.224 0.225 0.497 0.524
9 0.000 0.000 0.000 0.000 0.000 0.270 0.000 0.000
otal Revepue
369093 379290 312060 332257 228633 245240
Diff. in Revenues
10198 20197 16607
% Increase 2.76 6.47 7.26
=05
339915 351180 280603 309104 205263 237549
Diff. in Revenues
11266 28501 32286
% Increase 3.31 10.16 15.73
CV=0.75
315347 326959 254446 286107 186092 230635
Diff, in Revenues
11611 31661 44543
% Increase 3.68 12.44 23.94
=1.00
298523 310315 236602 269841 173066 225681
Diff. in Revenues
11793 33239 52615
% Increase 3.95 14.05 30.40

93
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Table 7. Crop demands and their standard deviations

Period 1 Period II
Field# 1 2 3 4 5 6 1 2 3 4 5 6
Mean
1200. 900. 1200. 750. 900. 750. 950. 750. 750. 950. 950. 750.
Std. Dev,

200. 150. 200. 100. 150. 100. 150. 100. 100. 150. 150. 100.

Table 8. Case of random crop demands and deterministic available water

Canal # 1 2 3 4 5 6 7 8 9 1st Obj 2nd obj Total Obj
i
3.50 2.16 2.59 3.09 1.31 1.08 0.41 0.52 0.00 5605.5 412021.8 406416.3
Stoc. Design
3.99 2.53 2.23 3.30 1.65 1.31 0.45 0.62 0.07 6587.3 423634.1 417046.8
% Increase in the net revenues = 2.62 %

Table 9. Objective Function computed for the case of random demands and

random available water, Deficit Level = 25% and CV = 0.50

Camal# 1 2 3 4 S 6 7 8 9 NetRovenues($)

Using deterministic design capacities
2.623 1.399 0.259 0.260 0.697 0.571 0.414 0.497 0.000 275761.1

Using stochastic design capacities considering random demands and allowable water
3.955 2.483 0.200 0.292 0.167 1.321 0.611 0.745 0.000 306846.2
Increase in the net revenues = 31085.1 (11.27 %)

Using stochastic design capacities considering random allowable water
3.497 2.159 0.259 0.309 1.310 1.079 0.414 0.524 0.000 303419.9
Increase in the net revenues = 27658.8 (10.03 %)
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Table 10. Design capacities(million m*®) for Two Types of Construction Cost
Coefficients (Deficit Level=50%)

Const. Cost Coeff., Type I Const. Cost Coeff., Type II’
Canal#/CV 0.00 0.25 0.50 0.75 1.00 000 025 050 075 1.00

1 1,749 2.623 3.454 3.497 3.497 1.749 2.133 2.496 2.773 3.053
2 0.693 1399 2.121 2.159 2.159 0.694 0.973 1.289 1.529 1.773
3 0.259 0.259 0.259 0.259 0.259 0.307 0.259 0.259 0.259 0.259
4 0.048 0.259 0312 0.309 0.309 0.259 0.259 0.289 0.328 0.344
5 0.297 0.698 1.274 1310 1310 0.038 0328 0.573 0.743 0,939
6 0.258 0.571 1.047 1.079 1.079 0.015 0.226 0.439 0.586 0.756
7 0.013 0.000 0.414 0.414 0.414 0.013 0.000 0.000 0.013 0.161
8 0.224 0.225 0497 0.524 0.524 0.013 0.196 0.381 0.497 0.497
9 0.000 0.271 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
venues(millio lars):
Using Deterministic Capacities:
2485 .2286 .2053 .1861 .1731 2315 .2104 .1867 .1683 .1544
Using Traditional Capacities:
2437 2422 2362 2292 .2242 .1814 .1797 .1728 .1670 .1607
Using Stochastic Capacities:

2485 .2452 2375 .2306  .2257 2315 .2169 .1984 .1855 .1756

Increase in revenues w.r.t Det. Design(10008):

- 16.61 32.29 44.54 52.61 - 644 11.66 17.26 21.20
% Increase

- 726 15773 23.94 30.40 - 3.06 6.24 1026 13.74

Increase in revenues w.r.t Trad. Design(1000%):

478 3.04 1.33 1.43 1.43 50.14 37.16 25.58 18.54 14.87
% Increase

196 125 056 0.62 0.64 27.60 20.68 14.81 11.11 9.25

* Const-Cost Coefficients Type II equal the coefficients of type I (Table 2), multiplied
by 10.
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ABSTRACT

Irrigation canal system design is a complex process which requires decisions to
be made at the present while considering an uncertain future. The two primary future
uncertain parameters are the amount of available water for irrigation and the price of
crops produced using the irrigated water. A two-stage stochastic optimization problem
was formulated and solved which accounts for these uncertainties. The uncertain
parameters appear in both the right hand side of the constraints and the second-stage
objective function so a general solution approach known as the L-shaped method was
used to solve the problem. The results show that the variabilities of crop selling prices
have a marked effect on the canal design capacities and the expected revenues under
certain conditions. The stochastic optimization analysis approach provides much better
revenues than the deterministic approach in cases of limited available water.
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INTRODUCTION

Canal capacities of the irrigation system have a great impact on future farm
revenues under different operational conditions. The allocation models, developed to
plan for the most economical way of distributing water to crops at different growth
stages, are all constrained by predefined canal capacities. It is of interest to determine
the best canal capacities during the initial design stage considering varying operational
schemes and conditions. A design process incorporating both present and future
conditions can result in considerable improvement in future benefits.

A major difficulty of this approach is the uncertainty of many parameters affecting
the future operation decisions. Crop demands, available water, water prices, and crop
selling prices at different periods are among the parameters which can not be predicted
with certainty. Historical data for these inputs can provide the best knowledge about the
type of probability distribution and the statistics that the parameters follow.

A two-stage stochastic optimization formulation with recourse can handle the
parameter uncertainties by using their distributions instead of their uncertain values, thus
providing, on the average, the most economical design. The construction cost for canals
will represent the first deterministic stage of this formulation, and the expected value of
all future outcomes of crop revenues will represent the second stochastic stage. In this
paper, the L-shaped method is used to solve the two-stage stochastic formulation and to

obtain the design capacities of a proposed irrigation system. The random parameters
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considered are the objective coefficients and the right hand side (RHS) of the second-
stage constraints. An approximating scheme in the random-generating procedure is
introduced to the L-shaped method to limit the size of the problem and its required

execution time,

BACKGROUND

The design capacity of the irrigation canals is traditionally determined from the
water requirement of an average unit area of the defined crop pattern at the maximum
demand month on a continuous flow basis. The water requirement is referred to as the
"water duty or water modulus”. The water duty from a single crop (Jensen 1981) is

expressed as:

I,*A (1)

e %
9= 536t

where I, is the net irrigation water requirement (mm/day), A is the area (ha), t is the
irrigation duration (hours/day), MAD is the management allowable deficiency factor,
selected for the crop, and 7 is the irrigation efficiency. Ozal (1969) proposed a synthetic
approach to define the maximum field delivery requirement which is used as a basis for

designing the canal. This requirement is based upon maximum crop requirements which

have been derived from extremely dry periods of low probabilities of occurrence and are
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of very short duration. The design in this case, although simply determined, usually

oversizes the canal for most periods and the related capital cost is typically high.

The previous method assumes that only a single canal source is available for each
field. If the fields can be irrigated from general different canals, a network analysis and
more formal optimization model are required. The problem formulation in this case will
be similar to other water resource planning problems. Many studies have determined the
optimal routes, sizes, and types of facilities to deliver defined amounts of water to users,
For example; Hall and Hammond (1965) and Gupta (1975) applied network analysis,
Buras and Schweig (1969) and Martin (1980) solved the problem using dynamic
programming, and Galinato, et al. (1977) and Brockway and Allen (1980) determined
optimal facilities capacities using a combination of branch and bound, dynamic
programming, and linear programming. Problems requiring the joint determination of
the optimal designs and deliveries have been examined by Hall (1961), Sathaye and Hall
(1976a, 1976b), and Fleming, et al. (1983); and Oran and Karmeli (1979). All of these
studies considered the water supplies, crop demands and other variables as deterministic.
Crop demand patterns and other operation schedules were also pre-specified.

Many allocation models have been developed to determine quantities of water
required for different crops of predetermined areas. The problem is of concern when
water supply may be limited. For example, Loftis and Stillwater (1986), Loftis and
Houghtalen (1987), and Akhand (1992) determined the optimal water allocations for

multi-crop models using various mathematical programming models. Since the solutions
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of these models are sought during the operation stage, parameter uncertainty is not of
concern.

When the problem seeks the joint determination of the optimal design and
deliveries, then the uncertainties of many parameters should be considered. Hydrologic
variables, hydraulic parameters, and management practices are sources of such
uncertainty. A few researchers have considered these uncertainties in designing the
system using different approaches. Most studies have focused on a single-canal system
with other components such as reservoirs and/or ground water wells, Smith (1972)
developed a chance-constraint programming formulation with different decision rules to
design a system with ground water wells, conveyance canal, and areas of developed land
as capacity variables. More recently, Afshar at al. (1991) formulated a chance-constraint
optimization model to design for a reservoir and a conveyance canal. The model
considered the interactions between design and operation parameters including reservoir
capacity, delivery system capacity, and hectares of land to be developed and planted with
different crops. Yakowitz (1994a), used a two-stage stochastic programming formulation
to determine the size of a small reservoir and one canal required for downstream
irrigation.  In this formulation, rainfall, inflow, and downstream demands were
considered as stochastic parameters.

Flynn and Marino (1987) developed a method for determining the optimal design
capacities and management strategies for water delivery systems in the presence of

probabilistic supplies and known transportation losses.
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Studies considering the design and operation however do not account for the
uncertainty of all potential random parameters in one optimal formulation. Most
considered uncertainties were in the right hand side of the model constraints; such as
crop demands, precipitation, and seasonal water supply. To our knowledge, no work has
considered the uncertain objective coefficients which are related to crop prices and/or

investment costs.

PRESENT APPROACH

To account for these uncertainties, a two-stage stochastic model with recourse was
developed. This formulation includes a first-stage set of decision variables to be made
at present and another set of second-stage variables which need to be made at future
based on the previously made first-stage decisions and on possible random observations.
In other words, the problem seeks a first-stage decision that accounts for future second-
stage variables which depend upon future conditions which are not yet known. A general

formulation of the problem can be represented as:

Min f(x) = cx + Eg[Q(x,®)] (2)
s.t. X € Xg RM (3)

where Q(x,®) =Mingy (4)
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s. t. Wy =@ - Tx (5)

The problem consists of the following components: [1] a first-stage objective
function, cx, with its nl associated first-stage decision variables, x, and m1 first-stage
constraints, [2] a second-stage objective function Q(x,q,h), with its second-stage solution
y of dimension n2, based on some observation (q,h) and subject to m2 second-stage
constraints.

The two-stage formulation has been recently used to obtain the required canal
capacities of an irrigation system (Elshorbagy et al., 1995b). It accounted for the
construction cost of canals during the present design construction stage and the net
revenues from crop yields during future operation stages. The uncertain parameters
which appear on the right hand side of the model constraints were considered using the
Regularized Stochastic Decomposition approach "RSD" (Yakowitz, 1994b). It was found
that while the uncertainty of crop water demands have minimal influence on the design
capacities, uncertainty in available water had a considerable effect on the design,
especially in the cases of high deficit levels.

The objective function coefficients of the previously formulated model include the
crop selling prices in future seasons. This research is an extension of the previous work
presented in Elshorbagy et al., (1995b), which examines the influence of the objective

function coefficients variabilities on the recommended canal capacities. If the crop
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selling prices were following normal distributions, one might believe that using their
expected values in the design is sufficient. This belief is related to the question of
whether optimization is optimistically biased (Bell, 1982, 1985; Itami, 1974; and Read,
1986). Recently, Hobbs (1989), showed that optimization can be biased when there are
variabilities in the objective function coefficients and even if these variabilities were
unbiased. He demonstrated that bias by applying Monte Carlo Simulations to two
realistic water resources optimization problems. The results assert the importance of
finding a design, which on the average of all possible realizations, would optimize the
problem.

Elshorbagy et. al, (1995a) have shown that the RSD algorithm can be theoretically
modified to consider random objective function coefficients. However, it may be
impractical to use the RSD algorithm in many situations. The algorithm approximates
the objective function at each iteration based on a finite set of the dual multipliers of the
subproblem. In many cases, the number of these multipliers grows indefinitely and the
approximation procedure becomes burdensome. Thus, the algorithm fails to converge
within reasonable time. This implies that another approach is needed to solve the
problem. The L-Shaped method of Van Slyke and Wets, first introduced in 1969, was
selected for investigation. As originally developed, the method can only handle
discretized distributions with a finite set of realizations. In this work, a finite sampling
was performed based on a continuous random variables then approximated to a

prescribed discretized distribution.
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The rest of this paper is organized as follows: after showing the model

formulation, a brief description of the L-Shaped method will follow, an application
system will then be described, and the influence of parameter variability on the design

will be evaluated.

Model Formulation

As noted earlier, irrigation system design can be formulated as a two-stage linear
stochastic programming problem with two stages or components in the objective function.
The first stage represents the canal construction cost which was assumed to be linear
function. The second stage is the negative of the net benefit of different crop yields from
future time periods. Two sets of constraints corresponding to the two stages are also
included. The first-stage constraints are simple bounds to maintain positive canal
capacities within a defined range. The second-stage constraints are divided into three
types; [1] crop-demand requirements; [2] canal-capacity limitations; and [3] water-

availability constraints. This formulation can be stated as:

nk nf

ne nx
Min ;: «,c, - E { E; [Py *Ay* Yy =Px, ¢y (NFX; %A %x,) 1)(6)
=1 knl j=1 I=1

Subject to:

First-stage Constraints
tag c,sCsC, (7)
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Second-stage Constraints
nx emassmanse
;NXF_“*XM 2 Die Vik (8)
=1
nx
f_: [(1.+conv. loss ratio) ™u x x.1 < ¢, Vi, k(9)
=l
nx
Y [(1.+ conv. loss ratio) ™™ x x,.1 < AW, V k(10)

1=1

where C, is the i-th canal capacity of nc canals; «; is a construction cost-capacity
coefficient; A; is the area of field j of NF fields; PY, is the commodity price per
harvested crop unit weight ($/unit weight); Y}, is the crop yield in field j harvested
during period k (unit weight/unit area); PX, is the cost of water during period k ($/unit
volume); x, is the Ith allocated water of NX allocations (unit depth); and NFX; is an
identifier flag defined as follows:

0 means that the allocation 1 is not connected to field j

1 means that the allocation 1is connected to field j

The crop yield (Y,) is determined using the FAO crop response function

(Doorenbos and Kassam, 1979).

IE, X
Y, =Ym, [1 - Ky [1———-—15—*;:NFX *x,, 11 (11)
Jk 'k Ik Emjk = 71 1k
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where Ymy, is the maximum yield of field j harvested during period k (Mg/ha); Ky is

the FAO yield response factor in fraction for field j; ETm, is the maximum evapo-
transpiration of field j during period k (mm); and IE, is the irrigation efficiency

(fraction) for field j during period k.

L-Shaped Method

The L-shaped method, presented by Van Slyke and Wets (1969), was motivated
by cutting plane methods for deterministic problems. Since then, the method has been
used as a basis for many algorithms for determining the solution of large scale stochastic
linear programming problems. This section describes a version of the algorithm applied
to the two-stage stochastic problem. The algorithm limitations will be discussed along
with other modifications made to make the algorithm applicable to the problem of
interest.

Most literature about the L-Shaped method has primarily focused on the case
when the right hand side (RHS) of the second-stage constraints, w, is random and the
objective function coefficients, q, are deterministic. This case allows for many
modifications and enhancements of the algorithm by finding efficient ways for solving
the set of linear programs of the second stage with variable RHS. By duality, however,
the analysis is also applicable to the case when only q is random and h, and/or T, are
deterministic. The algorithm is described for this condition and then extended to the case

of both random q and RHS.
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Since the dual multipliers are needed in the solution, the two-stage stochastic

formulation (equations 1-5) can be written in its dual form as:

Q(x,q) = Max n (h-Tx) (12)

s.t. nel={xn:aw=sgq) (13)

The problem is assumed to satisfy the complete recourse property (Ermoliev
1980) that is, for every feasible x, the second-stage problem Q(x,q) is feasible and
bounded. The method also requires discretized distributions of the random parameters
so that the number of possible outcomes of the second stage is finite and the probability
of each outcome is known. However, the algorithm explained herein, will approximate
the continuous distributions to discretized ones and assume the sample size will be finite,
but large enough to cover most possible outcomes. This approximation eliminates the
need for estimating the probability of occurrence of each realization. The probability of
each realization (not necessarily distinct) equals 1/L, where L is the selected sample size.
After starting with appropriate initial x, the algorithm can be summarized in the
following steps:
[1] For the given x, solve the second stage linear problem for all possible realizations
and obtain their dual multipliers.
[2] Formulate a linear approximation (support) of the total objective function at the

current x using the form:
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fk(xk) =0, + (C+ak)xk (14)

where, k is an index of the current iteration; and o, and S, are coefficients computed

from the equations:

1 L

ak = E E-l ﬂl h (15)
1 L

By = - ;_1: %, T (1e)

and =, is the dual multiplier of the 1-th realization of the second stage obtained in step

[1], and L is the number of these realizations or the sample size.

[3] Add the support formulated in step 2 to a master program with the form:

Min{ v (d,) : (x+d)e X} (17)

subject to:

vi(dy) =max { £, (x,+d,)} V tell, ¥ (18)

where X is the feasible set of the first-set variables x, and fi(x,+d) is a support
developed at iteration t and considered at a point displaced by d; from the current x,.

[4] Solve the master program of [3] to get a new displacement (d,) and new Xy, =X +d,
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then go to step [1].
Steps [1] to [4] are repeated until d, equals zero and the final optimal solution is
obtained.

The same algorithm is appropriate when both q and the RHS are uncertain. Other
than considering the random h in step 2, all of the steps remain the same. However,
convexity of the problem in this case can not be assured so that the algorithm may not
converge to the global optimal.

In summary, the algorithm solves a master program at each iteration k to get a
displacement d, then moves to a new x,.;. One constraint (cut) which approximates the
function at the current solution is developed using the dual multipliers of all possible
realizations and added to the master program. So, the number of constraints of the

master program at any iteration equals to the number of these iterations.

APPLICATION SYSTEM

An irrigation canal system with 9 canals, 6 fields, and one source of water
connected to the first canal is considered as a demonstration system. The future time
horizon consists of two 6-month growing seasons. Figure 1 shows the outline of a
symmetrical branch system of canals and the crops grown in each field during the two
periods. One crop pattern through the year includes cotton, grape, and maize during the

first growing period of May through October followed by wheat and barley during the
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second growing period of November to April. Table 1 lists relevant crop data.

Demands data, ET,,, for cotton, grape, wheat, and barley were obtained from irrigation
scheduling records and weather data of Maricopa County Agricultural Center (Akhand,
1992). Data for maize were obtained from the FAOQ irrigation and Drainage paper 33
(Doorenbos and Kassam (1979)). To simplify the analysis process, the planting dates of
one crop grown in different fields were assumed to be the same.

The canal capacities are expected to be small so that linear construction cost
functions cover the range of concern and are acceptable. The cost coefficients listed,
listed in Table 2, were chosen to reflect their dependence on the length of each canal and

the excavation cost based on the site topography and other design considerations.

VARIABILITY ANALYSIS

The total amount of water required by the system during each period was obtained
by solving a deterministic optimization problem using the mean values of all parameters
involved in the design. Available water was assigned a large value so that it does not
limit farm operations. Under these conditions. the amount of water used by the crops
was 3.497 and 3.238 million m?® for the first and second periods, respectively. Using
these values as the available water on the right hand side of the model constraints means
that the system does not suffer any shortage of water or the deficit level is said to be

zero. Deterministic designs of the system for different levels of deficit (Table 3), were
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obtained using GAMS, the General Algebraic Modeling System (Brooke et al., 1988).

The deficit level is defined as the percentage of available water below the zero deficit
level.

Uncertainty in the objective coefficients was first considered independently. Then
an analysis considering variability in the objective coefficients and the available water in
the right hand side (RHS) of the model constraints was completed. All solutions for the
stochastic design were obtained using the L-shaped implemented in a fortran program and

on a SPARC-station LX computer.

Stochastic Objective Coefficients

The objective coefficients, which contain the crops selling prices, were considered
to be described by normal statistical distributions with different coefficients of variation
(CV). According to the current formulation of the problem (six crops and two periods),
twelve independent random coefficients represent one realization. Three values were
prescribed for each random coefficient. Each coefficient was randomly generated based
on a continuous distribution then approximated to the nearest value of the three
discretized values. As suggested earlier, a large sample of LPs is required to be solved
during each iteration of the L-Shaped algorithm to cover all possible outcomes of the
second stochastic stage. If one tried to consider all possible outcomes of the problem
based on the discretized distribution, the number of these outcomes would be huge

(3'2=531441 outcomes). However, it was found that a finite sample with reasonable size
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was sufficient in most situations for the current irrigation system analysis. This condition
was reached after observing the solutions using different sample sizes (i.e, 1000, 4000,
10000, and 20000). The solutions were the same in all cases. Therefore, a sample size
of 4000 was used for all runs.

At the zero deficit level, the design capacities of the canals were identical for
different coefficients of variations. They were also the same capacities obtained from
deterministic design with objective coefficients fixed at their mean values. Thus, the
variability of objective coefficients has no influence on the solution in the case of zero
deficit level.

The available water was then lowered to 25% and 50% deficit levels and the
problem was solved for different coefficients of variation (CV=0.25, 0.50, 0.75, and
1.0). Table 4 lists these solutions at the two deficit levels and the computer execution
times for each case. The results show that recommended capacities changed considerably
from one CV to another. The resulting solution using stochastic optimization was
compared with the deterministic canal design to compute the percentage increase in
revenues. The expected return from the stochastic design was directly obtained from the
L-shaped solution considering the selected sample size (L=4000). In case of
deterministic design, this return was computed using a Monte-Carlo analysis with the
same sample size and CV for the objective function coefficients. The increase in net
revenues was computed as a percentage of the revenues from the deterministic design.

This percentage increase is plotted against CV at each deficit level in Figure 2. The
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graph shows a concave relationship between the percentage increase in revenues and CV
with significant increase values especially with the 50% deficit level case. This

relationship also shows the design’s sensitivity to net crop selling prices.

Stochastic objective and RHS coefficients

Since selling price is not the only uncertain parameter, the available water which
appears at the RHS of the model constraints (Eq. 9) was treated as random parameter in
addition to the random objective coefficients. It was assumed that the available water
followed a normal distribution. As in the case of only stochastic objective coefficients,
the parameter variability at the zero deficit level had no effect on the recommended canal
capacities. This conclusion was consistent for all magnitudes of the CV.

In the case of 25% deficit levels, design capacities were different from the
deterministic design (Table 5). However, for CV > = 0.50, the capacities did not
change and the system design was identical to zero deficit level case. Figure 3 shows
the percentage increase in net revenues for different CV’s and deficit levels. For the
25% deficit level, the increase in net revenues increased with CV until it reached a
maximum value of 9.8% at CV=0.50. This concave trend agrees with the previous
observation that the stochastic design reached the best values of design capacities at
CV=0.50. The decrease in percentage increase in revenues at higher CV is attributed
to the increase of high level of variability (CV). Similar results and behavior can be

observed for the 50% deficit level.
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As noted earlier, stochasticity in both the objective and RHS may result in a non-
convex problem and in non-global optimal solutions. Therefore, several model runs were
executed using different initial points. The results were the same for all selected starting
points which indicates that the solutions obtained in this case might be global optimal

solutions.

SUMMARY AND CONCLUSION

An optimal formulation, developed to size irrigation canal systems, has many
uncertain parameters in the objective function as well as the RHS of the second stage.
The uncertainty of parameters in the objective coefficients were considered in this
research independently and with other uncertain parameters in the RHS as well. The L-
Shaped method along with an approximated sampling procedure were used in solving the
stochastic problem. The model was successfully applied to the application problem with
reasonable execution times.

The design capacities were developed for a set of available water levels. At the
zero deficit level, the stochastic optimization results were identical with a deterministic
solution. However, as the deficit level increases (less available water), the design
capacities and the resulting returns were markedly different between the stochastic and
deterministic designs. The difference was more significant when the joint variability in

the objective and constraints was considered. These results demonstrate the need for
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better incorporation of uncertainty in the design process.

FURTHER RESEARCH

Realistic design of larger irrigation systems may include more uncertain
parameters. The bigger model increases the solution times of the L-Shaped model to
account for the many possible realizations. Stratified sampling approaches that seek to
generate highly representative specific outcomes can potentially alleviate this crippling
problem. Latin hypercube method (Mckay 1988) has a variance reduction property of
the model output which results in less samples. The point estimation (PE) method
(Rosenbleuth 1981) results in a discretized probability masses concentrated at two points
when the first three moments of the original distributions are maintained. For n random
parameters, Harr (1989) proposed a modification to reduce the number of model runs
from 2° to 2n. These methods and others may be used with the L-Shaped method to

design larger systems. Other stochastic algorithms should also be investigated.
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Table 1. Crop Data

Crop Cotton  Grapes Maize Wheat Barely

Planting Date May 1 Feb. 1 June 1 Nov. 1 Nov. 10
Growing Season May 1- May 1- Jun 1- Nov 1- Nov 10-

Nov. 1 Aug 15 Oct. 1 May 1 May 1
Seasonal Cons. Use  1200.0 900.0 750.0 950.0 750.0

(mm)
Maximum Yield 1.81 3.34 8.00 6.00 6.50
(tons/ha)
Efficiency 60.0 80.0 65.0 60.0 60.0
K, 0.85 0.85 1.25 1.00 0.90
Maximum ET 900.0 700.0 600.0 700.0 500.0
(mm)
Yield Price 1277.0 672.0 135.0 143.0 121.0
($/ton)

Table 2. Capacity-Construction Cost Coefficients of Canals

Canal Number 1 2 3 4 5 6 7 8 9
Capacity-cost Coef. 0.70 0.70 0.30 0.30 0.50 0.50 0.30 0.30 0.80
($/flow capacity)

Table 4. Canal Capacities Using Detreminstic Optimal Design

CANAL 1 2 3 4 5 6 7 8 9

Zero deficit  3.497 2.159 0.259 0.309 1.310 1.079 0.414 0.524 0.000
25 % deficit 2.623 1.399 0.259 0.260 0.697 0.571 0.414 0.497 0.000
50 % deficit 1.749 0.693 0.259 0.048 0.297 0.258 0.013 0.224 0.000




Table 4. Canal Capacities (million m®) using Stochastic
Design. Case of Stochasic objective coefficients

Reach/ACV  0.00

1 2623.00
2 1398.83
3 258.75
4 260.11
5 697.44
6 571.31
7 414.00
8 496.80
9 0.00

No of iterations

Time (hrs)

F, (at X)

F (at X)

F-F,

% Increase

Reach#\CV 0.00

1 1749.00
2 693.85
3 258.75
4 47.78
5 296.74
6 258.04
7 12.69
8 224.40
9 0.00

No of iterations

Time (hrs)

F, (at X))

F(at X)

F-F,

% Increase

0.25

2623.00
1398.85
0.00
0.00
1216.32

55

4.69
-314229.3
-315302.9
1073.5
0.342

DEFICIT LEVEL = 25%
0.50

2623.00
1861.34
0.00
129.66
1488.84
1069.68
414.00
524.40
0.00

(i

6.10
-291629.7
-296654.6
5024.8

1,723

DEFICIT LEVEL = 50%

0.25

0.50

1749.00
1174.48
0.00
0.00
1021.24
864.13
414.00
524.40
0.00

37

2,17
-212965.6
-232330.6
19364.9
9.093

0.75

2623.00
2101.71
208.99
258.74
1359.76
1079.16
414.00
524.00
0.00

59

4.22
-272598.5
-283870.5
11272.0
4.135

1.00

2623.00
2158.93
258.75
308.50
1310.00
1079.16
414.00

120
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Table 5. Canal Capacities (million m®) using Stochastic Design. Case of Stochastic

Reach\CV 0.00

1 2623.00
2 1398.83
3 258.75
4 260.11
5 697.44
6 571.31
7 414.00
8 496.80
9 0.00

No of itcrations

Time (hrs)

F, (at X)

F (at X)

F.F,

% Increaso

ReachiA\CV 0.00

1 1749.00
2 693.85
3 258.75
4 47.78
5 296.74
6 258.04
7 12.69
8 224.40
9 0.00

No of iterations

Time (hrs)

F, (at X))

F@X)

F-F,

% Increase

Objective Coefficients and RHS

DEFICIT LEVEL = 25%

0.25

3279.00
1969.25
249.05
249.05
1214.42
1047 41
414.00
524.40
0.00

58

4.59
-305511.3
-331176.6
25665.3
8.401

DEFICIT LEVEL = 50%

0.25

0.50

3497.16
2158.94
258.75
308.50
1310.00
1079.16
414.00
524.40
0.00

40

2.75
-276110.3
-303253.4
27143.8
9.831

0.50

2.59
-249753.1
-271747.4

21994.3
8.806

0.75

3061.00
2158.93
258.75
308.50
1310.00
1079.16
414.00
524.00
0.00

48

2.89
-180754.4
-244384.0
63629.7
35.202

1.00

3497.16
2158.93
258.75
308.50
1310.00
1079.16
414.00
524.40
0.00

82
2.70
-211242.8
-227543.6
16300.8
7717

1.96
-167147.0
-230576.1
63429.1
37.948
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Source

Figure 1. System of Irrigation Canals
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Appendix D
CEP1 Test Problem
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CEP1 TEST PROBLEM

This test problem was initially solved to verify the coded algorithm and to check
the solution of the modified algorithm in case of stochastic objective coefficients. The
problem was investigated in Yakowitz, 1991 for the case of random right hand side
(RHS). This section describes the problem and presents the solutions obtained for

different forms of randomness.

Problem Description

The CEP1 problem is a capacity expansion planning problem for a manufacturing
plant that produces several parts of several types on several machines, If there are n
types of machines, each has original capacity of z (j=1 to n), then the objective is to
determine the expanded capacity of each type so that the cost of new capacity and the
expected cost of weekly labor plus tooling is a minimum. The problem variables,
formulation, and data are defined below.
Let, m= number of different part types,

n= number of different machines.
and for j=1,...,nand i=1,...,m let:

x;= the number of hours of new capacity of type j,

¢;= the cost of new capacity of type j,

a;= rate (parts per hours) of producing part i on machine j,
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g;= cost(labor plus tooling) of producing part i on machine j,
h;= number of hours machine j is currently available each week,
U;= total usage of machine j allowed each week,

z;= hours of operation of machine j each week,

t;= hours of maintenance for every hours for all machines,

T= total maintenance hours for all machines,

;= weekly demand for part i,

s;= number excess parts of type i obtained from subcontractor,
pi= price of subcontracting for part i, p;> >g;.

The problem in the two-stage formulation is:
n —
Min) c;x; + E[Q(2,®)]
1
Snt- —Xj +Zj Shj j=1,.--,n

n
; ey%; 8 T
=1

Oszstj

where

m n m

Q(x,w) = Min EZ q;iYi; * Zpisj_

i=1 j=1 i=1



n

s.t. ; a vy + 8= 0
m
Z;yij 2z j=1,...
Yyyz0, 8,20
The data used for the problem were:
n=4
m=3
T=100
G = (2.5,3.75,5.0,3.0)
t, = (0.08,0.04,0.03,0.01)
h; = (500,500,500,500)
u; = (2000,2000,3000,3000)
p; = (400,400,400)
r 1
|o.6 0.6 0.9 0.8]
(ag) = |0.120 0.9 0.6 0.8
|o.os 0.2 0.5 .8|
J

127



128

r 1
|2.6 3.4 3.4 2.5]
(gl = |1.5 2.3 2.0 3.6
|4.0 3.8 3.5 3.2
L J

To verify the problem solutions from the present progran,
discretized distributions were considered for all random
parameters so that the L-shaped method could be used to

provide reliable solutions.

Stochastic RHS

The problem was first solved considering randomness in
the right hand side of the second-stage constraints.
w(i=1,2,3) were assigned uniform independent distributions,
with all outcomes are equally 1likely such that, €
{0,600,1200,1800,2400,3000}. The solution was exactly the
same as the one previously obtained (Yakowitz, 1994), and both
were verified by the one obtained from the L-shaped method.

The solution in this case was:

X(1) = 0.000 X(5) = 0.000
X(2) = 0.000 X(6) = 0.000
X(3) = 1833.333 X(7) = 2333.333
X(4) = 2500.000 X(8) = 3000.000

Stochastic Objective

The modified algorithm to handle stochastic objective

coefficients, q, was then applied to the problen. Even
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though, normal termination was not reached in all tested
cases, the solutions of this problem, in many cases, were
stabilized after a reasonable number of iterations. These
solutions were compared with ones obtained from the L-shaped
method. Having all objective coeffiecients (the matrix q;),
as discretized uniform distributions, the solutions obtained
from both the modified RSD algorithm and the L-shaped

algorithm were identical to the deterministic solution given

by:
X(1) = 0.000 X(5) = 0.000
X(2) = 0.000 X(6) = 500.000
X(3) = 1166.667 X(7) = 1666.667
X(4) = 2500.000 X(8) = 3000.000

To verify the algorithm when the expected solution is
different from the deterministic one, another setting of the
problem was required. The subcontracting prices p;,, i=1,3 were
lowered from 400 to 10 and considered random with three
discretized values assigned to each one, such that; p;, €
{5,10,15}.

The modified RSD provided a stable solution after about
490 iterations with 2zero step movements and 339 dual
multipliers of the subproblem. The program was stopped after
630 iterations with the same solution and 404 multipliers.
The problem was then solved using the L-shaped method and a

very close solution was obtained as shown below:
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Modified RSD Soln L-shaped Soln Deterministic Soln

X(1) 0.00 0.00 0.00
X(2) 0.00 0.00 875.00
X(3) 0.00 0.00 0.00
X(4) 2314.82 2312.50 2500.00
X(5) 460.65 460.94 0.00
X(6) 500.00 500.00 1375.00
X(7) 500.00 500.00 500.00
X(8) 2814.82 2812.50 3000.00

As mentioned before, the problem of increasing number of
multipliers as the iterations progress did not allow for
normal termination of the program based on the proposed
termination criteria. Some of the procedures that were
implemented in the algorithm as a trial to resolve this

problem are listed below:

(1] Primal solutions of the subproblem were developed to be
used in constructing the cut coefficients rather than
solutions of the dual problem. However, the number of
primal solutions were also growing infinitely with the
iterations problen.

(2] The multipliers close to each other were lumped in one
approximate multiplier wusing a larger tolerance
parameters in the test which decides wheather the new
multipliers already exists on the set V. Very large
tolerances, although providing fewer multipliers,

resulted in violating the subproblem feasibility



(3]

(4]

(51
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constraints so that erroneous cut coefficients were
developed and other conditions of the algorithm were, in
turn, violated.

Another trial termination criterion was to discard the
first termination criterion and to terminate the
algorithm if the other two criteria are satisfied while
the incumbent solution remained constant for a certain
number of iterations. The termination of the algorithm
is justified by the fact that the newly found multipliers
do not affect the 1last solution. This approach was
successful only in special cases of very few variables
and random parameters and only after a large number of
iterations and long execution time. So, this criterion
was not acceptable for other situations of more variables
and random parameters.

A variable weight on the quadratic term of the master
program was incorporated as another alternative solution.
This weight was expected to increase the step movements
in the early stages of the algorithm then limit these
movements as the iterations pregressed. Several schemes
for setting the variable weight did not result in any
enhancement.,

Finally a different sorting subroutine was used in the

program to sort the set of multipliers at each iteration.
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Its objective was to skip any unwanted procedures during
the sorting process so that a faster movement toward the
optimal solution can be acheived. This subroutine,
although efficient, did not result in any significant

change in the algorithm’s progress to solution.




Appendix E
USER GUIDES FOR THE COMPUTER PROGRAMS
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General
This appendix describes the computer codes used in this
research and explains the input files required by each code.
The first three programs; RSDRHSL, RSDRHSNL, and RE8DOBJ,
are the coded RSD algorithm in the cases of, random RHS and
linear first objective function, random RHS and nonlinear
first objective function, and random objective coefficients
and linear first objective function, respectively. The main
components of these three programs are identical. These

components are briefly explained below:

Main Program: The main program does the following operations:

* Open all input and output files.

* Read all input parameters related to the RSD
operations, and input data related to the solved
problem.

* Implement most operations of the RSD algorithm, such
as: [1] setting up the random realizations, [2]
coordinating between different routines, [3] defining
the set J,, [4] updating the old cuts, [5] performing
the re-estimation test, [6] performing the new
incumbent test, and [7] checking up the termination
criteria.

* Writing the results at each iteration as well as final

report when the final solution is reached.
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From the Main Program, the following subroutines are

called :

SBUBROUTINE RANDOM (M2,IDUM,OMEG) for random generation. M2 is
the dimension of the random realization, IDUM is the seed
required by the random sampler, and OMEG is the vector of
random realization. RANDOM samples each item of the random
vector, OMEG, according to the specified type of probability
distribution by calling the required corresponding routine.
The current version of the program employs two routines, RN3,
and GASDEV (Press et al., 1986) for the Uniform and Normal
distributions. Routines for other distributions can be easily

incorporated when needed.

8S8UBROUTINE LNPROG (M2 ,N2 ,ML1,ML2 ,ML3,BT, ICASE, OBJ, P1) for
solving the linear programming subproblem. M2 and n2 are the
number of constraints and variables of the second stage
subproblem. ML1, ML2, and ML3 are the numbers of <, 2, and =
constraints, respectively. BT is the RHS of the subproblem
constraints. ICASE, is an output flag whose value of zero
means that an optimal solution was found, and -1 value means
that the problem is wunbounded. OBJ is the value of the
optimal objective function, and PI is the vector of the
subproblem dual multipliers. The subroutine employs the
SIMPLX routine (Press et al., 1986) to solve for the optimal

primal solution, wusing the simplex method. Other
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modifications were incorporated to solve for the dual
multipliers using the relationship between the primal and dual
solution. The organization matrix, A, and the primal
solution, ¥, are both transferred to and from the main code

using a common statement.

S8UBROUTINE VEXTEN(K,NV,OMEG,PI,ALPHACC,BETACC,V,OMEGA)
To update the set of vertices, V,, and to compute the

linear coefficients; a, and 8, for the current cut.

SUBROUTINE GRGSETUP(K,NT,NFUN, BLVAR,BUVAR, BLCON, BUCON,D,NBIND)

To setup the nonlinear master problem for being solved
using GRG2 model (LASDON, 1983). The model uses general
reqgularized gradient concept in solving the nonlinear
programming problems. Among the many subroutines comprising
the model is a routine named, GCOMP. The first objective
constraints need to be defined in this routine for any new
problem. In case of solving problems with nonlinear first
objective function (RSDRHSNL code), this function should also
be added to the variable G(LCL) by the end of the routine.
The gradients of the first stage constraints and objective
function should be defined in the subroutine PARSH if
analytical gradients are used (specified in GRGSETUP
subroutine). However, few problems were encountered using

this routine, so that numerical gradients were sought and
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PARSH routine was not used. In some problem configurations,
computational problems in the general nonlinear solution were
faced so that an optimal solution was not reached. So a
separate file for the GRG2 outputs was specified by the RSD
programs at each iteration to check the reached solution. It
is worthy to mention that the Successive Quadratic
Programming, SQP model (LASDON, 1993), was used at some stage
of this research to solve the nonlinear master problem. The
unresolved problems faced with some problems configurations
resulted in switching to GRG2.

The three versions of the RSD algorithm requires an
identical input file to define the parameters required by the
RSD algorithm and other subroutines. Another data file
associated with the solved problem is required by each
program.

Next, the contents and layout of the Parameter file is
first described, then the format of the data input file for
each program is presented. The method, used to describe the
input files, is to first write (in bold) the fortran reading
statements, then the variables listed in this statement will
be explained. By the end, the format of each reading

statement is defined.

PARAMETER FILE (Required by RSDRHSL, RSDRHSNL, and RSDOBJ)
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Read(12,*) EPSL,EPSV,NR
EPSL: A tolerance level used in the convergence test of
the LP solver (ranges between 10* for small problems to
102 for large problens.
EPSV: A tolerance level used in Subroutine VEXTEN to
check whether the last founded multiplier should be added
to Vk-l .
NR: Number of iterations for RR (the variable weight of
the quadratic term) to equal RR1 (defined below)

Read(12,%) RR1l,RR2,RR3
RR1: The value of RR during the first NR iterations.
RR2: The value of RR during the next 0.5*NR iterations.
RR3: The value of RR after 1.5*NR iterations.

Note: NR, RR1l, RR2, and RR3 can be set at 0, 0.5, 0.5, and 0.5
to produce the regular RSD with constant weight (0.5) on the
quadratic term of the master program.

Read (12,%) FOBO,UU,LRET
FOB0O: Value of the objective function at initial
solution, x, and b,.
UU: Parameter used in the new-incumbent test, 0-1 and
0.25 recommended.
LRET: An integer used in the re-estimation test. Low
values will results in more frequent re-estimation.

Read (12,%) IDUM,LVPRT,LSER
IDUM: The seed used in the random generation, must be
negative integer.
LVPRT: A flag defines the level of printing in the output
file; 0 means only final report is printed, 1 means few
results at each iteration are printed, and 2 means most
computations are printed at each iteration (including
the values of cuts, and their coefficients).
LSER: A flag whose value of one have the program print
the objective results as series versus iterations in a
separate file. Nothing is printed using any other
value.

Read(12,%) KP
KP: An integer used in the first termination criterion
(Cardinality of V). A minimum value of 50 is
required for adequate results at termination.

Read (12, %) U1,U2,DELK
Ul,U2: Parameters used in defining the set k°*, where

U2<U1<1.
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DELK: Initial §,, should be sufficiently large.

Read(12,*) FAMDA2,ETAK,EPS82
FAMDA2, ETAK, and EPS2 are used in the second termination
criterion to check the objective function stability.
FAMDA2: 0-1.0
ETAK: A parameter Close to FOBO
EPS2: Reasonably small number.

Read (12,*%) FAMDA3,SEGK,EPS3
FAMDA3, SEGK, and EPS3 are used in the third termination
criterion to check the stability of the step movement, D.
FAMDA3: 0-1.0
SEGK: A parameter close to the expected initial D.
EPS3: Very Small number.

DATA File for RSDRHSL.FOR

Read (14, %) NPTYP,NPER,NUNDC
NPTYP: A flag defines the solved problem if the first
stage constraints are defined in GCOMP subroutine for
more than one problen.

NPER: Number of periods of the irrigation problem or
cycles of similar constraints in any other problem.
NUNDC: Number of < 2nd-stage constraints.

* Note, NPER and NUNDC are required if the initial solution
need to be solved using the linear solver of the model.

Read (14,%) M1,N1,M2,N2
M1l: The first-stage number of constraints
N1l: The first-stage number of variables
M2: The second-stage number of constraints
N2: The second-stage number of variables

Read (14,%) ML1,ML21,ML3

Read (14, %)
ML1l: The number of < constraints of the end-stage
constraints
ML2: The number of 2> constraints of the 2nd-stage
constraints
ML3: The number of
constraints

il

constraints of the 2nd-stage

Read(14,70) (C(I),I=1,N1)
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C: The first-stage objective linear coefficients

Read(14,66) {(CP(I),I=1,N1)
CP: The first-stage objective nonlinear power
coefficients. They are always one for the present

version.

Read(14,66) (BLVARO(I),I=1,N1)

Read{14,67) (BUVARO(I),I=1,N1)
BUVARO, BUVARO: Lower and Upper bounds of the first-stage
decisions.

Read(14,70) (XXX(I),I=1,N1)
Read(14,%)
XXX: The first-stage solution at the given b.

Read (14,70) (OMEG(I),I=1,M2)
Read(14,%)
OMEG: The initial random realization at k=0

IF(M1#0) THEN

Read(14,%) (BLCON(I),I=1,M1)

Read(14,66) (BUCON(I),I=1,M1)

Read (14,%)
BLCON,BUCON:Lower and Upper bounds of first-order
constraints.

Read (14,70) (Q(I),I=1,N2)
Read (14, %)
Q: The second-stage objective coefficients.

Do I=1,M2

Read{(14,68) (T(I,J),J=1,N1)

Continue

Read(14,%)
T: The first-stage decisions matrix present in the RHS of
the second-stage constraints.

Do I=1,M2

Read (14,6066) (W(I,J),Jd=1,N2)

Continue

Read (14, %)
W: The organization matrix of the second-stage
constraints.

Read (14,69) (MDIST(I),I=1,M2)
MDIST: A flag defines the type of distribution of each
component in the random realization, OMEG.
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***Read the Random Realization Description of M2 componentg*#*
Do I=1,M2
“DETERMINISTIC"
IP(MDIST(IX) .EQ.0) THEN
READ (14 ,%)OMEG(I)
OMEG: The deterministic value of the current component.

WCONTINUOUS UNIFORM"
IF(MDIST(I).EQ.1)THEN
READ(14,%) (FDS(X,J),J=1,2)
FDS(I,1) ,FDS(I,2): The highest and lowest values.

“DISCRETIZED UNIFORM'"
IF(MDIST(I).EQ.2)THEN
READ(14,%)NDS(I)
READ (14, %) (FDS(I,J),J=1,NDS(I))
NDS: The number of discretized points FDS(,1) ,FDS(,2):
The highest and lowest values.

WCONTINUOUS NORMAL'"
IF (MDIST(X) .EQ.3)THEM
READ (14, %) FMEAN(I) ,FSTD(I)
FMEAN,FSTD: Mean and standard deviation of the
distribution.

“DISCRETIZED NORMAL'"
READ(14,%)NDB(I)
READ(14,%) (FDS(I,J),J=1,ND8(I))
READ(14,%) FMEAN(I) ,FSTD(I)
NDS: The number of discretized points.
FDS(,Jj): The discretized points.
FMEAN,FSTD: Mean and standard deviation of the
distribution.

CONTINUE
e dede o e o o oo o o e o ok o ok ok ek o ok ok ok ok e ke o ook e ok s ok ok ok ook e e o o A e e e e e

READ(14,%)

Where the previous formats are defined as follow:
66 FORMAT (23F8.2)

67 FORMAT (23F8.1)

68 FORMAT (23F5.1)

69 FORMAT (2513)

70 FORMAT(23F8.3)

71 FORMAT (23F8.4)

6066 FORMAT (23F8.2)
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INPUT FILE FOR RSDRHSNL.FOR

The input file is identical to the one of RSDRHSL, except
the following changes:

* CP in this case is different than one.

* The first-stage nonlinear objective function must be
defined in the Subroutine, GCOMP, of the GRG2 model.

* The initial point, X, in this case must be obtained
using a nonlinear external solver.

INPUT File for RSDOBJ.FOR

The input file is identical to the one of RSDRHSL, except
the following changes:

* Replace READ(14,70) (OMEGA(X),X=1,M2) with
READ(14,70) (OMEGA(I),XI=1,N2).

* Replace READ(14,70) (Q(I),I=1,N2) with
READ(14,70) (H(I),I=1,M2).

* Replace READ(14,70) {MDIBT(I),XI=1,M2) with
READ(14,70) (MDIST(I),XI=1,N2).

LSHAPOBJ.FOR

This program solves any two-stage linear problem with
stochastic objective coefficients. A linear master program is
developed at each iteration of the program and solved using
the linear solver. The quadratic term is omitted here for
faster movement of the algorithm. Since the program usually
moves after the initial point to the nearest boundary, careful

selection of this point along with the bounds markedly affects
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the time and number of iterations required by the algorithm to

reach an optimal solution.

One input file is required for this program. Definitions

are provided only for the new variables.

Read(i14,%) EPBSL,IDUM,NKT,RIX
NKT : Number of subproblems considered at each x.
RI : A ratio of the initial solution. Little less than

one (0.999)
Read (i4,*%*) NPTYP,NPER,NUNDC
Read(14,%) M1,N1,M2,N2

Read(l14,%) ML1,ML21,ML3
Roead(14,%)

Read(14,70) (C(I),XI=i,N1l)
Read (14,66) (CP(I),I=1,NMN1)

Read (14,66) (BLVARO(I),I=1,N1)
Read (14,67) (BUVARO(I),I=1,N1)

Read(14,70) (XXX(I),I=1,N1)
Road(l14,%)

Read (14,70) (OMEG(I),I=1,N2)
Read (14, %)

IF(M1>0) THEN

Read (14,%) (BLCON(I),IXI=1,M1)
Read (14,66) (BUCON(I),I=1,M1)
Read (14, %)

Read (14,70) (H(I),I=1i,M2)
Read (14,%)

Do I=1,M2

Read(14,68) (T(I,J),J=1,N1)
Continue

Read (14,%)
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Do I=1,M2

Read(14,6066) {wW2(I,J),J=1,N2)

Continue

Read (14, %)
W2: The organization matrix of +the second-stage
constraints.

Read (14, %)NRV
NRV: Number of independent random variables

***Read the Random Realigation Description of NRV components**
Do I=1,NRV
READ (14, %)
READ(14,%)NLS(I)

READ (ILS(I,JK),JK=1,NLS(I))
READ (14, %) MDIST(X)

"DETERMINISTIC"
IF (MDIBT(I) .EQ.O0) THEN
READ (14, %) OMEGV (I)
OMEGv: The deterministic value of the current component
of the independent random realization.

BCONTINUOUS UNIFORM®
IF (MDIST(I).EQ.1)THEN
READ(14,%) (FDS(X,J),J=1,2)

“WDISCRETIZED UNIFORM"
IF (MDIST(I).EQ.2) THEN
READ (14, #) NDS (I)
READ(14, %) (FDS(X,J) ,J=1,NDS(I))

"CONTINUOUS NORMAL"
IF(MDIST(I) .EQ.3) THEN
READ (14, %) FMEAN(I) ,FSTD(I)

“DISCRETIZED NORMAL"
READ (14, *)NDS(I)
READ(14,#) (FDS(I,J),J=1,NDS(I))
READ (14, %) FMEAN(I) ,FS8TD(I)
CONTINUE
HRERARREEERRRRERRERR AR ARAAERAARARNREARRRARRARRER AN AN AR A AR ARk k

READ (14, %)

READ (14, %) MML.1, MML2 , MML3 , ICST
MML1,MML2,MML3: Number of £,2,= first-stage constraints.
ICST : A scaling factor used to adjust the cut value.
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READ (14, %)

READ(14,%) (BT1(I),I=1,M1)
BT1l: The RHS of the first-stage constraints.

READ(14,*)

DO I=1,M1

READ(14,%) (W1(I,J) ,J=1,N1)

W1(,J) The organization matrix of the first-stage
constraints.

CONTINUE

*%* Some changes in the method of reading the independent
random realization and its adjustment to the entire
realization should be made in the code according to the

conditions of each problem.

LSHAPBTH.FOR

This program considers random parameters on the RHS along
with the objective coefficients. This version was made to
consider random available water of the irrigation problenm
where the number of these variables and their positions are
known. The same input file like the one with LSHAPOBJ is
required. The only change is found in the loop that follows
reading the NRV. This loop is changed here to go from 1 to
NRV+2.

To solve other general problems, few changes need to be
made to account for the new number of random variables at the

RHS and their positions.
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MONTRCAR. FOR
This program computes the value of the total objective
function of any two-stage problem defined as before. Using a
gliven first-stage point, it generates a fixed number of randonm
realizations of the second~stage. A question associating with
the first-stage point, should be answered via the screen.

Other data are provided in one data file to be described

below:

READ(14, %) NPTYP, IDUM,NK
Read(14,%) NPTYP,NPER,NUNDC
Read(14,%) M1,N1,M2,N2

Read(14,%) ML1,ML21,ML3
Read (14, %)

Road(14,70) (C(I),I=1,N1)
Read(14,66) (CP(I),I=1,N1)

Read(14,70) (XXX(I),I=1,N1)
Read (14, %)

Read (14,70) (OMEG(I),I=1,M2)
Road (14,%)

Read(14,70) (Q(I),I=1,N2)
Read (14,%)

Do I=1,M2

Read(14,68) (T(I,J),Jd=1,N1)
Continue

Read (14, %)

Do I=1,M2

Read(14,6066) (W(I,J),J=1,N2)
Continue

Read (14,%)




147

Read(14,69) (MDIST(I),I=1,M2)

***Read the Random Realization Description of M2 componentsgk%i#
Fedhh kR hkhhhkhkhhkhhd A5 11 REDRHBL % s o o d v s ok o o b e o e o o ok o o o o b o e e e ke

MONTOCAR., FOR

The input file is identical to the one of MONTRCAR,
except the following changes:

* Replace READ(14,70) (OMEGA(I),I=1,M2) with
READ(14,70) (OMEGA(I),I=1,N2).

* Replace READ(14,70) (Q(X),I=1,N2) with
READ(14,70) (H(I),I=1,M2).

* Replace READ(14,70) (MDIST(I),I=1,M2) with
READ(14,70) (MDIST(I),I=1,N2).

IRRGRHS . FOR
This program is developed to create the input data file

for the problem of irrigation system of canals, which is
required by the model, RSDRHSl1l. It reads all data related to
the irrigation system from one input file then write them back
in another file according to the format required by the RSD
coded algorithm. A description of the input file follows and
again, only the new variables are defined:
READ(1, %) M1,NC,NF,NX, NK
NC: Number of channels

NF: Number of fields
NX: Number of allocations
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NK: Number of periods

READ(1,%)CLOS8,Q8CAL, OBJSCL
CLOSS: Percentage Loss in channels
QSCAL: A scale depends on the units of capacity volume
per period such that;
QSCAL= 1 If the volume is in mm,
QSCAL=1000 If the volume is in 0.001i n?,
OBJSCL: A factor scales the objective coefficients,

mostly use 1.0.
READ(1,%) (AV(I),I=1,NK)

READ(1,%) (AF(I),I=1,NK)
AF: Area of each field in hectares.

READ(1,%) (CP(X),I=1,NC)

READ(1, %) (BLVAR(I),I=1,NC)
READ (1, %) (BUVAR(I),I=1,NC)

READ(1, %) (XXX(I),I=1,NC)
READ(1, %)

IP(M1.EQ.0) SKIP
READ(1, %) (BLCON(I),I=1,M1)
READ (1, %) (BUCON(I),I=1,M1)
READ (1, %)

READ(1,%) (LTRO(K) ,K=1,NK)
LTRO: A parameter defines if the RHS parameters (the
demands in this case) is random (LTRO=1) or not (LTRO=0).

READ(1,%)

READ(1, %) (PX(I),X=1,NK)
PX: Price of purchasing water in period k.
READ(1,%)

DO K=1,NK
READ(1, %) (PY(K,J) ,J=1,NF)
PY: Price of selling crop of field j during period k.
CONTINUE
READ(1,%)

DO K=1,NK
READ(1, %) (YM(K,J) ,J=1,NF)
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YM: Max yield of field j at period k.
CONTINUE
READ(1, %)

DO K=1,NK
READ(1, %) (KY(K,J) ,J=1,NF)
KY: FAO yield response factor of field j at period k.
CONTINUE
READ(1,%)

DO K=1,NK
READ(1,%) (IE(K,J),J=1,NF)
IE: Irrigation efficiency of field j at period k.
CONTINUE
READ (1, %)

DO K=1,NK
READ(1i,%) (ETM(K,J) ,J=1,NF)
ETM: Max evapotranspiration of field j at pericd k.
CONTINUE
READ(1,%)

DO K=1,NK
READ(1,%) (FB(K,J),J=1,NF)
FB: Penalty price of external water used in field j at
period k.
CONTINUE
READ (1, %)

DO K=1,NK
READ (1, %) (MAD(K,J) ,J=1,NF)
MAD: Management allowable deficiency of field j at period
k'
CONTINUE
READ (1, %)

DO K=1,NK
READ(1,%) (DEM(K,J) ,J=1,NF)
DEM: Crop Demand of field j at period k.
IF(LTRO(K) .GT.0)READ(1,*) (8TDEM(K,J) ,J=1,NF)
STDEM: Standard deviation of the normal distribution of
the random demand.
CONTINUE
READ(1, %)

DO K=1,NX
READ(1, %) LC(I),LF(I)
LC and LF are the connecting channel and field of each
allocation 1I.
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CONTINUE
READ(1,%)

DO K=1,NC
READ(1,%)NDS(I)
NDS: Number of channels downstream the channel I.
READ(1,%) (IDS(I,J),J=1,NDS(I))
IDS(,J): The index of channel J downstream of canal I.
CONTINUE
READ(1, %)

DO K=1,NC
READ(1,*) (LXR(X,J),J=1,NX)
LXR(,J): Rank of the Jth allocation connected to canal I.
For example if the allocation is directly connected to
the channel, then LXR=1 and so on.
CONTINUE
READ(1, %)

IRRGOBJ . FOR
When accounting for the random objective coefficients, an
input file required by any of the programs, RSDOBJ, LSHAPOBJ,
or LSHAPBTH similar to the one just described in IRRGRHS but
with the following few changes.
* LTRO(k) is replaced with (LTRO(k,I),I=1,4) where:
LTRO(K,1) tells whether PX is random.
LTRO(K,2) tells whether PY is random.
LTRO(K,3) tells whether YM is randon.
LTRO(K,4) tells whether KY is randon.
% A statement to read the standard deviation of each of
the above variables is added after reading the variable
itself in a manner similar to the one of reading the crop
demand in the previous input file.
Since, the objective coefficient is a product of many

variables, its statisticsare are computed in the program
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assuming a first-order approximation if more than one of these

variables was randon.

RWSPLNG . FOR
This program create the input file associated with the
regional water supply planning problem that is required by the
RSD codes. The program reads one input file with the
following inputs:
READ (1, %)M1,N1,M2,N2,NKT,RI,NK, NOP
NOP: Number of routes between different units (11 in that
particular problem)
READ(1,%)ML1,ML2,ML3
READ(1,%) (BLVARO(I),I=1,N1)
READ (1,%) (BUVARO(I),I=1,N1)
READ(1,%) {C¢(I),I=1,N1)
READ(1,%) (CP(I),I=1,N1)

READ (1, %) (XXX(T),I=1,N1)
READ (1, %)

READ(1,%)0BJSCL,ALMIN,PFl,PF2
OBJSCL: Defined before in IRRGRHS and assigned 1000 for
this problen.
AILMIN: Minimum available loss coefficient in the system.
PFl: Present worth discount factor of period 1.
PF2: Present worth discount factor of period 2.

READ(1,*)QI,PCR, PCP
QI: Initial storage in the aquifer.
PCR: Mixing ratio required for the reuse water.
PCP: Mixing ratio required for the potable water.

READ(1,*) (AV(K) ,K=1,NK)
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READ(1, *) (Q8(K) ,K=1,NK)
QS: Aquifer reserve storage required by the end of each
period.

READ(1,#)

DO K=i,NK

READ(1,%) (DP(K,X),I=1,2)
DP: Potable demands

READ(1,%) (DU(K,I),I=1,2)
DU: Reuse demands

CONTINUE

READ(1,%)

READ(1,%) (AL(I),I=1,N1+1)
AL: Percentage loss coefficient at the N1 decision units
in addition to the unit of potable demand.

READ(1,%)

DO K=1,NK
READ(1,%) (OA(K,I),I=1,N1)
OA(,I): Unit treatment cost of unit I at period k
READ(1,%) (OP(K,I),I=1,NOP)
OP(,I): Unit piping and pumping cost along the route I at
period k
CONTINUE

READ (1, %) NPEN, PEN
NPEN: Number of penalty terms for external water used in

different constraints.
PEN: Price of these terms.

OMEGA, q, T, AND W are all defined in the program in an
explicit manner and for the studied problem in particular.
Changes are needed in the program in case of solving other

planning problens.
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