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Lay Abstract 

Optimal planning and scheduling of production systems are two very important tasks in 

industrial practice. Their objective is to ensure optimal utilization of raw materials and 

equipment to reduce production costs. In order to compute realistic production plans and 

schedules, it is often necessary to replace simplified linear models with nonlinear ones 

including discrete decisions (e.g., ñyes/noò, ñon/offò). To compute a global optimal 

solution for this type of problems in reasonable time is a challenge due to their intrinsic 

nonlinear and combinatorial nature.  

The main goal of this thesis is the development of efficient algorithms to solve large-scale 

planning and scheduling problems. The key contributions of this work are the 

development of: i) a heuristic technique to compute near-optimal solutions rapidly, and ii) 

a deterministic global optimization algorithm. Both approaches showed results and 

performances better or equal to those obtained by commercial software and previously 

published methods. 
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Abstract 

In order to compute more realistic production plans and schedules, techniques using 

nonlinear programming (NLP) and mixed-integer nonlinear programming (MINLP) have 

gathered a lot of attention from the industry and academy. Efficient solution of these 

problems to a 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 method to scheduling problems, and 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 

where a single fixed set of operating conditions is most likely to be feasible and close to 

the optimum. The inventory pinch method decomposes the original problem in three 

different levels. The first one deals with the nonlinearities, 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 time where 

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 strategy to refine the estimates of the global optimum. 

Another key element is the parallelized bound tightening procedure. 

Case studies include gasoline blend planning and scheduling, and refinery planning. Both 

inventory pinch method and the global optimization algorithm show promising results 

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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1. Chapter 1: Introduction 

Planning and scheduling of production systems are two 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 horizon, considering current market conditions and forecasts. 

Planning and scheduling software-based tools have become necessary for most 

companies, especially those that operate on economic markets with fast dynamics, face 

strict environmental regulations, and/or have low 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 and operational policies 

(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 nonlinear, and 

operational policies usually rely on discrete decisions (e.g., ñyes/noò, ñon/offò). 

Therefore, to compute more realistic production plans and schedules, techniques using 

nonlinear programming (NLP) and mixed-integer nonlinear programming (MINLP) are 

required. The challenges associated with nonlinear planning and scheduling problems are 

the following: 

1. Possible nonconvexities, which can introduce multiple local and global optima 

Á Traditional gradient-based optimization methods can stop at a local 

optimum. Global optimization 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 domain, which 

can result in a model containing thousands or more variables 

Á The larger the number of time periods or time slots, the larger the number 

of nonconvex terms and discrete variables, thus the higher computational 

cost involved to solve the problem to optimality.  

This thesis summarizes a project focused on the development of two algorithms to solve 

planning and scheduling problems: 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 optimality-based bound 

tightening.  
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In this Chapter, different 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, and demand 

forecasting and satisfaction. The physical elements of a supply chain include warehouses, 

distribution centers, production sites, retailers, etc. Supply chain optimization consists of 

determining the best possible flow of materials and information among these elements 

that maximize the performance of the supply chain. The performance of the supply chain 

is defined according to the companyôs goals; e.g., increase profit, market share, customer 

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 classification is shown in Figure 1. There are three basic decision 

levels: strategic, tactical and operational [2ï6]. Long-term strategic level defines the 

structure and capacity of the supply chain considering a time horizon of several months or 

years. Medium-term tactical level assigns production and distribution targets to the 

different facilities usually on a weekly or monthly basis. Short-term operational level 

determines the assignment and sequencing of tasks to equipment units for the next few 

hours or days. These three levels are interconnected because the decisions made at one of 

them directly affect others [2, 5, 6].  

In the automation pyramid (Figure 2) there are two more layers below the short-term 

operational level (i.e., scheduling level): real-time 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 even less. The real-time 

optimization (RTO) level provides setpoints to the control layer every few hours. The 

RTO setpoints correspond to a steady-state 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 

 

 

Figure 2. Automation pyramid 
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Computational tools based on mathematical programming and simulation techniques have 

become very common in modern industry for supply chain optimization. Mathematical 

models derived from engineering first principles (i.e., material and energy balances, 

thermodynamic relationships, reaction kinetics, etc.) or from historical plant data (i.e., 

data-driven models) are used to represent supply chain elements. These 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, reliable, and 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 supply chain, 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 geographical scope) to define these smaller problems.  

For production planning and scheduling problems, formulations can be classified based 

on the process type (continuous, batch) and the time representation employed (discrete, 

continuous, and their variants). Models can be classified as well according to their 

mathematical structure (linear, nonlinear, mixed-integer, etc.). Extensive reviews can be 

found in the literature [7ï9]. 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 optimality guarantees, 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 decades [10ï13], but there is still an 

ongoing research work in this area. 

In section 1.2, an overview of advances and challenges in planning and scheduling of oil 

refinery operations is presented.  

 

1.2. Planning and scheduling of oil refinery operations 

Crude oil is a mixture of different hydrocarbons and, to a lesser extent, other organic and 

inorganic compounds. Most common types of hydrocarbons found in crude oil are 

alkanes, naphthenes, and aromatics. Crude oils from different reservoirs have different 
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attributes (i.e., quality properties or qualities), e.g., density, aromatics, sulfur, and metals 

content, etc. Oil refineries transform crude oil into more valuable products such as 

liquefied petroleum gas, gasoline, diesel, jet fuel, and other hydrocarbon products which 

can be used as either fuels or feedstocks for other chemical processes. The petroleum 

refining industry is still the largest source of energy products in the world [14].  

A petroleum refinery plant is commonly divided into three main sections: crude oil 

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 through pipelines, where 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 different fractions 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 oil fractions go 

through corresponding chemical processes: i) Catalytic reforming converts low-octane 

naphthas into high-octane reformate, ii) hydrocracking employs hydrogen to break long-

chain hydrocarbons into simpler compounds (mostly diesel and jet fuel), and iii) fluid 

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 by tanker trucks. 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 catalytic cracker (FCC), four 

different hydrotreaters (NHT, DHT, GOHT, RHT), and the gasoline and diesel blending 

sections. Given the complexity of the processes involved and their interconnections, a lot 

of work in the literature has been dedicated to oil refinery planning and scheduling 

problems. 
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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 gathered more attention since the late 1990s because 

of the technological advances in nonlinear optimization solvers. The general modelling 

framework for a processing unit in a refinery [18] considers i) the flowrate of each 

product stream as a function of the feed flowrate, 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 frameworks for storage tanks, 

blenders, and pipelines in a refinery system have been developed too [19, 20]. Discrete-

time formulations are usually employed for planning models [20ï24]. The time periods in 

which the planning horizon is discretized are denoted as big-bucket periods [2, 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 of all the tasks 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 units [25ï28], hydrocracking units [29], and fluid catalytic cracking 
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units [30ï32]. Currently, there exist a renewed interest in data-driven models due to the 

improvements in big-data applications [21, 33, 34].  

Current research trend is to formulate planning models that consider more upstream and 

downstream operations in the supply chain (i.e., enterprise-wide optimization) [14, 35, 

36], integrate more scheduling decisions [2, 10, 12, 13, 37, 38], and that take into account 

the uncertainty in demand, supply, and price forecasts [39ï42], while keeping the model 

computationally tractable or developing efficient solution algorithms tailored to model 

formulations. More recently, pinch analysis for production planning has been developed 

[43ï45]. This topic is described in section 1.3. 

Production scheduling in oil refineries is usually carried out by scheduling the three 

refinery sections separately [15, 46ï49], but solution strategies that account for their 

interdependence have recently been published [37, 50ï52]. Compared to planning 

models, scheduling models include more constraints associated with operational policies 

and logistics. These constraints often involve discrete decisions (e.g., yes-no, on-off); 

therefore, most refinery scheduling formulations are mixed-integer linear models. 

Solution strategies for this type of models rely on the branch-and-bound methodology. 

Scheduling decisions 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 sequence of these 

tasks that incurs in the less number of product changeovers in the tanks with low or null 

demurrages (see Figure 4). Discrete-time and continuous-time models have been 

developed for refinery scheduling problems [18, 53ï55].  

Current research trend is to develop scheduling formulations with reduced number of 

discrete variables [56, 57], that provide a tight relaxation [58], and that take into 

consideration mode transitions in the processing units [53]. By formulating scheduling 

models of tractable size with strong relaxations, the solution of the refinery-wide 

scheduling problem can be simplified and longer scheduling horizons can be considered. 

Also, integration of planning and scheduling decisions is an ongoing research topic. 
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Figure 4. Scheduling decisions: task assignment, unit assignment, selection of operating 

mode, and task sequencing 

 

1.3. The inventory pinch approach for production planning and 

scheduling 

Pinch analysis was first introduced by Bodo Linhoff during the late 1970ôs to calculate 

the minimum amount of heat and cold utilities required in a heat exchanger network [59, 

60]. The concept was quickly adapted to the general case of energy consumption 

minimization and it constitutes one of the first process integration techniques [61, 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 (ЎὝ ). The reason why the two curves should not touch is because as ЎὝ  

tends to zero, the heat exchanger area required increases to infinity. Once the two curves 

are separated by ЎὝ , 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 across the pinch, 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 analysis techniques have been developed for a wide range of applications: water 

network synthesis [63ï65], carbon-constrained energy sector planning [66], and financial 

management [67]. Pinch analysis has been used in production planning too. Singhvi 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 equivalent to ЎὝ ). 

Castillo et al. [45] developed a different approach to use pinch analysis in production 

planning. Castillo et al. [45] defined an inventory pinch point as the point where the 

cumulative total demand (CDT) curve and the cumulative average 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 straight-line segments 

whose initial and last points touch the CTD curve; except for the first segment, 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 feasible [45].  
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Figure 6. CTD and CATP curves, and inventory pinch points 

Castillo et al. [45] developed an iterative approach: 

1. To optimize operating conditions for pinch-delineated periods, and 

2. To eliminate infeasibilities if they are encountered. 

The inventory pinch approach is very useful when the number of pinch-delineated periods 

is smaller than the original time discretization of the planning problem. This 

dimensionality reduction makes the problem formulation smaller, thus requiring less 

computational effort to solve it to optimality. It also produces optimal or near-optimal 

solutions with operating conditions that remain constant as much as possible, which is 

something desirable from an operational point of view. Chapters 2, 3, and 5 contain more 

details on this methodology.  

The inventory pinch approach is a heuristic technique which does not guarantees globally 

optimal solutions. In section 1.4, 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 order to find a global minimum of the 
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objective function Ὢ subject to the set of constraints Ὓ by computing lower and upper 

bounds of the objective function Ὢ that are valid for the whole feasible region Ὓ. The goal 

of deterministic global optimization is to compute an ‐-global optimal solution with 

theoretical guarantees, where ‐ π refers to the desired relative difference between the 

upper and lower bounds. 

Consider a minimization problem. To compute lower bounds, deterministic global 

optimization algorithms relax the original nonconvex nonlinear problem into either a 

linear (LP), a mixed-integer linear (MILP), or a convex nonlinear program (NLP). The 

relaxation can be derived using one or a combination of the following methodologies: 

convex envelopes [68ï70], piecewise linear relaxations [71ï73], ŬBB underestimators 

[74, 75], the reformulation-linearization technique [76], outer-approximation [77, 78], by 

removing integrality constraints, and other techniques. To iteratively improve the 

relaxation (i.e., make it tighter or closer to the original model), one can rely on spatial 

branch-and-bound [71] (see Figure 7), cutting planes [79], bound tightening [80, 81], 

interval elimination strategies [82], and further partitioning in piecewise relaxations [83]. 

To compute upper bounds (i.e., feasible solutions), information from the relaxation is 

often used by single/multistart NLP strategies and other heuristic techniques. 

 

 

Figure 7. Sketch of a nonconvex function Ὢὼ (blue curve) and some possible 

relaxations Ὢ ὼ (red curves). By partitioning the domain of variable ὼ, the 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: Feasibility-based bound 

tightening (FBBT), and optimality-based bound tightening (OBBT). FBBT is an iterative 

procedure that employs the model constraints and interval arithmetic to imply bounds on 
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the variables [84]. 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 solving one 

minimization and one maximization problem for each variable [80]. The minimization 

problem yields a lower bound of the variable, and the maximization problem gives an 

upper bound. These optimization problems can be solved sequentially [85] or in parallel 

[86].  

In a branch-and-bound algorithm, 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 gap [87]. Since OBBT is very effective but requires significant 

computational effort, accelerating and approximation techniques have been proposed for 

OBBT in a branch-and-bound framework [88].  

A different strategy is to not use a branch-and-bound framework at all. In this case, 

piecewise linear relaxations are employed and the number of partitions is increased in 

each iteration [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, OBBT can be 

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 requires two 

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. BARON [89] relies heavily on spatial branch-and-bound and linear 

relaxations, but newer versions are moving towards a more significant use of piecewise 

linear relaxations. ANTIGONE [90] relies more on OBBT, cutting planes, and piecewise 

linear relaxations. Currently, there is no commercial solver that will outperform the others 

if using a wide variety of test examples for comparison. In general, for bilinear programs, 

most of the research on global optimization has been done on formulating tighter MINLP 

model formulations, improving piecewise relaxation techniques, and novel algorithmic 

developments. Applications of global optimization methods to refinery planning are 

described in Chapters 6 and 7. 
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1.5. Objectives of the thesis 

The focus of this thesis is the development of efficient algorithms to solve planning and 

scheduling problems that can be formulated as mixed-integer 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 deterministic global optimization method based on dynamic 

partitioning of piecewise linear relaxations and optimality-based bound tightening. 

Thus, this thesis work explores both heuristic and rigorous optimization approaches, their 

particular advantages and disadvantages, and how can they complement each other.  

 

1.6. Thesis Outline 

Chapter 1: Introduction. This chapter summarizes the literature review and the 

fundamental principles related to this project. It also includes the research objectives and 

the thesis outline.  

Chapter 2: ñInventory Pinch Based, Multiscale Models for Integrated Planning 

and Scheduling-Part I: Gasoline Blend Planningò. This chapter presents more details 

about the inventory pinch concept for production 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 levels. The 1st level 

optimizes blend recipes, and the 2nd level computes blend plan. Both levels are 

formulated using discrete-time representation. This work has been published in the AIChE 

Journal. 

Chapter 3: ñInventory Pinch Based, Multiscale Models for Integrated Planning 

and Scheduling-Part II: Gasoline Blend Schedulingò. This chapter describes the MPIP 

algorithm for blend scheduling problems. For this type of problems, MPIP employs a 

three level decomposition. The 1st and 2nd levels are constructed as in Chapter 2, while the 

3rd level is a multiperiod MILP model with fixed blend recipes. All three levels are 

formulated using discrete-time representation. This work has been published in the AIChE 

Journal. 

Chapter 4: ñInventory Pinch-Based Multi-Scale Model for Refinery Production 

Planningò. In this chapter, the MPIP algorithm from Chapter 2 is applied to a refinery 
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planning problem. In this example, the inventory pinch points are defined for each 

blending pool, e.g., gasoline and diesel.  

Chapter 5: ñImproved Continuous-Time Model for Gasoline Blend Schedulingò. 

This chapter presents a continuous-time blend scheduling model that includes more 

operational constraints than previously published model, but it requires smaller number of 

binary variables. This work has been published in the Computers & Chemical Journal. 

Chapter 6: ñInventory Pinch Gasoline Blend Scheduling Algorithm Combining 

Discrete- and Continuous-Time Modelsò. This chapter introduces the MPIP-C algorithm 

which is an improved version of the MPIP method. By employing the continuous-time 

blend scheduling model from Chapter 5, MPIP-C requires smaller execution times than 

MPIP and computes better solutions (less switching operations). This work has been 

published in the Computers & Chemical Journal. 

Chapter 7: ñGlobal Optimization Algorithm for Large-Scale Refinery Planning 

Models with Bilinear Termsò. This chapter describes the deterministic global 

optimization algorithm designed for mixed-integer bilinear programs. 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 by increasing the number 

of partitions and reducing the domain of the variables involved in bilinear terms. This 

work has been published in the Industrial & Engineering Chemistry Research Journal. 

Chapter 8: ñGlobal Optimization of Nonlinear Blend-Scheduling Problemsò. This 

chapter presents the results obtained for nonlinear blend-scheduling problems using both 

MPIP-C and the global optimization algorithm from Chapter 7. This work has been 

published in the Engineering Journal. 

Chapter 9: ñGlobal Optimization of MIQCPs with Dynamic Piecewise 

Relaxationsò. This chapter describes an enhanced version of the algorithm presented in 

Chapter 7. This global optimization algorithm aims to reduce as much as possible the 

domain of the variables involved in bilinear terms by using optimality-based 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 switches from piecewise McCormick to 

Normalized Multiparametric Disaggregation when the number of partitions is greater or 

equal to 10. This work has been published in the Journal of Global Optimization. 

Chapter 10: Concluding Remarks. The final chapter explores main conclusions, 

major contributions and future work for this research project.  
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Appendix A, B, and C: Supporting information for Chapters 2 to 9. 
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2. Chapter 2: Inventory Pinch Based, Multiscale Models for Integrated 

Planning and Scheduling-Part I: Gasoline Blend Planning 
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In Chapter 2, the inventory pinch concept for production planning is revisited and the 

multiperiod inventory pinch (MPIP) algorithm is introduced for blend planning problems. 

MPIP relies on a two level decomposition of the original problem. At the 1st level, the 

blend recipes are determined by solving a multiperiod NLP model with periods delineated 

by inventory pinch points. The 2nd level is a multiperiod MILP model (with original 

number of periods defined by the planner) with fixed blend recipes. Both levels are 

formulated using discrete-time representation. One of the key features of the MPIP 

approach is that produces solutions with less variations in blend recipes.  

The MPIP for blend planning is the base for the MPIP algorithm for blend scheduling 

presented in Chapter 3. 
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