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Lay Abstract

Optimal planning and scheduling of production systems arevemp importanttasksin

industrial practiceTheir objective is taensue optimal utilization of raw materialand
equipment to reduceroductioncosts.In order tocomputerealistic productiorplans and
schedulesit is oftennecessary to replace simplified linear models widimlinearones
including discrete deci %o compsite d global optimaliy e s /
solutionfor this type of problems in reasonable time ishallengedueto theirintrinsic

nonlinear and combinatorial nature

The main goal of this thesis the @velopment of efficient algorithms to solleegescale
planning and schedulingproblems The key contributions of this work are the
development ofi) aheuristct techniquao computenearoptimal solutiongapidly, andii)

a deterministic global optimization algorithnBoth approachesshowed results and
performancesetter or equal to those obtained by coeencial software angreviously
published methods.
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Abstract

In order to compute more realistic production plans and schedules, techniques using
nonlinear programming (NLP) and mix@tdeger nonlinear programming (MINLP) have
gathered a lot of attention from the industry and acadéifficient solution ofthese
problems toa proven- -global optimality remains a challenge due to their combinatorial,
nonconvex, and large dimensionality attributes.

The key contributions of this work are: 1) the generalization of the inventory pinch
decomposition methotb scheluling problemsand 2) the development of a deterministic
global optimization method.

An inventory pinch is a point at which the cumulative total demand touches its
corresponding concave envelope. The inventory pinch points delineate time intervals
wherea single fixed set of operating conditions is most likely to be feasiblelasd to

the optimum. The inventory pinch method decomposes the original problethree
different levels The first one deals with the nonlineiies, while subsequent levels
involve only linear terms by fixing part of the solution from previous levels. In this
heuristic method, infeasibilities (detected via positive value of slack variables) are
eliminated by adding at the first level new period boundaries at the point in tiere w
infeasibilities are detected.

The global optimization algorithm presented in this work utilizes both piecewise
McCormick (PMCR) and Normalized Multiparametric Disaggregation (NMDT), and
employs a dynamic partitioning stratetgy refine the estimated ¢the global optimum
Another key element is thgarallelizedoound tightening procedure.

Case studies include gasoline blend planning and schedaitidgefinery planning. Both
inventory pinch method and the global optimization algorithm show promisisigts

and their performance is either better or on par with other published techniques and
commercial solvers, as exhibited in a number of test cases solved during the course of this
work.
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Chapter 1: Introduction

Planning and scheduling of production systems tare activities in supply chain
optimization that increase profit margins of the plant sites by utilizing raw materials,
intermediate components, storage capacity, and production equipment in the best way
possible along a given time horizaonsidering cuent market conditions and forecasts.
Planning and scheduling softwdrased tools have become necessary Horst
companiesespecially those thaiperate on economic markets with fast dynamics, face
strict environmental regulationsand/or havelow profit margins (e.g., commodity
producers]1].

Current trend in planning and scheduling techniques is to increase the accuracy of the
mathematical models employed to represent processing units andiar@érablicies
(taking into account their scalability), as well as the development of advanced algorithms
to efficiently solve these models to optimality.

It is often the case that the nature of the production process is inherently norireear
operatimal policies usually rely on discrete decisions .(g . , Afyes) noo,
Therefore,to compute more realistic production plans and schedules, techniques using
nonlinear programming (NLP) and mix@tteger nonlinear programming (MINLR¥e
required. Thechallenges associated with nonlinear planning and scheduling problems are
the following:

1. Possible nonconvexities, which can introduce multiple local and global optima
A Traditional gradienbased optimization methods can stop at a local
optimum. Global optinzation techniques are thus needed to understand
the quality of the solution and make better decisions.
2. Potential need of a large number of partitions to represent the time devhaih
can result in anodé containing thousands or morvariables
A The larger the number of time periods or time slihis,larger the number
of nonconvex terms and digte variablesthus the highecomputational
cost involved to solve the problem to optimality.

This thesis summarizes a project focused on the developmemb @figorithms to solve
planning and schedulingroblems: a heuristic decomposition approach based on the
inventory pinch concept, and a deterministic global optimization method based on
dynamic partitioning of piecewise linear relaxations and optimbakised bound
tightening.
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In this Chapter, differ& concepts used throughout this report are briefly described. In
addition, the objectives and outline of this thesis are presented.

1.1. Supply chain optimization

A supply chain consists of all different entities and activities necessary to produce and
distribute a product to the final customer. These activities include procurement of raw
materials, transformation and/or purification of the raw materials into intermediate and
final products, storage and distribution of intermediate and final products, anddleman
forecasting and satisfaction. The physical elements of a supply chain include warehouses,
distribution centers, production sites, retailers, etp8/ chainoptimizationconsists of
determining the best possible flow wfateriab and information amonghese elements

that maximize the performance of the supply chain. The performance of the supply chain
is defined according to the companyds goal
satisfaction, and/or decrease costs, lead time, etc.

Different type of decisions in the supply chain optimization problem can be identified
based on business functionalities, timeframe, geographical scope, and hierarchical levels.
The most common clasication is shown in Figure.IThere are threbasic decision

levels: strategic, tactical and operation@i 6]. Longterm drategic level defineghe
structureand capacityf thesupply chain considering a tinm@rizon ofseveral moths or

years. Mediurrterm tacticallevel assignsproduction and distributiontargetsto the
different facilities usually on a weekly or monthly basiShortterm operational level
determines the assignmeantd sequencingf tasks to equipment unifsr the next few

hours or daysThese three levelreinterconnected because tthecisions made at ord
themdirectly affectothers[2, 5, 6]

In the automation pyramid (Figure 2) there are two more layers below thetesinort
operational level (i.e., scheduling level): réiate optimization and control. The control

layer involves all the sensors, actuators, and equipment required to meet and follow
process setpoints, as well as safety and alarm systems. The frequency of the calculations
required by the control layer is on the order of seconds or evenTlessrealtime
optimization (RTO) level provides setpoints to the control layer every few hours. The
RTO setpoints correspond to a steathte of the process that is optimal for the current
production targets and/or market conditions.
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Figure 1.Supply chain planning tasks classified based on business functionalities and
time scope
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Computational tools based on mathematical programming and simulation techragyees
become very commoim modern industryfor supply chain optimizatiarMathematical
models derived from engineering first principles (i.e., material and energy balances,
thermodynamic relationships, reaction kinetics, etc.) or from historical plant data (i.e.,
datadriven models) are used to represent supply chain eleniemse models also
include operational constraints such as maximum and minimum production, storage, and
transportation capacities, product demand, product specifications, availability of raw
materials, inventory policies, etc. A model must be robust, feliaind relatively easy to
maintain. Model formulation is key to be able to compute realistic and optimal solutions
(i.e., plans and schedules) in a reasonable amount of time (depending on the application).

Given the complexity of modeling an entire syppthain, as well as the high
computational cost required to solve such model to optimality, supply chain optimization
is usually carried out by solving smaller optimization problems. It is very common to use
the scheme shown in Figure 1 (plus geograplsicape) talefine these smaller problems

For production planningnd schedulingproblems, formulations can be classified based

on the process type (continuous, batch) and the time representation employed (discrete,
continuous, and their variants). Modetan be classified as well according to their
mathematical structure (linear, nonlinear, mixeikger, etc.). Extensive reviews can be
found in the literaturd7i9]. Another key aspect is the algorithm used to solve the
optimization problem. The solution algorithms can be classified as deterministic,
stochastic, and heuristic methods. Based on their aptynguarantees, they are classified

into local and global optimization methods.

Research efforts have been directed to integrate several decision levels. By taking into
account the interactions between them, the efficiency of the supply chain can be
increased. Model formulations and solution algorithms that exploit the structure of the
integrated problems have been developed in the last dgd&ié&8], but there is still an
ongang research work in this area

In sectionl.2, an overview ofidvances and challenges in planning and scheduling of oil
refinery operations is presented.

1.2. Planning and scheduling of o refinery operations

Crude oil is a mixture of different hydrocarbons and, to a lesser extent, other organic and
inorganic compoundsMost common types of hydrocarbons found in crude oil are
alkanes, naphthenes, and aromatics. Crude oils from different reservoirs have different

4
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attributes (i.e., quality properties or qualities), e.g., density, aromatics, sulfur, and metals
content, etc Qil refineries transformcrude oil into more valuable products such as
liquefied petroleum gagasoline, diesel, jet fuednd othethydrocarbon product&hich

can be used as either fuels or feedstocks for otemical procegs The petroleum
refining industry isstill the largest source of energyoducts in the worlL4].

A petroleum refinery plant is commonly divided into three main sections: crude oll
unloading and blending, production units, and blending and shipping of final products
[15, 16] The crude oil is transported to the plant by tankers or throughr@peWhere it

is unloaded into storage tanks. From these storage tanks, crude oils are then transferred
into charging tanks where they are mixed. The crude oil mix is fed to the crude
distillation units (CDUs) where the crude mix is separated into différactions based

on their boiling temperature range. The crude oil fractions go through a
hydrodesulfurization process to remove most of their sulfur content (because sulfur can
poison the catalysts of downstream units). Subsequently, the crude adibnsago
through corresponding chemical processes: i) Catalytic reforming conversctane
naphthas into higloctane reformate, ii) hydrocracking employs hydrogen to break long
chain hydrocarbons into simpler compounds (mostly diesel and jet fuel)jijafidid
catalytic cracking transforms heavy crude oil fractions into higher value products (mostly
gasoline and light olefins). Finally, the intermediate products are blended into final
products, which are shipped through pipelines or distributed beitdankcks. The final
products must meet associated minimum and maximum quality specifications. Figure 3
shows a simplified scheme of an oil refinery plant with one CDU, one continuous
catalytic reformer (CCR), one hydrocracker (HC), one fluid catalytickera(FCC), four
different hydrotreaters (NHT, DHT, GOHT, RHT), and the gasoline and diesel blending
sections. Given the complexity of theocessesvolved and their int@onnectionsa lot

of work in the literature has been dedicated torefinery gdanning and scheduling
problems.



Ph. D. Thesi$ Pedro A.Castillo McMaster Universityi Chemical Engineering
Castillo

Ipg n-butane

l—py To gas plant alkylate
_—

nht-n reformate

sr-hn
IH ccR | HCW
HC-hn

FCC-n

|

Crude sr-kero
feed HC-kero
—*CDU| diesel

sr-ds

Y

Diesel Blending
DHT dht-ds

Y

vEo - goht-ds

GOHT HC-ds
—

g HC — ’7 FCC-lco 1

Y

FCC FCC-hco

rsd coke

Fuel O1l

rht-fo

A 4

Figure 3. Simplified scheme of an oil refinery plant

Production planning in petroleum industries started to use linear programming in the
1950s[17]. Nonlinear models have gatherswre attention since the late 1990s because
of the technological advances in nonlinear optimization solvers. The general modelling
framework for a processing unit ia refinery [18] considers i) the flowrate of each
product stream as a function of the feamhilate, the feed properties, and unit operating
conditions, and ii) the properties of each product stream as a function of the feed
properties, and unit operating conditions. Particular frameworksstorage tanks
blendersand pipelinesn a refinery systenmave been developed t¢b9, 20] Discrete

time formulations are usually employed for planning mo{§24]. The time periods in
which the planning horizon is discretized are denoted asumget periodg2, 14]
because the goal of planning models is to provide production and inventory targets for
each time period, not to exactly define the start and end times oé adgks involved to

meet those targets. Mathematical models based on engineering first principles and/or
empirical correlations, as well as artificial neural networks, have been developed for
crude distillation unitd25i 28], hydrocracking unit§29], and fluid catalytic cracking

6
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units [30i 32]. Currently, there exist a renewed interest in -ditieen modeldue to the
improvements in biglata applicationf21, 33, 34]

Current research trend is to formulate planning models that consider more upstream and
downstream operations in the supply chain (i.e., enterpiide optimization [14, 35,

36], integrate more scheduling decisig@s10, 22, 13, 37, 38]and that take into account

the uncertainty in demand, supply, and price fored88is42], while keeping the model
computationally tractable or developing efficient solution algorithailsred to model
formulaions. More recently, pinch analysis for production planning has been developed
[43i 45]. This topc is described isectionl.3.

Production scheduling in oil refineries is usually carried out by scheduling the three
refinery sections separateljl5, 46 49], but solution strategies that account for their
interdependence have recently been publisfgd 50 52]. Compared to plarng
models, scheduling models include more constraints associated witliiopa policies

and logistics These constraints often involve discrete decisions (e.g:ngjesnoff);
therefore, most refinery scheduling formulations are miréeger linear models.
Solution strategies for this type of models rely on the bramckbound methodology.
Schedulingdecisions are the following: i) To specify the number of tasks required to meet
production and inventory targets, ii) to associate those tasks to specific units, iii) to select
the appropriate operating modes of the units, and iv) to determine the sequérese

tasks that incurs in the less number of product changeovers in the tanks with low or null
demurrages (see Figure 4). Discretee and continuoume models have been
developed for refinery scheduling problefh8, 53 55].

Current research trend is to develop scheduling formulations with reduced number of
discrete variableg56, 57] that provide a tight relaxatiofb8], and that tag& into
consideration mode transitions in the processing yB8s By formulating scheduling
models of tractable size with strong relaxations, the solution of the refindey
scheduling problem can barglified and longer scheduling horizons can be considered.
Also, integration of planning and scheduling degisits an ongoing research tapic
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Figure4. Scheduling decisions: task assignment, unit assignment, selection of operating
mode, and tasgequencing

1.3. The inventory pinch approach for production planningand
scheduling

Pinch analysis was first introduced by Bodo Linhdfir i ng t hdochlaulate 1970
the minimum amount of heat and cold utilities required in a heat exchanger ng@ork

60]. The concept was quickly adapted to the general case of energy consumption
minimization and it condilites one of the first process integration technidéés 62]

The general idea is to determine the hot and cold composite curves based on the energy
available at the different temperatures present in the process network, and then identify
the point at which the two curves are separated by the minimum temperature difference
allowed ¢’Y ). The reason why the two curves should not touch is becads¥ as

tends to zero, the heat exchanger area required increases to infinity. Once thevéso cu

are separated hY'Y , the minimum external hot and cold utility requirements (or
energy targets) can be easily determined (see Figure 5). To achieve these targets, three
rules must be followed: i) heat must not be transferred acrogsntie, ii) there must be

no external cooling above the pinch, and iii) there must be no external heating below the
pinch.
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Figure 5 Pinch point in energy consumption minimization

Pinch analysigechniques have been developed for a wide range of apptis water
network synthesif63i 65], carbonconstrained energy sector plann{e], and financial
managemenc7]. Pinch analysis has beesad in production planning to8inghvi and
Shenoy[44, 43]used the demand and production composite curves to define how much
product is necessary to be produced between pinch points. In this case, pinch points are
defined as the points where the two composite curves touch (i.e., there is no minimum
separation agjvalent toY’Y ).

Castillo et al.[45] developed a different approach to use pinch analysis in production
planning. Caslio et al. [45] defined an inventory pinch point as the point where the
cumulative total demand (CDT) curve and the cumulativerage total production
(CATP) curve touch (see Figure 6). The CTD curve is constructed based on the demand
data. The CATP curve is defined by the minimum number of stréightsegments
whose initial and last points touch the CTD curve; except foritee degment, which

starts at the initial total inventory available at the beginning of the planning horizon. The
inventory pinch points delineate time periods where constant operating conditions are
likely to be feasiblg45].
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Figure 6. CTD and CATP curves, and inventory pinch points
Castillo et al[45] developed an iterative approach:

1. To optimizeoperating conditions for pinetielineated periods, and
2. To eliminate infeasibilities if they are encountered.

The inventory pinch approach is very usefulewhhe number of pinetielineated periods

is smaller than the original time discretization of the planning probl&ms
dimensionality reduction makes the problem formulation smaller, thus requiring less
computational effort to solve it to optimality. dlso produces optimal or neaptimal
solutions with operating conditions that remain constant as much as possible, which is
something desirable from an opeoatal point of view. Chapters 2, 3, an@¢d@ntain more
details on this methodology.

The inventoy pinch approach is a heuristic technique which does not guarantees globally
optimal solutions. In sectioh.4, a brief review of rigorous global optimization methods
is presented.

1.4. Deterministic global optimization techniques

Deterministic global optimization focuses on developing and improving mathematical
theories, algorithms, and computational tools in ordefirtd a global minimum of the

10
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objective functionQsubject to the set of constraifidy computing lower and uppe
bounds of the objective functiofthat are valid for the whole feasible regidhiThe goal
of deterministic global optinzation is to compute an-global optimal solution with
theoretical guarantegshere- Tirefers to the desired relative diffecenbetween the
upper and lower bounds

Consider a minimization problem. To compute lower boundgerdhinistic global
optimization algorithms relax the original nonconveanlinearproblem into either a
linear (LP), a mixednteger linear (MILP), or &onvex nonlinear program (NLP). The
relaxation can be derived using one or a combination of the following methodologies:
convex envelope68i 70], piecewise linear relaxatig [711 73], UBB underest.i
[74, 75] the reformulatiodinearization techniqu§/6], outerapproximation77, 78] by
removing integrality constraintsand other techniquesTo iteratively improve the
relaxation (i.e., make it tighter or closer to the original model), one can rely on spatial
branchandbound[71] (see Figure 7)cutting planeq79], bound tightenind80, 81]
interval elimination strategig82], andfurther partitioning in piecewise relaxatiori83].

To computeupper bounds (i.efeasible solutions information from the relaxation is
often used by single/multistart NLP strategies and other heuristic techniques.

Figure 7. Sketch of a nonconvex functiéxw (blue curve) and some possible
relaxationsQ w (red curves). By partitioning the domain of variatiehe relaxations
become closer to the original function, and the best possible solution (red dot) increases.

Bound tightening (or range reduction) techniques reduce the domain of the variables
involved in nonlinear terms. There are two main categories: Feasimdl#tgd bound
tightening (FBBT), and optimalitpased bound tightening (OBBT). FBBT is an iterative
procedure that employs the model constraints and interval arithmethply bounds on
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the variableg84]. Although FBBT is not the most effective method to reduce the bounds
of the variables, it does not require too much computational effort and it is very common
in most global optimization algorithms. On the other hand, OBBT involves gobne
minimization and one maximization problem for each varigB03. The minimization
problem yields a lower bound of the variable, and the maximization problem gives an
upper bound. These optimization problems can be solvecesgally [85] or in parallel

[86].

In a branckandbound algrithm, it has been shown that is useful to apply OBBT at each
node instead of only at the root node, in order to reduce the number of nodes to explore
and the final optimality gafB7]. Since OBBT is very effective but requires significant
computational effort, accelerating and approxioratechniques have been proposed for
OBBT in a branckandbound framework38].

A different strategy is to not use a braraidbound framework at all. In this case,
piecewise linear relaxations are employed and tivaber of partitions isncreased in
each iteratior[83, 86] By increasing the number of partitions, the relaxation becomes
tighter. However, increasing the number of partitions results in larger MILP models and
the difficulty to solve them to optimality (due to the addition of extra binary variables). In
order to tighten the relaxation and avoid a rapid increase in model size, OBBE can
applied before increasing the number of partitions. By reducing the domain of the
variables, the same number of partitions will yield a tighter relaxation. Given the large
number of variables involved in bilinear terms (and that each variable redqwoes
optimization problems), parallel implementation of OBBT is necessary to develop
efficient algorithms.

Global commercial solvers employ a variety of all the previous discussed techniques and
methodologies. BARON89] relies heavily on spatial brane@mdbound and linear
relaxations, but newer versions are moving towards a more significant use of piecewise
linear relaxations. ANTIGONKOO0] relies more on OBBT, cuttingamnes, and piecewise
linear relaxations. Currently, there is no commercial solver that will outperform the others
if using a wide variety of test examples for comparisorgeneral, dr bilinear programs,

most of the research on global optimization haanbdone on formulatingghter MINLP

model formulationsimproving piecewise relaxation techniqyeand novel algorithmic
developments Applications of global optimization methods to refinery planning are
described in Chaptesand 7
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1.5. Objectivesof the thesis

The focus of this thesis is the development of efficient algorithms to solve planning and
scheduling problemghat can be formaked as mixeahteger nonlinear programs, with
nonlinearities strictly due to bilinear and/or quadratic terms. More specifically:

1. The generalization of the inventory pinch decomposition method to scheduling
problems and

2. The development of a determinisgjlobal optimization methodased on dynamic
partitioning of piecewise linear relaxations and optimab&ged bound tightening

Thus, this thesis work explores both heuristic and rigorous optimization approaches, their
particular advantages and disadvaesg@nd how can they complement each other.

1.6. Thesis Outline

Chapter 1: IntroductionThis chapter summarizehe literature reviewand the
fundamental principles related to this projdtialso includeshe research objectives and
the thesis outline

Ch a pt enventdry Pingh Based, Multiscale Models for Integrated Planning
and SchedulingPart I: Gasoline Blend Planning This chapter presentsiore details
about the inventory pinch concept for prodoect planning, and it describes the
multiperiod inventory pinch (MPIP) algorithm for blend planning problems. MPIP is a
heuristic technique that decomposes the planning problem into two levelsS Tenaell
optimizes blend recipes, and thé@YJevel computs blend plan. Both levels are
formulated using discretiéme representatiolhis work has been published in tREChE
Journal

Ch apt envent8ry Pinth Based, Multiscale Models for Integrated Planning
and SchedulingPart 1l: Gasoline BlendScheduhgo. This chapterdescribes the MPIP
algorithm for blend scheduling problems. For this type of problems, MPIP employs a
three level decomposition. Th& and 29levels are constructed as in Chag@ewhile the
3 level is a multiperiod MILP model with fed blend recipes. All three levels are
formulated using discretigme representatiohis work has been published in tREChE
Journal

Chapter 4: i -Based dviultiScateyModelifan Rdiinery Production
P 1 a n nln thig ohapterthe MPIP algorithm from Chapter 2 is applied to a refinery
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planning problemIn this example, He inventory pinch points are defined for each
blending pool, e.g., gasoline and diesel.

Chapter5: Almproved Continuou3ime Model for Gasoline Blen8cheduling.
This chapterpresentsa continuoudime blend scheduling modehat includes more
operational constraints thameviousy published modebut it requires smaller number of
binary variablesThis work has been published in tBemputers & Chernal Journal

Chapter 6: filnventory Pinch Gasoline Blend Scheduling Algorithm Combining
Discrete and Continuous'ime Models. This chapteintroducesthe MPIRC algorithm
which is an improved version of the MPIP method. By employingctirginuoustime
blend scheduling model from ChapterMPIP-C requires smaller execution times than
MPIP and computes better solutions (less switching operatidhg) work has been
published in theComputers & Chemicalournal

Chapter 7 iGlobal Optimization Algorithm for Larg8cale Refinery Planning
Models with Bilinear Ternts. This chapter describes the deterministic global
optimization algorithm designed for mix@ateger bilinear prgrams. This algorithm
computes estimates of the global solution by solving MILP relaxations of the original
model derived using either Piecewise McCormick or Normalized Multiparametric
Disaggregation. The estimates of the global solution are refined t®asiog the number
of partitions and reducing the domain of the variables involved in bilinear téimss.
work has been published in thedustrial & Engineering Chemistry Researdburnal

Chapter8: fiGlobal Optimization of Nonlinear Bler8cheduling Prblem® This
chapter presents the results obtained for nonlinear {sleimelduling problems using both
MPIP-C and the global optimization algorithm from ChapterThis work has been
published in thé&engineeringournal

Chapter 9: fGlobal Optimization of MIQCPs with Dynamic Piecewise
Relaxations .This chapter describes an enhanced version of the algorithm presented in
Chapter7. This global optimization algorithm aims to reduce as much as possible the
domain of the variables involved in bilinear terms ising optimalitybased bound
tightening more extensively. The algorithm also increases or decreases the number of
partitions depending on the last iteration execution time, optimality gap improvement,
and average domain reduction. The algorithm switchas fpiecewise McCormick to
Normalized Multiparametric Disaggregation when the number of partitiogseaer or
equal to10. This work has been published in theurnal of Global Optimization

Chapter10: Concluding RemarksThe final chapter explores magonclusions,
major contributions and future wof@r this research project
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10.

Appendix A, B, and :GSupporting information for Chapters 290
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Chapter 2: Inventory Pinch Based, Multiscale Models for Integrated
Planning and SchedulingPart I: Gasoline Blend Planning

This chapter has been published in A€ hE Journal Complete dation:

Castillo Castillo, P. A., & Mahalec, V. (2014)nventory pinch based, multiscale models

for integrated pl @inGasoiing blenclghn s gWCHE Journaln g
60(6), 2158 2178 Wiley Online Library doi: 10.1002/aid.4423

Permission from @American Institute of Chemical Engineers

23



Ph. D. Thesi$ Pedro A.Castillo McMaster Universityi Chemical Engineering
Castillo

In Chapter 2the inventory pinch concept for production planning is revisited and the
multiperiod inventory pinch (MPIP) algoriti is introduced foblend planning problems.
MPIP relies on a two level decompositioh the original problemAt the ' level, the

blend recipes are determined by solving a multiperiod NLP model with periods delineated
by inventory pinch pointsThe 2 level is a multiperiod MILP model (with original
number of periods defined by the planner) with fixed blend recipes. Both levels are
formulated using discretitme representation. One of the key features of the MPIP
approach is that produces solutions with lesmsations in blend recipes.

The MPIP for blend planning is the base for the MPIP algorithm for blend scheduling
presented in Chapter 3.

24



AIChE

Inventory Pinch Based, Multiscale Models for Integrated
Planning and Scheduling-Part I: Gasoline Blend Planning

Pedro A. Castillo Castillo and Vladimir Mahalec
Dept. of Chemical Engineering, McMaster University, Hamilton, ON, Canada L.8S 418

DOI 10.1002/aic. 14423
Published online March 7, 2014 in Wiley Online Library (wileyonlinelibrary.com)

A rtwo-level algorithm to compute blend plans that have much smaller number of different recipes, much shorter execution
times, and the same cost as the corresponding multiperiod mixed-integer nonlinear programming is infroduced. These
plans become a starting point for computation of approximate schedules, which minimize fotal number of switches in blen-
ders and swing tanks. The algorithm uses inventory pinch points to delineate fime periods where optimal blend recipes
are likely constant. At the first level, nonlinear blend models are optimized via nonlinear programming. The second level
uses fixed recipes (from the first level) in a mudtiperiod mixed-integer linear programming to determine optimal production
plan followed by an approximate schedule. Approximate schedules computed by the multiperiod inventory pinch algorithm
in most of the case studies are slightly better than those computed by global optimizers (ANTIGONE, GloMIQQ) while
requiring significantly shorter execution times. Such schedules provide constraints for subsequent detailed scheduling in
Part II. © 2014 American Institute of Chemical Engineers AIChE J, 60: 2158-2178, 2014

Keywords: gasoline blend planning, inventory pinch, recipe optimization, minimum number of recipes, multiscale plan-
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Introduction has a major impact on profitability of crude-oil refineries.> A
sample gasoline blending system is shown in Figure 2. Accu-
rate optimization of gasoline blends requires nonlinear mod-
els. Nonlinearities may appear in the blending model due to
(1) nonlinear blending properties, (2) inclusion of the qualities
of future product inventory in the multiperiod medel, and (3)
other attributes of the pooling problem. Kelly4 pointed out
that formulation of planning models with nonlinearities is
becoming more spread in practice due to: (1) recent complex
government regulations, {2) raw materials being more expen-
sive and of poorer quality, (3) new and more sophisticated
production processes, and {(4) higher energy, chemical, and
utility costs.

One approach to gasoline blending is to compute blend
recipes and detailed blend schedules simultaneously via con-
tinuous time model.”® Due to complexity of the mixed inte-
ger formulation, such approaches have been limited to using
linear blending models. Even with linear medels, this
approach often leads to very large computational times.
Another approach is to decompose the problem into planning
and scheduling. Gasoline blend planning determines the
ratios of blend components to be used to produce specific
products (i.e., the blend recipes) and the volume to blend of
each product along the planning horizon in order to meet
product quality specifications, product demand requirements,
and minimum blend cost. This has the advantage that nonlin-
ear models can be used at the planning, as integer variables
appear only with the minimum blend threshold censtraint.
Additional Supporting Information may be found in the online version of this As blend plans are feasible at the time period boundaries,

article. p . . p
Correspondence concerning this article should be addressed to V. Mahalec at the consiraints they pr0v1de for detailed blend schedulmg

A supply chain is a system of all the activities required to
produce and distribute a product starting from raw materials
to the final product delivery to the end customer. Supply
chain optimization involves making decisions at different
temporal, spatial, and process scales (see Figure 1). Strategic
planning determines decisions such as supplier selection,
plant location, production system selection, distribution
structure, and sales programs. Medium-term planning
defines, in a weekly or monthly basis, the production targets
of each plant site, the necessary stock levels of the invento-
ries at various locations, and how much of each product is
going to be transported from each plant to each warehouse
or storage depot. Short-term planning is similar to medium-
term planning but it is carried out for a shorter time horizon
with smaller time scale (e.g., daily basis). Short-term produc-
tion planning is usually called production scheduling and it
deals with the assignment and sequencing of tasks for spe-
cific production units. Integration of these different decision
levels is one of the main issues in the petroleum supply
chain management due to the large physical supply network
and the complex operations in an eil refinery.

The refinery is the main element of the petroleum supply
chain. The final section of a crude-oil refinery consists of the
blending units to produce the final liquid products and ship-
ping operations. Minimization of the gasoline blending costs

mahalec@memaster.ca. may be intraperiod infeasible. Hence, integration of planning
© 2014 American Institute of Chemical Engineers and scheduling is required to ensure feasibility.
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Figure 1. General scheme of hierarchical production planning with respect to (a) spatial scale and (b} time scale.

One problem that practitioners face when using nonlinear,
multiperiod blend planning models is the blend recipe varia-
tions from one time period to another along the planning
horizon, at the solution of the optimization model. In gen-
eral, blend recipes vary for every blend instance and every
time period, and they differ as well from one solver to
another (even though the value of the economic objective
function of the solutions is the same). Current practice is to
avoid such variations by penalizing deviations of blend rec-
ipes in every period from some preferred blend recipe (e.g.,
Mendez et al.”). The disadvantage of this technique is that
the final blend recipe and the cost will depend on the value
given to the penalty coefficients. Another option is to use a
set of preferred blend recipes (e.g.. Jia and Ierapetritou?);
however, such blends may not be the lowest cost blends.

This work presents an inventory pinch based, two-level
algorithm to solve two problems:

1. Compute a blend plan based on a nonlinear blend
model, such that the plan has a minimum number of optimal
blend recipes along the planning horizon, and

2. Integrate nonlinear blending with approximate scheduling.

At the first level, we use the inventory pinch cencept to
determine minimal number of perieds, each one of them
having a single blend recipe for each grade of gasoline. The
inventory pinch peints delineate the initial time periods in a
nonlinear programming (NLP) model used to compute these
optimal blend recipes. At the second level, we use these
optimal blend recipes from the first level to formulate a
fixed-recipe multiperiod mixed-integer linear programming
(MILP) to compute:

1. Blend plan: how much of each grade to produce and
when to produce it, and when to change swing tanks from
service to another. This model provides feasible inventory
prefiles at the second level period boundaries.

2. Approximate schedule: determine the production
sequence that minimizes blender switches and switches of
the swing tanks from one service to another along the plan-
ning horizon. Period boundaries at the second level are typi-
cally 1/2 day or 1 day leng; that duration is set based on the
minimum time a swing tank is expected to be in a given
service. We call this an approximate schedule because it is
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computed by an aggregated model, which does not consider
minimum changeover times and other logistic rules that may
be in place. This is similar to the definition of approximate
scheduling model used by Maravelias and Sung.8

The second level MILP model contains slack variables to
obtain a numerical solution even if it is not physically feasi-
ble. If the second level MILP slack variables have non-zero
values, we subdivide the corresponding period at the first
level NLP model, recompute the blend recipes and then
recompute the second level. Hence, we increase number of
recipes only when such a change is required to ensure opti-
mality and feasibility of the solution.

For blend planning problems, we compare our solutions to
the corresponding full-space mixed-integer nonlinear pro-
gramming (MINLP) model. The results show that the blend
costs computed by the full-space MINLP and our algorithm
are the same. Our solutions have substantially smaller num-
ber of distinct blend recipes and also require much shorter

Blenders Product Tanks

Component Tanks

From upstream Separation and Process Units
To Shipping/Lifting Ports

Figure 2. Sample gasoline blending system.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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execution times. Approximate schedules computed by our
algorithm define constraints for detailed scheduling. Part 11
of this article integrates planning and detailed scheduling by
introducing a third decompesition level, which computes
detailed schedule.

Problem Statement
Blend planning

In this work, we address the gasoline blend planning prob-
lem stated as follows:
Given.

1. A planning horizen [0, H].
2. A set of components, their properties, initial inventories,
costs, and flow rates along the planning horizon {i.e., supply
prefile).
3. A set of products (i.e., gasoline grades) with prescribed
minimum and maximum quality specifications, their initial
inventories, and corresponding initial quality.
4. A set of delivery orders for each product along the plan-
ning horizon (i.e., demand profile).
5. The maximum blending capacity of each blender.
6. A set of storage tanks and their minimum and maximum
held ups.
7. Nounlinear blending model.

The Objective is to Determine.

1. The products that the blenders should produce in each
time period and how much.
2. The best blend recipes for each product.
3. The inventory profiles of all the compenent and product
tanks.
4. Swing tanks allocation in each time period.

Minimizing.
1. The blend cost associated with the amount of blend com-
ponents used.

Subject to.

1. Extending the use of the same blend recipe as long as
possible.
2. If a blender is to produce a product, it must blend at least
a minimum amount.

Assuming.

1. Flow rate profile of each compenent from the upstream
process is piecewise constant.

2. Component quality profile is piecewise constant.

3. Perfect mixing occurs in the blender.

4. Changeover times between product runs on the blender
are product dependent but sequence independent.

5. Each order involves only one product and is completed
during the respective time delivery window (otherwise, the
preblem is considered infeasible).

6. Swing tanks are allocated to a particular service through-
out duration on a given period at the second level of the
algorithm.

Approximate blend scheduling

Blend planning problem is extended to approximate blend
scheduling by:

Minimizing.
1. The blend cost associated with the amount of blend com-
penents used plus the cost of switching blender operations
plus the cost of switching swing tanks to different service.

DOT 10.1002/aic
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Global petroleum supply
chain

1% level:
Blend recipe optimization

2" level:
Blend plan optimization and
approximate scheduling

| Refinery planning |
| Gasoline blend planning ]

Scheduling of gasoline
blending operations

Scope of this
work

Figure 3. Proposed decomposition of the gascline
blend planning problem.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]

Solution Approach

Although production planning optimization of the global
supply chain of an enterprise can be carried out by a single
MILP and MINLP model, a hierarchical framework is pre-
ferred because: (1) it solves more tractable and smaller-size
models and (2) it does not require large amount of forecast
data, thus reducing the magnitude of the forecast errors in
the planning process.” In a hierarchical planning system,
decisions at the upper levels are made first and they impose
constraints on the decisions at the lower levels. Lower lev-
els’ solutions provide feedback to evaluate the upper levels’
decisions. Fach hierarchical level has its own characteristics,
including length of the planning horizon, level of detail of
the required information and forecasts (see Figure 1), and
scope of the planning alctivi‘fy9

In this work, we solve the gasoline blend planning prob-
lem using the hierarchical framework shown in Figure 3.
The first level computes the optimal blend recipes and the
second level computes how much of a given product and
when it should be blended using the recipes from the first
level. We assume that the flow rates of the refinery interme-
diate products arriving to the blending system (i.e., blend
compoenents) are given by the solution of the refinery plan-
ning level; therefore, the inventory cost need not to be
included in the gasoline blend planning model as the refinery
will carry the inventories as either blend components or as
finished gasoline grades.

Aggregale planning

To reduce the disadvantages of a detailed formulation
(e.g., large execution times, intractable models, large effect
of the forecast errors and so forth), models at the upper lev-
els are usually aggregated formulations of the lower levels.”
The adjective “aggregated” indicates that (1) some resources
or tasks have been grouped into corresponding families and/
or {2) the availability of the resources in one time interval is
the cumulative amount available during that interval. Several
aggregation/disaggregation techniques for production plan-
ning have been discussed in the literature. Nam and Logen-
dran'® presented a survey of methodalogies to formulate and
solve aggregate production planning problems.

Bitran and Hax” proposed a hierarchical planning model
of a multiproduct batch plant. Feedback and interactions
among the hierarchical levels are carried out by incorporat-
ing conditions not included initially in the models.

Axsater and Jonsson'? presented a planning model for a
manufacturing company where items and machines are

June 2014 Vol. 60, No. 6 AIChE Journal



grouped according to the ratio between capacity require-
ments and available capacity, or according to the flows of
items. Disaggregation is carried out by simulation using two
different heuristic procedures.

Verderame and Floudas'® proposed a multiperiod MILP
planning model of a multisite production and distribution
network. The model computes the daily production profile
for each facility and the shipment profiles from the facilities
to the distribution centers. Key assumptions in their model
are: (1) sequencing constraints are not included (ie., the
solution of the planning model will be used as a basis to
compute the detailed schedule), (2) more than one task can
be executed by the same unit in the same facility and the
same time period, and (3) unused time of the production
units is transferred to future time periods. Therefore, the
time periods, even as small as cne day, can be considered as
aggregated periods. Assumption (1) reduces the number of
discrete variables, and Assumptions {(2) and (3) eliminate
unnecessary downtime of the processing units due to finite
discretization of the time horizon. Comparison with the Kall-
rath planning model for multisite production (Timpe and
Kallrath'®) shows that Verderame and Floudas' model
yields a tighter upper bound on the true production capacity.

Thakral and Mahalec' developed an algorithm that opti-
mizes blend recipes using a multiperiod MINLP planning
model, minimizes blender switches through the use of a
genetic algorithm, and detects infeasibilities via agent-based
simulation. The time periods of the MINLP model are con-
sidered as aggregated as the same resources {e.g., blenders)
are shared for different tasks (e.g., blends of different prod-
ucts) in the same time period; therefore, intraperiod infeasi-
bilities may appear. If an infeasibility is encountered, the
corresponding period is subdivided and the blend recipes are
recomputed. The iterative algorithm stops when no infeasi-
bilities appear.

Pinch analysis was used in aggregate production planning
by Singhvi and Shenoy15 They presented the demand and
production composite {cumulative) curves, as well as a grand
composite curve that showed the inventory levels as a func-
tion of time. They define the pinch as the point where the
production composite touches the demand composite. They
considered only one product and their main objective was to
determine the production targets along the planning horizon
from the pinch analysis, and then use these targets to solve a
MILP model that minimizes the material, inventory, and
labor costs, subject to material balance equations and pro-
duction capacity constraints. The inventory levels are penal-
ized in the objective function but no inventory capacity
constraints are included. This methodology aims to provide
at least a near-optimal solution. Singhvi et al.'® extended the
pinch analysis to the scenario with multiple products and
presented an algorithm to determine the production sequence
based on some heuristic rules and assuming that the demand
must be met only at the end of the herizen. Ludwig et al.l”
applied the pinch analysis of Singhvi and Shenoy'’ to a pro-
cess with seasonal supply. The composite supply curve is
constructed similarly to the compeosite demand curve and the
composite production curve must not cross either curve to
avoid supply shortages or preduct stock-outs, respectively.

Foo et al.'® implemented the graphical pinch methedology
from Singhvi and Shenoy' into an algebraic technique
which can be easily programmed into a spreadsheet. They
include minimum and maximum product inventory con-
straints and the capability of scheduling a plant shut down.

AIChE Journal June 2014 Vol. 60, No. 6

Published on behalf of the AIChE

28

However, their algorithm considers only one product. They
peointed out that further improvements of this technique were
required to handle more complex supply chain planning
problems; they expressed a belief that pinch analysis may
provide a deeper analysis of the physical problem. They
viewed the pinch point as an indicator of the time within a
planning horizen when more accurate forecast data were
needed because the pinch point represented the scheduling
bottleneck.

Castillo et al.'? defined the inventory pinch point for the
gasoline blend planning problem in a similar manner to
Singhvi and Shenoy,”” but they utilized it to define the
aggregated time intervals where one single blend recipe per
product was likely to be used without incurring an infeasible
operation. In addition, Castillo et al'® included in their
model: nonlinear product quality constraints, blending equa-
tions, availability of raw materials, time delivery windows,
and capacity loss due to product switching in the blenders.

Inventory pinch concept

In this work, we use an aggregation/disaggregation
approach based on mventory pinch points in order to (1)
reduce execution times when compared with full-space
MINLP model and (2) reduce the number of different blend
recipes. A brief review of the inventory pinch concept is pre-
sented next; a more detailed explanation is found in Castillo
et al.'”®. To explain the inventory pinch concept, we define
the cumulative total demand {CTD) curve and the cumula-
tive average total production (CATP) curve. The CTD curve
is constructed by adding the cumulative demands of all prod-
ucts over time. The CATP curve consists of straight line seg-
ments, its starting point at time zero is the initial total
product inventory available to deliver (i.e., the sum of all
initial product inventories minus the minimum hold ups of
the tanks), denoted as V(0), and its final point at the end of
the planning horizon corresponds to that of the CTD curve
plus the final aggregated target inventories. The slope of
each segment of the CATP curve must be equal or greater
than zero and less than the maximum aggregated blending
capacity {le., all blenders are aggregated as one single
blending umit). The slope of the CATP curve can only
change if the CATP is touching the CTD curve. CATP curve
has the minimum number of segments required to remain
above the CTD curve within the planning horizon. The
inventory pinch points are defined as the peints in time
where the CATP curve changes its slope. Figure 4 shows
examples of this concept and the grand composite curve
which is computed as the difference between the cumulative
total production (CTP) curve and the CTD curve. The inven-
tory pinch points delimit the smallest number of time inter-
vals were a constant blend recipe is likely to lead to a
feasible blend plan; that is, no inventory infeasibilities
appear when disaggregating the first level decisions at the
second level. An inventory infeasibility is defined as the
missing volume to fulfill certain demand order or the over-
flow (or runout) that occurs in a storage tank.

Outline of the algoerithm

At the first level, the boundaries of the time periods are
delimited by the inventory pinch points, or by the times
when the quality values of the blend components change,
and the times when the unit cost of blend components or
products vary. At the second level, the boundaries of the
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Figure 4. Inventory pinch point examples {a) on the cumulative curves and {b) on the composite curve.
[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

time periods are defined by the planner based on operational
conditions, for example, the minimum time a storage tank
will be holding a specific product or the minimum time that
a blending unit will require to produce the minimum thresh-
old amount. In addition, boundaries of the first level also
become period boundaries at the second level. Notice that
the length of the time periods at either level dees not need
to be uniform. For sake of expesition, the time periods of
the first level are denoted as L1-periods and those of the sec-
ond level as L2-periods. One Ll-period contains one or
more L2-periods; therefore, the product demand, blend com-
penent supply, and blend capacity in a Ll-period are the
aggregated values of the corresponding L2-periods (see
Figure 3).

The inventory pinch points delineate the time periods of
constant blend recipes that do not produce inventory infeasi-
bilities due to peaks in demand because these peaks are
already considered in the computation of blend recipes.
However, other inventory infeasibilities can appear due to

the logistic constraints such as minimum blend runs, specific
preduction sequences, or due to highly variable supply pro-
files of blend components. As these infeasibilities cannot be
detected in advance, they will be accounted for in an itera-
tive manner that refines the blend recipes if inventory infea-
sibilities are encountered. FHence, the inventory pinch
concept allows us to start with the smallest number of time
periods at the first level and increase that number only if
required to eliminate inventory infeasibilities. It also pro-
vides the minimum production quantities to meet the demand
of each product by solving a simple material balance for
each time period delimited by pinch points: (aggregated pro-
duction) = (aggregated demand) + (final inventory) — (initial
inventory).

Although we consider only one storage tank per blend
component, we assume that there are tanks that may store
different gasoline grades at different times in the planning
horizon, that is, swing tanks. At the first level, individual
product tanks are aggregated into a single inventory capacity,

1% level
Blend Recipe Optimization

nonlinear quality constraints.

unit.

(1) Optimal blend recipes are computed using

(2) Individual tank capacities are aggregated as pools.
(3) Blenders are aggregated as one single blending

Time grids

Inventory pinch points, quality
changes of blend components,
and unit cost variations

L1-periods

(1) Blend recipes.
(2) Inventory levels at the L1-periods’
boundaries.

(1) Where to subdivide L1-periods.
(2) How much to blend in each L1-period.

2" |evel

tanks to specific products).

Blend Planning and Approximate Scheduling
(1) Production plan for each blender is computed. !
(2) Storage tank management (i.e. allocation of swing TN O T Y S |

L2-periods

Figure 5. Inventory pinch based algorithm for gasoline blend planning and approximate scheduling.
[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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that is, a product peol; then at the second level, these pools
are disaggregated into individual storage tanks.

Mathematical Models

The models presented here are developed based on the
gasoline blend planning problem; however, they can be used
for similar processes with few modifications. The following
sets are used:

A = {(o) | set of different supply flow rafes of blend components)

Bl = {(bl) | sat of blenders}

E = {(e) | set of quality properties}

I= {(f)l set of blend components}
J = {{) | set of product storage tanks}
= {(k) | set of time periods at the first level or L1-periods}
M = {(m) | set of time periods at the second level or L2-periods)
O = {(9) | set of orders}
{(p) | set of products}
{(®L, /) | blender bl can feed tank j}
{(bl, p) | blender bl can process product p}
JP = {(j, p) | tank j can hold product p)
KA = {(k, ) | blend component supply profile « occurs within L1-
period k)
MA = {(m, o) | blend component supply profile @ occurs within 1.2-
period m)
MK = {(m, k) | L2-periods contained in each L1-period}
MKEF = {(m, k) | last L2-period of each L1-period}

P
BI
BP

First level—Blend recipe optimization

The cbjective of the first level is to determine the volume
fractions (i.e., blend recipes) to mix different blend compo-
nents available at the refinery in such a way that the final
preducts meet the demand and quality specifications and the
blend cost is the minimum possible. The values of the prod-
uct demand, blend cemponent supply, and blend capacity are
aggregated values for each of the L1-periods. At this level,
product storage tanks are aggregated into product pools. The
objective function defined by Eq. 1 minimizes the blend cost
and the inventory infeasibilities. The penalty coefficients for
the product slacks variables are much greater than the pen-
alty ccefficients for the component slacks variables (ie.,
Penaltypociry > Penaltyyc1y). The blend cost is given by
Eq. 2. Slack variables will be zero at the optimal solution
(i.e., penalty coefficients will not affect the final blend cost);
if slack variables have non-zero values, then the problem is
infeasible as there are not enough blend components to blend
products as required by the quality specifications or demand
requirements.

Since the inventories will be at the minimum level
allowed at the end of each Ll-period (because the CATP
curve touches the CTD curve), the inventory cest need not
to be included in the objective function of the first level

minZy ; =Blend Costy
k | 2 Penalty e 1, - (S;QLl(iﬂ k) +Sl;c,Ll(i7 k))
> . ]
e EPEP Penalty pooy 11 - (Spm,m {p.k) +8p0o1 11 2 k))
1)

K

Z ( Z COStbC (l) . Vcomp,Ll (i,p, k)) (2)
icl peP

k=1

Blend Cost 1=

The volume balance equations and inventory constraints
for component and product tanks for every period k are
given by Egs. 3-6
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acKA
Voo 1 (k=1 =Voea (i, k)‘Z
o)
Veompr1(i, p, k)80, 11 (1 k) =Sy 11 (1, £)=0

Vi, k> 1
Vitend 11 (2, K} Voo 11 (0, k= 1) = Voo 1(p, k)
—Demand pot 1 (p, ) S i (o k) —

pool,Ll (p k)=0 @
vp, k> 1
Ve () < Veerali k) < VPR (i) Vi k (5
s (P} < Vopooira(po k) < Vit (p) - W,k (6)

In Eq. 3, o stands for a specific supply profile of blend
components. Parameter #,.r1(c.k) defines the aggregate dura-
tion of the time intervals when supply profile o occurs dur-
ing period k. Notice that the sum of the durations of these
time intervals must be equal to the length of period &

Z tbc,Ll (Cl, ]C)=!‘L1 (k)

acKA

Therefore, the first term in Eq. 3 represents the aggregated
availability of blend component i in period k. Equations 7
and 8 specify the initial inventories of the component tanks
and product peols, respectively

VoeL1 (1, k=03 =Ve™ (i} Vi (7)
Veou1 (0 A =0)=Voeii (1) ¥p (8)
Equations 9 and 10 are used to determine the blend rec-

ipes. Equation 11 sets the minimum and maximum compeosi-
tions of each product

Vcomp,Ll (iapa k):r(i,p,k) ’ Vblend,Ll(Pak) W“Ua k 2 1 (9)
D rlip =1 ¥pk 21 (10)

ief
B hp) <rlip k) <M Lp) Vipk>1 (11
Equations 12a and 12b are the linear quality constraints,

that is, the quality property e is assumed to blend linearly in
a volumetric basis

> Veampra(iop, k) - Ove (i, 0, 1)

i

<O (pie)  Vienana (p k) Ve, pk > 1 (12a)
Zvcomp,l,l (tapyk) ’ ch (l: euk)
iel

> 00" (el Vienara(p, k) Vepk > 1 (12b)

Equations 13 and 14 are the nonlinear quality constraints;
they are expressed as a function of the blend recipe and the
qualities of blend components

0, (b, e, Ky=f(r(i.p, k), Ore (i, 6. k)) Vepk>1  (13)
onn (p,e) < O, (presk) < 00 (pe) Yepk>1 (14)

The only nonlinear quality constraint in our case studies is
Eq. 15, which computes the Reid vapor pressure {RVP)
(Sing et al.%)
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0.8
Qpr(Psg7k)= Zr(i’P’k) : QhC(iie’k)LzS ve:RVPsP: k=1
icl

(15)

Equations 1-15 complete the NLP model for the first
level. In the first iteration of the algorithm, the volumes to
be blended in each Ll-period are the minimum amount
required to fulfill the demand. This provides a lower bound
of the global blend cost.

It is important to note that discrete variables are not
required at the first level to cbserve minimum blend size
thresholds and maximum blenders’ capacities. The volumes
to be blended are adjusted if needed before solving the first
level model (see Algorithm Steps).

Second level—Blend plan optimization and
approximate blend schedule optimization

The blend plan defines {1) how much to blend of each
product and in which blender in each L2-period; (2) alloca-
tion of swing tanks to specific products in each L.2-period;
and (3) the inventory profiles of all storage tanks along the
planning horizen.

The second level uses the optimal blend recipes from the
first level: the blend recipes of each L1-period are fixed in
the corresponding L2-periods. The aggregated decisions of
the first level are now disaggregated at the second level.
This disaggregation step uses a MILP model to set con-
straints such as the minimum blend size threshold, and
others that require discrete variables. The second level is
solved first as a blend planning problem. This enables rapid
computation of an optimal blend plan which is feasible with
respect to the component and product availabilities and
inventories. Once an optimal blend plan is known, schedul-
ing of blenders and swing tankage is carried out {(approxi-
mate scheduling).

Blend Planning—Objective Function at the Second Level.
The objective function of the second level, Eq. 16, mini-
mizes the blend cost and the inventory slack variables.
Inventory slack variables will be zero at the solution of the
second level if a feasible operation can be obtained using the
blend recipes computed at the first level. If this is not the
case, the inventery slacks will show which specific products
and in which L.2-periods cannot be produced in the amounts
required to meet the demand. To ensure this, two things are
required:

1. Penalty coefficients for the products’ inventory slack
variables are smaller in comparison with the penalty for the
components’ inventory slacks (i.e., Penalty,.1; >> Penal-
tyPr,LZ(m) v m)

2. The penalty coefficients for the product inventory
slacks decrease with time (ie., Penaltyp,1a(m)>
Penaltypr120m + 1) ¥V m) to move the inventory infeasibil-
ities as late as possible in the planning horizon, thus max-
imizing the use of a given blend recipe. The penalty
coefficients must decrease as fast as possible and after
each Ll-period boundary a significant change must take
place.

If the solution of the MILP has inventory infeasibil-
ities, it signifies that compomnent supply or blender con-
straints are such that the recipes computed at the first
level are not feasible within a L1l-period. The algorithm
will subdivide such L1-periods and reoptimize the blend
recipes
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M
min 75 =Blend Cost 5+ Z
1

S Penalty vor () - (51,6} #8515 m))
+ EpeP Penalty pool,L2 (m) ) (S;ool,LZ (pv m) +Sp_001,L2 (pv m))

+ Ejg Penalty 2 (m} - (S;;J_Z(j,m)JrSl;:Lz(j,m))
(16)

Equation 17 computes the blend cost

M
BlendCostuE( Z ZCosthc(i)»me(i,p,bl,m))
(

m—1 bl,p)EBP iEF

17

Approximate Scheduling—OQbjective Function at the Sec-
ond Level. After the blend recipes of the first level have
been proven to generate a feasible blend plan, then, the
approximate scheduling is solved. The scheduling objective
function at the second level (Eq. 18) minimizes the number
of possible preduct transitions in the blenders (xer,(blg))
and in the product storage tanks (uers(jm)), as well as the
number of blend instances {xy,(pblm)). Binary variable
xp2{p,blym) defines a blend instance; that is, it determines if
product p is going to be produced in blender bl during
period s if its value is 1. Blend instances are penalized
because a solution at the second level can suggest to blend
the same product in the same blender for several adjacent
L2-periods, thus not incurring in a penalty for product
changeover in the blender; however, long blend runs are
inefficient if the blender is net working close to full
capacity. Therefore, it is better to have the minimum blend
instances, and then reduce the expected number of product
changeovers {i.e., PenaltyBR;,(bl) >> PenaltyBS;,, for all
bl). Because the inventory slacks are zero at the blend plan-
ning solution, we know that the blend recipes and inventory
targets from the first level selution can yield a feasible blend
plan; then, if those are fixed at the second level, the blend
cost need not to be included in Eq. 18

R M Z(m epp PenaltyBR L2(bl} - x2(p, bl, )
minZ3 = N
m=1 | + ZjEJ PenaltyTS L2 (f) - ver2(f, m)

G
+ Z ( Z PenaltyBS 12 - xep2(bl, 8)) (18)
#=1 \bleBl

Thus, the total cost at the second level is given by
Zia=Z5 + ZF | Given the assumption that the flow rates
of blend compenents are given by the solution of the refinery
planning level, the inventory cost need not to be included in
the gasoline blend planning level as the refinery will carry
the total inventories as either blend components or as fin-
ished gasoline grades.

Constraints at the Second lLevel The volume balance

equations for blend component tanks for every L2-period are
given by Eq. 19
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Z Fbc (i,a} . [bc,Lz(ﬂjm)‘FVbcyLz(l‘]n’I* 1)
acMA

Vo2 (i, m)— Z VeompL2(i, p, bl , 1)
(bl 7] 2BP

(19)

8125 m) =Sy m}=0
Vim>1

Once again, o stands for a specific supply profile of blend
components. Parameter fy.po{or,m) defines the aggregate
duration of the time intervals when supply profile o occurs
during period m. Notice that the sum of the durations of
these time intervals within a L2-period, must be equal to the
length of such L2-period

Z [bc,LZ (a, m) =f12 (m)

aEMA

Similarly to Eq. 3, the first term in Eq. 18 represents the
aggregated availability of blend component i in period m. In
our case studies, there is only one interval o in each L2-
period m.

Equation 20 fixes the blend recipe in its corresponding
L2-periods. Note that r(i,p,k) is a parameter and not a vari-
able at the second level

Vcomp,LZ(i7Pa bl,m):r(i,p,k)
VienaL2(p,bl,m} Vi, {p, bl}

€BP, (m, k) €MK )

Equation 21 establishes that a blender may only blend a
certain number of products during a L2-period. x1,(p,bl,m) is
a binary variable with value of 1 if product p is blended in
bl during period m, and 0 otherwise

> x1a(p, bl m} < np (bl jvbl,m > 1
pEBP

(1)

Maximum blender capacity is enforced by Eq. 22.
Because every product transition in the blender involves an
idle time (due to sensor recalibration, equipment start-up, or
other reasons), part of the blend capacity is lost. We assume
that the blend capacity loss is equal to the product of the
maximum blending capacity and the minimum idle time
required by a blender to process product p

3 pcnp Viend:.2(p, bl m) +FH (b1)
’ EPEBP (it ﬁj;.d (p,bl) - xL2(p, b, m))
< Fijenq (b1} - 112 (m}

¥bl,m > 1

(22

A blend run of a particular product must be less than or
equal to the volume that the blender can process at maxi-
mum blending capacity in period m (Eq. 23), and greater
than a threshold amount prespecified by the plamner (Eq.
24). A blend run of any product must be greater than the
volume that a blender can process at minimum blending rate
in period m (Eq. 25)

Vble“d=LZ(p1 bl ’ m) < Fﬁ:ﬁd (bl) b (m)
~xpaip,blm) ¥(p,bl} € BP, m>1

Vitend2(p, bl, 51) > VMIN 14 (p, bl
“xa(p,bl,m) V(p,bl} € BP, m>1

(23)

(24
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Viend,L2{p, b1, m} > Pl (bl) - g (b1)

25
xa(p,bl,m) Vip,bl) EBP, m>1 @3)

Equations 22-25 are not enough to guarantee feasibility.
The running times of each blend must be estimated and their
sum plus the idle time must be equal to or less than the
duration of the corresponding L2-period m. Equation 26 con-
straints the rumning time of a blend to be equal or greater
than the minimum running time. Equations 27 and 28 set the
lower and upper limits of a running time of a blend, respec-
tively. Equation 29 enferces that the sum of the running
times, plus product changeover times, is equal to or less than
the L2-period duration

Iblend,Lz(pibLm) = f;ﬁl:md (bl) - xpafp, bl i) ¥(p,bl)
EBP, m>1

Vitend L2 (p, bl ,m)
Flaza (b1)

(26)

fitend 1z (P, B, ) > Y(p,bl} € BP, m

>1
27)

VisendpL2{p, bl m)

fiend 1z (P, B ) < Y(p,bl} € BP, m

Fiima (b1}
>1
28)
Z l\blend,Lz((j!bl!m)Jr Z itlr:'?];xd (p,bl) 4xL2(p,bl,m)
pEBP pEBP
<na(m) ¥bl,m>1 29)

Equations 30 and 31 are the velumetric balance equations
on the product pools and the individual storage tanks,
respectively

> biepp Veiend Lz (p, bl m}+ Vi 12 (p, m—1)

- VpooI,LZ (p ) m) — Deliver pool,L2 (Pu m)

(30
S r2 (P S poar 12 (P, 1) =0
Ypom =1
2 obieper Vaans 2 (s py oL m) + Vo2 (, p, m—1)
— VL2, p, my—Deliver pryo{f, p, m) 1)

+S;,L2(j’ m)ispr,LZU!m>:0
¥ (p) €IP, m>1

The volume blended of product p in blender bl can only
be sent to one product tank j during L2-peried s, and that
tank j must contain already product p or be empty (i.e., mix-
ing of different products is not allowed in storage tanks).
These constraints are represented by Egqs. 32-35. Binary
variable vi(jp,blm) specifies if product p is transferred
from blender bl to product tank j during period m. Binary
variable uy,(j,p,m) specifies if product p is being stored in
product tank j during period m

Vians 12 (f, p, bl ) < Figng (bl - () - via(j, p, bl )
¥ (bl,p) € BP, (jbl)e BY, (ipte JP,m>1
(32)
> ere Virans12 (1,8, b1, )= Videna L2 (p, b1, 1)

33)
¥ (bl,p) € BP, (j,bl)e BI,m>1
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3 s vialj i blym) <1
V(bl,p)e BP, (j,bl)e Bl ym=>1
via(j, p, bl ) < wpalf, p, m)
¥ (bl,p) € BP, (jbl}€ BI, (jp)e P m>1

(34)

(35)

Equation 36 states that only one product can be stored in
a product tank j during a period m. Equation 37 constraints
the volume stored of product p in tank j to be less than the
maximum capacity of such tank. Equation 38 relates the
product pool inventory with the individual tank inventories

D ualp,my=1Vj, m (36)
FeIP
Vpr,LZ(j!pﬂm) < Vlrgrrlax (]) : uLZU!PHm) k4 U!p) € Ip,m
(37)
VPOOI,LZ(P: m): E}E]’P VPT,Ll(JV:pim) v op,m (38)

Binary variable uep,{jm) is introduced to determine if a
product transition in tank j has taken place at the beginning
of period m (Egs. 39 and 40). Equation 42 forces a product
transition to occur on tank j if it is empty at the end of the
previous period m

uez(f,m) = una(f,pymy —wma{j,pm=—1) ¥ (ip)c IP,m>1

(39
U-SLEU’m) > ML?.(]‘:P7m71)7ML’Zpr’m) v U:P) S Jsz >1
40)
Vprra (o m—1) < VRS () - (1—vern{f,m)) ¥V (ip) € TP, m =1
(41)

Equation 42 defines the products stored in the product
tanks at the beginning of the scheduling herizen

wa(j,pym=0)=""(j,p}) ¥ (jp)c IP

Inventory constraints on storage tanks are given by Egs.
43-45. Maximum pool capacity is no longer enforced at this
level as there are constraints on the individual product tanks
(see Eq. 37)

42)

VER () < Vigpa(f,m) < VEX(i) ¥V im 43)
Veostiz(py i} = Vst (p) ¥ pym (44)

VPF,LZU:pﬁm) > Vl;?m (1) . MLzU,p,m) v (jﬁp) c IP,m
“5s)
Inventory levels at the boundaries of the L1-periods must

be equal at the corresponding point in time at the second
level. This is enforced by Eq. 46

VpooI,LZ(p; m)=Vp0()I,L1 (IZ’, k) v P2, (m: k) € MKF

Equations 47 and 48 set the initial state of the component
tanks and product tanks, respectively

(46)

Ve L2l m=0)=Vi2 (i) Vi @7

Vpr,LZ(japum:O):VS:-m (I;P) Y (}Jp) < JP

Equation 49 constraints the shipped/lifted amount of prod-
uct p from tank j in period m to be equal or less than the
volume that such tank can deliver at maximum delivery rate
during period . The amount of product p delivered by all
preduct tanks is equal to that amount delivered from the cor-

(48)
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responding product pool (Eq. 50). Equation 51 establishes
that the demand must be met in each L2-period

DehverPnLZ (}',P,m> =< Dg:-ax (J) g% (m) ) MLZU,P, m)

49)
v (pye TP,m>1

Deliver poo La(p, m)= 3 crp Deliver iz (j pym) ¥V p,m =1
(50)

Deliver o112 (p, ity =Demand p12(p,m) ¥V p,m>1 (351)

Equation 50 is used when the demand requirement for
each [.2-peried is known exactly, that is, the delivery win-
dows of the orders do not span more than one L2-period.
Equation 50 can be substituted by Egs. 52-55, which are
included in order to handle delivery windows spanning sev-
eral L2-periods. Equation 52 establishes that the amount
delivered in period m is equal to a fraction of the total
demand of order o, denoted as ofps(om). vofis(o,m) is a
parameter that represents if order o can be delivered in
period m if its value is 1 (i.e., delivery time window of order
o0 is contained totally or partially by L2-period m), or not if
its value is zero. Equation 53 ensures that only the con-
tracted demand for order o is shipped/lifted. Equation 54
forces completion of order o within the scheduling horizon.
Equation 55 constraints the fraction delivered of order o dur-
ing period m to be less than the maximum possible delivery
of such order

Deliver poqi2 (P, 1)=3_,.p Demand (o) - of 15{0,m) ¥ p,m > 1

(52)
of 12(0, m} < uof (0, m) ¥ o,m>1 (33)
M
Eosz(o,m):l Vo (54)
m=1

Dmax

Demand (o) - of 12(0, m) < D% (o) - digs(o,m) ¥ o,m> 1

(55)

Constraints Specific to the Approximate Scheduling at the
Second Level. BEquations 56-61 are included in order to
compute the product transitions in the blenders. The proeduc-
tion sequence of each blender is determined by binary vari-
able yro(p,bl,g), which is computed based on the values from
variable x,{p,blm). The g index refers to position in the
sequence where product p is processed by blender bl; that is,
g can be interpreted as well as a time slot to allocate the
blend instances of period m to estimate the production
sequence of blender bl. The number of these slots for one 1.2-
period is equal to the number of different products. Equation
56 defines the products being processed in the blenders at the
beginning of the scheduling herizon. Equation 57 ensures that
only a product that is being blended in period m is allocated
in a slot g corresponding to . Equation 58 constraints that
only one product can be allocated in slot g. Equation 59
allows a product being blended in period m to use more than
one slot g comresponding to m. Equations 60 and 61 determine
if a product transition has taken place. xer,(bl,g) is a continu-
ous variable that can enly take 0-1 values due to Egs. 60 and
61, and for being penalized in Eq. 18

yr2(p, bl,g=0}=x""(p,bl} ¥ (bl,p} € BP (56)
yiz(p, bl, g} < xpa(p,bl,m) ¥V p,bl,(g,m)e GM (37)
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ZpEPyLZ(pablvg) =1 Vblg=>1 (58)
ZgEm)’Lz(%bl,g) EXLZCPablam) vp1b11m21 (59)

xera(bl, g} > yial(p, bl g)—ya2(p, bl,g—1) ¥ p,bl,g> 1
(60)

xera(bl, g} > ya(p, bl g— 1 —yiafp, bl g) ¥ p,bl g > 1
(61)

It is important to note that the production sequence given by
y1o(p,bl,g) provides a lower bound of the number of product
transitions in the blenders, but the actual production sequence
must still be computed. This is done in Part 11 of this article
where detailed scheduling is integrated to the model.

Note that the second level MILP model does not deal with
the blend recipe optimization and do not include the nonlinear
terms corresponding to the quality constraints. Thus, all the
nenlinearities intrinsic to the blending problem are solved at
the first level. Appendix shows that the first and second level
models are equivalent to full-space MINLP medel.

Corresponding full-space MINLP model

Corresponding full-space MINLP model can be obtained
from the second level model by dropping Eq. 20 and adding
the following equations from the first level (such equations
and its variables are written for all s> 1):

¢ The blend recipe computation: Eqgs. 9-11; and

e The quality constraints: Egs. 12a-15.

Although it is possible, we do not include constraints to
minimize blend recipe variation to find the optimal solution
of the original full-space MINLP model and compare it with
the solution of our algorithm.

Special case: full-space MILP model

The second level model can be transformed into a full-
space MILP planning model if:

a. Blend recipes are not required to be computed directly
in the model. In this case, Eq. 20 is dropped from the second
level model, and Egs. 62 and 63 are added

Z VCOmP=L2 (ii 2, bl, m) :Vblend,LZ (P, bl, m)

el (62)
Vi (p.bl) e BP,m>1
PG oY - Vetend 2 (p, b1, m} < Veempra (i, p, bl a1}
< (] p) - Viend 2 (p, bl m) (63)

Vi (p,bl)e BP,m>1

a. All the quality properties are assumed to blend linearly
(Egs. 12a and 12b are added to the second level model but
rewritten for all L2-pericds) or if the nonlinear equations
can be rewritten as linear constraints {e.g., the RVP nonlin-
ear constraint given by Eq. 15 can be substituted by Eq. 64,
which is linear)

E}i" (P, 6)1'25 Votend 200, #) < X sey VeompLz (£, p, 1)

Qe (i,e,m)" 7 < x> (p, &' Vigenara (p,m)
¥ e= RVP pym>1

(64)

This linear transformation allows us to compare perform-
ance of our algorithm with a full-space MILP model. Not all
nonlinear quality constraints can be rewritten exactly as lin-
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ear constraints, and the aim of our algorithm is to handle
problems with those nenlinearities.

As blend recipes are not computed directly by the model, it is
only possible to minimize variations with respect to a given set
of preferred blend recipes. These constraints are not included to
find the optimal solution of the original full-space model.

Multiperiod Inventory Pinch Algorithm for
Gasoline Blend Planning

The flowchart of the multiperiod inventory pinch (MPIP)
algorithm is presented in Figure 6. Although this algorithm
is based on the gasoline blend planning problem, it can be
applicable to any system or process with similar features.
The steps of the algorithm are the following:

Step 1: Construct the cumulative curves (CTD and CATP)
and determine the pinch peint(s) location.

Step 2: Set iteration counter iter = 1. Divide the planning
horizon (at the first level) in the number of L1-periods indi-
cated by the pinch peints and the times when the quality val-
ues of the blend components change (i.e., K ).

Step 3: Solve the first level Blend Recipe Optimization model.

¢ In the first iteration (iter = 1), the volumes to produce of
each product in each Ll-period £ are the minimum amounts
required to meet the aggregated demand in each L1-period

Vilend, 112, k) =Demand poo 11 (p, k) + (P, k) = Vioar1{p,k—1)
(65)

target
Vpoo] L1

where V;:fleil {(pk) is the target inventory. Notice that if no

target inventories are set, V;fffil (pk)= poigl,Ll (»).

* If Vigenar1(p k) violates the maximum blend capacity or
the minimum blend size threshold constraints, volumes are
adjusted by moving the least amount possible of volume to
previous L1-periods (i.e., preblending).

+ In subsequent iterations (iter > 1), the volumes to pro-
duce are defined according to the solution of the second
level {see Step 6).

+ If any mventory slack variable has a non-zerc value at
the solution, the problem is infeasible as the availability or
quality of blend components is not sufficient to meet the
product quality specifications {or to deliver the product
within the delivery window). Stop.

Step 4: Solve the second level Blend Planning model.

Step 5: If the inventory slack variables from Step 4 are
zero, an optimal blend plan has been found; go to Step 8.
Otherwise, continue to Step 6.

Step 6: Subdivide the L1-period with the first infeasibility
(see Figure 7).

e The volumes to be blended in each new L1-period are
given by the solution of Step 5 plus the positive slacks
minus the negative slacks

Vitend L1 (P, £)= Z

meMK

Z Vitena 2(p, b1, m) +S;ooI,L2(p1 m) _SpooI,LZ (p, m)
bl BP

(66)

¢ If Viena1(p.k) viclates the maximum capacity or mini-
mum blend threshold constraints, volumes are adjusted by
moving the least amount possible of volume to the previous
L1-period or from the next L1-period, respectively.
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Construct the CTD and CATP
curves. Identify the inventory
pinch points

i

Divide the horizon in L1-periods
delimited by pinch points and
components’ quality changes

—»

Determine the minimum volume to
blend in each L1-period in order to
fulfill the demand (Pinch Analysis)

Solve 1* Level
Recipe Optimization Model
(NLP with L1-periods)

Problem is

infeasible
Inventory

Yes |
210 | infeasibilities appear? |

Fix blend recipes
Fix inventories of product
pools at the pinch points

Solve 2™ Level
Blend Planning Model
(MILP with L2-periods)

v

If necessary, adjust volumes to
meet blender capacity and
threshold constraints

T

Subdivide L1-period with first
inventory infeasibility. Volume to
blend in each L1-period is given by

the solution of the 2™ level +

inventory infeasibilities

Inventory |
| infeasibilities appear? J|

Solution
found

Solve 2" Level
Approximate Scheduling Model
(MILP with L2-periods)

Figure 6. Flowchart for the MPIP planning algorithm.

Step 7: ROTHD=g®D 41 jter=1iter + 1. Go back to
Step 3.

Step 8: Solve the second level Approximate Scheduling
model, to reduce the number of blend instances and product
transitions in the blenders and storage tanks. Stop.

Case Studies

The gaseoline blending system shown in Figure 2, in con-
figurations with one, two, and three blenders, has been stud-
ied. In all cases, the system uses seven blend components
(ALK, BUT, HCL, HCN, LCN, LNP, and RFT) and pro-
duces three products (grades of gasoline U7, U91, and
U83). Each component has their particular storage tank.
There are three dedicated product tanks, one per each gaso-
line grade, and there are three swing tanks which can store
any product, but only one at a given time. A planning heri-
zon of 14 1-day L2-periods is used in all case studies
(= 14 days, n2(m) =1 day for all m). The minimum vol-
ume to blend in each blender in each L2-period is
VMINyena(p,bl) =30 X 10° bbl, for all p and bl. The
demand orders involve a single product and their delivery
time windows are assumed to be 1 day. Eight blend proper-
ties are considered: aromatic content (% by volume, ARO),
benzene content (% by volume, BEN), olefin content (% by
volume, OLF), motor octane number (MON), research
octane number {RON), RVP (psi), specific gravity (SPG),
and sulfur content (% by volume, SUL). All blend properties
are assumed to blend linearly except RVP. Supporting
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Information of this article contains data describing product
specifications, properties, and availabilities of blend compo-
nents, tankage capacities, and information required for full
specification of the test cases. The cumulative curves and
pinch points for each profile demand are shown in Figure 8.
There is no maximum delivery rate for each order, that is,
the maximum delivery rate of the tanks is the maximum
limit. For the MILP volume allocation problem, the cost
coefficients for component inventory slack variables are set
to 1 X 10°, and the cost coefficients for product inventory
slack variables appear in Supporting Information of this arti-
cle. Table 1 shows data describing the blenders. At the sec-
ond level, for all blenders, the penalty for a blend instance is

st
1 level iter) (iter)

period k k+1
Positive inventory infeasibilities
~a
2" level
Ve m-1 ‘periodm m+1 m+2
Next l New boundary
iteration £38088888%
st
1 level i o .
period kmm E period kfl“w B kfz‘“” 1l

Figure 7. Subdivision of L1-periods according to the
solution of the second level model.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 8. Cumulative curves and pinch points for the six demand profiles.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

20 X 10* $, and for a product transition in a blender is 7 X
10% $. Notice that a blend instance is more penalized than a
product transition in a blender to use more efficiently the
blenders {i.e., at higher production rates). All data are pre-
sented in English system of units as it prevails in the refining
industry.

All case studies have been computed on a DELL Power-
Edge T310 (Intel® Xeon® CPU, 240 GHz, and 12 Gb
RAM) running Windows Server 2008 R2 OS. GAMS IDE
24.2.1 was used to solve each one of the case studies. The

first level NLP model was solved using IPOPT, and the sec-
ond level model was solved using CPLEX 12.6. To compare
the results obtained with the inventory pinch algerithm, the
corresponding full-space MINLP and MILP models were
solved for both the blend planning and approximate schedul-
ing problems. DICOPT (using IPOPT version 3.8), BARON
9.3.1, ANTIGONE® 1.1, and GloMIQO** 23 were the
solvers used to solve the full-space MINLP models, and
CPLEX 12.6 to solve the full-space MILP meodel. The
mixed-integer quadratically constrained program (MIQCP)

Table 1. Blenders Data

Blender A B C
Allowable products U87, Us1, U93 Uo1, Us3 Us7, Us1

Minimum volume to blend in each 30 30 30

L2-period (X10° bbl)

Maximum blending rate (><103 bbl/h) Case study 1,2,3, 8,9 10 7.5 - -

4,5,6,11, 12,13 4.5 3 -

7,14 3 25 2

Minimum blending rate (><103 bbl/h) 1,2,3, 8,9 10 5 - -

4,5,6,11, 12,13 3 2 -

7,14 2 1.8 1.5

Minimum running time (h) Product Us7 6 - i)

U9l 6 6 6

Ues 6 6 -

Minimum idle time (h) uUs7 1 - 2

U9l 1 1 1

Ues 2 1 -
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Figure 9. Case study 13—Cumulative curves, inventory

pinch points, and L1-periods. Blend planning
first iteration.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

required by GIloMIQO is the full-space MINLP model
described in the Mathematical Models section, but Eq. 64
replaces Eq. 15.

‘When solving the full-space MINLP model with DICOPT,
starting points are important to find an optimal solutien, er
even a feasible one. In our case studies, the starting point of
variable Vylenaro(p,blm), for all p, bl, and m, was set above
the minimum blend size threshold {(i.e., VMINpeq{p,bl)).

As blend recipes computed by MINLP model are not
exactly the same, in order to compute the number of dif-
ferent recipes in the MINLP solution, two recipes are con-
sidered to be different if the absolute change of
composition percentage of any component is greater than

1%. As three grades of gasoline are being blended, the
total number of different blend recipes for all products is
divided by three.

Hlustrative example with two blenders and irregular
corponent supply

Case study 13 will be used to illustrate the steps of the
MPIP planning algorithm. This case study has demand pro-
file #5, two blenders (A and B), and the supply flow rate of
compenents is irregular along the planning horizen.

Blend Planning: Ieration 1. The corresponding cumula-
tive curves are shown in Figure 9, where it can be seen that
there are two inventory pinch points, one at the end of Day
7, and the other at the end of Day 8. Hence, three L1-
periods are required initially, ¥4 = 1, starts at the beginning
of Day 1 until the first pinch point, £ =2 corresponds to
Day 8, and £ =3 goes from the beginning of Day 9 to the
end of the planning horizon. In the first iteration of the algo-
rithm, the minimum production to meet the aggregated
demand in each L1-period is given by Eq. 65. The blend rec-
ipes computed by the first level model are given in Table 2,
and the blend cost is Blend Costy ; = 37,784.52 X 1(7 §.

Using the blend recipes from the first level, the second
level planning model is solved. Figure 10 shows the blend
plan for each blender, but it contains inventory infeasibil-
ities. The positive slack variables appear in L2-perieds
m=4 (12777 X 10° bbl) and m =5 (14 X 10* bbl), both for
product U91. The negative slack variables appears in period
m = 14 for product U87 (10.42 X 10° bbl). From Figure 10
can be seen that blender A and B are working at full
capacity during period m = 3; thus, the slack in peried m =35
must be preblended {see rule 6.a of the algorithm). L2-
Periods before m=25 have enough blending capacity

Table 2. Case Study 13—Optimal Blend Recipes (First Level)

First Iteration

Second Iteration

Blend Comp. L1-Period 87 91 U93 L1-Period Ug7 U9l 193
ALK =1 0.1747 0.245 0.1414 =1 0.1636 0.2422 0.1874
BUT 0.0261 0.0368 0.0436 0.0262 0.0355 0.0435
HCL 0.0241 0.0374 0.0327 0.027 0.0309 0.029
HCN 0.0456 0.0615 0.0523 0.0366 0.04 0.0394
LCN 0.2765 0.169% 0.1168 0.2458 0.1978 0.1293
LNP 0.1708 0.0784 0.0368 0.1842 0.0854 0.031
RFT 0.2823 0.3711 0.5765 0.3165 0.3682 0.5404
ALK P=2 0.1543 0.2486 0.1824
BUT 0.0263 0.0373 0.0442
HCL 0.0239 0.0465 0.0314
HCN 0.058 0.0793 0.0529
LCN 0.2791 0.1648 0.1174
LNP 0.169 0.0653 0.0276
RET 0.2895 0.3583 0.5442
ALK =2 0.1537 0.2449 0.1788 =3 0.1535 0.2434 0.1803
BUT 0.0252 0.036 0.0434 0.0252 0.036 0.0434
HCL 0.0286 0.038 0.0278 0.0289 0.0382 0.0277
HCN 0.0522 0.0606 0.0443 0.0533 0.0616 0.0443
LCN 0.3058 0.2003 0.1369 0.3056 0.1996 0.1372
LNP 0.1619 0.0702 0.0293 0.1613 0.0702 0.0289
RFT 02726 0.35 0.5395 0.2722 0.351 05381
ALK =3 0.0152 0.1363 0.09 =4 0.0146 0.1347 0.0924
BUT 0.0197 0.0349 0.0416 0.0197 0.0351 0.0414
HCL 0 0 0 0 0 0
HCN 0.0011 0.0021 0.0017 0.0011 0.0021 0.0017
LCN 0427 0.1617 0.1496 0.4255 0.1566 0.1564
LNP 02016 0.1554 0.0825 0.2022 0.1571 0.0801
RFT 0.3355 0.5096 0.6346 0.3371 0.5144 0.628

The significance of the bold characters is that they represent the L1-periods, where k represents the elements of the set X = (L1-periods). The superscript inside

the parenthesis represent the iteration number.
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Figure 10. Case study 13—Blend plan with inventory infeasibilities. Blend planning first iteration.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

available to blend both infeasibilities. Therefore, the
new boundary in the first level must be placed at the end of
day 4.

The new period boundaries at the first level are shown in
Figure 11; however, this time the CATP curve is replaced with
the actual CTP curve that is constructed by aggregating the
total production [ie., 2p,umVbiena12(p,blm)] over time. When
the CTP curve is below the CTD, there are inventory infeasi-
bilities. This is easier to see on the grand composite curve.

Blend Planning: Iteration 2. In this iteration, the produc-
tion targets for each Ll-period are computed using Eq. 66
and rule 6.a of the algorithm. The blend recipes computed
by the first level model are given in Table 2, and the blend
cost is Blend Costy; =37,784.52 X 107 §, the same cost as
in the first iteration.

Using the blend recipes from the second iteration, the sec-
ond level planning model is solved. An optimal blend plan is
found with a cost equal to Blend Cost;, = 37,784.52 X 10°
$, the same as that of the first level. Because there are no
inventory infeasibilities this time, we proceed to solve the
second level approximate scheduling model.

Approximate Scheduling. The approximate schedule with
reduced number of blend instances and product transitions in
the blenders is shown in Figure 12 and its total cost is

— 2100 |

= |

g 1800 ooy s

o 1500

£

3 1200

s

> 900

E

£ 600

g2 300

=

01234567 891011121314

Time (days)
CTD ====CTP

Aggregated Inventory (kbbl)

Z1,=138,522.52 X 10° $. Idle times between blend runs are
not shown since the actual production schedule is not deter-
mined at this level. It is also determined that in this case no
preduct changeovers are required in the swing tanks.

The component and product inventory profiles correspond-
ing to the second level approximate scheduling (Figure 13)
are at the allowed minimums at the inventory pinch points
(i.e., at the end of the seventh and eighth day). Additionally,
it is observed that the inventory levels of some blend compo-
nents are at the minimum allowed at some points in the
planning horizon. In this particular case study, this is
observed at the inventory pinch points. In general, these
“pinch points on the components’ inventory profiles” will
appear at least for one blend compeonent at the end of the
planning horizon and at least at one inventory pinch point.
There are two reasons for the appearance of these pinch
peints on the compenents’ inventory profiles: {(a) cheaper
components are used as much as possible, and (b) compo-
nents with the necessary qualities to produce products under
specification are scarce. If the “components’ pinch” occurs
because of reason “(a),” trying to blend more volume (i.e.,
increased production) before a components’ pinch might
result in a blend cost increase {i.e., more expensive materials
are used since cheaper components are not available). If this

250
200

Largest inventory

FiEEinventory infeasibilities at the

infeasibility

150

100 pinch points
50
, A Wi
Sr—
-50
01234567 891011121314
Time (days)

——— Grand composite curve

Figure 11. Case study 13—Cumulative curves and L1-periods.

Blend planning second iteration. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Figure 12. Case study 13—{a) Blend plan and (b) production sequence.

Approximate scheduling. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

type of pinch appears because of reason “(b),” then trying to
increase production before the components’ pinch is not pos-
sible (first level will present non-zero slack variables) since
the blend cannot reach the quality specifications. In this
illustrative example, the components’ pinch occurs because
of reason “(b)” there is not enough ALK and RFT available
to blend more before Day 8. ALK and RFT have the highest
RON and MON values from ameng the blend components;
other components have RON and MON values smaller than
the minimum spec, or if they have a greater RON and MON
value, they have RVP and SPG value above the maximum
spec. Therefore, no more than the production targets given
in can be blended before Day 7 or Day 8 in Case study 13.

Results and Discussion

To evaluate the performance of the MPIP algorithm, we
compared the solutions from our algorithm with those pro-
vided by the full-space models and the execution times
required to obtain them.

Blend planning

All problems were solved to an optimality gap less than
or equal to 0.001%. The MPIP algorithm and the full-space
models found the same optimal objective function value (see
Table 3). The solution times of the MPIP planning algorithm
(using IPOPT for the NLP model and CPLEX for the MILP
model) are much smaller than those required by DICOPT to
solve the corresponding MINLP model (almost two orders of
magnitude lower). We chose to compare with DICOPT
solver because it provided the smallest execution times when
compared with the other selected MINLP solvers. We know
that the solutions found by DICOPT and by MPIP algorithm
are globally optimal, as they are equal to the solution of
full-space MILP (which in this special case, via transforma-
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tions, is able to solve our test problems as linear MILP mod-
els). It is interesting to note that our algorithm leads to
execution times which are about the same as the times
required to solve the equivalent MILP model. In addition,
our algorithm requires a small number of iterations {in most
of our case studies only one iteration is required). Moreover,
our approach leads to a smaller number of different blend

a;
150 )

120

Volume (kbbl)

0123456 7 8 91011121314
Time (days)
Figure 13. Case study 13—(a) Product and (b} compo-
nent inventory profiles.

Approximate scheduling.
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Table 5. Approximate Scheduling—Results for MPIP Planning Algorithm

MPIP Algorithm (JPOPT + CPLEX)

Case Study ID Total Cost (X103 §) Blend Cost (X103 $) Switching Cost (X103 $) CPU Time (s)
1 38,0145 37,5425 472.00 28093
2 38,9018 38,3008 592.00 18.5
3 38,5501 379911 559.00 225
4 38,5691 37,9911 578.00 18718
5 38,3126 37,6806 632.00 724
6 37,0883 373243 664.00 26.2
7 38,1565 37,3775 779.00 118.7
8 38,4220 37,0434 479.50 140.2
9 304272 38,7542 673.00 87
10 39,0042 38,4052 599.00 14.3
11 39,0302 384052 625.00 119.6
12 38,7054 38,0734 632.00 83.4
13 38,5225 37,7845 738.00 75
14 38,6034 37,7964 807.00 11041
Average difference of the total cost with respect to best lower bound (X10° §) 122

Stopping criteria: 0.1% optimality gap or 10,800 s.

recipes per product compared to the solution of the corre-
sponding full-space models (see Table 3). Significant
reduction is seen in the cases with few number of pinch
points and blenders; this is because the full-space models
can have different recipes for the same product for differ-
ent blenders in the same time peried. In addition, repeated
recipes from the solution of the full-space models may or
may not be used in adjacent periods; thus, the number of
recipe switching is equal or greater than the number of
different recipes.

Approximate scheduling

The approximate schedules computed by the MPIP planning
algorithm were compared with the full-space models. The ter-
mination criteria was 10,800 s (CPU time) or an optimality gap
less than or equal to 0.001%. DICOPT was not used in this
evaluation since it requires to solve the MILP subproblems to
optimality to guarantee a local optimum; however, it was not
possible to achieve that within the maximum allocated time of
3 h. Results from BARON are not shown because it was able
to find feasible integer solutions only for some of our case
studies and with optimality gaps greater than 3%.

Table 4 shows the results obtained by CPLEX, ANTIGONE,
GloMIQO, and the MPIP planning algorithm. The results from
full-space MILP were used to determine the global optimum
and the best lower bound. In the majority of our case studies,
MPIP algorithm computed better solutions than ANTIGONE
and GloMIQO solvers and in much shorter execution times.
All ANTIGONE and GloMIQO runs stopped at 10,800 s with

optimality gaps larger than 0.2%. Only in two test cases (no. 1
and no. 4) MPIP algorithm stopped at 10,800 s time limit. In
both of these cases, the results from MPIP are slightly better
than the results computed by GloMIQO and ANTIGONE. In
test case no. 9, MPIP algorithm converged after 17 s, but the
solution is 0.4% higher than GloMIQOQ.

Although the MILP model at the second level achieves
optimality gaps smaller than or equal to 0.001%, it is noted
that the solutions of the MPIP planning algorithm are higher
than the best integer solution given by the full-space MILP.
The reason for this difference is that the blend recipes define
the feasible region at the second level and they are only
being redefined to account for inventory feasibility, but there
is no feedback that would cause the computation of new rec-
ipes that will minimize the number of product transitions in
the blenders and swing tanks. Nevertheless, the difference
between the MPIP algorithm solution and the true optimum
will only be significant when the penalty for such transitions
is much greater than the unit costs of the blend components.
For our case studies, the average relative difference between
the MPIP solution and the best lower bound is less than
(.33%. As another test of MPIP algorithm performance, we
solved all test cases with 0.1% optimality gap at the second
level. The execution times are even shorter and the function
values are on average still closer to the best lower bound
than those computed by ANTIGONE and GloMIQO (com-
pare data in Tables 4 and 3).

Table 6 shows the number of equations, continuous varia-
bles, discrete variables, and non-zero elements in the full-

Table 6. Model Size Comparison

# Continuous # Discrete # Nonlinear

Model # Equations Variables Variables # Non-Zeros Terms
Full-space MINLP model (one blender) 5928 2753 609 16,646 1176
Full-space MINLP model (two blenders) 7906 3655 837 23455 1960
Full-space MILP model (one blender) 5550 2375 609 15,554 1]
Full-space MILP model (fwo blenders) 7600 3306 837 23,052 0
Firstlevel NLP model (MPIP algorithm, 326 162 o 955 42

two L1-periods)
First level NLP model (MPIP algorithm, 473 237 v 1416 63

three L1-periods)
Second level MILP model (MPIP algorithm, 4541 2375 609 11,017 0

one blender, two fixed recipes)
Second level MILP model (MPIP algorithm, 6003 3306 837 15,575 1]

two blenders, two fixed recipes)
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space models and our decompesition approach for blend
planning case studies. Nonlinear aspects of the blending
model are solved at the first level, where number of equa-
tions and variables are significantly smaller than in the full-
space MINLP model. The second level model MILP is
approximately the same size as the full-space models. Sepa-
ration of the nonlinear blend optimization from linear
model-based production planning enables MPIP algorithm to
optimize blend plans er approximate blend schedules much
faster than the corresponding full-space MINLP meodels.

Conclusions

‘We have presented a new inventory pinch based, two-level
decomposition approach which (1) incorporates nonlinear
blending models into integrated planning and approximate
scheduling of gasoline blends, (2) includes blender switching
and swing tankage management, (3) computes optimal blend
plans with significantly smaller number of distinct blend rec-
ipes than the fine grid multiperiod MINLP models, (4) com-
putes approximate schedules with similar or lower cost than
those computed by global MINLP solvers used in this study,
and {5) achieves much shorter execution times.

Rapid computation of optimal blend plans is accomplished
by decomposing the blend planning optimization model into
two levels: the first level handles the constraints related to
operating conditions (e.g., quality constraints and blend recipe
computation) by solving a NLP model, and the second level
determines the actual production plan and allocation of swing
tankage using optimal blend recipes from the first level in a
MILP model, subject to availability of blend components,
inventory storage limits, and minimum blend threshold con-
straints. These blend plans are then used to compute approxi-
mate blend schedules, which minimize total number of blend
switches and product changeovers in the swing tanks.

Case studies with one, two, and three blenders have been
presented. Our case studies have been constructed in such a
way that after some transformations they can also be solved
as an MILP model. That has enabled us to compute rapidly
the global optimum and confirm that the blend plans com-
puted by MPIP are also globally optimal. In 10 out of 14
case studies, MPIP algorithm finds a better solution for the
approximate scheduling problem than ANTIGONE or Glo-
MIQO and typically in much shorter execution times.

Our results show that the solutions computed by the MPIP
planning algorithm are exactly the same as the optimum solutions
computed by the corresponding full-space MINLP and MILP
models when the objective function of the second level contains
only variables that are aggregated at the first level (e.g., volumes
to blend); and close-to-optimum solutions when the objective
function of the second level contains variables that are not aggre-
gated at the first level (e.g., switching variables) with penalty
coefficients similar to the unit costs of blend components.

Part Il of this article deals with detailed scheduling based
on the approximate blend schedule computed at the second
level of the MPIP algorithm.
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Notation
Subscripts
be = refers to a variable or parameter related to the blend component tanks
blend = refers to a variable or parameter related to the blenders
comp = refers fo a variable or parameter related to the transfer of vol-
ume between component tanks and blenders
L1 = refers to a variable or parameter of the first level
L2 = refers to a variable or parameter of the second level
order = refers to a variable or parameter related to the product orders
pool = refers to a variable or parameter related to the product pools
pr = refers to a variable or parameter related to the individual product
tanks
trans = refers fo a variable or parameter related to the transfer of vol-
ume between blenders and product tanks or pools
Superscripts
max = refers to a maximum value that a variable may have
min = refers to a minimwm value that a variable may have if different
from zero
start = refers to the initial value at the beginning of the planning hori-
zon that a variable may have
farget = refers to a target value for a variable
Parameters
Costy(f) = cost of blend component i
Dg:‘”‘ (j) = maximum delivery rate of tank ;j
Demand(s) = demand of order o for the complete scheduling

horizon

Demand, oo 1.1(2,4) = aggregated demand of product p in L1-period &

Demand,, 15(p,m) = demand of product p in L2-period m
diro(0,m) = time available fo deliver order & during L2-period
m
Fooli, o) = supply flow rate of blend component / during time
interval o
Py (1) = maximum blending rate of blender bl
Fiiong (®l) = minimum blending rate of blender bl
H = length of the planning horizon
it Ef;d (p,bl) = minimum idle time required by blender bl before
processing product p
np(bl) = number of products that can be produced in a L2-
period in blender bl
Penaltyy ;.1 = penalty for the inventory slack variables of blend

component tanks

penalty for the inventory slack variables of product
pools

penalty for the inventory slack variables of compo-
nent § in L2-period m

penalty for the inventory slack variables of product
pool p in L2-period m

Pcnaltypmllu =
Penaltyy. 1 2(m) =

Penaltypmllm(m) =

Penaltyp, 12(m) = penalty for the inventory slack variables of product
tank j in L2-period #
PenaltyBR; 5(bl) = penalty for a blend instance processed in blender
bl during a L2-period m
PenaltyBS; ; = penalty for a product transition in a blender at the
second level
PenaltyTS(j) = penalty for a product transition in a swing fank at
the second level
Opliek) = quality e of blend component { during L1-period &
Q7 (p,e) = maximum requirement of quality e in grade p
QE';“‘ (p,e) = minimum requirement of quality e in grade p
75'““(1',]9): maximum composition specification of product p
regarding blend component i
P20 p) = minimum composifion specification of product p
regarding blend component £
Iy 11(e,k) = duration of time interval where blend component
supply flow rate o occurs in L1-period &
fpe12(0,m) = duration of time interval where blend component
supply flow rate o occurs in L2-period m
tblmmd (p,bl) = minimum rmming time required by blender bl

when processing product p
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