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Abstract

Power systems have become more vulnerable to cascading failures and blackouts with

the growth of transmission and generation networks. Critical loads and power black-

outs can threaten with massive economic damage to the society The situation worsens

due to the added complexity of their intermittent behavior of the growing penetra-

tion of renewable energy sources. Thus, the importance to achieve a reliable power

system, i.e., a system able to meet the end-users’ electricity needs when considering

unexpected contingencies or any other factor that may reduce the electricity avail-

ability.

In the �rst part of this dissertation, stochastic and robust optimization approaches

are applied for large-scale modeling of reliable expansion and operations of power

systems under consecutive contingencies. In the two-stage stochastic optimization

model, the expansion planning and operational variables under normal conditions are

the \here and now" decisions. The operational variables under contingency are the

\wait and see" decisions with a respective contingency probability assigned.

First, a study for reliable power grid expansion considering N -1-1 contingencies is

presented. The N -1-1 contingency consists of the consecutive loss of two components

in a power system with intervening time for system adjustments between failures.

Second, a two-stage stochastic power grid expansion considering multiple N -1-1 con-

tingencies is studied. A reliable power system expansion planning may be achieved

by placing new transmission lines and generation units while checking the grid’s sur-

vivability under di�erent contingency scenarios with de�ned probabilities. Finally,

a study of N -1-1 contingency-constrained unit commitment with renewable integra-

tion and corrective actions is presented. Meeting the end-use customers’ demands

is crucial for energy companies, even when unexpected and consecutive failures are
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present. This task has increased its complexity considerably due to the high integra-

tion of renewable energies and their intermittent behaviors. Therefore, it is important

to achieve reliable power based on a criterion closer to real-life power system opera-

tions and capable of addressing consecutive failures.

In the second part of this dissertation, as for the biomass supply chain, nowa-

days, the consideration of life cycle analysis in the supply chains is called for by the

emergence of bioeconomy strategies worldwide. In the U.S., the Sustainability Bioe-

conomy for Arid Regions (SBAR) is a multi-level research project for a sustainable

bioeconomy through the cultivation of guar and guayule in the Southwestern regions.

This study is part of the SBAR project. Here, a stochastic approach is applied to

large-scale mixed-integer linear optimization models for the design and operations

of guar and guayule supply chains. In the two-stage stochastic optimization model,

the construction of the processing facilities are the \here and now" decisions. The

harvesting, transportation, processing, and distribution operations are the \wait and

see" decisions given an adoption rate probability for guar and guayule.

First, a study for integrating environmental and social impacts into the optimal

design of guayule and guar supply chains is presented. Guayule and guar are two

desert-dwelling crops that can provide raw materials year-round for bioproducts such

as rubber, resin, guar gum, and guar meal. Second, the former study is expanded to

the American Southwest including the states of Arizona, New Mexico, and Texas. Fi-

nally, the optimal production planning and machinery scheduling for semi-arid farms

is studied. Scarce water resources have made production planning a key management

decision in the agriculture sector, especially in arid and semi-arid regions. To address

this issue, farmers can gradually adopt low-water-use crops, such as guar and guayule,

which have great potential for the agricultural economy of the Southwestern U.S. The

farmers’ pro�ts can be further increased by reducing machinery transportation costs

through optimized scheduling.
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Chapter 1

Introduction

This chapter introduces the background, motivations and contributions of the dis-

sertation. In Chapter 1.1, the motivation of the proposed research is explained after

introducing the background and needs of the research. In Chapter 1.2, recent ad-

vances and the corresponding methodology in large-scale optimization are reviewed.

Chapter 1.3 states the contributions and organization of this dissertation.

1.1 Background and Motivation

The background and motivation for this research considers power systems under con-

tingencies and biomass supply chain design and operations. The background and

motivation for reliability issues in power systems are presented in Section 1.1.1 and

for sustainability in biomass supply chains in Section 1.1.2.

1.1.1 Reliability issues in power systems

The rapid increase of power demand in the U.S. growth has created the need for

a large, complex, and interconnected power system. Currently, in 2020, the U.S.

power system consists of 89,744 transmission lines extending for 739,296 miles [54]

and 1,207,088 installed MW among 9,943 generation units [55]. The complexity of

the transmission line can be appreciated, especially in the Eastern states of the U.S.

The growth of transmission and generation network has made the power system

more vulnerable to cascading failures and blackouts. Power blackouts can threaten
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the U.S. through massive economic damage. Critical loads (e.g., hospitals, �rst re-

sponders) could su�er from power shortage as well. Outages in the power systems

may have di�erent causes such as natural disasters, weather conditions, intentional

attacks, aging, system limits, human errors, etc., and can be caused more often and

become more severe as their leading causes increase in frequency and intensity.

The situation worsens with the growing penetration of renewable energy sources

(RES) due to the added complexity of their intermittent behavior. To achieve more

competitive economics, many entities have increased their share of RES in the gen-

eration mix. Several clusters of solar generation are found in the Eastern U.S. and

California. A wind generation cluster is predominant in the Midwest U.S., Northern

Texas, and Oklahoma. A hydroelectric generation cluster is also visible in Northern

California. Furthermore, in 2020, the installed capacity of RES including biomass,

geothermal, hydroelectric, solar, and wind primary sources has reached 245,785 MW,

i.e., 20% of the total generation of the U.S. [55]. A breakdown of the RES generation

is Table 1.1.

Table 1.1: U.S. generation units 2020

Primary Source Count Installed MW
Biomass 693 14,972
Coal 282 247,402
Geothermal 65 3,889
Hydroelectric 1,416 79,801
Natural Gas 1,779 546,034
Nuclear 57 102,934
Other 1,115 64,932
Solar 3,389 40,174
Wind 1,147 106,949
Total 9,943 1,207,088

Due to the criticality of a continuous energy supply to maintain the U.S. economy

and the well being of the society, achieving a reliable power system is of considerable

importance. However, what can be considered as a reliable power system? There are
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several de�nitions of reliability through the literature such as the continuous supply

of electricity from the power system to consumers to meet their needs [45], or a sys-

tem able to provide an adequate supply of electrical energy [117]. However, the North

American Electric Reliability Corporation (NERC) de�nes it as a system able to meet

the end-users’ electricity needs under accepted standards even when considering un-

expected failures in the equipment or any other factor that may reduce the electricity

availability [129]. NERC divides reliability into two categories, adequacy and security.

Adequacy consists of providing a continuous supply of electricity to the customers at

all times while taking into account equipment scheduling and a constant balance be-

tween supply and demand. On the other hand, security focuses on the ability of the

power system to withstand unexpected disturbances and contingencies [129].

The reliability in power systems in the U.S. is ensured by NERC through the

development and enforcement of standards. The NERC Transmission and Planning

Standards (TPL-001-0.1, TPL-002-0b, TPL-003-0b, TPL-004,0a) [130] are the ones

that de�ne the performance requirements under normal and several contingencies

within the power system. In industry practice, the primary reliability standard is the

N -1 criterion [17, 34]. According to this standard, the system must be able to stabilize

without any loss-of-load if only a single component is lost (N -1 contingency). Even

though the probability of several simultaneous failures in a power system is smaller in

comparison to a single failure, the consequences can be severe and lead to cascading

failures and blackouts. Therefore, in the case of multiple simultaneous failures, the

system operators are required to comply with the NERC reliability standard N -k,

(N -k contingencies), where k � 2. In this case, even though a limited loss-of-load is

allowed, the system must restore stability. Another reliability criterion is the N -1-1

(N -1-1 contingency) which involves a single failure followed by system adjustments

before a second failure occurs.

Research has been performed to analyze and ensure NERC reliability standards
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for power systems. Studies focusing on analysis for reliability evaluation [117] and

graphical representation of a reliability sensitivity analysis [75] have been developed.

Studies regarding the N -k reliability standard are available in the literature consider-

ing transmission switching [49], preventive mitigation strategies [34], load curtailment

[17], and transmission and generation expansion planning (TGEP) [84]. Furthermore,

there is an increased interest within power systems operators to analyze unit com-

mitment (UC) and RES under contingency conditions [19]. The complexity of this

analysis increases with the challenges brought by intermittent behavior of RES and

the aging infrastructure of the transmission system which increases the risk of mul-

tiple contingencies. Studies have been performed to analyze the reliability of power

systems with RES [45] and have also considered uses swarm optimization (PSO) [208],

and large-scale RES integration [191]. Chapter 2 of the dissertation presents three

studies performed for power systems under the N -1-1 reliability criterion considering

TGEP, RES, and UC.

1.1.2 Sustainability issues in biomass supply chains

Research focusing on the design and operations of guayule and guar supply chains

considering life cycle analysis (LCA) and optimization is presented in Chapter 3.

This research is part of a project entitled Sustainability Bioeconomy for Arid Regions

(SBAR) [161]. The SBAR is a multi-level research project for a sustainable bioecon-

omy through the cultivation of guayule and guar as a viable source of biofuel and

bioproducts in the Southwest regions of Texas, New Mexico, Arizona, and California.

Over 200 researchers from several �elds are working together on the SBAR project.

Within the SBAR project researchers, our research group focuses on logistics and

optimization. Working with other researchers, the logistic and optimization mod-

els developed in Chapter 3 integrate LCA and techno-economic analysis (TEA). The



17

studies presented are classi�ed into the SBAR’s system performance and sustainability

objectives which include: i) the development of TEA and LCA with scalable process

models for crop production and processing, ii) integration of SBAR-developed data

to sustainability models for commercialization of biofuels and bioproducts purposes,

and iii) the development of demand-driven harvesting optimization logistic models.

A diagram of the biomass supply chains of guayule and guar is presented in

Fig. 1.1. Guayule and guar are low-water-use and drought-tolerant crops. Guayule is

a perennial (six-year) woody shrub native to the Chihuahuan Desert, from Northern

Mexico to the Southwestern U.S. The guayule’s natural rubber has been identi�ed as

an attractive commercial option for rubber source [20]. Guayule was �rst considered

an alternative natural rubber in the early 1900s but ceased with the Great Depression.

There have been some attempts to harvest it for natural rubber, one of the latest ones

being around the 1980s [150]. The guayule’s bioproducts that are considered in the

SBAR research include rubber and resin. Research is also being performed to develop

a renewable aviation fuel derived from guayule components. The guayule plants are

cut and baled directly in the �elds for transportation purposes, i.e., transportation

from the farms to the processing facilities. At the processing facility, the guayule

plants are grounded in a woody pulp called bagasse. Afterward, the rubber and resin

bioproducts are chemically extracted. Rubber bagasse can be further used at the

facility for energy extraction purposes. Currently, there is limited information about

guayule since it is mostly only grown for �eld trials. Further research is required to

make it economically viable and attractive for farmers to grow.

On the other hand, guar is a non-perennial (annual) legume native from India

and the source of guar gum. Guar gum has many applications in industries such

as agriculture, cosmetics, ceramics, pharmaceuticals, paints, batteries, and textiles

[64, 76]. The guar’s bioproducts considered in the SBAR research are guar gum and

a potential high protein animal feed substitute, also known as guar meal. Contrary to
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guayule, only guar seeds are transported to the processing facility for the extraction of

the aforementioned bioproducts. Some farmers have been growing it and since 2014,

the company Guar Resources has been committed to the guar crop and is currently

the only USA producer of guar gum powder [72].
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Figure 1.1: Biomass supply chain - guayule and guar

In contrast with previous literature, an overview of current research gaps in LCA,

TEA, and optimization for biomass supply chains is performed in this Section. The

gaps are then analyzed from the guayule and guar biomass supply chain perspective

and the SBAR research objectives.

Life cycle analysis research gaps

Nowadays, the consideration of environmental issues in bio-based products is called

for by the emergence of bioeconomy strategies worldwide. Usually, LCA approaches

address the impact assessment through product life cycles at supply chain levels [40].
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The research of [40] presents a literature review of LCA approaches to evaluate the

impact on forest-based bioeconomy products or processes. An initial screening of over

600 studies identi�ed 155 as relevant ones to perform the literature review. From the

analyzed studies, 20% (31 studies) focus on general feedstock production, harvesting,

transportation, and processing. This literature review presents key �ndings including

the high importance of the feedstock impact to guarantee the supply chain’s sus-

tainability and a discrepancy between the local/global relevance of ecosystem service

accounting in LCA approaches.

The research of [62] provides an overview of the sustainability assessment of bio-

products supply chain and the most recent research considering LCA. The overview

speci�es there is still a lack of a comprehensive understanding of the life cycle impacts

in biomass supply chain operations, speci�cally due to the quality of the available

data. This challenge varies tremendously depending on the type of biomass, technol-

ogy, and facilities. Another identi�ed research gap includes the impact that biomass

utilization has on the local communities and farmers’ social well-being and the ur-

gent need for social sustainability understanding. Finally, the research considers that

identifying the most economic processing facility location is still a suitable approach

that can assist in the reduction of the negative impacts of the main product and

byproducts variability prices.

The study of [128] presents literature on the past, present, and prospective themes

of agricultural supply chains. For such purpose, an analysis of 247 quantitative studies

is performed. This research identi�es greater attention given to the assessment of

the environmental dimension compared to the social one. Most agricultural supply

chain research focuses on a centralized decision-making structure when in reality, it is

common for individual economic entities to perform by themselves. Future research

is suggested for agricultural supply chains considering environmental factors such as

water and land use, combined with social factors. Additional research considering an
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LCA-supply chain approach for processing facility assessment includes the work of

[96].

Literature reviews have also been performed for biomass energy generation. The

research of [16] presents a literature review on LCA of biogas production including

feedstock such as wheat, corn, cultivated seaweed, beet, and palm oil mill e�uent

(POME). A total of 48 studies of biogas production from 2006 to 2018 are analyzed.

The research identi�es biogas production as one of Malaysia’s best alternative waste

management solutions. This can apply to other developing countries as well. From

the di�erent feedstock used for biogas production, POME is identi�ed as an important

factor to improve the environmental pro�le. In [122], an LCA for the energetic use

of the bagasse from the sugar industry is performed. The bagasse can be used to

substitute natural gas in the sugar factories, and potential reducing greenhouse gas

(GHG) emissions.

The research of [102] performs a literature review for the environmental and energy

assessment of biomass residues to biochar, i.e. biomass, as fuel. This literature review

identi�es the remaining gaps associated with the use of biomass for power generation.

Gaps include cogeneration, the use of multiple crop residues as feedstock, the focus

of LCA approaches to indirect land-use change, and the incorporation of dynamic

elements into the supporting decision making. Additional research focused on an

LCA approach for biomass energy generation includes [112], [190], [47], [141],and

[195].

The development of renewable aviation fuel is still considered a new topic and

research has been performed to address it. In [183], a literature review is presented

for biomass-derived aviation fuel including LCA. There is still research required for

renewable aviation fuel to be a viable option, including fuel approval, distribution,

and technology development. Improvements are required throughout the supply chain
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from the energy crops providers to the airplane manufacturers, fuel producers, and

airlines, to the biology integration and chemical processes.

Techno-economic analysis research gaps

The TEA, as its name implies, is a methodology framework to perform a technical

and economical assessment of a product or service. The work of [119] presents a

narrative and systematic literature review for TEA modeling, and optimization for

forest biomass supply chains. The study identi�es gaps in the current TEA research

for biomass supply chains such as a focus on isolated research for the harvesting,

logistics, and storage upstream segment, and the requirement of further research for

upstream biomass pretreatment. Future research opportunities speci�ed include the

evaluation of investment factors through integrated TEA and the identi�cation of en-

vironmental, social, and technical challenges through the exploration of pretreatment

processes.

A literature review of the TEA feasibility and sustainability for biomass \drop-

in" fuel production is performed by [94]. \Drop-in" fuels refer to sustainable and

renewable alternatives for fuel development with similar properties to other fuels

such as gasoline, diesel, jet fuel. This research identi�ed that currently, no TEA has

been performed on feedstock blends. Future research is required to determine whether

a feedstock blend could increase the robustness of the process in cases where a single

feedstock is not economically sustainable. The literature review also explained the

di�culty of meaningful comparison between several TEA studies due to the wide

variety of scopes considered in the compared research. The comparison of several

used factors such as feedstock price and type, yields, capacities, and other economic

assumptions may not always be straightforward.

Another literature review on the TEA biomass supply chain is performed by [106].
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This research identi�es that 78% of the analyzed studies used a mathematical evalua-

tion through optimization. However, only a minority performs a stochastic evaluation

for the assessment of the biomass supply chain. The literature reviews recommend

further studies to consider stochastic optimization modeling for the uncertainties

throughout the biomass supply chains. Even though most of the studies performed

TEA viability of the biomass valorization, they also specify the possibility that further

risks could prevent the commercialization. Finally, due to the high impact of weather

factors in biomass availability, the literature review also suggest further research to

incorporate the impact of climate change into the biomass growth.

Within the TEA biomass research, two studies of the guayule and guar crops have

a high relationship to the third chapter of the dissertation. The guayule TEA research

is performed in [168]. This study considers two scenarios: i) a baseline scenario where

the bioproducts obtained from guayule, i.e., rubber, resin, and bagasse, are sold at

prede�ned values, and ii) a scenario that integrates the use of bagasse for heat and

power generation purposes. The guar TEA study is developed in [169]. The results

of this research indicate the potential lower CO2 equivalent GHG emissions of guar

when compared to other crops such as alfalfa, corn, and wheat. Results also suggest

guar to be an economically competitive crop when compared to other Southwestern

U.S. crops.

Additional TEA research for biomass has been performed in di�erent areas such

as integrated gasi�cation [67], energy generation [30, 56, 124, 151, 162], biofuel supply

chain [73, 99, 201] and lignocellulosic biomass thermochemical conversion [138].

Optimization research gaps

This section presents an overview of optimization research applied to biomass supply

chains. The research of [65] develops a multi-objective robust approach to maximize
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the mean value of a switchgrass-based bioethanol supply chain while considering

environmental and social factors. A multi-stage stochastic program that addresses

biomass seasonal supply, and environmental and social impacts is performed by [59].

The work of [189] presents a stochastic mixed-integer model for the expansion of a

biofuel supply chain. The study of [194] introduces a statistically robust quantile-

based approach for stochastic optimization for a biomass-based power plant supply

chain [194], and a two-stage stochastic optimization model is developed by [133] for

the biomass supplier selection under uncertain parameters.

Additional optimization research in biomass supply chains includes the work of

[27] that focuses on a multi-objective mixed linear optimization model to maximize

the economic, environmental, and social bene�ts of a forest-based biore�nery sup-

ply chain. The study of [41] performs a mixed-integer linear programming model

framework for the biofuel fed vehicles’ supply chain considering the economic and

environmental impacts. The large-scale optimization research of [31] addresses the

challenge to quantify the quality and variability of the biomass. More recently, the

research of [92] addresses eco-e�cient biomass supply chain designs and economic

allocations for the sugar beet biomass, and the study of [6] developed to minimize

the costs of bioethanol production.

As considered in the optimization research overview, uncertainties in the biomass

supply chain can include supply and demand uncertainty, feedstock supply uncer-

tainty, feedstock quality uncertainty, and a combination of both, feedstock supply

and quality uncertainty. However, none of the previous studies have considered the

adoption rate uncertainty. The integration of this uncertainty is crucial, especially

for the introduction of new crops. The adoption rates can be de�ned as the percent-

ages of crops in the �eld each farm switches for a new one. Additional challenges are

presented when considering the introduction of new crops to the agricultural sector,

such as guayule and guar. These challenges include large-scale production and logistic



24

management and both can be addressed through research in biomass supply chain

optimization. Key factors to consider for these challenges include facility location,

production planning, and scheduling design.

1.2 Recent Advances in MILO Large-Scale Optimization

An optimization problem can be classi�ed according to the characteristics of its vari-

ables, constraints, and objective function. Consider the following problem,

min
x;y

d|x + f|y (1.1a)

s.t. Bx + Ay � b (1.1b)

x 2 X;y 2 Y (1.1c)

� If (1.1a) and (1.1b) are linear and X;Y = Rn, then it is a linear optimization

(LO) (or linear programming (LP)) problem.

� If (1.1a) and (1.1b) are linear and X = Rn;Y = Zn, then it is a mixed-integer

linear optimization (MILO) problem.

� If (1.1a) and/or constraints (1.1b) are substituted for a nonlinear formulation

(e.g., xy � b (1.1b)) and X;Y = Rn, then it is a nonlinear optimization (NLO)

problem.

Optimization problems can also be classi�ed based on their size or dimensions [131]

into small-size (dimensions 100�102), medium-size (dimensions 103�104), large-scale

(dimensions 105�107), and huge-scale (dimensions 108�1012). Large-scale optimiza-

tion models are widely used in industrial �elds such as power systems, manufacturing,

pharmaceutical, and agriculture, as well as in science to perform research in those

�elds, especially when uncertainty is analyzed. A challenge of large-scale optimization
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problems is the rate of increase in their dimensions, which, depending on the problem,

may even increase exponentially. In cases where optimality or proof of optimality can

be sacri�ced, heuristic methods can be applied to address this challenge. Otherwise,

decomposition methods can be applied to obtain the optimal solution.

The decomposition methods can break a large-scale problem into smaller, easier

to solve subproblems. Similar to a divide and conquer strategy, smaller subprob-

lems may require less computational e�orts than a large-scale problem. However,

to achieve an optimal solution for the large-scale problem, the smaller subproblems

must communicate with each other through a number of iterations until convergence

is achieved.

Some decomposition methods for addressing large-scale MILO problems generat-

ing bounds through the iterative construction of polyhedral approximations for the

convex hull of feasible solutions. These methods can be broken down into inner

methods, such as the Dantzig-Wolfe decomposition and outter methods, such as the

cutting-plane [63].

Cutting-Plane Method

The cutting plane methods is one of the iterative approaches to solve MILO problem.

The cutting-plane cuts through the linear relaxation of a MILO with the objective

to narrow the solution search space as to obtain the convex hull reformulation of the

MILO problem. The former allows every extreme point of the feasible region to be

an integer point. Fig 1.2 presents an example of the �rst cut of the cutting-plane

method where the cut ���|x � ��� is shown in red.

There are di�erent methods to generate the cuts for MILO problems, including

Gomory’s Mixed-Integer cut [186], Gub Cover cut [160], and Mixed-Integer Rounding

cut [160]. Studies have also been performed recently regarding sparse Cutting-Plane
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Figure 1.2: Cutting-Plane example for a MILO problem

for sparse MILO with applications in stochastic optimization [46]. Consider the fol-

lowing two-stage stochastic packing MILO problem (P ),

max
x

c|x + E�[Q(x; ���)] (1.2a)

s.t. A0x � b (1.2b)

x 2 Zn
+ (1.2c)

where Q(x; ���) is the optimal value of the second-stage problem,

max
y

d(���)|y (1.3a)

s.t. A(���)x + B(���)y � c(���) (1.3b)

y 2 Rn
+ (1.3c)

and A;B; c;d are non-negative. Given �1; : : : ; �k scenarios the column partition is

de�ned as

J = fx;y1; : : : ;ykg (1.4)

Let each element of J be a vertex such that V = fv0; : : : ;vkg and let (vi;vj) 2

E ; i; j = 1; : : : ; k; i 6= j, be an edge only if there is a row in A with two non-zero
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entries for the i and j elements of column partition J . Therefore, for the two-stage

stochastic packing MILO problem (P),

E = f(v0;v1); (v0;v2); : : : ; (v0;vk)g: (1.5)

For a set of nodes S � V, sparse cuts are de�ned by the inequality

���|x + ���|yi � 


; i = 1; : : : ; k: (1.6)

if the support of ���;��� are on the variables corresponding to the vertices on S, that is,S
vi2S Ji. The support list of sparse cuts, or in the case of the two-stage stochastic

packing MILO problem (P), the speci�c-scenario closure PV is denoted by adding all

sparse cuts on the sets in V , e.i.,

PV =
k\
i=1

P(fv0;vig) (1.7)

where V = ffv0;v1g; fv0;v2g; : : : ; fv0;vkgg. The research of [46] presents the fol-

lowing conclusion: Consider a two-stage stochastic MILO packing problem with k

scenarios, then

Zspecific�scenario closure �
�

2k � 1

k

�
ZI (1.8)

where ZI is the true mixed-integer objective value of the two-stage stochastic packing

MILO problem. The study of [46] also provides data independent results for covering

and \packing-type" problems.

Dantzig-Wolfe Decomposition

The Dantzing-Wolfe decomposition (DW) algorithm is proposed in [42] to solve LO

problems with a block structure and a set of \complicated" constraints that contain

non-zero coe�cients for many variables. More recently, [180] introduced a framework

for DW reformulation of MILO problems. Consider the following problem,

min
x;y

d|x + e|y (1.9a)
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s.t. A1x + B1y � c1 (1.9b)

A2x + B2y � c2 (1.9c)

x 2 Rn
+;y 2 Np (1.9d)

where (1.9b) represents the set of complicating constraints and (1.9c) represents a

combinatorial MILO problem with a block diagonal structure that can be solved

more e�ciently than the global problem. Research has been performed focused on

DW including the work of [23] provides a computational proof-of-concept for the

automatization of the DW formulation for MILO problems as an e�ort for the de-

composition method to be implemented in state-of-the-art solvers. More recently,

[142] proposed a method to solve large-scale MILO problems for biore�nery systems

using the DW decomposition. However, the proposed method applies DW to solve

LO problems and reduce the complexity of the MILO problem, which then is solved

through a standard MILO solver.

Benders Decomposition

A well-known and widely used decomposition strategy is the Benders Decomposition

(BD) algorithm, which dates from the early 1960s [22]. Variations of the BD algorithm

have been proposed in the literature, such as the mixed-integer linear optimization

(MILO) BD algorithm [93]. The MILO BD algorithm has shown e�cient results in

recent studies considering energy hub planning [115], vehicle-to-grid strategies [146],

and UC [156]. Below, is a brief description of the MILO BD.

Consider the following problem,

min
x;y

d|x + f|y (1.10a)

s.t. Bx + Ay � b (1.10b)

x 2 Zn;y 2 Rm
+ (1.10c)
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Table 1.2: MILO Benders Decomposition algorithm

1: Let x be an initial feasible integer solution
2: LB := �1, UB :=1
3: whilewhilewhile UB � LB > gap dododo
4: Solve subproblem max����fd|�x + (b�B�x)|�jA|��� � f ;��� � 0g
5: ififif Unbounded thenthenthen
6: Get unbounded ray ����
7: Add cut (b�Bx)|���� � 0 to master problem
8: elseelseelse
9: Get extreme point ����
10: Add cut z � d|x + (b�Bx)|����
11: UB := minfUB;d|�x + (b�B�x)|����g
12: end ifend ifend if
13: Solve master problem minxfzjcuts;x 2 f0; 1gng
14: LB := �z
15: end whileend whileend while

Let x be an integer variable vector; y be a continuous variable vector; and A, B, b,

c, and f be the appropriate matrix and vectors coe�cients. Then, the optimization

problem can be written as,

min
x2Zn

�
d|x + min

y2Rm
+

ff|yjAy � b�Bxg
�

(1.11)

and the inner problem’s dual linear program is,

max
���

�
(b�B�x)|���jA|��� � f ;��� � 0

�
(1.12)

where ��� are the dual variables and �x is a �xed feasible integer con�guration. The

MILO Benders Decomposition algorithm is presented in Table 1.2.

The unbounded ray ���� in steps 6 and 7 refers to the case of an unbounded inner

dual problem. In this case, the subproblem is infeasible, therefore, a new constraint or

feasibility cut is added to the master problem. The extreme point �� from steps 9, 10,

and 11 refers to the case where the subproblem returns a �nite optimum. Therefore,

by duality theory, the optimum of the primal subproblem would be the same. The
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MILO BD, as presented in Table 1.3, guarantees to converge to the global optimum

of the problem (1.10).

A di�erent variation of the MILO BD algorithm is available in the literature. Let

x be an integer variable vector, and y a continuous variable such that,

min
x;y

d|x + f|y (1.13a)

s.t. Ax � b1 (1.13b)

B1y + B2x � b2 (1.13c)

x 2 Zn
+;y 2 Rm

+ (1.13d)

where A;B1, and B2 are matrices coe�cients; b1, and b2 are the appropriate vector

form of the corresponding right hand sides; and vectors d and f are the corresponding

objective function coe�cients.

The master problem of (1.13) corresponds to,

MP (�1) = min
x;�

c|x + � (1.14a)

s.t. Ax � b1 (1.14b)

� � SP (�1) + (���(k))|(x� x(k)); k = 1; : : : ; �1 � 1 (1.14c)

x 2 X ;� � � (1.14d)

and the sub problem to,

SP (�1) = min
y;v;wjx̂

d|y +  

qX
i=1

(v1
i + w1) (1.15a)

s.t. B1y + B2x + v1 � w1 � 1 � b2 (1.15b)

x = x(�1) : ��� (1.15c)

y;v1; w1 � 0 (1.15d)

where �1 represents the current sequence iteration, and ��� corresponds to the dual

variables for the indicated set of constraints. Note that vector v1 and variable w1 en-

sure that a feasible solution is always found in the subproblems, but with  as penalty
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Table 1.3: Variation of MILO Benders Decomposition algorithm

1: Set �1 = 0, conv1 =1
2: Set initial feasible x(�1) (Initialization)
3: while conv1 > tolerance
4: Solve (1.15) ! ���(�1), SP (�1)

5: let B
(�1)
1 = MP (�1)

6: let B
(�1)
2 = SP (�1) + c|x(�1)

7: let conv1 = B
(�1)
2 �B

(�1)
1

8: if conv1 > tolerance
9: �1 = �1 + 1
10: Add cut (1.14c)
11: Solve (1.14) ! x(�1), �(�1), MP (�1)

12: Display solution

cost constraints violation. The variation of the MILO BD algorithm is presented in

Table 1.3.

Column-and-Constraint Generation

Another large-scale decomposition algorithm is the column-and-constraint generation

(C&CG) algorithm. The C&CG algorithm was �rst presented in [197] and it is a de-

composition technique to solve robust optimization models. The C&CG algorithm

has presented e�cient results in studies considering vulnerability analysis [206], mi-

crogrids [154], gas-supply security [204], and capacity planning [51]. Similar to the

BD algorithm, the C&CG algorithm also uses a master and subproblem framework.

However, while the BD algorithm can be applied to a wide range of MILO problems,

the C&CG algorithm is designed to robust optimization problems [98].

Given an uncertainty set U is de�ned follows,

U :=fyi 2
�

maxf �Yi � ui�i; Y ig;minf �Yi + ui�i; Y ig
�
; 8i 2 Ig (1.16a)

where �Yi; �i; Y i; and vY i are the mean value, standard deviation, minimum, and
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maximum values, respectively. Therefore, the optimal value yi must be obtained

from an extreme point of the set given by,

U :=

�
yi = �Yi � ui�i + ui�i; 8i 2 I (1.17a)

ui; ui 2 f0; 1g; 8i 2 I (1.17b)X
8i2I

(ui + ui) � � (1.17c)

0 � � � jIj
�

(1.17d)

where � is an uncertainty budget which bounds the total number of deviated periods

from the expected value. For � = 0, there is no uncertainty and yi = �yi; 8i 2 I.

Let x be the �rst level binary decision variables and u and y be the second-level

binary and continuous decision variables as follows,

min
x

c|x + max
u2U

min
y2F (x;u)

b|y (1.18a)

s.t. Ax � d (1.18b)

where F (x;u) = fy 2 Sy : Gy � h�Ex�Mug with Sx � Rn
+ and Sy � Rm

+ and A,

E, G, M, b, c, d, and h are the appropriate matrix and vectors coe�cients.

Step 1: Set LB = �1; UB = +1; k = 0 and O = ;.

Step 2: Solve the master problem,

min
x

c|x + � (1.19a)

s.t. Ax � d (1.19b)

� � b|yl; 8l 2 O (1.19c)

Ex + Gyl � h�Mu�l ; 8l � k (1.19d)

x 2 Sx; � 2 R;yl 2 Sy; 8l � k (1.19e)

Derive the optimal solution (xxx�k+1; �
�
k+1; yyy

1�; : : : ; yyyk�) and update LB = ccc|xxx�k+1 + ��k+1.
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Step 3: Solve the subproblem,

Q(x) = fmax
u2U

min
y

b|y : Gy � h� Ex�Mu;y 2 Syg (1.20)

Update UB = minfUB; c|x�k+1 +Q(x�k+1)g.

Step 4: If UB�LB � gap, return x�k+1 and terminate. Else create the variables

yk+1 and add the following constraints to the master problem ifQ(x�k+1) is unbounded,

� � b|yk+1 (1.21a)

Ex + Gyk+1 � h�Mu�k+1 (1.21b)

update k = k + 1;O = O [ fk + 1g, and go to step 2. Otherwise, add the following

constraint to the master problem,

Ex + Gyk+1 � h�Mu�k+1 (1.22)

update k = k + 1;O = O [ fk + 1g, and go to step 2.

In the presence of integer variables in all levels, the direct dualization of the sub-

problem required for the C&CG algorithm cannot be performed. To address this

challenge, a nested C&CG variation has been designed for adaptive robust optimiza-

tion models [182]. The nested C&CG algorithm has presented e�cient results in

studies related to power dispatch [145], energy management [207], and production

scheduling [155]. Consider the following problem,

min
x1

h|
1x1 + max

u2U
min
x2;yyy

h|
2u + h|

3y (1.23a)

s.t. Ax1 � b (1.23b)

Cu � d (1.23c)

E(x1;u)x2 + F(x1;u)y � g (1.23d)
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where x1, u, x2 are integer variable vectors, y is a continuous variable vector; the

uncertainty set U is de�ned as (1.16); A, C, E(x1;u), F(x1;u), b, d, g, and hi,

i = 1; : : : 3 are the appropriate matrix and vectors coe�cients. The nested C&CG

algorithm consist in an outer (�rst-third levels) and inner (second-third levels) prob-

lems.

Inner C&CG for Middle Lower-Level Problem. This problem level can be

directly solved by the following C&CG algorithm.

Step 1.1: Select an arbitrary feasible xxx�1 and uuu�. Solve the following problem,

min
x2;y

h|
3y (1.24a)

s.t. E(x�1;u
�)x2 + F(x�1;u

�)y � g (1.24b)

Let x�2 and y� be the optimal solution, and set LB = h|
3y
�, UB = + 1, � = 1,

x1�
2 = x�2, � = f1g, X2 = fx1�

2 g.

Step 1.2: Solve the problem

max
x2;�;’

h|
2u + ’ (1.25a)

s.t. ’ �
�
g � E(x�1;u)xr�2

�|
�r; 8r 2 �;8xr�2 2 X2 (1.25b)

Cu � d; F(x�1;u)|�r = h|
3; �

r � 0; 8r 2 � (1.25c)

where �r are the respective dual variables. Let u� and ST � be the optimal solution

and optimal objective value respectively. Update UB = ST �.

Step 1.3: Solve (1.24) considering u�, and let x�2 and y� be the optimal solution,

and update LB = maxfLB;h|
3y
�g.

Step 1.4: If UB � LB � Conv2, terminate and return optimal solutions u� and

ST �. Else, update � = � + 1, � = � [ �, x��2 = x�2, X2 = X2 [ x��2 , and create

new variables �� with the constraints (1.26)

’ �
�
g � E(x�1;u)x��2

�|
�� (1.26a)
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F(x�1;u)|�� = h|
3; �

� � 0 (1.26b)

and go to step 1.2.

Outer C&CG for Upper Level Problem. The outer part of the nested

C&CG algorithm is described in the following four steps.

Step 2.1: Set LB = �1, UB = +1, � = 1, � = f�g, and û1� be any initial feasible

solution.

Step 2.2: Solve the following problem,

min
x1;x3;y;�

h|
1x1 + � (1.27a)

s.t. Ax1 � b; � � h|
3y

f ; 8f 2 � (1.27b)

E(x1;u
f�)xf2 + F(x1;u

f�)yf � g; 8f 2 � (1.27c)

Let x�1 be the optimal solution, FS� be the optimal objective, and update LB =

max(LB;FS�).

Step 2.3: Call Second-Third Level Problem algorithm, and let u� be the optimal

solution, and ST � be the optimal objective. Update UB = minfUB;h|
1x
�
1 + ST �g.

Step 2.4: If UB � LB � Conv1, return optimal solutions x�1;u
�;x�2;y

�, optimal

objective FS�, and terminate. Else, update � = � + 1, � = � [ �, u�� = u�, and

create new variables x�2 and y� with the constraints (1.28)

� � h|
3y

� (1.28a)

E(x1;u
��)x�2 + F(x1;u

��)y� � g (1.28b)

and go to step 2.2.

Some studies have compared the computational e�ciency between BD and C&CG

algorithms. The research of [148] compared both algorithms in a transmission and

generation expansion problem considering RES. Results indicated that by increasing
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the uncertainty in the demand set, the computational time required from the C&CG

algorithm increased considerably. Furthermore, the BD algorithm’s computational

time outperformed the C&CG algorithm in the four cases presented within this re-

search. On the other hand, the research of [98] also compared the computational

e�ciency of the BD and C&CG algorithms in a location-transportation problem. In

this case, the C&CG algorithm’s computational performance outperformed in the 9

cases presented in the research.

The contradicting performance in the results of [148] and [98] between both al-

gorithms, BD and C&CG, can be explained by additional factors that a�ect the

computational e�ciency such as the choice of the solver and the speci�ed optimality

gap. These factors need to be considered when comparing performance results from

di�erent studies. In spite of the discrepancies between the computational performance

of both studies, in practice, both algorithms can greatly improve the time required

to solve the problem.

1.3 Contributions of the Dissertation

The contributions of the dissertation are presents for research on power system relia-

bility and biomass supply chains. Section 1.3.1 addresses the contributions for power

systems reliability considering consecutive contingencies and Section 1.3.2 presents

the contributions of on the design and operation of the guar and guayule biomass

supply chains.

1.3.1 Power system reliability

First, in contrast with the available literature, Chapter 2.1 proposes a computation-

ally e�cient mixed-integer optimization MILO model to achieve an N -1-1 reliable
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transmission and generation expansion planning at a minimum cost with compliance

checks on operational levels, including UC, OPF for economic dispatch for normal-

state operations, and contingency constrained OPF. We assume that an N -1-1 con-

tingency involves the loss of a single generation unit or transmission line, followed by

systems adjustments, after which the system experiences a subsequent loss of a single,

additional generation unit or transmission line. We also consider system adjustments

between the primary and secondary failures are restricted to generator output levels,

phase angles, and power 
ow. Additionally, any failure, once occurred, will remain

for the rest of the operation horizon. The system is only allowed to shed its load

after the secondary failure. The key di�erence between our model and existing work

is the consideration of the N -1-1 reliability standards into the transmission and gen-

eration expansion problem. To solve the large-scale MIO model, we implement a

two-level MILO BD algorithm and perform numerical experiments on modi�ed IEEE

test systems to validate the proposed model and algorithm.

Second, Chapter 2.2 studies a stochastic approach to achieve a reliable TGEP

for multiple N -1-1 contingencies with corrective actions. Besides considering the

occurrence probability of each contingency, in contrast with the previous work, the

key contribution of this chapter includes a computationally e�cient mixed-integer

two-stage stochastic optimization model for TGEP such that it satis�es the N -1-1

reliability standards with compliance check on economic dispatch and power 
ows

under contingencies. Additionally, this model considers a System Recovery phase

after the Secondary Failure. The System Recovery refers to that when the system

returns to normal operating conditions with no loss-of-load as both failures have

been repaired, and any primary or secondary failure that occurs will remain until the

system recovery. To solve the proposed problem formulation, a MILO BD algorithm

is adapted.

Finally, even though some studies have been conducted in reliability considering
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UC, previous research has not focused on a robust approach of an N -1-1 reliable

contingency constrained UC (CCUC) with RES. Furthermore, a robust approach

considering RES will grant the ability to model the worst-case renewable energy gen-

eration as part of the N -1-1 reliable UC problem. Chapter 2.3 studies an adaptive

robust approach of the N -1-1 reliable CCUC problem with RES and compliance check

on OPF and contingency constrained OPF. Di�erences from previous research also

include modeling of transmission line switching and the implementation of corrective

actions within the operation horizon to achieve the system recovery. To model the

system recovery, a sequential time frame for system adjustments is presented succeed-

ing the secondary failure, and a new non-overlapping time period from the secondary

failure to the end of the operation horizon is de�ned as System Recovery. The latter

considers that both failures have been repaired, ergo, the system returns to normal

operating conditions with no loss-of-load. Assumptions in this chapter include that

all system adjustments are restricted to power 
ow, phase angles, and generator out-

put levels. Additionally, when a failure occurs (primary or secondary), it remains

until the transition to the system recovery.

The main contributions of Chapter 2.3 are summarized as follows: proposal of a

computationally e�cient adaptive robust model for N -1-1 reliable CUCC with com-

pliance check on OPF and contingency constrained OPF; variation design of the

nested column-and-constraint generation (C&CG) algorithm for an e�cient solution

of the extremely large scale min-max-min mixed-integer linear programming model

formulation; modeling of the worst-case PV generation intermittency for the N -1-1

reliable CUCC (other types of RES (e.g. wind, solar thermal) may be accounted for

with minimum changes to the model); and the introduction of an additional time

period tc that allows variable time system recovery scenarios analysis.
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1.3.2 Biomass supply chain

Previous studies in the literature have not considered the adoption rates as a method

to capture the supply uncertainty of biomass. The adoption rates are the farm in-

dependent percentages of crops in the �eld that are switched for a new one. Despite

the promising potential for guayule and guar to boost the agricultural economy of

the Southwestern U.S., their adoption rates remain uncertain. This uncertainty of

the adoption rates can be modeled as scenarios based on probability distributions.

Incorporating the adoption rate for each farm as a random variable within a stochas-

tic model will allow the capture of uncertainty from the farmers’ decision to adopt

guayule and guar crops in their �elds. It will also allow the optimization model to

minimize the expected economic costs and maximize the environmental and social

impacts based on the scenarios for the adoption rates of each crop. Another factor

that has not been considered in research is the design of biomass supply chains in the

Southwestern U.S. for desert-dwelling crops such as guayule and guar. This research

is essential to determine these crops’ economic viability and encourage farmers to

adopt drought-tolerant crops. Furthermore, due to the potential of an agricultural

water shortage, such research is required for the sustainable economic growth of the

Southwestern U.S.

Chapter 3.1 proposes a stochastic optimization to make optimal decisions for fa-

cility locations, transportations from �elds to facilities, and �nally to customers, with

a multi-objective approach to quantify the economic bene�ts, environmental impacts,

and social impacts. The adoption rates are integrated into the model as a random

variable which allows the capture of the farmers’ uncertainty to adopt guayule and

guar in their �elds. The quanti�ed economic bene�ts include harvesting costs, trans-

portation and distribution costs, production costs, and construction costs for the pro-

cessing facilities. Environmental impacts are accounted for through CO2 equivalent
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GHG emissions cost of the harvesting, production, transportation, distribution, and

construction processes. Social impacts are quanti�ed based on the local accrued jobs

per county for harvesting, transportation, production, distribution, and construction.

Additionally, a geographic information system (GIS) analysis is integrated into the

model’s input parameters to identify potential candidates for processing facility loca-

tion. Irrigation water requirements are analyzed through GIS irrigation district layers

and their water availability. Independent weighted factors are considered within the

quanti�cation of the economic bene�ts, environmental impacts, and social impacts

for sensitivity analysis purposes. This allows an informed decision making based on

assigning higher weights on one or multiple economic, environmental, and social im-

pacts as required. Finally, a case study is performed for two areas: the Maricopa and

Pinal counties in Arizona for the guayule supply chain, and the Dona Ana County in

New Mexico for the guar supply chain.

Regarding LCA, this chapter considers environmental and social impacts through

the harvesting, transportation, processing, and distribution processes, i.e., from the

farms to the customers. This is one of the research gaps identi�ed in [62]. Addi-

tionally, it takes into account considers irrigation water and water availability of the

two low-water-use crops, guayule and guar, as suggested for further research by the

LCA literature review of [128]. As for the TEA, the guayule TEA research of [168] is

part of the SBAR project. Although the published version of that research does not

include results from the dissertation, the study of [168] is a work that continues to

evolve and improve with the development of the SBAR project. An updated version

of the guayule TEA research will consider the results of Chapter 3.1. On the other

hand, the guar TEA research of [169] already considers some of the dissertation anal-

ysis and results. Such results also address the gap for the integration of uncertainty

modeling into the TEA through stochastic optimization [106].

In spite of the current literature on production planning and machinery scheduling,
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research gaps still remain, especially when considering the adoption of low-water-use

crops in semi-arid regions. The urgent problem of ensuring e�cient water use in agri-

culture needs to be addressed without a�ecting the farmers’ economic incomes. For

such purpose, a production planning research that maximizes the farmers’ net present

value (NPV) from planting perennial (e.g. guayule) and non-perennial (e.g., guar)

low-water-use crops and other competing crops (e.g., cotton, grains, and oilseeds)

is required. The NPV of the farmers can be increased by including a machinery

scheduling optimization within the same research.

In Chapter 3.2, an extension of the optimal design of guar and guayule supply

chains is performed for American Southwest, i.e., New Mexico, Northwestern Texas,

and Arizona. All farms within this region are evaluated and speci�c cotton, grains,

and oilseeds farm groups are identi�ed as candidates for guar and guayule adoption. A

multi-objective optimization model assesses the economic, environmental, and social

impacts of the guar and guayule supply chains and addresses the adoption rate uncer-

tainty through stochastic scenarios. To identify the e�ects of a long-term increase in

the guar and guayule demand, sensitivity analyses are performed for multiple optimal

facility locations. An additional case study is performed for Arizona while avoiding

speci�c regions of cotton, grains, and oilseeds farm groups that have been identi�ed

with a reduced probability for guayule adoption.

Chapter 3.3 proposes an integer linear optimization (ILO) model to identify op-

timal decisions for production planning and machinery scheduling of perennial and

non-perennial crops that maximize the farmers’ NPV. Key di�erences between this

chapter and previous work include the integration of both, multi-crop planning and

multi-machinery scheduling into a single model while enabling crop rotation within a

de�ned set of time periods. The revenue is determined based on the sales of each crop

and the total costs include the machinery loan amortization, operational costs (labor,

repairs, maintenance, fuel, and lube), machinery transportation costs, fertilizers, her-
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bicides, insecticides, seeds, and irrigation water costs. For scheduling purposes, the

optimal routes between the parcels are determined using ArcGIS Pro tools. Irriga-

tion water requirements and availability are analyzed through GIS irrigation district

layers. The resulting model yields a complex large-scale ILO problem. To assess the

model, two case studies for low-water-use crops are developed, one for the guar crop

considering parcels located in Cochran and Hockley counties, Texas, and another case

study for the guayule crop considering parcels located in Pinal County, Arizona.

Although the research of this chapter focuses on the upstream biomass supply

chain for guar and guayule, it addresses the irrigation water use and water availability

for the two low-water-use crops, guayule and guar, as suggested for further research by

the LCA literature review of [128]. As for the TEA contributions, the results of this

research can be used as a base for the feedstock blend research gap identi�ed by [94].

Such results will also be included in the updated guayule TEA research of [168] and

the updated guar TEA research of [169]. Another research gap addressed is the one

related to a centralized-decision making structure identi�ed in [128]. This research

avoids the centralized-decision making structure by optimizing the net present value

of the production planning and scheduling design from the farmer’s perspective.

Finally, the dissertation also addresses some optimization research gaps in biomass

supply chains. One of the research gaps addressed includes the integration of adoption

rates into the optimization model to capture the farmers’ uncertainty to adopt guar

and guayule crops in their �elds. The optimal facility location is also performed for

large-scale optimization. Additionally, the developed model addresses the large-scale

production and logistic management through the integration of multi-crop planning,

multi-machinery scheduling, and crop rotation for perennial and non-perennial crops.
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Chapter 2

Reliable Expansion and Operations of Power

Systems under Consecutive Contingencies

This chapter presents the reliability research on power systems under consecutive con-

tingencies. Chapter 2.1 presents a study for reliable power grid expansion considering

N -1-1 contingencies. In Chapter 2.2, a two-stage stochastic power grid expansion

considering multiple N -1-1 contingencies is studied. Chapter 2.3 presents a study

of N -1-1 contingency-constrained unit commitment with renewable integration and

corrective actions.

2.1 Reliable Power Grid Expansion Considering N-1-1 Con-
tingencies

This chapter proposes a computationally e�cient mixed-integer linear optimization

(MILO) model to achieve an N -1-1 reliable transmission and generation expansion

planning at a minimum cost with compliance checks on operational levels, including

UC, OPF for economic dispatch for normal-state operations, and contingency con-

strained OPF. System adjustments between the primary and secondary failures are

considered to be restricted to generator output levels, phase angles, and power 
ow.

Additionally, any failure, once occurred, will remain for the rest of the operation hori-

zon. The key di�erence between this model and existing work is the consideration

of the N -1-1 reliability criterion for the transmission and generation expansion plan-

ning problem. To solve the large-scale MILO model, a two-level Lagrangian Benders

Decomposition (LBD) algorithm is adapted, and numerical experiments on modi�ed

IEEE test systems are performed.
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The remainder of this chapter is organized as follows. Section 2.1.1 introduces the

background and motivation of this research. Section 2.1.2 introduces the expansion

planning problem, where system operates under no loss-of-load, followed by a study

on the N -1-1 contingency and its reliability requirements. Section 2.1.3 describes the

algorithm and solution strategy implemented. Numerical experiment results on IEEE

test systems are performed in Section 2.1.4. Section 2.1.5 presents an observation

summary and future research directions.

This chapter is based on our published paper [212].

2.1.1 Introduction

As transmission networks remain vulnerable and exposed to contingencies caused by

natural disasters, system limits, human errors, intentional attacks, etc., power system

operators have focused on methods to achieve a reliable power supply under these

situations. Reliability is de�ned as the degree to which the system components’ per-

formance results in power being delivered to consumers within accepted standards and

desired amounts [100]. The power system’s reliability has been previously studied in

research including comprehensive review [97], renewable energy [158], and microgrids

[163].

Currently, reliability standards in power systems concentrate on failures commonly

known as N -1 or N -k (k � 2) contingency criteria. The North American Electric

Reliability Corporation (NERC) ensures the reliability of power systems by developing

and enforcing standards. The ones that de�ne performance requirements under both,

normal operations and various contingencies, are the NERC Transmission Planning

Standards (TPL) [130]. According to them, if only a single component is lost (N -1

contingency), the system must be able to stabilize without any loss-of-load. In the

case of k simultaneous failures (N -k contingencies, k � 2), the system has to restore



45

stability, but a limited loss-of-load is allowed.

In current practice the N -1 reliability standard is enforced, and it is generally con-

sidered as fundamental as the need to balance generation and load. In the literature,

research has been performed to consider this standard considering a systematic ex-

pansion planning [113] and unit commitment (UC) with transmission switching [82].

Similarly, the N -k reliability standards have also increased their level of attention

in research. For example, the identi�cation of the most important N -k contingen-

cies with risk assessments are considered in [91]. Other studies considered expansion

planning with N -k reliability standard in [36] and UC [37].

Another reliability study area is the related to the N -1-1 contingency, which in-

volves the loss of a single transmission line or generation unit, followed by systems

adjustments, before a subsequent loss of an additional generation unit or transmission

line. This N -1-1 reliability criterion has been studied with respect to optimal power


ow (OPF) [60], risk based analysis [9], variable time between N -1-1 contingencies

[11], and UC [74]. However, research hasn’t been made for the expansion planning

problem. Through the di�erences of N -1 and N -k standards, the (N -1-1)-based

reliability-driven investment decisions for generation and transmission expansion can

be closer to power system’s real operations, since they consider potential consecutive

dynamic failures and are less conservative than N -k standards, which would require

higher investments.

2.1.2 Problem formulation

The formulation of the expansion planning problem described below is based on the

model of [36], which was adapted to formulate the expansion planning model. It treats

all power system components, g 2 G and e 2 E, as candidates for addition to the

system. For an existing component, the corresponding investment decision (xe; xg) is



46

�xed to 1 and the investment cost (Cg; Ce) is �xed to 0. Note that a planning horizon

is not strictly de�ned since the model focuses on UC reliable expansion planning. The

expansion planning formulation for a power system (i 2 I, e 2 E, g 2 G, and t 2 T )

is formulated as follows:

min
xxx;uuu;ccc;
fff;ppp;���

X
8e

Cexe +
X
8g

Cgxg + �

 X
8t;8g

(cutg + cdtg ) +
X
8t;8g

Cp
gp

t
g

!
(2.1a)

s.t.
X
e2E

Cexe +
X
g2G

Cgxg � B (2.1b)

xg; xe 2 f0; 1g; 8g;8e (2.1c)

where � indicates a weighting factor to make the investment costs (long-term) and

operating cost (short-term) comparable. The objective (2.1a) is to minimize the total

cost consisting of investment, operational, and startup/shutdown costs. The budget

constraint for expansion planning is modeled in (2.1b). Binary variable constraints

are expressed in (2.1c). To ensure the operation schedule of the generation units, the

set of constraints for UC in each time period t is modeled as presented in (2.2). Here,

U abstractly denotes a feasible set for the UC constraint (2.2a), which enforces initial

online/o�ine generation units and minimum uptime/downtime requirements. Con-

straint (2.2b) de�ne the startup/shutdown cost, respectively. Constraint (2.2c) en-

sures that a generation unit g can be committed if it has been added. Non-negativity

and binary requirements are ensured by (2.2d).

uuu 2 U (2.2a)

cutg � Cu
g (utg � ut�1

g ); cdtg � Cd
g (ut�1

g � utg); 8g;8t (2.2b)

utg � xg; 8g;8t (2.2c)

cutg ; c
dt
g � 0; utg 2 f0; 1g; 8g;8t (2.2d)

Reserve margins are not implicity imposed on the expansion planning model since

N -1-1 compliancy is a stronger reliability requirement [74]. To ensure the best oper-
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ating levels for the power system to meet the demands given throughout transmission

network, a set of OPF constraints describing on each time period t is considered for

economic dispatch and ramp limits, as modeled in (2.3). Constraint (2.3a) models

the power balance at each bus; the power 
ow of the lines (Kirchho�’s voltage law) is

modeled in (2.3b)-(2.3c); constraint (2.3d) ensures transmission lines limits; genera-

tor dispatch bounds are presented in (2.3e); constraints (2.3f)-(2.3g) de�ne generation

ramp-up/ramp-down constraints for pairs of consecutive time; and constraints (2.3h)

are for non-negativity.X
g2Gi

ptg +
X
e2E:i

f te �
X
e2Ei:

f te = Dt
i ; 8i;8t (2.3a)

�Be(�
t
ie � �

t
je) + f te �Me(1� xe) � 0; 8e; 8t (2.3b)

Be(�
t
ie � �

t
je)� f te �Me(1� xe) � 0; 8e; 8t (2.3c)

� Fexe � f te � Fexe; 8e;8t (2.3d)

P gu
t
g � ptg � P gu

t
g; 8g;8t (2.3e)

ptg � pt�1
g � Ru

gu
t�1
g + �Ru

g (utg � ut�1
g ) + P g(1� utg);8g;8t (2.3f)

pt�1
g � ptg � Rd

gu
t
g + �Rd

g(u
t�1
g � utg) + P g(1� ut�1

g );8g;8t (2.3g)

ptg � 0; 8g;8t (2.3h)

According to NERC TPL standard [130], in the event of losing a single component,

a power system must remain stable with its full demand satis�ed. In the event of

losing more than a single component, controlled load shedding and transmission lines

overloads are allowed. An N -1-1 contingency refers to the loss of two components,

primary and secondary failures, in three non-overlapping time periods. In the model,

all generation units, G, and transmission lines, E, are possible failure candidates. If

we consider all time pairs of the �rst failure (ta) and second failure (tb), as well as

the loss of any generation unit g and/or transmission line e, the set C will be de�ned
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𝑡𝑡0 𝑡𝑡𝑎𝑎 𝑡𝑡𝑏𝑏 𝑇𝑇 

𝑁𝑁 𝑁𝑁 − 1 𝑁𝑁 − 2 

𝑁𝑁𝑁𝑁 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 P𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 S𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 

𝑤𝑤𝑔𝑔𝑐𝑐𝑐𝑐 = 1 

ℎ𝑖𝑖𝑐𝑐𝑐𝑐 = 𝐷𝐷𝑖𝑖𝑡𝑡 ,𝑂𝑂𝑒𝑒𝑐𝑐𝑐𝑐 = 𝑂𝑂𝑒𝑒 ,𝑤𝑤𝑒𝑒𝑐𝑐𝑐𝑐 = 1 ℎ𝑖𝑖𝑐𝑐𝑐𝑐 = 𝑂𝑂𝑒𝑒𝑐𝑐𝑐𝑐 = 𝑤𝑤𝑒𝑒𝑐𝑐𝑐𝑐 = 0 

𝑤𝑤𝑔𝑔𝑐𝑐𝑐𝑐 = 0 

Figure 2.1: N -1-1 contingency on operation horizon T

as follows:

C :=
n

(dtg; d
t
e) 2 f0; 1gN�T : ta + 1 � tb; ta; tb 2 T ; (2.4a)X

g2G

dtag +
X
e2E

dtae = 1;
X
g2G

dtbg +
X
e2E

dtbe = 1 (2.4b)

X
t2T

dtg � 1;8g;
X
t2T

dte � 1;8e
o

(2.4c)

The N -1-1 requirements consist of three non-overlapping time periods, as shown

in Fig. 2.1 and are de�ned as follows:

- Base Case
�
t 2 f1; : : : ; ta � 1g

�
. The system operates with N components under

no loss-of-load.

- Primary Failure
�
t 2 fta; : : : ; tb � 1g

�
. At time period ta the system operates with

N -1 components (single component failure), and a transition is made from the normal

state to the contingency state. According to NERC standards, the system must meet

its full demand.

- Secondary Failure
�
t 2 ftb; : : : ; Tg

�
. Controlled load shedding and overloads of

transmission lines are allowed according to NERC standards since the system operates

with N -2 components. Thus allowable load shedding, ", and line overload factor, Oe,

can be applied. The following terms are introduced for conciseness with the secondary

failure requirements:

hcti = f0; 8i; t = 1; : : : ; tb � 1; & Dt
i 8i; t = tb; : : : ; Tg
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Oct
e = f0; 8e; t = 1; : : : ; tb � 1; & Oe 8e; t = tb; : : : ; Tg

wcte =
tX

t0=1

dct
0

e ;8e; 8t; & wctg =
tX

t0=1

dct
0

g ;8g;8t

where hcti indicates the allowable loss-of-load, and Oct
e represents the line overload.

Note that there are only loss-of-load and transmission line overloads from the sec-

ondary failure tb, to the end of the operation horizon T . Additionally, wcte and wctg

are \in the contingency" indicators for generation unit g and transmission line e. For

example, if generator g is selected for the primary failure, wctg will have value of 1

from ta to T . Following precedent literature, the goal during a contingency state is

operational feasibility. With this consideration, the contingency constrained OPF set

of constraints is presented in (2.5) for every contingency in C.

min
pct

g ;q
ct
i ;z

ct
g ;�

ct
ie
;fct

e

!
X

i2I;t2T ;c2C

qcti (2.5a)X
g2Gi

pctg +
X
e2E:i

f cte �
X
e2Ei:

f cte + qcti = Dt
i ; 8i;8t (2.5b)

�Be(�
ct
ie � �

ct
je) + f cte �Me(1� xe + wcte ) � 0;8e; 8t (2.5c)

Be(�
ct
ie � �

ct
je)� f cte �Me(1� xe + wcte ) � 0; 8e; 8t (2.5d)

jf cte j � Fexe(1� wcte )(1 +Oct
e ); 8e; 8t (2.5e)

P gu
t
g(1� wctg ) � pctg � P gu

t
g(1� wctg ); 8g;8t (2.5f)

pctg � pc;t�1
g � Ru

g�g(u
t�1
g ) + �Ru

g�g(u
t
g � ut�1

g ) + P g(1� utg); 8g;8t (2.5g)

pc;t�1
g � pctg � Rd

g�g(u
t
g) + �Rd

g�g(u
t�1
g � utg) + P g(1� ut�1

g ) + P g(z
ct
g ); 8g;8t (2.5h)

zctg � utg; z
ct
g � ut�1

g ; zctg � wctg ; 8g;8t (2.5i)

zctg � utg + ut�1
g + wctg � 2; 8g;8t (2.5j)

pctg = ptg; 8g; t = 1; : : : ; ta � 1 (2.5k)

qcti � hcti ; 8i; 8t (2.5l)X
i2I

qcti � "
X
i2I

hcti ; 8t (2.5m)

pctg ; q
ct
i ; z

ct
g � 0; 8g;8i;8t (2.5n)
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The objective (2.5a) is load shedding minimization, where ! is the load shedding

penalty cost. Constraint (2.5b) de�nes the power balance at each bus considering un-

satis�ed demand qcti . Constraints (2.5c)-(2.5d) enforce power 
ow (Kirchho�’s voltage

law) on the transmission lines that are not part of a contingency. Constraints (2.5e)

ensure that the transmission lines capacity in a contingency is 0. The upper/lower

dispatch bounds of generation unit g in a contingency is represented by constraints

(2.5f). Constraints (2.5g)-(2.5h) enforce the generator ramp-up/ramp-down limits.

Constraints (2.5i)-(2.5j) are used for linearization purposes. Constraint (2.5k) in-

dicates non-anticipativity for future failures. The upper bound loss at each bus is

represented by constraint (2.5l), and the total load threshold is de�ned by constraint

(2.5m). Constraint (2.5n) models non-negativity requirements.

2.1.3 Lagrangian benders decomposition

Let xxx be a vector containing fxxx;uuu;cccg, and p a vector containing fppp;fff;���;pppc; fff c; ���c; qqqc; zzzcg.

Thus, the expansion planning problem can be reformulated in matrix form as:

min
xxx;ppp
fdTxxx+ fTppp : Axxx � b1; B1ppp+B2xxx � b2;xxx 2 X;ppp � 0g (2.6)

where A, B1, and B2 are appropriate matrices for the set of constraints with b1, and

b2 being the appropriate vector form of the corresponding right hand sides. Vectors d

and f are the corresponding objective function coe�cients. Thus, the original problem

can be decomposed as into a two-level problem: level 1) Planning and UC (2.7a), and

level 2) OPF and contingency-constrained OPF (2.7b).

min
xxx
fdTxxx; Axxx � b1; xxx 2 Xg (2.7a)

min
pppj~xxx
ffTppp; B1ppp � b2 �B2~xxx; ppp � 0g (2.7b)

To apply the Lagrangian Benders Decomposition (LBD) [147], the master problem
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Table 2.1: LBD algorithm

1: Set �1 = 0, conv1 =1, and initial feasible xxx(�1) (Initialization)
2: while conv1 > tolerance

3: Solve (2.8d)-(2.8f) ! ���(�1), Sol
(�1)
2

4: let B
(�1)
1 = Sol

(�1)
1 , let B

(�1)
2 = Sol

(�1)
2 + cTx(�1)

5: let conv1 = B
(�1)
2 �B(�1)

1

6: if conv1 > tolerance, update �1 = �1 + 1, and Add cut (2.8b)

7: Solve (2.8a)-(2.8c) ! xxx(�1), �(�1), Sol
(�1)
1

8: Display xxx;ppp;B1; B2

corresponds to (2.8a)-(2.8c) and the sub problem to (2.8d)-(2.8f).

Sol
(�1)
1 = min

xxx
cTxxx+ � (2.8a)

s.t. � � Sol
(�1)
2 + (���(k))T (xxx� xxx(k)); k = 1; : : : ; �1 � 1 (2.8b)

Axxx � b1; xxx 2 X; � � � (2.8c)

Sol
(�1)
2 = min

p;v;wjx̂xx
dTppp+  

qX
i=1

(v1
i + w1) (2.8d)

s.t. B1ppp+B2xxx+ v1 � w1 � 1 � b2 (2.8e)

xxx = xxx(�1) : ���; ppp;v1; w1 � 0 (2.8f)

where �1 represents the current sequence iteration, and ��� corresponds to the dual

variables for the indicated set of constraints. The LBD algorithm is presented in

Table 2.1.

2.1.4 Numerical experiments

The proposed model and algorithm are implemented in C++ using CPLEX 12.3 via

ILOG Concert Technology 2.9, and all computations are performed on a Linux ma-

chine with 4 Intel(R) Xeon(TM) CPU 3.60GHz processors with 32GB RAM with an

optimality gap of 0.1% for CPLEX. Computational time is reported in CPU seconds.

The load shedding threshold " is established at 0.02, and the allowable line overload
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Figure 2.2: Optimal dispatch levels for N -1-1 contingency

factor for the secondary failure Oe is �xed at 0.15 for every transmission line e. The

multiplicative factor �g is �xed at 1.25 for every generation unit g. The operation

horizon T is set for 24 hours. To take into account a 10 year expansion planning,

a 15% demand increase is considered. Certain components from the IEEE 14-bus,

IEEE 30-bus, and IEEE 118-bus systems are duplicated as planning candidates. Re-

sults for a single contingency analysis are presented in Table 2.2, where PF and SF

denote primary and secondary failure, respectively. Fig. 2.2 presents the N -1-1 con-

tingency optimal dispatch levels for case studies 2 and 5. The dash lines indicate the

added generators identi�ed for the expansion planning.

Table 2.2: Fixed contingency results

System
Case Failures Time (sec) LBD Added gen Added line
study ta tb PF SF EF LBD iter g e(ie; je)

Modi�ed 1 2 3 e8 e14 1.4 1.0 10 g5 (5; 6)
IEEE 2 9 10 e6 e18 1.5 0.9 9 g5 (2; 3)
14-bus 3 2 3 e9 e16 1.8 1.4 14 g5 (2; 3); (4; 7)

Modi�ed 4 2 23 g1 g2 5.9 3.9 13 g9; g11 0
IEEE 5 1 24 g1 g3 7.7 5.7 17 g10; g11 (4; 12)
30-bus 6 2 23 g2 g3 3.6 2.5 11 g10; g11 (4; 12)

Modi�ed 7 22 23 g5 g15 52.0 15.4 9 g21 0
IEEE 8 4 10 e1 e13 44.3 28.8 16 g21; g23 0

118-bus 9 1 5 g1 e4 53.2 20.0 18 g21 0
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A comparison of the total cost for case studies 2 and 5 under three di�erent

events, no contingency (N -0), one contingency obtained from the PF (N -1), and two

contingencies (N -1-1) is presented in Fig. 2.3. Additionally, an analysis is performed

by �xing ta and tb while considering every possible combination of generation units

and transmission lines as candidates for the primary and secondary failure, as well as

a 12 hour operation horizon T . Results are presented in Table 2.3 where the modi�ed

IEEE 6-bus considers current G and E as failure candidates and the modi�ed IEEE

57-bus considers current G as failures candidates.
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Figure 2.3: Total systems cost

Table 2.3: Fixed ta and tb contingencies results

System
Case Periods Time (sec) LBD Added gen Added line
study ta tb EF LBD iter. g e(ie; je)

Modi�ed 10 8 11 372.4 185.6 27 g4; g5 (1; 4); (3; 6); (4; 5)
IEEE 11 6 10 504.9 209.5 55 g5; g6 (1; 4); (3; 6); (2; 3)
6-bus 12 11 12 111.1 68.8 21 g5; g6 (1; 4); (3; 6); (4; 5)

13 11 12 * 1805.8 13
g7; g8; g10; 0

Modi�ed g11; g12

IEEE
14 2 10 * 1336.7 11

g7; g8; g10; 0
57-bus g11; g12

15 8 12 * 1321.1 10
g7; g8; g10; 0
g11; g12

Note: * denotes out of memory

Although the LBD showed a computational e�ciency improvement with respect
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to the EF, it is greatly a�ected by the values of parameters ! in (2.5a) and  in

(2.8d). Fig. 2.4 presents a sensitivity analysis for case study 12. Even though the

same optimal solution is achieved in all twelve combinations, a slight variation in

either ! or  could greatly increase the required computational time. Nevertheless,

! and  have a relatively wide range to achieve optimality.

26 24 21 26 21

28 26 25 24 23 * * No. of iterations
** Solution time (sec)

26 28 24 23 26

1E+07 2E+07

95.9 73.868.8

237.7 168.1

7E+06 8E+06 9E+06

   
   

 v
al

ue

         value

**168.7 128.6 138.6

117.0 220.6 108.0 81.09 194.61E+16

6E+15

1E+15 109.8 146.8

Figure 2.4: ! and  sensitivity analysis (case study 12)

2.1.5 Conclusions

This chapter introduces a model for N -1-1 reliable expansion planning of an electric

power system at a minimum cost based on compliance check of system operations.

This formulation results in an extremely large mixed integer linear programming

problem and an LBD algorithm is adapted. The model and algorithm are tested in

modi�ed IEEE test systems. Computational time and optimal objective value may

decrease as failure time approaches the operation horizon. We consider that this

chapter will provide the research frame work for general dynamical contingency anal-

ysis. By allowing non-simultaneous failures, the computational cost increases greatly

when considering all possible contingencies.
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2.2 Two-Stage Stochastic Power Grid Expansion Consider-
ing Multiple N-1-1 Contingencies

This chapter studies a stochastic approach to achieve a reliable TGEP for multi-

ple N -1-1 contingencies with corrective actions. Besides considering the occurrence

probability of each contingency, in contrast with the previous work, the key contri-

bution of this chapter includes a computationally e�cient mixed-integer two-stage

stochastic optimization model for TGEP such that it satis�es the N -1-1 reliability

standards with compliance check on economic dispatch and power 
ows under con-

tingencies. Additionally, this model considers a System Recovery phase after the

Secondary Failure. The System Recovery refers to that when the system returns to

normal operation conditions with no loss-of-load as both failures have been repaired,

and any primary or secondary failure that occurs will remain until the system re-

covery. To solve the proposed problem formulation, a Benders Decomposition (BD)

algorithm is adapted.

The remainder of this chapter is organized as follows. Section 2.2.1 introduces

the background and motivation of this research.Section 2.2.2 introduces the TGEP

problem formulation, as well as the N -1-1 contingency with corrective actions. Pa-

rameters and assumptions are explained in Section 2.2.3. Numerical experiments are

performed in Section 2.2.4 on modi�ed IEEE bus test systems. Finally, Section 2.2.5

concludes the chapter.

This chapter is based on our published paper [209].

2.2.1 Introduction

According to the Electric Emergency Incident and Disturbance Report (OE-417)

[50], only in the year 2017, almost 5 million customers were a�ected and nearly 3,000
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MW in demand were lost due to electrical emergencies. Hence, it is important to

meet the reliability standards for the expansion planning of a power system. The

North American Electric Reliability Corporation (NERC) enforces such standards to

ensure the reliability of power systems. Some NERC’s performance requirements in-

clude the Transmission Planning Standards (TPL-001-0.1, TPL-002-0b, TPL-003-0b,

TPL-004-0a) [130], which are de�ned for normal and contingency-constrained opera-

tions. According to these standards, for the N -1 contingency case, the stabilization of

the system without any loss-of-load must be achieved. When considering the loss of

two or more components, such as N -1-1 contingencies or N -k contingencies, a limited

loss-of-load is allowed.

The transmission and generation expansion planning (TGEP) problem focuses on

identifying when and where to build transmission lines and/or generation units to sat-

isfy the future demand growth at a minimum cost. The TGEP problem has been stud-

ied through the stochastic approach [49, 114, 188]. A contingency-constrained TGEP

research can be classi�ed according to the considered reliability criterion. Studies

satisfying the N -1 reliability criterion have been developed previously for renewable

energy [202], risk measures [137], transfer capabilities [105], and progressive contin-

gency [109]. Another reliability criterion that has been studied is related to N -k

contingencies. Studies with this criterion have considered a multi-stage stochastic

approach [107], cascading failures [58, 104], and self-su�cient islands [69].

In some cases, power system operations may consider the N -1 criterion not ro-

bust enough and the N -k to be too conservative. For such cases, the N -1-1 reliability

criterion may provide a greater bene�t since it considers the potential consecutive

dynamic process of failures and is less conservative than the N -k criterion. An N -1-1

contingency involves the loss of a single transmission line or generation unit, followed

by systems adjustments before a subsequent loss of an additional generation unit or

transmission line. To model such behavior, the Base Case, Primary Failure, and Sec-
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ondary Failure are de�ned. The Base Case refers to when the system operates during

the periods under normal conditions without any failure. The Primary Failure refers

to the �rst component loss in the periods when the system operates with N -1 com-

ponents, while the Secondary Failure denotes a subsequent loss after the �rst one

in the periods when the system operates with N -2 components.

While many studies have been developed considering the N -1 and N -k reliability

criterions, limited research has been completed for the N -1-1. For economic dispatch,

the N -1-1 contingency analysis was performed for optimal power 
ow in [60], as well

as for unit commitment [74]. Additionally, a risk-based method was introduced for

assessing transient stability under N -1-1criterion in [9], and a method was developed

to evaluate N -1-1 contingencies in a system considering complex situations with vari-

able amount of time between two failures in [11]. However, previous N -1-1 studies

[49]-[11] did not focus on the TGEP problem.

2.2.2 Problem formulation

In the TGEP problem, an electric power system aims at minimizing its expansion

planning costs by deciding which generation units G and transmission lines E to be

added, while satisfying the N -1-1 reliability criterion considering multiple contingen-

cies with corrective actions. For such purpose, a mixed-integer two-stage stochas-

tic optimization model is formulated, where the �rst stage consists of the expan-

sion planning and the optimal power 
ow (OPF), while the second stage consists of

contingency-constrained (CC-OPF) after the N -1-1 contingencies are occurred with

certain probability. The �rst stage is to decide the \here-and-now" new generators and

transmission lines to build, as well as the power generation for meeting the predicted

future demand. The second stage are the contingency-constrained decisions made in

a \wait-and-see" fashion. The TGEP model is described in Section 2.2.2. Section
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2.2.2 explains the multiple N -1-1 contingencies with corrective action scenarios.

Transmission and generation expansion planning

The formulation for the TGEP problem described below is adapted from the model

of [74]. The expansion planning candidates correspond to the generation units g 2 G

and transmission lines e 2 E. The corresponding investment decisions (xe; xg) are

�xed to 1 and the investment costs (Cg; Ce) are �xed to 0 for all existing components.

In the following, unless explained, \8i;8g;8e; 8t;8c" denotes for all i 2 B; g 2 G;

e 2 E; t 2 �; c 2 C � C, respectively. The TGEP �rst stage formulation for a

power system (i 2 B, e 2 E, g 2 G, and t 2 �) is presented as follows:

min
xxx;
fff;ppp;���

X
e2E

Cexe +
X
g2G

Cgxg +
X
t2�

X
g2G

Cp
gp

t
g +

X
c2C:C�C

prob(c)Q(xxx; c) (2.9a)

s.t.
X
e2E

Cexe +
X
g2G

Cgxg � BP (2.9b)

xg; xe 2 f0; 1g; 8g;8e (2.9c)

where the objective (2.9a) is to minimize the total cost, consisting of the investment

costs for added generation units and transmission lines, operational costs for gener-

ation, and the expected penalty costs for load shedding under the contingency set

C; the expansion planning budget constraint is modeled in (2.9b), and the binary

variable constraints are expressed in (2.9c).

The set of constraints for DC optimal power 
ow in each time period t for economic

dispatch are modeled in (2.10a)-(2.10e),X
g2Gi

ptg +
X
e2E:i

f te �
X
e2Ei:

f te = Dt
i ; 8i; 8t (2.10a)

�Be(�
t
ie � �

t
je) + f te �Me(1� xe) � 0; 8e; 8t (2.10b)

Be(�
t
ie � �

t
je)� f te �Me(1� xe) � 0; 8e; 8t (2.10c)

� Fexe � f te � Fexe; 8e;8t (2.10d)
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P gxg � ptg � P gxg; 8g;8t (2.10e)

where (2.10a) represents the power balance at each bus; (2.10b)-(2.10c) ensure power


ow on transmission lines; the transmission lines capacity limits is ensured by con-

straint (2.10d); and the generation units dispatch bounds are modeled in (2.10d).

Multiple n-1-1 contingency sets with corrective action

The N -1-1 contingency with corrective actions consist of four non-overlapping time

periods as presented in Fig. 2.5. This chapter assumes that the primary and secondary

failures are repaired within the same day. Therefore, the system recovery will occur

at most on the twenty-fourth hour period of the same day. Hence, any given day �

consists of the time periods:

� Base Case
�
t 2 f1; : : : ; ta�1g

�
. The system operates with N components under

normal conditions (no loss-of-load).

� Primary Failure
�
t 2 fta; : : : ; tb � 1g

�
. At operation time period ta, a primary

failure occurs, and a transition is made from the normal operation state to the

contingency state operating with N -1 components. According to the NERC

standards, no loss-of-load is allowed, so the system must meet its full demand.

� Secondary Failure
�
t 2 ftb; : : : ; tc�1g

�
. At operation time period tb, a secondary

failure occurs, therefore the system operates with N -2 components. According

to the NERC standards, controlled load shedding " and line overloads Oe are

allowed to mitigate operational infeasibilities.

� System Recovery
�
t 2 ftc; : : : ; j� jg

�
. Both, primary and secondary failures are

repaired, thus the system return to the normal operation state with no loss-of-

load and no transmission line overloads.
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Figure 2.5: N -1-1 contingency with corrective action

Since the model considers that both, primary and secondary failures must occur

on a speci�ed day � , the contingency set C � C composed of the prede�ned generation

unit set G and transmission line set E is de�ned as follows:

C :=
n

(dtg 2 G; dte 2 E) 2 f0; 1gjG[Ej�j� j :

ta + 1 � tb � tc � 1; ta; tb; tc 2 �; (2.11a)X
g2G

dtag +
X
e2E

dtae = 1;
X
g2G

dtbg +
X
e2E

dtbe = 1 (2.11b)

X
t2�

dtg � 1;8g 2 G;
X
t2�

dte � 1;8e 2 Eg
o

(2.11c)

An N -1-1 contingency scenario ( ~dtg;
~dte) 2 C denotes one distinct failed component

at di�erent time period ta and tb such that ~dtag = 1 or ~dtae = 1, and ~dtbg = 1 or

~dtbe = 1. (2.11a) establishes the sequence of ta, tb, and tc within the speci�ed day

� . (2.11b) indicates that at operation time period ta, exactly one component, either

a generation unit g or a transmission line e fails, and similarly for operation time

period tb. (2.11c) speci�es that each generation unit g 2 G or transmission line e 2 E

can only fail once. For conciseness with the secondary failure and system recovery

requirements, the following terms are introduced.

w(c)t
g =

8>>><>>>:
tP

t0=1

d
(c)t0
g ; 8g; t = ta; : : : ; tc � 1

0; 8g;

(
t = 1; : : : ; ta � 1

t = tc; : : : ; j� j
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w(c)t
e =

8>>><>>>:
tP

t0=1

d
(c)t0
e ; 8e; t = ta; : : : ; tc � 1

0; 8e;

(
t = 1; : : : ; ta � 1

t = tc; : : : ; j� j

O(c)t
e =

(
0; 8e; t = 1; : : : ; tb � 1 & t = tc; : : : ; j� j
Oe; 8e; t = tb; : : : ; tc � 1

h
(c)t
i =

(
0; 8i; t = 1; : : : ; tb � 1 & t = tc; : : : ; j� j
Dt
i ; 8i; t = tb; : : : ; tc � 1

Note that w
(c)t
g , w

(c)t
e are the failure indicators for generation unit g and trans-

mission line e respectively. As presented in Fig. 2.5, if generation unit g is in a

contingency for the primary failure for a given � , w
(c)t
g will have value of 1 from ta

to tc � 1 and 0 otherwise. The transmission line overload O
(c)t
e , and the allowable

loss-of-load h
(c)t
i will have the respective values of Oe and Dt

i from tb to tc � 1. Since

the goal during a contingency state is operational feasibility, following previous lit-

erature, only constraints corresponding to non-contingency power 
ow are enforced.

Hence, considering that \8g; e; t" indicates 8g 2 G; e 2 E; t 2 � , respectively, the sec-

ond stage (\wait-and-see") contingency-constrained optimal power 
ow is modeled

8c 2 C � C in (2.12) as follows:

Q(xxx; c) = min
f (c)f (c)f (c);p

(c)
gp
(c)
gp
(c)
g ;

q(c)q(c)q(c);�(c)�(c)�(c)

!(c)
X
i2B

X
t2tau

q
(c)t
i (2.12a)

X
g2Gi

p(c)t
g +

X
e2E:i

f (c)t
e �

X
e2Ei:

f (c)t
e + q

(c)t
i = Dt

i ; 8i;8t (2.12b)

Be

�
�

(c)t
ie
� �(c)t

je

�
� f (c)t

e +Me(1� xe + w(c)t
e ) � 0;8e; 8t (2.12c)

Be

�
�

(c)t
ie
� �(c)t

je

�
� f (c)t

e �Me(1� xe + w(c)t
e ) � 0;8e; 8t (2.12d)

f (c)t
e � Fexe(1� w(c)t

e )(1 +O(c)t
e ); 8e; 8t (2.12e)

� f (c)t
e � Fexe(1� w(c)t

e )(1 +O(c)t
e ); 8e;8t (2.12f)

P gxg(1� w(c)t
g ) � p(c)t

g � P gxg(1� w(c)t
g ); 8g;8t (2.12g)

q
(c)t
i � h

(c)t
i ; 8i; 8t (2.12h)
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X
i2B

q
(c)t
i � "

X
i2B

h
(c)t
i ; 8t (2.12i)

q
(c)t
i � 0; 8i; 8t (2.12j)

The objective (2.12a) is to minimize the total loss-of-load. Constraints (2.12b)-

(2.12j) are as follows: (2.12b) represents the power balance at each bus considering

unsatis�ed demand qcti ; (2.12c)-(2.12d) enforce power 
ow on the transmission lines

with w
(c)t
e = 0; (2.12e)-(2.12f) ensure that the capacity of transmission line e with

w
(c)t
e = 1 is 0, otherwise the capacity is determined by Fexe(1+O

(c)t
e ); (2.12g) ensures

that the upper/lower dispatch bounds for generators with w
(c)t
g = 0 is 0, otherwise,

the upper/lower bounds are determined by P gxg=P gxg; (2.12h) represents the upper

bound loss-of-load at each bus; (2.12i) ensures the total load threshold for time periods

after the secondary failure and before the system recovery; and (2.12j) models non-

negativity requirements.

2.2.3 Parameters and assumptions

To test the model, the systems IEEE 6-bus, IEEE 14-bus, IEEE 30-bus, and IEEE

118-bus were selected. The original test systems were modi�ed to include expansion

planning candidates. The number of generation units g and transmission lines e for

the modi�ed version are presented in Table 2.4.

Table 2.4: Modi�ed IEEE test systems

System
Current Planning Total
G E G E G E

Modi�ed IEEE 6-bus 3 7 3 7 6 14
Modi�ed IEEE 14-bus 3 20 4 20 7 40
Modi�ed IEEE 30-bus 6 41 6 41 12 82
Modi�ed IEEE 118-bus 54 186 6 186 60 372

To approximate the short-term expansion planning (1 year) demand Dt
i for each
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Figure 2.6: Modi�ed IEEE 6-bus, demand of bus 3

season of the year (spring, summer, fall and winter), hourly percentage loads were

considered from the Reliability Test System RTS-1996 [71]. Fig. 2.6 presents an

example for the modi�ed IEEE 6-bus system’s demand.

Investment cost were estimated between $700 - $900 per installed MW depending

on the size of the generation unit g and $30K per transmission line. Current trans-

mission lines were duplicated as candidates and generation units were strategically

located for each modi�ed IEEE test system. For planning purposes, six day periods

(� = 6) of 24 hours (t = 24) for each of the four seasons and a 0.05% of daily increase

in power demand are considered. The transmission line overload Oe is set to 0.15

for all e. For the modi�ed IEEE 6-bus, two contingency subsets C are considered as

presented in Table 2.5, where tc = 18.

Due to the high number of contingencies for the modi�ed IEEE 14-bus, 30-bus

and 118-bus, they are not explicitly include in Table 2.5. All the modi�ed IEEE test

bus systems consider two contingency subsets C for seasons Spring and Fall, for day

2 and 4 (�), respectively. Note that each contingency c represents a di�erent scenario

for the stochastic programming. It is assumed that every N -1-1 contingency for each
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Table 2.5: Modi�ed IEEE 6-bus N -1-1 contingency sets

Season day ta PF tb SF prob(c) !(c)

Spring 2 C1

12 e1 13 g1 0.393 7203
12 e2 13 g1 0.393 7203
6 e1 7 g2 0.107 3536
14 e3 15 g2 0.107 3536

Fall 4 C2

12 e1 13 g1 0.393 7203
12 e2 13 g1 0.393 7203
6 e1 7 g2 0.107 3536
14 e3 15 g2 0.107 3536

C is dependent between the primary and secondary failure, and independent between

each C. Therefore, for each primary failure, a directly related component (either a

generation unit g or transmission line e) is candidate for a secondary failure. On the

other hand, several days, week, or months may occur between each subset C. The

contingencies’ probabilities prob(c) and costs !(c), were based on [35]. Note that the

cost !(c) is per MW of loss-of-load.

2.2.4 Algorithms and numerical experiments

Let xxx be an integer variable vector of size N , yyy be a continuous variable vector, uuu be

the dual variables, �x�x�x be a �xed feasible integer con�guration, and AAA, BBB, bbb, ccc, and fff be

the appropriate matrix and vectors coe�cients. To apply BD, all integer variables are

assigned to the master problem, therefore, the subproblem would result in a linear

programming problem for which the dual can be obtained. The BD algorithm is

presented in Table 2.6.

The proposed problem is solved using in C++ using CPLEX 12.7 via ILOG Con-

cert Technology 2.9, and computations are performed on HPC - Intel Haswell V3

28 core processors and Broadwel using 24 CPUs and 144 GB RAM. Computational

time is reported in walltime CPU seconds. Optimality gap is set to 0.01% or 21,600
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Table 2.6: MILP Benders decomposition algorithm

Let xxx be an initial feasible integer solution
LB := �1, UB :=1
WhileWhileWhile UB � LB > gap

Solve subproblem max�uuuffff|�xxx+ (bbb�BBB�x�x�x)|uuujAAA|uuu � ccc;uuu � 000g
IfIfIf Unbounded

Get unbounded ray �u
Add cut (bbb�BxBxBx)|�u � 0 to master problem

ElseElseElse
Get extreme point �u
Add cut z � fff|xxx+ (bbb�BBBxxx)|�uuu
UB := minfUB;fff|�xxx+ (bbb�BBB�xxx)|�uuug

End IfEnd IfEnd If
Solve master problem minxxxfzjcuts;xxx 2 f0; 1gng
LB := �z

End WhileEnd WhileEnd While

walltime sec. for CPLEX.

A summary of the results is presented in Table 2.7 considering a load shedding

threshold " = 0:2 fraction of total demand, where solutions are obtained through

the extensive formulation (EF) and BD. It is clear from Table 2.7, that there is a

signi�cant di�erence in value between the �rst stage objectives and the second stage

objectives. This di�erence has a meaningful impact in the stochastic approach since

the second stage objective is the one related to the stochastic solution. Note that for

several cases, the second objective value is 0, which means there is no load shedding

in such case.

The objective value, the CPU time, and walltime in seconds are presented for

each method, where walltime is the CPU time divided by the number of CPUs (24).

For an analysis of the stochastic solution approach, the Expected Value of Perfect

Information (EVPI) and the Value of Stochastic Solution (VSS) is determined for

each of the test systems considering a load shedding threshold " = 0:2 fraction of
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Table 2.7: Results summary

System Var. Const. (c)
Extensive Formulation Benders Decomposition
Obj. CPU Time Obj. CPU Time
($) (sec) (sec) ($) (sec) (sec)

Modi�ed
21K 58K 8 8.4E+07 19.02 0.8 8.4E+07 6.53 0.3IEEE

6-bus

Modi�ed
70K 205K 20 1.2E+08 4867 202.8 1.2E+08 199.52 8.3IEEE

14-bus

Modi�ed
220K 616K 40 5.5E+07 273642 11402 5.5E+07 768.19 32.0IEEE

30-bus

Modi�ed
2.2M 6.3M 120 9.6E+08 * * 5.3E+07 165484 6895IEEE

118-bus

* exceeded maximum time

total demand, as presented in Table 2.8.

Results show that the VSS go from a high value for modi�ed systems IEEE 6-bus

and IEEE 14-bus, to a negative value for the modi�ed IEEE 30-bus. VSS is obtained

by subtracting the deterministic objective to the stochastic objective. To compute

the deterministic case, a �rst stage solution for a middle cost contingency value is

�xed into the second stage model. Due to the loss threshold, this solution made the

modi�ed IEEE 118-bus problem infeasible. Another interesting result is the EVPI

which is calculated by adding a �rst stage variable for each second stage scenario (c),

and multiplying the end result by the respective prob(c).

To analyze the impact of the load shedding threshold " in the stochastic approach,

Fig. 2.7 presents a sensitivity analysis for the modi�ed IEEE 6-bus test system. It can

be appreciated how the contribution of the stochastic approach gets proportionally

reduced as the load shedding is decreased. The �rst-stage cost is zero for high load

shedding thresholds (" � 0:5). As " decreases, the model starts adding the expansion
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Table 2.8: Value of stochastic solution analysis

Mod.
Stage Stochastic EVPI Deterministic VSS

System

6-bus
1 8.4E+07 4.0E+08 1.8E+08
2 6.1E+04 0 0

Total 8.4E+07 4.0E+08 1.8E+08 9.5E+07

14-bus
1 1.2E+08 3.8E+08 1.4E+08
2 1.4E+06 0 0

Total 1.2E+08 3.8E+08 1.4E+08 1.5E+07

30-bus
1 5.4E+07 4.1E+08 4.0E+07
2 4.6E+05 0 3.7E+06

Total 5.5E+07 4.1E+08 4.4E+07 -1.1E+07

118-bus
1 9.7E+08 * **
2 0 * **

Total 9.7E+08 * ** |

* lack of memory error
** infeasible

0.0E+00

2.0E+07

4.0E+07

6.0E+07

8.0E+07
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) 
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1 Stage Obj. 2 Stage Obj. Total Obj.

Figure 2.7: Modi�ed IEEE 6-bus: sensitivity analysis for loss threshold "
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Table 2.9: Reliable expansion planning

System
Added Components

gi e(i; j)

Mod. IEEE 6-bus g1 e(1;4)

Mod. IEEE 14-bus g5; g13 e(1;2); e(2;3)

Mod. IEEE 30-bus g15; g28 e(1;2); e(2;5); e(4;12); e(6;28)

Mod. IEEE 118-bus g35; g42; g58; g78; g99 All e(i;j)candidates

candidates, elevating the planning cost and decreasing the loss-of-load cost. A zero

value in the second-stage objective may be presented when a Primary Failure causes

infeasibility due to the load shedding threshold. Thus, the expansion planning would

add the required components and the Secondary Failure may not generate loss-of-

load. Another case in which a zero value may be presented is if the Primary Failure

does not causes infeasibility with the current components, but the Secondary Failure

causes it, making the expansion planning add the required components to achieve

feasibility with no loss-of-load. Even if feasibility is achieved with both, Primary and

Secondary Failures, the cost of the failures !(c) may be greater than the required

added components, which would avoid a loss-of-load, resulting in a zero value for the

second-stage objective.

Commonly for N -1-1 contingencies, the load shedding may be considered as 0.02.

This chapter considers a greater range to identify its impact in the stochastic ap-

proach. Finally, Table 2.9 presents the reliable expansion planning given the contin-

gency set C for each of the modi�ed IEEE test systems. Fig. 2.8 presents the modi�ed

IEEE 6-bus system’s reliable expansion planning, where the current components are

represented in solid lines, the planning components in dashed lines, and the added

components in gray dashed lines.
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Figure 2.8: Modi�ed IEEE 6-bus: reliable expansion planning

2.2.5 Conclusions

This chapter presented a stochastic approach for the N -1-1 reliable TGEP problem

with compliance check on economic dispatch and power 
ows under contingencies

with corrective actions. The problem was solved through the EF and BD, for which

the latter performed with greater computational e�ciency when testing the model

against several modi�ed IEEE test systems. The impact of the second stage objec-

tive value through the stochastic approach was analyzed. Based on the sensitivity

analysis, it was determined that this stochastic approach is highly related to the loss

threshold ". Future work will include incorporating a higher number of contingencies

such as N -ka-kb, as well as renewable energy. Further literature review will be needed

to complement the contingency scenarios c probabilities as well as the contingency

costs !(c).
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2.3 N-1-1 Contingency-Constrained Unit Commitment with
Renewable Integration and Corrective Actions

This chapter studies an adaptive robust approach of theN -1-1 reliable CCUC problem

with RES and compliance check on OPF and contingency constrained OPF. Di�er-

ences from previous research also include modeling of transmission line switching and

the implementation of corrective actions within the operation horizon to achieve the

system recovery. To model the system recovery, a sequential time frame for system

adjustments is presented succeeding the secondary failure, and a new non-overlapping

time period from the secondary failure to the end of the operation horizon is de�ned

as System Recovery. The latter considers that both failures have been repaired, ergo,

the system returns to normal operating conditions with no loss-of-load. Assumptions

in this chapter include that all system adjustments are restricted to power 
ow, phase

angles, and generator output levels. Additionally, when a failure occurs (primary or

secondary), it remains until the transition to the system recovery. Besides using the

susceptance and phase angles to model the power 
ow, the linear sensitivity factors

are also applied for improving the computational performance. A comparison of the

performance is presented for both OPF modeling options.

The main contributions of this chapter are summarized as follows: (i) Proposal

of a computationally e�cient adaptive robust model for N -1-1 reliable CUCC with

compliance check on OPF and contingency constrained OPF; (ii) Variation design

of the nested column-and-constraint generation (C&CG) algorithm for an e�cient

solution of the extremely large scale min-max-min mixed-integer linear programming

model formulation; (iii) Modeling of the worst-case PV generation intermittency for

the N -1-1 reliable CUCC (other types of RES (e.g. wind, solar thermal) may be

accounted for with minimum changes to the model); (iv) Introduction of an addi-

tional time period tc that allows variable time system recovery scenarios analysis;



71

(v) a computational performance comparison of modeling OPF through electrical

susceptance/phase angles and linear sensitivity factors.

The remainder of this chapter is organized as follows. Section 2.3.1 introduces

the background and motivation of this research. Section 2.3.2 introduces the UC

with PV problem formulation, followed by a study on the N -1-1 contingency with

corrective actions and its reliability requirements. The implemented algorithm and

solution strategy are described in Section 2.3.3. Numerical experiment on modi�ed

IEEE bus test systems are performed in Section 2.3.4. Finally, conclusions and future

research directions are presented in Section 2.3.5.

This chapter is based on our published paper [211].

2.3.1 Introduction

Electricity shortages for supplying loads can result from unexpected outages of power

system components. These contingencies in power systems may happen more often

and become more severe as their causes increase in both, frequency and intensity.

Such causes may include natural disasters, intentional attacks, system limits, human

errors, etc. According to the Electric Disturbance Events (OE-417) Annual Summary

[50], from January to June 2020, over 6.2 million customers were a�ected by an electric

emergency or disturbance throughout the U.S. resulting in over 44,859 MW in demand

loss. The situation becomes more complex, since many entities have increased the

share of renewable energy sources (RES) in their generation mix to achieve more

competitive economics. The growing penetration of renewable energy increases the

power system instability due to its intermittency behavior.

As power systems remain vulnerable and exposed to contingencies, operators have

focused on methods to achieve a reliable power supply. Reliability is de�ned as the



72

degree to which the performance of the system components results in power being

delivered to consumers within accepted standards and desired amounts [100]. In the

U.S., power system reliability is ensured by the North American Electric Reliability

Corporation (NERC) via the development and enforcement of standards. The NERC

Transmission Planning Standards [130] de�ne performance requirements for normal

operations and operations during contingencies. According to these standards, the

system must be able to stabilize without any loss-of-load if only a single component

(e.g. generation unit or transmission line) is lost. This is known as the N -1 reliability

standard. In the case of k simultaneous failures (N -k contingencies, where k � 2), the

system must restore stability, but a limited loss-of-load and transmission line overload

are allowed. Several studies considering N -k contingencies have been developed in

areas such as unit commitment (UC) [3, 184], expansion planning [36], graph methods

for selecting contingencies [61], electricity-natural gas systems [81], and cascading

contingency screening [91]. Furthermore, due to the renewable-driven generation

wave becoming a global trend, research considering N -k reliability with RES (e.g.

photovoltaic (PV)) increased in areas such as tie-line scheduling [103], expansion

planning [125, 188], intra-hour security-constrained [143], line hardening strategies

[185], and UC [205].

The previous reliability standards do not consider a period of time between fail-

ures, i.e., sequential failures. In this case, the N -1-1 reliability criterion can be used

because it involves the loss of a single transmission line or generation unit followed

by systems adjustments. Afterward, the power system experiences a subsequent

loss of an additional generation unit or transmission line. For such purpose, the

Base Case refers to when the system operates under normal conditions without fail-

ures. Primary Failure refers to the �rst component loss in the periods where the

system operates with N -1 components. The Secondary Failure denotes a subsequent

component, i.e., the system operates with N -2 components, and according to NERC
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standards, controlled load shedding and overloads of lines are allowed.

The N -1-1 reliability criterion is closer to real power systems operations because

it considers sequential losses. It is also less conservative than the N -k standard, but

more robust than the N -1 standard. Additionally, the N -1-1 criterion can re
ect

cascading failure processes allowing a system-wide contingency analysis with greater

in-depth. Cascading failures can be prevented by accurate and rapid response to

disturbances through actions such as the generator’s power re-dispatch based on the

grid limitations. Within the literature, some N -1-1 studies have addressed the mit-

igation of cascading failures through simulation and experimental approaches using

adaptive multi-agent system algorithms [18, 21]. Machine learning (e.g. arti�cial neu-

ral networks) is another used approach to prevent blackouts in N -1-1 contingencies

[196]. An N -1-1 reliable expansion planning problem has also been studied through

a stochastic approach [209]. Other research has applied probabilistic methods to

rank N -1-1 events based upon the likelihood of occurrence, contingencies severity,

and risk [9, 10, 11]. Others have developed methods to facilitate system planning

[33, 144], to identify the worst case contingency [60], and for accurately detecting

critical contingencies [120].

Considering the N -1-1 reliability criterion, some studies have focused on con-

tingency constrained unit commitment (CCUC). UC determines the minimum cost

\on-o�" scheduling of generation units and their respective dispatch levels subject

to operational and physical constraints in order to satisfy the electricity demand

throughout an operation horizon time. Abdi-Khorsand et al. [1] applied transmis-

sion switching as a corrective mechanism to help the system achieve N -1-1 reliability.

Guo et al. [74] introduced a branch-and-cut algorithm using a temporally decomposed

bilevel separation oracle for the UC problem while ensuring the N -1-1 reliability stan-

dard. Zuniga et al. [212] considered the N -1-1 reliable expansion of an electric power

system with a compliance check on UC, optimal power 
ow (OPF), and contingency
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constrained OPF. However, even though some studies have been conducted in this

area, previous research have not focused on a robust approach of an N -1-1 reliable

CCUC with RES. Furthermore, a robust approach considering RES will grant the

ability to model the worst-case renewable energy generation as part of the N -1-1

reliable UC problem.

2.3.2 Problem formulation

In the UC problem of this chapter, a system operator aims to satisfy the N -1-1

reliability standards with corrective actions by minimizing its UC costs, such that

the operational cost and load-shedding are minimized within the worst case of PV

generation. The nomenclature for the sets and indices is introduced in Table 2.10,

normal condition and contingency operation parameters are presented in Table 2.11

and Table 2.12, and variables are de�ned in Table 2.13. The UC with PV is de-

scribed in Section 2.3.2. Section 2.3.2 explains the N -1-1 contingency with corrective

action scenarios and a description of the decisions to satisfy the N -1-1 reliability re-

quirements. Section 2.3.2 introduces the contingency constrained UC model in its

extensive formulation.

Unit commitment problem with RES

To achieve the target of matching the energy generation to the demand at a minimum

cost while considering the intermittent behavior of RES, this section presents the UC

with PV formulation for a power system (i 2 I, e 2 E, g 2 G, y 2 Y , and t 2 T )

formulated in equation (2.13).

min
uuu;ccc

X
t2T

X
g2G

(cutg + cdtg ) + max
aaa;pypypy

min
fff;pgpgpg ;���

X
t2T

X
g2G

Cp
gp

t
g (2.13a)
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Table 2.10: Sets and indices

T Set of time periods in the operation horizon.
Indexed by t 2 f1; 2; : : : ; Tg, T = jT j

I Set of buses, indexed by i and j.
G Set of generation units, indexed by g.
Gi Set of generation units at bus i.
Y Set of PV generation units, indexed by y.
Yi Set of PV generation units at bus i.
E Set of transmission lines, indexed by e.
E:i Set of transmission lines oriented into bus i.
Ei: Set of transmission lines oriented out of bus i.
ie; je Tail/head (bus no.) of transmission line e = (ie; je).
C Set of all N -1-1 contingency states, indexed by c, C = jCj.

Table 2.11: Normal condition operation parameters

N Total number of components including transmission lines and
generation units, N = jEj+ jGj.

Cd
g , Cu

g Fixed startup and shutdown cost of generation unit g, respectively.
Cp
g Generation cost for generation unit g.

P g, P g Generation unit g lower/upper bound.
Rd
g, R

u
g Maximum ramp down/ramp up rate for generation unit g between

adjacent time periods.
�Rd
g, �Ru

g Maximum shut down/start up rate for generation unit g for a time
period in which g is turned o�/on.

T d0
g , T u0

g Minimum time periods generation unit g must be initially o�ine/online.
T dg , T ug Minimum time periods generation unit g must remain o�ine/online

once is shutdown/started up.
�P t
y Mean generation value for PV unit y at time t.

P y, P y Min./max. generation from PV unit y.
�ty Generation std. deviation for PV unit y at time t.
Be, Fe Electrical susceptance and capacity of transmission line e, respectively.
Dt
i Electricity load demand at bus i in time period t.

My;Me Big M value for generator y and transmission line e, respectively.
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Table 2.12: Contingency operation parameters

" Load shedding threshold (fraction of total demand).
~dctg , ~dcte Binary parameter that is 1 if generation unit g /transmission line e

is part of the contingency state c in time period t and 0 otherwise.
ta, tb Time period for primary/secondary failure.
tc Time period for system recovery.
Oe Allowable line overload factor for secondary failure.
Oct
e Allowable line overload factor for transmission line e for

contingency state c in time period t.
hcti Allowable loss of load for bus i for contingency state c in time period t.
wcte , wctg In the contingency" indicator for transmission line e and

generation unit g, respectively, that is 1 indicating component
failure and 0 otherwise.

�g Multiplicative factor applied to the ramping limits of generation
unit g during contingency (�g � 1).

! Load shedding penalty cost.

Table 2.13: Variables

utg Binary variable that is 1 if generating unit g is committed in
time t and 0 otherwise (uuu is the vector).

aty, a
t
y Binary auxiliary variables for PV generation (aaa vector that

concatenates aty and aty).
f te, p

t
g, p

t
y, �

t
i Power 
ow on transmission line e, power output of generation

unit g, power output of PV unit y, and phase angle of bus i,
respectively in time period t under normal state (fff;pgpgpg; pypypy; ���
are the respective vectors).

f cte , pctg , qcti , �cti Power 
ow on transmission line e, power output of generation
unit g, loss-of-load at bus i, and phase angle of bus i, respectively
for contingency state c in time period t (f cf cf c; pcgp

c
gp
c
g; q

cqcqc; �c�c�c are the
respective vectors).

scte Binary variable that is 1 if transmission line e is switched on for
contingency state c at time period t and 0 otherwise (scscsc vector).

zctg Auxiliary variable for ramping down constraint of generation
unit g in a contingency (zczczc is the vector).

s.t.

Tu0
gX
t=1

(1� utg) = 0; 8g 2 G (2.13b)
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T d0
gX
t=1

utg = 0; 8g 2 G (2.13c)

t+Tu
g �1X

t0=t

ut
0

g � T ug (utg � ut�1
g ); 8g 2 G; t = T u0

g + 1; : : : ; T � T ug + 1 (2.13d)

TX
t0=t

(ut
0

g � (utg � ut�1
g )) � 0;8g 2 G; t = T � T ug + 2; : : : ; T (2.13e)

t+T d
g�1X

t0=t

(1� ut0g ) � T dg (ut�1
g � utg); 8g 2 G; t = T d0

g + 1; : : : ; T � T dg + 1 (2.13f)

TX
t0=t

((1� ut0g )� (ut�1
g � utg)) � 0;8g 2 G; t = T � T dg + 2; : : : ; T (2.13g)

cutg � Cu
g (utg � ut�1

g ); 8g 2 G;8t 2 T (2.13h)

cdtg � Cd
g (ut�1

g � utg); 8g 2 G;8t 2 T (2.13i)

cutg ; c
dt
g � 0; 8g 2 G;8t 2 T (2.13j)

utg 2 f0; 1g; 8g 2 G;8t 2 T (2.13k)

The objective (2.13a) is to minimize the total cost, consisting of the start up and

shut down costs for generation units, and their operational costs (generation costs for

PV are treated as zero). Constraints (2.13b) and (2.13c) represent the initial online

and o�ine requirements for the generators respectively. The minimum uptime in

nominal time periods, minimum uptime for the last T ug periods, minimum downtime

in nominal time periods, minimum downtime for the last T dg periods are denoted

by constraint (2.13d)-(2.13g), respectively. Startup/shutdown cost constraints are

modeled in (2.13h) and (2.13i), respectively. The non-negativity for startup/shutdown

costs is considered in (2.13j). Constraint (2.13k) models the binary requirements for

unit commitment.

Following [154], the PV generation is determined by the uncertainty set PV as
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shown in (2.14).

PV := fpty 2
�

maxf �P t
y � aty�ty; P yg;minf �P t

y + aty�
t
y; P yg

�
; 8y 2 Y; 8t 2 T g (2.14)

Hence, the optimal value pty must be an extreme point of such set, given by the

following equations (2.15a)-(2.15d),

PV := fpty = �P t
y � aty�ty + aty�

t
y; 8y 2 Y; t 2 T (2.15a)

aty; a
t
y 2 f0; 1g; 8y 2 Y; t 2 T (2.15b)X

y2Y

X
t2T

(aty + aty) � � (2.15c)

0 � � � jT j � jY jg (2.15d)

where � is de�ned as an uncertainty budget that bounds the total number of PV

generation deviated periods from the expected value. If � = 0, there is no uncertainty

in PV generation and pty = �pty; 8y 2 Y; 8t 2 T . The set of OPF constraints in each

time period t for economic dispatch, PV generation, and ramp limits are modeled in

(2.16a)-(2.16g),

(�ti)
X
g2Gi

ptg +
X
y2Yi

pty +
X
e2E:i

f te �
X
e2Ei:

f te = Dt
i ;8i 2 I;8t 2 T (2.16a)

(�te) Be

�
�tie � �

t
je

�
� f te = 0; 8e 2 E;8t 2 T (2.16b)

(
̂te; �

t
e) � Fe � f te � Fe; 8e 2 E;8t 2 T (2.16c)

(�̂tg;
��tg) P gu

t
g � ptg � P gu

t
g; 8g 2 G;8t 2 T (2.16d)

(�̂tg) p
t
g � pt�1

g � Ru
gu

t�1
g + �Ru

g (utg � ut�1
g ) + P g(1� utg); 8g 2 G;8t 2 T (2.16e)

(��tg) p
t�1
g � ptg � Rd

gu
t
g + �Rd

g(u
t�1
g � utg) + P g(1� ut�1

g ); 8g 2 G;8t 2 T (2.16f)

ptg � 0; 8g 2 G;8t 2 T (2.16g)

where the dual variables are indicated in the left-hand side in parenthesis. Constraints

are as follows: constraint (2.16a) represents the power balance at each bus; constraint

(2.16b) ensures power 
ow on transmission lines considering line switching; constraint
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(2.16c) models the transmission lines capacity limits; constraint (2.16d) represents the

generation units dispatch bounds; constraints (2.16e) and (2.16f) de�ne the genera-

tion units ramp-up/ramp-down for pairs of consecutive time; and constraint (2.16g)

indicates the non-negativity requirement.

N-1-1 contingency with corrective actions requirements

In the event of an N -1 contingency (i.e. failure of a single component), according to

NERC TPL standard [130] a power system must remain stable and its load demand

must be fully satis�ed. In case of an N -k contingency for k � 2 (i.e. failure of two

or more components), controlled load shedding and overloads of transmission lines

are allowed. The N -1-1 with corrective actions consists of four non-overlapping time

periods as presented in Fig. 2.9.

𝑁

𝑆𝑦𝑠𝑡𝑒𝑚 𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦

𝑡0 𝑡𝑎 𝑡𝑏 𝑇

𝑁 𝑁 − 1 𝑁 − 2

𝑁𝑜 𝐹𝑎𝑖𝑙𝑢𝑟𝑒 P𝑟𝑖𝑚𝑎𝑟𝑦 𝐹𝑎𝑖𝑙𝑢𝑟𝑒 S𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 𝐹𝑎𝑖𝑙𝑢𝑟𝑒

𝑡𝑐

𝑤𝑔
𝑐𝑡 = 1

ℎ𝑖
𝑐𝑡 = 𝐷𝑖

𝑡 ,
𝑂𝑒
𝑐𝑡 = 𝑂𝑒, 𝑤𝑒

𝑐𝑡= 1
ℎ𝑖
𝑐𝑡 = 𝑂𝑒

𝑐𝑡 = 𝑤𝑒
𝑐𝑡 = 0

𝑤𝑔
𝑐𝑡 = 0 𝑤𝑔

𝑐𝑡 = 0

ℎ𝑖
𝑐𝑡 = 𝑂𝑒

𝑐𝑡 = 0,
𝑤𝑒
𝑐𝑡 = 0

Figure 2.9: N -1-1 contingency with corrective action

Each non-overlapping time period is described as follows:

� Base Case
�
t 2 f1; : : : ; ta � 1g

�
. The system operates with no failure under

normal conditions (i.e., N components), no loss-of-load, and non-anticipativity

is enforced.

� Primary Failure
�
t 2 fta; : : : ; tb � 1g

�
. A transition is made from the normal
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state to the contingency state since the system operates with N -1 components at

time ta. According to NERC standards, the system must meet its full demand.

� Secondary Failure
�
t 2 ftb; : : : ; tc� 1g

�
. Following NERC standards, controlled

load shedding and overloads of transmission lines are allowed since the system

operates with N -2 components. For mitigation of operational infeasibilities,

transmission line overload factor Oe and allowable load shedding " may be used.

� System Recovery
�
t 2 ftc; : : : ; Tg

�
. Assumes corrective actions have been taken

and both failed components are restored. Thus, the system achieves recovery

and operates under normal conditions with no loss-of-load.

All generation units G and transmission lines E are possible failure candidates in

the model. Considering the loss of any generation unit g or transmission line e, and

all combinations of ta, tb, and tc, the set C is de�ned as follows

C :=
n

(dtg; d
t
e) 2 f0; 1gN�T :

ta + 1 � tb � tc � 1; ta; tb; tc 2 T ; (2.17a)X
g2G

dtag +
X
e2E

dtae = 1;
X
g2G

dtbg +
X
e2E

dtbe = 1 (2.17b)

X
t2T

dtf�g � 1; 8f�g; f�g = fg; eg
o

(2.17c)

An N -1-1 contingency scenario ( ~dtg;
~dte) 2 C denotes one failed component at each

time period ta and tb, such that ~dtag = 1 or ~dtae = 1, and ~dtbg = 1 or ~dtbe = 1. It also

denotes three distinct time periods ta, tb, and tc representing the primary failure,

secondary failure, and system recovery respectively. (2.17a) establishes that ta must

precede tb, the latter must precede tc, and all three time periods must be within

the operation horizon T . (2.17b) indicates that exactly one component, either a

generation unit g or a transmission line e, fails at time ta, and exactly one component



81

fails at time tb. (2.17c) speci�es that each generation unit g or transmission line e

can be considered for at most one failure.

The following terms for conciseness with the secondary failure and system recovery

requirements are introduced as follows

wctf�g =

8>>><>>>:
tP

t0=1

dct
0

f�g; 8f�g; t = ta; : : : ; tc � 1

0; 8f�g;

(
t = 1; : : : ; ta � 1 &

t = tc; : : : ; T

; f�g = fg; eg

Oct
e =

(
0; 8e; t = 1; : : : ; tb � 1 & t = tc; : : : ; T

Oe; 8e; t = tb; : : : ; tc � 1

hcti =

(
0; 8i; t = 1; : : : ; tb � 1 & t = tc; : : : ; T

Dt
i ; 8i; t = tb; : : : ; tc � 1

where wctg and wcte are \in the contingency" indicators for generation unit g and

transmission line e respectively. For example, if generation unit g is selected for the

primary failure, wctg will have value of 1 from ta to tc�1 and 0 otherwise. Oct
e indicates

the transmission line overload and hcti indicates the allowable loss-of-load. Note that

there are only transmission line overloads and loss-of-load from the secondary failure

tb to tc � 1.

Following the literature, only constraints corresponding to non-contingency power


ow are enforced since the goal during a contingency state is operational feasibility.

With these considerations, the contingency dispatch operation is modeled 8c 2 C as

shown in (2.18),

min
fcfcfc;pc

gp
c
gp
c
g ;�

c�c�c;
qcqcqc;zczczc;scscsc

!
X
i2I

X
t2T

X
c2C

qcti (2.18a)

(�cti )
X
g2Gi

pctg +
X
y2Yi

pty +
X
e2E:i

f cte �
X
e2Ei:

f cte + qcti = Dt
i ; 8i 2 I;8t 2 T (2.18b)

(�̂cte ) �Be

�
�ctie � �

ct
je

�
+ f cte �Me(1� scte + wcte ) � 0;8e 2 E;8t 2 T (2.18c)

(��cte ) Be

�
�ctie � �

ct
je

�
� f cte �Me(1� scte + wcte ) � 0;8e 2 E;8t 2 T (2.18d)
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(�̂cte ) f cte � Fes
ct
e (1� wcte )(1 +Oct

e ); 8e 2 E;8t 2 T (2.18e)

(��cte ) � f cte � Fes
ct
e (1� wcte )(1 +Oct

e ); 8e 2 E;8t 2 T (2.18f)

(�̂ctg ) pctg � P gu
t
g(1� wctg ); 8g 2 G;8t 2 T (2.18g)

(��ctg ) � pctg � �P gu
t
g(1� wctg ); 8g 2 G;8t 2 T (2.18h)

(�̂ctg ) pctg � pc;t�1
g � Ru

g�g(u
t�1
g ) + �Ru

g�g(u
t
g � ut�1

g )

+ P g(1� utg); 8g 2 G;8t 2 T (2.18i)

(��ctg ) pct�1
g � pctg � Rd

g�g(u
t
g) + �Rd

g�g(u
t�1
g � utg)

+ P g(1� ut�1
g ) + P g(z

ct
g ); 8g 2 G;8t 2 T (2.18j)

zctg � utg; 8g 2 G;8t 2 T (2.18k)

zctg � ut�1
g ; 8g 2 G;8t 2 T (2.18l)

zctg � wctg ; 8g 2 G;8t 2 T (2.18m)

zctg � utg + ut�1
g + wctg � 2; 8g 2 G;8t 2 T (2.18n)

($ct
g ) pctg = ptg; 8g 2 G; t = 1; : : : ; ta � 1 (2.18o)

(�cti ) qcti � hcti ; 8i 2 I;8t 2 T (2.18p)

(� ct)
X
i2I

qcti � "
X
i2I

hcti ; t 2 T (2.18q)

pctg ; q
ct
i ; z

ct
g � 0; 8g 2 G;8i 2 I;8t 2 T (2.18r)

scte 2 f0; 1g; 8e 2 E;8t 2 T (2.18s)

where ! indicates the load shedding penalty cost. The dual variables are speci�ed in

the left-hand side parenthesis. The objective (2.18a) will try to serve as much load

demand as possible. Constraints (2.18b)-(2.18s) are as follows: constraint (2.18b)

represents the power balance at each bus with unsatis�ed demand qcti ; constraints

(2.18c)-(2.18d) enforce power 
ow on the transmission lines with wcte = 0; constraints

(2.18f)-(2.18g) ensure the transmission line’s capacity with wcte = 1 is 0, otherwise

the capacity is determined by Fes
ct
e (1 + Oct

e ); constraints (2.18g)-(2.18h) establish

that the upper/lower dispatch bounds for generators with wctg = 0 is 0, otherwise the
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upper/lower bounds are determined by P gu
t
g=P gu

t
g; constraints (2.18i)-(2.18j) enforce

the generator ramp-up/ramp-down limits; constraints (2.18k)-(2.18n) correspond to

the case when a generator is committed in the period before the failure and also at

the period of the failure, and ensure that zctg = 1 () wctg = 1 & utg = 1 &

ut�1
g = 1; constraint (2.18o) indicates non-anticipativity; constraint (2.18p) represents

the upper bound loss-of-load at each bus; constraint (2.18q) de�nes the total load

threshold for time periods after the secondary failure and before the system recovery;

constraint (2.18r) models non-negativity requirements; and constraint (2.18s) speci�es

the binary variables.

Extensive formulation

To achieve an N -1-1 reliable power system, the UC problem can be formulated by

combining (2.13b)-(2.13k), (2.15a)-(2.15d), (2.16a)-(2.16g), (2.18b)-(2.18s), and is

given by (2.19) as follows

min
uuu;ccc

X
t2T

X
g2G

(cutg + cdtg ) + max
aaa;pypypy

min
fff;pgpgpg ;���;
fcfcfc;pc

gp
c
gp
c
g ;�

c�c�c;
qcqcqc;zczczc;scscsc

X
t2T

X
g2G

Cp
gp

t
g + !

X
i2I

X
t2T

X
c2C

qcti (2.19a)

s.t. Constraints (2.13b)� (2.13k); (2.19b)

Constraints (2.15a)� (2.15d); (2.19c)

Constraints (2.16a)� (2.16g); (2.19d)

Constraints (2.18b)� (2.18s);8c 2 C (2.19e)

The extensive formulation (EF) aims to minimize the start-up/shut down costs,

operational costs, and the load shedding (2.19a). Constraints include UC (2.19b),

PV (2.19c), OPF (2.19d), and OPF under N -1-1 contingency with NERC standards

enforced (2.19e).
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2.3.3 Solution approach

Decomposition methods can be used to solve problem (2.19). As demonstrated in

[154], [197], and [206], C&CG algorithm is an available approach to solve min-max-

min models. However, the presence of integer variables in all levels prevents the direct

dualization of the problem. Following [182] a variation of a nested C&CG algorithm

is designed due to its potential for adaptive robust CCUC problems.

Nested C&CG algorithm

For ease of analysis, we determine the compact form of (2.19) as follows

min
xxx1

hhh|xxx1 (2.20a)

s.t. AxAxAx1 � bbb (2.20b)

max
xxx2

hhh|xxx2 (2.20c)

s.t. CxCxCx2 � ddd (2.20d)

min
xxx3;yyy

hhh|yyy (2.20e)

s.t. EEE(xxx1;xxx2)xxx3 +FFF (xxx1;xxx2)yyy � ggg (2.20f)

where xxx1, xxx2, xxx3 are integer variable vectors, yyy is a continuous variable vector, and

AAA, CCC, bbb, ddd, ggg, and hhh are the appropriate matrix and vectors coe�cients derived from

(2.19b)-(2.19e). The variable coe�cients for EEE(xxx1;xxx2) and FFF (xxx1;xxx2) can speci�cally

be derived from (2.19e).

Second-Third Level Problem. This problem level can be directly solved by

the following C&CG algorithm.

Step 1.1: Select an arbitrary feasible xxx�1 and xxx�2. Solve the following problem

min
xxx3;yyy

hhh|yyy (2.21a)
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s.t. EEE(xxx�1;xxx
�
2)xxx3 +FFF (xxx�1;xxx

�
2)yyy � ggg (2.21b)

Let xxx�3 and yyy� be the optimal solution, and set LB = hhh|yyy�, UB = + 1, � = 1,

xxx1�
3 = xxx�3, � = f1g, X3 = fxxx1�

3 g.

Step 1.2: Solve the problem

max
xxx2;���;’

hhh|xxx2 + ’ (2.22a)

s.t. ’ �
�
ggg �EEE(xxx�1;xxx2)xxxr�3

�|
���r; 8r 2 �;8xxxr�3 2 X3 (2.22b)

Cxxx2 � d; FFF (xxx�1;xxx2)|���r = hhh|;���r � 000; 8r 2 � (2.22c)

where ���r are the respective dual variables. Let xxx�2 and ST � be the optimal solution

and optimal objective value respectively. Update UB = ST �.

Step 1.3: Solve (2.21) considering xxx�2, and let xxx�3 and yyy� be the optimal solution,

and update LB = maxfLB;hhh|yyy�g.

Step 1.4: If UB � LB � Conv2, terminate and return optimal solutions xxx�2 and

ST �. Else, update � = � + 1, � = � [ �, xxx��3 = xxx�3, X3 = X3 [ xxx��3 , and create

new variables ���� with the constraints (2.23)

’ �
�
ggg �EEE(xxx�1;xxx2)xxx��3

�|
���� (2.23a)

FFF (xxx�1;xxx2)|���� = hhh|;���� � 000 (2.23b)

and go to step 1.2. Note that dual variables � have two superscripts, r and �,

indicating current and new dual variables respectively. Since the set � is updated as

� = � [ �, dual variables �r; 8r 2 � in next iteration of the algorithm will include

both, the �r and �� dual variables from the current iteration.

First-Second Level Problem. The outer part of the nested C&CG algorithm

is described in the following four steps.

Step 2.1: Set LB = �1, UB = +1, � = 1, � = f�g, and x̂xx1�
2 be any initial

feasible solution.
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Step 2.2: Solve the following problem

min
xxx1;xxx3;yyy;�

hhh|xxx1 + � (2.24a)

s.t. AxAxAx1 � bbb; � � hhh|yyyf ; 8f 2 � (2.24b)

EEE(xxx1;xxx
f�
2 )xxxf3 +FFF (xxx1;xxx

f�
2 )yyyf � ggg; 8f 2 � (2.24c)

Let xxx�1 be the optimal solution of (2.24), FS� be the optimal objective, and update

LB = max(LB;FS�).

Step 2.3: Call Second-Third Level Problem algorithm, and let xxx�2 be the optimal

solution, and ST � be the optimal objective. Update UB = minfUB;hhh|xxx�1 + ST �g.

Step 2.4: If UB � LB � Conv1, return optimal solutions xxx�1;xxx
�
2;xxx
�
3; yyy
�, optimal

objective FS�, and terminate. Else, update � = � + 1, � = � [ �, xxx��2 = xxx�2, and

create new variables xxx�3 and yyy� with the constraints (2.25)

� � hhh|yyy� (2.25a)

EEE(xxx1;xxx
��
2 )xxx�3 +FFF (xxx1;xxx

��
2 )yyy� � ggg (2.25b)

and go to step 2.2.

Linearization of bilinear terms

There are some bilinear terms concerning Step 1.2 and Step 1.4 of the algorithm,

namely
�
ggg �EEE(xxx�1;xxx2)xxxr�3

�|
���r in (2.22b) and

�
ggg �EEE(xxx�1;xxx2)xxx��3

�|
���� in (2.23a). Fol-

lowing the notation from (2.15), (2.16a) and (2.18a), these bilinear terms corre-

spond to the variables pty�
t
yi

and pty�
ct
yi

. As shown in (2.15), pty can be substitute by

pty = �P t
y � aty�ty + aty�

t
y to get binary-continuous bilinear terms ( �P t

y � aty�ty + aty�
t
y)�

t
yi

and ( �P t
y � aty�ty + aty�

t
y)�

ct
yi

.

For linearization purposes, consider the following example of aty�
t
yi

. Let r1t
y =
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aty�
t
yi

, and My be a su�cient large number and add the inequalities in (2.26).

�Mya
t
y � r1t

y �Mya
t
y (2.26a)

�tyi
� (1� aty)My � r1t

y � �tyi
+ (1� aty)My (2.26b)

The same approach is applied on all bilinear terms in (2.22b) and (2.23a), that is r1t
y =

aty�
t
yi

, r2t
y = aty�

t
yi

, r3ct
y = aty�

ct
yi

, r4ct
y = aty�

ct
yi

. Note that there are no integer variables

regarding the second level maximization objective as shown in (2.19a). Therefore,

the bilinear terms would not appear in (2.22c) and (2.23b).

Computational enhancement

When considering a linear approximation of OPF and the net injection value is known

for all buses, linear sensitivity factors (LSF) can be used to calculate the power 
ow

[187]. CCUC studies have applied LSF to increase the computational performance of

the numerical experiments [122]. In this chapter, the following LSF are considered

for power 
ow calculation [172].

� Injection Shift Factor (ISF i
km) quanti�es the power redistribution with respect

to a change in the generation on a particular bus, i.e., the fraction of 1 MW

injection power at bus i that 
ows through the transmission line between buses

k and m.

� Power Transfer Distribution Factor (PTDF ij
km) represents the power transfer

of a transmission line between two buses, k and m, with respect to the 1 MW

power injection at bus i to a consumption bus j.

� Line Outage Distribution Factor (LODF ij
km) represents the change in real power


ow for the transmission line in a contingency between buses i and j that is

redistributed to the line between buses k and m.
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and are calculated as shown in (2.27).

ISF i
km =

Xki �Xmi

Xkm

(2.27a)

PTDF ij
km = ISF i

km � ISF
j
km (2.27b)

LODF ij
km =

PTDF ij
km

1� PTDF ij
ij

=
ISF i

km � ISF
j
km

1� (ISF i
ij � ISF

j
ij)

(2.27c)

To integrate the LSF in EF model, equations (2.16a), (2.16b), (2.18b)-(2.18f) must

be replaced by (2.28a)-(2.28g), respectively. Note that the allowable line overload

factor for transmission line Oct
e is replaced by LODF ct

e .

(�t)
X
g2G

ptg +
X
y2Y

pty �
X
i2I

Dt
i = 0; 8t 2 T (2.28a)

(�te)
X
i2I

ISF i
e

�X
g2Gi

ptg +
X
y2Yi

pty �Dt
i

�
� f te = 0; 8e 2 E;8t 2 T (2.28b)

(�ct)
X
g2G

pctg +
X
y2Y

pty +
X
i2I

qcti �
X
i2I

Dt
i = 0;8t 2 T ;8c 2 C (2.28c)

(�̂cte ) �
X
i2I

ISF ic
e

�X
g2Gi

ptg +
X
y2Yi

pty + qcti �Dt
i

�
+ f cte (1 + LODF ct

e ) � 0;8e 2 E;8t 2 T ;8c 2 C (2.28d)

(��cte )
X
i2I

ISF ic
e

�X
g2Gi

ptg +
X
y2Yi

pty + qcti �Dt
i

�
� f cte (1 + LODF ct

e ) � 0;8e 2 E;8t 2 T ;8c 2 C (2.28e)

(�̂cte ) f cte � Fe(1� wcte )(1 + LODF ct
e ); 8e 2 E;8t 2 T ;8c 2 C (2.28f)

(��cte ) � f cte � Fe(1� wcte )(1 + LODF ct
e ); 8e 2 E;8t 2 T ;8c 2 C (2.28g)

2.3.4 Numerical experiments

The proposed model and algorithm are implemented in C++ using CPLEX 12.7 via

ILOG Concert Technology 2.9, and all computations are performed on Intel Haswell

V3 28 core processors and some Broadwell using 12 CPUs and 504GB RAM. Compu-

tational time is reported in CPU seconds and wall time seconds, i.e., the elapsed real
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time. The optimality gap is set at 2% or 10,800 sec. for CPLEX. The load shedding

threshold " is established at 0.02. PV mean and variance are obtained from the NREL

website [135]. Based on the NREL data, it can be determined that the highest PV

generation occurs between 07:00 and 18:00 hours. Therefore, the operation horizon

T is considered for 12 time periods instead of the common practice (24 periods). The

uncertainty budget � is �xed at 10. The allowable line overload factor for the sec-

ondary failure Oe is �xed at 0.15 for every e, and the multiplicative factor applied to

the ramping limits of generators �g is �xed at 1.25 for every g. Data parameters are

obtained from several research papers among [37] and [136].

Table 2.14: Modi�ed IEEE test buses

Test Bus jGj jY j jEj

Modi�ed IEEE 6-bus 6 1 7
Modi�ed IEEE 14-bus 6 1 20
Modi�ed IEEE 118-bus 38 6 186

In the following numerical experiments, only current generators are candidates

for failure, and additional generators are integrated for the IEEE 6-bus, IEEE 14-

bus, and IEEE 118-bus test systems. As a result, the modi�ed IEEE test used are

presented in Table 2.14.

This chapter is focused on nine case studies presented in Table 2.15. This table

shows the operation time periods for the primary failure (ta), secondary failure (tb),

and system recovery (tc) respectively. The remainder of the table shows the compu-

tational time in wall time seconds, CPU seconds, and the optimal objective (Obj.)

for each of the case study, where ST indicates the cumulative number of iterations.

For example, case study 4 requires two iterations of FS and two iterations of ST per

each one of FS, thus ST = 4. The modi�ed IEEE 14-bus case studies consider a lower

generation cost to visualize its impact and the model’s behavior; thus the optimal

objectives are lower than in other case studies.
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Table 2.15: Case Studies

System
Case

ta tb tc
Extensive* Enhanced** Obj.

study Wall time CPU Wall time CPU ($’000)

Modi�ed 1 3 5 8 4.3 51.2 2.4 37.3 26.3
IEEE 2 2 7 11 6.6 79.4 1.4 20.0 27.6
6-bus 3 3 6 9 5.1 60.8 1.5 20.1 26.2

Modi�ed 4 3 9 10 33.2 400.0 1.4 18.1 5.1
IEEE 5 3 6 9 14.3 172.8 0.8 8.6 4.9
14-bus 6 5 8 11 16.3 196.1 0.9 7.0 5.0

Modi�ed 7 3 4 5 6,471 77,657 135.3 1,629.4 77.7
IEEE 8 3 5 8 9,283 111,406 226.2 2,721.1 78.2

118-bus 9 3 6 9 10,007 120,089 162.0 1,951.2 78.4

(*) Results based on EF from Section 2.3.2 and Nested C&CG from Section 2.3.3
(**) Results based on computational enhancement from Section 2.3.3

and C&CG from [154]
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Figure 2.10: Case study 3 - worst PV generation
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For ease of explanation, a detailed analysis is presented for case studies from the

modi�ed IEEE 6-bus, and modi�ed IEEE 14-bus test systems due to the number of

G and C. The worst PV generation for case study 3 is presented in Fig. 2.10. It can

be seen that the worst PV generation (dotted line) follows the lower bound of the

PV generation, except for the operation time periods 1 and 12. This result is due to

� = 10. Note that operation time periods 1 and 12 represent 07:00 and 18:00 hours

respectively.
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Figure 2.11: Case study 3 - highest/lowest contingency cost

For further analysis of case study 3, Fig. 2.11 presents the highest/lowest contin-

gency cost generation. Notice that g1 was selected as the �rst failure in both cases.

Additionally, it can be observed that the generation of g1 drops to 0 from operation

time period 3, since ta = 3. Note that g3 and g2 are selected as the second failure

for the highest/lowest contingency cost respectively. Furthermore, it can be observed

how the generation of both of them drop to 0 in each of their respective graphs from

operation time period 6, due to tb = 6. In both cases, g5 is used to meet the demand
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during the time period of the Secondary Failure. After tc = 9, where the system

recovery occurs, g1; g2; g3 are started up again to meet the demand. For these two

contingencies, g4 and g6 remain shut down through the entire operation horizon.

Table 2.16: Case study 3 - unit commitment

t 1 2 3 4 5 6 7 8 9 10 11 12

g1 1 1 1 1 1 1 1 1 1 1 1 1
g2 1 1 1 1 1 1 1 1 1 1 1 0
g3 0 1 1 1 1 1 1 1 1 1 1 0
g4 0 0 0 0 0 0 0 0 0 0 0 0
g5 0 0 0 0 1 1 1 1 1 0 0 0
g6 0 0 0 0 0 0 0 0 0 0 0 0

The contingency generation for case study 3 is consistent with its UC presented

in Table 2.16. In this table, 1 indicates that generation unit g is committed in time

period t and 0 otherwise. Notice that g4 and g6 remain shut down for the entire

operation horizon T . Thus, g1, g2, and g3 are committed to meet the demand, and g5

is committed during the Secondary Failure time period. Finally, g1 must satisfy the

full demand for operation time period 12 as shown in Fig. 2.11.

A histogram of the contingencies cost (including the additional generators) for

case study 5 is presented in Fig. 2.12, which considers jGj = 6 and C = 30. The

table below indicates the number of failures. Since each contingency consists of two

failures, the total number of failures is 60. For this case study, the highest number

of contingencies resulted within the cost contingency intervals of $5,090-$5,350 and

$5,350-$5,490 (or intervals B and C). Most of the failures of g4, g5, and g6 correspond

to such interval. The highest cost contingencies interval (F) include most of the

failures of g1, suggesting that g1 has a high impact on the system operational cost.
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A B C D E F

Interval A B C D E F

# 
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Figure 2.12: Case study 5 - contingencies histogram

2.3.5 Conclusions

This chapter introduces an adaptive robust optimization model for reliable N -1-1 with

corrective actions UC problem including a compliance check on OPF and contingency

constrained OPF, considering the worst-case PV power output and transmission line

switching. A comparison of the OPF modeled is presented considering i) electrical

susceptance and phase angles, and ii) LSF. The formulation of this model results

in an extremely large min-max-min mixed-integer linear program. To overcome this

computational challenge, an adapted version of the nested C&CG Algorithm is ap-

plied. The model and algorithm are assessed with modi�ed versions of the IEEE

6-bus, IEEE 14-bus, and IEEE 118-bus systems to verify their e�ectiveness.

The uncertainty budget � can be adjusted as necessary to model partly cloudy

or rainy days and other obstructions for PV generation. Other RES (e.g., solar ther-
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mal, geothermal, hydroelectric) worst generation cases may be modeled following this

methodology. If required, additional �ty could be considered to increase the PV gener-

ation range. The computational performance increased considerably when modeling

OPF through LSF as compared to when considering the electrical susceptance and

phase angles.

By allowing non-simultaneous failures, the computational cost greatly increases

between modi�ed systems when all possible combinations of generation units g as can-

didates for failures. This chapter provides fundamentals for contingency constrained

UC with RES studies. Further research direction may consider complementing this

model with other systems (e.g., water networks, natural gas networks).
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Chapter 3

Design and Operations of Guar and Guayule

Supply Chains

This chapter presents the research on the design and operations of the guar and

guayule supply chains. In Chapter 3.1, a study for integrating environmental and

social impacts into optimal design of guayule and guar supply chains is presented.

Chapter 3.2 extends this research for the area of American Southwest. Chapter

3.3 studies the optimal production planning and machinery scheduling for semi-arid

farms.

3.1 Integrating Environmental and Social Impacts into Op-
timal Design of Guayule and Guar Supply Chains

This chapter proposes a stochastic optimization to make optimal decisions for facility

locations, transportations from �elds to facilities, and �nally to customers, with a

multi-objective approach to quantify the economic bene�ts, environmental impacts,

and social impacts. The adoption rates are integrated into the model as a random

variable which allows the capture of the farmers’ uncertainty to adopt guayule and

guar in their �elds. The quanti�ed economic bene�ts include harvesting costs, trans-

portation and distribution costs, production costs, and construction costs for the pro-

cessing facilities. Environmental impacts are accounted for through CO2 equivalent

GHG emissions cost of the harvesting, production, transportation, distribution, and

construction processes. Social impacts are quanti�ed based on the local accrued jobs

per county for harvesting, transportation, production, distribution, and construction.

Additionally, a geographic information system (GIS) analysis is integrated into the
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model’s input parameters to identify potential candidates for processing facility loca-

tion. Irrigation water requirements are analyzed through GIS irrigation district layers

and their water availability. Independent weighted factors are considered within the

quanti�cation of the economic bene�ts, environmental impacts, and social impacts

for sensitivity analysis purposes. This allows an informed decision making based on

assigning higher weights on one or multiple economic, environmental, and social im-

pacts as required. Finally, a case study is performed for two areas: the Maricopa and

Pinal counties in Arizona for the guayule supply chain, and the Dona Ana County in

New Mexico for the guar supply chain.

The remainder of this chapter is organized as follows. Section 3.1.1 introduces

the background and motivation of this research. Section 3.1.2 introduces the model

for optimal decisions of facility locations and transportation. This section explains

the nomenclature including the sets, indices, parameters, variables de�nitions, the

stochastic multi-objective facility location and biomass supply chain optimization

model, the implemented decomposition algorithm, and the solution strategy. A case

study for the guayule and guar supply chains is presented in Section 3.1.3 and Section

3.1.4 �nalizes the chapter with the conclusions.

This chapter is based on our published paper [213].

3.1.1 Introduction

Biomass consists of plant and animal materials such as forest wood, crops, seaweed,

materials left over from agricultural and forestry processes, organic industrial, human,

and animal wastes. Biofuels derived from biomass have been considered as a valuable

replacement for fossil fuels and a good source for bioproducts, such as biochemicals,

biomaterials, and bioenergy [157]. One of the largest biomass resources in the U.S.

comes from agriculture-derived sources such as crop residues [13]. Within the South-
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western U.S., guayule and guar are starting to create an interest for industries and

researchers as a biomass resource [161].

Guayule and guar are low-water-use, drought-tolerant, and heat-resistant crops.

Guayule is native to the Chihuahuan Desert, from southwestern U.S. regions to the

northern Mexico, and it has been often treated as a source of natural rubber. Due

to emerging economies in countries around the world, the demand for natural rubber

has proliferated, and the guayule’s natural rubber has been found to be an attrac-

tive commercial option as a domestic rubber source [20]. Guayule has even been

declared as \a critical agricultural material in times of crisis" [89]. Similarly, guar is

an important legume native from India and the source of guar gum. Partially due

to its stabilizing and thickening properties, guar gum and its derivatives are essential

in numerous applications such as paints, batteries, pharmaceuticals, ceramics, food,

petroleum, cosmetics, textiles, and agriculture [64, 76].

In spite of their potential for the regional agricultural economy, a scale-up to

pro�table production is still required for guayule and guar. Some of their ongoing

challenges include expansion of cultivation or adoption rates, feedstock improvements,

along with economic crop residue utilization. Additionally, there exist challenges in

the design of their supply chains for large-scale productions and logistics management.

An optimized biomass supply chain may not only achieve a cost reduction, but it can

also boost pro�tability, improve quality, and enhance collaboration among farmers,

industrial partners, consumers, and other stakeholders. More speci�cally, the process

facility location and transportation problems play a critical role in the supply chain

design, and they require a comprehensive approach to deal with various uncertainties

[27], such as the production amounts of raw materials and the demand of customers.

Generally, a biomass supply chain deals with the mobilization of large amounts of

raw materials from multiple suppliers to meet demands in di�erent locations. Such
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mobilization requires transportation and logistic activities in an e�cient and e�ec-

tive way. To this end, the economic bene�ts, and environmental and social impacts

should be considered in the design of such supply chains [165]. In the literature, [193]

describe the biomass supply chain key challenges and opportunities in modeling and

optimization; [14] focus on a classi�cation of the applied models and optimization

methods; [110] analyzed the biomass supply chain’s design; and [170] review models,

algorithms, sustainable issues challenges and opportunities in biomass supply chains.

Research considering the economic, environmental, and social impacts in the

biomass supply chain has been developed. [118] introduce an optimization model with

the consideration of the economic aspect, the environmental development quanti�ed

through the life cycle assessment, and the social impact based on local accrued jobs.

[59] present a multi-stage stochastic optimization model taking into account green-

house gas (GHG) emissions and social factors. [65] propose a multi-objective robust

model considering economic, environmental, and social objectives for the biomass

supply chain under epistemic uncertainty. Additional research includes the interac-

tion of biomass supply chain with electric vehicles [41], economic gain allocation [92],

large-scale optimization [13], and mobile pelleting machines [6]. The biomass supply

chain design is usually based on the Geographic Information System (GIS) to cap-

ture other factors, such as farms’ location and size, road and railroads networks for

transportation, infrastructure for water and electricity supplies, and census of popu-

lation for labor sources. Therefore, it provides additional information for identifying

potential suppliers and candidates for facility locations [133, 192, 200].

Uncertainties in biomass supply chain are considered in some literature, such as

feedstock supply uncertainty [59, 133, 140], feedstock quality uncertainty [31], a com-

bination of feedstock supply and quality uncertainty [166], and supply and demand

uncertainty [194]. These uncertainties are usually contingent on external factors such

as weather conditions, market 
uctuations, future policies, and technology break-
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throughs [189], and can in
uence activities within the biomass supply chain [170].

An approach proven e�ective for dealing with such uncertainties is stochastic op-

timization. For example, stochastic optimization has been applied for the design

and operation of several biomass supply chains, such as forest-based biomass [166],

biomass feedstock [15, 133], and cellulosic biofuel [189].

However, the previous studies have not considered the adoption rates as a method

to capture the supply uncertainty of biomass. The adoption rates are the farm in-

dependent percentages of crops in the �eld that are switched for a new one. Despite

the promising potential for guayule and guar to boost the agricultural economy of

the Southwestern U.S., their adoption rates remain uncertain. This uncertainty of

the adoption rates can be modeled as scenarios based on probability distributions.

Incorporating the adoption rate for each farm as a random variable within a stochas-

tic model will allow the capture of uncertainty from the farmers’ decision to adopt

guayule and guar crops in their �elds. It will also allow the optimization model to

minimize the expected economic costs and maximize the environmental and social

impacts based on the scenarios for the adoption rates of each crop. Another factor

that has not been considered in research is the design of biomass supply chains in the

Southwestern U.S. for desert-dwelling crops such as guayule and guar. This research

is essential to determine these crops’ economic viability and encourage farmers to

adopt drought-tolerant crops. Furthermore, due to the potential of an agricultural

water shortage, such research is required for a sustainable economic growth of the

Southwestern U.S.

3.1.2 Model for optimal decisions of facility location and transportation

Guayule and guar share some common characteristics such as low-water-use, drought-

tolerant, and heat-resistant. Both crops have also been successfully cultivated in
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the arid regions of the Southwestern U.S. Even though specialized equipment (e.g.,

precision vacuum planter) is used for planting and harvesting guayule and guar can

be grown with equipment similar to the one used for bean crops, transportation can

be performed using standard equipment. While these crops have common features,

they also have individual characteristics. Guayule is a two-year crop that requires

herbicides and insecticides only for seedling establishment, and guar works well in

rotation with other crops and can be successfully established by using pest control

chemicals and pre-emergence herbicides when needed. Whole guayule plants are cut

and baled in the �elds and then transported to the processing facility. Here, the

guayule plants are ground into a woody pulp called bagasse and the rubber and resin

are chemically extracted afterwards. The rubber bagasse can then be used at the

facility for future energy extraction purposes. On the other hand, only guar seeds are

transported to the processing facility and two di�erent products are obtained from

the extraction process, guar gum and a potential high-protein animal feed substitute.

To model the shared and individual characteristics of the guayule and guar supply

chains, several inputs are required from the harvesting, processing, transportation,

distribution, and construction processes. For construction purposes, a set of candidate

processing facility locations, and �xed and variable construction costs must be de�ned.

The harvesting inputs include the crop’s yield, the area of supply from the farms, and

the water requirements. Costs related to harvest also need to be considered such as

harvesting, hauling, loading, unloading, and labor costs. The transportation and

distribution inputs refer to the distances between farms to the candidate processing

facility locations, and from these locations to the customers, as well as the capacity

and costs associated to transportation and distribution.

Emission factors and the number of work hours needed from all activities are re-

quired to determine the environmental and social impacts, respectively. Finally, the

probability of the adoption rates scenarios is required to model the uncertainty of the



101

current crops in the �eld to be switched to either guayule or guar. The model’s out-

puts, i.e. the decision variables, will provide a solution that minimizes the economic

costs and the environmental and maximizes social impacts. The outputs include the

best processing facility location candidate, the capacity of the processing facility, and

the commodity 
ow of biomass from the farms to the processing facility and from the

processing facility to the customers.

The nomenclature for the model is described in the following tables. The sets

and indices are presented in Table 3.1, the variables are described in Table 3.2, and

Table 3.3 de�nes the required parameters for planning, harvesting, production, trans-

portation, and distribution, as well as for the environmental and social impacts. The

abbreviations of the units are de�ned as follows: acre (ac), CO2 equivalent (CO2 eq),

cubic meter (m3), hour (hr), kilometer (km), U.S. dollar ($), million U.S. dollar (M$),

metric tonne (t), and thousand metric tonne (Kt).

Table 3.1: Sets and indices

I Set of irrigation districts, indexed by i.
F Set of farms, indexed by f .
F i Set of farms in water irrigation district i.
B Set of processing facilities, indexed by b.
P Set of bio-products, indexed by p.
C Set of customers, indexed by c.

 Set of adoption rate scenarios, indexed by !.

Table 3.2: Variables

xb Binary variable that is 1 if processing facility b is added and 0
otherwise (xxx is the vector form).

capb Capacity of processing facility b (capcapcap is the vector form).

u
(!)
fb Commodity 
ow of biomass from farm f to processing facility b

(uuu is the vector form) (metric tonnes).

v
(!)
pbc Commodity 
ow of bio-product p from processing facility b to

customer c (vvv is the vector form) (metric tonnes).
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Table 3.3: Parameters

�1; �2; �3 Weighted factor for the economic, environmental, and
social objectives, respectively.

Prob(!) Probability of adoption rate scenario !.
Ccap
b Capital construction costs for processing facility b ($).
K Number of planning processing facilities.

Maxb Minimum annual capacity of processing facility b (t).
Minb Maximum annual capacity of processing facility b (t).
CH Crop’s harvesting and hauling cost ($/t).
CL Crops’s loading and unloading cost ($/t).
Yf Yield for crop per acre of farm f (t/ac).

A
(!)
f Area of supply of farm f for adoption rate ! (ac).

P
(!)
f Crop productivity of farm f for adoption rate !,

e.g., P
(!)
f = Yf � A(!)

f (t).

Wi Water availability in irrigation district i (m3).
Uf Irrigation water use by farm f (m3/t).
CP Processing cost of biomass ($/t).
�p Conversion factor for bio-product p.
Dpc Demand of bio-product p for customer c (t).
CT Transportation cost for biomass ($/t�km).
CD
p Distribution cost for bio-product p ($/t).

Lfb Distance from farm f to processing facility b (km).
�b Construction emission factor for processing facility b (CO2 eq).
� Transportation emission factor (CO2 eq/t�km).

p Distribution emission factor for bio-product p (CO2 eq/t�km).
�p Processing emission factor for bio-product p (CO2 eq/t).
" Emission price ($/CO2 eq).

UBEnvImp Emissions impact upper-bound ($).
EB
b ; E

H
f ; E

T
f ; Earning per work hour for construction of processing facility b

EP
b ; E

D
b harvesting farm f , transportation from farm f , production of

bio-product from processing facility b, and distribution of
bio-product from processing facility b, respectively ($/hr).

HT ; HD
b Number of work hours required for transportation and distribution

of bio-product from processing facility b, respectively (hr/t�km).
HH ; HP

b Number of work hours required for harvesting and production of
bio-product from processing facility b, respectively (hr/t).

HB Number of work hours required for processing facility
construction (hr).

LBSocImp Social impact lower-bound ($).
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Potential farms and processing facility location candidates

Based on the acreage, the number of farms, and the sales de�ned on the Census of

Agriculture 2017 [178], the farms that harvest cotton, grains, and oilseeds (CGO)

crops are identi�ed as potential candidates for the adoption of guayule and guar

[161]. A breakdown of the grains and oilseeds crops is shown in Table 3.4. The farms’

information for location, acreage, and type of crops is obtained from [127].

Table 3.4: Grains and oilseeds breakdown

Camelia Durum wheat Rice Sun
ower
Canola Flaxseeds Rye Spring wheat
Corn Oats Sa�ower Sweet corn
Dry beans Rapeseed Soybeans

The amounts of guayule and guar crop productions can be measured for each farm

through its adoption rates, i.e., the percentage of current crops in the �eld that is

switched to guayule and guar. Based on discussions with researchers and industry

experts, adoption of 15% in the agricultural sector would be a feasible goal for the

guayule and guar crops. This percentage is transformed based on only the CGO

farms. For example, in 2018 the Maricopa and Pinal counties had 364,767 acres for

the overall crops (e.g., alfalfa, barley, sorghum, cotton) from which 153,202 acres

corresponded to CGO. Therefore, 15% of the overall crops corresponds to 53,621

CGO acres and a 35% adoption rate from CGO farms.

In this chapter, the 15% adoption rate from all crops switched to guayule is

considered as a base line, and due to the promising potential bene�ts of guayule

for the future of agriculture, an upper bound for the adoption rates is set up to 42%.

Depending on each grower’s willingness, the uncertainty of the adoption rates for

each farm can be modeled through stochastic scenarios ! 2 
. Table 3.5 presents the

guayule adoption rates for 10 scenarios (i.e., j
j = 10), the adoption rate probabilities,
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Table 3.5: Stochastic scenarios for guayule adoption rates and probabilities in the
Maricopa and Pinal counties

CGO farms’ adoption rate
35% 42% 49% 57% 64%

(stochastic scenarios !)
Adoption rate probability 0.15 0.33 0.27 0.08 0.07

Adopted CGO acres 53,621 64,685 75,750 86,814 97,879
Adopted percentage of acres

15% 18% 21% 24% 27%
compared to all crops

CGO farms’ adoption rate
71% 78% 86% 93% 100%

(stochastic scenarios !)
Adoption rate probability 0.01 0.03 0.04 0.01 0.00

Adopted CGO acres 108,944 120,008 131,073 142,137 153,202
Adopted percentage of acres

30% 33% 36% 39% 42%
considering all crops

the adopted CGO acres, and the adopted acreage percentage when considered the

overall crops. When transformed to consider only CGO farms, the adoption rates

range from 35% to 100%. To capture the uncertainty of the guayule’s adoption rate

for every farm, this range is divided into 10 intervals with increments of approximately

7% between them. Throughout discussion with researchers, the use of a log-normal

distribution to estimate the adoption rate probabilities was determined. The log-

normal distribution provided higher probabilities to adoption rates near the base

line, i.e., 15% of the overall crops, and decreasing probabilities as the adoption rate

increased.

Similarly, in 2018 the Dona Ana County had 102,388 acres for the overall crops

(e.g., alfalfa, barley, sorghum, cotton) from which 20,862 acres corresponded to CGO.

Therefore, 15% of the overall crops corresponds to 14,603 CGO acres and a 70% adop-

tion ratio from CGO farms. Table 3.6 presents the guar adoption rates for 10 scenarios

in 
, the adoption rate probabilities, the adopted CGO acres, and the adopted acreage

percentage when considered the overall crops. Based on the guar potential for agricul-

ture’s future, an approximate 16.5% adoption from all the crops is set as a baseline
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for the stochastic scenarios with an upper bound of 20.4%. When transformed to

consider only CGO farms in Dona Ana County, the adoption rates range from 81%

to 100%. To capture the uncertainty of the guar’s adoption rate for every farm, this

range is divided into 10 intervals with increments of approximately 2% between them.

Similarly to the guayule’s adoption rate probabilities, and based on discussion with

researchers in the �eld, a log-normal distribution is used to estimate the adoption rate

probabilities. The log-normal distribution provided higher probabilities to adoption

rates near the base line, i.e., 15% of the overall crops, and decreasing probabilities as

the adoption rate increased.

Table 3.6: Stochastic scenarios for guar adoption rates and probabilities in Dona Ana
County

CGO farms’ adoption rate
81% 83% 85% 87% 89%

(stochastic scenarios !)
Adoption rate probability 0.15 0.33 0.27 0.08 0.07

Adopted CGO acres 16,898 17,339 17,779 18,219 18,660
Adopted percentage of acres

16.5% 16.9% 17.4% 17.8% 18.2%
compared to all crops

CGO farms’ adoption rate
92% 94% 96% 98% 100%

(stochastic scenarios !)
Adoption rate probability 0.01 0.03 0.04 0.01 0.00

Adopted CGO acres 19,100 19,541 19,981 20,422 20,862
Adopted percentage of acres

18.7% 19.1% 19.5% 19.9% 20.4%
considering all crops

To identify the processing facility location candidates, a GIS analysis is performed

with information from irrigation districts, CGO crops, medium/high development,

highway, and railroad layers which are overlapped to identify potential facility lo-

cations and farms. The GIS layers such as the development levels [127], county

boundaries, highways, railroads, and irrigation districts [52, 177] are collected from

online databases. Distances between farms, processing facility location candidates,

and customers are calculated using ArcGIS Pro 2.4.0. The criteria used to identify
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the processing facility location candidates are as follows:

(a) Accessibility to biomass supplies, close to feasible planting �elds.

(b) Within a 2-mile straight line distance to major roads.

(c) Within a 2-mile straight line distance to the railway.

(d) Within a 2-mile straight line distance of the pipeline/major water bodies.

(e) Avoid the developed areas (high intensity and medium intensity areas).

For the case study of the guayule supply chain, 8 processing facility location can-

didates are identi�ed as presented in Fig. 3.2 and their geographic locations are shown

in Table 3.8. For the case study of the guar supply chain, 5 processing facility location

candidates are identi�ed as presented in Fig. 3.4 and their geographic locations are

available in Table 3.13.

Optimization model

One of the goals of an optimized supply chain is to accomplish an e�cient ful�llment

of the demand while achieving a maximum economic bene�t. Environmental impacts

are also one of the main concerns of countries all around the world due to climate

change, making their evaluation a crucial component when designing supply chains.

The criteria for such purpose can include pollution and emission factors. Additionally,

to determine and promote society’s rural and urban developments, the assessment of

social indicators (e.g., accrued local jobs) also has an important role to play.

The goals for the economic bene�ts, and environmental and social impacts need

to be evaluated throughout the entire supply chain, from the planting and harvesting
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activities of the farmers to the delivery of bio-products to the customers. To model

these goals, a multi-objective optimization formulation is proposed as follows

min
xxx;capcapcap;
uuu;vvv

�1EcoBen+ �2EnvImp+ max �3SocImp; (3.1)

where �i; i = 1; 2; 3 are the weighted factors that may be modi�ed in favor of a

particular goal and the weighted factor the social impact �3 is negative.

The scenarios of adoption rates for each farm will in
uence the crop productions,

and thus can in
uence the whole decisions in the supply chain. For the facility

locations and capacities, they are long-term decisions regardless of these adoption

rates, while the transportations from �elds to facilities and �nally to customers are

based on the adoption scenarios. Thus, the economic bene�t EcoBen can be

measured through the capital cost and the expected operational cost over all scenarios

! 2 
 of adoption rates, as stated in (3.2a),

EcoBen =
X
b2B

Ccap
b xb

+
X
!2


Prob(!)

�
OHCost(!) +OT&PCost(!) +ODCost(!)

�
(3.2a)

OHCost(!) = (CH + CL)
X
f2F

X
b2B

u
(!)
fb (3.2b)

OT&PCost(!) =
X
f2F

X
b2B

�
CTLfb + CP

�
u

(!)
fb (3.2c)

ODCost(!) =
X
b2B

X
p2P

X
c2C

CD
p v

(!)
pbc (3.2d)

where the capital construction costs Ccap
b xb depend on the designed capacity for the

processing facility in location b; and the operational cost under scenario ! of adoption

rate consists of

(i) cost OHCost(!) of harvesting, hauling, loading, and unloading, quanti�ed on

the biomass commodity 
ows from farm f to processing facility b, as stated in

(3.2b),
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(ii) cost OT&PCost(!) of the transportation ($/t�km and multiplied by the distance

Lfb) and processing CP , quanti�ed on the biomass commodity 
ows from farm

f to processing facility b, as stated in (3.2c), and

(iii) the distribution cost ODCost(!), quanti�ed by the biomass commodity 
ow of

the bio-product p from the processing facility b to the customer c, as shown in

(3.2d). Unlike the transportation cost from farm to processing facility, the unit

of the distribution cost is de�ned as $/t which already considers the distance

factor.

The emissions of three GHG - CO2, CH4, and NOx can be grouped in a single

indicator in terms of CO2 eq. Therefore, the environmental impact EnvImp can

be measured through the construction CO2 eq GHG emissions �b and the expected

operational CO2 eq GHG emissions over all scenarios ! 2 
 of adoption rates, as

shown in (3.3),

EnvImp = "
X
b2B

�bxb +
X
!2


Prob(!)

 
"
X
f2F

X
b2B

Lfbu
(!)
fb �

+ "
X
b2B

X
p2P

X
c2C

�
Lbc
p + �p

�
v

(!)
pbc

!
(3)

where � is the emission price to convert the units to $; and the operational CO2 eq

GHG emissions under scenario ! of adoption rate consists of emissions generated

through

(i) the transportation of biomass from farm f to processing facility b (calculated

through the transportation emission factor �),

(ii) the distribution from the processing facility b to the customer c (determined

based on the distribution emission factor 
p for bioproduct p), and
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(iii) the biomass processing (calculated through the processing emission factor �p for

bio-product p).

As for the social impact SocImp, the aim is to maximize the total bene�t

from accrued local jobs. It is calculated based on the estimated work hours and

earning per work hours (i.e., HB and EB
b , respectively) for the construction of the

selected processing facilities and the expected operational work hours required over

all scenarios ! 2 
 of adoption rates, as de�ned in (3.4),

SocImp =
X
b2B

(EB
b H

B)xb

+
X
!2


Prob(!)

 X
f2F

X
b2B

(EH
f H

H + ET
f H

TLfb)u
(!)
fb

+
X
b2B

X
p2P

X
c2C

�
EP
b H

P
b + ED

b H
D
b Lbc)v

(!)
pbc

!
(3.4a)

where the operational work hours under scenario ! of adoption rate consists of

(i) the required harvesting hours HH and the earning per harvesting hour EH
f of

farm f ,

(ii) the transportation hours HT , the distance Lfb from farm f to processing facility

b, and the earning per transportation hour ET
f from farm f ,

(iii) the distribution hours HD
b for the bio-product p, the distance Lbc from process-

ing facility b to the customer c, and the earning per distribution hour ED
b of

bio-product p, and

(iv) the processing hours HP
b for bio-product p and the earning per processing hour

EP
b of bio-product p.

To design the guayule and guar supply chains, certain limitations and requirements

need to be included. The proposed model considers planning, harvesting, processing,
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demand, transportation, and distribution, requirements as well as environmental and

social limitations. The maximum number K of processing facilities to be added is

ensured by (3.5a) and the processing facilities’ capacity capb bounds by (3.5b).X
b2B

xb � K (3.5a)

Minbxb � capb �Maxbxb; 8b (3.5b)

The harvesting requirements are presented in (3.6), which include the farming

capacity and the water availability as presented by (3.6a) and (3.6b), respectively.

Note that the summation for the water availability is de�ned for the set F i that

considers farm f within irrigation district i.X
b2B

u
(!)
fb � P

(!)
f ; 8f; 8! (3.6a)X

f2Fi

X
b2B

u
(!)
fb Uf � Wi; 8i;8! (3.6b)

Transportation and distribution limitations are de�ned in (3.7). Their 
ow bal-

ances for transportation and distribution are modeled by (3.7a)-(3.7b), respectively.

This formulation ensures that the biomass commodity 
ow from the farms f to the

processing facilities matches bio-products p commodity 
ow from the processing facil-

ity b to the customers c. If no processing facility is added, constraints (3.7c) and (3.7d)

ensure that transportation and distribution are not available, respectively. The re-

quired distribution to satis�ed the demand of each bio-product p from each customer

c is determined by (3.7e). X
f2F

u
(!)
fb = capb; 8b;8! (3.7a)

capb�p =
X
c2C

v
(!)
pbc ; 8p; 8b; 8! (3.7b)

u
(!)
fb �Maxbxb; 8f; 8b; 8! (3.7c)
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X
p2P

X
c2C

v
(!)
pbc �Maxbxb; 8b;8! (3.7d)X

b2B

v
(!)
pbc � Dpc; 8p;8c;8! (3.7e)

A maximum dimension of the environmental impact EnvImp is ensured by (3.8)

through an upper-bound for the emissions cost. Similarly, a minimum social impact

SocImp is considered in (3.9) by establishing a lower-bound to the total social bene�t

obtained.

EnvImp � UBEnvImp (3.8)

SocImp � LBSocImp (3.9)

Finally, the model’s design requirements consider binary (3.10a) and nonnegativity

(3.10b) limitations for the decision variables.

xb 2 f1; 0g; 8b (3.10a)

capb; u
(!)
fb ; v

(!)
pbc � 0; 8f; 8b;8p;8c; (3.10b)

Solution methodology

The model for optimal decisions of facility location and transportation in its extensive

form is given by combining (3.1), (3.5) - (3.10) as follows:

min
xxx;capcapcap;
uuu;vvv

�1EconCost+ �2EnvCost+ max �3SocBen (3.11a)

s.t. Constraints (3.5a)� (3.5b); (3.11b)

Constraints (3.6a)� (3.6b); (3.11c)

Constraints (3.7a)� (3.7e); (3.11d)

Constraints (3.8)� (3.9); (3.11e)

Constraints (3.10a)� (3.10b); (3.11f)
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The goal is to minimize the economic costs and the environmental and maximize

social impacts of the guayule and guar supply chains. Limitations and requirements

include processing facility (3.11b), harvesting (3.11c), transportation and distribution

(3.11d), environmental and social (3.11e), and model designing (3.11f). The formu-

lation yields a complex and large-scale mixed-integer linear optimization (MILO)

model. The number of variables in the model is de�ned by

2jBj(1 + jFjj
j)

and the number of constraints is given by

4jBj+ jBjjFjjIjj
j+ 5jBjjFjj
j+ 5jBjjPjjCjj
j;

where jBj; jFj; jIj; jPj; jCj; and j
j are the cardinality of the processing facilities,

farms, irrigations districts, bio-products, customers, and adoption rate scenarios sets

respectively. Among the decision variables, 2jBj are binary integer decisions.

Decomposition algorithms have proven to be an e�cient solution approach for

this type of model. Following [22, 93] a MILO Benders Decomposition algorithm is

implemented for the proposed model. Let xxx be an integer variable vector consisting

of the planning processing facility xb variables; yyy be a continuous variable vector

consisting of the facilities’ processing capacity capb, commodity 
ow of biomass from

farm to processing facility u
(!)
fb , and commodity 
ow of bio-product from processing

facility to customer v
(!)
pbc variables; and AAA, BBB, bbb, ccc, and fff be the appropriate matrix

and vectors coe�cients derived from (3.11a)-(3.11f). Then, the optimization problem

can be written as:

min
xxx

�
fff|xxx+ min

yyy�000
fccc|yyyjAAAyyy � bbb�BBBxxxg

�
(3.12)

and the inner problem’s dual linear program is:

max
���

�
(bbb�BBB�x�x�x)|���jAAA|��� � ccc;��� � 000

�
(3.13)
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Algorithm 1 MILO Benders’ decomposition algorithm

1: Let xxx be an initial feasible integer solution
2: LB := �1, UB :=1
3: while UB � LB > gap do
4: Solve subproblem max����ffff|�xxx+ (bbb�BBB�x�x�x)|���jAAA|��� � ccc;��� � 000g
5: if Unbounded then
6: Get unbounded ray ��
7: Add cut (bbb�BxBxBx)| �� � 0 to master problem
8: else
9: Get extreme point ��

10: Add cut z � fff|xxx+ (bbb�BBBxxx)|����
11: UB := minfUB;fff|�xxx+ (bbb�BBB�xxx)|����g
12: end if
13: Solve master problem minxxxfzjcuts;xxx 2 f0; 1gng
14: LB := �z
15: end while

where ��� are the dual variables and �x�x�x is a �xed feasible integer con�guration. The

MILO Benders’ Decomposition algorithm is presented in Algorithm 1.

The unbounded ray �� in steps 6 and 7 refers to the case of an unbounded inner

dual problem. In this case, the subproblem is infeasible, therefore, a new constraint or

feasibility cut is added to the master problem. The extreme point �� from steps 9, 10,

and 11 refers to the case where the subproblem returns a �nite optimum. Therefore,

by duality theory, the optimum of the primal subproblem would be the same. The

MILO Benders decomposition, as presented in Algorithm 1, guarantees to converge

to the global optimum of the original problem.

To perform the numerical experiments, the proposed model and algorithm are

implemented in C++ using CPLEX 12.3 via ILOG Concert Technology 2.9, and all

computations are performed on a Linux machine with 4 Intel(R) Xeon(TM) CPU

3.60 GHz processors and 32 GB RAM. The optimality gap is set to 0.1% for CPLEX.
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3.1.3 Case study

A case study is performed for the supply chains of two desert-dwelling crops, guayule

and guar. Guayule is considered to be planted in the Arizona counties of Maricopa and

Pinal, and guar in the Dona Ana County in New Mexico. Fig. 3.1 presents the location

of the aforementioned counties. The goal is to identify the optimal decisions for facility

locations and transportations. The identi�ed location must optimize the connections

between the crop supplies from their respective counties and the customers’ demands.

ARIZONA NEW MEXICO 

Dona Ana County 

Maricopa County 

Pinal County 

Figure 3.1: Case study counties’ locations

The model’s inputs for harvesting, processing, transportation, and distribution

costs are estimated by industry experts. Parameters including crop yields, water

use, conversion factor, and emissions are determined by �eld researchers. Social

parameters are obtained and estimated based on the counties’ webpages [25, 43, 116].

To perform the numerical experiments, the proposed model and algorithm are

implemented in C++ using CPLEX 12.3 via ILOG Concert Technology 2.9, and all

computations are performed on a Linux machine with 4 Intel(R) Xeon(TM) CPU

3.60 GHz processors and 32 GB RAM. The optimality gap is set to 0.1% for CPLEX.
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Guayule case study

In 2018, farms from the Maricopa and Pinal counties had a total of 153,202 CGO

acres. These farms are organized into 160 groups based on their proximity. To

supply the irrigation water for the crops, CGO farms from the Maricopa and Pinal

counties depend on an assigned irrigation district. A total of 17 irrigation districts

are considered as presented in Table 3.7. Through the criteria listed in Section 3.1.2,

eight processing facility location candidates are identi�ed for the guayule supply chain,

three in Maricopa County and �ve in the Pinal County as shown in Fig. 3.2. The

geographic locations for the processing facility candidates are shown in Table 3.8.

Table 3.7: Maricopa and Pinal counties’ irrigation districts

1 Adaman No.36 10 New Magma
2 Aguila 11 Queen Creek
3 Arlington Canal Company 12 Roosevelt
4 Buckeye 13 Roosevelt Water Conservation
5 Central Arizona 14 Saint Johns
6 Harquahala Valley 15 Salt River Valley Water Users Association
7 Hohokam 16 San Carlos
8 Maricopa Stan�eld 17 Tonopah
9 Maricopa Water District

Table 3.8: Guayule processing facility location candidates’ geographic coordinates

Crop Facility No. County Latitude Longitude

Guayule

1 Maricopa 33.030676 -113.147160
2 Maricopa 33.345932 -112.657681
3 Maricopa 33.414047 -112.470896
4 Pinal 32.858090 -111.972454
5 Pinal 33.004185 -112.019434
6 Pinal 32.899630 -111.579063
7 Pinal 32.975456 -111.480780
8 Pinal 32.712548 -111.566602

The harvesting/hauling cost is considered at $29.7 USD/t [168], and the load-
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Figure 3.2: Maricopa and Pinal’s GIS information

ing/unloading and transportation costs for the guayule supply chain are considered

at $5.7 USD/t and $0.12 USD/t�km respectively, based on discussions with industry

experts. Irrigation water is considered at 4 acre-feet per acre for guayule [168]. Ta-

ble 3.9 presents the farm yield, processing facility cost, and its maximum/minimum

capacities. Capital cost considers estimates for the required land, processing struc-

ture, o�ce, storage, and equipment.

Table 3.9: Guayule processing facility’s costs and capacity

Concept Unit Guayule
Farm yield t/acre 12.14

Processing facility’s capital cost M$ 266.6
Processing facility’s maximum capacity t/year 521,429
Processing facility’s minimum capacity t/year 500,000

The adjusted earnings per hour for construction, harvesting, processing, and trans-

portation from the Maricopa and Pinal counties are indicated in Table 3.10.

The extraction process of the guayule supply chain is performed inside the pro-
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Table 3.10: Maricopa and Pinal counties’ adjusted earning per work hour

Earning per work hour for Unit Maricopa Pinal
Construction USD/hr 30.9 24.8
Harvesting USD/hr 21.3 12.0
Processing USD/hr 36.3 16.3

Transportation USD/hr 22.0 15.4

cessing facility. Rubber and resin are extracted from the guayule with a conversion

factors of 0.065 kg rubber/kg biomass and 0.042 kg resin/kg biomass. The process-

ing cost is de�ned to $267.98 USD/t of biomass. Rubber and resin from guayule

are used to produce diverse types of tires including agricultural machinery tires and

o�-the-road tires, as well as tubes and 
aps. The customers’ demands for the prod-

ucts are shown in Table 3.11. Emission factors are considered as 0.1 kgCO2eq/t�km

for transportation and 0.101 kgCO2eq/t�km for distribution. Production emission

factor for processing guayule is determined at 7.9 kgCO2eq/kg. The emission price is

set to $0.042 USD/kgCO2eq [57].

Table 3.11: Guayule supply chain customers’ demands

Customer Products
Demand (t)

Rubber Resin
1 Agricultural machinery tires 5000 3250
2 Tubes and 
aps 7000 4550
3 O�-the-road tires 5000 3250
4 Tires 7500 4875
5 Retreading materials 6000 3900
6 Retreading equipment 3000 1950

Based on Section 3.1.2, the resulting model for optimal decisions of facility loca-

tion and transportation yields 25,616 variables and 81,632 constraints. By applying

the MILO Benders’ Decomposition algorithm from Section 3.1.2, the optimal pro-

cessing facility location for the guayule supply chain is identi�ed as location no. 8 in

Pinal County with a computational time of 164 seconds. A cost breakdown of the
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optimal decisions for the facility location and transportation of the guayule supply

chain is presented in Table 3.12. It includes capital, harvesting/hauling, processing,

transportation, and distribution costs as well as environmental and social impacts.

Table 3.12: Guayule supply chain optimized costs breakdown (M$)

Concept Maricopa and Pinal
Capital cost 266.63

Harvesting/hauling cost 18.2
Transportation and processing cost 138.9

Distribution cost 3.63
Economic cost 427.38

Environmental impact 22.3
Social impact 15.76

Total cost 465.46

The guayule expected productivity is identi�ed for the CGO farms in the Maricopa

and Pinal counties. The expectation is based on the adoption rates probabilities for

the stochastic scenarios ! presented in Table 3.5. Fig. 3.3 shows the yearly expected

guayule productivity in thousand metric tonnes for the Maricopa and Pinal’s CGO

farm groups. The optimal facility location is marked by a pink circle and the expected

guayule productivity ranges from 0 to 113.1 Kt. Results indicate expected guayule

productivity of 0 for multiple CGO farm groups located in the center of Maricopa

County near the medium and high development, and one small cluster located in

the northwestern part of Maricopa County. This suggests that even with a guayule

adoption rate of 35% from the CGO farm groups, the acreage would be su�cient to

satisfy the demand. Additionally, this behavior may be explained due to the high

CGO acreage available surrounding the optimal processing facility location. Note

that all CGO farm groups with productivity higher than 16.1 Kt are surrounding

the optimal processing facility location and the nearest CGO farm groups fall in the

range of 48.5 to 80.8 Kt. The size of the nearest CGO farm groups to the optimal

facility location is a determinant factor in these results.
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Figure 3.3: Expected guayule productivity from Maricopa and Pinal counties’ CGO
farms

Guar case study

In 2018, farms from the Dona Ana County had 20,862 CGO acres. These farms

are organized into 85 groups based on their proximity. All the CGO farms from

the Dona Ana County are located within a single irrigation district, the Elephant

Butte Irrigation District (EBID). Based on the criteria listed in Section 3.1.2, �ve

processing facility location candidates are identi�ed for the guar supply chain in

Dona Ana County as presented in Fig. 3.4. The geographic locations for processing

facility candidates are shown in Table 3.13.

The harvesting/hauling cost is considered at $37.3 USD/t [169], and the load-

ing/unloading and transportation costs are considered at $5.7 USD/t and $0.12

USD/t�km respectively , based on discussions with industry experts. Irrigation

water is considered at 0.779 acre-feet per acre for guar [169]. Table 3.14 presents
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Figure 3.4: Dona Ana’s GIS information

the farm yield, processing facility cost, and maximum/minimum capacities. Capital

cost considers estimates for the required land, processing structure, o�ce, storage,

and equipment. Table 3.15 indicates the adjusted earnings per hour for construction,

harvesting, transportation, and production from the Dona Ana County.

The extraction process of the guar supply chain is performed inside the process-

ing facility. Three di�erent products are obtained from the extraction process: en-

Table 3.13: Guar processing facility location candidates’ geographic coordinates

Crop Facility No. County Latitude Longitude

Guar

1 Dona Ana 32.707198 -107.239296
2 Dona Ana 32.661053 -107.082860
3 Dona Ana 32.395719 -106.844482
4 Dona Ana 32.169449 -106.722609
5 Dona Ana 32.009369 -106.649165
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Table 3.14: Guar processing facility’s costs and capacity

Concept Unit Guar
Farm yield t/acre 0.414

Processing facility’s capital cost M$ 4.52
Processing facility’s maximum capacity t/year 7,276
Processing facility’s minimum capacity t/year 6,977

Table 3.15: Dona Ana County’s adjusted earning per work hour

Earning per work hour for Unit Dona Ana
Construction USD/hr 18.5
Harvesting USD/hr 11.4

Transportation USD/hr 14.6
Production USD/hr 15.6

dosperm, husk, and germ, with the conversion factors .325 kg endosperm/kg biomass,

0.275 kg hull/kg biomass, and .40 kg germ/kg biomass. The processing cost is deter-

mined at $647.76 USD/t of biomass. The endosperm, husk, and germ from guar are

used to produce guar gum and guar meal. The customers’ demands for the products

are shown in Table 3.16. Emission factors are considered as 0.1 kgCO2eq/t�km for

transportation and 0.091 kgCO2eq/t�km for distribution. Production emission fac-

tor for processing guar is determined at 476.31 kgCO2eq/t. The emission price is set

to $0.042 USD/kgCO2eq [57].

Table 3.16: Guar supply chain customers’ demands

Customer Products
Demand (t/yr)

Endosperm Husk and germ
1 600 900
2 Guar gum and 700 1200
3 Guar meal 500 600
4 400 900

Based on Section 3.1.2, the resulting model for optimal decisions of facility location

and transportation yields 8,510 variables and 27,520 constraints. By applying the

MILO Benders’ Decomposition algorithm from Section 3.1.2, the optimal location
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for the guar processing facility is identi�ed as location no. 4 in Dona Ana County

with a computational time of 101 seconds. The optimal facility location is shown in

Fig. 3.5 represented by a pink circle. A cost breakdown of the optimal decisions for the

facility location and transportation of the guar supply chain presented in Table 3.17.

It includes capital, harvesting/hauling, processing, transportation, and distribution

costs as well as the economic, environmental, and social objectives.

Table 3.17: Guar supply chain optimized costs breakdown (M$)

Concept Dona Ana
Capital cost 4.52

Harvesting/hauling cost 0.13
Transportation and processing cost 4.5

Distribution cost 0.46
Economic cost 9.61

Environmental impact 0.22
Social impact 0.22

Total cost 10.0

The guar’s expected productivity is identi�ed for the CGO farms in Dona Ana

County. The expectation is based on the adoption rates probabilities for the stochastic

scenarios ! presented in Table 3.6. The expected guar productivity for the Dona Ana

County is presented in Fig. 3.5. Contrary to the guayule’s expected productivity for

the CGO farm groups of the Maricopa and Pinal counties, all CGO farm groups of

the Dona Ana County have expected productivity greater than 0. CGO farm groups

located on the northwest side of the Dona Ana County fall within the range of 20.4

to 1,124 t. All CGO farm groups with expected productivity higher than 572.2 t

are located South of the optimal facility location, while the nearest farm groups fall

within the range of 204.4 to 1,124 t. This behavior can be explained by the size of

the CGO farm groups nearest to the optimal processing facility location.
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Dona Ana

( 572.2 ,    119.4 ]

( 756.1 ,    940.1 ]

( 940.1 ,  1124.0 ]
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Facility Location
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Highway

Railroad

(   20.4  ,   204.4 ]

(  204.4 ,   388.3 ]

(  388.3 ,   572.2 ]

Figure 3.5: Expected guar productivity from Dona Ana County’s CGO farms

Sensitivity analysis on adoption rate and weighted factors

Previous results for the guayule and guar supply chains from Section 3.1.3 consider

a value of one for the weighted factors of the economic bene�t, the environmental

impact, and the social impact, represented by �i; i = 1; : : : ; 3 respectively. To identify

how these factors in
uence the optimal solution, a sensitivity analysis is performed

considering the combination of the weighted factors and the probabilities of the adop-

tion rates. Table 3.18 presents 7 Combinations with di�erent weighted factors for the

economic bene�t �1, the environmental impact �2, and the social impact �3. Note

that weighted factors have a value of one assigned in Combination 1. The rest of

the Combinations are described as follows, Combination 2 gives a medium weight
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and Combination 3 a high weight to the economic bene�t. Similarly, Combination

4 assigns a medium weight and Combination 5 a high weight to the environmental

impact. Finally, medium and high weights are considered for the social impact in

Combination 6 and Combination 7, respectively.

Table 3.18: Sensitivity analysis for weighted factors

Weighted Combination
factor 1 2 3 4 5 6 7
�1 1 0.50 0.8 0.25 0.1 0.25 0.1
�2 1 0.25 0.1 0.50 0.8 0.25 0.1
-�3 1 0.25 0.1 0.25 0.1 0.50 0.8

Three di�erent adoption rate probabilities based on a log-normal distribution are

considered for the sensitivity analysis as shown in Table 3.19. Case A leans towards

an expected adoption rate from CGO farms of 49% for guayule and 85% for guar.

Case B tends towards a similar expected adoption rate as Case A for both crops

but has slightly di�erent probability variations for each stochastic scenario. On the

other hand, Case C leans towards a lower expected adoption rate from CGO farms

of 41% for guayule and 82% for guar. Based on the combination of the indicated

weighted factors and adoption rate probabilities, a total of 21 numerical experiments

are performed in the sensitivity analysis for the guayule and guar supply chains.

- Guayule Sensitivity Analysis

Results for the guayules supply chain’s sensitivity analysis are shown in Table 3.20.

The top section of the table indicates the weighted factor from Combination 1 to

Combination 7 and the left-hand side of the table shows the adoption rate probabil-

ity from Case A to Case C. Results from Section 3.1.3 consider Combination 1 for the

weighted factor and Case A for the adoption rate probabilities. In such a case, the to-

tal costs are de�ned as 443.5 M$ and the optimal facility location is candidate number

8, located in the Pinal county. These results match the ones presented in Table 3.12.

When comparing only the three numerical experiments with a weighted factor of one,



125

Table 3.19: Sensitivity analysis for adoption rate probabilities

Guayule Adoption rate probability Guar Adoption rate probability
adoption rate Case A Case B Case C adoption rate Case A Case B Case C

35% 0.15 0.21 0.44 81% 0.15 0.21 0.44
42% 0.33 0.29 0.37 83% 0.33 0.29 0.37
49% 0.27 0.26 0.08 85% 0.27 0.26 0.08
57% 0.08 0.11 0.06 87% 0.08 0.11 0.06
64% 0.07 0.05 0.02 89% 0.07 0.05 0.02
71% 0.01 0.02 0.02 92% 0.01 0.02 0.02
78% 0.03 0.00 0.00 94% 0.03 0.00 0.00
86% 0.04 0.02 0.00 96% 0.04 0.02 0.00
93% 0.01 0.02 0.00 98% 0.01 0.02 0.00
100% 0.00 0.01 0.00 100% 0.00 0.01 0.00

i.e., Case A/Combination 1, Case B/Combination 1, and Case C/Combination 1, the

optimal solution from Case A/Combination 1 presents the least total cost of 465.5

M$.

Based on the sensitivity analysis results, it is clear that the optimal processing

facility location for the guayule supply chain varies mostly between location 3 in

Maricopa County and location 8 in Pinal County. These locations have a highway

distance of 148 km between them. Note that variations of the adoption rate prob-

abilities can in
uence the optimal facility location as it switches from location 8 to

location 3 when comparing Case A/Combination 1 and Case C/Combination 1 to

Case B/Combination 1. When comparing the numerical experiments with weighed

factors lower than one, the highest economic bene�t, environmental impact, and so-

cial impact are obtained for Cases 3, 5, and 7, respectively, since these cases were

assigned with the highest weighted factors. By analyzing the results for the cases

with higher weights in the environmental and social objectives, it can be identi�ed

how the optimal facility location is dependent on the adoption rate probabilities.

- Guar Sensitivity Analysis

Results for the guar supply chain’s sensitivity analysis are presented in Table 3.21.
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Table 3.20: Guayule supply chain’s sensitivity analysis

Weighted factor 1 2 3 4 5 6 7
�1 1 0.50 0.8 0.25 0.1 0.25 0.1
�2 1 0.25 0.1 0.50 0.8 0.25 0.1
-�3 1 0.25 0.1 0.25 0.1 0.50 0.8

Case Costs (M$)*

A

Economic: 427.4 216.8 341.9 108.7 42.7 106.8 42.7
Environmental: 22.3 5.6 2.2 11.3 17.9 5.6 2.2
Social: 15.8 4.7 1.6 4.2 1.6 7.9 12.6
Total: 465.5 227.1 345.7 124.2 62.2 120.3 57.6
Optimal location: 8 3 8 3 8 8 8

B

Economic: 434.9 217.6 346.4 108.7 43.4 108.7 43.5
Environmental: 22.6 5.6 2.3 11.3 18.0 5.6 2.3
Social: 16.8 4.0 2.1 4.2 1.7 8.4 13.4
Total: 474.3 227.2 350.8 124.2 63.2 122.8 59.2
Optimal location: 3 8 3 3 3 3 3

C

Economic: 427.7 213.9 342.2 106.9 43.4 106.9 42.8
Environmental: 22.3 5.6 2.2 11.2 18.0 5.6 2.2
Social: 16.1 4.0 1.6 4.0 1.7 7.8 12.9
Total: 466.2 223.5 346.0 122.1 63.2 120.3 57.9
Optimal location: 8 8 8 8 3 8 8

*All costs are presented in M$ except for the concept of optimal location

Similar to the guayule supply chain’s results, the top section of the table indicates

the weighted factor from Combination 1 to Combination 7 and the left-hand side of

the table shows the adoption rate probability from Case A to Case C. Results from

Section 3.1.3 also consider Combination 1 for the weighted factor and Case A for the

adoption rate probabilities. Note that the in
uence of the adoption rate probabilities

is small enough that the variations in the optimal solution cannot be appreciated

when considering M$ as the units for the results, except for Case C/Combination 1

that shows a slight economic increase.

Based on the results from the sensitivity analysis, the optimal processing facility

location for the guar supply chain in Dona Ana County varies between locations 4

and 5. Both optimal processing facility locations for the guar supply chain are located



127

in the middle south part of Dona Ana County with a straight line distance of 18 km

between them. Regardless of the weighted factors considered, the optimal processing

facility location for guar is identi�ed in location 5 for the overall Case A. This suggests

that the optimal facility location is dependent on the adoption rate probabilities when

higher for the environmental impact.

Table 3.21: Guar supply chain’s sensitivity analysis

Weighted factor 1 2 3 4 5 6 7
�1 1 0.50 0.8 0.25 0.1 0.25 0.1
�2 1 0.25 0.1 0.50 0.8 0.25 0.1
-�3 1 0.25 0.1 0.25 0.1 0.50 0.8

Case Costs (M$)*

A

Economic: 9.6 4.8 7.7 2.4 1.0 2.4 1.0
Environmental: 0.2 0.1 0.0 0.1 0.2 0.1 0.0
Social: 0.2 0.1 0.0 0.1 0.0 0.1 0.2
Total: 10.0 4.9 7.7 2.6 1.2 2.6 1.2
Optimal location: 5 5 5 5 5 5 5

B

Economic: 9.6 4.8 7.7 2.4 1.0 2.4 1.0
Environmental: 0.2 0.1 0.0 0.1 0.2 0.1 0.0
Social: 0.2 0.1 0.0 0.1 0.0 0.1 0.2
Total: 10.0 4.9 7.7 2.6 1.2 2.6 1.2
Optimal location: 4 4 5 4 5 5 5

C

Economic: 9.6 4.8 7.7 2.4 1.0 2.4 1.0
Environmental: 0.2 0.1 0.0 0.1 0.2 0.1 0.0
Social: 0.2 0.1 0.0 0.1 0.0 0.1 0.2
Total: 10.1 4.9 7.7 2.6 1.2 2.6 1.2
Optimal location: 4 4 5 5 5 5 4

*All costs are presented in M$ except for the concept of optimal location

3.1.4 Conclusions

This chapter introduces a stochastic optimization model to achieve optimal decisions

for facility locations, transportations from �eld to facilities, and �nally to customers,

with a multi-objective approach to quantify the economic bene�ts, environmental,

and social impacts. The model is developed based on the adoption requirements of
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the two desert-dwelling crops guar and guayule and modi�cations may be required

to assess the adoption of other crops. To capture the uncertainty of the adoption

rates from each farm, stochastic scenarios were applied. The resulting formulation is

a large mixed-integer linear optimization problem and to overcome the computational

challenge, a MILO Benders’ Decomposition algorithm was implemented. The model

and algorithm were tested on a case study for two desert-dwelling crops, guayule in

Arizona for Maricopa and Pinal counties, and guar in New Mexico for Dona Ana

County.

The guayule supply chain results indicate high expected productivity from CGO

farms located Southwest from the center of Pinal County ranging between 48.5 to

113.1 thousand metric tonnes per length of harvest season. The optimal facility

location is identi�ed as no. 8 located in Pinal County when assigning a value of

one to the weighted factors. The sensitivity analysis shows how the optimal facility

location varies from no. 8 in Pinal County to location no. 3 in Maricopa County

depending on the speci�ed weighted factors and adoption rate probabilities.

The guar supply chain results determine high expected productivity from CGO

farms located in the South part of Dona Ana County ranging between 572.2 to 1,124

metric tonnes per length of harvest season. The optimal facility location is identi�ed

as no. 5 located in Dona Ana County when assigning a value of one to the weighted

factors. The sensitivity analysis shows how the optimal facility location varies from

two locations in Dona Ana County, location no. 5 and location no. 4, depending on

the speci�ed weighted factors and adoption rate probabilities.

We consider that the design of stochastic optimization to make optimal decisions

for facility locations, transportations from �elds to facilities, and �nally to customers,

with a multi-objective approach to quantify the economic bene�ts, environmental im-

pacts, and social impacts will provide a fundamental framework for future biomass
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processing facility location and supply chain multi-objective optimization research.

The identi�cation of high expected productivity CGO farm groups is crucial for the

design of the guayule and guar supply chains and can be used as a base point for

research expansion. Further studies may consider complementing our model with

integer optimization approaches for smart farm production planning and scheduling.

Rainy weather may a�ect the harvesting scheduling due to level of moisture require-

ments for the processing facilities. Therefore, further weather analysis considering

rain risk during the harvesting periods can be considered in future research. Ad-

ditionally, a water life-cycle-analysis per crop can be performed to identify farming

regions potential water availability risks which may lead to consider higher adoption

rates for guayule and guar within those regions.
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3.2 Optimal Design of Guayule and Guar Supply Chains for
the American Southwest

In this chapter, an extension of Chaper 3.1 to the American Southwest. All the farms

within this region are evaluated to identify potential farm groups for the adoption of

guar and guayule based on their type of crop, acreage, location, and water availability.

Stochastic scenarios are de�ned based on 15% of the overall crop adoption and with

log-normal distribution probabilities. Multiple processing facility location candidates

are identi�ed based on key factors such as proximity and accessibility to resources and

transportation. To assess the e�ects of a long-term increase in the guar and guayule

demand, a sensitivity analysis is performed for multiple optimal facility locations

based on the economic, environmental, and social impacts of the supply chains. An

additional case study is performed excluding speci�c areas that SBAR researchers

and industry experts consider to have a reduced adoption rate probability.

The remainder of this chapter is organized as follows. Section 3.2.1 introduces

the methodology for the optimal decision of facility location and transportation. The

methodology is introduced in Section 3.2.2. The case studies for the guar and guayule

crops for New Mexico, Northwestern Texas, and Arizona are described in Section

3.2.3. Section 3.2.4 �nalizes the chapter with the conclusions.

3.2.1 Introduction

Biomass can be composed of animal materials and plants such as materials leftover

from agricultural crops, forest woods and forestry processes, and organic materials

including industrial, animal, and human wastes. Agriculture-derived sources, e.g.,

crop residues from corn, wheat, and cotton, is one of the largest biomass resources in

the U.S. [13]. Within the states of Arizona, New Mexico, and Northwestern Texas,
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from here on referred to as American Southwest, guar and guayule are creating an

interest for researchers and industries as a biomass resource. A major example is

the Sustainable Bioeconomy for Arid Regions (SBAR), which is an ongoing project

with over 200 experts from research institutions and industry sectors working on

the adoption, feedstock development, production, co-product characterization, and

sustainability assessment of guar and guayule for the American Southwest. [161].

Guar and guayule are heat-resistant, drought-tolerant, and low-water-use crops

[24, 168]. Guar is a native Indian legume from which guar gum is obtained. Due to

its thickening and stabilizing properties, guar gum and its derivatives are essential

in numerous applications such as agriculture, batteries, ceramics, cosmetics, food,

paints, petroleum, pharmaceuticals, and textiles [64, 76]. Similarly, guayule is native

to the Chihuahuan Desert, from northern Mexico to the southwestern U.S. regions,

and it has been treated as a source of natural rubber. The demand for natural

rubber has proliferated due to emerging economies in countries around the world,

and the industry sector has found the guayule’s natural rubber to be an attractive

commercial option as a domestic rubber source [20]. The low-water-use property of

guar and guayule is one of the major reasons these crops are being considered to

adopt in the American Southwest.

The e�ects of a growing population and changing climate are causing an increasing

agricultural drought in the American Southwest. This growing likelihood of water

shortage increases the risk of farmers reducing their venue and even losing their

crops. The introduction to drought-tolerant and low-water-use crops yield high-value

products, such as guar and guayule, which can be considered as a risk mitigation

measure [169].

Research has been performed to achieve the adoption of guar and guayule. Chap-

ter 3.1 presented stochastic scenarios to capture the uncertainty in adoption rates of
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guar and guayule while assessing the economic, environmental, and social impacts of

the supply chain. The research of [169] investigated the economic and environmental

feasibility of cultivating guar in the Southwestern U.S. The work of [168] presented a

model that quanti�es the energy and materials required for the guayule supply chain,

from cultivation, harvesting, and transportation to the extraction of guayule rubber

and co-products. Chapter 3.1 introduces farm production planning and machinery

scheduling for guar and guayule crops focused on that maximizing the farmers’ net

present value.

In spite of their potential bene�ts to the Southwestern U.S. agricultural sector,

the guar and guayule supply chains still require a scale-up to pro�table production.

Isolated supply chain research has been performed throughout speci�c counties of

the Arizona, New Mexico, and Texas states. However, a major pending challenge

is the assessment of an integrated supply chains model for large-scale productions

and logistics management for the American Southwest. Furthermore, speci�c areas

within counties may have the need to be removed from the study area due to the

high-income revenues or long term contracts of current crops [161].

3.2.2 Methodology for the optimal decisions of facility location and trans-

portation for the American Southwest

To model the guayule and guar supply chains for the American Southwest, several

economic, environmental, and social inputs are required as well as geographical infor-

mation as shown in Fig. 3.6. To assess the economic impact, the inputs considered

in the analysis include capital construction, harvesting, hauling, loading, unloading,

transportation, processing, and distribution costs. Similarly, the environmental im-

pact is evaluated through the equivalent greenhouse gas emissions of construction,

transportation, processing, and distribution. As per the social impact, it is deter-
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mined based on the local accrued jobs and the earnings per work hour.

Stochastic and Multi-objective 
Optimization Model

C++ and CPLEX

Emissions
• Constructions
• Transportation
• Processing
• Distribution

SBAR research Input

Economic costs
• Capital construction
• Harvesting & hauling
• Loading & unloading
• Processing 
• Transp. & distr.

ArcGIS Pro 2.4.0

CropScape Input
• Crops’ acreage
• Crops’ location

Origin-destination cost matrix

• Optimized route (distance)from farm groups 
to facility location candidates

GIS Layers Inputs
• Irrigation districts
• Groundwater conservations districts
• Medium and high development
• Railroad
• Highway and primary roads

• Defines farm 
groups

• Identify potential 
facility locations

Equivalent GHG 
emissions

Biomass
• Yield
• Conversion 

factor

Social Impact
• Local accrued 

jobs
• Earning per 

work hour

MILO Benders Decomposition

Optimal Solution
Optimal facility location
Expected productivity from farm groups

Figure 3.6: Model methodology

Based on the number of farms, their acreage, the sales as de�ned by the Census

of Agriculture 2017 [178], and discussions with industry experts, the farm groups

cultivating cotton, grains, and oilseeds (CGO) crops are identi�ed as the potential

candidates to adopt guar and guayule [161]. The information of the farm groups

such as the speci�c type of crop, the geographical location, and the acreage is ob-

tained from [127]. Candidates for processing facilities locations are identi�ed using

Geographic Information Systems (GIS) layers for transportation, development, wa-

ter resources [52, 177], and the farm group’s information. Through discussion with

SBAR researchers, a 15% of adoption rate from the overall crops is de�ned as a

baseline for the stochastic scenarios. The optimal routes are determined using the

origin-destination cost matrix function of ArcGIS Pro 2.4.0.
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3.2.3 Case study

The assessment of the supply chains for two desert-dwelling crops, guar and guayule,

is performed for three states, New Mexico, Northwestern Texas, and Arizona based

on the models of Chapter 3.1. The model’s weighted factors for the economic, envi-

ronmental, and social impacts are set to 1, 1, and -1, respectively. Units are de�ned

as t: metric tonnes, Kt: thousand metric tonnes, km: kilometer, and MUSD: million

US dollars.

For an e�cient computational solution, the Benders Decomposition algorithm is

implemented in the optimization model. All numerical experiments are implemented

in C++ using CPLEX 12.3 via ILOG Concert Technology 2.9, and all computa-

tions are performed on a Linux machine with 4 Intel(R) Xeon(TM) CPU 3.60 GHz

processors and 32 GB RAM. The optimality gap is set to 0.1% for CPLEX.

Guar case study for New Mexico

In 2020, the New Mexico state had 229,196 acres of overall crops (e.g., alfalfa, barley,

sorghum, cotton) from which 86,204 acres corresponded to CGO farm groups. Fig. 3.7

presents the GIS information of the selected CGO farm groups, the major roads and

highways, the railroads, the development areas, and four potential processing facility

locations identi�ed. To address in part the water availability factor, only farm groups

within irrigations districts are considered. To reduce the number of farm groups while

achieving a maximum CGO acreage, this study focuses on farm groups with 50 or

more acres. A total of 113 farm groups are selected for the case study that meets the

required criteria with a total of 40,723 acres.

The harvesting and hauling, loading and unloading, transportation costs are estab-

lished as $70.52 USD/t, $5.7 USD/t, $0.12 USD/t�km, respectively. The processing
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Figure 3.7: New Mexico’s GIS information

facility’s capital cost, maximum capacity, and minimum capacity are determined as

$4.52 MUSD, 7276 t/year, and 6977 t/year, respectively. The guar yield is de�ned as

0.369 t/acre and the irrigation water requirement is set to 0.779 acre-feet per acre.

The adoption rate uncertainty is modeled through ten stochastic scenarios as

presented in Table 3.22. A 16% adoption rate from the overall crops is speci�ed which

corresponds to 42.5% of the total acreage from the CGO group farm. Increments of

0.2% in the adoption rate are used to de�ne the remaining stochastic scenarios and

probabilities are determined based on a log-normal distribution.

Results are presented in Fig. 3.8. The optimal facility location is identi�ed as no.

3 located in Quay County and marked by a green circle (Fig. 3.8a). The green color

scale indicates the expected yearly guar production in metric tonnes to be supplied

to the processing facility by each group farm. For illustration purposes, the expected
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Table 3.22: Stochastic scenarios for guar adoption rates and probabilities in New
Mexico’s CGO farm groups

CGO farms’ adoption rate
42.5% 43.0% 43.6% 44.1% 44.6%

(stochastic scenarios !)
Adoption rate probability 0.15 0.33 0.27 0.08 0.07

Adopted CGO acres 36,651 37,103 37,556 38,008 38,461
Adopted percentage of acres

16.0% 16.2% 16.4% 16.6% 16.8%
compared to all crops

CGO farms’ adoption rate
45.1% 45.7% 46.2% 46.7% 47.2%

(stochastic scenarios !)
Adoption rate probability 0.01 0.03 0.04 0.01 0.00

Adopted CGO acres 38,913 39,366 39,818 40,271 40,723
Adopted percentage of acres

17.0% 17.2% 17.4% 17.6% 17.8%
considering all crops

productivity range has been divided into 8 intervals between 0 to 235.8 t. CGO farm

groups that are not expected to supply guar to the processing facility are indicated

by a red color.

To de�ne the e�ect in the guar supply chain of a long-term demand increase, a

sensitivity analysis is presented to identify the two optimal processing facility loca-

tions (Fig. 3.8b). Results indicate that the optimal location for the construction of a

second processing facility location (marked by a blue circle) is Chaves County. The

color scales indicate the yearly expected production of guar to be supplied by each

CGO farm group to the processing facility of the respective color. Note that for il-

lustration purposes, the color of each farm group indicates the processing facility to

be supplied with the highest guar amount. However, each farm group can supply to

both processing facilities.
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OPT.pdf

(a) 1 optimal processing facility location

OPT 2FAC.pdf

(b) 2 optimal processing facility locations

Figure 3.8: Sensitivity analysis for guar productivity in New Mexico
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