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Abstract

Supply Chain Optimization (SCO) problem under uncertainty can be modeled as
two-stage optimization problem where first-stage decisions are associated with design
and development of facilities and second-stage decisions are associated with opera-
tion of the supply chain network. Recently, a robust scenario approach combing the
traditional scenario or robust approach has been developed to better address uncer-
tainties in SCO problems, and it can ensure solution feasibility and better expected
objective value. But this approach can only address uncertainties bounded with the
infinity-norm.

This thesis proposes a modified robust scenario approach, which can be used
to address uncertainty region bounded with the p-norm in SCO. In this case, after
the normalization of the uncertainty region, the smallest box uncertainty region,
that covers the normalized uncertainty region, can be partitioned into a number of
box uncertainty subregions. Following some screening criteria, two subsets of the
subregions that over-estimates and under-estimates the original uncertainty region
can be selected. When the number of scenarios increases, the optimal objective
values of the two robust scenario formulations converge to a constant, which is a
good estimate of the true optimal value. This new robust scenario approach is then

extended for any bounded uncertainty regions, in the context of robust optimization.



In many industrial problem, the historical realizations of uncertain parameters are
known. This thesis gives a preliminary discussion on a data driven robust scenario
approach, where the available data are normalized and a reference box that covers the
data with a certain confidence is constructed. Then, the reference box is partitioned
into box-shaped uncertainty subregions.

The benefits of the proposed robust scenario approach are demonstrated through
some simple examples as well as an industrial SCO problem. The approach requires
the solution of large-scale optimization problems when the number of scenarios is
large, and these large-scale problems have a decomposable structure that can be ex-
ploited for efficient solution via decomposition-based optimization. A computational
study demonstrates that, when the large-scale optimization problem is a second-order
cone programming problem, generalized Benders decomposition is much faster than

a state-of-the-art optimization solver.
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Chapter 1

Introduction

1.1 Supply Chain Optimization and Uncertainties

A supply chain is a group of organizations (including design, procurement, manufac-
turing and distribution) that work together to profitably provide the right product or
service to the right customer at the right time [2]. Supply Chain Optimization (SCO)
is the study of strategies and methodologies that enables these organizations to meet
their objectives efficiently. SCO is a key research area in the field of Process System
Engineering (PSE). In PSE, SCO has been extensively applied to oil, gas and petro-
chemical supply chains [3, 4, 5, 6, 7|, agro supply chains [8, 9], pharmaceutical supply
chains [10, 11, 12, 13], bio-refinery and bio-energy supply chains [14, 15, 16, 17, 18].
SCO has also been applied to more recent applications like carbon dioxide emission
control [19] , wind farm diversification [20], disaster management [21], project plan-
ning [22], environmental planning [23] and sustainable chemical process development
24, 25] etc. Papageorgiou [26] gave a brief discussion on the advances and opportu-

nities of supply chain optimization for different processing industries.
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SCO problems can be categorized into three different types of problems, which
are strategic, tactical and operational problem. Each of the different types of SCO
problems are associated with different kinds of decision making regarding design,
long-term /mid-term planning and short-term operations [27]. At any decision mak-
ing stage in SCO, it is very common to have some parameters that are not known
exactly but might have significant effect on the supply chain network. These pa-
rameters can be found in the form of final product demand, final product price, raw
material price, transportation cost, fuel cost, labor cost etc. [28, 29]. Failing to ad-
dress uncertain parameters in SCO problems may lead to poor operational decisions

hence resulting in poor economic performance.

There are different ways to address uncertainties in SCO [30], but a common way
to do that in SCO is to use stochastic programming with recourse. Stochastic pro-
grams with recourse are solved over a number of stages. In each stage, there are
some decisions to be made. The decisions in the first-stage are made without the
realization of uncertainties. After that, between each stage, some uncertainties are
realized and the decision maker must choose an corrective action that optimizes the
current objective plus the expectation of the future objectives [27]. The ability to take
corrective action after uncertainty realization has taken place is known as recourse.
Although multi-stage stochastic programming with more than two stages has been
applied in PSE [31] [32], the most common stochastic programs, used in PSE, are
two-stage models in which first-stage decisions (e.g. capacity of manufacturing plant)
are made before the realization of all uncertainties and second-stage decisions (e.g.

operational decisions of manufacturing plant) are those which can be made after the
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realization of all uncertainties.

In PSE, two-stage stochastic programming has been extensively studied for oil, gas
and petrochemical industry. Ribas et al. [3] proposed the development of a two-stage
stochastic programming model with a finite number of uncertainty realizations for an
integrated oil supply chain in Brazil. Three sources of uncertainties, crude oil produc-
tion, demand for refined products and market prices, were considered in the model.
The main contribution of the proposed study was to develop a strategic planning
model using a two-stage stochastic model, including 17 refineries, three petrochemi-
cal plants and a complex logistic network, that account for uncertainties and to apply
the model in a real life case. From the study it was found that, two-stage stochastic
model had significnt impact on the decision making, resulting in increasing capacity
of separation units. Lababidi et al. [4] proposed a two-stage stochastic formulation
with a finite number of uncertainty realizations to address the uncertain operating and
economic conditions in a petrochemical industry. The optimization model was tested
on a typical petrochemical company, manufacturing different grades of polyethylene,
operating at a single site and using two reactors. The uncertain parameters were
demands, market prices, raw material costs, and production yields. The main conclu-
sion of that study was, uncertainties had a significant effect on the planning decisions
of the petrochemical supply chain. The most important uncertain parameter was
market demand, showing a strong impact on the production decisions, followed by
the production yields. Wafa et al. [5] proposed a two-stage stochastic formulation,
with finite number of uncertainty realizations. The proposed stochastic programming

approach proved to be effective in developing resilient production plans in presence
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of high degree of demands and prices uncertainty for petrochemical industries.

Agro-industry is another area where SCO has been applied intensively. Barker
et al. [9] proposed a two-stage stochastic programming with recourse model for de-
termining optimal planting plans for a vegetable crop. In many arising systems in
horticulture, uncertainty caused by natural factors, such as weather on yields, has a
significant influence. Typical linear programming models, which are usually unsat-
isfactory in dealing with the uncertainties, produce solutions that are involved with
high degree of risk. The first-stage of the model was, to find a planting plan, com-
mon to all scenarios. In the second-stage, a harvesting schedule was developed for
each scenario. Solutions were obtained for a range of risk aversion factors that not
only resulted in greater expected profit compared to the corresponding deterministic
model, but also were more robust. The major element of uncertainty on that case

study was the effect of weather on yields.

SCO is widely applied in the pharmaceutical industry also. Shah [10] discussed the
key sources of uncertainties in pharmaceutical supply chain, which are, the demands
for existing drugs and uncertainty in the pipeline of new drugs, in particular, which
ones will be successful in trials, and what sort of dosage and treatment regime will
be optimal. Papageorgiou et al. [13] developed a two-stage stochastic programming
based optimization approach to select both a product development and introduction
strategy and a capacity planning and investment strategy. The problem was formu-

lated as a mixed-integer linear programming (MILP) model, taking consideration of
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both the important features of pharmaceutical industries, active ingredient manufac-
turing and the global trading structures. The major sources of uncertainties were,

the uncertainties on the outcome of the clinical trials of all candidate products.

Bio-refinery and bio-energy is another field where SCO is implemented. A two-
stage stochastic mixed-integer linear programming model to address the optimal de-
sign of hydrocarbon bio-refinery supply chains under supply and demand uncertainties
was presented by Akgul et al [14]. The multiple conversion technologies, feedstock
seasonality and fluctuation, geographical diversity, biomass degradation, demand vari-
ation, government incentives, and risk management was accounted for the model. The
objective of the model was to minimize the expected annualized cost and the financial
risk associated with the industry management, measured by conditional value-at-risk
and downside risk, simultaneously. Chen [16] proposed a mixed integer two-stage
stochastic programming model to support strategic planning of bio-energy supply
chain systems and optimal feedstock resource allocation under different kinds of un-
certainties. The two-stage stochastic programming model, along with a Lagrangian
relaxation based decomposition solution algorithm, was implemented in a California
based real-world case study to explore the scopes of waste based bio-ethanol pro-
duction. The results showed that, for the future, bio-waste based ethanol can be an
important part of the sustainable energy solution. Dal-mas et al. [18] presented a
two-stage MILP modeling approach, to help decision-makers and potential investors,
assessing economic performances and risk associated with investment on the biomass
based ethanol supply chain network. A case study, concerned with the corn-to-ethanol

production supply chain in Northern Italy, was used to effectively demonstrate the
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ideas of determining economic performances and risk associated with investment. The
uncertain parameters in the model were, biomass production cost and product selling

price.

SCO has also been applied to more recent applications like carbon dioxide emission
control. Chen et al. [19] developed a two-stage inexact-stochastic programming model
for planning carbon dioxide emission where the uncertain parameter was green house
gas (GHG) emission. The decisions obtained from the two-stage inexact-stochastic
programming were effectively used for generating decision alternatives and to help
decision makers in identifying desired GHG abatement policies under different eco-
nomic and system-reliability conditions. Wind farm diversification proposed by Liu
et al. [20] is another example of most recent application of SCO where the production
of wind power was the uncertain parameter. SCO can be applied to disaster manage-
ment problems also. Dal-mas et al. [21] proposed a two-stage stochastic programming
approach regarding the storage and distribution problem of medical supplies. These
medical supplies can be used for disaster management under a wide varieties of pos-
sible disaster types and magnitudes. Project planning is an important application of
SCO [22] where the problem of setting target finish times for project activities with
random durations can be determined by two-stage mixed integer linear stochastic
programming. Target times were determined in the first-stage and detailed project

planning schedules were developed in the second-stage.

This thesis only considers two-stage stochastic programming which can be used to

model most SCO problems, and the results of the thesis work can also be extended for
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multi-stage stochastic programming. In the following section, an illustrative example
will be used to explain how a two-stage stochastic programming is formulated and

how it is solved via different existing approaches.

1.2 Illustrative Example: Farm Planning Problem

This section discusses a farm planning problem, modified from a classical farm
planning problem in the operations research literature [33]. In this problem, a farmer
needs to plan the allocation of his land area for raising two crops; wheat and corn.
The goal of the planning is to achieve the best overall profit while reserving a certain
amount of wheat and corn for cattle feeding. If the harvested wheat or corn is not
enough for cattle feeding, then both can be purchased from the market at a relatively

high price.

Total land area for planting wheat and corn is 500 acres. Yield of wheat and
corn is, 2.5 t/acre and 3 t/acre respectively. Planting cost for wheat and corn is,
150 $/acre and 230 $/acre respectively. Purchasing cost of wheat and corn from the
market is, 238 $/t and 210 $/t respectively. The selling price of wheat and corn from
the market is, 170 $/t and 150 $/t respectively. Amount of wheat and corp reserved

for feeding cattle is at least, 300 t and 340 t respectively.

The deterministic formulation for the farm planning problem is described below,
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and the list of variables used in the formulation can be found in Table 1.1.

min 150z, + 230z, + 238y,n + 210y, — 1702, — 150w, (1.1)

s.t. Tyn + x. < 500, (1.2)

2.5Zwh + Ywn — Zwn > 300, (1.3)

3T. + Yo — 2. > 340, (1.4)

Lwhs Le, ywh7 yCJ Zwhy e Z 0 (15>

Now assume that the amount of wheat needed for feeding cattle is not exactly

known when the farmer is planning the land allocation, but will be known before the

farmer needs to determine the sell and purchase of wheat and corn. Let’s represent

this uncertain amount by F', which ranges from 270 t to 330 t. In this case, the overall

profit is dependent on the realization of F'; naturally, we can choose the expected

overall profit (over the range of possible values of F) to be the objective function,

and the optimization problem can be written as:

Table 1.1: List of variables for farm planning case

ZTwn | Land allocation for wheat, acre

x. | Land allocation for corn, acre

Ywh | Amount of wheat purchased from the market, t
Ye Amount of corn purchased from the market, t
Zwhn | Amount of wheat sold in the market, t

Ze Amount of corn sold in the market, t
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Formulation (SP) for the Farm Planning Problem

min 150z, + 2302, + Er,cz{Q(Twn, Tc, F,)} (1.6)
s.t. xyn + . < 500, (1.7)
Twhs Te >0 (1.8)

Here, Q(xyn, x., F,) represents the net purchase/sell cost associated with a par-
ticular planning decision ., ., and a particular realization of F', F,. FEpg c={}
represents expected value over uncertainty realization F,, € =, and = = [270, 330].

Since the farmer can determine the wheat purchase and sell optimally after knowing

F. so
Q(Twh, Te, Fly) =min 238y, 0 + 210ycw — 170240 — 15024, (1.9)
s.t. 2.5%wh + Ywhw — Zwhw = Fo, (1.10)
3T + Yo — Zew > 340, (1.11)
Ywhws Yewr Zwhws Zew Z 0 (112)

The above optimization problem is called a recourse problem, which needs to be
solved for all realizations of F' in order to solve Problem (SP). Problem (SP), together
with all the recourse problems, is called a two-stage stochastic programming problem
with recourse. Here, x,;, and z. represent first-stage decision variables that need to
be determined before the realization of uncertainty, £, and yuhw, Yews 2whw a0d 24,
are called second-stage decision variables for uncertainty realization F,,. The two-

stage decision making procedure described by the two-stage stochastic programming
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First Stage :
To Determine
X, X

wh? ¢

Realization of
Uncertain Parameter, F,

Second Stage:
To Determine

ywh,(u’ yc.w‘ th,a)’ Zc,m

Figure 1.1: Two-stage decision making procedure

formulation is illustrated through Figure 1.1.

In order to rigorously solve Formulation (SP), we need to solve an infinite num-
ber of recourse problems (for every possible values of F' within [270,330]), which is
apparently not realistic. A practical way to solve Formulation (SP) is to consider

only a finite subset of uncertainty realizations of F', and each considered uncertainty
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realization is called a scenario. The resulting formulation can be written as a single-
level optimization problem, and it is also called a scenario formulation [33]. When S

scenarios are considered, the scenario problem for the farm planning problem is:

Formulation (S) for the Farm Planning Problem

min 1502y, + 2302, + Z Po(238Yunw + 21040, — 17020n0 — 1502,.) (1.13)
w=1

s.t. Xwn + 2. < 500, (1.14)

2.5Zwh + Ywhw — Zwhw > Fu, w=1,..,s, (1.15)

3%e+ Yew — Zew > 340, w=1,..., s, (1.16)

Tyh, Te 2> 0, (1.17)

Yuhws Yows Zuwhws Zew = 0, w0 =1,...,8, (1.18)

Here, P, is the probability of uncertainty realization w. When a large number of
uncertainty realizations of F' is considered, the objective function of Formulation (S)
is close to that of Formulation (SP), but the optimal solution of Formulation (S) is

not guaranteed to be feasible for Formulation (SP).

In order to ensure feasibility of solution, a conservative version of Formulation (SP)
can be considered, where the ”"worst” realization of F' is considered in the constraints.
This formulation is called a robust formulation [34] [35]. Here worst realization means
the realization that can most violate the constraints, which is usually modeled indi-
rectly within the robust formulation and unknown before the solution is obtained.

The robust formulation for the farm planning problem is:
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Formulation (R) for the Farm Planning Problem

min 1502, + 230z, + 238y, + 210y, — 170z, — 1502, (1.19)
s.t. xyn + . < 500, (1.20)
2.5%yh + Ywh — Wwn > lr:riaeué{Fw}, (1.21)
3Tywh + Yuwh — Wyn > 340, (1.22)
Twhs Tey Ywhy Yo Zwhs Ze > 0. (1.23)

It is not difficult to find that, the solution of Formulation (R) is always feasible
for Formulation (SP), but it may be overly conservative and far less optimal than
the solution of Formulation (SP). McLean and Li [36] recently proposed to solve a
hybrid formulation for better solution of Formulation (SP). This formulation is called
a robust scenario formulation, which combines the ideas of classical scenario and
robust formulations. In the robust scenario formulation, we partition uncertainty
region = into s subregions =, (rather than selecting s points in =), and each Z,
is called a scenario. For each uncertainty subregion =, the worst-case scenario is

addressed for constraint satisfaction in a robust approach. This idea leads to the
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following problem formulation:
min 1502, + 2302 + Y Pu(238Yunw + 2109w — 1702up0 — 15020,,)  (1.24)
w=1
s.t. Twn + 2. < 500, (1.25)
2.5%uwn + Yuwhw — Zwhw > max {F,}, w=1,..,s, (1.26)
wEZwWw
3%e + Yo — Zew > 340, w=1,...,s, (1.27)
LTwh, Le Z 07 (128>
Ywhws Yews Zwhws Zew > 0, w=1,..,s. (1.29)

Here P, is the total probability for all uncertainty realizations in =,,. Note that the

above formulation can be very conservative, because it enforces the same second-stage

decisions for different uncertainty realizations with an uncertainty subregion, while in

reality the decision maker can have different second-stage decisions for different un-

certainty realizations. In order to reduce the conservativeness, we can assume that the

second-stage decision variables vary linearly (or more precisely, afffinely) with respect

to the uncertainty realizations within an uncertainty subregion. This affine approx-

imation strategy has been widely used in classical robust optimization [34]. With

this strategy, the second-stage decision variable vy, ., is replaced by Uy, wFu + Uy, w;

where U, , and v,,, ., are new decision variables to be determined in optimization.

Similarly, y.., is replaced by Uy, o Fi, + Uy, ws Zwhw DY Usyp wlFu + Vs ws and 2 by

U...wF. + Vs . The resulting formulation is:
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Formulation (RS) for the Farm Planning Problem

min 1502y, + 2302c + Y Pu238(Uy,, w-Fuo + Vypw) + 210Uy Fus + vy)

w=1

—170(U,,, w-Fo + 02y 0) — 150(U,, o Fly + v, 4)]

s.t. xyun + x. <500,

2.5Zp + min {Fwawh,w F Uy — (FwUzwh,w + Uzwmw) - F,} >0,

FueE,

w=1,..

3xc+yc,w_zc,w 2340, w = 1,...,8,
x'UJhJ xc Z 07

Fmelll {Fwawmw + Uywmw} > 07 W= 17 5
w——w

Fmeigl {FoUpw + 0y, >0, w=1,..s,

min {F,U,, , w+ 0,0 >0, w=1..s,
F,eB,

min {F,U, ., +v..,} >0, w=1 .5

wEZw

Here, F,, is the expected value of F,, for scenario w.

787

(1.30)

(1.31)

(1.32)
(1.33)
(1.34)

(1.35)
(1.36)
(1.37)

(1.38)

The formulations discussed in this section will be generalized in the next section

for SCO problems under uncertainty.
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1.3 Two-Stage Stochastic Programming Formulations for SCO Under

Uncertainty

The general formulation of two-stage stochastic programming with recourse [33]
can be described as below. All the symbols, used in this section, are also summarized

in Table 1.2 at the end of this Chapter.

Formulation (SP)

min s 4 Eee={Q(r. ) (1.39)
st. Az <bD. (1.40)

Here x € X C R"™ represents first-stage decision variables that can be either
continuous or integer. £ € Z represents uncertain parameters, each of which is in-
dependent on other uncertain parameters. Most of the times, first-stage decision
variables in SCO problems are related to design variables of the supply chain net-
work, e.g. capacity of processing plants. In Formulation (SP), ¢ € R"* is the cost
related to the first-stage decision variables. The second-stage decision variables are
y € R™, and costs related to the second-stage decisions variables are the optimal

objective value of the recourse problem, i.e.,

Q(x,€) =min ¢(§)"y (1.41)

st. ti()Tr+wly<0, i=1,...m, (1.42)

where ¢(§) € R™,t;(§) € R"™ w; € R™ are parameters that are dependent on the

uncertain parameters. Note that any constraint with an uncertain parameter in the
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right-hand-side can be reformulated with a zero right-hand-side in form of (1.42), and
it is explained in [36]. In order to solve Formulation (SP), the expected cost of second-
stage decisions over different realizations of uncertain parameter, Eecz[Q(z, )], needs
to be calculated by solving an infinite number of recourse problems, which is usually
unrealistic. In order to solve Formulation (SP) practically, the classical scenario or
robust formulation can be used. The classical scenario formulation with s scenarios

can be written as

Formulation (S)

s

Hll)? o+ P, q(€) " y. (1.43)
y.i?wés w=1
sit.  Ax <b, (1.44)

tiE) e +wly, <0,i=1,...m w=1,..s, (1.45)

and the classical robust formulation is:

Formulation (R)

T T

min c T+ qy (1.46)
y

s.t. Ax <b, (1.47)

?@X{t?(f)w +wly} <0,i=1,..,m. (1.48)
[S=)

Here ¢ represents the nominal cost for second-stage decisions, but it can also repre-
sent the worst-case cost if that is more appropriate for a SCO problem. Formulation

(R) is a bi-level optimization problem, which can be reformulated into single level



Chapter 1. Introduction 17

linear and quadratic programming problems with the assumption of polyhedral and
ellipsoidal uncertainty [34, 37, 38, 39, 40]. The various uncertainty regions assumed
in the literature have been thoroughly discussed by Li et al. [41], from both the
geometrical point of view and the computational point of view. To reduce the conser-
vativeness of the robust formulation, an iterative strategy was proposed by Li et al.
[42]. In their method, a tight posterior probability bounds were used to improve the
robust solution within an iterative framework. Compared to the single-step classical
robust optimization method, the quality of the robust solution were improved after

applying the iterative strategy.

The Robust Scenario Formulation is another approach to reduce the conservative-
ness of a robust formulation. In this formulation, a scenario is associated with an
uncertainty subregion =, rather than a single uncertainty realization. When s uncer-
tainty subregions are used and |J]_, =, D =, then the solution of the robust scenario
formulation is guaranteed to be feasible for Formulation (SP). For convenience of
discussion, ¢ and ¢; are assumed to be affine functions of &, i.e., ¢, = o, + B, and
tiw = i€ + Bri, where a, € R 3, € R, ay; € R 3,; € R". Here, ng
is the number of uncertain parameters. As a result, the robust scenario formulation

can be written as:
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Formulation (RS)

s

Hll)I(l o+ P (&, + Bq)T(Uwfw + v,) (1.49)
Ufjf.,U5 w=1
st.  Ax <, (1.50)

max  {(awi&y + Bra) w +w] (Ul +v,)} <0, i=1,...m ,w=1,.,s (151

§u.; (SIS

Here, &, denotes the expected value of &, for scenario w. As explained in the
previous section, the robust scenario formulation approximates second-stage decisions,
Yo, as an affine function of &, ie. y, = U,&, + v,. As a result, the second-stage
decision variables are allowed to vary affinely with respect to uncertainty realizations
within a scenario, and it is less conservative than forcing the second-stage decisions to
be constant for a scenario. Formulation (RS) is a bi-level optimization problem, and
it has been shown that, if the uncertainty region = is bounded with the infinity-norm,

then this bi-level optimization problem can be equivalently transformed into a single

level LP problem [36].

1.4 Generalized Benders Decomposition

Formulation (RS) is better than either Formulation (S) or Formulation (R), be-
cause its solution is guaranteed to be feasible and usually close to be optimal for the
original formulation (SP). However, Formulation (RS) can be large scale optimization
problem when the number of scenarios, s, is large, especially the formulation includes
both integer variables and nonlinear functions. On the other hand, the optimization

problem does have a special structure, commonly known as L-shaped structure, which
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Figure 1.2: Decomposable structure of Formulation (RS)

can be exploited by decomposition algorithms for efficient solution [33].

Figure 1.2 illustrates the L-shaped decomposable structure. The first row of Fig-
ure 1.2 indicates the constraints that only contain first-stage decision variables (i.e.,
Equation (1.50)). The subsequent rows denote those constraints which contain both
first-stage decision variables (x) and second-stage decision variables (y,,) for different
scenarios (i.e., Equation (1.51)). For example, the third row indicates the constraint
for scenario 2 and it only involves variables x and 5. From Figure 1.2, it can be
seen that, when x is known, the problem can be decomposed into s sub-problems
which are much easier to solve. This leads to the idea of Benders decomposition
[43] (applicable to LPs and MILPs) and generalized Benders decomposition [44] that
is an extension of Benders decomposition to nonlinear and mixed-integer nonlinear

programming problems.
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1.5 Goal of the Thesis

One of the main objectives of the thesis is to develop a new robust scenario approach
to solve two-stage supply chain optimization problems under uncertainty, where the
uncertainty region is bounded with the general p-norm. After that, the new approach

will be extended for any bounded uncertainty region.

For problems where the uncertainty region is characterized by a group of data
points instead of a bounded region, a different approach will be developed to con-

struct the bounded uncertainty region and formulate the robust scenario formulation.

Furthermore, some preliminary studies are conducted to demonstrate the compu-
tational advantages of generalized Benders decomposition for solving robust scenario

formulations with nonlinear functions, in comparison to the use of the state-of-the-art

commercial solvers, such as MOSEK [1] and CPLEX [45].

1.6 Organization of Thesis

In this thesis, Chapter 2 presents a new robust scenario formulation approach to
solve two-stage supply chain optimization problems where the uncertainty region is
bounded with the general p-norm. In Chapter 3, a robust scenario formulation ap-
proach for more general bounded uncertainty regions, and the data driven robust
scenario approach, will be discussed. In Chapter 4, application of the generalized
Benders decomposition to solving a robust scenario problem that arises from an in-
dustrial chemical supply chain problem will be discussed. Finally, in Chapter 5, the

conclusions and possible future research directions will be presented.
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Table 1.2: List of variables and parameters for the general formulation of two-stage
stochastic programming

Symbol | Meaning

c Cost associated with first-stage decisions

E{-} Expected value operator

P, Probabilities of corresponding uncertainty realizations

q Nominal cost for second-stage decisions

Q(z,€) | Total cost associated with second-stage decisions

q(&) Second-stage cost (that depends on uncertainty realizations)
S Number of scenarios

t;(&) Coefficient depending on uncertainty realization

U, Second-stage decisions for affine approximation of y,,

Vs Second-stage decisions for affine approximation of y,,
w;(€) Coefficient depending on uncertainty realization

x First-stage decision variables

Y Second-stage decision variables

Yoo Second-stage decision variables for different uncertainty realizations
o Coefficient of linear dependency of ¢;,, on &,

Qg Coeflicient of linear dependency of ¢, on &,

Bui Coefficient of linear dependency of ¢;,, on &,

By Coefficient of linear dependency of ¢, on &,

= Uncertainty region

Zw Uncertainty sub-regions

13 Uncertain parameters

& Uncertainty realization in a scenario

w Index of uncertainty realizations for uncertain parameter




Chapter 2

A Robust Scenario Approach for Uncertainty

Regions Bounded With the p-Norm

2.1 Reformulation of the Robust Scenario Formulation When the Uncer-

tainty Subsegions are Bounded With a Norm

For convenience of discussion, the robust scenario formulation, Formulation (RS),

described in Chapter 1, is given here again:

Formulation (RS)

S

IIll)I{l 'z + Y Py(agéy+ B (Unéy + v.) (2.1)

UITE.,US w=1

V1 yeenyVUs

s.it.  Ax <b, (2.2)
max {(agi& + Bri) 7+ w (Unbo +0,)} <0, i=1,..,m, w=1,..,s. (2:3)
wEZw

Formulation (RS) is a bi-level optimization problem which in general is not easy

to solve, but it can be transformed into a single-level optimization problem if each
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uncertainty subregion, =, is bounded with a norm. For convenience, let

B = {8 IM (& — &)l <0},

where M is related to the shape of =, and d,, is related to the size of =,. In this case,

the left-hand side of Equation (2.3) can be re-written as below:

ma{(e + o) o+ 0F (Vo + )}
— ﬁtTZ-ZL' + w;f% + gnax{(xTozt,i + w,L-TUw)fw},
b EEw

= Lo +wlv, + (7o +wlUE, + gnax{(xTam +wl U (€ — E)}
’ Scm
According to the result given in [46],

max{(z" oy +wl U,) (€ — &)} = 6| (eh s + WEUL )M, (2.4)

§EEL

Here, ||||« indicates the dual norm [47] of the norm used to bound the uncertainty
subregions. In some cases, the explicit form of the dual norm is known. For example,
if the norm used to bound the uncertainty subregion is a p-norm, then its dual norm
is a g-norm and the relationship between p and q is: ¢ =1+ zﬁ [46]. Note that the
p-norm of a vector z € R" is ||z||, = (3_1, |2, [P) M/

According to the above discussion, Problem (RS) can be transformed into the

following form:
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Formulation (RS-norm)

;Iél)I{l clw+ Z P(ag&y + B) T (U + v.) (2.5)
Ui,...,.Us w=1
V1,...,Vs
st. Az <D, (2.6)
,B,Z;-x + w;-[vw + (xTatvi + wiTUw)fw + 5w||(xTat7z~ + w;‘FUw)M_IH* <0, (2.7)

Note that this reformulation is done with the assumption that the uncertainty sub-
regions =, can be constructed such that (J]_, =, D Z, which is essential to ensure
fesibillity of the optimization problem as mentioned in Chpter 1, but how to partition
the uncertainty region = to generate uncertainty subregions =, is not trivial. For ex-
ample, when Z, is bounded with the infinity-norm, say, = = {£ : [|M (£ — §)|| < 1},
the uncertainty region is box shaped and it can be easily partitioned into a number of
box subregions that can also be expressed with the infinity-norm. This is illustrated
in Figure 2.1(a). However, when = is bounded with the 2-norm, then the uncertainty
region is an ellipse, as shown in Figure 2.1(b), which cannot be easily partitioned
into uncertainty subregions that can also be expressed with the 2-norm. The next
subsection will discuss how to systematically partition an uncertainty region = when
it is bounded with a p-norm, such that the reformulation of Formulation (RS) into

Formulation (RS-norm) is possible.
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Figure 2.1: (a) Partitioning of uncertainty region bounded with the infinity-norm
(with 9 partition) (b) Partitioning of uncertainty region bounded with
the 2-norm into box-shaped uncertianty sub-regions is not simple

2.2 Systematic Partitioning of Uncertainty Regions Bounded with the

p-Norm

2.2.1 Partitioning of Uncertainty Regions Bounded with the Infinity-

Norm

In order to develop a general approach for partitioning the p-norm bounded un-
certainty region, we start with an easy case where the uncertainty region is bounded
with the infinity-norm. In this case, the region is box shaped and generation of box-

shaped subregions is explained via a simple example.

Assume there are two uncertain parameters. The first uncertain parameter, &;,

has a range [0.6 1.4] and second uncertain parameter, &, has a range [0.7 1.3].
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Then, the box-shaped uncertainty region can be expressed as follows:

0.6 | _ |14 23)

0.7 & 1.3

Let the middle value for the uncertain parameters be £, = 1 and & = 1, then

—0.4 _ & —& _ 0.4

< | < (2.9)
—0.3 & —& 0.3
, and
-1 041 0 — & 1
< o 5} < (2.10)
-1 0 037! & — & 1

Equation (2.10) can also be written with the infinity-norm as

[ME=9] <0
, where
04t 0 1
= , 5:
0 0371 1

In order to construct the robust scenario formulation, we can partition = into 9
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§2A
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035, 04%
5=074080) | £=0080) | &=(27.080)
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: —
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=

Figure 2.2: An uncertainty region bounded with the infinity-norm with 9 partitions

identical subregions, each mathematically expressed as:

HM(&M _gw)Hoo S 5un

where d, = % for all w, and &, denotes the mid point for scenario/subregion w.

The partitioning of this uncertainty region is illustrated in Figure 2.2.
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Figure 2.3: Normalization of different 2-norm bounded original uncertainty regions
into an unit circular uncertainty region centered at origin

2.2.2 Normalization of Uncertainty Regions Bounded with the p-Norm

and the Reference Box

In the example of the previous section, the ranges of uncertian parameters are dif-
ferent and they may vary from problem to problem. For convenience of analysis, we
can normalize the ranges of all uncertain parameters in a problem to [-1 1], which is
a common idea in different statistical analysis [48]. For example, when a uncertainty
region is bounded with the 2-norm, then, it can have different ellipsoidal shapes at
different locations of the parameter space, as illustrated by Figure 2.3. But after

normalization, all regions will become a unit circle centered at the origin.
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In the remaining part of this thesis, two terms, ”original uncertainty region”
and "normalized uncertainty region” will be used frequently. ”Original uncertainty
region” refers to the uncertainty region of the parameters in the original problem.
”Normalized uncertainty region” refers to the uncertainty region of the transformed
uncertain parameters after the normalization process, and the transformed uncertain

parameters is called "normalized uncertain parameters”.

To normalize the original uncertainty region, bounded with a p-norm, there are
several steps involved. The first step is to find the ranges of the original uncertain
parameters, &4 and &,,in, and then shift the center of the original uncertainty region
to the origin, by introducing new uncertain parameters é = ¢ — ¢, where € is the mid

values of the original uncertain parameters, £ = m

The second step is to rotate the shifted uncertainty region around the origin, by

introducing new uncertain parameters £&” = M?¢, where the rotation matrix [49]

v cost) —sinf
sinf  cost

and @ is the rotation angle around the origin and possess positive sign for counter

clockwise rotation.

The third step is to resize the shifted and rotated uncertainty region by introduc-

ing normalized uncertain parameters A¢ = M Ré ", such that the normalized uncertain
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Figure 2.4: Normalization process of original uncertainty region

parameters all range from —1 to 1. The resizing matrix M*® is a diagonal matrix ad-

justing the size of the uncertainty region along different dimensions.

Figure 2.4 illustrates the three steps for the normalization process. If, as shown in
the figure, the original uncertainty regions is an ellipse, then after the normalization
process, the normalized uncertainty region for the normalized uncertain parameters
can be expressed with the 2-norm as Zx = {A¢ € R? : ||A¢]]; < 1}. The original un-
certainty region can then be expressed as = = {£ € R? : { = { + M AE, [|A¢||, < 1},

where M = MEM?.
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When the original uncertainty region is bounded with a p-norm, as

2, = {&: IME- 9, <1},

it can be readily normalized and the normalized uncertainty region can always be

expressed as

Eap = {AL AL, < 1}

. 5o instead of partitioning set =,, we can always choose to partition set =4 , which
is only dependent on the value of p, not the features of the original uncertainty re-
gion. Figure 2.5 shows shape of different normalized uncertainty regions bounded
with different p-norms. It can be seen that the smallest box that contains any nor-
malized uncertainty regions is the normalized uncertainty region bounded with the
infinity-norm. This is formally stated as the following proposition and a proof for the

proposition is given.

Proposition 1. Let Zp, = {A € R™ : [|AL], < 1}. Vp,q € Zo | U{oo}, If p < q

then Za, C Enq. Here Zy denotes the set of all positive integers.

Proof. ¥p € Z,,YAE € Ea,, we can first see that



Chapter 2. A Robust Scenario Approach for Uncertainty Regions

Bounded With the p-Norm 32
A&,

[ W 2nom
05 -/ ® 4nom
A  6-norm
S 8-norm

0 A&

-05F \ )
-1 -0.5 0 0.5 1

Figure 2.5: Normalized uncertainty regions bounded with different p-norms

1> [|Ag],

- (0aer) ™

= (iiﬂ?ﬁ{'%'p})%’ (2.11)

=1,...,

= [| A&l

which means that, A{ € Ea o as well. So, Ea, C EA -
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On the other hand,

(1AL][p42)""

= 1A&PlAg),
i=1

<D IAGPIAE oo (2.12)
=1

= (D 1A&P)- [ AL oo,

=1

= ([1A&]]p)"- | AL]|oo-

Using Equation (2.11),
(1Ag]])-[[AE]lwo < (IJAE]],)"*. (2.13)

Equation (2.12) and Equation (2.13) lead to ||A|[,11 < ||AE],. So VAL € Ea,,

A& € Zp p11 as well. Therefore, Za , C Ea pt1.

In summary of the above discussion, = C Z5 C Z3... C =4 and the proposition
is proved.

O

Proposition 1 shows that set Ea o is the smallest box that contains all the nor-
malized uncertainty regions bounded with the p-norm. In the remaining part of the

thesis, we call this set the reference box.
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Figure 2.6: Division of the reference box into box-shaped sub-regions

2.2.3 Subregions Generated by Partitioning of the Reference Box

According to the discussion in Section 2.2.1, the reference box Zx  of any normal-
ized uncertainty region =4 5, can be readily partitioned into a number of box-shaped
subregions, which can be represented as =, = {Aﬁw A, — ALl < 5w}. Here
w =1,...,s and s is the total number of scenarios. Obviously, |J]_, Z, = Eac D

Zap- This is illustrated through Figure 2.6.

From Figure 2.6, it can be seen that, some of the box-shaped uncertainty sub-
regions lie completely inside of the normalized uncertainty region and some of the
box-shaped uncertainty sub-regions lie completely outside of the normalized uncer-

tainty region. The box-shaped uncertainty sub-regions that lie completely outside
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of the normalized uncertainty region can be screened out as those uncertainty sub-
regions are not part of the normalized uncertainty region. The box-shaped uncertainty
sub-regions that lie completely inside of the normalized uncertainty region will always

be considered.

The box-shaped uncertainty sub-regions that lie on the boundary of normalized
uncertainty region can either be screened out or considered. When they are con-
sidered, the optimization problem over-estimates the normalized uncertainty region;
otherwise, the problem under-estimates the normalized uncertainty region. Figure 2.7
and Figure 2.8 illustrate the over-estimation and the under-estimation of the normal-
ized uncertainty region, respectively. When the number of box-shaped uncertainty
sub-regions is significantly large, the area of the uncertainty subregions on the bound-
ary is sufficiently small, and the over-estimated and the under-estimated normalized
uncertainty regions are sufficiently close, as illustrated in Figure 2.9. In this case, the
two optimization problems will have almost the same optimal objective values. Once
the normalization process is completed, then &, in Formulation (RS-norm) will be

replaced by € + M~1AE,.

2.2.4 Illustrative Example: Normalization and Partitioning

To better explain the normalization of original uncertainty region, subsequent par-
titioning of reference uncertainty region and the construction of over-estimated and
under-estimated normalized uncertainty regions, an example will be discussed in this
section. In this example, the original uncertainty region, defined by a quadratic con-

straint, is, = = {£ € R?: (& — 2)? + (& — 3)? < 4}. From the equation, it is found
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Figure 2.7: Over-estimation of the normalized uncertainty region

A,

A

Figure 2.8: Under-estimation of the normalized uncertainty region
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Figure 2.9: Approximation of the normalized uncertainty region with many secnarios

that, the original uncertainty region is a circle having center (2,3) and radius 2. Fig-

ure 2.10 illustrates the original uncertainty region.

The normalization procedure is illustrated in Figure 2.11. First, the original uncer-

tainty region can be expressed with the 2-norm, as = = {£ € R?*: | M (£ — )|, < 1},

where

Il
N |
o
I
I
[\)

@)
N |—
w

and ¢ denotes the center of the region. By defining the new uncertain parameters
é = ¢ — £, the uncertainty region is shifted to the origin. The shifted uncertainty

region can be expressed as = = {é e R?: || ME||, < 1}. Finally, resize the shifted
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Figure 2.10: Original uncertainty region bounded with (£, —2)? + (& — 3)? < 4

uncertainty region into a unit circle, by defining A¢ = M é . The normalized uncer-

tainty region can be expressed as Zx = {Af € R? : [|A||, < 1}.

Once the normalization process is completed, the normalized uncertainty region,
=Aa, can now be covered with a box-shaped reference uncertainty region, Za o. This
box-shaped reference uncertainty region can now be partitioned as described in the
previous section. If there are 25 partitions of reference uncertainty region, then the
over-estimation and under-estimation of normalized uncertainty region is shown in
Figure 2.12. When uncertainty subregions that have at least one extreme point in-
side the normalized uncertainty region are considered, the normalized uncertainty
regions is over-estimated, as shown in Figure 2.12(b). All 25 subregions are consid-
ered in this case. When uncertainty subregions that have all extreme points inside

the normalized uncertainty region are considered, the normalized uncertainty region
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Figure 2.11: Normalization process of original uncertainty region bounded with (§; —

22+ (& —3)2 <4

is under-estimated, as shown in Figure 2.12(c). In this case, only 9 uncertainty sub-

regions are considered.
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Figure 2.12: (a) Reference uncertainty region with 25 partition (b) Overestimation of
normalized uncertainty region (c¢) Underestimation of normalized uncer-
tainty region

2.3 Linear Programming Reformulations for the 1-Norm Constraints

With the proposed uncertainty region partitioning approach, uncertainty sub-regions,
—w, are always box-shaped and can be bounded with the infinity-norm, so Equation

(2.7) of Formulation (RS-norm) can always be written as:
ﬁgix + w] v, + (:cTatﬂ- +w! U + 0| (xTozt,i +w! U, )M ™|, <0. (2.14)

Equation (2.14) contains a term that is involved with the l-norm. Let y, =

(z¥ oy ; +wlU,)M ™1, then Equation (2.14) can be re-written as:

B;Fix +wi v, + (28 ay; +w] Uy)E, + 6, Z [Yw.i| < 0. (2.15)
j=1
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Here, we explain how to reformulate the constraint involving absolute value oper-
ations into linear constraints. We use the following simplified optimization problem

for convenience of discussion.

Formulation (1)

gél)I(l cr (2.16)
s.it. Az <b, (2.17)
ETx—i—i]yi\ <0, (2.18)

=1
yi=al M i=1,..,n, (2.19)

where n is the total number of components in y, which is also the number of

uncertain parameters in the robust scenario formulation.

Equation (2.18) of this optimization problem can be re-written. One way of re-
writing Equation (2.18) was discussed by McLean and Li [36]. It results in the

following LP problem:
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Formulation (2)

irél)r(l 'z (2.20)
sit. Az <b, (2.21)
o+y+y+.+y. <0, (2.22)
Fr—y+ya+ ..+ <0, (2.23)
r+y—yat .. +y. <0, (2.24)
r—y—pp+ .. +ya <0, (2.25)
yi=a; M ti=1..n, (2.26)

Comparing to the Formulation (1), this optimization problem has 2" — 1 extra
constraints. So, with the increasing numbers of uncertain parameters, the number
of constraints increases exponentially. If Formulation (1) involves a large number of
uncertain parameters, then this approach can make the problem hard to solve. To

avoid that, a new LP reformulation is proposed here.
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Formulation (3)

min ¢’z (2.27)
zeX
s.t. Ax <b, (2.28)
e+ <0, (2.29)
i=1
yi=ai M i=1,..n, (2.30)
>0 i=1,..n (2.32)

Here, Formulation (1) and Formulation (3) are equivalent, because, (a) both of
the optimization problems have the same objective function and (b) any x and y, that
satisfy the constraints of formulation (1), also satisfy the constraints of formulation
(3) and any z, y and ¢, that satisfy the constraints of formulation (3), also satisfy
the constraints of formulation (1). As a result, the feasible sets of = in formulation
(1) and formulation (3) are the same. Comparing to Formulation (1), Formulation
(3) has n extra variables and 3n — 1 extra constraints. So, the number of variables
and constraints increase linearly with n in Formulation (3), which is better than
Formulation (2). If the original optimization problem involves a large number of
uncertain parameters, then Formulation (3) is expected to perform better in terms of

computational time.
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2.4 Case Study

2.4.1 An Industrial Chemical Supply Chain from DuPont

In this section, an industrial chemical supply chain case study will be discussed
to show the effective implementation of the ideas described in the previous sections.
The industrial chemical supply chain case study problem was formulated from the
operational data, provided by DuPont [50]. The deterministic model contains 2335
variables and 1020 constraints. This supply chain network has 55 grades of Primary
Raw Materials (PRM). There is only one PRM warehouse in which PRM can be
stored. PRM can also be stored in one of the 5 on-site PRM warehouses. From
the on-site warehouses, the raw materials are sent to one of the 5 production plants
for processing into final products (FP). FP then sent to the on-site final product
warehouses. The FP has 23 different grades and can either be transported to regional
warehouses for additional storage or to the 5 regional markets to be sold to the
customers. The complete network of the supply chain problem is illustrated through

Figure 2.13.

The goal of this industrial chemical supply chain optimization problem is to de-
termine the optimal capacity for each of the plants in a way such that, the total
profit of supply chain network is maximized and the minimum customer demand at 5
different regional markets are satisfied. The uncertain parameters for this case study
are minimum demand of the different final products at each of the regional markets.
Capacities of different processing plants are the first-stage decision variables. The
second-stage decision variables are the raw material flows and product flows associ-

ated with the operation of the supply chain network. Both first stage and second



Chapter 2. A Robust Scenario Approach for Uncertainty Regions
Bounded With the p-Norm 45

Regional Warehouse

f PRM.P E% %E

PRM,C FP.p
fi u fi v

PRM WP
fi.u

®/

PRM W
fU

PRM Warehouse

Onsite
PRM
Warehouse Plants

Warehouse

%
\. 5\ Regional Market
s k=5

Figure 2.13: DuPont industrial chemical supply chain network

stage decision variables are represented by continuous variables in the optimization
problem. The Robust Scenario Formulation for DuPont Industrial Chemical Supply
Chain problem with it’s deterministic formulation, related nomenclature and list of
symbols are given in Appendix A. Note that, here instead of arbitrary demand, mini-
mum demand at different markets are to be met in order to satisfy the prior contract

commitments between different markets and the producers.
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2.4.2 Demand Uncertainty

We assume that the minimum demands (DQT}C”) for different grades of final products

(v) in regional markets (k) are uncertain. Specifically,
e =Drg, k=1,2,3

min mymin
vk — Yok '527 k= 47 i)

Here, Dvm,i” denotes the nominal demand, which is a known constant, of different
grades of final products at different regional markets. Due to different geographical
locations, there are two different groups of market. First group consists of £ =1,2,3
and second group consists of £ = 4,5. The uncertain parameter £ determines the
minimum demands at market 1, 2, and 3, and the uncertain parameter &; determines
the minimum demands at market 4 and 5.£; follows a normal distribution with mean
1 and standard deviation 0.1634, and &, follows normal distribution with mean 1 and
standard deviation 0.1226. The two uncertain parameters are independent of each

other. Therefore, the 95% confidence region of the two uncertain parameters is [51]:
== {f eR*: (& - g)TE_l(f - f) < X(2).05,2} .
Here, the covariance matrix and the center of the confidence region are

0.0267 0 1
0 0.0150 1
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and X(2).05,2 = 5.9915 denotes the percentage point for 5% tail for chi-squared distri-

bution (degrees of freedom = 2). = can also be expressed with the 2-norm, as

E={ R [IM(E -9l < 1},

where
0471 0

0 037!

In order to normalize the uncertainty region, define A& = M (£ — &), then the
normalized uncertainty region is = = {A¢ € R? : ||A¢||o < 1}. The robust scenario
formulation using the normalized uncertainty region for the DuPont industrial chem-

ical supply chain optimization problem is also given in Appendix A.

Next, we discuss how to calculate the probability for each scenario/uncertainty
subregion in the robust scenario formulation. Let’s assume that we are to partition the
reference box for the normalized uncertainty region into 16 identical box subregions,
as illustrated in Figure 2.14. According to its definition, either A&; or A&, follows a
normal distribution with a mean of 0 and a standard deviation of 0.4086. In other
words, either A&;/0.4086 or A&,/0.4086 follows the standard normal distribution.
Therefore, the probability of the 14" uncertainty subregion in Figure 2.14 can be

calculated as:

P14: CI)_1 _1;‘212 _(I)—l _1+%1 % CI)_l —1—|—§1 _(I)—l _1_{_%0
0.4086 0.4086 0.4086 0.40%6 /|-

(2.33)
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Figure 2.14: Normalized uncertainty region with 16 sub-regions

Here ®~! is the inverse cumulative distribution function for standard normal dis-
tribution. Note that, here standard deviation of A& and A& are found from the
covariance matrix, X,. If, 95% joint confidence region of normalizaed uncertain pa-
rameters, Zx = {Af € R? : AETETAE < XG50}, and the equation of normalizaed
uncertainty region, Zn = {A¢ € R? : ||A¢]|s < 1} are compared, then the covari-
ance matrix, >, can be written as X, = XQ;I , where I is the identity matrix and

0.05,2

X2 052 = 5.9915. From the above equation, covariance matrix is,

0.1669 0
0 0.1669

From this covariance matrix, standard deviations of both A& and A& can be
calculated and the standard deviations of A& and A&, are, v/0.1669 = 0.4085 and
v/0.1669 = 0.4085 respectively.

In general, if the range of each uncertain parameter is divided into b subranges,
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then the probability associated with h'* subrange (h =1,--- ,b) is

B, = o1 —1+2 e —1+2(h—1)
0.4086 0.4086 '

In addition, the total number of scenarios is s = b%, and the probability for each

scenario w (w = 1,...,s), P,, is the product of the probabilities associated with the
two uncertain parameters. Note that the sum of P, over all selected uncertainty
subregions, Pjua, is not equal to 1 in general. In order to calculate the expected cost
for the uncertainty realizations considered in the formulation, we use the following

scaled probability, Psced.w, for each considered scenario:

P,
Ptotal

Pscaled,w = (234)

Picajed can be viewed as the conditional probability, under the condition that only

the points in the considered uncertainty subregions can be realized.

2.4.3 Case Study Results

In this case study, we first solve the DuPont industrial chemical supply chain op-
timization problem using the new robust scenario approach, and then assess the
optimality and the feasibility of the solution using Monte Carlo simulation. The case
study problem was modeled using GAMS 24.3.1 [52], and solved in a machine with
3.40GHz CPU and Linux operating system using CPLEX 12.4 solver [45]. A relative
termination criterion of 1% was used for all the problems. For linear programming
reformulation of constraints involving the 1-norm, Formulation 3 proposed in Section

2.3, was used.
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(a) Convergence to Optimal Solution

We call the robust scenario formulation using the over-estimated uncertainty re-
gion RSF-OE, and the one using the under-estimated uncertainty region RSE-UE.
Figure 2.15 shows how the optimal objective values of the two formulations converge
with the increase of the number of scenarios. It can be seen that with increasing
number of scenarios, the optimal objective value of RSF-OE converges to the optimal
objective value of RSF-UE, within a relative tolerance of 1%. Initially, when the num-
ber of scenarios is 9 or 16, there is a significant difference (relative tolerance is more
than 1%) between the optimal objective values of RSF-OE and RSF-UE. The reason
behind it is, lack of sufficient number of scenarios for RSF-UE and RSF-OE to com-
pletely represent the normalized uncertainty region. When the number of scenarios
increased to 25, both optimal objective values converge within the relative tolerance,
which indicates that 25 scenarios are good enough to represent the normalized un-
certainty region bounded with the 2-norm. The converged optimal objective value is
$22092, and this value can be viewed as the expected profit predicted by the robust
scenario formulations at the convergence. Here, the first stage decisions, which are
the capacity of five processing plants are, 7383.81¢, 1626.32t, 577.04¢, 1334.23t, and
1793.55t respectively. Note that, these first stage decisions might be inconvenient
to implement due to practical purposes. For example, while building the procrssing
plants, if the choice of the capacity for first processing plant is 7000t or 7500¢, then the
capacity of first processing plant can be expressed as 70006, 4+ 750005 in the optimiza-

tion problem, where §; and 0, are binary variables and follow the equation, d;+d, = 1.
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Figure 2.15: Convergence of RSF-OE and RSF-UE

(b) Evaluation of Optimality and Feasibility of Solution

The robust scenario formulation is different from the rigorous two-stage stochastic
programming formulation in the sense that the second-stage decisions are approxi-
mated as affine functions of uncertainty realizations. So we need to assess whether
the first-stage decisions obtained by solving the robust scenario formulation are as
optimal as predicted and feasible with the predefined confidence.

We use Monte Carlo simulation for this purpose. We fix the first-stage decision
variables, i.e., capacities of the processing plants, to their values at the optimal solu-

tion. And then solve a full recourse problem for each sampled uncertainty realization.



Chapter 2. A Robust Scenario Approach for Uncertainty Regions
Bounded With the p-Norm 52

In order to know how many sampled realizations are needed to reflect the true ex-
pected profit and the true percentage of feasibility, we keep increase the number of
sampled scenarios until the simulated expected profit and percentage of feasibility do
not change.

Figure 2.16 and Figure 2.17 give the simulation results.

Figure 2.16 illustrates the optimality test for DuPont industrial Chemical Supply
Chain problem. From Figure 2.16 it can be seen that, with sufficiently large number
of samples for normalized uncertain parameters, the predicted expected profit can be
very close to the achieved expected profit.

From Figure 2.16, at the beginning, when number of samples were small (less than
100), the difference between achieved expected profit and the predicted expected profit
was very high. With the increasing number of samples, the achieved expected profit
decreased quickly till 1000 samples. After 1000 samples, the achieved expected profit
again incresed and at 2000 samples and onwards the change in two consecutive profits
are within the relative tolerance of 1%. The profit at 2000 samples is $22096 which

is better than the predicted expected profit of $22092.

While calculating the achieved expected profit, Monte-Carlo simulation was con-
ducted with a large number of normally distributed random samples. In that case,
feasibility of the problem can be an issue. Here, the minimum desired rate of fea-
sibility is 95% which means that for all the normally distributed random samples,
atleast 95% of the problems has to be feasible. This procedure is named as feasibility
test. Figure 2.17 illustrates the feasibility test of DuPont industrial Chemical Supply

Chain problem.
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Figure 2.16: Optimality test for DuPont Industrial Chemical Supply Chain Problem

In that case, 10, 100, 500, 700, 1000, 1500, 2000, 3000 and 4000 normally dis-
tributed random uncertainty realizations for normalized uncertain parameters, AE,
were used. From Figure 2.17 it is clear that initially when the number of samples are
low, the rate of feasible problems decreases very quickly. With the increasing number
of samples, the percentage of feasibility slowly becomes constant. At 2000 samples,
the percentage of feasible problems become 99.55% which almost remained constant
(99.61%) even at 4000 samples. The feasibility rate, which is 99.55% for 2000 samples

is far better than the initial expectation of 95% feasibility.
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Figure 2.17: Feasibility test for DuPont Industrial Chemical Supply Chain Problem



Chapter 3

Robust Scenario Approaches for Robust
Optimization and Data Driven Stochastic

Programming

In Chapter 2, a general approach has been developed to effectively address uncertainty
regions bounded with the p-norm, in two-stage stochastic programming. Uncertainty
regions bounded with the p-norm can be used to represent or approximate many
symmetric and convex uncertainty regions. However, in the real life, there are cases
where uncertainty regions are asymmetric and nonconvex [53]. In this chapter, the
approach proposed in Chapter 2 will be extended to all bounded uncertainty regions.
The potential benefits of rotation of the original uncertainty region will also be dis-

cussed.

In real life industrial cases, uncertain parameters are often characterized through
historic data [54]. A data driven robust scenario formulation will be discussed for

these cases, in the second part of this chapter.
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Figure 3.1: An asymmetric and nonconvex bounded uncertainty region
3.1 A Robust Scenario Approach for Robust Optimization

While a robust scenario approach is developed in Chapter 2 for uncertainty regions
bounded with the p-norm, a real life problem may have an asymmetric and nonconvex

bounded uncertainty region, such as the one shown in Figure 3.1.

Asymmetric or nonconvex uncertainty regions often arise from problems where
uncertainty regions are defined explicitly by a set of constraints, such as those from
many robust optimization problems. These robust optimization problems are often
treated as semi-infinite programming problems and solved using iterative approaches

[55] [56]. Here we discuss robust optimization problems in the following form:

2%12 f(x) (3.1)
st.  g(x,§) <0, VEeE, (3.2)

where = denotes the original bounded uncertainty region that can be defined by a set

of equations and can have an arbitrary shape and f(z) is a nominal objective function.
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Like uncertainty regions bounded with the p-norm, a general bounded uncertainty
region can be normalized such that the ranges of all uncertain parameters are [-1, 1].
Take the uncertainty region in Figure 3.1 as an example, the first step towards the
normalization of the region is to determine the range of the uncertain parameters, by

solving the following optimization problems:

min & (3.3)
st. (&,&) €5, (3.4)
max & (3.5)
st. (&,&) € 5, (3.6)
min & (3.7)
st (€1,6) €E, (3.8)
max & (3.9)
st. (6,86)€E, (3.10)

Let the optimal values of the problems are & min, {1.maz, §2,mins §2.maz, then the

ranges of the two uncertain parameters are [£1 min, £1.maz |, [§2.min, £2.mas], and the cen-

51,maz+fl,min f2,maz+§2,min]

ter point of the uncertainty region is defined as [¢;, &) = | 5 , 5

Define the new uncertain parameter vector f = ¢ — £, then the new uncertainty re-

gion is centered at the origin. In addition, define the deviated uncertainty parameter
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Figure 3.2: Normalization process for a bounded uncertainty region

vector A = M f , Where

El,maz;fl,min O

<
I

0 2

then the ranges of A& and A& will become [—1 1]. Figure 3.2 illustrates the

normalization process of original uncertainty region.

Once the normalization process is completed, then the normalized uncertainty re-
gion can be covered with the reference box Za o = {A€ € R?: ||A|l < 1}, and the
reference box can be partitioned into s box-shaped uncertainty sub-regions defined
as 2, = {AL € R?: AL, — Alyllw <60} (w=1,...,5) , according to the approach

discussed in Chapter 2.
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The optimization problem, RSF-OE, that over-estimates the normalized uncer-

tainty region can be written as:

min flz) (3.11)
st. g(x,6) <0, V&, €E9F w=1,..s. (3.12)

The optimization problem, RSF-UE, that under-estimates the normalized uncer-

tainty region can be written as following

i 1
min f(x) (3.13)
st. g(x,6) <0, V&, e2VE w=1,..s. (3.14)

Here, Z9% indicates the box-shaped uncertainty sub-regions when the normalized

uncertainty region is over-estimated and ZU¥” indicates the box-shaped uncertainty

sub-regions when the normalized uncertainty region is under-estimated.

3.1.1 An Illustrative Example

To demonstrate the idea of solving an optimization problem with any bounded
uncertainty region, the following simple example will be considered, where there are

two uncertain parameters (§; and &) and two decision variables (z; and z5)
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Problem 1
) 5 1

min - 25 = o (3.15)
st &Gui+&re—1<0, V(&4,6) € E (3.16)

Here the uncertainty region is defined as:

E={(eR:3§+(£—-2°<3,4+& <3},

This uncertainty region is shown in Figure 3.3.
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To determine the ranges of & and &, following optimization problems are solved:

min & (3.17)
st. 32+ (6-22<3, & +6<3, (3.18)
max & (3.19)
st. 32+ (6-2)2<3, & +6<3, (3.20)
min & (3.21)
st 3+ (& -2 <3, &+ <3, (3.22)
max & (3.23)
st 3+ (& —-2)2<3, §+6 <3 (3.24)

From the solutions of the optimization problems, the ranges of ; and & are [—1, 1]

and [0.268, 3.50]. Define £ =¢— & where

—141
5 0

7Y
I
|

0.2684-3.50
0.268 3.50 1.884

which shifts the center of the uncertainty region to the origin. Then define A = M f ,

and
-1

10
M:

0 1.616

Now the normalized uncertainty region is the following region for A¢:

Ea={ALER I AL=M(§—¢€), 3 + (&2 -2 <3, & +& <3}
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Figure 3.4: Normalization process for =

The normalization process is shown in Figure 3.4.

Now, the smallest box region that covers the normalized uncertainty region is

Eac = {Af € R?: ||Af]| < 1}, which can be partitioned to generate a set of box-

shaped subregions that over-estimates =n and a set of box-shaped subregions that

under-estimates Z5. Figure 3.5 shows the case in which =4 o is partitioned into 25

scenarios, resulting in an over-estimation of =x with 23 subregions and an under-

estimation of =5 with 8 subregions.
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Figure 3.5: (a) Reference uncertainty region with 25 scenarios (b) Overestimation of
normalized uncertainty region (c¢) Underestimation of normalized uncer-
tainty region

The LP reformulation for either RSF-OE or RSF-UE, is given below

1
min 22— —x 3.25
-5 (

ng
st x+ AE(MHT) + 4, Zti <1, w=1,..,s,
i=1

—t< (M YHx <t (3.26)

t>0. (3.27)

Here, t = (t1, t3), * = (21, x2). M determines the shape of the original un-
certainty region, £ is center of the original uncertainty region, A&, is the center of
each uncertainty subregions generated from partitioning the normalized uncertainty
region, and J,, determines the size of each uncertainty subregion. The derivation of

robust scenario formulation of Problem (1) is given in Appendix B.
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3.1.2 A Different Way to Partition the Original Uncertainty Region

In this section, we will first rotate the original uncertainty region and then apply
the partitioning procedure. This is motivated by the fact that, one edge of the origi-
nal uncertainty region is a straight line. If the region is rotated such that this edge is
aligned with one of the coordinate axes, then the partitioning may be more efficient

and effective.

Figure 3.6 illustrates the normalization process of original uncertainty region,
when the original uncertainty region of Problem (1) is rotated around the origin by

45% counter clockwise using the following rotation matrix:

cos4b°® —sin4dh®

sindb®  cos4db®

S-Sl
S-Sl

The relationship between the original uncertain parameters &, and the normalized
uncertain parameters AE", is € = (M?)7HE" + M~YAET). Partitioning of the refer-
ence box and the resulting overestimation of the normalized uncertainty region and
underestimation of the normalized uncertainty region are illustrated in Figure 3.7.

The LP reformulation for RSF-OE or RSF-UE is given below:

1
min 23 — oRa! (3.28)

s.t. f}Tx + (Ae)T(MTx) +5thi <1, w=1,..,s,

i=1

—t< Mz <, (3.29)

t>0, (3.30)
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N _ . 0.707 —0.707
Here, £7 = (M?)7'¢," and M = (M) "' M~! =
1.143  1.143

3.1.3 Benefit of Rotation of the Uncertainty Region

Figure 3.8 shows the optimal objective values of RSF-OE and RSF-UE for both
rotated and un-rotated original uncertainty region cases, for up to 900 scenarios. It
can be seen that, initially there are large differences between the optimal objective
values of RSF-OE and RSF-UE (for both un-rotated and rotated original uncer-

tainty regions), which indicates that, the numbers of scenarios are not sufficient to
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Figure 3.7: (a) Reference uncertainty region with 25 scenarios (b) Overestimation of
uncertainty region (c¢) Underestimation of uncertainty region

completely represent the normalized uncertainty region. Figure 3.9 illustrates the
optimal objective values of RSF-OE and RSF-UE for both rotated and un-rotated
original uncertainty region cases from 2500 to 22500 scenarios. It can be seen that,
with the increasing number of scenarios, the difference between the optimal objective
values of RSF-OE and RSF-UE decreases (for both un-rotated and rotated original
uncertainty regions), which indicates, when the number of scenarios are large, the
normalized uncertainty region is better represented comparing to the situation where

number of scenarios were low.

From Figure 3.9, the optimal objective values of RSF-OE and RSF-UE optimiza-
tion problems converge at 22500 scenarios (within the relative tolerance of 1%), for

un-rotated original uncertainty region case and the optimal objective value is 0.658.

The number of scenarios required for the convergence of RSF-OE and RSF-UE for

the rotated original uncertainty region case are 16900 and the optimal objective value



Chapter 3. Robust Scenario Approaches for Robust Optimization and
Data Driven Stochastic Programming 67

2.6

2.4H B

—&— Un-rotated uncertainty region UE
2.2H —#— Un-rotated uncertainty region OE B
—+— Rotated uncertainty region UE
—<— Rotated uncertainty region OE

1.8 B

Optimal objective

0‘ ‘ 100 200 300 400 500 600 700 800 900
Number of Scenarios

Figure 3.8: Convergence of RSF-OE and RSF-UE, Scenario 9-900

is 0.654. When original uncertainty region was rotated 45° counter clockwise, it took
a less number of scenarios for the convergence of RSF-OE and RSF-UE comparing

to the case of un-rotated original uncertainty region.

3.2 A Robust Scenario Approach for Data Driven Stochastic Program-

ming

In the industry, the values of uncertain parameters over the previous time periods
are often recorded, so the uncertainty region for the parameters can be reflected by

the historic data. For example, if there are two uncertain parameters, the uncertainty
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Figure 3.9: Convergence of RSF-OE and RSF-UE, Scenario 2500-22500

region can be reflected by a scatter plot with historical data, as shown in Figure 3.10.
In this section we give some preliminary discussion regarding the solution of data

driven stochastic programming problems via a robust scenario approach.

3.2.1 Normalization and Partitioning Process for Data Driven Stochastic

Programming

We use the example in Figure 3.10 to demonstrate how the data set can be nor-
malized, a bounded box can be constructed and partitioned to formulate a robust
scenario formulation. First, find out the ranges of each uncertain parameter, and the

mid points of the uncertain parameter ranges give the center of the data set, £&. Then
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Figure 3.10: Representation of uncertain parameters using a data set

shift the center to the original by defining é =¢—¢

Next, construct the smallest box that covers a given percentage, say 95%, of the
data points. Enforce the ratio of the two edges of the box to be o, where oy is the
standard deviation of data set of &; and o5 is the standard deviation of data set of &;.
The size of the box can be determined by a trial and error procedure. For example,
one can start the procedure with a box that covers all the data points, and keep
reducing the size of the box until only 95% of data points are covered. We call the

box obtained at the end of this procedure be the reference box, and let the edges of

the box be a and b.

After the reference box is constructed, define the normalized uncertain parameters
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A& = ME, where

-1

<
[

Finally, the reference box can be readily partitioned into a number of box-shaped
uncertainty subregions. Figure 3.11 illustrates the overall process, in which 9 box

uncertainty subregions are generated at the end.

The probability of each uncertainty sub-region can be calculated according to the

percentage of data points inside the sub-region.

P,=—=, w=1..,s (3.31)

Where,
P,, = Probability of uncertainty subregion w,
n,, = Number of data point inside uncertainty subregion w,

n = Total number of data point inside the reference box.

3.2.2 Case Study Results

The DuPont industrial chemical supply chain problem studied in Chapter 2 is again
used for a case study. Here we assume that we do not know the distributions of the
two uncertain parameters, but know some data points for the parameters that were
previously recorded. We need to guarantee the feasibility of the solution with a con-
fidence level of 95%. We consider three cases here, where 100, 500, and 1000 data

points are available for stochastic programming. We sample the data points randomly
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Figure 3.11: Normalization of original uncertainty region described as data set and
partitioning of reference box

using the normal distributions considered in Chapter 2. The relative tolerance for

solving all optimization problems was 1%.

Table 3.1 summarize the solution results for the three cases. The predicted ex-
pected profit refers to the optimal objective value of the robust scenario formulation,

i.e., the profit predicted by the formulation. The achieved expected profit refers to
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the expected profit that can be really achieved by the obtained solution, and the
percentage of feasibility refers to the probability of the solution for satisfying all con-
straints. The achieved expected profit and the percentage of feasibility are estimated
by first fixing the first-stage decision variables to the solution, and then calculate the
average profit and the percentage of feasibility for 8000 randomly sampled uncertainty
realizations. 8000 samples are enough for a good estimation, as the estimation results

do not change when more samples are generated.

It can be seen from Table 3.1 that, when 100 and 500 samples were considered,
the percentage of feasibility were below the desired confidence level of 95%. This is
due to the fact that, the numbers of data points available for charactering the desired
uncertainty region were not enough. When the number of available data points was
1000, the obtained solution achieved a satisfactory percentage of constraint satisfac-
tion. On the other hand, the difference between the predicted and achieved expected
profits deceases slightly with the increase of available samples, but the differences are
all within the optimization tolerance.

Here we also give more details about the uncertainty region construction and

Table 3.1: Computational Results for the data driven robust scenario formulation
with different numbers of available samples

Number of Samples

Predicted Expected Achieved Expected Percentage of

Profit (%) Profit ($) Feasibility (%)
100 22654 22870 94.05
500 22704 22913 93.15

1000 22579 22786 98.76
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normalization. When there was 100 available samples,
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and the normalized data points and reference box are shown in Figure 3.12.

When there were 500 available samples,
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and the normalized data points and reference box are shown in Figure 3.13.



Chapter 3. Robust Scenario Approaches for Robust Optimization and
Data Driven Stochastic Programming 74

-1

Figure 3.13: 500 samples and the corresponding reference uncertainty box

When there were 1000 available samples,

0.9986 | oy oo | 040

1.0038 72 0 0.3

I
|

and the normalized data points and reference box are shown in Figure 3.14.
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Figure 3.14: 1000 samples and the corresponding reference uncertainty box



Chapter 4

Nonlinear Robust Constraints and Decomposition

Based Optimization

In Chapters 2 and 3, the normalized bounded uncertainty region is partitioned into
box-shaped uncertainty subregions that are bounded with the infinity-norm. The
resulting robust constraints can be reformulated into linear constraints and then the
robust scenario formulation becomes a LP problem that can be solved efficiently with
start-of-the-art LP solvers such as CPLEX. However, when the uncertainty subregions
are bounded with nonlinear constraints, the resulting robust scenario formulation is a
nonlinear programming (NLP) problem. When the size of the NLP problem is large,
the solution time may be prohibitively large, even if the problem is convex. In this
chapter, we discuss applying a decomposition-based optimization method for solving
nonlinear robust scenario formulations and demonstrate the benefit of it through a

case study.
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4.1 Non-linear Robust Constraints

In Chapter 2, a new robust scenario approach was discussed where after normaliza-
tion, the normalized uncertainty region was partitioned into box shaped uncertainty
subregions, and over-estimation and under-estimation of the normalized uncertainty
region are achieved with parts of the uncertainty subregions. When the normalized
uncertainty region is partitioned into more uncertainty subregions with smaller sizes,
the over- and under-estimated uncertainty region will converge. In principle, the
normalized uncertainty region can be partitioned into uncertainty subregions with
other shapes that are defined by nonlinear constraints (such as ellipsoids). Using
uncertainty subregions defined by nonlinear constraints may be beneficial if (a) the
normalized uncertainty region is shaped or structured in a way that, when nonlinearly
constrained subregions are used, fewer number of uncertainty subregions are needed
for the convergence; or (b) from the uncertainty distribution, nonlinearly constrained
subregions can lead to more precise estimate of expected costs. Figure 4.1 compares
the cases where the normalized uncertainty is approximated by box subregions and

ellipsoidal subregions.

With nonlinearly constrained uncertainty subregions, the robust scenario formu-
lation is nonlinear. For example, if circular uncertainty subregions are used, i.e., the

subregions can be expressed as

EWZ{A&U ER2 : ||A§w_A§_w||2 S(Sw}7 W = ]-7"‘78'

Here, (A&, — AE,) indicates the center of each circular uncertainty sub-regions. In

this case, the robust scenario formulation can be written as:



Chapter 4. Nonlinear Robust Constraints and Decomposition Based
Optimization 78

(@) (b)

Figure 4.1: (a) Uncertainty sub-regions are bounded with the infinity-norm (b) Un-
certainty sub-regions are bounded with the 2-norm

Formulation (RS-norm-2)

s

ml)r(l '+ Y Py(agé, + B (Unéy +v.) (4.1)

Ufjf.,US w=1
st. Ax <b, (4.2)
53;2-95 +wl v, + (2 ay; +w] U + ull(z s +w] U, )Mo <0, (4.3)

The above problem has a L-shaped structure as shown in Figure 1.2 in Chapter 1,
and it is a second-order cone programming (SOCP) problem which is convex [57].
Therefore, this problem can be solved via generalized Benders decomposition that is
introduced in Chapter 1, which can be much more efficient than any classical convex

optimization method, especially when the problem size is large.
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4.2 Generalized Benders Decomposition Algorithm

This section describes the generalized Benders decomposition algorithm for solving
the robust scenario problem. Consider the following form of problem, which the

robust scenario problem can be written into:

Problem (P)

S

mgnny ; (ciwx + c;jwyw) (4.4)
s.t. Apz + gu(y,) <0 (4.5)
veX (4.6)
Yo €EY,, w=1,..,8 (4.7)

Here X is a nonempty compact set, g,(y,) is a convex function of y,, and Y, is
a convex set, for all the scenarios (w = 1,...,s) used in the optimization problem.
In generalized Benders decomposition, Problem (P) is solved by solving a number of
subproblems iteratively, namely, primal problem, feasibility problem, relaxed master

problem, and feasibility relaxed master problem.

The primal problem is constructed by fixing x = z;, at the k** iteration of general-
ized Benders decomposition algorithm, and it can be decomposed into s subproblems,

each in the following form:
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Problem (PPF)

: _ . T T

biprs =, i, D (Crut+ ) (48)

s.t. Aur® +g,(y,) <0 (4.9)
Y € Yo, (4.10)

From the formulation it can be seen that, Problem (P PF) is easy to solve compar-
ing to the problem (P). The reason for that is, it only involves second stage decision
variables as z¥ is fixed to a constant value in this problem and also the size of the
problem (PPF) is not dependent on the number of scenarios involved in the original

problem (P).

There is a possibility that problem (PP¥) might be infeasible. In that case a fea-
sibility problem will be solved and that too can be decomposed into s sub-problems

in the following form.

Problem (FPF)

objppr = yrinGnu |G, ll1 (4.11)
s.t. Ak + 9u(Yw) <0 (4.12)
Yo € Yoo (4.13)
20 >0 (4.14)

Here, ||||; denotes the 1-norm and G, is slack variable. In the first iteration, x is
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chosen as any arbitrary value. In the subsequent iterations, the value of x is generated

by solving another optimization problem, named, relaxed master problem.

Problem (RM P*)

Ial,inn n (4.15)
st. n> Zsjobjppg + zs: (ciw + (M)A | (z—2f), VjeT* (4.16)
w=1 w=1
0> iObjFngr i(,ufu)TAw (x—a%), Vi € R* (4.17)
w=1 w=1
reX (4.18)

Here the index set can be defined as following.

TF = {j € {1,...,k} : Problem (P) is feasible for z = 27}
RY ={i € {1,....k} : Problem (P) is infeasible for z = '}

Here N/ indicates the Lagrangian multipliers for Equations (4.9) of Problem (P P¥)
and g, indicates the Lagrangian multipliers for Equations (4.12) of Problem (FPF¥).
Equations (4.16), which are obtained from the solution of primal sub-problems, are
known as optimality cut. Equations (4.17), which are obtained from the solution
of the feasibility sub-problems, are known as feasibility cut. As Problem (RM P¥)
contains only first stage decision variable x and it’s size is independent of the num-
ber of scenarios, hence Problem (RM P*) is much easier to solve comparing to the

original Problem (P). At the initial iterations, the set T* might be empty because of
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the possible infeasibility of Problem (P) for all the chosen value of z. Because of this,
Problem (RM P*) may be unbounded at initial few iterations. For these iterations,

feasibility relaxed master problem is solved.

Problem (FRM P*)

min ||z, (4.19)

st. 0> Z 0bjppi + Z (ufu)TAw (x—2a?), Vie R* (4.20)
w=1 w=1

reX (4.21)

Generalized Benders decomposition solves the primal problem (PPX) or Feasi-
bility problem (FP¥) and Relaxed Master Problem (RM P*) or Feasibility Relaxed
Master Problem (FRM P*) in an iterative manner. The solutions of Problem (P PF)
provides a sequence of upper bounds for the Problem (P) and the solutions of Prob-
lem (RM P*) provides a sequence of lower bounds for the Problem (P). When the
upper bound and lower bound converges then an optimal solution is obtained. The

generalized benders decomposition algorithm is given below.

1. Initiation: Set a sufficiently large upper bound, UBD = M and a large lower
bound, LBD = —M. Here, M > 0, tolaerance limit, ¢ > 0, iteration counter, k = 1

and T° = R® = &. The initial value of z is selected as zj.

2. Primal Problem: Primal Problem (PPF) is solved for all the scenarios,

w=1,..s.
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3. Feasible Primal: If Problem (PP¥) is feasible for all the scenarios, w = 1, ..., s,
then an optimal solution 4, the associated Lagrange multipliers A¥ and the optimal
objective value objppr can be obtained. Set T+ = T J{k}, R* = R*! and add

an optimality cut to the relaxed master problem. If > ° | 0bj ppe < UBD, then set

UBD =57 _, and (z*, 4}, ....,y%) = (k. k).

4. Infeasible Primal: If Problem (PPF*) is infeasible for some w, then solve
(FPF) and obtain Lagrange multipliers p* and the optimal objective value obj FPE-
Set R¥ = RE-1U{k}, T = T* !, and add a feasibility cut to the relaxed master

problem.

5. Relaxed Master problem:
(a) If T* = @, solve Problem (FRM P*). If the problem is feasible and an optimal
solution & is obtained, set 2**! = 7.
(b) If T* # &, solve RM P*. If thje problem is feasible and an optimal solution (%, 1)

is obtained, set z¥*! = 2 and LBD =, 7.

6. Termination Check: If Problrm (FRM P*) or (RM P*) is infeasible, termi-
nate and Problem (P) is infeasible. If UBD < LBD + ¢, terminate and (z*, y7, ..., y¥)

is an optimal solution of Problem (P); otherwise, set k = k + 1 and go to step 2.
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4.3 Computational Study

The goal of the case study is to apply the generalized Benders Decomposition al-
gorithm to solve a nonlinear robust scenario formulation for the DuPont industrial
supply chain problem. This formulation is modified from the one studied in Chap-
ter 2. In this formulation, first-stage decisions (i.e., the capacities of the processing
plants) are integer rather than continuous variables, and the impurity constraints are
removed to avoid some numerical problems. The full formulation and the subproblems
that are to be solved in generalized Benders decomposition are given in Appendix C.
The dual norm functions involved in the subproblems are assumed to be the 2-norm
(i.e., the uncertainty subregions are assumed to be ellipsoidal). This assumption is
merely to yield nonlinear robust constraints for the computational study, and it does
not mean that the ellipsoidal uncertainty subregions are better than box uncertainty

subregions in terms of approximating the original uncertainty region.

All the case study problems and subproblems solved in generalized Benders de-
composition algorithm were modeled in GAMS 24.3.1 and the main algorithm of
Benders decomposition was implemented in MATLAB 2014a. GDX facility, provided
by MTLAB, was used to exchange operational data of the case study between GAMS
and MATLAB. Primal problem (PP¥) and feasibility problem (FP*) was solved us-
ing MOSEK 7.1. Relaxed master problem (RM P*) and Feasibility relaxed master
problem (FRM P*) was solved in CPLEX 12.4. A machine having 3.40 GHz CPU, 8
GB RAM and Linux operating system was used to solve all the sub-problems. A rel-
ative termination criterion of 1% was used for solving the supply chain optimization

problem.
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Table 4.1: Comparison of computational times for different numbers of scenarios

. : GBD GBD
Scenarios | MOSEK time (s) total time (s) solving time (s)
1 1.80 11.03 3.08
9 19.57 14.85 5.48
25 256.46 194.58 67.54
49 424.23 364.87 147.31
81 564.47 487.79 189.54
121 387.92 346.12 126.48
169 641.29 488.31 154.73

The computational results for the robust scenario are given in Table 4.1. MOSEK
time refers to the CPU time for MOSEK to solve the robust scenario problem directly.
GBD solver time refers to the CPU for generalized Benders decomposition to solve
all subproblems before the convergence. GBD total time refers to the wall time for
generalized Benders decomposition to solve all subproblems before the convergence,

including the GBD solving time and the computing overhead.

It can be seen from Table 4.1 that, MOSEK solution time is much faster than
Benders decomposition for the case where only one scenario was involved. With the
increasing number of scenarios, MOSEK solution time increased rapidly. As a result,
when the number of scenarios was greater than 1, generalized Benders decomposition
requires less time than MOSEK to solve the problem. it can also be seen that, solv-
ing time for generalized Benders decomposition is significantly shorter than the total
time for executing the generalized Benders decomposition. This significant difference

is due to the data exchange from GAMS to MATLAB through GDX facility. More
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Figure 4.2: Comparison of computational times

efficient implementation of Benders decomposition, e.g. using a unified programming
language/platform such as C++ and Python, can reduce the time required for data
exchange and therefore reduce the total time required. The computational results in
the table are also visualized in Figure 4.2. With the increasing number of scnarios,
the problem size also increases, as a result, it should take more time to solve GBD
algorithm when problem size is large. But, when the number of scenarios are 121,
it took less time for GBD to solve the problem. The main reason behind it is less

number of iterations to solve GBD when number of scenarios are 121.

Table 4.2 provides more details of the computational study results for different
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Table 4.2: Other computational results

Scenarios 1 9 25 49 81 121 169
GBD Iterations 8 12 23 38 48 29 35
PP solving time 1.9 2.54 29.28 59.27 97.85 42.65 54.78
FP solving time 1 1.12 30.42 59.98 76.9 83.51 68.92
RMP solving time 0.176 | 0.006 | 0.232 0.085 0.033 0.058 0.048
FRMP solving time 0 0 0.025 0.058 0.029 0.263 0.182
Constraints 13850 | 126411 | 290750 | 512270 | 955311 | 1342970 | 18996770
Continuous variables | 18531 | 166731 | 389031 | 685431 | 1278231 | 1796931 | 2537931
Integer Variables D ) ) ) ) ) 5

numbers of scenarios, including the problem size, number of iterations, times for

different subproblems.




Chapter 5

Summary and Conclusions

A general approach is proposed in this thesis to solve two-stage stochastic program-
ing with recourse that comes from strategic supply chain optimization problem where
uncertainty region is bounded with the p-norm. The synergy of the classical scenario
approach, which commonly provides good optimality and the robust approach, that
can guarantee feasibility of a problem, named robust scenario formulation, was used
in this thesis to solve the two-stage stochastic programing with recourse. In this
general approach, after the normalization of uncertainty region bounded with the p-
norm, the normalized uncertainty region can be covered with a reference uncertainty
region which is bounded with the infinity-norm. That reference uncertainty region
was divided into box shaped subregions. A optimization problem was solved where
the original p-norm bounded uncertainty region was overestimated with boxes. The
criterion of overestimation was, if any one extreme points of an uncertainty subregion
was inside the original p-norm bounded uncertainty region, then that uncertainty
sub-region was included in the optimization problem. Another optimization problem

was solved where the original p-norm bounded uncertainty region was underestimated
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with boxes. The criterion of underestimation was, if all extreme points of an uncer-
tainty subregion was inside the original p-norm bounded uncertainty region, then that
uncertainty sub-region was included in the optimization problem. When the optimum
objective of both of the optimization problems were converged to a constant within a
given tolerance then it was assumed that, enough partitioning was done to represent
the uncertainty region bounded with the p-norm. Since the rectangular uncertainty
sub-regions were described by the infinity-norm, the optimization problems to be
solved had constraints involving the 1-norm, and these constraints were transformed
into linear constraints. A new approach was introduced to reform the constraint in-
volving 1-norm which prevent the exponential growth of constraints comparing to the
procedure applied in the literature [36]. Here in the new approach, the growth rate of
constraints was linear. A case study provided by DuPont successfully demonstrated
all the concepts mentioned above where profit was maximized by satisfying minimum

demand of final products in the market.

To verify the optimality of the optimal profit obtained via the robust scenario ap-
proach, Monte Carlo simulation was conducted. In Monte Carlo simulation, different
number of samples of uncertain parameters were used to calculate the expected profit.
With very large number of samples, the calculated expected profit was higher than
the predicted profit form the model. To verify the feasibility of the solution obtained
via the robust scenario approach, again Monte Carlo simulation was conducted. In
Monte Carlo simulation, different number of samples of uncertain parameters were
used to calculate the percentage of feasibility. For each case, the percentage of the

samples for which the solution was feasible, calculated. With very large number of
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samples, the calculated feasible percentage was greater than the initial target of 95%.

When the uncertainty region had any bounded arbitrary shape then the approach
of normalization, underestimation of uncertainty region, overestimation of uncertainty
region was applied. In that case, a nominal objective function was used. In this the-
sis, an example was showed in that regard where uncertainty region has arbitrary
bounded shape. Rotation of uncertainty region might have influence reducing the
number of scenarios required to represent the uncertainty region. Another example
was showed where the same uncertainty region was rotated to 45° counter clockwise
and then the similar approach of normalization, underestimation of uncertainty re-
gion, overestimation of uncertainty region was be applied. From the result it was
evident that, rotation of uncertainty region reduced the number of scenarios required

to converge to the optimal solution.

In industrial practice, it is more practical to represent uncertain parameter with
scattered data point instead of a given uncertainty region. In that case a new approach
was proposed named data driven robust scenario formulation. In that approach, after
rejecting the outliers, a reference box, bounded with the infinity-norm, was chosen
which covered 95% of the data points. Then, after normalization, the reference un-
certainty box was partitioned into smaller uncertainty sub-regions of box shape. The
exclusion criterion of an uncertainty sub-region form the optimization problem was, it
must contain atleast one data point. The expected value of the uncertainty sub-region
in that case was the average of all the data point inside the uncertainty sub-region.

DuPont industrial chemical supply chain case study was also chosen to demonstrate
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the effectiveness of the approach. In that case study, different number of samples
for uncertain parameters(100, 500 and 1000) were used. When the number of sam-
ples were 100 and 500, the achieved expected profit was higher than the predicted
expected profit but the percentage of feasible cases were less than the desired target
of 95%. It indicates less number of samples were considered to represent uncertain
parameters. When the number of samples for uncertain parameters were 1000, the
achieved expected profit was also higher than the predicted expected profit. This time
the percentage of feasibility was greater than the desired target of 95%. It indicates

enough samples were considered to completely represent uncertainty region.

Previously, for the p-norm bounded uncertainty region, it was assumed that, the
uncertainty subregions were bounded with the infinity-norm resulting in the linear
robust constraint as dual norm of the infinity-norm is the l-norm. But if it is as-
sumed that, uncertainty subregions are bounded with the 2-norm then resulting ro-
bust constraint will be non-linear as dual norm of the 2-norm is the 2-norm itself. In
this thesis, generalized Benders decomposition algorithm was studied for simplified
DuPont industrial chemical supply chain problem where the uncertainty subregions
were bounded with the 2-norm. It was found from the DuPont industrial chemical
supply chain case study that, with the increasing number of scenarios, MOSEK so-
lution time increased. As a result, when the number of scenarios were greater than
1, generalized Benders decomposition required lesser time than MOSEK to solve the

problem.
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Future work of this thesis may involve to find out a general framework to deter-
mine the best rotation angle of original uncertainty region so that minimum screening
of uncertainty sub-regions from reference uncertainty region is required. Also, instead
of using box shaped uncertainty sub-regions, p-norm bounded uncertainty subregion
or a combination of box shaped uncertainty subregion and p-norm bounded uncer-
tainty subregion can be considered. When uncertainty subregions are bounded with
the p-norm, then that uncertainty subregions can be mapped into spherical coordi-
nate system, resulting in a box-shaped uncertainty subregion. This procedure may
lead to non-linear relationship between, ¢, and &, t;,, and &,, ¥, and &,. In that
case, tractable reformulation of robust constraint in Formulation (RS) is currently
not known and determining the tractable reformulation of robust constraint in that
particular case can be considered as future research direction. In future, there may be
a requirement to transfer the single period optimization problem to multi-period op-
timization problem for better operational performance. In that case the single period

optimization problem can be transformed into multi-period optimization problem.



Bibliography 93

1]
2]

Bibliography

MOSEK Modeling Manual. pages 1-98, 2014.

J. Geunes and P. M. Pardalos. Supply Chain optimization. Springer, New York,
2005.

Gabriela P. Ribas, S. Hamacher, and A. Street. Optimization under uncertainty
of the integreted oil supply chain using stochastic and robust programming.

International Transaction in Operation Research, 17(6):777-796, 2010.

H. M. S. Lababidi, M.A. Ahmed, and I. M. Alatiqi. Optimizing the supply chain
of a petrochemical company under uncertain operating and economic conditions.

Industrial and Engineering Chemistry, 43(9):63 — 73, 2004.

B. E. Wafa, H. M. S. Lababidi, and I. M. Alatiqgi. Supply chain optimization of
petroleum organization under uncertainty in market demands and prices. Euro-

pean Journal of Operation Research, 189(3):822 — 840, 2008.

A. Heungjo, W. E. Wilhelm, and S.W. Searcy. Biofuel and petroleum-based fuel
supply chain research: A literature review. Biomass and Energy, 35(9):3763—
3774, 2011.



Bibliography 94

[7]

[10]

[11]

[12]

[13]

[14]

X. Li, E. Armagan, A. Tomasgard, and P.I. Barton. Stochastic pooling prob-
lem for natural gas production network design and operation under uncertainty.

AIChE Journal, 57(8):2120-2135, 2011.

M. Lalmazloumian, K. Y. Wong, K. Govindan, and D. Kannan. A robust opti-
mizationmodel for agile and build-to-order supply chain planning under uncer-

tainties. Annals of Operations Research, 5(1):1-37, 2013.

S. Barker, E. Audsley, and D. Parsons. A two-stage stochastic programming
with recourse model for determining robust planting plans in horticulture. The

Journal of Operation Research Society, 51(1):83-89, 2014.

N. Shah. Pharmaceutical supply chains: key issues and strategies for optimisa-

tion. Computers and Chemical Engineering, 28(6-7):929-941, 2004.

L. Papageorgiou, G. Rotstein, and N. Shah. A two-stage stochastic program-
ming with recourse model for determining robust planting plans in horticulture.

Industrial and Engineering Chemistry Research, 40(1):275-286, 2001.

G. Gatica, L. Papageorgiou, and N. Shah. Capacity planning under uncertainty
for the pharmaceutical industry. Trans IChemE, 81(July):665-678, 2003.

R. Sausa, S. Liu, and L. Papageorgiou. Global supply chain planning for pharma-
ceuticals. Chemical Engineering Research and Design, 89(11):2396-2409, 2011.

O. Akgul, N. Shah, and L. Papageorgiou. Design under uncertainty of hydrocar-
bon biorefinery supply chains: Multiobjective stochastic programming models,
decomposition algorithm, and a comparison between cvar and downside risk.

AIChE Journal, 58(7):101-114, 2012.



Bibliography 95

[15]

[16]

[17]

[18]

[19]

[20]

[21]

H. An, W. Wilhelm, and S. Searcy. Biofuel and petroleum-based fuel supply
chain research: A literature review. Biomass and Bioenergy, 35(9):3763-3774,
2011.

C. Chen and Y. Fan. Bioethanol supply chain system planning under supply
and demand uncertainties. Transportation Research Part E: Logistics and Trans-

portation Review, 48(1):150-164, 2012.

B. Gebreslassie, Y. Yao, and F. You. Design under uncertainty of hydrocar-
bon biorefinery supply chains : Multiobjective stochastic programming models
, decomposition algorithm , and a comparison between cvar and downside risk.

AIChE Journal, 58(7):2155-2179, 2012.

M. Dal-mas, S. Giarola, S. Zamboni, A. Bezzo, and Fabrizio. Strategic design and
investment capacity planning of the ethanol supply chain under price uncertainty.

Biomass and Bioenergy, 35(5):2059-2071, 2011.

W. Chen, Y. Li, and G. Huang. A two-stage inexact-stochastic programming
model for planning carbon dioxide emission trading under uncertainty. Applied

Energy, 87(3):1033-1047, 2010.

S. Liu, J. Jian, and Y. Wang. A robust optimization approach to wind farm
diversification. International Journal of Electrical Power and Energy Systems,

53(1):409-415, 2013.

M. Dal-mas, S. Giarola, S. Zamboni, A. Bezzo, and Fabrizio. Stochastic opti-
mization of medical supply location and distribution in disaster management.

International Journal of Production Economics, 126(1):76-84, 2010.



Bibliography 96

[22]

[23]

[24]

[25]

[26]

[27]

28]

[29]

G. Zhu, J. Bird, and G. yu. A two-stage stochastic programming approach
for project planning with uncertain activity durations. Journal of Scheduling,

10(3):167-180, 2007.

F. Bobonneau, J. Vial, and R. Apparigliato. Uncertainty and environmental

decision making. Biomass and Bioenergy, 35(5):2059-2071, 2011.

G. Guille and I. Grossmann. Optimal design and planning of sustainable chemical

supply chains under uncertainty. AIChE Journal, 55(1):99-121, 20009.

A. Nikolopoulo and M.G. Ireapetritou. Optimal design of sustainable chemical
process and supply chains: A review. Computers and Chemical Engineering,

44(1):94-109, 2012.

L. G. Papageorgiou. Supply chain optimisation for the process industries: Ad-
vances and opportunities. Computers and Chemical Engineering, 33(1):1931—

1938, 20009.

L. E. Grossmann and G. Guillen-Gosalbez. Scope for the application of math-
ematical programming techniques in the synthesis and planning of sustainable

processes. Computers and Chemical Engineering, 34(1):1365-1376, 2010.

A. Gupta and C. Manaras. Managing demand uncertainty in supply chain plan-
ning. Computers and Chemical Engineering, 27(8-9):1219-1227, 2003.

M. Dal-mas, S. Giarola, S. Zamboni, A. Bezzo, and Fabrizio. Strategic design and
investment capacity planning of the ethanol supply chain under price uncertainty.

Biomass and Bioenergy, 35(5):2059-2071, 2011.



Bibliography 97

[30]

[33]

[34]

[35]

[36]

[38]

N. B. Sahinidis. Optimization under uncertainty: State-of-the-art opportunites.

Computers and Chemical Engineering, 28(1):971-983, 2004.

L. E. Grossmann and G. Guillen-Gosalbez. Multi-stage stochastic optimization

applied to energy planning. Mathematical Programming, 52(1):359-375, 1991.

K. Huang. Multi-stage stochastic programming models for production planning.

PhD thesis, Georgia Institute of Technology, 2005.

J. R. Birge and F. Louveaux. Introduction to Stochastic Programming. Springer,

New York, 1997.

A. Bental, A. Goryashko, E. Guslitzer, and A. Nemirovski. Adjustable robust
solutions of uncertain linear programs. Mathematical Programming, 99:351-376,

2004.

A. Bental and A. Nemirovski. Robust convex optimization. Mathematics of

Operations Research, 23(4):769-805, 1998.

K. Mclean and X. Li. Robust scenario formulations for strategic supply chain

optimization under uncertainty. Industrial and Engineering Chemistry Research,

52(16):5721-5734, 2013.

A. Bental and A. Nemirovski. Robust solutions of linear programming prob-
lems contaminated with uncertain data. Mathematical Programming, 88:411-424,

2000.

A. Bental and A. Nemirovski. A. robust solutions of uncertain linear programs.

Operation Research letter, 25(1):1-13, 1999.



Bibliography 98

[39]

[40]

[41]

[42]

[43]

[44]

L. El-Ghauri and H. Lebert. Robust solutions to least-squares problems with
uncertain data. SIAM Journal of Matriz Analysis Application, 18(4):1035-1064,
1997.

L. El-Ghauri, F. Oustry, and H. Lebert. Robust solutions to uncertain semi-
definite programs. Journal of Optimization Theory and Applications, 9:32-52,
1998.

Z. Li, R. Ding, and C. A. Floudas. A comparative theoretical and computational
study on robust counterpart optimization: i. robust linear optimization and ro-
bust mixed integer linear optimization. Industrial and Engineering Chemistry

Research, 50(1):10567-10603, 2011.

Z. Liand C. A. Floudas. A comparative theoretical and computational study on
robust counterpart optimization: iii. improving the quality of robust solutions.

Industrial and Engineering Chemistry Research, 53(1):13112-13124, 2014.

J. F. Benders. Partitioning procedures for solving mixed-variables programming

problems. Numerische Mathematik, 4(1):238-252, 1962.

A. M. Geoffrion. Generalized benders decomposition. Journal of Optimization

Theory and Applications, 10(4):237-260, 1972.
User’s manual for cplex. IBM ILOG CPLEX V12.1, pages 1-314, 2015.

D. Bertsimas, D. Pachamanova, and M. Sim. Robust linear optimization under

general norms. Operation Research Letters, 32(1):510-516, 2004.

S. Boyd and L. Vandenberghe. Convex Optimization. Cambridge University
Press, Edinburgh, 2004.



Bibliography 99

[48]

[49]

[51]
[52]

[53]

[55]

[56]

[57]

L. A. Waller and C. A. Gotway. Applied Spatial Statistics for Public Health Data.
John Willey and Sons Inc, New Jersey, 2004.

H. Anton and C. Rorrers. FElementary Linear Algebra. John Willey and Sons
Inc, New York, 2010.

K. McLean. Novel formulation and decomposition-based optimization for strate-
gic supply chain management under uncertainty. Master’s thesis, Queen’s Uni-

versity, Kingston, February 2014.
N. C. Giri. Multivariate Statistical Inference. Academic Press, New York, 1977.
R. E. Rosenthal. GAMS - A User’s Guide. pages 1-251, 2006.

X. Chen, M. Sim, and P. Sun. A robust optimization perspective on stochastic

programming. Operation Research, 55(6):1058-1071, 2007.

C. Mukherjee, H. White, and M. Wyuts. FEconometrics and Data Analysis for

Developing Countyries. Routledge, New York, 1998.

J. W. Blankenship and J. E. Falk. Infinitely constrained optimiaztion problems.

Journal of Optimization Theory and Application, 19(1):261-281, 1976.

R. Hettich and K. O. Kortanek. Semi-infinite programming: Theory, methods,
and applications. STAM Review, 35(3):380-429, 1993.

M. S. Lobo, L. Vandenberghe, S. Boyd, and H. Lebret. Application of second
order cone programming. Linear Algebra and its Application, 284(6):193-228,
1998.



Appendix A

DuPont Industrial Chemical Supply Chain

From the original model developed in the literature [50], turn down limit and waste
limit constraints are excluded as those constraints are redundant and has no effect in

optimal solution of the optimization problem.

A.1 Nomenclature and Symbols for DuPont Supply Chain network

Related Nomenclature and Symbol for DuPont Industrial Chemical Supply Chain

problem is given below.

Different sets used in the DuPont Industrial Chemical Supply Chain problem is

given below.

iel={l,.,5} - Plants

j€J={1,.,5} - Regional warehouses
ke K ={1,5} - Regional markets

s € w Scenarios
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ue U ={1,..55} - PRM grades
veV ={1,.,23} - FP grades
weW ={1,..,41} Impurities
i,7) € w - FP shipment routes for plants to regional warehouses
i,k) € © - FP shipment routes for plants to regional markets

)

(
(
(i,v) € ¥ - FP grades available for production at plant i
(

J, k) € TI - FP shipment routes for regional warehouses to regional markets

Different parameters for the DuPont Supply Chain network is given below

JFP
a P

; Average additive factor for plant i

bid - Intercept related to minimum turn down for plant i

b - Intercept related to waste limit for plant i

CPe" - Penalty cost for not meeting demand requirements, $/t
Ce* - Capacity cost, $/t

CJ™ - Fixed cost for plant i, $M M

CY¥" - Other variable costs for plant i, $/t

C’Z.f PPBPD _ Freight cost of FP from plant i to market k, $/t
Cg;’FP’PW - Freight cost of FP from plant i to regional warehouse j, $/t
ij PEPWD _ Ereight cost of FP from regional warehouse j to market k, $/¢

CF! - Plant i on-site inventory cost, $/t

C}¥! - Regional warehouse j inventory cost, $/t
CERM - Cost of PRM grade u for plant i, $/t
CEM2 _ Cost of RM2 for plant i, $/¢

CEM3 _ Cost of RM3 for plant i, $/t
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Craste _ Cost of waste for plant i, $/¢

DfF - Demand of FP grade v at plant i, t

Df P _ Demand of FP grade v at regional warehouse j, t

D4" - Minimum demand of FP grade v from at

PLY - Price of FP grade v for market k, $/t

P!l - Estimated price of FP grade v for regional warehouse j, $/t
qf%Q - RM2 to PRM grade u ratio for plant i, QPU

¢ - RM3 to PRM grade u ratio for plant i, QPU

waste

q. - Impurity w content in PRM grade u, %
qZ g’PW - Proportion of FP shipped from plant i to the regional warehouse j, %
Q"™ - Maximum impurity w limit for PRM at plant i, % or PPM

Q™ - Maximum limit for total blend at plant i, %

rinc _ Income tax rate for plant i, %

rff,é - Duty rate for shipments from plant i to market k, %

ng - Estimated duty rate for shipments from plant i to regional warehouse j, %
r® - Transfer price rate, %

Rf? P _ Target inventory day supply of FP grade v for plant i, day

R} - Target inventory day supply of FP grade v for regional warehouse j, day
Rf f M.P_ Target inventory of PRM grade u for plant i, t

RPEMW _ Target inventory of PRM grade u for the market k, t
EPRMW _ Effective percentage in PRM grade u, for generating FP, %
m!d - Slope related to minimum turndown for plant i

m¥ - Slope related to waste limit for plant i

MPEM _PRM grade u availability, t
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O; - Scheduled outage at plant i, d/y

U; - Uptime for plant i, %

Xff - Beginning inventory of FP grade v at plant i, t

X JF P _ Beginning inventory of FP grade v at regional warehouse j, t
XZ-P UR M-P _ Beginning inventory of PRM grade u at plant i, t

XPRMW _ Beginning inventory of PRM grade u at the PRM warehouse, t
YIP - Yield of FP at plant i, %

ZM* - Maximum allowable capacity at plant i, t

Different variables for the DuPont Supply Chain network is given below
¢I” - Freight cost for plant i, $
¢ - Duty cost for plant i, $
¢! - Inventory cost for plant i, $
cPRM _ PRM cost for plant i, $
cEM2 _ RM2 cost for plant i, $
cFM3 _ RM3 cost for plant i, $

cweste — Waste cost for plant i, $

cPPVC _ Other plant i variable costs, $

cap
[

c;™ - Capacity cost for plant i, $

ffkli’)PD - Shipment of FP grade v from plant i to market k, t

2

fﬂip W _ Shipment of FP grade v from plant i to regional warehouse j, t
f ]F ,f;jWD - Shipment of FP grade v from regional warehouse j to market k, t
fPREMe PRM grade u consumed at plant i, t

2,U

fPREMW _PRM grade u purchased and sent to plant i, t
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f-PRM’WP - PRM grade u purchased and sent to the PRM warehouse, t

iU

f{mki’)PD - Shipments of PRM grade u from the PRM warehouse to plant i, t

2

fﬂp’p - Amount of FP grade v produced from plant i, t
z; - Capacity of plant i, t
Here first stage decision variable is capacity of each plant, z; and second stage deci-

iU

. . FP,PD (FP,PW (FPWD (PRM PRM,WP
sion variables are all the flows, f;, 5%, f; 2077, f 077, f o fPRMW gt LR

FREED and f1P.

7 7,0

A.2 Deterministic Model for DuPont Supply Chain Network

The objective function that needs to be maximized is

Objective = Z(Revenuei —TC)(1 —ri") (A1)

el

Here revenue indicates the revenue of each of the plant which is calculated from

the following equation

Revenue; = Z Z(fﬂ%PD.Plff—i— Z Z(fZZiPW.PJﬁP),@' el (A.2)

(i,k)€@ veV (i,j)€w vEV

TC denotes the total cos of each of the plant and calculated as below
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TC, :C{m + cf“p + ler + Cgu + CZ[ + CZPRM + CzRMQ + CzRM3 + cwaste | CQPVC7 iel

(3 7

(A.3)
Capacity costs are considered at each of the plants
" = 2,.C7" i (A.4)
Freight costs are calculated based off of the FP flow rates
fFEPPD ofrFP, PD FP PW fr FP,PW
= 2. > Uy Ol Z o Cly
(i,k)e© vEV (4,§)Ew UEV
fEPWD fr FP WD _fr,PWy -
D D2 D UG e ) ied (A.5)
(ij)€w (4,k)EPivEV
Duty costs are calculated from the amount of products produced
LYo D U PR ) + Z (frea VPR afliel  (AG)

i,k)e® veV J)Ew veV
(4, ()

Inventory costs are equated at the raw material warehouse and the regional ware-

houses
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= > Uhrern+ Z Sy nier (A7)

(i,v)EPsi (i,j)€w vEV

The costs of PRM, the other two major raw material denoted by RM2 and RM3,

waster and other plant variable costs are caluted according to the following equations

respectively

PRM Z PRMC C«PRM) iel (A8)
ueU

CRM2 =N (PR ghRM2) CRM2 e ] (A.9)
uelU

CZRM?) :Z(fz};RMc qfuM?’) CRM2 =i (A.lO)
uelU

C;UQSte _ Z(fZZRM C-Q§M3) Owaste iel (Al]_)
uelU

OPVC Cvar Z FPP Z el (A12)

(i,0)eT

The material consumed and the products produced in the manufacturing plants

is limited by the following equation
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o <miel (A.13)

(i,0) €W

The capacity of each plant can not exceed the following constraint

5 <ZMT e ] (A.14)

% >0iel (A.15)

The following equation relates the amount of PRM consumed and the amount of

FP produced at the plant

S (FLIe B g TP = N e (A.16)

iU

uelU (i,0)ew

The material and product flows in the supply chain system also need to satisfy
a set of constraints from mass balances, inventory limits, material availability and
customer demand. Specially PRM consumed can not fall below the target inventory

at the PRM warehouse
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ZfiZRM,c+f5RM,W SM;RM,U cU (A.17)

il

The PRM ending inventory can not fall below the target inventory at PRM ware-

house

XfRM7W i ffRM7W . Z fiI;RM,WP ZRfRMW,U cU (A.18)
iel

and at each of the plant

XfuRM,P+fPRMP+fPRMWP f.PRM’C ZRfuRMJD,i e ]—’u clU <A19)

7,0

The ending FP inventory can not be less than the the target inventory at the plants

XFPP 4+ 0= 0 VP > DI REY /365, (i,v) € W (A.20)

7.7 v
(i,j)€w

At the regional warehouses

XEPW L NT pEREW N fEPWD > DEP REP 365 je JueV  (A21)

7] v
el (j,k)ell
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The FP shipped to the regional market must meet the minimum demand require-

ment
SRR ST VP > prin ke Kue v (A.22)
(i,k)€© (4,k)ePi

Finally, the PRM flows purchased from different sources have different impurity
contents and these flows are blended before converted into different grades of FP. In
order to ensure the quality of FP, the PRM blends have to satisfy certain impurity

specifications, as follows

SO gimry < ST(fERME Q) i€ Tw € W (A.23)

uelU uelU

In addition, the ratio of total effective parts of the PRM blends has to be below

a threshold,

Z(fll-;RMc EPRM < Z PRMC anam),i el (A24)

uelU uelU

A.3 Robust Scenario Formulation Model for DuPont Supply Chain Net-

work

In Robust Scenario Formulation of DuPont Industrial Chemical Supply Chain Net-
work, the second stage variables are replaced by affine functions of uncertain parame-

ters. Here, f; FPPD g replaced by ®F PP (E+MTTAE) + ol DPD - ERPW g replaced

kyuw i,ko,w * i,kow ' J1,5,0,w
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by ®FPPW (€ 4+ MTTAE) + ¢F DIV FEPWD s replaced by ®F PP (64 MTTAE,) +

1,J,0,w ,J,0w Y kow J,kvw

Jkow 7 Jiuw T,U,W 7,U,W T,U,W

by @0 (4 MTIAL) + gl fEEMW s veplaced by ®EFMW (&4 MTIAE,) +

PRI 1,0 ,W Uw

¢P RMW - ¢PEMWE 3o eplaced by @FHMWE (E+ MTAE) + pPEMWE and fEPP ig

» Jiu,w ,U,W PRI 1,0,w

replaced by ®FFP (€ + M~AE) + ¢F1P.

7,0,W 1,0,w

Robust Scenario Formulation for the DuPont Supply Chain network is given be-

s —OFE o= —OFE

1 where

low. For overestimation of normalized uncertainty region, | J

Z9F indicates the uncertainty region after overestimation of normalized uncertainty

region. For underestimation of normalized uncertainty region, |J_, EV¥ > EVF

UE

where ZY* indicates the uncertainty region after underestimation of normalized un-

certainty region.

Objective function,

Objective = max pr [Z(Revenuei’w —TC; ) (1 — 7)) (A.25)

Subject to,

Revenuei,w - Z Z (I)FPPD £+ M~ 1A£w) + (bFP’PD)‘Pkaf)—i_

i,k,v,w i,k,v,w
(i,k)e®@ veV

FPPW 1 FP,PW FPy -
SN @ (E+ MTAL) + ¢ ) PR ie Lw=1,..s
(1,5)eQveV

(A.26)
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TC, :C{m + cf“p + ler + Cgu + CZ[ + CZPRM + CzRMQ + CzRM3 + cwaste | OPVC el

(3 Z

(A.27)

<P =2, O i€ T (A.28)

—fr Z Z (I)FPPD £—|—M 1A£w)_i_(bFP,PD).Ci]j;,FP,PD)_i_

i,k,0,w i,k,v,w

(i,k)Ew vEV

Z Z FPPW §+M 1A§ ) ¢FPPW) CfrFPPW)+
2,5,0,w w 1,7,0,w

(i,5)€w veEV

Z Z ZU c V((q)j‘]i;)VLD(g_f_ M—lAgw) +¢f]va;D) CfTFPWD q]i;PW%

(4,9)€w (7,k)€Il

rel,w=1,..s (A.29)

= ) (@50 (E+ MTAL) + 6 ). PEL ) et

i,k,v,w i,k,0,w
(i,0) €W

FPPW 1 FP,PW FP _d tp
D (@0 €+ MTIAL) + 01 00" ) B i) i€ Lw =15
(4,7)€Q

(A.30)
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= ) (@FP(E+MTAL) + 61, 0).CPN 4+ >0 (@5 (€4 MTIAL)

,V,w

(i,v) €W (4,7)Ew vEV
FPPWN ~WI\ _
+ @iine )OI i€ Lw=1,..,s (A.31)
™ =D (@ €+ MTIAL) + 07,0l i e Lw=1,...s  (A32)

7w
uelU

et = (@ (E+ MTIAL) + 6,0 ). qf).CIM i e Lw=1,...,5

7 uelU h
(A.33)
clMB =N (BEEMNC (€ + MTIAE,) + oL i) .qfM3).0f MY e TLw =1,.
uelU
(A.34)
—fwaste _Z (I)fjfyc £+ M~ 1A£w) ¢ff£40) qzuaste) C;uaste7i e I,w _ 17 S
uclU

(A.35)



Appendix A. DuPont Industrial Chemical Supply Chain 113

(OPVC _ Z ((I)FPp €+ M7'AE,) +¢FPp) v e Lw=1,. (A.36)

1w i0,w i,0,w
(i,0)ew

(Y Piwe) €+ MTAL) +0ul1( D QLM+ (D i)

(i,0)eT (,v)eT (i,0)ew
<z,ziel,w=1,..s (A.37)
% <ZM e ] (A.38)
> Qi LMY .alH T YIP = N @f i e Lw=1,..s (A.39)
uelU (i,v)ew

> Qi EL M0V = N @I i€ Lw=1,..s (A.40)
uelU (i,0)ev

(D (@) + @UEM ™). (E+ MTIAL) + 8l (07,507 + @u ™) M.

7,U,w
i€l el
PRMP
) (Diaw LMW < MM w e Uw=1,..,s (A.41)

ze]
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(PRMIW S (@PIIWPY) (¢ 4 MTIAL) — A (OFFW = 37 (@, M7
el el
+ ¢PRMW (¢PRM,WP)
el o
> RERMW _ X PRMW 4 e Uw=1,...,5 (A.42)

(CDI.DRM’P + (DPRM wp ®PRMC) (g"‘ M_lAgw) . 5w||<¢PRM,P + (I)PRM wp (I)PRMC) —1||*

T,U,W T, U,W 7,U,W 1,U,W 1,U,W 1,U,w

+ (¢PRM,P + ngRM,WP _ ¢ff£/[,¢:)

7,U,W 2,U,W

> R XTI G e ueUw=1,..s (A.43)

(@77 = > (@) = D (@) NE+ MTIAL) + 61,0 = Y (dijm0 )=
(i.)€w (i,k)€® (i,)€w
FP,PD FPPW FP,PD FP, —
Z (¢i,k,v,w _5 H Z (I)zva Z ((I)zkvw ) (I)szp> IH*

(i,k)€O© (4,7)€Q (i,k)€O©

2,V )

> Df,P.RY /365 — X[V (i,v) e Bw=1,..,s (A.44)
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(3 @RI = 3 @EEP)E+ ML) + Y 0ER) - Y (-

(4,u)Ew (j,k)ell (4,5)Ew (j,k)ell
FPWD —
5UJH( Z ((I)fjpviw> Z ((I)]kvw ))M 1”*
(4,)Ew (4,k)ell
> DI PRIT/365 - X jeJveViw=1, s (A.45)

2 : FP,PD 2 : FPWD 2 : FPPD FPPD mm
qbzk,v,w + gb]kvw i,k,v,w + § : (I)zkvw ’Yk)

(i,k)e© (4,k)ell (i,k)e© (3,k)€©
(E+ MTIAL) + 001 Y @000+ Y P — DR ) M
(i,k)e© (j,k)ell
>0ke KiveViw=1,..s (A.46)

O ue U@E.qimr) = > (@7 .QU) €+ MTAL) + > (Gruw-giih)

uelU well
= D (D1 Q)+ B (U@L ) = (@RI M.
uelU uelU uelU

<0iel,weWw=1,..,s (A.47)
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(D u € U(Rr L BY™Y) = 3 (@707 .Q)).(E+ MT'AL) + ) (Siuw-EL™)

uclU uelU

=D (Giuw Q)+ 0| ( @ B = (@ Q)M

uelU uceU ucelU

<0,iel,w=1,..5s

@FRPD.(g—I—M_lAgw) +¢FP,PD_5w||((DFP,PD)M—IH* Z 0

ik, v,w i,k,v,w ik, v,w

1ellke KiveV, w=1,..s

@FP,PW-(E“_M_lAgw) _|_ ¢FP,PW—5W||(¢FP7PW)M_1||* Z O

/L’]’/")?w Z7J7v’w Z7J7U7w

iel,jeJveV, w=1,..5s

®FP7WD-(€+M71A€DJ> +¢FP,WD_5MH(@FP,WD)Mle* 2 0

j’kiv7w j7k7v’w j’k’v?w

1€ ke KveV, w=1,..5s

(A.48)

(A.49)

(A.50)

(A.51)
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Oy 2 (E+ MTTAL) + 6, T =0u[[(D7, )M Y[ > 0
1el,bveV, w=1,..s (A.52)
o (€ MTIAL) + 67y =0 [(@1, )M 2 0
1el,uelU, w=1,..s (A.53)
(€ + MTIAL) + 07,50 = 0u1(@0,L M. = 0
itel,uel, w=1,..,s (A.54)
Oy (€ MTIAL) + oy g Y =0 (@ )M = 0
vuel, w=1,..,s (A.55)

©PRM,WP.(5+ M—lAgw) + quRM,WP_(SwH((PPRM,WP)M—l||* Z 0

1,U W 7,U,W 2,U,W

rel,ke KiveV, w=1,..s

(A.56)
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The Robust Scenario Formulation for Problem (1)

in Chapter 3

To demonstrate the idea of solving an optimization problem with any bounded
uncertainty region, the following simple example was considered in Chapter 3. There
are two uncertain parameters (§; and &) and two decision variables (z; and xs) in

the problem. The optimization problem is given below.

Problem 1

. 5 1
min 25 — 571 (B.1)
st. &+ &re—1<0, V(,&) e s (B.2)

Here the uncertainty region is defined as:

E={eR*:3§ + (&£ -2)°<3,&+& <3}
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After normalization, ¢ = £ + M~'AE, so left-hand-side of the constraint can be

reformulated as:

e —1

=+ AT (MY — 1.

In a robust scenario formulation, the constraint is replaced by a set of constraints,

each for an uncertainty subregion Z,, = {A¢ : |A& — A&, || < 0, }. The constraints

are:

o+ A(M N2 -1<0, VAL EE, w=1,---,s5,

or equivalently,

ng—i—Argnax (A (M T2} <1, w=1,---,s.
e’:‘

wS=w

The latter one can be further rewritten as:

4+ A(MYTr+ max {(AE, — AT (M YTz} <1, w=1,---

Agw [SIG)

According to [46],

max {(A&, — AT (M) a} = 6,[(M~ 1) x|y,

AELEEL

787
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so the constraints become

Ex+ AET(MNTz) + 6, (M 2y <1, w=1,---,s.

Using the LP reformulation discussed in Section 2.3 of Chapter 2, the robust scenario

formulation of Problem (1) of Chapter 3 can be written as below:

1

min 23 — X2 (B.3)
g

st Er+ AZ((M ) 2)+6,> ti, w=1--s, (B.4)
=1

—t < (M Hlz < ¢, (B.5)

t>0 (B.6)

Here, A&, denotes the center of uncertainty subregion =,,. Note that the subregions
considered in the formulation are different for the uncertainty over-estimation and

under-estimation cases.



Appendix C

Generalized Benders Decomposition Sub-Problems
for simplified DuPont Industrial Chemical Supply

Chain Optimization Problem

C.1 Original Problem (P)

The Original problem (P) for DuPont Supply Chain case is given below. Here Equa-

tion (C.2) is the linking constraint.

Objective function,
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Objective = min[— Z P, Z Z Z @f,fvpf (E+ M 1AL, + (bf,fff).P;ff)%-
wl

=1 (i,k)e® veV

Z Z (I)FPPW f—i—M 1A£w)+¢f7f;1;W> PFP)] o [szia:_i_ziiccap_'_

1,7,V,w
(3,7)EQ eV
Z Z F’fPD §—|-M lAgw)+¢F]€PPD) CfrFPPD)+
(i,k)EQ VeV

FPPW 1 FP,PW fTFPPW FPWD

2 2 (@t €+ MPAL) + 0150 O+ D0 D D (@
(i,5)eQveV (1,9)€Q (4,k) eIl veV

FP,PD

MTUAL) + 65 ) Pl () (@000 (E+ MTIAL) + ¢il)-

j7k7v7w j k l]
(i,0)eT

+ 3 (@RI €+ MTIAL) + of LIV PEE ) )+
(,5)€Q

(D (@2 (E+MTAL) + i, )00 + Y0 D (@0 (G

(i,0)ew (3,§)eQveV

MTAL) + 6 d).CI) + O (@0 (6 + MTTAL) + ¢1").CLM))+

2,7,0,W 2,U,W
uelU

(D@L (E+ MTIAL) + 07,5 )i ™).CF ) + (Y (@715 (6t

,u,Ww
uelU uelU

M7TIAL) + i nn™) .l ).CFM3) + (O (@75 (€ + MTIAL)+
uelU
FPp inc

i -4 )-CLP) + (Y (P, 0 (E+ MTIAL) + 67, 0).CF ) (L = 1i™)]

(i,0)eW

Subject to,
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— 2t () Pipw) €+ MTIAL) + 6 Y QLM o+ (Y ¢ 2) <0

(i,0)eV (i,0)€T (i,0)€W
w=1,...s,i€l (C.2)
5 <ZM e ] (C.3)
;(¢i,u,w.EfRM).af”g PPy FP (z%q] Ot w=1,..s i€l (C.4)
%@i,u,wﬂfw).a?g FPYIP = 2);@ Ol w=1,s i€ (C.5)

O (@it + LI (€ 4+ MTAL) + 0, | O (@) + @MW) M
icl icl

PRM P PRM,W PRM
+ z U,w S Mu

ze]

w=1,..,s,uelU (C.6)
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(LMW _ S (@PRMP)) (€ 4 MTIAL) — (@7 =37 (@) M7,
iel icl
i ¢PRMW ( QSPRM WP) > RPRMW XPRMW
el
w=1,..,s,uecU (C.7)

((foi\l,P + (foiw wp ®PRMC) (g_l_ M_lAgw) . 5w||<¢PRM,P + (I)PRM wp (I)PRMC) —1||2

PR 1,U,W 1,U,W 1,U,w

PRM,P PRM,W P PRM, PRM,P PRM,P
+(¢ +¢ _¢zuwc>>R _X

7,U,W 2,U,W

w=1,.,s8,ie€l,uelU (C.8)

(@i = D (@) = D (@ I+ MTAL) + 01,0 — > (9500 )—

(4,5)Ew (i,k)€O© (4,7)€
Y @) = SullC Y (@) + D (Pin) = P )Mo = DE,P.RET /365 — X[F
(i,k)€O© (4,7)€Q (i,k)€O©

w=1,..,s,(i,0) eV (C.9)
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(0 @)~ ST @D+ MUAL) + 3T @RI - S (o) -

(i,u)€Q (j,k)ell (4,5)€Q (4,k)ell
MY (@) = D (@M e = DY, PR /365 — X[

(4,5)€Q (j,k)ell
w=1,..,s87€JveV (C.10)

2 : FP,PD 2 : FPWD 2 : FPPD FPPD mm
qbzk,v,w + gb]kvw i,k,v,w + § : (I)zkvw ’Yk)

(i,k)e© (4,k)ell (i,k)e© (3,k)€©
(E+ MTIAL) + 0010 Y @0+ D @ = DM 2 2 0
(i,k)e© (j,k)ell
w=1,.,5ke K,veV (C.11)

@FPPD (g‘i‘ M71A§w> +¢FP,PD o 6WH(®FPPD> 71”2 2 0

i,k,v,w i,k,v,w i,k,v,w

w=1,..,sie€l,ke K,veV (C.12)

(I)FPPW (g_i_MflAgw) +¢FPPW 5UJH(q)FPPW) 71“2 Z 0

1,J,V,w 1,J,U,w 1,J,0,w

w=1,.,s,ie€l,je JveV (C.13)
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O (EF MTIAL) + 65000 = 0@, )M |2 > 0

w=1,..s,7€e ke KveV (C.14)
iy (€ + MTIAE) + 5,0 = 0ull(@, )M s > 0

w=1,.,s1i€lbveV (C.15)
o (€ + MTIAE) + 61,1 — 8l (@150 )M |2 > 0

w=1,...,s,iel,ueU (C.16)
Oy (E+ MTIAL) + 6y, = 0 (@ )My > 0

w=1,.,81€l,uelU (C.17)

@y (€ MTIAL) + ¢y Y = dull(@y g )M T2 > 0

uU,w

w=1,...,s,ueclU

(C.18)



Appendix C. Generalized Benders Decomposition Sub-Problems for
simplified DuPont Industrial Chemical Supply Chain Optimization
Problem 127

(I)]'DRM,WP‘(éT_‘_ M—lAéTw) X ¢PRM,WP _ (5WH((I)PRM,WP)M—1H2 >0

1,U W 1, W 2,U,W

w=1,.,siecl,ke K,veV (C.19)

zi€e{ze€Z:2>0}iel (C.20)

Here, Z is the set of all integer numbers.

C.2 Primal Problem (PPF)

In (PPFY), first stage decision variables are fixed as a resut the problem can be
decomposed to s sub-problems. Hence the objective of (PP¥) does not require sum-
mation over scenarios. The modified objective is (PP.1). In (C.2), the first stage
decision variables are fixed to a constant. Hence (C.2) is changed to (PP.2) and (C.3)
is excluded from (PP*) problem. The first stage decision variable is replaced with
the initial guess, z¥. The original problem, along with the changes described in this
section will be solved for each individual scenarios and the summation of all the ob-
jective will be the upper bound of the original problem. Also all the sub problems

will be solved for individual scenarios.

Objective function,
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Objective = min[— Z Z Z q)f]fvpf (E+ M7TAE) + ¢f;§f£)-Plff)+

=1 (i,k)e® veV
(PP.1)
S S@EREY G+ MIAL) + o REY ) PER)] — [ 4 2.0

1,5,0,w
(i,5)eQueV

Z Z (I)fkpvpf &+ M- 1A€“)+¢f1§LIZ‘JD)-CZ£’FP’PD)+
(i,k)eQveV
2 2 (@t (€ MTAL) + 015507 G ) + 2 (@

(i,j)eQveV (1,7)€Q (4,k)ell veEV
ML) + i )OI gl ) 4 (0 (707076 + MTIAL) + 0700)- B i) '
(3,0)eW
D@+ MTIAL) + o DI PRP rty )+
(4,5)€Q
FP, — = FP, FPPW

(D (@2 (E+ MTAL) + 6, ).CPN + >0 > (@0 (

(i,0)eT (4,§)eQveV

MEAL) + 91O+ (S ((@FF.(E + MTIAE) + 6 0). CLRM ) +

2,7,0,W
uelU

(D (@Fas (€ + MTTAL) + 67,10 )af").CF) + (Q (91 (ot

uelU uelU

MTIAL) + ).l ®).CFM3) + (O (@15 (€ + M AL)+

uelU

Bt ).quete).Creste) + (3 (@EIP(E+ MTIAL) + ¢ n0).Crm) (1 = 1))

u
(i,v)ev

2 () i) (E+ MTAL) + 0,10 ) B M M+ (D W) <0iel
(i,0) €W

(i,v)eT (i,0)eW

(PP.2)
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C.3 Feasibility Problem (FPF)

If Primal Problem (PP) is not feasible then a feasibility problem is solved. To
ensure feasibilty of the problem, slack variables, G; is minimized in this problem.
Objective of (FP) problem is given in equation (FP.1). Excluding (C.3), all the con-
straints are as same as original problem except (C.2). (C.2) is modified as (FP.2).

Equations are given below.

Objective function,
min |G (FP.1)

— 2 () Rip) (E+ MTAL) + 60 () BIM o+ (> W) <G
’

1,0)EV (3,0)eW (i,v)ew
(FP.2)
w=1,..8:1t€l
Gi>0iel (FP.3)

C.4 Relaxed Master Problem (RM P*)

Relaxed Master problem (RMP) consists of two blocks of constraints, optimality cut

and feasibility cut. RMP is given below.
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Objective function,

min n (RMP.1)
Subject to,

n> ; 0bjppi + [;(cg o+ OV A (2 — 2F),i € I,Vj € TF (RMP.2)
0> gobjppg + [;(ui)Aw](zi —28,iel,Vpe R (RMP.3)
< Zme e ] (RMP.4)
z€{z€Z:2>0}iel (RMP.4)

Here, Z is the set of all integer numbers. The index are defined below as,

TF = {j € {1,...,k} : Problem (P) is feasible for 2 = 27}
RY ={i € {1,....k} : Problem (P) is infeasible for z = '}

From the objective (C.1) of the Problem (P), ¢I , = (r — 1)cf4”. There is only

T W
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one blocks of linking constraints, Equation (C.2) and that block of linking constraint
contains 5 equations. Hence A, will be a (5 x 5) matrix having the coefficient of z;,

—1 as diagonal element. A, is given below,

C.5 Feasibility Relaxed Master Problem (FRM P*)

At the beginning, there is a possibility that the RMP is infeasible, in that case,

Feasibility Relaxed Master Problem (FRMP) is solved which is given below.

min ||z (FRMP.1)

Subject to,

0> objppr + > (1)) Au) (2 — 2f),i € I,Vp € R (FRMP.3)
w=1 w=1

u <M iel (FRMP.4)
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zie{zeZ:2>0}iel (FRMP.5)

Here, Here, Z is the set of all integer numbers and A, is as same as in (RMP).



