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PREFACE
The basis of this research stems from the author's work at an injection molding facility. The author was a project engineer and worked alongside the production planner. One of the ongoing problems for the facility was the countless hours spent adjusting the production schedule due to a lack of resources or material drying not being completed on time. Although the company had scheduling software, it did not account for the drying of materials and the limited number of resources, such as mold hangers, setup technicians, and operators. The software did account for the time to tear down and set up the molds for the job or the time to set up the machine to run the job. 
This research focuses on developing a mixed integer linear program (MILP) to simulate a real-world scheduling problem for a plastic injection molding facility based on 2D strip packing. A literature review revealed that comparable scheduling models did not account for drying or assembly stages and only supported up to eight machines.


ABSTRACT
Previous research only focused on an unrelated parallel machine scheduling problem with setup and processing resources. However, some manufacturing environments, such as plastic injection molding, need different sequential and parallel processes before the facility can process jobs in the machines. For example, some raw materials are hygroscopic, and a dryer must remove moisture before being processed in the injection molding machine. These dryers are portrayed as parallel machines. The job rather than the machine determines the drying time.  Once the drying stage is complete and the raw materials are transferred to the actual machines to run jobs, the scheduling problem becomes an unrelated parallel machine scheduling problem with multiple setup and processing activities. This study focuses on building a practical model considering drying requirements, machine eligibility, and assembly requirements. The problem is modeled using mixed-integer linear programming. The objective of this study is to minimize the makespan. The setup and processing times are machine- and job-dependent in the unrelated parallel machines. A limited number of resources are available to share. The number of resources needed also depends on the job-machine pair. Setup resources like mold hangers are employed to disassemble and reassemble molds while setup technicians prepare the machine for processing. Operators then execute the jobs. Some of these jobs are necessary for an assembly. The assembly jobs also necessitate the use of a machine.  The commercial solver Gurobi can solve the smaller instances. In contrast, a two-phase algorithm is required for instances of greater size since previous research has shown these types of scheduling problems are NP-hard.
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[bookmark: _Toc140125572]CHAPTER ONE – INTRODUCTION
1.1 [bookmark: _Toc140125573]— SCHEDULING IN A PRODUCTION ENVIRONMENT
In the United States and throughout Europe, the Industrial Revolution drastically modified the manufacturing processes. With the introduction of new manufacturing processes came the challenge of allocating the resources required for job completion. These resources may include, among others, machines, materials, and operators. The scheduling problem aims to minimize or maximize some objective function. In one scenario, the objective may be to minimize makespan or tardiness, whereas in another, the objective may be to maximize revenue or utilization. Some situations may have multiple objectives, such as minimizing makespan and tardiness. There are several types of problem classes within the production scheduling problems. These classes are as follows:
· Shop Configuration
· Single machine 
· Parallel machine 
· Related parallel machines
· Unrelated parallel machines
· Job shop
· Flexible job shop
· Flow shop
· Processing Characteristic
· Sequence-dependent setups
· Job precedence constraints
· Batch processing
· Machine eligibility restrictions
· Mold/Tool eligibility restrictions
· Dynamic/stochastic environment
In most research, the scheduling problem is the subject of extensive study. Global markets have compelled businesses to become more resource-efficient and to seek ways to maximize revenue while minimizing expenses. The predominant issue in the production scheduling environment focused on the shortage of resources to work on the production lines or complete the setup required for production. The plastic injection molding industry was not exempt from this phenomenon. 
1.2 [bookmark: _Toc140125574]— SCHEDULING ISSUES IN PLASTIC INJECTION MOLDING
Plastic injection molding is a complex process. The production of plastic parts involves a variety of equipment and resources. Scheduling the equipment and resources can be pretty challenging. The plastic material, or resin, is initially ordered in either pellet or powder form. Figure 1 shows plastic resin in pellet form. Certain plastics are hygroscopic and must be dried before use in manufacturing. Figure 2 depicts an example of a dryer that removes any moisture absorbed during storage. High moisture content causes part defects and increases the scrap rate. The necessary dryers are a limited resource that must be factored into the scheduling process. 
Once the resin has been dried, it can be loaded into an injection molding machine (Figure 3). The injection molding machines are treated as unrelated parallel machines. The cycle time for a specific job varies between machines.
[image: Resins]
[bookmark: _Ref111472995][bookmark: _Toc139270188]Figure 1. Plastic resin in pellet form. (https://www.ptonline.com/knowledgecenter/plastics-drying/resin-types, n.d.)
[image: Carousel Plus™ dX Models 150-200]
[bookmark: _Ref111538771][bookmark: _Toc139270189]Figure 2. Mobile cart dryer. (https://www.conairgroup.com/product/carousel-plus-dx-models-150-200/, n.d.)
 [image: omega-hydraulic]
[bookmark: _Ref111538970][bookmark: _Toc139270190]Figure 3. Injection molding machine. (https://www.milacron.com/products/injection-molding-machines/hydraulic/omega/, n.d.)



A custom mold (Figure 4) is required to produce the plastic part. The mold is only compatible with specific machines.  A mold hanger is responsible for removing the previous job's mold from the machine and hanging the mold for the next job. A setup technician prepares the press for production once the mold and resin have been loaded into the machine. The mold hangers and setup technicians are considered limited resources. 
When production is ready, an operator (or operators) will be assigned if the press does not have a robot. The operators are considered a limited resource. In recent years, the use of robots in the injection molding industry has increased dramatically to achieve consistency in machine cycles and to reduce labor costs. (Bryce, 1996) The ability of the robot to achieve consistent machine cycles reduces scrap rates. In injection molding facilities, robots are also used to combat the high turnover rates and lack of operators. Facilities face a major scheduling challenge when trying to overcome the operator shortage.
If the component is not part of an assembly, it will be packaged and shipped to the customer after production. If the component is part of an assembly, it will be moved to the appropriate press, an assembly station, or stored in the warehouse until all the assembly components are complete. The assembly station can be another press or an offline station with operators. Once assembly is done, the finished goods will be sent to the customer.
1.3 [bookmark: _Toc140125575]— INTRODUCTION TO INJECTION MOLDING
Injection molding is a manufacturing process for producing parts by injecting molten material into a mold. Injection molding can be performed with a host of materials, mainly 

[image: Image result for injection mold]
[bookmark: _Ref111555189][bookmark: _Toc139270191]Figure 4. Custom injection mold. (http://www.primemolding.com/services/, n.d.)




















including metals (for which the process is called die-casting), glasses, elastomers, confections, and, most commonly, thermoplastic and thermosetting polymers. Material for the part is fed into a heated barrel, mixed (using a helical screw), and injected into a mold cavity, where it cools and hardens to the configuration of the cavity. (Todd, Allen, & Alting, 1994)
In 1872, John Wesley Hyatt and his brother Isaiah patented the first injection molding machine for producing celluloid plastic components. During the subsequent 40 to 50 years, others began investigating and utilizing this new process to produce items such as collar stays, buttons, and hair combs. In the 1920s, the injection molding industry grew even more popular. During World War II, the demand for inexpensive, mass-produced goods fueled explosive growth in the plastic injection molding industry. New materials and technological advancements led to enhanced applications and increased usage. From its inception in the late 1800s to recent innovations and applications, the injection molding industry has expanded rapidly and consistently. It progressed from manufacturing combs and buttons to molding products for all production fields, including automotive, medical, aerospace, construction, consumer goods, toys, plumbing, and packaging. (Bryce, 1999)
This research concentrates on thermoplastic injection molding, commonly known as plastic injection molding.  According to a report distributed by Plastic News in 2021, 575 plastic injection molders were operating in the United States. There were over 1200 plants that contributed to the more than $36 billion worth of plastic injection molding sales generated by the molders. (Crain Communications, Inc., 2022) Plastic News also reports that sales of plastic injection molding products in North America have risen since the beginning of the fiscal year 2019. Plastic molders maintained operations throughout the pandemic, allowing them to continue producing the vitally important personal protective equipment, medical devices, packaging, and other products required to fight COVID-19. Since then, the molders have been extremely busy due to shortages and backlogs. Several molders reported that capacity growth and a lack of workers were two of their biggest problems. (Keller, 2022)
1.4 [bookmark: _Toc140125576]— RESEARCH MOTIVATION
Real-world challenges encountered by the author while working in an injection molding facility inspired this study. Due to limited resources, such as operators, mold hangers, and setup technicians, the company the author worked for encountered obstacles. In addition, the company frequently encountered issues with material drying, with technicians forgetting to dry the material before use. These issues negatively affected the production process, resulting in inefficiencies, delays, and increased costs. While the company had Enterprise Resource Planning (ERP) software to generate production schedules, this software did not schedule the drying of material, mold hanging, and the setup stage. The ERP could not also account for the limited number of operators required for production.
Resource constraints in scheduling are a common issue in manufacturing environments, and the injection molding facility was no exception. Frequently, there was a lack of operators responsible for operating the machines and supervising the production process. In addition, mold hangers, which were responsible for installing molds on the machines, were scarce, and the time required to tear down or hang the mold often exceeded expectations. The lack of setup technicians, who were required to configure and adjust the injection molding process parameters, intensified the difficulties.
Inadequate resource allocation and scheduling can lead to substantial production delays, increased downtime, and insufficient resource utilization. This causes a decline in the company's overall productivity and profitability. In order to optimize the utilization of limited resources in the injection molding facility, it is crucial to develop effective scheduling strategies.
Another issue that plagued the facility involved the drying of materials. Certain injection molding materials require proper drying to remove moisture and prevent defects in the final product. However, there were instances in which technicians neglected to adequately dry the material before employing it in machines. This led to defective products, increased scrap rates, and rework, negatively impacting the facility's production efficiency and profitability.  
1.5 [bookmark: _Toc140125577]— DISSERTATION GOALS
This dissertation aims to develop a mixed integer linear program (MILP) to simulate a real-world scheduling problem for a plastic injection molding facility. The MILP will account for the following:
· Material drying stage
· Unlimited drying resources
· Production stage
· Un-related parallel machines
· Machine eligibility restrictions
· Limited resources
· Mold hanger
· Setup tech
· Operators
· Assembly stage
· At the press assembly
· Assembly station

1.6 [bookmark: _Toc140125578]— ORGANIZATION OF THE DISSERTATION
The rest of the dissertation is structured as follows: Chapter 2 reviews the literature related to the problem. Chapter 3 presents the problem's definition and scope. This chapter also introduces the mathematical model. Chapter 4 presents the solution approach. Chapter 5 presents the results and case studies. Chapter 6 presents corporate utilization. Finally, Chapter 7 presents the conclusion and areas of future research. 

[bookmark: _Toc140125579]CHAPTER TWO - LITERATURE REVIEW
Parallel machine scheduling, unrelated parallel machine scheduling, limited resources, sequence-dependent setup times, and machine eligibility are all aspects of scheduling in an injection molding environment. Parallel machine scheduling occurs when attempting to schedule the dryers to dry the material and when attempting to schedule assembly work at offline assembly stations. Jobs can run on multiple machines. Each job's cycle time and scrap rate will depend on the machine used, so unrelated parallel machines must be considered. Jobs can run on specific machines, so machine eligibility is considered. Managing limited resources, such as mold hangers, setup technicians, and operators, is an additional aspect of the scheduling problems. Prior research has demonstrated that this type of scheduling problem is NP-hard. These scheduling issues are amenable to 2D strip packing-style approaches. The following section contains current literature relevant to the abovementioned areas of interest.
2 [bookmark: _Toc138661253][bookmark: _Toc138663311][bookmark: _Toc138663389][bookmark: _Toc139114366][bookmark: _Toc139114766][bookmark: _Toc139114845][bookmark: _Toc139114998][bookmark: _Toc139115208][bookmark: _Toc139270074][bookmark: _Toc140125580]
2.1 [bookmark: _Toc140125581]— PARALLEL MACHINE SCHEDULING
The parallel machine scheduling problem is one of the most researched scheduling problems in the literature. (Vallada, Villa, & Fanjul-Peyro, 2019) In a parallel machine problem, several identical machines m are available, and the jobs n can be completed on any of them. Jobs may have dependencies; if the preceding job has not been completed, the next job in the sequence may not begin. (Sule, 2007) 
2.1.1 [bookmark: _Toc140125582]— PARALLEL MACHINE SCHEDULING WITH RESOURCE  CONSTRAINTS
Ventura and Daecheol considered scheduling jobs on parallel machines with atypical due dates and additional resource restrictions. The goal was to minimize the total variance of job completion times relative to their respective due dates. Assumedly, all job processing times were identical. Restrictions in the handling and processing jobs during certain phases of semiconductor manufacturing and other production systems prompted this issue. The authors investigated two exceptional cases. The number of additional resource types and resource requirements per job was arbitrary for the first of these. The problem was formulated as a zero-one integer linear programming problem, and the Lagrangian relaxation technique was used to obtain tight lower bounds. In the second scenario, there was only one additional resource type, and the resource requirements per task were either zero or one. It was demonstrated that this problem is equivalent to the asymmetric assignment problem. (Ventura & Daecheol, 2003)  (Ventura & Daecheol, 2003)
2.1.2 [bookmark: _Toc140125583]— PARALLEL MACHINE SCHEDULING WITH SETUP TIMES AND RESOURCE  CONSTRAINTS
Caricato, Grieco, Arigliano, and Rondono presented a parallel machine scheduling issue with sequence-dependent setup times and additional workforce management-related resource constraints. The authors' work addressed the numerous complications that arise in industrial applications due to workforce-specific issues. This was accomplished by separating the complex yet classical parallel machines scheduling problem with sequence-dependent setup times from the additional human resources planning problem: the former was formulated and solved using constraint programming, whereas the latter was addressed using an ad hoc procedure. Prosino S.r.l., an Italian specialized firm, provided the industrial case to validate the adequacy of the adopted method to the actual industrial problem and evaluate the proposed approach's efficacy. The computational outcomes of six months of experimentation at the partner company were presented. (Caricato, Grieco, Arigliano, & Rondone, 2021)   
2.2 [bookmark: _Toc140125584]— UNRELATED PARALLEL MACHINE SCHEDULING
The unrelated parallel machine (UPM) scheduling problem assumes no correlation exists between the processing times of a job on the various machines. (Vazirani, 2003) The literature for UPM scheduling dates to 1959. (Fanjul-Peyro, Perea, & Ruiz, 2017) The author of this paper studied the most elementary case of the UPM problem, where m = 3 and n = 2. (McNaughton, 1959) Since the variant with identical parallel machines is already NP-hard (Garey & Johnson, 1975), the UPM problem is also NP-hard. The UPM is frequently employed in literature to solve industrial scheduling issues. The disadvantage of this approach is that it does not resemble a real-world issue. Many production-related resources, setups, and assembly stages must be considered in an industrial setting like plastic injection molding.
2.2.1 [bookmark: _Toc140125585]— UPM SCHEDULING WITH SETUP TIMES
Fanjul-Peyro and Perea studied the generalization of the unrelated parallel machine scheduling problem with machine and job sequence setup times (UPMS) and the makespan minimization criterion. The authors proposed new mixed integer linear programs and a model based on mathematical programming. In an extensive and exhaustive computational effort, these new models and algorithms were evaluated and compared to the existing ones. The performance of two popular commercial solvers (CPLEX and Gurobi) was also compared in the experiments. Results indicate that the proposed methods notably outperform existing methods and can obtain solutions for large instances with relative deviations from lower bounds of less than 0.8%. (Fanjul-Peyro & Perea, 2019)
2.2.2 [bookmark: _Toc140125586]— UPM SCHEDULING WITH RESOURCES
Common in make-to-order systems, Song, Xue, Hua, and Wang investigated resource-constrained order acceptance and scheduling on unrelated parallel machines. This problem aimed to select a subset of orders to be processed and schedule accepted orders on unrelated machines so that resources were never over utilized. They initially proposed two formulations for the problem: linear programming with mixed integers and set partitioning. The authors devised a column generation strategy based on the set partitioning formulation considering the problem's complexity. An efficient subproblem-solving differential evolution algorithm was developed in the proposed column generation method. Extensive numerical experiments on instances of varying sizes demonstrated that the proposed column generation algorithm produced optimal or near-optimal solutions that were demonstrably superior to those obtained by solving the mixed integer linear programming formulation. (Song, Ming, Hua, & Wang, 2021) 
Fajul-Peyro and Ruiz analyzed a parallel machine scheduling problem in which the processing of jobs on the machines required several scarce resource units. This number is dependent on both the job and the machine. Throughout the production horizon, resource availability is constrained and fixed. The objective under consideration is to minimize the makespan. The authors model this issue using two integer linear programming issues. One is based on a previously proposed model in the literature. This paper's original contribution is the second method, based on its similarity to strip-packing problems. As the presented models cannot optimally solve medium-sized instances, the authors propose three metaheuristic strategies for each model. The proposed algorithms are subjected to extensive computational testing. The results demonstrate that the metaheuristic strategies outperform the mathematical models. (Fajul-Peyro & Ruiz, 2017)
2.2.3 [bookmark: _Toc140125587]— UPM SCHEDULING WITH RESOURCES AND SETUPS
The UPM is frequently employed in literature to solve industrial scheduling issues. The disadvantage of this approach is that it does not resemble a real-world issue. Many production-related resources and setups, like plastic injection molding, must be considered in an industrial setting. 
Zhang, Deng, Lin, Gong, and Han introduced a combinatorial evolutionary algorithm (CEA) that incorporated a list scheduling (LS) heuristic, the shortest setup time first (SST) rule, and the earliest completion time first (ECT) rule to solve the unrelated parallel machine scheduling problem with sequence and machine-dependent setup times (UPMSP-SMDST) with limited worker resources and learning effect (NUPMSP).  In the experimental phase, 72 NUPMSP benchmark instances were created to evaluate the performance of the CEA and facilitate future research. Taguchi was utilized to determine the optimal combination of crucial CEA parameters. Based on 15 benchmark cases, the effectiveness of LS, SST, and ECT was evaluated. Extensive experiments comparing the CEA to several well-known algorithms revealed that the CEA outperformed these algorithms in terms of solving precision and efficiency. (Zhang, Deng, Lin, Gulliang, & Han, 2021) 

Yepes-Borrero, Perea, Ruiz, and Villa presented a bi-objective parallel machine scheduling problem with machine and job sequence dependent setup times, considering resources required during setups. There were a limited number of these resources available.  This simulated numerous real-world situations in which setup times necessitate, for instance, the cleaning and reconfiguration of productive equipment. These setups were performed by personnel whose numbers were naturally limited. The objectives considered were the minimization of the makespan and the minimization of the number of resources.  Fewer available resources decreased production costs but prolonged the production process. Contrarily, a more significant number of resources increased costs but allowed for the completion of more setups in parallel over a shorter period. An algorithm based on iteratively greedy approaches was proposed to locate the Pareto front of the problem. This algorithm was evaluated against problem-specific cutting-edge methods. Experiments backed by statistical analysis demonstrated that the proposed method outperformed all other evaluated methods. (Yepes-Borrero, Perea, Ruben, & Villa, 2021)
Fanjul-Peyro addressed the Unrelated Parallel Machine scheduling problem with Setups and Resources (UPMSR) to minimize the makespan. Processing times and setups were machine and task-dependent. The necessary resources may include: 
· specific resources for processing, which are required for processing a job on a machine; 
· specific resources for setups, which are required to complete the previous setup before a job is processed on a machine; 
· and shared resources, which are non-specific resources that may be required for processing and setup. 
The number of scarce resources was machine and task-dependent. In a plastic processing plant, for example, molds are the specific resource for processing machines, cleaning equipment is the specific resource for setups, and workers are the non-specific shared resource for operating processing machines and setting up cleaning equipment. A linear program with mixed integers was presented to model this problem. In addition, a three-phase algorithm based on exact mathematics was introduced. The model and algorithm were evaluated in a comprehensive and extensive computational campaign. In most instances, the gap against the lower bound for 400 job instances was less than 2.7% based on the results of tests involving various combinations of resource utilization. (Fanjul-Peyro, 2020) 
Yepes-Burrero, Villa, Perea, and Caballero-Villalobos presented new methods for solving realistic scheduling problems that consider additional resources, which can be implemented on expert and intelligent systems and facilitated decision-making in realistic settings. In particular, the authors investigated the unrelated parallel machine scheduling problem with setup times and additional limited resources in the setups (UPMSR-S), with makespan minimization criterion. This was a more natural extension of the traditional problem, in which setups were assumed to have been completed without additional resources (e.g., workers).  They proposed three metaheuristics based on two approaches: a first approach that ignored information about additional resources in the construction phase and a second approach that incorporated this information. A benchmark of small and large instances was utilized to conduct computational experiments. Based on their computational analysis, the authors concluded that the performance of the second method was superior to that of the first. (Yepes-Borrero, Villa, Perea, & Caballero- Villalobos, 2020) 
Afzalirad and Rezaeian addressed an unrelated parallel machine scheduling issue with resource constraints, sequence-dependent setup times, different release dates, machine eligibility constraints, and precedence constraints. The block erection scheduling problem has inspired this problem in a shipyard. Most traditional scheduling problems in a parallel machine environment deal with machines as the only resource. However, other resources such as laborers, tools, jigs, fixtures, pallets, dies, and industrial robots are not only required for processing jobs but are also often restricted. A new pure integer mathematical model is proposed to formulate this complex problem, and the makespan objective function is utilized. Since the problem is extremely NP-hard, exact solutions are infeasible for problems of considerable size. Consequently, two new meta-heuristic algorithms, including the genetic algorithm (GA) and the artificial immune system (AIS), are developed to find optimal or near-optimal solutions. In addition, these algorithms' parameters are calibrated using the Taguchi method. Numerous numerical examples are utilized to assess the performance of the proposed meta-heuristics. The computational results demonstrated that both algorithms are practical and efficient for small-scale problems, whereas the proposed AIS statistically outperformed the proposed GA for large-scale problems. (Afzalirad & Rezaeian, 2016)
2.2.4 [bookmark: _Toc140125588]— UPM SCHEDULING IN PLASTIC INJECTION MOLDING
Sarac introduced a multi-objective mathematical model to minimize the makespan, total tardiness, and total waiting time for parallel machine scheduling problems. This paper presented a two-stage mathematical model and a two-stage solution strategy due to the NP-hard nature of the problem. In the first stage of the mathematical model, jobs were assigned to the machines, and in the second stage, each machine was scheduled separately. Sarac used goal programming, compromise programming, and Lexicographic Weighted Tchebyche programming techniques to scalarize the integrated and two-stage mathematical models. A two-stage algorithm was proposed to resolve large-scale problems quickly. In the initial phase of this method, jobs were assigned to machines and scheduled using a proposed algorithm for simulated annealing. In the second phase of the methodology, a mathematical model was used to determine the job's start time, completion time, and waiting time. On randomly generated test problems, the effectiveness of the methods was illustrated. (Surac, 2021) 
Dastidar and Nagi addressed a production scheduling problem in an injection molding facility. The objective was to meet customer demands while minimizing total inventory holding costs, backlog costs, and setup costs. They presented a mathematical formulation of the problem. The computational complexity of the formulation made it difficult for standard solvers to address industrial-dimensioned problems in a reasonable amount of time. The authors introduced a two-phase work center-based decomposition scheme. The computational results for different problem sizes demonstrated that this scheme could solve industrial-dimensioned problems within reasonable time and accuracy. (Dastidar & Nagi, 2005)
Nagendra, Das, and Nathan presented a mold shop scheduler (MSS) created for the Molding Division of a major US telecommunications equipment manufacturer. This facility contains close to 100 injection-molding machines, and more than 1,000 molds are used to produce over 1,500 distinct parts. The MSS procedure reads the MRP orders at the beginning of every week. Then it generates the sequence of parts or orders to be processed for each machine, the production quantity, and the sequence of mold and material changeovers. A corporate system in charge of plant-wide scheduling generates the MRP orders. In developing the daily schedule, the MSS procedure aims to reduce the total time spent on setups and to minimize the inventory of finished parts. The authors presented four heuristic algorithms sequentially executed in the MSS procedure. An illustration of the application of the algorithms was provided, as well as a comparison with a lot-by-lot MRP implementation.  (Nagendra, Das, & Nathan, 2000)
2.3 [bookmark: _Toc140125589]— ASSEMBLY SCHEDULING
Talens, Fernandez-Viagas, Perez-Gonzalez, and Framinan addressed the two-stage multi-machine assembly scheduling problem, with a layout consisting of several parallel dedicated machines in the first stage and identical parallel machines in the second stage. The objective under consideration was to minimize the total completion time. Despite its practical importance and NP-hardness, this problem has received little attention in the literature. The authors propose two new efficient heuristics. The first heuristic constructs a solution by incorporating specific problem domain knowledge. This algorithm is incorporated into a beam search-based constructive heuristic, and its behavior when the beam width varies is examined. The computational experiments demonstrate that the proposed methods are more effective than the existing heuristics for the problem and adaptations of heuristics from related problems. (Talens, Fernandez-Viagas, Perez-Gonzalez, & Framinan, 2020)
Perez-Gonzalez and Framinan addressed the 2-stage assembly scheduling problem involving m machines in the first stage to manufacture the product's components and one assembly station (machine) in the second stage. The objective considered is the minimization of the total completion time. Since the NP-hard nature of this problem is well-established, most previous research has focused on finding approximate solutions in reasonable computation time. The authors first review and derive several problem properties. Based on these ideas, they develop a constructive heuristic that outperforms the existing constructive heuristics for the problem, providing solutions almost in real-time. Finally, for the cases where extremely high-quality solutions are required, a variable local search algorithm is proposed. The algorithm outperforms the best existing metaheuristic for the problem, as demonstrated by the computational experience. In summary, the heuristics presented in the paper substantially modify the state-of-the-art approximate methods for the 2-stage assembly scheduling problem with total completion time as an objective. (Perez-Gonzalez & Framinan, 2017)
Deng, Wang, Wang, and Zheng investigated the distributed two-stage assembly flow-shop scheduling problem (DTSAFSP) using the makespan minimization criterion. A linear programming model with mixed integers and a competitive memetic algorithm (CMA) are presented. A simple encoding scheme is proposed to represent the factory assignment and the job processing sequence when designing the CMA, along with a ring-based neighborhood structure for competition and information sharing. Moreover, some knowledge-based local search operators are developed to enhance the exploitation ability. Using analysis of variance, we investigate the effect of parameter setting on the CMA. Extensive computational tests and comparisons are carried out, which demonstrate the effectiveness of the proposed CMA in solving the DTSAFSP. (Deng, Wang, Wang, & Zheng, 2016) 
Mohsen, Mahdavi, Hassanzadeh, and Mahdavi-Amiri investigated the two-stage assembly scheduling problem with m machines in the first stage and n machines in the second stage in a lot sizing environment. Lot streaming (also called lot sizing) divides a lot into subplots, each being transferred to the next machine to continue processing. This issue can be viewed as a model of a production system with a production stage and an assembly stage. Suppose different production operations are performed independently in parallel machines. In that case, the manufactured parts transferred to the next stage are assembled with purchased parts at n machines according to the operation process chart to produce the final products. To make the problem more realistic, work-in-process inventories, work shifts, and sequence-dependent setup times are three crucial assumptions. The goal is to reduce the sum of weighted completion times for each shift's products to maximize machine utilization in subsequent shifts. In recent years, considerable effort has been devoted to developing effective heuristics and search strategies. The research proposes using a genetic algorithm and simulated annealing to determine the optimal sequence and schedule for a two-stage hybrid flow assembly shop problem. The numerical results of the authors demonstrate the efficacy of the presented model and the proposed solution approach. (Mohsen, Mahdavi, Hassanzadeh, & Mahdavi-Amiri, 2016)
Sara, Ubén, and Andres-Romano considered several possible schedule extensions: First, they investigated the distributed unrelated parallel machines problem, which involves a collection of identical factories with parallel machines during the production phase. It is necessary to assign jobs to factories and machines. In addition, there is an assembly stage with a single assembly machine. In this second assembly stage, completed jobs from the manufacturing stage are assembled into final products. The Distributed Parallel Machine and Assembly Scheduling Problem, or DPMASP, refers to these combined characteristics. The goal is to reduce assembly time as much as possible. Due to technological limitations, machines cannot be idle, and specific jobs can only be performed in particular factories. The authors proposed a mathematical model as well as two effective heuristics. The model is evaluated utilizing two cutting-edge solvers, and in addition to the heuristics, a total of 2220 instances are solved in a comprehensive computational experience. The results demonstrate that the proposed model can solve moderately-sized instances and that one heuristic provides optimal solutions in less than a half second. (Sara, Ubén, & Andres-Romano, 2015)
2.4 [bookmark: _Toc140125590]— STRIP-PACKING 2D PROBLEM
Fajul-Peyro and Ruiz analyzed a parallel machine scheduling problem in which the processing of jobs on the machines requires several scarce resource units. This number is dependent on both the job and the machine. Throughout the production horizon, resource availability is constrained and fixed. The objective under consideration is to minimize the makespan. The authors model this issue using two integer linear programming issues. One is based on a previously proposed model in the literature. This paper's original contribution is the second method, based on its similarity to strip-packing problems. As the presented models cannot optimally solve medium-sized instances, the authors propose three metaheuristic strategies for each model. The proposed algorithms are subjected to extensive computational testing. The results demonstrate that the metaheuristic strategies outperform the mathematical models. (Fajul-Peyro & Ruiz, 2017)
Lodi, Martello, and Monaci examined problems requiring allocating a collection of rectangular items to larger rectangular standard units while minimizing waste. In two-dimensional bin packing problems, these units are finite rectangles; the goal is to pack all the items into the minimum number of units. In contrast, in two-dimensional strip packing problems, there is a single standardized unit of given width, and the goal is to pack all the items within the minimum height. The authors discussed mathematical models and provided an overview of lower bounds, classical approximation algorithms, recent heuristic and metaheuristic methods, and exact enumerative approaches. The relevant special cases in which the items must be stacked in rows were discussed in depth.  (Lodi, Martello, & Monaci, 2002)
2.5 [bookmark: _Toc140125591]— RESEARCH GAP
Scheduling, including custom plastic injection molding facilities, is essential to all manufacturing operations. Due to limited resources and the need to efficiently coordinate multiple operations, these facilities face unique challenges in managing their scheduling tasks. These tasks include material drying, mold setup and tear down, machine setup, part production, and assembly. The scheduling challenge is to minimize the makespan for these tasks while considering all the involved tasks. 
Although there is substantial literature on scheduling models, the author has observed that none of the existing research has combined all the tasks involved in custom plastic injection molding facilities into a single scheduling model and implemented it using real-world data. Prior research frequently employed uniform distributions for production times, which may not accurately reflect the variability of actual operations. In addition, most cases in previous research considered a small number of machines, typically two to eight, which may not apply to larger facilities with more machines, such as an injection molding facility with 28 machines.
Custom plastic injection molding facilities require a comprehensive scheduling model that accounts for all tasks. Real-world data can provide a more accurate representation of production time variability, and the complexity of larger facilities with multiple machines must be considered. Developing a scheduling model that addresses these obstacles would benefit custom plastic injection molding facilities. It could optimize resource utilization, reduce downtime, increase production efficiency, and boost overall operational performance.
The author proposes conducting a comprehensive study to develop a scheduling model for a 28-machine custom plastic injection molding facility to address these gaps in the literature. The study will collect and analyze real-world data to accurately represent the variation in production times, scrap rates, and order sizes. This information will be incorporated into the model to accurately represent the scheduling challenges that custom plastic injection molding facilities face. The proposed scheduling model will consider the various tasks and their dependencies, constraints, and available resources. It will seek to minimize the makespan.
In addition, analyses will be conducted to evaluate the robustness and performance of the scheduling model under various scenarios and conditions. The analyses will assist in evaluating the effectiveness and adaptability of the proposed model to accommodate production requirements, machine availability, resource constraints, and other factors that may affect scheduling performance.
This research will contribute to scheduling optimization in custom plastic injection molding facilities by developing a realistic and comprehensive model applicable to real-world scenarios. The findings may assist facilities in enhancing their scheduling practices, optimizing resource utilization, decreasing downtime, and enhancing overall operational efficiency. The proposed model can also be a foundation for future research and development of advanced scheduling techniques for facilities that perform custom plastic injection molding.
In conclusion, the scheduling challenges faced by custom plastic injection molding facilities are complex and necessitate a comprehensive approach that considers all tasks, the variability in production times, and the complexity of larger facilities. The proposed research aims to create a scheduling model for a 28-machine injection molding facility using actual data, incorporating dependencies, constraints, and resources, and optimizing scheduling performance. This research may contribute to scheduling optimization in custom plastic injection molding facilities and benefit the industry.
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3.1 [bookmark: _Toc140125594]— PROBLEM STATEMENT
This problem is based on an unrelated parallel machine (UPM) scheduling problem in a facility with limited resources, drying requirements, mold eligibility restrictions, machine eligibility restrictions, and sequence-dependent setups. All jobs are currently scheduled using enterprise resource planning (ERP) software. The schedule is used for two-week production planning. The ERP will generate a production schedule automatically based on machine eligibility and job due dates. When creating the schedule, the ERP will use historical data to match each job with the appropriate machine. This will reduce production time. Even after generating a schedule, a production planner must manually adjust it to account for insufficient resources. The following are a few more disadvantages of the ERP schedule: 
· Drying of material is scheduled manually (if required)
· Mold tear-down and setup between jobs are omitted
· The time to set the job up for production is not included
· Assumes unlimited resources to process jobs
· Machine load balancing is performed manually
The ERP generates a schedule to minimize the maximum completion time, known as the makespan.
3.2 — DEVELOPMENT OF THE MODEL                                                   Multiple diagrams depicting the multiple steps were created to develop the model. The subsequent section will introduce and explain each of these diagrams and how they contributed to the development of the model.
3.2.1 [bookmark: _Toc140125595]— DRYING STAGE
Because some plastics are hygroscopic, they must be dried before being used for their intended job. The drying time ranges from 2-4 hours. Drying must be completed before the job is prepared for installation. If the drying process is completed too soon, the material may absorb moisture and must be re-dried. This study will implement a constraint to ensure that the drying time coincides with the mold hanging completion time. It is assumed that the dryer is an unlimited resource. The relationship between specific jobs and drying requirements is depicted in Figure 5. Jobs 1, 3, and 4 require drying, whereas jobs 2 and 5 do not. Jobs 2 and 5 would be ready for immediate production if a suitable machine and mold were readily available. While working at an injection molding facility, the author witnessed several instances in which a job was being prepared for production when it was discovered that the material was not dry. Since the ERP program does not schedule drying requirements, and this causes multiple delays to the production schedule, the author wishes to incorporate this into the MILP model.
3.2.2 [bookmark: _Toc140125596]— MOLD-MACHINE ELIGIBILITY RESTRICTION
Injection molding of plastics requires a unique mold for each component. The custom mold is only compatible with specific machines. An injection mold will require a machine with a specific tonnage to withstand the injection pressure experienced during the production cycle. The parts may exhibit flash if the required mold tonnage exceeds the machine's capabilities. The mold must also fit within the tie bars of the injection molding machine, if applicable. The mold is mounted to platens located in the injection molding 
[image: ]
[bookmark: _Ref119222403][bookmark: _Toc139270192]Figure 5. Jobs with dryer requirements.



machine.
In most cases, the mold should cover 70% of the platen mounting surface. (Bozzelli & Fatori, How to Mount an Injection Mold, 2022) The mold could be damaged if the injection mold is too small for the molding machine. Lastly, when selecting an eligible machine, the shot size of the mold must be considered. The shot size should utilize 25 to 75 percent of the injection molding machine's barrel capacity. (Bozzelli, 2011) Figure 6 depicts the job-mold and mold-machine compatibility considered for this model. 
3.2.3 [bookmark: _Toc140125597]— ASSEMBLY STAGE
After a part was molded, it was necessary to determine if it was needed for an assembly. If the component was not necessary for assembly, it was packaged and sent to the customer. If the part was necessary for an assembly, it and all other necessary parts must be completed before the assembly process can begin. As depicted in Figure 7, the assembly stage could occur at an assembly station or an injection molding machine. This figure also depicts an example of an assembly that required the completion of a subassembly and all other necessary parts. This figure also depicts an example of an assembly that required the completion of a subassembly and all other necessary parts. For instance, Job 14 requires the completion of Jobs 6, 7, and 13, where Job 13 is a subassembly consisting of Jobs 8 and 9 before the assembly process can begin.
3.3 [bookmark: _Toc140125598]— MODEL CONSTRAINTS AND ASSUMPTIONS
The author's model constraints and assumptions will be discussed in the subsequent
section. The model was based on a seven-day workweek with 24-hour production. For
[image: ]
[bookmark: _Ref129210305][bookmark: _Ref129210289][bookmark: _Toc139270193]Figure 6. Job-Mold-Machine Eligibility
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[bookmark: _Ref129210818][bookmark: _Toc139270194]Figure 7. Assembly Requirements.
this study, the author assumed that the maximum number of operators is 21, the maximum number of mold hangers is 3, and the maximum number of setup technicians is 3. This assumption was based on historical information from the facility's human resources office. These values are adjustable to accommodate the needs of the end user. The time required to complete the mold teardown from the previous job and hang the mold for the new job was estimated to be one hour. The time required to set up the machine for processing was estimated to be one hour. The facility could conduct time studies for each activity to create a more accurate scheduling model. The facility relied on 28 molding machines to manufacture parts. 
3.4 [bookmark: _Toc140125599]— MODEL FLOW CHART
A flowchart was created to assist the author in identifying all necessary components to facilitate the development of the model. The flowchart is depicted in Figure 8. From this flow chart, one can see that the following must be considered for the model:
· Machine availability
· Mold-machine eligibility
· Drying requirement
· Mold hanger availability
· Setup technician availability
· Operator availability
· Assembly requirements
Before this study, the company that provided the data lacked a flowchart illustrating this procedure. After development, this flowchart was provided to the company, which is now used for employee training and visual aids.
[image: ]
[bookmark: _Toc139270195]Figure 8. Flow chart depicting job processing requirements.
3.5 [bookmark: _Toc140125600]— MATHEMATICAL MODEL
The subsequent section explains and discusses the model. This work uses superscripts to represent the types of resources that are neither indexes nor power functions.
Indices:
 j, k, l= 0,1, 2, . . ., N. Indices for jobs. Where 0 is the dummy job
i = 1, 2, . . ., M. Index for machines
v = 1, 2, …, Vmax . Index for various setup resources 
q = 1, 2, …, Qmax. Index for dryers
Parameters:
n: total number of jobs
m: total number of machines
u: total number of products need assembly
Variables
L: a very large positive number
: time to tear down mold for job j on machine i and hang mold for job k on machine i
: processing time of job j on machine i
: setup time of machine i, if job j is processed before job k
 = drying time required for job j
 = maximum number of type v (s2 = mold hanger, s3=setup tech) resources allowed for setup
 = maximum number of resources allowed for processing 
 = number of resources of type v (s2 = mold hanger, s3=setup tech) required during setup for machine i between job j and k 
 = number of resources required during processing for machine i for job j 
: coordinate of processing of job j in the P-resources dimension (the specific resources employed in the processing of job j) 
: coordinate of mold setup of job j in the S2-resources dimension (the specific resources employed in the mold setup of job j) 
: coordinate of machine setup of job j in the S3-resources dimension (the specific resources employed in the machine setup of job j) 
 are binary auxiliary variables with value = 1 when the variable value studied in constraints (time or resources) of job k is higher than the variable value studied (time or resources) of job j. The letters in superscript indicate the dimension where they are used. 
 : completion time of the last job or product
 : completion time of job j
 : completion time drying for job j
 : completion time of mold teardown/hanging before the setup of job j on the corresponding machine
 : completion time of machine setup before the processing of job j on the corresponding machine
Decision Variables:
 : 1, if job j is processed before job k in machine i. 0; otherwise 
 : 1, if job j is assigned to machine i. 0; otherwise
 : 1, if job j material is assigned to dryer q. 0; otherwise
: 1; if machine i can process job j. 0; otherwise
: 1; if the raw materials of job j require drying before setup. 0; otherwise
 1; if job j is required for job k. 0; otherwise
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Equation (1) shows the objective of minimizing the makespan in this model. Constraint (2) defines the makespan where all mold setup down times, mold hanging times, setup times, and processing times are added for each machine. Constraint (3) ensures that no more than one job is scheduled after the dummy job at the beginning of each machine. Constraint (4) forces each job to be assigned to only one machine. Constraint (5) forces each drying job to be assigned to only one dryer. Constraints (6) and (7) ensure that only one job can be done immediately before and only one job immediately after (respectively) each job if jobs are assigned to the same machine, including dummy jobs. Constraint (8) determines that if job k is placed immediately after job j, processing of job k on machine i cannot begin before completion of job j, mold setup of job k, and machine setup for job k on machine i is completed. Constraint (9) ensures that the first job scheduled cannot have a drying requirement. Constraint (10) ensures that jobs are assigned to only technically suitable machines. Constraint (11) ensures that the drying of material for job k is completed at the completion time of mold setup for job k. Constraint (12) ensures that the mold setup for job k cannot begin before the machine setup for job k is complete. Constraint (13) ensures that the processing of job k cannot start before the machine setup of job k is complete. Constraint (14) forces that if job j is the previous job done before job k on machine i, the finishing time of mold setup k must be later than the finishing time of processing of job j plus mold setup time of job k. Constraint (15) sets the lower bound of the completion time of job k (Ck) to be greater or equal to the sum of its mold setup, press setup, and processing time. The next set of constraints is based on a 2D packing problem. The horizontal axis represents the time axis. The vertical axis represents the resource axis. Constraints (16)-(18) ensure the maximum number of resources is not exceeded during processing, drying, mold setup, and machine setup, respectively. Constraint (19) avoids overlap in the time axis for processing. Constraint (20) avoids overlap in the processing resource axis. Constraint (21) ensures that there is no overlap neither in the time axis nor in the processing resource axis. Constraint (22) avoids overlap in the time axis for mold setup. Constraint (23) prevents resource axis overlap in mold setup. Constraint (24) ensures no overlap in the time axis or mold setup resource axis. Constraint (25) avoids overlap in the time axis for machine setup. Constraint (26) prevents resource axis overlap in machine setup. Constraint (27) ensures no overlap, neither in the time axis nor the machine setup resource axis. Constraint (28) implies that if job k requires assembly, then each job k cannot begin to assemble before all its jobs j required for assembly are completed. The variable limits are defined by constraints (29-37). Constraint (38) sets the completion time of the dummy jobs to zero.
3.6 [bookmark: _Toc140125601]— MODEL VALIDATION
A small dataset was constructed to validate the model. Table 1 lists the dataset used to validate the model without the assembly stage. Python was then loaded with the dataset. The model was subsequently solved using Gurobi Optimizer 10.0. The Gurobi Mixed-Integer Programming (MILP and MIQP) solver employs a cutting-edge branch-and-cut algorithm. The simplex and barrier solvers for LP and QP solve models with millions of variables and constraints rapidly and reliably. (Gurobi Optimization, 2023) All studies were conducted on a 2.50GHz 11th Generation Intel® CoreTM i9-11900H computer. The author then validated the model results using MATLAB code, producing a Gantt chart-style plot. 
Figure 9 shows the first plot to validate the model. In this figure, MH represents the mold hangers, and ST represents the setup technician. This figure was used to validate the following:
· No overlap in the mold hanger resource (Maximum of 1 at a time)
· No overlap in the setup technician resource (Maximum of 1 at a time)
· No overlap of the jobs being run on the same machines
· The mold hanging and set up for a job were complete before it could start
· Each job was only assigned to eligible machines
[bookmark: _Ref122719861][bookmark: _Toc139270145]Table 1. Dataset used to validate model without the assembly stage.
	[bookmark: RANGE!A1:F7]
	ELIGIBILITY
	PROCESSING TIME
	N_OPERATORS

	Job
	M1
	M2
	M1
	M2
	M1
	M2

	J1
	1
	0
	1
	0
	1
	0

	J2
	0
	1
	0
	1
	0
	2

	J3
	1
	1
	2
	1
	2
	2

	J4
	1
	1
	1
	1
	2
	2

	J5
	1
	0
	1
	0
	1
	0
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[bookmark: _Ref129097878][bookmark: _Ref129097872][bookmark: _Toc139270196]Figure 9. Plot to show no overlap in mold hanger, setup technician, and jobs.

	





The second portion of the model to be validated was that the maximum number of operators was not exceeded. For this model, the maximum number of operators could not exceed two. Figure 10 shows each of the five jobs. The vertical axis represents the number of operators required for each job. The horizontal axis represents the time at which the jobs are being produced. Jobs 2, 3, and 4 require two operators, while jobs 1 and 5 only require one operator. The green rectangles represent jobs run on machine 1, while the red rectangles represent jobs run on machine 2. It should be noted that while jobs 2 and 3 are run on different machines, job 2 could not be started any earlier since it would exceed the maximum number of operators allowed.
The final portion of the model to be validated was the assembly stage. For this portion, the dataset was updated so that job 1 was required to assemble job 3. Table 2 shows the updated dataset for the assembly validation model. As shown in Figure 11, job 3 is not completed before job 1 is complete. It should also be noted that job 3 was not started immediately after the completion of job 1 because it had a drying requirement of three hours.
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[bookmark: _Ref122717482][bookmark: _Ref122717379][bookmark: _Toc139270197]Figure 10. Maximum allowable operator resource validation plot.
[bookmark: _Ref122770112][bookmark: _Ref122770106]
[bookmark: _Toc139270146]Table 2. Dataset used to validate model without the assembly stage. 
	
	ELIGIBILITY
	PROCESSING TIME
	N_OPERATORS
	DRYING
	ASSEMBLY

	Job
	M1
	M2
	M1
	M2
	M1
	M2
	REQ'D
	HOURS
	REQ'D
	JOB(S) REQ’D

	J1
	0
	1
	0
	2
	0
	0.33
	0
	0
	0
	0

	J2
	1
	0
	4
	0
	0.25
	0
	0
	0
	0
	0

	J3
	0
	1
	0
	4
	0
	0.13
	1
	3
	1
	1

	J4
	1
	0
	6
	0
	2
	0
	0
	0
	0
	0

	J5
	1
	0
	21
	0
	0.25
	0
	0
	0
	0
	0
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[bookmark: _Ref122769951][bookmark: _Toc139270198]Figure 11. Plot to validate assembly portion of model.
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4.1 [bookmark: _Toc140125604]— RANDOM DATA GENERATION BASED ON REAL-WORLD DATA
The author was permitted to collect real-world data for the injection molding facility. This data included a 10-year history of production runs. The data included production cycle times, scrap rates, the number of mold cavities, the number of required operators, and order sizes for various jobs. Some jobs had become obsolete, so only jobs included in current or forecasted production schedules were used. 
Due to a non-disclosure agreement (NDA), the production data could not be shared in this study. The data was analyzed to identify an appropriate distribution for generating random data. The following sections will discuss the random production schedules, data analysis, and MATLAB code to generate the random production schedules.
4.1.1 [bookmark: _Toc140125605]— RANDOM PRODUCTION SCHEDULES
Each random production schedule (RPS) considered the number of jobs, number of machines, maximum number of operators, mold hangers, and setup techs. The number of operators (OPS) used for this study was OPS = [0.13, 0.25, 0.33, 0.5, 1, 2]. Previous research had primarily used integer values for the number of operators or resources. Table 7 lists the number of jobs (N), the number of machines (M), and the number of operators or resources (O) for several studies. In these studies, the number of operators and resources varied from one to nine. In most studies, the number of operators or resources was distributed uniformly. The downside is that in the real world, jobs may have a non-integer number of operators assigned to them. This holds for the injection molding facility utilized in this study. Multiple jobs required 0.13, 0.25, or 0.5 operators. The 0.13 operators meant an operator assigned to this job could also run six other jobs if needed. Automated machines requiring an operator to inspect parts frequently required 0.13 operators. The 0.25 operators meant that an operator assigned to run this job could also run four other jobs if needed. The 0.5 operators meant that an operator assigned to run this job could also run two other jobs if needed. 
The number of production orders used for the RPS was N = [50, 100, 200], where 50 production orders are considered a small case, 100 production orders are considered a medium case, and 200 production orders are considered a large case. As shown in Table 7, only one study considers 200 production orders as a large case. The number of production orders that required assembly would be 0.25 times the total number of production orders. It should be noted that this study only considers M = [4, 6, 8] machines, however. Another study did include 45 machines but only considered 51 production orders. As with the operators, many production orders do not correspond to the injection molding facility's production requirements. The facility has 28 injection molding machines and completes an average of 100 weekly production orders. For this study, the number of machines will be M = [10, 12, 14, 16, 18, 20, 22, 24, 26, 28] to account for real-world instances. The maximum number of operators allowed for the largest RPS would be 21, and the maximum number of machines in this RPS would be 28. The ratio of operators to machines is 0.75. Hence, Equation 39 will determine the maximum number of operators. 
	
	(39)


where: 

When a non-integer value is calculated, the value will be rounded up to the next integer. Table 3 lists the number of machines available and the maximum number of operators available.
The maximum number of mold hangers and setup techs distribution will be U(1,2) when the machine count ranges from 10 to 18. The distribution will be U(2,3) when the machine count ranges from 20 to 28. The number of production orders will not affect the maximum number of operators, mold hangers, or setup techs. The number of mold cavities distribution be U(1, 2, 4, 8), and the drying times distribution will be U(2,3,4). Each combination was replicated five times. The total number of small RPS is 10 x 4 x 5 = 200. This also represents the total number of RPS for the medium and large cases. A total of 600 RPS were studied. 
4.1.2 [bookmark: _Toc140125606]— REAL-WORLD DATA ANALYSIS
The history of the production run was organized by machine. The author developed a spreadsheet to facilitate data organization based on part numbers. Once all the data was organized by part number, the author checked for accuracy and apparent mistakes in the recorded data. The distributions were used to identify any obvious errors or outliers. In these cases, the setup technician or maintenance team did not correctly configure the machine in the enterprise resource planning system when the mold or machine was being serviced or set up for the first time to perform a job. Next, a weighted average of the cycle times and scrap rates was calculated. The set of filtered data contained 302 points. Histograms were generated for the data sets to determine the distribution of cycle times, scrap rates, and order sizes for use in the MATLAB code. The built-in Excel descriptive statistics tool analyzed the cycle time, scrap rate, and
[bookmark: _Ref129891921][bookmark: _Toc139270147]Table 3. Maximum # of operators available based on the # of machines.
	 # of Machines
	Maximum # of Operators

	10
	8

	12
	9

	14
	11

	16
	12

	18
	14

	20
	15

	22
	17

	24
	18

	26
	20

	28
	21


















order size data. The cycle time data statistics are shown in Table 4. The histogram for the cycle time data is shown in Figure 12. The author investigated several distributions
and found that the Rayleigh distribution best matched the cycle time data distribution. The scrap rate statistics are shown in Table 5. The histogram for the scrap rate data is shown in Figure 13. The author investigated several distributions and found that the exponential distribution matched the scrap rate data distribution the best. The order size statistics are shown in Table 6. The histogram for the order size data is shown in Figure 14. The author investigated several distributions and found that the exponential distribution best matched the order-size data distribution. 
Using the cycle time, original order size, number of cavities, and scrap rate data, the production processing time is calculated using equation 40.
	
	(40)


Where:

The order size is based on the job order size and the scrap rate and is calculated using equation 41.
	
	(41)


Where:

[bookmark: _Ref130024561][bookmark: _Toc139270148]Table 4. Cycle Time Data Statistics.Deve
	Cycle Time Data Statistics

	Mean
	65.03639929

	Standard Error
	1.455328129

	Median
	61.49804949

	Mode
	87.13444717

	Standard Deviation
	25.29090644

	Sample Variance
	639.6299487

	Kurtosis
	0.655288991

	Skewness
	0.780938491

	Range
	138.2436999

	Minimum
	14.18984576

	Maximum
	152.4335456

	Sum
	19640.99259

	Count
	302




[bookmark: _Ref130024665][bookmark: _Toc139270199]Figure 12. Histogram for cycle time data.
[bookmark: _Ref130025079]
[bookmark: _Toc139270149]

Table 5. Scrap Rate Data Statistics
	Scrap Rate Statistics

	Mean
	0.031170766

	Standard Error
	0.002562523

	Median
	0.013309122

	Mode
	0

	Standard Deviation
	0.044531905

	Sample Variance
	0.001983091

	Kurtosis
	8.290300347

	Skewness
	2.53891718

	Range
	0.308

	Minimum
	0

	Maximum
	0.308

	Sum
	9.413571452

	Count
	302




[bookmark: _Ref130025118][bookmark: _Toc139270200]Figure 13. Histogram for scrap rate data.




[bookmark: _Ref130025217][bookmark: _Toc139270150]Table 6. Order Size Statistics
	Order Size Statistics

	Mean
	10262.61889

	Standard Error
	748.8318357

	Median
	5460.285714

	Mode
	2161.222222

	Standard Deviation
	13013.30987

	Sample Variance
	169346233.7

	Kurtosis
	4.177527721

	Skewness
	2.029079749

	Range
	68311.41379

	Minimum
	25

	Maximum
	68336.41379

	Sum
	3099310.906

	Count
	302




[bookmark: _Ref130025280][bookmark: _Ref130025267][bookmark: _Toc139270201]Figure 14. Histogram for Order Size Data.

[bookmark: _Ref129532624][bookmark: _Ref129532618][bookmark: _Toc139270151]Table 7. # of Jobs, # of Machines, and # of Operators/Resources used in previous research.
	Author
	N
	M
	O

	Afzalirad, M., & Rezaeian, J.
	3, 4, 5, 6 (S)                     30,40, 50, 60 (L)
	2, 3 (S)                         2, 4, 6, 8 (L)
	1, 2 (S)                           1, 2, 3, 4, 5 (L)

	Stayaki Ghosh Dastidar, Rakesh Nagi
	1-10 (S)
11-25 (M)
26-51 (L)
	10-30 (S)
31-42 (M)
42-45 (L)
	U(1-6)

	Luis Fanjul-Peyro ∗, Federico Perea, Rubén Ruiz
	8, 12, 16 (S)                         20, 25, 30 (L)
	2, 4, 6 (S & L)
	U(1, 9) (S & L)

	Luis Fanjul-Peyro
	10, 20, 30, 40 , 50 (S)                        60, 80, 100, 120, 140 (M)    200, 250, 300, 350, 400 (L)
	4, 6, 8 (S, M & L)             
	U(1,9) (S, M & L)

	Pinar Yunusoglu & Seyda Topaloglu Yildiz
	3, 4, 5, 6 (S)                           10, 11, 12 (M)                      30, 40, 50, 60 (L)
	2, 3 (S)                          2, 3, 4, 5 (M)                2, 4, 6, 8 (L)
	1, 2 (S)                           1, 2, 3 (M)                     1, 2, 3, 4, 5, (L)

	Yujian Song , Ming Xue , Changhua Hua , and Wanli Wang
	15, 20 (S)                               40, 60 (M)                             90, 100 (L)
	2, 3 (S & M)                  3, 4 (L) 
	U(1,9)
















4.1.3 [bookmark: _Toc140125607]— CODE TO GENERATE A RANDOM DATA SET
Developing 600 RPS would require a great deal of time. To address this issue, the author developed a MATLAB code that quickly generated an RPS based on two inputs. The code required input for the number of production orders and machines. After the inputs were entered, the code generated the RPS based on distributions discussed in Section 4.1.2. A copy of the MATLAB code can be found in Appendix A. 
 A histogram was created from the MATLAB cycle time, scrap rate, and order size data to verify that the code generated a feasible production schedule. The histograms were compared to data from the real world. Figure 15 depicts the histogram for the MATLAB cycle time data. Figure 16 depicts the histogram of real-world and MATLAB cycle time data, to which the distribution of MATLAB data corresponds closely. Figure 17 depicts the histogram for the MATLAB scrap rate data. Figure 18 depicts the histogram of real-world scrap rate data and MATLAB scrap rate data, the distribution of which corresponds closely to that of the real-world data. The histogram for the MATLAB order size data is depicted in Figure 19. Figure 20 is a histogram of real-world order size data and MATLAB order size data, whose distribution closely matches real-world data. 
4.2 [bookmark: _Toc140125608]— FULL MODEL
The Gurobi Optimizer 10.0 was used to analyze this study's initial and subsequent models. Guroi optimized the full model, incorporating all the constraints outlined in Chapter 3, Section 5. Appendix B contains the code for the entire model, providing transparency and reproducibility for the research.
Various case sizes were evaluated to assess the performance of the models. The

[bookmark: _Ref130408762][bookmark: _Ref130548069][bookmark: _Toc139270202]Figure 15. Histogram for cycle time data generated by MATLAB code.

[bookmark: _Ref130548139][bookmark: _Toc139270203]Figure 16. Histogram to compare MATLAB cycle time distribution and production run cycle time distribution.

[bookmark: _Ref130548512][bookmark: _Toc139270204]Figure 17. Histogram for scrap rate data generated by MATLAB code.

[bookmark: _Ref130548468][bookmark: _Toc139270205]Figure 18. Histogram to compare MATLAB scrap rate distribution and production run scrap rate distribution.

[bookmark: _Ref130409054][bookmark: _Toc139270206]Figure 19. Histogram for order size data generated by MATLAB code.

[bookmark: _Ref130548747][bookmark: _Toc139270207]Figure 20. Histogram to compare MATLAB order size distribution and production run order size distribution.
execution of the small cases was one hour or 3600 seconds. Similarly, one hour was allotted to medium cases (3600 seconds). However, due to the complexity and size of the large cases, they were permitted to run for three hours (10800 seconds). The time constraints were imposed to replicate the time allotted to an actual production scheduler with the plastic injection molding company.
The two-phase algorithm also adhered to these time constraints. The optimal schedule would be displayed if a feasible solution could be identified within the allotted time. An example of an optimized schedule is illustrated in Appendix C.
The results presented in Chapter 5 indicate that while the full model successfully handles extremely small instances, it encountered difficulties when optimizing instances involving 100 or more jobs. This finding highlights the need for additional research and development to enhance the model's capacity to handle larger job sizes effectively. By identifying the limitations of the model's optimization performance for 100-job instances, researchers can gain valuable insight into the areas that require refinement and optimization. 
4.3 [bookmark: _Toc140125609]— TWO-STAGE ALGORITHM
The two-stage algorithm was developed to solve the difficulties encountered with the full model while attempting to solve large-scale problems. This algorithm was designed to optimize the scheduling procedure by separating it into two phases, each focusing on a particular aspect of job allocation and resource utilization.
In the initial phase of the algorithm, jobs were scheduled based on the following factors:
· Drying requirements
· Machine eligibility
· Assembly requirements 
The original model's constraints (1)-(10), (15), and (28) were utilized to accomplish this. Appendix B contains the code implementing the first stage of the algorithm. The model was saved and advanced to the next phase if a feasible solution was found in the first stage.
The second phase of the algorithm focused on job scheduling, considering the availability and utilization of key resources such as the mold hanger, setup technician, and operator. In this phase, constraints (1)-(28) from the original model were utilized. Appendix B also contains the code for implementing the second stage of the algorithm. Upon completion of this phase, the respective schedule was displayed if a feasible solution was found, which reflected the allocation of resources and job sequencing. Appendix C illustrates an optimized schedule and a visual representation of the algorithm's results.
Figure 21 is a flowchart that outlines the sequential steps and decision-making processes involved to illustrate how the two-stage algorithm operates. This flowchart provides a comprehensive overview of the two-phase algorithm's operation, highlighting the distinct stages and considerations for each phase.
In the research study, introducing the two-phase algorithm was intended to improve the scheduling of large-scale problems. The algorithm enabled more efficient and effective job allocation and resource utilization by dividing the optimization process into two stages and focusing on different aspects of scheduling. The algorithm's source code 
[image: https://documents.lucid.app/documents/83624d00-e663-491f-9fea-3559d39ee8ed/pages/0_0?a=643&x=490&y=10&w=1626&h=2157&store=1&accept=image%2F*&auth=LCA%20f1b432cb5645f82b45f240263177485b67f852faaa6e1e7d6cc04b653cc691d3-ts%3D1681765050]
[bookmark: _Ref137798440][bookmark: _Toc139270208]Figure 21. Flow chart explaining how the two-stage algorithm functions.

can be found in Appendix B, and an example of an optimized schedule in Appendix C demonstrates its practical application and results.
4.4 [bookmark: _Toc140125610]— BRANCH AND BOUND
Branch and bound (BaB) is an algorithmic technique to solve optimization problems, especially combinatorial optimization. It is designed to systematically explore the solution space and prune branches unlikely to lead to the optimal solution. The following will discuss how BaB works. The section also discusses why BaB is suited for schedule optimization problems.
The first step of BaB is to initialize and begins with an initial feasible solution of a solution space devoid of solutions. Once initialization occurs, the next step is calculating a lower initial bound (LB) and an upper initial bound (UB) for the problem. The next stage is solution exploration begins. The branch and bound method divides the feasible region into tree-like partitions and uses the solutions to subproblems to constrain the objective function and "prune" the solution tree's branches. (Curtin, 2005) This pruning operation enables the algorithm to disregard unproductive branches, accelerating convergence. The following steps take place while the solution exploration occurs.
· Evaluate the partial solution and update the lower bound for each subproblem.
· If the lower bound exceeds the best-known upper bound, prune the subproblem and cease exploring it.
·  Update the best upper bound if the partial solution is feasible and its upper bound is superior to the current best upper bound.
· Select a promising variable or constraint to branch on and generate new subproblems based on various potential assignments or constraints.
These steps will be repeated until an optimal solution is found, all subproblems have been explored or pruned, or the allotted time has been exceeded. (Clausen, 1999)
Figure 22 provides a visual illustration of the operation of BaB. In this image, the is generated during the stage of initialization. During the solution exploration, it is determined that the optimal value for A is 2. Therefore, the remaining three branches are pruned. The subsequent step demonstrates that the variable B = 1 offers the optimal solution. This procedure is repeated for variables C and D. In conclusion, the BaB has determined that the optimal solution when A=2, B=1, C=3, and D=4 is 13.
BaB's central idea is to utilize bounds and intelligent branching to direct the search toward promising regions of the solution while discarding less promising regions. This reduces the number of solutions that must be evaluated and increases the efficiency with which an optimal or near-optimal solution can be identified. The effectiveness of BaB is contingent upon the quality of the bounds and the chosen branching strategy. Tighter bounds and efficient branching rules can reduce the search space, resulting in faster convergence and improved optimization problem solutions. BaB is a powerful technique frequently employed to solve optimization problems, such as scheduling issues. It is especially useful for resolving scheduling issues since BaB reduces the search space. Scheduling problems typically have a large search space because of numerous combinations of tasks and resources. Branch and bound reduces this search space by intelligently exploring only the most promising regions, thereby avoiding the need to consider all potential solutions. This substantially reduces the computational effort required to locate an optimal or near-optimal solution. 
BaB adapts to the constraints and objective functions typically encountered in scheduling problems. It can be modified to incorporate problem-specific constraints
[image: Lightbox]
[bookmark: _Ref137811192][bookmark: _Toc139270209]Figure 22. Visual representation showing how the BaB method works. (https://www.geeksforgeeks.org/job-assignment-problem-using-branch-and-bound/, n.d.)







such as resource availability, precedence relationships between tasks, and time windows. Moreover, it can optimize various objective functions, such as minimizing makespan, minimizing the number of late tasks, and maximizing resource utilization. (Team, 2023)
4.5 [bookmark: _Toc140125611]— 2D PACKING PROBLEM
The 2D packing problem, also known as the 2D bin packing problem, is an optimization problem involving packing a set of 2D objects into a minimal number of 2D bins or containers of fixed size. The objective is to find an arrangement that minimizes the number of bins used or maximizes space utilization within the bins. Figure 23 provides a visual representation of the 2D packing problem. (Kenmochi, Imamichi, Nonobe, Yagiura, & Nagamochi, 2009) The restricted H or height represents the limited resources available for this study. The W or width axis represents time. The following section will explain how the 2D packing problem works.
The first step for a 2D packing problem is to specify a collection of 2D objects. Each of these objects will have a designated length and width. The width for each of the 2D objects considered in this study will be time. For this study, the 2D objects considered and their corresponding dimensions are listed in Table 8. 2D Objects and their corresponding dimensions for this 2D packing problem. As shown in Figure 23, the time axis or width will be infinite, and the resource axis or height will be limited to the number of available resources for each object. The objective is to pack the available bins with the items to maximize space utilization within the bins. It should be noted that when optimizing or packing the 2D objects in the available space, no item may exceed the bin’s dimensions, and no objects can overlap.
[image: ]
[bookmark: _Ref137815606][bookmark: _Toc139270210]Figure 23. Visual representation of 2D packing problem with a strip of bounded height and infinite width.

[bookmark: _Toc139270152]Table 8. 2D Objects and their corresponding dimensions for this 2D packing problem.
	2D Object
	Width
	Height

	Individual Jobs
	Time
	# of Operators Required

	Mold Hanging Stage
	Time
	# of Mold Hangers Required

	Setup Stage
	Time
	# of Setup Techs Required









The 2D packing problem has applications in a variety of fields, such as logistics, container loading, cutting stock problems, and resource allocation. Efficient solutions to this issue optimize space utilization, reduce transportation costs, and enhance operational efficacy. The 2D packing problem can be advantageous in multiple ways for scheduling problems. The first of these is the allocation of resources. In this scheduling problem, machines, operators, mold hangers, and setup techs must be allocated efficiently to tasks or jobs. The 2D packing problem can be used to pack these tasks into the available resources, maximizing space utilization and minimizing the number of necessary resources. This facilitates the scheduling and management of resources, leading to increased efficiency. Fanjul-Peyro incorporated the 2D packing problem in their research and showed better results than previous methods. (Fanjul-Peyro, 2020)
4.6 [bookmark: _Toc140125612]— MODEL TUNING
Gurobi has a built-in tuning command that will provide optimal settings for the parameters of various models. The tune is activated using the m.tune() command in Gurobi. The author ran the tune on the full model and the two-stage algorithm. The full model tune determined that the best setting was to use PrePasses=8. The two-stage algorithm tune determined that the best first-stage parameter settings were MIPFocus =1, AGGFill = 10, Method = 0, and BranchDir = -1. The tune for the second stage determined that the best parameter settings were MIPFocus=1, AGGFill=100, Method=2, and NormAdjust=1.
The PrePasses constrain the number of presolve passes. The default setting (-1) automatically determines the number of passes. This parameter should be investigated when presolve consumes a significant portion of the total solve time. (Gurobi, 2020)
The MIPFocus parameter allows users to modify the high-level solution strategy based on their objectives. By default, the Gurobi MIP solver balances discovering new viable solutions and demonstrating that the current solution is optimal. Users should select MIPFocus=1 if they are more concerned with finding viable solutions quickly. Users should select MIPFocus=2 if they believe the solver has no trouble finding high-quality solutions and wishes to concentrate more on proving optimality. If the best objective bound moves very slowly (or not at all), users could try MIPFocus=3 to zero in on the bound. (Gurobi, 2020)
The AGGFill parameter determines how much fill is permitted during presolve aggregation. Larger values generally result in presolved models with fewer rows and columns but more constraint matrix non-zero entries. (Gurobi, 2020)
Method is utilized to solve continuous models and the root node of a MIP (Mixed Integer Programming) model. Options are:-1=automatic, 0=primalsimplex, 1=dualsimplex, 2=barrier, 3=concurrent, 4=deterministic concurrent, 5=deterministic concurrent simplex. Automatic (-1) typically selects non-deterministic concurrent (Method=3) for an LP (Linear Programming), barrier (Method=2) for a QP (Quadratic Programming) or QCP (Quadratically Constrained Programming), and dual (Method=1) for the MIP root node in the current release. Continuous QP models are only supported by the simplex and barrier algorithms. Only simplex and dual simplex can solve the root of a MIQP (Mixed Integer Quadratic Programming) model. Barrier is the only option for continuous QCP models. Concurrent optimizers execute multiple solvers on multiple threads concurrently and select the first to complete. Method=3 and Method=4 will execute dual simplex, barrier, and occasionally primary simplex (depending on the number of available threads). Method=5 will execute both dual and primary simplex. The deterministic options (Method=4 and Method=5) produce the same result every time, whereas Method=3 is typically faster but can generate different optimal bases when run multiple times. Typically, the default setting is not significantly slower than the optimal setting, so changing this parameter will not significantly increase performance. However, there are classes of models for which a particular algorithm is consistently the fastest, so when confronted with a particularly challenging model, you may wish to experiment with different approaches. Note that the dual simplex Method (Method=1) should be considered if memory is limited on an LP model. The concurrent optimizer, selected by default, consumes significantly more memory than dual simplex alone. (Gurobi, 2020)
BranchDir determines which child node is initially explored during a branch-and-cuts search. The default value is automatically selected. -1 always explores the down branch first, whereas 1 always explores the up branch first. (Gurobi, 2020)
NormAdjust selects from multiple variants of pricing norms. The available options are Partial Pricing (NormAdjust=0), Steepest Edge (NormAdjust=1), Devex (NormAdjust=2), and Quick-Start Steepest Edge (NormAdjust=3). The default value of -1 determines which variant to use automatically. (Gurobi, 2020)
4.7 [bookmark: _Toc140125613]— EXPLANATION OF RESULTS AND GAP EVALUATION
In the research study, the performance of each model was evaluated by calculating the gap for each random production schedule (RPS). The gap measurement was computed based on a comparison of the incumbent bound and the best bound, revealing the optimality of the generated schedules.
Table 9 illustrates the results obtained using Gurobi, a software that employs the branch and bound technique to find solutions. The "H" notation in the table represents a feasible solution discovered by MIP (Mixed Integer Programming) heuristics. Sometimes, an asterisk (*) will appear next to a viable solution, indicating that it was obtained through branching.
As soon as a viable solution was determined, the makespan, which represents the total duration of the schedule, was recorded as the incumbent bound. The incumbent bound was then compared to the schedule's highest or lowest bound. The gap between the incumbent and best bounds was computed using equation 42. The objective was to minimize this gap.
The research study's results section provides a more in-depth analysis of how each model minimizes the gap. This section discusses the specific performance metrics, comparative analyses, and insights gained from assessing the effectiveness of the models in achieving a minimal gap. 
	
	(42)


[bookmark: _Ref136862889]








[bookmark: _Toc139270153]Table 9. Example table of Gurobi results to help explain gap calculation.
	
	Nodes
	Current Node
	Objective Bounds
	Work

	
	Expl
	Unexpl
	Obj
	Depth
	IntInf
	Incumbent
	BestBd
	Gap
	It/Node
	Time

	
	0
	0
	79.94915
	0
	24
	-
	79.94915
	-
	-
	0s

	
	0
	0
	91
	0
	52
	-
	91
	-
	-
	0s

	H
	0
	0
	-
	-
	-
	109
	91
	16.50%
	-
	0s

	
	0
	0
	91
	0
	48
	109
	91
	16.50%
	-
	0s

	
	0
	0
	91
	0
	45
	109
	91
	16.50%
	-
	0s

	
	0
	0
	91
	0
	55
	109
	91
	16.50%
	-
	0s

	H
	0
	0
	-
	-
	-
	107
	91
	15.00%
	-
	0s




[bookmark: _Toc140125614]CHAPTER FIVE – RESULTS AND CASES STUDIES
5 [bookmark: _Toc138661288][bookmark: _Toc138663346][bookmark: _Toc138663424][bookmark: _Toc139114401][bookmark: _Toc139114801][bookmark: _Toc139114880][bookmark: _Toc139115033][bookmark: _Toc139115243][bookmark: _Toc139270109][bookmark: _Toc140125615]
5.1 [bookmark: _Toc140125616]— SMALL CASE STUDY
The small case study entailed analyzing a scenario involving 50 jobs. This allowed the author to compare the performance of the full model and the two-stage algorithm on a smaller scale, although this number was smaller than what was required by the company. The objective was to examine how the models performed and compare the optimal production schedules they generated.
To initiate the study, the author generated a random production schedule (RPS) for each machine and operator combination. The author created four copies of the RPS to investigate varying scenarios. Each copy varied in the number of mold hangers and setup technicians utilized during the scheduling procedure.
The minimum number of mold hangers and setup technicians were used to create the initial RPS copy. The number of mold hangers and setup technicians was maximized for the second copy. The third copy employed the fewest mold hangers and the greatest number of setup technicians. The fourth copy utilized the greatest number of mold hangers and the fewest number of setup technicians.
The author generated five random production schedules (RPS) for each of these four copies to represent a variety of possibilities and outcomes. Tables 10 through 13 illustrate the variation in job sequencing and resource allocation for each copy. 200 RPS were generated in total for the small case study using the full model. The steps mentioned above would be duplicated for the two-stage algorithm. This study aimed to evaluate the performance of the models in generating optimal production schedules.
[bookmark: _Ref137468274][bookmark: _Toc139270154]Table 10. An example o five RPS using minimum mold hangers and setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	RPS

	50
	10
	8
	1
	1
	#1

	
	
	
	
	
	#2

	
	
	
	
	
	#3

	
	
	
	
	
	#4

	
	
	
	
	
	#5



[bookmark: _Toc139270155]Table 11.  An example of five RPS using maximum mold hangers and setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	RPS

	50
	10
	8
	2
	2
	#1

	
	
	
	
	
	#2

	
	
	
	
	
	#3

	
	
	
	
	
	#4

	
	
	
	
	
	#5



[bookmark: _Toc139270156]Table 12. An example of five RPS using minimum mold hangers and maximum setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	RPS

	50
	10
	8
	1
	2
	#1

	
	
	
	
	
	#2

	
	
	
	
	
	#3

	
	
	
	
	
	#4

	
	
	
	
	
	#5



[bookmark: _Ref137468284][bookmark: _Toc139270157]Table 13. An example of five RPS using maximum mold hangers and minimum setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	RPS

	50
	10
	8
	2
	1
	#1

	
	
	
	
	
	#2

	
	
	
	
	
	#3

	
	
	
	
	
	#4

	
	
	
	
	
	#5








The author's emphasis on adjusting the number of mold hangers and setup technicians in the study was prompted by the technical nature of these positions compared to those of regular operators. In contrast to operators, who can be hired and trained relatively quickly, mold hangers and setup technicians require specialized technical skills and training that are difficult to replace or replicate.
If an operator leaves the company, a replacement can be hired and trained within a day or two. This facilitates a relatively seamless transition in terms of production continuity. However, when a mold hanger or setup technician decides to leave, the situation becomes more complicated. Replacing these individuals necessitates locating suitable candidates and providing them with extensive training and hands-on experience to become competent.
Typically, the training process for mold hangers and setup technicians is more extensive and time-consuming. Training a new employee to handle the complexities of mold hanging and setup tasks may take weeks or even months. This emphasizes the importance of retaining skilled mold hangers and setup technicians and the difficulty of replacing them if they leave the organization.
In addition, the study acknowledged the potential for automation as a remedy for operator-related issues. If the availability or performance of operators becomes a concern, the business could replace them with automated systems and equipment. However, the complexity and specific requirements of the mold hanging and setup stages make automation difficult for these tasks. Automating these stages would necessitate sophisticated technologies and specialized equipment that may not be readily available or practical for every production process.
5.1.1 [bookmark: _Toc140125617]— FULL MODEL
When applied to 200 random production schedules (RPS), the full model demonstrated a high level of optimization, achieving an optimization rate of 89% by optimizing 178 of the 200 RPS. This demonstrates that the model generated optimized schedules for most scenarios.
Individual results for every 200 RPS were recorded and analyzed to assess the full model's performance. In Tables 28-31 of Appendix D, the detailed optimization results for each RPS are highlighted. 
The average gap between the incumbent bound (initial solution) and the best bound (optimum solution) was 1.58%. This indicates that, on average, the optimized schedules generated by the full model were extremely close to the optimal solution, demonstrating the model's ability to generate high-quality schedules.
In addition, the average runtime, which represents the time required by the full model to optimize each RPS, was determined to be 502.02 seconds. This provides insight into the computational efficiency of the model by revealing the amount of time required to generate optimized schedules.
In addition to the individual RPS results, the study analyzed data for specific scenarios, such as 50 jobs, ten machines, eight operators, one mold hanger, and one setup technician. Five RPS were generated for this scenario, and the gap and runtime values were averaged. The data presented in Table 14 indicate that the full model successfully optimized all five cases with an average execution time of 1015.8 seconds.
These results indicate that the full model could efficiently optimize schedules for various 
[bookmark: _Ref137044973][bookmark: _Toc139270158]Table 14. Results for five RPS for 50 jobs, ten machines, eight operators, one mold hanger, and one setup tech.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	10
	8
	1
	1
	52
	52
	0.00%
	3289.79

	
	
	
	
	
	165
	165
	0.00%
	175.19

	
	
	
	
	
	60
	60
	0.00%
	1264.87

	
	
	
	
	
	97
	97
	0.00%
	197.34

	
	
	
	
	
	116
	116
	0.00%
	151.83

	
	
	
	
	
	
	Average
	0.00%
	1015.8

















scenarios, achieving high optimization levels, and producing schedules with minimal gaps between incumbent and best bounds. Although the model's execution time varied across various scenarios, it generally exhibited good computational efficiency.
Table 15 displays the gap results for the scenario involving 50 jobs and a range of 10 to 28 machines. Each gap value represents the average of five RPS for the corresponding scenario.
The gap value reflects the level of optimization achieved by the model. An average gap of 0% indicates that the model successfully optimized all five RPS for that instance, indicating a perfect optimization result. In the 50-job scenario, the full model could fully optimize 28 of the 40 RPS for an optimization rate of 70%. This indicates that the model generated optimized schedules for most instances within this scenario.
It is important to note that the degree of optimization may vary based on the particulars of each scenario, such as the number of machines and jobs. Examining the average gaps for various scenarios provides a comprehensive understanding of the model's optimization capabilities in various production settings. Overall, Table 15's results indicate that the full model achieved substantial optimization in the scenario of 50 jobs and varying machine numbers, demonstrating its efficacy in producing high-quality schedules.
The average runtimes for 200 instances of the random production schedule (RPS) are provided in Table 16. These runtimes represent the average time the comprehensive model requires to optimize each RPS and generate the corresponding schedules.
The average runtime of all 200 RPS instances was 507.02 seconds. This value represents the time necessary for the model to find optimal solutions for the given job and machine
[bookmark: _Ref129420169][bookmark: _Ref129420153][bookmark: _Toc139270159]Table 15. Small case study gap results for full model.
	# of Jobs
	# of Machines
	# of Operators
	Min MH & ST
	Max MH & ST
	Min MH & Max ST
	Max MH & Min ST
	Average

	50
	10
	8
	0.00%
	0.00%
	0.00%
	0.65%
	0.16%

	
	12
	9
	4.16%
	1.99%
	6.07%
	4.81%
	4.26%

	
	14
	11
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%

	
	16
	12
	10.57%
	2.76%
	10.38%
	10.38%
	8.52%

	
	18
	14
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%

	
	20
	15
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%

	
	22
	17
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%

	
	24
	18
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%

	
	26
	20
	4.95%
	0.00%
	3.68%
	2.96%
	2.90%

	
	28
	21
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%



[bookmark: _Ref137469387][bookmark: _Toc139270160]Table 16. Small case study run time results for full model.
	# of Jobs
	# of Machines
	# of Operators
	Min MH & ST
	Max MH & ST
	Min MH & Max ST
	Max MH & Min ST
	Average

	50
	10
	8
	1015.80
	298.24
	783.31
	934.39
	757.94

	
	12
	9
	1538.80
	1495.67
	1501.71
	1478.67
	1503.71

	
	14
	11
	124.00
	150.28
	205.15
	185.77
	166.30

	
	16
	12
	819.35
	811.96
	840.01
	832.22
	825.89

	
	18
	14
	208.52
	120.99
	123.36
	213.33
	166.55

	
	20
	15
	175.15
	162.60
	175.35
	166.90
	170.00

	
	22
	17
	143.37
	100.73
	192.94
	177.66
	153.68

	
	24
	18
	134.94
	101.92
	114.13
	119.25
	117.56

	
	26
	20
	1556.76
	115.35
	1509.03
	926.94
	1027.02

	
	28
	21
	207.13
	125.25
	237.68
	156.21
	181.57











configurations.
The runtime of a scheduling model is an important consideration because it affects its practical applicability and feasibility in actual manufacturing environments. In general, shorter runtimes are preferred, as they permit quicker decision-making and scheduling adjustments, thereby enabling more responsive and efficient production processes.
The average execution time of 507.02 seconds for the 200 RPS instances of the full model in this study indicates adequate computational performance. It suggests that the model can generate optimized schedules in a reasonable amount of time, considering the difficulty and scope of the scheduling problem.
Runtime can vary depending on the problem instance size, the computational resources available, and the specific implementation and optimization algorithms used. Further analysis and comparison with other scheduling models or approaches would provide a complete understanding of the computational efficiency of the full model.
5.1.2 [bookmark: _Toc140125618]— TWO-STAGE ALGORITHM
The analysis of the two-stage algorithm revealed that, out of 200 random production schedule (RPS) instances, the model successfully optimized 183 RPS instances, achieving an optimization rate of 91.5%. Tables 32-35 in Appendix D display the individual results for each RPS.
For the two-stage algorithm, the average gap between the incumbent bound (best solution discovered) and the best bound (lower bound on the optimal solution) was calculated to be 0.66%. This suggests that the model could outperform the full model and produce more optimal production schedules. 
In addition, the average execution time of the two-stage algorithm across 200 RPS instances was 264.86 seconds. This value indicates the model's average time to optimize each RPS and generate the corresponding schedules. The runtime of 264.86 seconds indicates a relatively quick computational performance, highlighting the effectiveness of the two-stage algorithm in generating optimal schedules compared to the full model.
Table 17 displays the average gap results for 50 jobs ranging from 10 to 28 machines. The average gap values represent the average quality of optimization attained by the two-stage algorithm in each scenario. With an average optimization rate of 72.5% for the 40 RPS instances, it can be concluded that the two-stage algorithm showed little improvement in full optimization compared to the full model.
Table 18 displays the average execution times of the two-stage algorithm's 200 RPS instances. As previously stated, the average execution time of all 200 RPS was 264.86 seconds. This average execution time demonstrates the computational efficacy of the two-stage algorithm compared to the full model.
Regarding optimization and efficiency, the two-stage algorithm outperformed the full model, especially in the small-case scenario. It reduced the overall gap by 58.23%, indicating a substantial improvement in the quality and proximity to the optimal solution of the generated schedules. This enhancement demonstrates the efficiency of the two-stage algorithm in generating more optimized schedules than the full model.
In addition, the two-stage algorithm's average runtime was 47.76% shorter than the full model's. This reduction in execution time represents a substantial improvement in
computational efficiency. The two-stage algorithm generated optimized schedules in a considerably shorter time, making it more time-efficient and applicable to real-world
[bookmark: _Ref137469699][bookmark: _Toc139270161]Table 17. Small case study gap results for the 2-stage model.
	# of Jobs
	# of Machines
	# of Operators
	Min MH & ST
	Max MH & ST
	Min MH & Max ST
	Max MH & Min ST
	Average

	50
	10
	8
	0.37%
	0.00%
	0.00%
	0.00%
	0.09%

	
	12
	9
	0.75%
	0.00%
	0.38%
	0.38%
	0.38%

	
	14
	11
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%

	
	16
	12
	3.85%
	3.33%
	5.00%
	3.85%
	4.01%

	
	18
	14
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%

	
	20
	15
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%

	
	22
	17
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%

	
	24
	18
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%

	
	26
	20
	4.14%
	0.00%
	2.86%
	1.48%
	2.12%

	
	28
	21
	0.00%
	0.00%
	0.00%
	0.00%
	0.00%


[bookmark: _Ref137474611][bookmark: _Ref137474593]
[bookmark: _Toc139270162]Table 18. Small case study run time results for the 2-stage model.
	# of Jobs
	# of Machines
	# of Operators
	Min MH & ST
	Max MH & ST
	Min MH & Max ST
	Max MH & Min ST
	Average

	50
	10
	8
	727.78
	9.98
	41.68
	15.41
	198.71

	
	12
	9
	732.77
	12.65
	743.88
	740.98
	557.57

	
	14
	11
	12.33
	14.10
	14.91
	16.38
	14.43

	
	16
	12
	732.72
	733.45
	733.25
	730.63
	732.51

	
	18
	14
	22.11
	17.77
	27.54
	16.70
	21.03

	
	20
	15
	26.66
	21.59
	22.42
	23.95
	23.66

	
	22
	17
	85.07
	19.48
	26.74
	22.90
	38.55

	
	24
	18
	30.04
	22.51
	167.41
	24.75
	61.18

	
	26
	20
	1542.58
	28.16
	1459.57
	744.08
	943.60

	
	28
	21
	33.03
	26.20
	128.48
	41.77
	57.37











applications.
Regarding optimization rate, the two-stage algorithm demonstrated a 2.81% increase in the number of RPS instances that could be optimized compared to the full model. This indicates that the two-stage algorithm was more effective at locating feasible and high-quality schedules for many production scenarios.
In addition, the two-stage algorithm increased the ability to optimize all five RPS instances for each scenario by 3.57 percent. This indicates a greater consistency in achieving optimal or near-optimal solutions across random production schedules in the same scenario. These results have been consolidated and be seen in Table 19.
In terms of optimization quality, computational efficiency, and overall performance, these findings suggest that the two-stage algorithm is superior to the full model. Particularly in the small case, it demonstrates greater effectiveness in generating optimized schedules, reducing the gap, and achieving better results for various production scenarios.
5.2 [bookmark: _Toc140125619]— MEDIUM CASE STUDY
The full model failed to find feasible solutions for the medium and large case studies despite its capabilities. The full model for the medium was allowed to run for as long as three hours to see if a feasible solution was achievable. In this instance, the model was 
still unable to find feasible solutions. Consequently, there is no table or specific results for these scenarios. 
5.3 [bookmark: _Toc140125620]— MEDIUM CASE STUDY
Despite its capabilities, the full model failed to find feasible solutions for the medium and
[bookmark: _Ref137985554][bookmark: _Toc139270163]Table 19. Comparison of results for small cases using full and two-stage algorithms.
	Model
	Average Gap
	Average Runtime (secs)
	% of Individual RPS Optimized
	% of All Five RPS Optimized

	Full
	1.58%
	507.02
	89%
	70%

	Two-Stage
	0.66%
	264.86
	91.5%
	72.5%

	% Change
	58.23% ↓
	47.76 % ↓
	2.81% ↑
	3.57% ↑


















large case studies. The full model for the medium was allowed to run for as long as three hours to see if a feasible solution was achievable. In this instance, the model was still unable to find feasible solutions. Consequently, there is no table or specific results for these scenarios. 
While the reasons for the model's difficulties with the medium and large case studies are not specified, it could be due to increased complexity, larger problem size, or more stringent constraints in these scenarios. With its enhanced capacity to identify feasible and high-quality schedules, the two-stage algorithm would be better equipped to deal with these obstacles and produce more satisfying outcomes.
5.3.1 [bookmark: _Toc140125621]— TWO-STAGE ALGORITHM
The two-stage algorithm optimized 92 out of the 200 RPS instances for the medium case study, resulting in a 46% optimization rate. Tables 36-39, which can be found in Appendix D of the document, contain the individual results for each of the 200 RPS instances.
Regarding performance metrics, the two-stage algorithm had an average gap of 6.78%. In addition, the average duration of operation for the two-stage algorithm was determined to be 1330.70 seconds.
Like the small case study, the average gap and runtime values were determined by averaging the results for each scenario's five RPS instances. Table 20 provides the average gap results for the 200 jobs, considering a range of 10 to 28 machines.
Three out of forty RPS instances were fully optimized by the two-stage algorithm, accounting for 7.5% of the total RPS instances in the study. Table 21 displays the 
[bookmark: _Ref137546738][bookmark: _Toc139270164]Table 20. Medium case study gap results for the 2-stage model.
	# of Jobs
	# of Machines
	# of Operators
	Min MH & ST
	Max MH & ST
	Min MH & Max ST
	Max MH & Min ST
	Average

	100
	10
	8
	2.82%
	2.21%
	3.11%
	2.96%
	2.78%

	
	12
	9
	9.26%
	2.39%
	6.30%
	6.80%
	6.19%

	
	14
	11
	13.62%
	5.49%
	15.29%
	12.94%
	11.84%

	
	16
	12
	7.52%
	2.24%
	7.80%
	7.91%
	6.37%

	
	18
	14
	13.10%
	2.15%
	12.17%
	11.35%
	9.69%

	
	20
	15
	2.31%
	0.00%
	2.83%
	2.11%
	1.81%

	
	22
	17
	6.39%
	1.78%
	6.14%
	5.62%
	4.98%

	
	24
	18
	1.67%
	0.00%
	0.00%
	0.30%
	0.49%

	
	26
	20
	16.02%
	3.31%
	15.30%
	12.71%
	11.84%

	
	28
	21
	14.64%
	6.99%
	12.96%
	12.75%
	11.84%


[bookmark: _Ref137546818]

[bookmark: _Toc139270165]Table 21. Medium case study run time results for the 2-stage model.
	# of Jobs
	# of Machines
	# of Operators
	Min MH & ST
	Max MH & ST
	Min MH & Max ST
	Max MH & Min ST
	Average

	100
	10
	8
	1613.05
	1535.38
	1193.25
	1183.58
	1381.32

	
	12
	9
	2218.84
	974.79
	1864.38
	1865.05
	1730.77

	
	14
	11
	2280.45
	2251.48
	2223.54
	2294.98
	2262.61

	
	16
	12
	1382.17
	986.60
	1205.87
	1550.55
	1281.30

	
	18
	14
	1903.69
	1251.03
	1632.71
	1570.07
	1589.38

	
	20
	15
	932.85
	369.82
	1546.10
	914.13
	940.73

	
	22
	17
	948.72
	508.51
	937.17
	856.97
	812.84

	
	24
	18
	755.28
	158.94
	393.46
	655.69
	490.84

	
	26
	20
	1594.40
	1256.58
	1936.20
	1936.20
	1680.85

	
	28
	21
	1275.42
	930.56
	1179.29
	1160.33
	1136.40










average runtimes for the 200 RPS instances. As previously stated, the average execution time for all 200 RPS instances was 1,330.07 seconds. These results demonstrate the effectiveness of the two-stage algorithm in optimizing a large portion of the RPS instances while maintaining an acceptable average gap and runtime. 
Table 22 compares the performance of the two-stage algorithm for the small and medium cases. The purpose of the table would be to illustrate the difficulties associated with solving and optimizing the medium-case scenario. 
Even though the two-stage algorithm outperformed the full model in terms of optimization, the medium case study presented a more challenging problem. Multiple factors, such as increased complexity, stricter constraints, or a larger problem size than the other case studies, may have contributed to the difficulties.
5.4 [bookmark: _Toc140125622]— LARGE CASE STUDY
As mentioned previously, the results for the large case study will only include the two-stage algorithm. The full model for the large was allowed to run for eight hours to see if a feasible solution was achievable. In this instance, the model was still unable to find feasible solutions.
5.4.1 [bookmark: _Toc140125623]— TWO-STAGE ALGORITHM
In the large case study, the two-stage algorithm optimized 24 of the total 200 RPS instances for an optimization rate of 12%. In the document's Appendix D, Tables 40 through 43 detail the specific outcomes for each of the 200 RPS instances.
In analyzing the performance metrics, the two-stage algorithm revealed an average gap 
[bookmark: _Ref137547316][bookmark: _Toc139270166]Table 22. Comparison of results for the small and medium cases using the two-stage algorithm.
	Case
	Average Gap
	Average Runtime (secs)
	% of Individual RPS Optimized
	% of All Five RPS Optimized

	Small
	0.66%
	264.86
	91.5%
	72.5%

	Medium
	6.78%
	1330.70
	46%
	7.5%


























of 14.95%. In addition, the average duration of operation for the two-stage algorithm
[bookmark: _Ref137743420]was 8767.56 seconds.
Similar to the small and medium cases, each scenario's average gap and runtime values were calculated by averaging the results for the five RPS instances. Table 23 displays the average gap results for the 200 jobs, considering a range of 10 to 28 machines.
The two-stage algorithm could not fully optimize any large case study's scenarios. The average runtimes for the 200 RPS instances are presented in Table 24. As previously stated, the average execution time for all 200 RPS instances was 8767.56 seconds. These results indicate the complexity of large cases. While the two-stage algorithm struggled with 200 jobs, it still outperformed the full model, which could not handle more than 50 jobs.
Despite not achieving complete optimization, the model's average gap and runtime values reveal its ability to approach feasible solutions. Understanding these metrics assists in evaluating the performance of the model in addressing the inherent complexities and constraints of the large-scale scenario.
Table 25 of the research study summarizes the outcomes of applying the two-stage algorithm to small, medium, and large case sizes. Notably, while the two-stage algorithm demonstrated promising performance for small and medium cases, it encountered difficulties when applied to large cases. This difficulty highlights the need for additional research and exploration of potential options to improve the model's ability to handle scheduling requirements on a larger scale.
[bookmark: _Toc139270167]Table 23. Large case study gap results for the 2-stage model.
	# of Jobs
	# of Machines
	# of Operators
	Min MH & ST
	Max MH & ST
	Min MH & Max ST
	Max MH & Min ST
	Average

	200
	10
	8
	13.41%
	2.80%
	12.76%
	12.16%
	10.28%

	
	12
	9
	18.43%
	6.80%
	25.70%
	14.08%
	16.25%

	
	14
	11
	18.06%
	6.94%
	19.63%
	20.28%
	16.23%

	
	16
	12
	18.83%
	9.59%
	16.02%
	14.74%
	14.79%

	
	18
	14
	18.94%
	8.91%
	14.27%
	21.55%
	15.92%

	
	20
	15
	10.71%
	3.72%
	7.72%
	6.95%
	7.27%

	
	22
	17
	21.54%
	6.00%
	24.37%
	18.40%
	17.58%

	
	24
	18
	21.29%
	14.85%
	24.80%
	23.44%
	21.09%

	
	26
	20
	19.81%
	4.33%
	19.23%
	18.82%
	15.55%

	
	28
	21
	19.90%
	6.57%
	15.88%
	15.85%
	14.55%



[bookmark: _Toc139270168]Table 24. Large case study runtime results for the 2-stage model.
	# of Jobs
	# of Machines
	# of Operators
	Min MH & ST
	Max MH & ST
	Min MH & Max ST
	Max MH & Min ST
	Average

	200
	10
	8
	10800.00
	10800.00
	10800.00
	10800.00
	10800.00

	
	12
	9
	8743.43
	8763.94
	9039.34
	6837.12
	8345.96

	
	14
	11
	9155.18
	9869.14
	10800.00
	8013.18
	9459.38

	
	16
	12
	8152.79
	6039.22
	6501.94
	8136.74
	7207.67

	
	18
	14
	9087.14
	9105.44
	10800.00
	10800.00
	9948.15

	
	20
	15
	8285.38
	6830.84
	8909.25
	6144.21
	7542.42

	
	22
	17
	8373.65
	8222.42
	10800.00
	10800.00
	9549.02

	
	24
	18
	7342.27
	7379.12
	8972.37
	9003.09
	8174.21

	
	26
	20
	8332.59
	5300.77
	10034.24
	9701.63
	8342.31

	
	28
	21
	5394.58
	7504.01
	10377.06
	9950.30
	8306.49


[bookmark: _Ref137743805]
[bookmark: _Toc139270169]Table 25. Comparison of results for the small, medium, and large cases using the two-stage algorithm.
	Case
	Average Gap
	Average Runtime (secs)
	% of Individual RPS Optimized
	% of All Five RPS Optimized

	Small
	0.66%
	264.86
	91.5%
	72.5%

	Medium
	6.78%
	1330.70
	46%
	7.5%

	Large
	14.95%
	8767.56
	12%
	0%








Chapter 7 of the research study discusses future research directions that can contribute to improving the two-stage algorithm's results. These options are intended to address the obstacles presented by the large case and improve the model's capabilities. By expanding these possibilities, researchers can make strides toward achieving more favorable results. By pursuing these future research avenues and further investigating the Chapter 7 recommendations, the model's inability to handle larger cases can be addressed. This iterative approach to research and development will contribute to refining the model, enhancing its capabilities, and allowing it to provide more robust and accurate scheduling results for plastic injection molders of varying sizes. In conclusion, the author acknowledges the difficulties when applying the two-stage algorithm to larger cases and emphasizes the need for additional research to improve the outcomes. 
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[bookmark: _Toc140125624]CHAPTER SIX – CORPORATE UTILIZATION
6 [bookmark: _Toc138661297][bookmark: _Toc138663355][bookmark: _Toc138663433][bookmark: _Toc139114411][bookmark: _Toc139114811][bookmark: _Toc139114890][bookmark: _Toc139115043][bookmark: _Toc139115253][bookmark: _Toc139270119][bookmark: _Toc140125625]
6.1 [bookmark: _Toc140125626]— DATA ANALYSIS
The company that participated in this study faced challenges regarding time constraints and the availability of resources for comprehensive data analysis. Even though each facility had resident engineers, their primary responsibility was to oversee the development of new tools, leaving little time for comprehensive data analysis. As a result, the company heavily relied on the assumption that the data collected by their enterprise resource planning (ERP) software was accurate. This research, however, has yielded valuable insights that contradict this assumption.
Multiple instances of a lengthy cycle time were observed throughout the data. An example of this can be seen in the first row of Table 26. The author observed that the cycle time was recorded as 2,250 seconds. In contrast, the quoted cycle time was 100 seconds. Multiple factors may have contributed to the high cycle time. The machine or instrument required maintenance, but neither the supervisor nor the service technician placed it into service mode. A second possibility is that the machine was set to manual mode, and the door was left open between production runs for an extended period. A further anomaly was that despite displaying run hours, a component never produced a good or bad component. This data line had to be removed because the total cycle times were calculated using a weighted average based on the run hours.
Table 26 contains a representative illustration from the study. The table displays data obtained for a particle component. The data includes information from five machines manufacturing this specific component. Upon closer inspection, it is evident that the first 
[bookmark: _Ref136873241][bookmark: _Toc139270170]Table 26. Example of data for a single part on one machine.
	Run Hrs
	Good Parts
	Bad Parts
	Scrap %
	Std. Cycle
	Act. Cycle

	6.47
	0
	2
	8.90%
	100
	2250

	13.58
	528
	0
	0.00%
	100
	92.6

	7.02
	269
	0
	0.00%
	100
	93.9

	8.4
	349
	7
	2.00%
	100
	86.6

















data row contains an intriguing anomaly. Despite operating for 6.47 hours, the machine produced zero good parts and two defective ones. 
This discrepancy in the data indicates a potential problem with either the machine or the associated production process. These anomalies serve as crucial indicators that necessitate additional investigation and analysis. The company can gain valuable insight into the root causes of inefficiencies, quality issues, and process failures by identifying and resolving these discrepancies. Then, they can implement corrective actions to optimize production outcomes, reduce scrap rates, and enhance operational efficiency overall.
The author created a second table to consolidate all the averaged data into a single spreadsheet in response to the fact that certain components could be utilized on multiple machines. This consolidation was intended to provide a more comprehensive view of cycle times and scrap rates across various machines and components. Table 27 is an illustration of these consolidated data.
In Table 27, the author organized the data by machine, allowing the company to quickly locate the most recent cycle time ("Act. Cycle") and scrap rate ("Scrap percent") for each unique combination of machine and part. The author also included the standard cycle time (referred to as "Std. Cycle") derived from enterprise resource planning (ERP) software.
The company benefits by presenting these consolidated data in a single spreadsheet. First, the spreadsheet is useful for revising and updating the ERP system's cycle times and scrap rates. Based on the actual cycle times and scrap rates observed in the production process (as indicated in the "Act. Cycle" and "Scrap percent" columns), the 
[bookmark: _Ref136873438][bookmark: _Ref136874899][bookmark: _Toc139270171]Table 27. Example of data for multiple parts based on all their historical run history.
	
	Press #
	Run Hours
	Good Parts
	Bad Parts
	Scrap %
	Std. Cycle
	Act. Cycle

	Part #1
	1
	170.30
	384.50
	10.56
	2.69%
	180.00
	102.82

	
	2
	87.43
	381.50
	37.50
	9.09%
	180.00
	104.77

	
	3
	52.09
	332.00
	9.80
	2.53%
	180.00
	120.02

	
	4
	11.24
	353.00
	14.00
	3.80%
	180.00
	114.60

	
	5
	4.00
	60.00
	0.00
	0.00%
	180.00
	240.00

	Part #2
	1
	180.89
	352.15
	5.85
	1.66%
	100.00
	96.19

	
	2
	33.05
	624.00
	39.00
	5.78%
	100.00
	95.82

	
	3
	61.10
	427.33
	17.33
	3.79%
	100.00
	86.19

	
	4
	39.00
	449.67
	27.33
	5.97%
	100.00
	105.14

	
	5
	11.25
	464.00
	0.00
	0.00%
	100.00
	87.30












company can make more precise adjustments to the ERP software's data. This allows for the generation of more precise and reliable production schedules.
In addition, the spreadsheet's consolidated data permits in-depth analysis. The company can identify any part-machine combinations with significant scrap or cycle time problems by analyzing the data. This analysis provides valuable insight into specific production process areas of concern. It enables the company to proactively address these issues, such as implementing process improvements, optimizing machine allocation, or providing operators with additional training.
Creating a consolidated spreadsheet containing averaged data from multiple machines and parts gives the company a more complete and accessible view of the cycle times and scrap rates. This consolidated data allows for the revision of cycle times and scrap rates within the ERP software, allowing for more precise scheduling. In addition, the spreadsheet's data analysis capabilities enable the company to identify and address significant scrap or cycle time issues, resulting in enhanced process efficiency and quality control.
The company can use the insights gained from this consolidated data to improve its decision-making processes, optimize its production operations, and drive overall performance enhancements.
6.2 [bookmark: _Toc140125627]— TIME STUDIES
With the updated model incorporating the mold hanging and setup stage, the company must conduct time studies at each stage to obtain accurate processing time data. The research assumed that each stage required one hour, but actual time studies would provide more precise and reliable scheduling information.
By conducting time studies, the company can collect empirical data on the duration of each stage, such as mold hanging and setup. This precise representation of processing times will improve scheduling, allowing for more realistic and efficient production planning. By incorporating the actual processing times into the model, the organization can generate schedules corresponding to its production capabilities, optimizing resource allocation and minimizing downtime.
In addition, time studies have the added benefit of identifying any excessive periods of downtime in the production process. By closely monitoring and analyzing the duration of each stage, the organization can identify areas with excessive delays or inefficiency. This identification of downtime can result in targeted process improvements and streamlining initiatives, thereby reducing production bottlenecks and enhancing overall operational efficiency.
The study's author is willing to collaborate with the company to facilitate and ensure the accuracy of the time studies. By partnering with the author, the company can use its expertise and experience in conducting time studies, ensuring that the data collected is accurate and relevant to production processes. This collaboration would allow the company to gain insights, improve scheduling accuracy, and increase production efficiency.
In conclusion, it is essential to conduct time studies at each stage of the production process to obtain accurate processing time data and optimize scheduling. The company will be able to generate more realistic and effective schedules, identify excessive periods of downtime, and make targeted process improvements due to these studies.
The author's willingness to collaborate on these time studies presents the company with a valuable opportunity to capitalize on its expertise and improve production operations.
6.3 [bookmark: _Toc140125628]— PROFITABILITY
With the ability to generate more precise schedules, the company can assign costs to each activity involved in the production process, advancing their analysis. By incorporating costs, the business can evaluate the profitability of various strategies and make informed decisions to optimize its operations.
By assigning costs to activities such as mold hanging, setup, and other relevant stages, the business can evaluate the financial implications of alternative scheduling options. For instance, they can determine whether investing in additional mold hangers and setup technicians would be profitable in light of the possibility of a decrease in production time. Costs associated with hiring and employing additional personnel would be weighed against the benefits of increased productivity and decreased production time. This analysis would enable the company to make well-informed decisions regarding resource allocation and staffing, ensuring that the resulting productivity and profit gains justify the cost of additional personnel.
Automating specific processes is another factor that can be evaluated using cost analysis. The business can determine if the investment is financially viable by analyzing the expenses associated with implementing automation equipment. They can compare the upfront costs of purchasing and installing automation equipment to the potential long-term benefits, such as increased efficiency, decreased labor costs, and enhanced quality control. This analysis allows the business to determine if the anticipated savings and improvements are sufficient to justify the automation's initial cost.
By incorporating cost considerations into the scheduling analysis, the company can maximize profitability through strategic decision-making. They can explore various scenarios, adjust staffing levels, evaluate automation opportunities, and evaluate the impact on overall costs and profitability. This comprehensive approach enables the business to identify the most cost-effective strategies for optimizing production processes and maximizing financial performance.
In addition, this cost analysis offers valuable budgeting and financial planning insights. By understanding the financial ramifications of various scheduling options, a business can allocate resources effectively, establish realistic financial goals, and make well-informed decisions regarding investments and operational improvements.
6.4 [bookmark: _Toc140125629]— AIDE IN SCHEDULING
To successfully implement the scheduling model, several crucial steps must be taken. The following section describes these steps in greater detail. The first step is to create a comprehensive database containing all pertinent information regarding the parts used in each facility. While an existing database may exist within the enterprise resource planning (ERP) software, it is important to note that the manufacturing software may contain confidential information that cannot be shared outside of the program. Consequently, a new database tailored to the scheduling model must be created. This database should contain essential information such as part specifications, production requirements, historical performance data, and any other pertinent data required for optimizing scheduling.
Alongside the development of the database, an order entry system must also be created. This system will be a central hub for receiving and managing production orders. It should enable the efficient entry, tracking, and processing of new orders, integrating them seamlessly into the scheduling procedure. The order entry system should be designed to capture pertinent order details and prioritize orders based on predetermined criteria.
Once the database and order entry system are in place, the organization can generate production schedules based on the scheduling model. The scheduler will use the information contained in the database, such as part specifications, production requirements, and historical data, to generate optimal schedules that minimize the makespan, maximize efficiency, and meet customer demands. The production scheduler can manually generate these schedules using the model's algorithms and considering variables such as available resources, machine capacities, and production constraints.
To ensure seamless coordination between the scheduling model and the existing ERP software, production schedules generated by the model should be integrated with the ERP system. The integration can be accomplished by manually updating the schedule in the ERP software based on the model's optimized schedules. By incorporating the outputs of the scheduling model into the enterprise resource planning (ERP) system, the company can align its production plans with other operational aspects, such as inventory management, procurement, and resource allocation.
The author of the research study expressed a willingness to work with the company to facilitate the development of the required database and order entry system. This collaboration can ensure that the database is effectively designed, incorporating the necessary data and structure for accurate scheduling and that the order entry system is tailored to the company's requirements. The expertise and knowledge of the author can contribute to successfully implementing these essential components.
By completing these steps and utilizing the author's expertise, the company will be able to establish a robust scheduling system that integrates seamlessly with its current infrastructure. This integration will allow the company to optimize production schedules, improve operational efficiency, and increase customer satisfaction through the timely and cost-effective delivery of products.

[bookmark: _Toc140125630]CHAPTER SEVEN – CONCLUSION
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7.1 [bookmark: _Toc140125632]— CONCLUSION
This research has made meaningful strides in addressing the unique scheduling challenges faced by plastic injection molders. Nonetheless, it is essential to recognize that there is still a substantial scheduling model gap in this industry. This research is an excellent starting point, but additional work is necessary to advance the field and fill in the gaps.
This research introduces a scheduling model incorporating several crucial factors, including material drying, limited resources during setup and production stages, and an assembly phase. These factors are essential for capturing the complexities and limitations plastic injection molders encounter in actual production environments. The model accurately depicts the company's operational constraints by incorporating limited resources such as operators, mold hangers, and setup technicians.
Analyzing real-world data to determine more realistic cycle times and scrap rate distributions contributes to this study. The company can utilize this data to improve its existing scheduling models. Using distributions based a real-world data instead of uniform distributions utilized in previous research improves the model's validity and applicability to real-world situations. In addition, the author's use of non-integer values for the required number of operators per job further aligns the model with the operations of plastic injection molders.
The study results indicate that the two-stage algorithm effectively handles small and medium cases involving between 50 and 100 jobs. However, the model's applicability to larger-scale scenarios involving 200 jobs is limited. Although the company's immediate scheduling needs were limited to 100 jobs, it is essential to recognize that the model's applicability may vary for other manufacturers with different job needs. Consequently, it is crucial to continue refining and expanding the model's capabilities to address the challenges of larger job requirements.
The author acknowledges the need for further research and development in light of the difficulties in managing 100 jobs within the full model. Future efforts should improve the model's scalability and robustness to handle larger workloads effectively. By addressing this limitation, the model can be adapted and applied to various manufacturing environments, catering to the scheduling requirements of various plastic injection molders.
In conclusion, while this study has made strides in addressing the scheduling challenges unique to plastic injection molders, there is still room for additional research and development. The model's incorporation of essential components, real-world data analysis, and constrained resource consideration represent meaningful progress. However, the focus should now be on expanding the model's applicability and utility within the industry by increasing its capacity to handle larger job requirements. Continued efforts in this direction will contribute to bridging the current scheduling model gap for plastic injection molders and drive further field advancements.
7.2 [bookmark: _Toc140125633]— FUTURE RESEARCH
Incorporating multi-objective considerations is a potential avenue to explore when contemplating future research options. Specifically, the objectives could focus on reducing both makespan and tardiness. Numerous companies incur penalties if shipments are late, making it vital not only to plan jobs to minimize late penalties but also to reduce the total time required to produce all necessary parts. Additionally, minimizing scrap could be a consideration, as it directly affects production efficiency and cost-effectiveness. 
Multiple constraints can be considered to develop a comprehensive model. For instance, the model could enable a single mold to produce multiple parts. In addition, the model could incorporate a limited number of dryers during the drying phase. Another aspect that could be addressed is the transition between different materials or colors for different jobs, where minimizing the number of changeovers becomes an additional objective to reduce downtime and enhance productivity.
Material deficiency is another critical issue that the revised model could address. Instances in which the start of a job is delayed due to late material deliveries can substantially affect production schedules. Incorporating material shortages into the model would permit improved anticipation and mitigation of such delays, thereby enhancing scheduling precision.
Utilizing a more potent and dedicated computer to optimize scheduling can improve efficiency. By devoting a computer solely to this task, the computational capabilities can be maximized, resulting in more accurate and efficient scheduling outcomes. Additionally, different heuristics and algorithms can be investigated to improve the performance of the scheduling model further. Some heuristics to consider are simulated annealing and genetic algorithms. While the current study focused on 200 jobs, it is important to note that the model's scalability and performance may vary across industries and scenarios.
Considering these research avenues, the scheduling and production optimization model can be enhanced, thereby solving practical problems. The proposed enhancements can optimize multiple objectives, address constraints related to material availability and changeovers, and utilize advanced computational tools to solve scheduling problems on a larger scale.
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[bookmark: _Toc140125636]APPENDIX A – MATLAB CODE TO GENERATE RANDOM DATA SETS
clear
clc
 
%Enter the number of jobs required
n=300;
 
%Enter the number of machines required
m=12;
 
%The number of operators
%operator=randi([10,20]); %Use if you would like to randomly generate # of
%operators
operator=18;
 
%The number of mold hangers
%mold_hangers=randi([1,3]); %Use if you would like to randomly generate # of
%mold hangers
mold_hangers=3;
 
%The number of setup techs
%setup_techs=randi([1,3]); Use if you would like to randomly generate # of
%setup techs
setup_techs=3;
 
%Allowable number of cavities
valueset = [1, 2, 4, 8]; %Enter the available cavity quantities in powers of 2
%valueset = input('What are the allowable cavity numbers? Must be in powers
%of 2. Format as [#,#,#,#,...]')
 
%Allowable number of operators
allowed_ops = [0.13, 0.25, 0.33, 0.5, 1, 2]; %Enter the available number of operators
%allowed_ops = [0, 1, 2]; %Enter the available number of operators
 
%The drying times
drying_set = [2, 3, 4]; %Enter the available drying times
 
%Number of jobs for assembly
perc = 0.05; %Percentage of jobs you want to require assembly
assem=ceil(n*perc); 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
 
%Generate jobs column
jobs=linspace(1,n,n).';
 
machines=linspace(1,m,m);
 
header=[0 0 0 machines machines machines machines machines];
 
%Generata random matrix for elgibility
elgibility=randi([0,1],n,m);
 
for i=1:n
    s=sum(elgibility(i,:));
    if s==0
        elgibility(i,:)=ones(1,m);
    end
end
 
%Generata random matrix for cavity #'s
desiredsize = [n,1];
cavity = valueset(randi(numel(valueset), desiredsize));
cavities = cavity.';
total_cavity = eligibility.*cavities;
 
%Generata random matrix for cycle times
cycles=raylrnd(25.29,n,m);
total_cycles = round(cycles .* eligibility,3);
 
%Generate random matrix for scrap rates
scrap=exprnd(.0397,n,m);
total_scrap = round(scrap .* eligibility,3);
 
 
%Generate random matrix for order sizes
cycles_to_go=ceil(exprnd(5337.75,n,1));
order_size = ceil(cycles_to_go./cavities);
 
 
%Generate random matrix for order sizes, including scrap
total_order_size = (order_size.*total_scrap+order_size).*elgibility;
 
%Genrate random matrix for processing times
processing_times=ceil((total_order_size./(cavities./total_cycles))/3600);
 
%Generate random matrix for operators
desiredsize_ops = [n,1];
operators = allowed_ops(randi(numel(allowed_ops), desiredsize_ops));
actual_operators = operators.';
total_operators = eligibility.*actual_operators;
 
%Generate jobs that need drying
need_drying = randi([0,1],n,1);
 
%Generata random matrix for drying times
%drying_set = [4, 8]; %Enter the available cavity quantities 
drying_set_size = [n,1];
drying_time = drying_set(randi(numel(drying_set), drying_set_size));
drying_times = drying_time.';
total_drying_times = need_drying.*drying_times;
 
%Generate random jobs for assembly
job_needing_assembly=randi([1,n],assem,1);
job_for_assembly=randi([1,n],assem,1);
 
for i=1:assem
    if job_needing_assembly(i,:)==job_for_assembly(i,:)
        job_for_assembly=randi([1,n],assem,1);
    end
end
 
%Generate assembly requirement array
one_for_assembly=ones([1,assem]).';
 
%Generate data for code
data_header=((header));
data=([cycles_to_go,order_size,jobs,eligibility,total_cavity,total_scrap,processing_times,total_operators]);
data2=([jobs,need_drying,total_drying_times,need_drying]);
data3=([m,n,operator,mold_hangers,setup_techs]);
data4=([job_needing_assembly,job_for_assembly,one_for_assembly]);
 
filename = 'test.xls';
writematrix(data_header,filename,'Sheet','Machine-Jobs','Range','A1')
writematrix(data,filename,'Sheet','Machine-Jobs','Range','A2')
writematrix(data2,filename,'Sheet','Jobs','Range','A2')
writematrix(data3,filename,'Sheet','Data Size','Range','A1')
writematrix(data4,filename,'Sheet','Assembly','Range','A2')
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# In[1]:
import time
import sys
from collections import defaultdict
import xlrd
import gurobipy as gp
from gurobipy import GRB

# In[2]:
start = time.time()
class Machine():
    def __init__(self, name):
        self.name = name

# In[3]:
class Job():
    def __init__(self, name, need_drying, drying_time):
        self.name = name
        self.need_drying = need_drying
        self.drying_time = drying_time
        
    def __str__(self):
        about = f"Job: {self.name}\n  Is_dry: {self.need_drying}\n  Dry_time: {self.drying_time}\n  " 
        return about

# In[4]:
# Open Excel workbook
wb = xlrd.open_workbook('test.xls')

# Read job data
ws = wb.sheet_by_name('Jobs')
jobs = []
for i,t in enumerate(ws.col_values(0)[1:]):
    # Create Technician object
    thisTech = Job(*ws.row_values(1+i)[:3])
    jobs.append(thisTech)

# In[5]:
# Read Data Size
ws = wb.sheet_by_name('Data Size')
number_of_jobs = int(ws.cell_value(0,1))
number_of_machines = int(ws.cell_value(0,0))
R_p_max = int(ws.cell_value(0,2))
R_s2_max = int(ws.cell_value(0,3))
R_s3_max = int(ws.cell_value(0,4))

print("Number of Jobs =",number_of_jobs)
print("Number of Machines =",number_of_machines)
print("Number of Operators =",R_p_max)
print("Number of Mold Hangers =",R_s2_max)
print("Nuber of Setup Techs =",R_s3_max)

# In[6]:
# Read location data
ws = wb.sheet_by_name('Machine-Jobs')

machines = ws.row_values(0)[3:3+number_of_machines]
eligibility = {(m, n) : 0 for m in machines for n in [j.name for j in jobs]}
processing_time = {(m, n) : 0 for m in machines for n in [j.name for j in jobs]}
processing_resource = {(m, n) : 0 for m in machines for n in [j.name for j in jobs]}

for i,l1 in enumerate([j.name for j in jobs]):
    for j,l2 in enumerate(machines):
            
            if ws.cell_value(1+i, 3+j) != '':
                elgibility[l2,l1] = ws.cell_value(1+i, 3+j)
              
            if ws.cell_value(1+i, (3+3*number_of_machines)+j) != '':
                processing_time[l2,l1] = ws.cell_value(1+i, (3+3*number_of_machines)+j)
            
            if ws.cell_value(1+i, 3+4*number_of_machines+j) != '':
                processing_resource[l2,l1] = ws.cell_value(1+i, 3+4*number_of_machines+j)

# In[7]:
tear_down_time = {(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}
setup_time={(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}
tear_down_resource = {(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}
setup_resource={(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}

# In[8]:
N = [j.name for j in jobs]
M = machines
N_0 = ['J0'] + N
Q = ['D1','D2', 'D3', 'D4','D5', 'D6', 'D7', 'D8', 'D9']
need_drying = {j.name: j.need_drying for j in jobs}
drying_time = {j.name: j.drying_time for j in jobs}

# In[9]:
for i in M:
    for j in ['J0']:
        for k in  N:
            tear_down_time[i,j,k] = 1
            tear_down_resource[i,j,k] = 1
            setup_time[i,j,k] = 1
            setup_resource[i,j,k] = 1
                        
for i in M:
    for k in ['J0']:
        for j in  N:
            tear_down_time[i,j,k] = 1
            tear_down_resource[i,j,k] = 1
            setup_time[i,j,k] = 1
            setup_resource[i,j,k] = 1

for i in M:
    for l in ['J0']:
        for k in  N:
            tear_down_time[i,l,k] = 1
            tear_down_resource[i,l,k] = 1
            setup_time[i,l,k] = 1
            setup_resource[i,l,k] = 1

# In[10]:
ws = wb.sheet_by_name('Assembly')
reqd_assy = {(k,j) : 0 for j in [n.name for n in jobs] for k in [n.name for n in jobs]}
for i in range(len(ws.col_values(0))-1):
    reqd_assy[ws.col_values(0)[i+1], ws.col_values(1)[i+1]] = ws.col_values(2)[i+1]

# In[11]:
m = gp.Model("test")
L = 10000

### Decision variables
C_max = m.addVar(name = "C_max")

# completion time of job j at the production stage
C_j = m.addVars(N_0, name="C_j")

# Drying completion time of job j at the production stage
D_j = m.addVars(N_0, name="D_j")

# Completion time of mold teardown/hanging before the setup of job j on the corresponding machine
B_j = m.addVars(N, name="B_j")

#completion time of machine setup before the processing of job j on the corresponding machine
F_j = m.addVars(N, name="F_j")

# 1, if job j is assigned to machine i
Y_ij = m.addVars(M, N, vtype=GRB.BINARY, name="Y_ij")

# 1, if job j is processed before job k in machine i 
X_ijk = m.addVars(M, N_0, N_0, vtype=GRB.BINARY, name="X_ijk")

# 1, if job j material is assigned to dryer q
Z_jq = m.addVars(N,Q, vtype=GRB.BINARY, name="Z_jq")


R_k_p = m.addVars(N, name="R_k_p")

R_k_s2 = m.addVars(N, name="R_k_s2")

R_k_s3 = m.addVars(N, name="R_k_s3")

A_jkp = m.addVars(N,N, vtype=GRB.BINARY, name="A_jkp")
B_jkp = m.addVars(N,N, vtype=GRB.BINARY, name="B_jkp")

D_jks2 = m.addVars(N,N, vtype=GRB.BINARY, name="D_jks2")
E_jks2 = m.addVars(N,N, vtype=GRB.BINARY, name="E_jks2")

G_jks3 = m.addVars(N,N, vtype=GRB.BINARY, name="G_jks3")
H_jks3 = m.addVars(N,N, vtype=GRB.BINARY, name="H_jks3")

# In[12]:
# Eqn (2)
m.addConstrs(((gp.quicksum(X_ijk[i, j, k] * tear_down_time[i, j, k] for j in N_0 for k in N if j != k)
                + gp.quicksum(X_ijk[i, j, k] * setup_time[i, j, k] for j in N_0 for k in N if j != k)
                + gp.quicksum(Y_ij[i, k] * processing_time[i, k] for k in N)) <= C_max for i in M), name="eqn_2")

# Eqn (3)
m.addConstrs(((gp.quicksum(X_ijk[i, j, k] for j in ['J0'] for k in N)) <= 1 for i in M), name="eqn_3")

# Eqn (4)
m.addConstrs(((gp.quicksum(Y_ij[i, j] for i in M)) == 1 for j in N), name="eqn_4")

# Eqn (5)
m.addConstrs(((gp.quicksum(Z_jq[j, q] for q in Q)) == 1 for j in N), name="eqn_5")

# Eqn (6)
for i in M:
    for k in N:
        m.addConstr((Y_ij[i, k] == gp.quicksum(X_ijk[i, k, j] for j in N_0 if j != k)))

# Eqn (7)
for i in M:
    for k in N:
        m.addConstr((Y_ij[i, k] == gp.quicksum(X_ijk[i, j, k] for j in N_0 if j != k)))

# Eqn (8)
m.addConstrs(((C_j[k] - C_j[j] + L * (1 - X_ijk[i, j, k] )) >= (
                tear_down_time[i, j, k] + setup_time[i, j, k] + processing_time[i, k])
                  for i in M for j in N_0 for k in N if j != k), name="eqn_8")

# Eqn (9)
m.addConstrs((D_j[k] >= need_drying[k] * drying_time[k] for k in N), name="eqn_9")

# Eqn (10)
m.addConstrs((elgibility[i, j] >= Y_ij[i, j] for i in M for j in N), name="eqn_10")

# Eqn (11)
m.addConstrs((B_j[k] == D_j[k] for k in N), name="eqn_11")

# Eqn (12)
m.addConstrs((B_j[k] <= F_j[k] - gp.quicksum(X_ijk[i, j, k] * setup_time[i, j, k] for j in N_0)
                for i in M for k in N), name="eqn_12")

# Eqn (13)
m.addConstrs((F_j[k] <= C_j[k] - gp.quicksum(Y_ij[i, k] * processing_time[i, k] for i in M)
                  for k in N), name="eqn_13")

# Eqn (14)
m.addConstrs((B_j[k] - C_j[j] + L * (1 - gp.quicksum(X_ijk[i, j, k] for i in M))
                  >= gp.quicksum(X_ijk[i, j, k] * tear_down_time[i, j, k] for i in M)
                  for j in N_0 for k in N if j != k), name="eqn_14")

# Eqn (15)
m.addConstrs((gp.quicksum(X_ijk[i, j, k] * tear_down_time[i, j, k] for i in M for j in N_0) +
                  gp.quicksum(X_ijk[i, j, k] * setup_time[i, j, k] for i in M for j in N_0) +
                  gp.quicksum(Y_ij[i, k] * processing_time[i, k] for i in M)
                  <= C_j[k] for k in N), name="eqn_15")
# Eqn (16)
m.addConstrs((R_k_p[k] >= gp.quicksum(Y_ij[i, k] * processing_resource[i, k] for i in M)
                  for k in N), name="eqn_16")

# Eqn (16a)
m.addConstrs((R_k_p[k] <= R_p_max
                  for k in N), name="eqn_16a")

# Eqn (17)
m.addConstrs((R_k_s2[k] >= gp.quicksum(X_ijk[i, j, k] * tear_down_resource[i, j, k] for i in M for j in N_0)
                  for k in N), name="eqn_17")

# Eqn (17a)
m.addConstrs((R_k_s2[k] <= R_s2_max
                  for k in N), name="eqn_17a")

# Eqn (18)
m.addConstrs((R_k_s3[k] >= gp.quicksum(X_ijk[i, j, k] * setup_resource[i, j, k] for i in M for j in N_0)
                  for k in N), name="eqn_18")

# Eqn (18a)
m.addConstrs((R_k_s3[k] <= R_s3_max
                  for k in N), name="eqn_18a")

# Eqn (19)
m.addConstrs((C_j[k] - C_j[j] + L * (1 - A_jkp[j, k]) >= gp.quicksum(Y_ij[i, k] * processing_time[i, k] for i in M)
                  for j in N for k in N if j != k), name="eqn_19")

# Eqn (20)
m.addConstrs(
        (R_k_p[k] - R_k_p[j] + L * (1 - B_jkp[j, k]) >= gp.quicksum(Y_ij[i, k] * processing_resource[i, k] for i in M)
         for j in N for k in N if j != k), name="eqn_20")

# Eqn (21)
m.addConstrs(((A_jkp[j, k] + A_jkp[k, j] + B_jkp[k, j] + B_jkp[j, k]) >= 1
                  for j in N for k in N if k > j), name="eqn_21")

# Eqn (22)
m.addConstrs((B_j[k] - B_j[j] + L * (1 - D_jks2[j, k]) >= gp.quicksum(
        X_ijk[i, l, k] * tear_down_time[i, l, k] for i in M for l in N_0 if l != k)
                  for j in N for k in N if j != k), name="eqn_22")

# Eqn (23)
m.addConstrs((R_k_s2[k] - R_k_s2[j] + L * (1 - E_jks2[j, k]) >= gp.quicksum(
        X_ijk[i, l, k] * tear_down_resource[i, l, k] for i in M for l in N_0 if l != k)
                  for j in N for k in N if j != k), name="eqn_23")

# Eqn (24)
m.addConstrs(((D_jks2[j, k] + D_jks2[k, j] + E_jks2[k, j] + E_jks2[j, k]) >= 1
                  for j in N for k in N if k > j), name="eqn_24")

# Eqn (25)
m.addConstrs((F_j[k] - F_j[j] + L * (1 - G_jks3[j, k]) >= gp.quicksum(
        X_ijk[i, l, k] * setup_time[i, l, k] for i in M for l in N_0 if l != k)
                  for j in N for k in N if j != k), name="eqn_25")

# Eqn (26)
m.addConstrs((R_k_s3[k] - R_k_s3[j] + L * (1 - H_jks3[j, k]) >= gp.quicksum(
        X_ijk[i, l, k] * setup_resource[i, l, k] for i in M for l in N_0 if l != k)
                  for j in N for k in N if j != k), name="eqn_26")

# Eqn (27)
m.addConstrs(((G_jks3[j, k] + G_jks3[k, j] + H_jks3[k, j] + H_jks3[j, k]) >= 1
                  for j in N for k in N if k > j), name="eqn_27")
# Eqn (28)
m.addConstrs(
        (C_j[k] >= C_j[j] * reqd_assy[k, j] + processing_time[i, k]*Y_ij[i, k] for i in M for j in N for k in N if j != k),
        name="eqn_28")

# Eqn (1)
m.addConstrs((C_max >= C_j[k]
                  for k in N), name="eqn_1")

m.setObjective(C_max , GRB.MINIMIZE)
m.Params.TIMELIMIT = 10800
m.Params.MIPFocus = 1
m.Params.AggFill = 10
 
m.update()

#Optimize 
m.optimize() 
m.printStats()
# In[13]:
status = m.Status 
a =""
if status == GRB.INFEASIBLE or status == GRB.INF_OR_UNBD: 
    a = 'Infeasible'
else:
    a = "Feasible"

print('The model is {}'.format(a))

if status == GRB.INFEASIBLE or status == GRB.INF_OR_UNBD: 
    
    print('The model is infeasible; computing IIS') 
    m.computeIIS() 
    if m.IISMinimal: 
        print('IIS is minimal\n') 
    else: print('IIS is not minimal\n') 
    print('\nThe following constraint(s) cannot be satisfied:') 
    
    for c in m.getConstrs(): 
        if c.IISConstr: 
            print('%s' %c.ConstrName) 
else: 
    print("C_max = ", round(m.ObjVal,2))
    
    
    for i in M:
        for j in N:
            if Y_ij[i,j].X == 1:
                print('Job {0} is assigned to Machine {1}'.format(j, i))
    print('\n')
                    
    print('Job', '\t', 'D_j', '\t', 'B_j', '\t', 'F_j', '\t','C_j')
    for i in M: 
        for j in N: 
            if Y_ij[i,j].X ==1:
                print(j, '\t', round(D_j[j].X, 1), '\t', round(B_j[j].X, 1), '\t', round(F_j[j].X, 1), '\t', round(C_j[j].X, 1))       
        print('\n')
        
    for i in M: 
        for j in N_0:
            for k in N_0:
                if X_ijk[i,j,k].X ==1:
                    print('Machine {0} processes job {1} then job {2}'.format(i, j, k))
        print('\n')
   
    print('Job', '\t', 'D_j')
    for i in Q: 
        for j in N: 
            if Z_jq[j,i].X ==1 and drying_time[j] >0 :
                print(j, '\t', round(D_j[j].X, 1))       
        print('\n')
       
end = time.time()

print(f"Total time elapsed for three stage: { end - start}")
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import xlrd
import gurobipy as gp
from gurobipy import GRB

class Machine():
    def __init__(self, name):
        self.name = name

class Job():
    def __init__(self, name, need_drying, drying_time):
        self.name = name
        self.need_drying = need_drying
        self.drying_time = drying_time
       

    def __str__(self):
        about = f"Job: {self.name}\n  Is_dry: {self.need_drying}\n  Dry_time: {self.drying_time}\n"
        return about


def First(path, timeLimit=5400, detail=True, tolerance=0.01):

    # Read the data
    # Open Excel workbook
    wb = xlrd.open_workbook(path)
    # Read job data
    ws = wb.sheet_by_name('Jobs')
    jobs = []
    for i,t in enumerate(ws.col_values(0)[1:]):
        # Create Technician object
        thisTech = Job(*ws.row_values(1+i)[:3])
        jobs.append(thisTech)

    # Read Data Size
    ws = wb.sheet_by_name('Data Size')
    number_of_jobs = int(ws.cell_value(0,1))
    number_of_machines = int(ws.cell_value(0,0))
    R_p_max = int(ws.cell_value(0,2))
    R_s2_max = int(ws.cell_value(0,3))
    R_s3_max = int(ws.cell_value(0,4))

    print("Number of Jobs =",number_of_jobs)
    print("Number of Machines =",number_of_machines)
    print("Number of Operators =",R_p_max)
    print("Number of Mold Hangers =",R_s2_max)
    print("Nuber of Setup Techs =",R_s3_max)

    # Read location data
    ws = wb.sheet_by_name('Machine-Jobs')

    machines = ws.row_values(0)[3:3+number_of_machines]
    eligibility = {(m, n) : 0 for m in machines for n in [j.name for j in jobs]}
    processing_time = {(m, n) : 0 for m in machines for n in [j.name for j in jobs]}
    processing_resource = {(m, n) : 0 for m in machines for n in [j.name for j in jobs]}
    
    for i,l1 in enumerate([j.name for j in jobs]):
        for j,l2 in enumerate(machines):
                
                if ws.cell_value(1+i, 3+j) != '':
                    elgibility[l2,l1] = ws.cell_value(1+i, 3+j)
                  
                if ws.cell_value(1+i, (3+3*number_of_machines)+j) != '':
                    processing_time[l2,l1] = ws.cell_value(1+i, (3+3*number_of_machines)+j)
                
                if ws.cell_value(1+i, 3+4*number_of_machines+j) != '':
                    processing_resource[l2,l1] = ws.cell_value(1+i, 3+4*number_of_machines+j)
    
    
    tear_down_time = {(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}
    setup_time={(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}
    tear_down_resource = {(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}
    setup_resource={(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}


    N = [j.name for j in jobs]
    M = machines
    N_0 = ['J0'] + N
    Q = ['D1','D2', 'D3', 'D4','D5', 'D6', 'D7', 'D8', 'D9']
    need_drying = {j.name: j.need_drying for j in jobs}
    drying_time = {j.name: j.drying_time for j in jobs}

    for i in M:
        for j in ['J0']:
            for k in  N:
                tear_down_time[i,j,k] = 1
                tear_down_resource[i,j,k] = 1
                setup_time[i,j,k] = 1
                setup_resource[i,j,k] = 1
                
    for i in M:
        for k in ['J0']:
            for j in  N:
                tear_down_time[i,j,k] = 1
                tear_down_resource[i,j,k] = 1
                setup_time[i,j,k] = 1
                setup_resource[i,j,k] = 1
                
    for i in M:
        for l in ['J0']:
            for k in  N:
                tear_down_time[i,l,k] = 1
                tear_down_resource[i,l,k] = 1
                setup_time[i,l,k] = 1
                setup_resource[i,l,k] = 1            

    ws = wb.sheet_by_name('Assembly')

    reqd_assy = {(k,j) : 0 for j in [n.name for n in jobs] for k in [n.name for n in jobs]}

    for i in range(len(ws.col_values(0))-1):
        reqd_assy[ws.col_values(0)[i+1], ws.col_values(1)[i+1]] = ws.col_values(2)[i+1]

    # Create a First stage model

    m = gp.Model()
    m.setParam('MIPGap', tolerance)
    m.setParam("OutputFlag", detail)
    m.setParam('TimeLimit', timeLimit)
    m.setParam('MIPFocus', 1)
    m.setParam('AGGFill',10)
     
    
    L = 10000

    ### Decision variables

    C_max = m.addVar(name="C_max")

    # completion time of job j at the production stage
    C_j = m.addVars(N_0, name="C_j")

    # Drying completion time of job j at the production stage
    D_j = m.addVars(N_0, name="D_j")

    
    # 1, if job j is assigned to machine i
    Y_ij = m.addVars(M, N, vtype=GRB.BINARY, name="Y_ij")

    # 1, if job j is processed before job k in machine i
    X_ijk = m.addVars(M, N_0, N_0, vtype=GRB.BINARY, name="X_ijk")

    # 1, if job j material is assigned to dryer q
    Z_jq = m.addVars(N, Q, vtype=GRB.BINARY, name="Z_jq")

    
    ##Set Objective

    m.setObjective(C_max, GRB.MINIMIZE)

    # Add constraints

    # Eqn (2)
    m.addConstrs(((gp.quicksum(X_ijk[i, j, k] * tear_down_time[i, j, k] for j in N_0 for k in N if j != k)
                   + gp.quicksum(X_ijk[i, j, k] * setup_time[i, j, k] for j in N_0 for k in N if j != k)
                   + gp.quicksum(Y_ij[i, k] * processing_time[i, k] for k in N)) <= C_max for i in M), name="eqn_2")

    # Eqn (3)
    m.addConstrs(((gp.quicksum(X_ijk[i, j, k] for j in ['J0'] for k in N)) <= 1 for i in M), name="eqn_3")

    
    # Eqn (4)
    m.addConstrs(((gp.quicksum(Y_ij[i, j] for i in M)) == 1 for j in N), name="eqn_4")

    # Eqn (5)
    m.addConstrs(((gp.quicksum(Z_jq[j, q] for q in Q)) == 1 for j in N), name="eqn_5")

    # Eqn (6)
    for i in M:
        for k in N:
            m.addConstr((Y_ij[i, k] == gp.quicksum(X_ijk[i, k, j] for j in N_0 if j != k)))

    # Eqn (7)
    for i in M:
        for k in N:
            m.addConstr((Y_ij[i, k] == gp.quicksum(X_ijk[i, j, k] for j in N_0 if j != k)))
    
    # Eqn (8)
    m.addConstrs(((C_j[k] - C_j[j] + L * (1 - X_ijk[i, j, k] )) >= (
                tear_down_time[i, j, k] + setup_time[i, j, k] + processing_time[i, k])
                  for i in M for j in N_0 for k in N if j != k), name="eqn_8")

   

    # Eqn (9)
    m.addConstrs((D_j[k] >= need_drying[k] * drying_time[k] for k in N), name="eqn_9")

    # Eqn (10)
    m.addConstrs((elgibility[i, j] >= Y_ij[i, j] for i in M for j in N), name="eqn_10")

    # Eqn (15)
    m.addConstrs((gp.quicksum(X_ijk[i, j, k] * tear_down_time[i, j, k] for i in M for j in N_0) +
                  gp.quicksum(X_ijk[i, j, k] * setup_time[i, j, k] for i in M for j in N_0) +
                  gp.quicksum(Y_ij[i, k] * processing_time[i, k] for i in M)
                  <= C_j[k] for k in N), name="eqn_11")
    # Eqn (28)
    m.addConstrs(
        (C_j[k] >= C_j[j] * reqd_assy[k, j] + processing_time[i, k]*Y_ij[i, k] for i in M for j in N for k in N if j != k),
        name="eqn_25")
    
    # Eqn (1)
    m.addConstrs((C_max >= C_j[k]
                  for k in N), name="eqn_1")

    m.update()
    m.write('First_stage.lp')
    m.optimize()

    status = m.Status
    a = ""
    if status == GRB.INFEASIBLE or status == GRB.INF_OR_UNBD:
        a = 'Infeasible'
    else:
        a = "Feasible"

    print("******************************** First Stage ******************************")
    print('The model is {}'.format(a))

    if status == GRB.INFEASIBLE or status == GRB.INF_OR_UNBD:

        print('The model is infeasible; computing IIS')
        m.computeIIS()
        if m.IISMinimal:
            print('IIS is minimal\n')
        else:
            print('IIS is not minimal\n')
        print('\nThe following constraint(s) cannot be satisfied:')

        for c in m.getConstrs():
            if c.IISConstr:
                print('%s' % c.ConstrName)

    # the model is feasible
    if a == "Feasible":

        ##Need to write that
        Yijs = {(i,j):0 for i in M for j in N}

        # print(N)
        for i in M:
            for j in N:
                Yijs[i,j] = Y_ij[i, j].X

                # if j == 'VKX01WH004':
                #     print(i, j, Y_ij[i, j].X)


        Zjqs = {(j,q): 0 for j in N for q in Q}

        for j in N:
            for q in Q:
                Zjqs[j,q] = Z_jq[j, q].X

        Xijk = {(i,j,k): 0 for i in M for j in N_0 for k in N_0}
        
        for i in M:
            for j in N_0:
                for k in N_0:
                    Xijk[i,j,k] = X_ijk[i,j,k].X
        
        ofv = m.objVal
        lower_bound = m.objBound
        gap = m.MIPGap
        run_time = m.runtime

        print(f"\n ObjVal: {ofv}, Lower Bound: {lower_bound}, Gap: {gap}, Runtime: {run_time}")
        
    return Yijs, Zjqs, Xijk

if __name__ == "__main__":
    path = 'test.xls'
    timeLimit = 5400
    detail = True
    tolerance = 0.01

    First(path, timeLimit, detail, tolerance)
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import time
from First_stage import First
import xlrd
import gurobipy as gp
from gurobipy import GRB

class Machine():
    def __init__(self, name):
        self.name = name

class Job():
    def __init__(self, name, need_drying, drying_time):
        self.name = name
        self.need_drying = need_drying
        self.drying_time = drying_time
        

    def __str__(self):
        about = f"Job: {self.name}\n  Is_dry: {self.need_drying}\n  Dry_time: {self.drying_time}\n"
        return about


def Second(path, timeLimit=5400, detail=True, tolerance=0.01):

    # Read the data
    # Open Excel workbook
    wb = xlrd.open_workbook(path)
    # Read job data
    ws = wb.sheet_by_name('Jobs')
    jobs = []
    for i,t in enumerate(ws.col_values(0)[1:]):
        # Create Technician object
        thisTech = Job(*ws.row_values(1+i)[:3])
        jobs.append(thisTech)

    # Read Data Size
    ws = wb.sheet_by_name('Data Size')
    number_of_jobs = int(ws.cell_value(0,1))
    number_of_machines = int(ws.cell_value(0,0))
    R_p_max = int(ws.cell_value(0,2))
    R_s2_max = int(ws.cell_value(0,3))
    R_s3_max = int(ws.cell_value(0,4))

    print("Number of Jobs =",number_of_jobs)
    print("Number of Machines =",number_of_machines)
    print("Number of Operators =",R_p_max)
    print("Number of Mold Hangers =",R_s2_max)
    print("Nuber of Setup Techs =",R_s3_max)

    # Read location data
    ws = wb.sheet_by_name('Machine-Jobs')

    machines = ws.row_values(0)[3:3+number_of_machines]
    eligibility = {(m, n) : 0 for m in machines for n in [j.name for j in jobs]}
    processing_time = {(m, n) : 0 for m in machines for n in [j.name for j in jobs]}
    processing_resource = {(m, n) : 0 for m in machines for n in [j.name for j in jobs]}

    for i,l1 in enumerate([j.name for j in jobs]):
        for j,l2 in enumerate(machines):
                
                if ws.cell_value(1+i, 3+j) != '':
                    elgibility[l2,l1] = ws.cell_value(1+i, 3+j)
                  
                if ws.cell_value(1+i, (3+3*number_of_machines)+j) != '':
                    processing_time[l2,l1] = ws.cell_value(1+i, (3+3*number_of_machines)+j)
                
                if ws.cell_value(1+i, 3+4*number_of_machines+j) != '':
                    processing_resource[l2,l1] = ws.cell_value(1+i, 3+4*number_of_machines+j)

    tear_down_time = {(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}
    setup_time={(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}
    tear_down_resource = {(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}
    setup_resource={(i,j,k) : 1 for i in machines for j in [n.name for n in jobs] for k in [n.name for n in jobs]}


    N = [j.name for j in jobs]
    M = machines
    N_0 = ['J0'] + N
    Q = ['D1','D2', 'D3', 'D4','D5', 'D6', 'D7', 'D8', 'D9']
    need_drying = {j.name: j.need_drying for j in jobs}
    drying_time = {j.name: j.drying_time for j in jobs}

    for i in M:
        for j in ['J0']:
            for k in  N:
                tear_down_time[i,j,k] = 1
                tear_down_resource[i,j,k] = 1
                setup_time[i,j,k] = 1
                setup_resource[i,j,k] = 1
                
    for i in M:
        for k in ['J0']:
            for j in  N:
                tear_down_time[i,j,k] = 1
                tear_down_resource[i,j,k] = 1
                setup_time[i,j,k] = 1
                setup_resource[i,j,k] = 1
                
    for i in M:
        for l in ['J0']:
            for k in  N:
                tear_down_time[i,l,k] = 1
                tear_down_resource[i,l,k] = 1
                setup_time[i,l,k] = 1
                setup_resource[i,l,k] = 1            

    ws = wb.sheet_by_name('Assembly')

    reqd_assy = {(k,j) : 0 for j in [n.name for n in jobs] for k in [n.name for n in jobs]}

    for i in range(len(ws.col_values(0))-1):
        reqd_assy[ws.col_values(0)[i+1], ws.col_values(1)[i+1]] = ws.col_values(2)[i+1]


    # Create a First stage model

    path = 'test.xls'
    timeLimit = timeLimit
    detail = detail
    tolerance = tolerance

    Y_ij, Z_jq, X_ijk=  First(path, timeLimit, detail, tolerance)

    m = gp.Model()
    m.setParam('MIPGap', tolerance)
    m.setParam("OutputFlag", detail)
    m.setParam('TimeLimit', timeLimit)
    m.setParam('MIPFocus', 1)
    m.setParam('AGGFill',10)
    

    L = 10000

    ### Decision variables

    C_max = m.addVar(name="C_max")

    # completion time of job j at the production stage
    C_j = m.addVars(N_0, name="C_j")

    # Drying completion time of job j at the production stage
    D_j = m.addVars(N_0, name="D_j")

    # Completion time of mold teardown/hanging before the setup of job j on the corresponding machine
    B_j = m.addVars(N, name="B_j")

    # Completion time of machine setup before the processing of job j on the corresponding machine
    F_j = m.addVars(N, name="F_j")
         
    R_k_p = m.addVars(N, name="R_k_p")

    R_k_s2 = m.addVars(N, name="R_k_s2")

    R_k_s3 = m.addVars(N, name="R_k_s3")

    A_jkp = m.addVars(N, N, vtype=GRB.BINARY, name="A_jkp")
    B_jkp = m.addVars(N, N, vtype=GRB.BINARY, name="B_jkp")

    D_jks2 = m.addVars(N, N, vtype=GRB.BINARY, name="D_jks2")
    E_jks2 = m.addVars(N, N, vtype=GRB.BINARY, name="E_jks2")

    G_jks3 = m.addVars(N, N, vtype=GRB.BINARY, name="G_jks3")
    H_jks3 = m.addVars(N, N, vtype=GRB.BINARY, name="H_jks3")

    ##Set Objective

    m.setObjective(C_max, GRB.MINIMIZE)

    # Add constraints

    # Eqn (2)
    m.addConstrs(((gp.quicksum(X_ijk[i, j, k] * tear_down_time[i, j, k] for j in N_0 for k in N if j != k)
                   + gp.quicksum(X_ijk[i, j, k] * setup_time[i, j, k] for j in N_0 for k in N if j != k)
                   + gp.quicksum(Y_ij[i, k] * processing_time[i, k] for k in N)) <= C_max for i in M), name="eqn_2")

    # Eqn (3)
    m.addConstrs(((gp.quicksum(X_ijk[i, j, k] for j in ['J0'] for k in N)) <= 1 for i in M), name="eqn_3")

   
    # Eqn (4)
    m.addConstrs(((gp.quicksum(Y_ij[i, j] for i in M)) == 1 for j in N), name="eqn_4")

    # Eqn (5)
    m.addConstrs(((gp.quicksum(Z_jq[j, q] for q in Q)) == 1 for j in N), name="eqn_5")

    # Eqn (6)
    for i in M:
        for k in N:
            m.addConstr((Y_ij[i, k] == gp.quicksum(X_ijk[i, k, j] for j in N_0 if j != k)))

    # Eqn (7)
    for i in M:
        for k in N:
            m.addConstr((Y_ij[i, k] == gp.quicksum(X_ijk[i, j, k] for j in N_0 if j != k)))
    
    # Eqn (8)
    m.addConstrs(((C_j[k] - C_j[j] + L * (1 - X_ijk[i, j, k] )) >= (
                tear_down_time[i, j, k] + setup_time[i, j, k] + processing_time[i, k])
                  for i in M for j in N_0 for k in N if j != k), name="eqn_8")
    
    # Eqn (9)
    m.addConstrs((D_j[k] >= need_drying[k] * drying_time[k] for k in N), name="eqn_9")

    # Eqn (10)
    m.addConstrs((elgibility[i, j] >= Y_ij[i, j] for i in M for j in N), name="eqn_10")

    # Eqn (11)
    m.addConstrs((B_j[k] == D_j[k] for k in N), name="eqn_11")

    # Eqn (12)
    m.addConstrs((B_j[k] <= F_j[k] - gp.quicksum(X_ijk[i, j, k] * setup_time[i, j, k] for j in N_0)
                  for i in M for k in N), name="eqn_12")

    # Eqn (13)
    m.addConstrs((F_j[k] <= C_j[k] - gp.quicksum(Y_ij[i, k] * processing_time[i, k] for i in M)
                  for k in N), name="eqn_13")

    # Eqn (14)
    m.addConstrs((B_j[k] - C_j[j] + L * (1 - gp.quicksum(X_ijk[i, j, k] for i in M))
                  >= gp.quicksum(X_ijk[i, j, k] * tear_down_time[i, j, k] for i in M)
                  for j in N_0 for k in N if j != k), name="eqn_14")

    # Eqn (15)
    m.addConstrs((gp.quicksum(X_ijk[i, j, k] * tear_down_time[i, j, k] for i in M for j in N_0) +
                  gp.quicksum(X_ijk[i, j, k] * setup_time[i, j, k] for i in M for j in N_0) +
                  gp.quicksum(Y_ij[i, k] * processing_time[i, k] for i in M)
                  <= C_j[k] for k in N), name="eqn_15")

    # Eqn (16)
    m.addConstrs((R_k_p[k] >= gp.quicksum(Y_ij[i, k] * processing_resource[i, k] for i in M)
                  for k in N), name="eqn_16")

    # Eqn (16a)
    m.addConstrs((R_k_p[k] <= R_p_max
                  for k in N), name="eqn_16a")

    # Eqn (17)
    m.addConstrs((R_k_s2[k] >= gp.quicksum(X_ijk[i, j, k] * tear_down_resource[i, j, k] for i in M for j in N_0)
                  for k in N), name="eqn_17")

    # Eqn (17a)
    m.addConstrs((R_k_s2[k] <= R_s2_max
                  for k in N), name="eqn_17a")

    # Eqn (18)
    m.addConstrs((R_k_s3[k] >= gp.quicksum(X_ijk[i, j, k] * setup_resource[i, j, k] for i in M for j in N_0)
                  for k in N), name="eqn_18")

    # Eqn (18a)
    m.addConstrs((R_k_s3[k] <= R_s3_max
                  for k in N), name="eqn_18a")

    # Eqn (19)
    m.addConstrs((C_j[k] - C_j[j] + L * (1 - A_jkp[j, k]) >= gp.quicksum(Y_ij[i, k] * processing_time[i, k] for i in M)
                  for j in N for k in N if j != k), name="eqn_20")

    # Eqn (20)
    m.addConstrs(
        (R_k_p[k] - R_k_p[j] + L * (1 - B_jkp[j, k]) >= gp.quicksum(Y_ij[i, k] * processing_resource[i, k] for i in M)
         for j in N for k in N if j != k), name="eqn_21")

    # Eqn (21)
    m.addConstrs(((A_jkp[j, k] + A_jkp[k, j] + B_jkp[k, j] + B_jkp[j, k]) >= 1
                  for j in N for k in N if k > j), name="eqn_22")

    # Eqn (22)
    m.addConstrs((B_j[k] - B_j[j] + L * (1 - D_jks2[j, k]) >= gp.quicksum(
        X_ijk[i, l, k] * tear_down_time[i, l, k] for i in M for l in N_0 if l != k)
                  for j in N for k in N if j != k), name="eqn_23")

    # Eqn (23)
    m.addConstrs((R_k_s2[k] - R_k_s2[j] + L * (1 - E_jks2[j, k]) >= gp.quicksum(
        X_ijk[i, l, k] * tear_down_resource[i, l, k] for i in M for l in N_0 if l != k)
                  for j in N for k in N if j != k), name="eqn_24")

    # Eqn (24)
    m.addConstrs(((D_jks2[j, k] + D_jks2[k, j] + E_jks2[k, j] + E_jks2[j, k]) >= 1
                  for j in N for k in N if k > j), name="eqn_25")

    # Eqn (25)
    m.addConstrs((F_j[k] - F_j[j] + L * (1 - G_jks3[j, k]) >= gp.quicksum(
        X_ijk[i, l, k] * setup_time[i, l, k] for i in M for l in N_0 if l != k)
                  for j in N for k in N if j != k), name="eqn_26")

    # Eqn (26)
    m.addConstrs((R_k_s3[k] - R_k_s3[j] + L * (1 - H_jks3[j, k]) >= gp.quicksum(
        X_ijk[i, l, k] * setup_resource[i, l, k] for i in M for l in N_0 if l != k)
                  for j in N for k in N if j != k), name="eqn_27")

    # Eqn (27)
    m.addConstrs(((G_jks3[j, k] + G_jks3[k, j] + H_jks3[k, j] + H_jks3[j, k]) >= 1
                  for j in N for k in N if k > j), name="eqn_28")
    
    # Eqn (28)
    m.addConstrs(
        (C_j[k] >= C_j[j] * reqd_assy[k, j] + processing_time[i, k]*Y_ij[i, k] for i in M for j in N for k in N if j != k),
        name="eqn_30")
    
    # Eqn (1)
    m.addConstrs((C_max >= C_j[k]
                  for k in N), name="eqn_1")

    m.update()
    m.write('Second_stage.lp')
    m.optimize()

    status = m.Status
    a = ""
    if status == GRB.INFEASIBLE or status == GRB.INF_OR_UNBD:
        a = 'Infeasible'
    else:
        a = "Feasible"
    print("******************************** Second Stage ******************************")
    print('The model is {}'.format(a))

    if status == GRB.INFEASIBLE or status == GRB.INF_OR_UNBD:

        print('The model is infeasible; computing IIS')
        m.computeIIS()
        if m.IISMinimal:
            print('IIS is minimal\n')
        else:
            print('IIS is not minimal\n')
        print('\nThe following constraint(s) cannot be satisfied:')

        for c in m.getConstrs():
            if c.IISConstr:
                print('%s' % c.ConstrName)
    
    # the model is feasiblE
    if a == "Feasible":

        ofv = m.objVal
        lower_bound = m.objBound
        gap = m.MIPGap
        run_time = m.runtime

        print(f" ObjVal: {ofv}, Lower Bound: {lower_bound}, Gap: {gap}, Runtime: {run_time}")
        
        for i in M:
            for j in N:
                if Y_ij[i,j] == 1:
                    print('Job {0} is assigned to Machine {1}'.format(j, i))
                    
        print('Job', '\t', 'D_j', '\t', 'B_j', '\t', 'F_j', '\t','C_j')
        for i in M: 
            for j in N: 
                if Y_ij[i,j] ==1:
                    print(j, '\t', round(D_j[j].X, 1), '\t', round(B_j[j].X, 1), '\t', round(F_j[j].X, 1), '\t', round(C_j[j].X, 1))       
            print('\n')
            
        for i in M: 
            for j in N_0:
                for k in N_0:
                    if X_ijk[i,j,k] ==1:
                        print('Machine {0} processes job {1} then job {2}'.format(i, j, k))
            print('\n')
        
        
        print('Job', '\t', 'D_j')
        for i in Q: 
            for j in N: 
                if Z_jq[j,i] ==1 and drying_time[j] >0 :
                    print(j, '\t', round(D_j[j].X, 1))       
            print('\n')

        print(f" ObjVal: {ofv}, Lower Bound: {lower_bound}, Gap: {gap}")
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Number of Jobs = 10
Number of Machines = 3
Number of Operators = 5
Number of Mold Hangers = 2
Number of Setup Techs = 1
Set parameter Username
Academic license - for non-commercial use only - expires 2024-01-05
Set parameter TimeLimit to value 10800
Set parameter MIPFocus to value 1
Set parameter AggFill to value 10
Gurobi Optimizer version 10.0.0 build v10.0.0rc2 (win64)

CPU model: 11th Gen Intel(R) Core(TM) i9-11900H @ 2.50GHz, instruction set [SSE2|AVX|AVX2|AVX512]
Thread count: 8 physical cores, 16 logical processors, using up to 16 threads

Optimize a model with 1601 rows, 1156 columns and 17916 nonzeros
Model fingerprint: 0x6cfce12f
Variable types: 73 continuous, 1083 integer (1083 binary)
Coefficient statistics:
  Matrix range     [1e-01, 1e+04]
  Objective range  [1e+00, 1e+00]
  Bounds range     [1e+00, 1e+00]
  RHS range        [1e+00, 1e+04]
Presolve removed 616 rows and 487 columns
Presolve time: 0.04s
Presolved: 985 rows, 669 columns, 7138 nonzeros
Variable types: 58 continuous, 611 integer (611 binary)

Root relaxation: objective 7.994915e+01, 395 iterations, 0.00 seconds (0.00 work units)

	
	Nodes
	Current Node
	Objective Bounds
	Work

	
	Expl
	Unexpl
	Obj
	Depth
	IntInf
	Incumbent
	BestBd
	Gap
	It/Node
	Time

	
	0
	0
	79.94915
	0
	24
	-
	79.94915
	-
	-
	0s

	
	0
	0
	91
	0
	52
	-
	91
	-
	-
	0s

	H
	0
	0
	-
	-
	-
	109
	91
	16.50%
	-
	0s

	
	0
	0
	91
	0
	48
	109
	91
	16.50%
	-
	0s

	
	0
	0
	91
	0
	45
	109
	91
	16.50%
	-
	0s

	
	0
	0
	91
	0
	55
	109
	91
	16.50%
	-
	0s

	H
	0
	0
	-
	-
	-
	107
	91
	15.00%
	-
	0s

	
	0
	0
	91
	0
	60
	107
	91
	15.00%
	-
	0s

	
	0
	0
	91
	0
	45
	107
	91
	15.00%
	-
	0s

	H
	0
	0
	-
	-
	-
	105
	91
	13.30%
	-
	0s

	
	0
	0
	91
	0
	69
	105
	91
	13.30%
	-
	0s

	
	0
	0
	91
	0
	91
	105
	91
	13.30%
	-
	0s

	H
	0
	0
	-
	-
	-
	104
	91
	12.50%
	-
	0s

	
	0
	0
	91
	0
	69
	104
	91
	12.50%
	-
	0s

	
	0
	0
	91
	0
	10
	104
	91
	12.50%
	-
	0s

	H
	0
	0
	-
	-
	-
	96
	91
	5.21%
	-
	0s

	
	0
	0
	91
	0
	4
	96
	91
	5.21%
	-
	0s

	H
	0
	0
	-
	-
	-
	93
	91
	2.15%
	-
	0s

	
	0
	0
	91
	0
	12
	93
	91
	2.15%
	-
	0s

	
	0
	0
	91
	0
	12
	93
	91
	2.15%
	-
	0s

	H
	0
	0
	-
	-
	-
	91
	91
	0.00%
	-
	0s

	
	0
	0
	91
	0
	8
	91
	91
	0.00%
	-
	0s



Cutting planes:
  Gomory: 2
  Cover: 2
  Implied bound: 2
  Clique: 8
  MIR: 13
  StrongCG: 1
  RLT: 2
  Relax-and-lift: 1

Explored 1 nodes (3837 simplex iterations) in 0.48 seconds (0.24 work units)
Thread count was 16 (of 16 available processors)

Solution count 7: 91 93 96 ... 109

Optimal solution found (tolerance 1.00e-04)
Best objective 9.100000000000e+01, best bound 9.100000000000e+01, gap 0.0000%

Statistics for modeltest:
  Linear constraint matrix    : 1601 Constrs, 1156 Vars, 17916 NZs
  Variable types              : 73 Continuous,
1083 Integer (1083 Binary)
  Matrix coefficient range    : [ 0.13, 10001 ]
  Objective coefficient range : [ 1, 1 ]
  Variable bound range        : [ 1, 1 ]
  RHS coefficient range       : [ 1, 10000 ]
The model is Feasible
C_max =  91.0
Job 4.0 is assigned to Machine 1.0
Job 8.0 is assigned to Machine 1.0
Job 10.0 is assigned to Machine 1.0
Job 2.0 is assigned to Machine 2.0
Job 5.0 is assigned to Machine 2.0
Job 9.0 is assigned to Machine 2.0
Job 1.0 is assigned to Machine 3.0
Job 3.0 is assigned to Machine 3.0
Job 6.0 is assigned to Machine 3.0
Job 7.0 is assigned to Machine 3.0


Job 	 D_j 	 B_j 	 F_j 	 C_j
4.0 	 17.0 	 17.0 	 18.0 	 91.0
8.0 	 1.0 	 1.0 	 2.0 	 7.0
10.0 	 8.0 	 8.0 	 9.0 	 16.0


2.0 	 69.0 	 69.0 	 70.0 	 91.0
5.0 	 6.0 	 6.0 	 7.0 	 68.0
9.0 	 1.0 	 1.0 	 4.0 	 5.0


1.0 	 2.0 	 2.0 	 3.0 	 4.0
3.0 	 16.0 	 16.0 	 17.0 	 35.0
6.0 	 36.0 	 36.0 	 37.0 	 91.0
7.0 	 9.0 	 9.0 	 10.0 	 14.0


Machine 1.0 processes job J0 then job 8.0
Machine 1.0 processes job 4.0 then job J0
Machine 1.0 processes job 8.0 then job 10.0
Machine 1.0 processes job 10.0 then job 4.0


Machine 2.0 processes job J0 then job 9.0
Machine 2.0 processes job 2.0 then job J0
Machine 2.0 processes job 5.0 then job 2.0
Machine 2.0 processes job 9.0 then job 5.0


Machine 3.0 processes job J0 then job 1.0
Machine 3.0 processes job 1.0 then job 7.0
Machine 3.0 processes job 3.0 then job 6.0
Machine 3.0 processes job 6.0 then job J0
Machine 3.0 processes job 7.0 then job 3.0


Job 	 D_j
2.0 	 69.0
3.0 	 16.0
7.0 	 9.0
10.0 	 8.0

Total time elapsed for three stages: 0.6364419460296631


[bookmark: _Toc140125644]TWO-PHASE ALGORITHM OUTPUT

Number of Jobs = 10
Number of Machines = 3
Number of Operators = 5
Number of Mold Hangers = 2
Number of Setup Techs = 1
Number of Jobs = 10
Number of Machines = 3
Number of Operators = 5
Number of Mold Hangers = 2
Number of Setup Techs = 1
Set parameter Username
Academic license - for non-commercial use only - expires 2024-01-05
Set parameter MIPGap to value 0.01
Set parameter TimeLimit to value 5400
Set parameter MIPFocus to value 1
Set parameter AggFill to value 10
Gurobi Optimizer version 10.0.0 build v10.0.0rc2 (win64)

CPU model: 11th Gen Intel(R) Core(TM) i9-11900H @ 2.50GHz, instruction set [SSE2|AVX|AVX2|AVX512]
Thread count: 8 physical cores, 16 logical processors, using up to 16 threads

Optimize a model with 716 rows, 506 columns and 2906 nonzeros
Model fingerprint: 0x871aea78
Variable types: 23 continuous, 483 integer (483 binary)
Coefficient statistics:
  Matrix range     [1e+00, 1e+04]
  Objective range  [1e+00, 1e+00]
  Bounds range     [1e+00, 1e+00]
  RHS range        [1e+00, 1e+04]
Presolve removed 470 rows and 352 columns
Presolve time: 0.00s
Presolved: 246 rows, 154 columns, 901 nonzeros
Variable types: 11 continuous, 143 integer (143 binary)

Root relaxation: objective 7.994915e+01, 79 iterations, 0.00 seconds (0.00 work units)

	
	Nodes
	Current Node
	Objective Bounds
	Work

	
	Expl
	Unexpl
	Obj
	Depth
	IntInf
	Incumbent
	BestBd
	Gap
	It/Node
	Time

	
	0
	0
	79.94915
	0
	13
	-
	79.94915
	-
	-
	0s

	H
	0
	0
	-
	-
	-
	107
	79.94915
	25.30%
	-
	0s

	H
	0
	0
	-
	-
	-
	95
	79.94915
	15.80%
	-
	0s

	H
	0
	0
	-
	-
	-
	91
	79.94915
	12.10%
	-
	0s



Cutting planes:
  Learned: 1
  Gomory: 1
  Implied bound: 3
  RLT: 2

Explored 1 nodes (198 simplex iterations) in 0.03 seconds (0.01 work units)
Thread count was 16 (of 16 available processors)

Solution count 3: 91 95 107 

Optimal solution found (tolerance 1.00e-02)
Best objective 9.100000000000e+01, best bound 9.100000000000e+01, gap 0.0000%
******************************** First Stage ******************************
The model is Feasible

 ObjVal: 91.0, Lower Bound: 91.0, Gap: 0.0, Runtime: 0.03099989891052246
Set parameter MIPGap to value 0.01
Set parameter TimeLimit to value 5400
Set parameter MIPFocus to value 1
Set parameter AggFill to value 10
Gurobi Optimizer version 10.0.0 build v10.0.0rc2 (win64)

CPU model: 11th Gen Intel(R) Core(TM) i9-11900H @ 2.50GHz, instruction set [SSE2|AVX|AVX2|AVX512]
Thread count: 8 physical cores, 16 logical processors, using up to 16 threads

Optimize a model with 1601 rows, 673 columns and 3436 nonzeros
Model fingerprint: 0x2e78bbdb
Variable types: 73 continuous, 600 integer (600 binary)
Coefficient statistics:
  Matrix range     [1e+00, 1e+04]
  Objective range  [1e+00, 1e+00]
  Bounds range     [1e+00, 1e+00]
  RHS range        [1e-01, 1e+04]
Presolve removed 891 rows and 249 columns
Presolve time: 0.00s
Presolved: 710 rows, 424 columns, 2002 nonzeros
Variable types: 51 continuous, 373 integer (373 binary)

Root relaxation: objective 9.100000e+01, 190 iterations, 0.00 seconds (0.00 work units)

	
	Nodes
	Current Node
	Objective Bounds
	Work

	
	Expl
	Unexpl
	Obj
	Depth
	IntInf
	Incumbent
	BestBd
	Gap
	It/Node
	Time

	H
	0
	0
	-
	-
	-
	91
	91
	0.00%
	-
	0s

	
	0
	0
	91
	0
	113
	91
	91
	0.00%
	-
	0s



Explored 1 nodes (190 simplex iterations) in 0.02 seconds (0.01 work units)
Thread count was 16 (of 16 available processors)

Solution count 1: 91 

Optimal solution found (tolerance 1.00e-02)
Best objective 9.100000000000e+01, best bound 9.100000000000e+01, gap 0.0000%
******************************** Second Stage ******************************
The model is Feasible
 ObjVal: 91.0, Lower Bound: 91.0, Gap: 0.0, Runtime: 0.020999908447265625
Job 4.0 is assigned to Machine 1.0
Job 10.0 is assigned to Machine 1.0
Job 2.0 is assigned to Machine 2.0
Job 5.0 is assigned to Machine 2.0
Job 8.0 is assigned to Machine 2.0
Job 1.0 is assigned to Machine 3.0
Job 3.0 is assigned to Machine 3.0
Job 6.0 is assigned to Machine 3.0
Job 7.0 is assigned to Machine 3.0
Job 9.0 is assigned to Machine 3.0

Job 	 D_j 	 B_j 	 F_j 	 C_j
4.0 	 2.0 	 2.0 	 4.0 	 78.0
10.0 	 79.0 	 79.0 	 80.0 	 87.0


2.0 	 6.0 	 6.0 	 7.0 	 28.0
5.0 	 29.0 	 29.0 	 30.0 	 91.0
8.0 	 1.0 	 1.0 	 2.0 	 5.0


1.0 	 7.0 	 7.0 	 8.0 	 9.0
3.0 	 14.0 	 14.0 	 15.0 	 27.0
6.0 	 28.0 	 28.0 	 29.0 	 30.0
7.0 	 10.0 	 10.0 	 11.0 	 13.0
9.0 	 1.0 	 1.0 	 3.0 	 5.0


Machine 1.0 processes job J0 then job 4.0
Machine 1.0 processes job 4.0 then job 10.0
Machine 1.0 processes job 10.0 then job J0


Machine 2.0 processes job J0 then job 8.0
Machine 2.0 processes job 2.0 then job 5.0
Machine 2.0 processes job 5.0 then job J0
Machine 2.0 processes job 8.0 then job 2.0


Machine 3.0 processes job J0 then job 9.0
Machine 3.0 processes job 1.0 then job 7.0
Machine 3.0 processes job 3.0 then job 6.0
Machine 3.0 processes job 6.0 then job J0
Machine 3.0 processes job 7.0 then job 3.0
Machine 3.0 processes job 9.0 then job 1.0


Job 	 D_j
2.0 	 6.0
3.0 	 14.0
7.0 	 10.0
10.0 	 79.0

ObjVal: 91.0, Lower Bound: 91.0, Gap: 0.0
Total time elapsed for three stages: 0.14079594612121582


[bookmark: _Toc140125645]APPENDIX D – RPS RESULTS
[bookmark: _Toc140125646]FULL MODEL – 50 JOBS
[bookmark: _Ref136422113][bookmark: _Toc139270172]Table 28. RPS Results for 50 jobs using the minimum # of mold hangers and setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	10
	8
	1
	1
	52
	52
	0.00%
	3289.79

	
	
	
	
	
	165
	165
	0.00%
	175.19

	
	
	
	
	
	60
	60
	0.00%
	1264.87

	
	
	
	
	
	97
	97
	0.00%
	197.34

	
	
	
	
	
	116
	116
	0.00%
	151.83

	
	
	
	
	
	
	Average
	0.00%
	1015.8

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	12
	9
	1
	1
	126
	126
	0.00%
	127.81

	
	
	
	
	
	54
	49
	9.26%
	3600

	
	
	
	
	
	116
	116
	0.00%
	136.64

	
	
	
	
	
	52
	46
	11.54%
	3600

	
	
	
	
	
	107
	107
	0.00%
	229.56

	
	
	
	
	
	
	Average
	4.16%
	1538.8

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	14
	11
	1
	1
	73
	73
	0.00%
	342.41

	
	
	
	
	
	75
	75
	0.00%
	154.82

	
	
	
	
	
	77
	77
	0.00%
	134.62

	
	
	
	
	
	101
	101
	0.00%
	83.61

	
	
	
	
	
	63
	63
	0.00%
	116.15

	
	
	
	
	
	
	Average
	0.00%
	166.32

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	16
	12
	1
	1
	56
	56
	0.00%
	108.22

	
	
	
	
	
	81
	81
	0.00%
	149.55

	
	
	
	
	
	71
	71
	0.00%
	144.45

	
	
	
	
	
	53
	25
	52.83%
	3600

	
	
	
	
	
	128
	128
	0.00%
	94.54

	
	
	
	
	
	
	Average
	10.57%
	819.35

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	18
	14
	2
	2
	52
	52
	0.00%
	130.79

	
	
	
	
	
	85
	85
	0.00%
	92.41

	
	
	
	
	
	47
	47
	0.00%
	583.71

	
	
	
	
	
	82
	82
	0.00%
	103.37

	
	
	
	
	
	75
	75
	0.00%
	132.32

	
	
	
	
	
	
	Average
	0.00%
	208.52

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	20
	15
	2
	2
	93
	93
	0.00%
	150.15

	
	
	
	
	
	73
	73
	0.00%
	286.16

	
	
	
	
	
	39
	39
	0.00%
	119.52

	
	
	
	
	
	54
	54
	0.00%
	153.09

	
	
	
	
	
	57
	57
	0.00%
	166.81

	
	
	
	
	
	
	Average
	0.00%
	175.15

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	22
	17
	2
	2
	63
	63
	0.00%
	112.84

	
	
	
	
	
	68
	68
	0.00%
	97.06

	
	
	
	
	
	110
	110
	0.00%
	111.43

	
	
	
	
	
	35
	35
	0.00%
	283.68

	
	
	
	
	
	84
	84
	0.00%
	111.84

	
	
	
	
	
	
	Average
	0.00%
	143.37

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)


Table 28 Continued
	50
	24
	18
	2
	2
	77
	77
	0.00%
	74.19

	
	
	
	
	
	44
	44
	0.00%
	125.25

	
	
	
	
	
	72
	72
	0.00%
	152.59

	
	
	
	
	
	63
	63
	0.00%
	100.28

	
	
	
	
	
	30
	30
	0.00%
	222.38

	
	
	
	
	
	
	Average
	0.00%
	134.94

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	26
	20
	2
	2
	28
	23
	17.86%
	3600

	
	
	
	
	
	140
	140
	0.00%
	139.7

	
	
	
	
	
	34
	34
	0.00%
	285.05

	
	
	
	
	
	29
	27
	6.90%
	3600

	
	
	
	
	
	41
	41
	0.00%
	159.06

	
	
	
	
	
	
	Average
	4.95%
	1556.76

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	28
	21
	2
	2
	30
	30
	0.00%
	472.82

	
	
	
	
	
	45
	45
	0.00%
	234.03

	
	
	
	
	
	45
	45
	0.00%
	106.84

	
	
	
	
	
	70
	70
	0.00%
	104.92

	
	
	
	
	
	45
	45
	0.00%
	117.06

	
	
	
	
	
	
	Average
	0.00%
	207.13





[bookmark: _Ref137044473][bookmark: _Toc139270173]Table 29. RPS Results for 50 jobs using the maximum # of mold hangers and setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	10
	8
	2
	2
	52
	52
	0.00%
	377.6

	
	
	
	
	
	165
	165
	0.00%
	64.15

	
	
	
	
	
	60
	60
	0.00%
	728.93

	
	
	
	
	
	97
	97
	0.00%
	77.44

	
	
	
	
	
	116
	116
	0.00%
	243.06

	
	
	
	
	
	
	Average
	0.00%
	298.24

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	12
	9
	2
	2
	126
	126
	0.00%
	99.11

	
	
	
	
	
	52
	49
	5.77%
	3600

	
	
	
	
	
	116
	116
	0.00%
	74.99

	
	
	
	
	
	48
	46
	4.17%
	3600

	
	
	
	
	
	107
	107
	0.00%
	104.25

	
	
	
	
	
	
	Average
	1.99%
	1495.67

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	14
	11
	2
	2
	73
	73
	0.00%
	333.66

	
	
	
	
	
	75
	75
	0.00%
	98.18

	
	
	
	
	
	77
	77
	0.00%
	153.53

	
	
	
	
	
	101
	101
	0.00%
	90.43

	
	
	
	
	
	63
	63
	0.00%
	75.6

	
	
	
	
	
	
	Average
	0.00%
	150.28

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	16
	12
	2
	2
	56
	56
	0.00%
	130.18

	
	
	
	
	
	81
	81
	0.00%
	157.02

	
	
	
	
	
	71
	71
	0.00%
	82.68

	
	
	
	
	
	29
	25
	13.79%
	3600

	
	
	
	
	
	128
	128
	0.00%
	89.91

	
	
	
	
	
	
	Average
	2.76%
	811.96

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	18
	14
	3
	3
	52
	52
	0.00%
	112.69

	
	
	
	
	
	85
	85
	0.00%
	88.78

	
	
	
	
	
	47
	47
	0.00%
	243.41

	
	
	
	
	
	82
	82
	0.00%
	86.37

	
	
	
	
	
	75
	75
	0.00%
	73.69

	
	
	
	
	
	
	Average
	0.00%
	120.99

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	20
	15
	3
	3
	93
	93
	0.00%
	74.8

	
	
	
	
	
	73
	73
	0.00%
	378.52

	
	
	
	
	
	39
	39
	0.00%
	153.52

	
	
	
	
	
	54
	54
	0.00%
	122.07

	
	
	
	
	
	57
	57
	0.00%
	84.11

	
	
	
	
	
	
	Average
	0.00%
	162.6

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	22
	17
	3
	3
	63
	63
	0.00%
	136.69

	
	
	
	
	
	68
	68
	0.00%
	66.26

	
	
	
	
	
	110
	110
	0.00%
	88.88

	
	
	
	
	
	35
	35
	0.00%
	128.48

	
	
	
	
	
	84
	84
	0.00%
	83.36

	
	
	
	
	
	
	Average
	0.00%
	100.73

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	24
	18
	3
	3
	77
	77
	0.00%
	61.05

	
	
	
	
	
	44
	44
	0.00%
	82.55

	
	
	
	
	
	72
	72
	0.00%
	123.47

	
	
	
	
	
	63
	63
	0.00%
	105.08

	
	
	
	
	
	30
	30
	0.00%
	137.43

	
	
	
	
	
	
	Average
	0.00%
	101.92


Table 29 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	26
	20
	3
	3
	23
	23
	0.00%
	149.94

	
	
	
	
	
	140
	140
	0.00%
	80.74

	
	
	
	
	
	34
	34
	0.00%
	129.54

	
	
	
	
	
	27
	27
	0.00%
	140.12

	
	
	
	
	
	41
	41
	0.00%
	76.4

	
	
	
	
	
	
	Average
	0.00%
	115.348

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	28
	21
	3
	3
	30
	30
	0.00%
	213.97

	
	
	
	
	
	45
	45
	0.00%
	162.42

	
	
	
	
	
	45
	45
	0.00%
	71.66

	
	
	
	
	
	70
	70
	0.00%
	73.98

	
	
	
	
	
	45
	45
	0.00%
	104.22

	
	
	
	
	
	
	Average
	0.00%
	125.25





[bookmark: _Ref137044475][bookmark: _Toc139270174]Table 30. RPS Results for 50 jobs using the minimum # of mold hangers and the maximum # of setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	10
	8
	1
	2
	52
	52
	0.00%
	2377.59

	
	
	
	
	
	165
	165
	0.00%
	148.58

	
	
	
	
	
	60
	60
	0.00%
	1043.16

	
	
	
	
	
	97
	97
	0.00%
	139.09

	
	
	
	
	
	116
	116
	0.00%
	208.13

	
	
	
	
	
	
	Average
	0.00%
	783.31

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	12
	9
	1
	2
	126
	126
	0.00%
	62.32

	
	
	
	
	
	56
	49
	12.50%
	3600

	
	
	
	
	
	116
	116
	0.00%
	35.66

	
	
	
	
	
	56
	46
	17.86%
	3600

	
	
	
	
	
	107
	107
	0.00%
	210.56

	
	
	
	
	
	
	Average
	6.07%
	1501.71

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	14
	11
	1
	2
	73
	73
	0.00%
	301.07

	
	
	
	
	
	75
	75
	0.00%
	135.74

	
	
	
	
	
	77
	77
	0.00%
	416.67

	
	
	
	
	
	101
	101
	0.00%
	66.67

	
	
	
	
	
	63
	63
	0.00%
	105.61

	
	
	
	
	
	
	Average
	0.00%
	205.15

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	16
	12
	1
	2
	56
	56
	0.00%
	221.09

	
	
	
	
	
	81
	81
	0.00%
	159.61

	
	
	
	
	
	71
	71
	0.00%
	131.05

	
	
	
	
	
	52
	25
	51.92%
	3600

	
	
	
	
	
	128
	128
	0.00%
	88.3

	
	
	
	
	
	
	Average
	10.38%
	840.01

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	18
	14
	2
	3
	52
	52
	0.00%
	87.61

	
	
	
	
	
	85
	85
	0.00%
	135.28

	
	
	
	
	
	47
	47
	0.00%
	142.61

	
	
	
	
	
	82
	82
	0.00%
	117.41

	
	
	
	
	
	75
	75
	0.00%
	133.89

	
	
	
	
	
	
	Average
	0.00%
	123.36

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	20
	15
	2
	3
	93
	93
	0.00%
	97.71

	
	
	
	
	
	73
	73
	0.00%
	341.59

	
	
	
	
	
	39
	39
	0.00%
	121.31

	
	
	
	
	
	54
	54
	0.00%
	135.87

	
	
	
	
	
	57
	57
	0.00%
	180.26

	
	
	
	
	
	
	Average
	0.00%
	175.35

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	22
	17
	2
	3
	63
	63
	0.00%
	140.14

	
	
	
	
	
	68
	68
	0.00%
	53.64

	
	
	
	
	
	110
	110
	0.00%
	109.18

	
	
	
	
	
	35
	35
	0.00%
	554.68

	
	
	
	
	
	84
	84
	0.00%
	107.05

	
	
	
	
	
	
	Average
	0.00%
	192.94

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	24
	18
	2
	3
	77
	77
	0.00%
	75.9

	
	
	
	
	
	44
	44
	0.00%
	146.91

	
	
	
	
	
	72
	72
	0.00%
	101.12

	
	
	
	
	
	63
	63
	0.00%
	106.29

	
	
	
	
	
	30
	30
	0.00%
	140.44

	
	
	
	
	
	
	Average
	0.00%
	114.13


Table 30 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	26
	20
	2
	3
	27
	23
	14.81%
	3600

	
	
	
	
	
	140
	140
	0.00%
	71.51

	
	
	
	
	
	34
	34
	0.00%
	137.49

	
	
	
	
	
	28
	27
	3.57%
	3600

	
	
	
	
	
	41
	41
	0.00%
	136.16

	
	
	
	
	
	
	Average
	3.68%
	1509.032

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	28
	21
	2
	3
	30
	30
	0.00%
	340.07

	
	
	
	
	
	45
	45
	0.00%
	438.36

	
	
	
	
	
	45
	45
	0.00%
	166.65

	
	
	
	
	
	70
	70
	0.00%
	113.19

	
	
	
	
	
	45
	45
	0.00%
	130.13

	
	
	
	
	
	
	Average
	0.00%
	237.68





[bookmark: _Ref137044477][bookmark: _Toc139270175]Table 31. RPS Results for 50 jobs using the maximum # of mold hangers and the minimum # of setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	10
	8
	2
	1
	52
	52
	0.00%
	636.96

	
	
	
	
	
	165
	165
	0.00%
	63.19

	
	
	
	
	
	62
	60
	3.23%
	3600

	
	
	
	
	
	97
	97
	0.00%
	190.59

	
	
	
	
	
	116
	116
	0.00%
	181.19

	
	
	
	
	
	Average
	
	0.65%
	934.39

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	12
	9
	2
	1
	126
	126
	0.00%
	62.61

	
	
	
	
	
	56
	49
	12.50%
	3600

	
	
	
	
	
	116
	116
	0.00%
	36.62

	
	
	
	
	
	52
	46
	11.54%
	3600

	
	
	
	
	
	107
	107
	0.00%
	94.1

	
	
	
	
	
	Average
	
	4.81%
	1478.67

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	14
	11
	2
	1
	73
	73
	0.00%
	216.55

	
	
	
	
	
	75
	75
	0.00%
	189.29

	
	
	
	
	
	77
	77
	0.00%
	311.13

	
	
	
	
	
	101
	101
	0.00%
	70.7

	
	
	
	
	
	63
	63
	0.00%
	141.18

	
	
	
	
	
	Average
	
	0.00%
	185.77

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	16
	12
	2
	1
	56
	56
	0.00%
	178.01

	
	
	
	
	
	81
	81
	0.00%
	75.27

	
	
	
	
	
	71
	71
	0.00%
	184.52

	
	
	
	
	
	52
	25
	51.92%
	3600

	
	
	
	
	
	128
	128
	0.00%
	123.3

	
	
	
	
	
	Average
	
	10.38%
	832.22

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	18
	14
	3
	2
	52
	52
	0.00%
	116.85

	
	
	
	
	
	85
	85
	0.00%
	150.26

	
	
	
	
	
	47
	47
	0.00%
	592.62

	
	
	
	
	
	82
	82
	0.00%
	111.05

	
	
	
	
	
	75
	75
	0.00%
	95.86

	
	
	
	
	
	Average
	
	0.00%
	213.33

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	20
	15
	3
	2
	93
	93
	0.00%
	117.14

	
	
	
	
	
	73
	73
	0.00%
	335.93

	
	
	
	
	
	39
	39
	0.00%
	122.4

	
	
	
	
	
	54
	54
	0.00%
	134.79

	
	
	
	
	
	57
	57
	0.00%
	124.25

	
	
	
	
	
	Average
	
	0.00%
	166.9

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	22
	17
	3
	2
	63
	63
	0.00%
	137.73

	
	
	
	
	
	68
	68
	0.00%
	101.08

	
	
	
	
	
	110
	110
	0.00%
	84.36

	
	
	
	
	
	35
	35
	0.00%
	431.89

	
	
	
	
	
	84
	84
	0.00%
	133.23

	
	
	
	
	
	Average
	
	0.00%
	177.66

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	24
	18
	3
	2
	77
	77
	0.00%
	113.75

	
	
	
	
	
	44
	44
	0.00%
	120.98

	
	
	
	
	
	72
	72
	0.00%
	126.28

	
	
	
	
	
	63
	63
	0.00%
	73.51

	
	
	
	
	
	30
	30
	0.00%
	161.74

	
	
	
	
	
	Average
	
	0.00%
	119.25


Table 31 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	26
	20
	3
	2
	27
	23
	14.81%
	3600

	
	
	
	
	
	140
	140
	0.00%
	121.34

	
	
	
	
	
	34
	34
	0.00%
	147.22

	
	
	
	
	
	27
	27
	0.00%
	652.89

	
	
	
	
	
	41
	41
	0.00%
	113.27

	
	
	
	
	
	Average
	
	2.96%
	926.944

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	28
	21
	3
	2
	30
	30
	0.00%
	253.41

	
	
	
	
	
	45
	45
	0.00%
	148.61

	
	
	
	
	
	45
	45
	0.00%
	128.26

	
	
	
	
	
	70
	70
	0.00%
	125.94

	
	
	
	
	
	45
	45
	0.00%
	124.84

	
	
	
	
	
	Average
	
	0.00%
	156.21





[bookmark: _Toc140125647]2-STAGE MODEL – 50 JOBS
[bookmark: _Toc139270176]Table 32. RPS Results for 50 jobs using the minimum # of mold hangers and setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	10
	8
	1
	1
	54
	53
	1.85%
	3600

	
	
	
	
	
	165
	165
	0.00%
	8.48

	
	
	
	
	
	62
	62
	0.00%
	10.77

	
	
	
	
	
	99
	99
	0.00%
	11.6

	
	
	
	
	
	116
	116
	0.00%
	8.07

	
	
	
	
	
	Average
	
	0.37%
	727.78

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	12
	9
	1
	1
	126
	126
	0.00%
	9.23

	
	
	
	
	
	57
	57
	0.00%
	34.37

	
	
	
	
	
	116
	116
	0.00%
	8.52

	
	
	
	
	
	53
	51
	3.77%
	3600

	
	
	
	
	
	107
	107
	0.00%
	11.71

	
	
	
	
	
	Average
	
	0.75%
	732.77

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	14
	11
	1
	1
	73
	73
	0.00%
	14.47

	
	
	
	
	
	75
	75
	0.00%
	12.19

	
	
	
	
	
	78
	78
	0.00%
	12.92

	
	
	
	
	
	101
	101
	0.00%
	10.77

	
	
	
	
	
	65
	65
	0.00%
	11.29

	
	
	
	
	
	Average
	
	0.00%
	12.33

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	16
	12
	1
	1
	56
	56
	0.00%
	15.17

	
	
	
	
	
	81
	81
	0.00%
	17.22

	
	
	
	
	
	71
	71
	0.00%
	15.69

	
	
	
	
	
	52
	42
	19.23%
	3600

	
	
	
	
	
	128
	128
	0.00%
	15.51

	
	
	
	
	
	Average
	
	3.85%
	732.72

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	18
	14
	2
	2
	52
	52
	0.00%
	26.58

	
	
	
	
	
	85
	85
	0.00%
	17.92

	
	
	
	
	
	47
	47
	0.00%
	25.2

	
	
	
	
	
	82
	82
	0.00%
	14.24

	
	
	
	
	
	75
	75
	0.00%
	26.59

	
	
	
	
	
	Average
	
	0.00%
	22.11

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	20
	15
	2
	2
	93
	93
	0.00%
	14.88

	
	
	
	
	
	73
	73
	0.00%
	15.53

	
	
	
	
	
	39
	39
	0.00%
	37.24

	
	
	
	
	
	54
	54
	0.00%
	25.09

	
	
	
	
	
	57
	57
	0.00%
	40.56

	
	
	
	
	
	Average
	
	0.00%
	26.66

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	22
	17
	2
	2
	63
	63
	0.00%
	21.22

	
	
	
	
	
	68
	68
	0.00%
	20.27

	
	
	
	
	
	110
	110
	0.00%
	18.46

	
	
	
	
	
	35
	35
	0.00%
	349.35

	
	
	
	
	
	84
	84
	0.00%
	16.05

	
	
	
	
	
	Average
	
	0.00%
	85.07

	
	
	
	
	
	
	
	
	




Table 32 Continued
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	24
	18
	2
	2
	77
	77
	0.00%
	18.35

	
	
	
	
	
	44
	44
	0.00%
	35.59

	
	
	
	
	
	72
	72
	0.00%
	24.55

	
	
	
	
	
	63
	63
	0.00%
	22.66

	
	
	
	
	
	30
	30
	0.00%
	49.07

	
	
	
	
	
	Average
	
	0.00%
	30.04

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	26
	20
	2
	2
	29
	25
	13.79%
	3600

	
	
	
	
	
	140
	140
	0.00%
	28.64

	
	
	
	
	
	34
	34
	0.00%
	445.07

	
	
	
	
	
	29
	27
	6.90%
	3600

	
	
	
	
	
	41
	41
	0.00%
	39.19

	
	
	
	
	
	Average
	
	4.14%
	1542.58

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	28
	21
	2
	2
	30
	30
	0.00%
	55.48

	
	
	
	
	
	45
	45
	0.00%
	39.43

	
	
	
	
	
	45
	45
	0.00%
	20.14

	
	
	
	
	
	70
	70
	0.00%
	26.28

	
	
	
	
	
	45
	45
	0.00%
	23.81

	
	
	
	
	
	Average
	47
	0.00%
	33.03





[bookmark: _Toc139270177]Table 33. RPS Results for 50 jobs using the maximum # of mold hangers and setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	10
	8
	2
	2
	52
	52
	0.00%
	8.57

	
	
	
	
	
	165
	165
	0.00%
	7.98

	
	
	
	
	
	62
	62
	0.00%
	12.31

	
	
	
	
	
	99
	99
	0.00%
	8.11

	
	
	
	
	
	116
	116
	0.00%
	12.93

	
	
	
	
	
	
	Average
	0.00%
	9.98

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	12
	9
	2
	2
	126
	126
	0.00%
	10.04

	
	
	
	
	
	52
	52
	0.00%
	13.19

	
	
	
	
	
	116
	116
	0.00%
	8.26

	
	
	
	
	
	46
	46
	0.00%
	21.57

	
	
	
	
	
	107
	107
	0.00%
	10.18

	
	
	
	
	
	
	Average
	0.00%
	12.65

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	14
	11
	2
	2
	73
	73
	0.00%
	13.45

	
	
	
	
	
	75
	75
	0.00%
	11.54

	
	
	
	
	
	78
	78
	0.00%
	11.02

	
	
	
	
	
	101
	101
	0.00%
	11.27

	
	
	
	
	
	65
	65
	0.00%
	23.2

	
	
	
	
	
	
	Average
	0.00%
	14.1

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	16
	12
	2
	2
	56
	56
	0.00%
	19.11

	
	
	
	
	
	81
	81
	0.00%
	15.8

	
	
	
	
	
	71
	71
	0.00%
	11.55

	
	
	
	
	
	30
	25
	16.67%
	3600

	
	
	
	
	
	128
	128
	0.00%
	20.79

	
	
	
	
	
	
	Average
	3.33%
	733.45

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	18
	14
	3
	3
	52
	52
	0.00%
	13.9

	
	
	
	
	
	85
	85
	0.00%
	13.67

	
	
	
	
	
	47
	47
	0.00%
	15.73

	
	
	
	
	
	82
	82
	0.00%
	21.35

	
	
	
	
	
	75
	75
	0.00%
	24.18

	
	
	
	
	
	
	Average
	0.00%
	17.77

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	20
	15
	3
	3
	93
	93
	0.00%
	26.51

	
	
	
	
	
	73
	73
	0.00%
	26.69

	
	
	
	
	
	39
	39
	0.00%
	27.33

	
	
	
	
	
	54
	54
	0.00%
	13.37

	
	
	
	
	
	57
	57
	0.00%
	14.06

	
	
	
	
	
	
	Average
	0.00%
	21.59

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	22
	17
	3
	3
	63
	63
	0.00%
	21.82

	
	
	
	
	
	68
	68
	0.00%
	16.1

	
	
	
	
	
	110
	110
	0.00%
	19.02

	
	
	
	
	
	35
	35
	0.00%
	24.65

	
	
	
	
	
	84
	84
	0.00%
	15.83

	
	
	
	
	
	
	Average
	0.00%
	19.48

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	24
	18
	3
	3
	77
	77
	0.00%
	22.49

	
	
	
	
	
	44
	44
	0.00%
	27.67

	
	
	
	
	
	72
	72
	0.00%
	20.78

	
	
	
	
	
	63
	63
	0.00%
	18.47

	
	
	
	
	
	30
	30
	0.00%
	23.15

	
	
	
	
	
	
	Average
	0.00%
	22.51


Table 33 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	26
	20
	3
	3
	25
	25
	0.00%
	34.56

	
	
	
	
	
	140
	140
	0.00%
	19.6

	
	
	
	
	
	34
	34
	0.00%
	31.48

	
	
	
	
	
	27
	27
	0.00%
	28.72

	
	
	
	
	
	41
	41
	0.00%
	26.45

	
	
	
	
	
	
	Average
	0.00%
	28.162

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	28
	21
	3
	3
	30
	30
	0.00%
	28.02

	
	
	
	
	
	45
	45
	0.00%
	29.85

	
	
	
	
	
	45
	45
	0.00%
	20.86

	
	
	
	
	
	70
	70
	0.00%
	20.36

	
	
	
	
	
	45
	45
	0.00%
	31.9

	
	
	
	
	
	
	Average
	0.00%
	26.2





[bookmark: _Toc139270178]Table 34. RPS Results for 50 jobs using the minimum # of mold hangers and the maximum # of setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	10
	8
	1
	2
	54
	54
	0.00%
	162.06

	
	
	
	
	
	165
	165
	0.00%
	8.74

	
	
	
	
	
	62
	62
	0.00%
	17.15

	
	
	
	
	
	99
	99
	0.00%
	11.03

	
	
	
	
	
	116
	116
	0.00%
	9.43

	
	
	
	
	
	
	Average
	0.00%
	41.68

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	12
	9
	1
	2
	126
	126
	0.00%
	8.76

	
	
	
	
	
	57
	57
	0.00%
	89.9

	
	
	
	
	
	116
	116
	0.00%
	8.07

	
	
	
	
	
	53
	52
	1.89%
	3600

	
	
	
	
	
	107
	107
	0.00%
	12.67

	
	
	
	
	
	
	Average
	0.38%
	743.88

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	14
	11
	1
	2
	73
	73
	0.00%
	16.39

	
	
	
	
	
	75
	75
	0.00%
	16.63

	
	
	
	
	
	78
	78
	0.00%
	17.43

	
	
	
	
	
	101
	101
	0.00%
	11.84

	
	
	
	
	
	65
	65
	0.00%
	12.27

	
	
	
	
	
	
	Average
	0.00%
	14.91

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	16
	12
	1
	2
	56
	56
	0.00%
	17.16

	
	
	
	
	
	81
	81
	0.00%
	17.39

	
	
	
	
	
	71
	71
	0.00%
	16.24

	
	
	
	
	
	52
	39
	25.00%
	3600

	
	
	
	
	
	128
	128
	0.00%
	15.47

	
	
	
	
	
	
	Average
	5.00%
	733.25

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	18
	14
	2
	3
	52
	52
	0.00%
	21.44

	
	
	
	
	
	85
	85
	0.00%
	21.42

	
	
	
	
	
	47
	47
	0.00%
	53.93

	
	
	
	
	
	82
	82
	0.00%
	19.79

	
	
	
	
	
	75
	75
	0.00%
	21.11

	
	
	
	
	
	
	Average
	0.00%
	27.54

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	20
	15
	2
	3
	93
	93
	0.00%
	16.44

	
	
	
	
	
	73
	73
	0.00%
	19.16

	
	
	
	
	
	39
	39
	0.00%
	33.58

	
	
	
	
	
	54
	54
	0.00%
	24.36

	
	
	
	
	
	57
	57
	0.00%
	18.58

	
	
	
	
	
	
	Average
	0.00%
	22.42

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	22
	17
	2
	3
	63
	63
	0.00%
	20.57

	
	
	
	
	
	68
	68
	0.00%
	16.14

	
	
	
	
	
	110
	110
	0.00%
	20.42

	
	
	
	
	
	35
	35
	0.00%
	60.41

	
	
	
	
	
	84
	84
	0.00%
	16.18

	
	
	
	
	
	
	Average
	0.00%
	26.74

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	24
	18
	2
	3
	77
	77
	0.00%
	16.56

	
	
	
	
	
	44
	44
	0.00%
	66.73

	
	
	
	
	
	72
	72
	0.00%
	21.57

	
	
	
	
	
	63
	63
	0.00%
	23.56

	
	
	
	
	
	30
	30
	0.00%
	708.61

	
	
	
	
	
	
	Average
	0.00%
	167.41


Table 34 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	26
	20
	2
	3
	27
	25
	7.41%
	3600

	
	
	
	
	
	140
	140
	0.00%
	24.69

	
	
	
	
	
	34
	34
	0.00%
	42.21

	
	
	
	
	
	29
	27
	6.90%
	3600

	
	
	
	
	
	41
	41
	0.00%
	30.94

	
	
	
	
	
	
	Average
	2.86%
	1459.568

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	28
	21
	2
	3
	30
	30
	0.00%
	507.85

	
	
	
	
	
	45
	45
	0.00%
	50.26

	
	
	
	
	
	45
	45
	0.00%
	27.55

	
	
	
	
	
	70
	70
	0.00%
	29.64

	
	
	
	
	
	45
	45
	0.00%
	27.09

	
	
	
	
	
	
	Average
	0.00%
	128.48





[bookmark: _Toc139270179]Table 35. RPS Results for 50 jobs using the maximum # of mold hangers and the minimum # of setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	10
	8
	2
	1
	54
	54
	0.00%
	38.96

	
	
	
	
	
	165
	165
	0.00%
	8.71

	
	
	
	
	
	62
	62
	0.00%
	11.19

	
	
	
	
	
	99
	99
	0.00%
	9.79

	
	
	
	
	
	116
	116
	0.00%
	8.42

	
	
	
	
	
	
	Average
	0.00%
	15.41

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	12
	9
	2
	1
	126
	126
	0.00%
	9.06

	
	
	
	
	
	57
	57
	0.00%
	78.22

	
	
	
	
	
	116
	116
	0.00%
	7.88

	
	
	
	
	
	53
	52
	1.89%
	3600

	
	
	
	
	
	107
	107
	0.00%
	9.74

	
	
	
	
	
	
	Average
	0.38%
	740.98

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	14
	11
	2
	1
	73
	73
	0.00%
	15.04

	
	
	
	
	
	75
	75
	0.00%
	13.16

	
	
	
	
	
	78
	78
	0.00%
	16.66

	
	
	
	
	
	101
	101
	0.00%
	12.01

	
	
	
	
	
	63
	63
	0.00%
	25.04

	
	
	
	
	
	
	Average
	0.00%
	16.38

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	16
	12
	2
	1
	56
	56
	0.00%
	12.71

	
	
	
	
	
	81
	81
	0.00%
	14.28

	
	
	
	
	
	71
	71
	0.00%
	12.73

	
	
	
	
	
	52
	42
	19.23%
	3600

	
	
	
	
	
	128
	128
	0.00%
	13.42

	
	
	
	
	
	
	Average
	3.85%
	730.63

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	18
	14
	3
	2
	52
	52
	0.00%
	18.78

	
	
	
	
	
	85
	85
	0.00%
	21.79

	
	
	
	
	
	47
	47
	0.00%
	17.84

	
	
	
	
	
	82
	82
	0.00%
	12.05

	
	
	
	
	
	75
	75
	0.00%
	13.04

	
	
	
	
	
	
	Average
	0.00%
	16.7

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	20
	15
	3
	2
	93
	93
	0.00%
	15.35

	
	
	
	
	
	73
	73
	0.00%
	15.77

	
	
	
	
	
	39
	39
	0.00%
	46.56

	
	
	
	
	
	54
	54
	0.00%
	17.9

	
	
	
	
	
	57
	57
	0.00%
	24.19

	
	
	
	
	
	
	Average
	0.00%
	23.95

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	22
	17
	3
	2
	63
	63
	0.00%
	23.56

	
	
	
	
	
	68
	68
	0.00%
	15.97

	
	
	
	
	
	110
	110
	0.00%
	21.16

	
	
	
	
	
	35
	35
	0.00%
	33.83

	
	
	
	
	
	84
	84
	0.00%
	19.97

	
	
	
	
	
	
	Average
	0.00%
	22.9

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	24
	18
	3
	2
	77
	77
	0.00%
	21.77

	
	
	
	
	
	44
	44
	0.00%
	26.52

	
	
	
	
	
	72
	72
	0.00%
	26.37

	
	
	
	
	
	63
	63
	0.00%
	20.35

	
	
	
	
	
	30
	30
	0.00%
	28.74

	
	
	
	
	
	
	Average
	0.00%
	24.75


Table 35 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	26
	20
	3
	2
	27
	25
	7.41%
	3600

	
	
	
	
	
	140
	140
	0.00%
	19.82

	
	
	
	
	
	34
	34
	0.00%
	33.01

	
	
	
	
	
	27
	27
	0.00%
	35.8

	
	
	
	
	
	41
	41
	0.00%
	31.78

	
	
	
	
	
	
	Average
	1.48%
	744.082

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	50
	28
	21
	3
	2
	30
	30
	0.00%
	111.15

	
	
	
	
	
	45
	45
	0.00%
	23.21

	
	
	
	
	
	45
	45
	0.00%
	22.55

	
	
	
	
	
	70
	70
	0.00%
	23.78

	
	
	
	
	
	45
	45
	0.00%
	28.16

	
	
	
	
	
	
	Average
	0.00%
	41.77





[bookmark: _Toc140125648]2-STAGE MODEL – 100 JOBS
[bookmark: _Toc139270180]Table 36. RPS Results for 100 jobs using the minimum # of mold hangers and setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	10
	8
	1
	1
	116
	116
	0.00%
	319.87

	
	
	
	
	
	127
	116
	8.66%
	3600

	
	
	
	
	
	136
	136
	0.00%
	473.53

	
	
	
	
	
	238
	238
	0.00%
	71.86

	
	
	
	
	
	202
	191
	5.45%
	3600

	
	
	
	
	
	
	Average
	2.82%
	1613.05

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	12
	9
	1
	1
	130
	105
	19.23%
	3600

	
	
	
	
	
	134
	124
	7.46%
	1868.68

	
	
	
	
	
	109
	98
	10.09%
	1889.92

	
	
	
	
	
	139
	127
	8.63%
	1866.92

	
	
	
	
	
	116
	115
	0.86%
	1868.68

	
	
	
	
	
	
	Average
	9.26%
	2218.84

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	14
	11
	1
	1
	120
	120
	0.00%
	423.76

	
	
	
	
	
	104
	81
	22.12%
	1881.99

	
	
	
	
	
	103
	95
	7.77%
	1896.51

	
	
	
	
	
	102
	83
	18.63%
	3600

	
	
	
	
	
	102
	82
	19.61%
	3600

	
	
	
	
	
	
	Average
	13.62%
	2280.45

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	16
	12
	1
	1
	103
	84
	18.45%
	1913.9

	
	
	
	
	
	110
	90
	18.18%
	1905.88

	
	
	
	
	
	133
	133
	0.00%
	139.1

	
	
	
	
	
	122
	122
	0.00%
	1035.91

	
	
	
	
	
	103
	102
	0.97%
	1916.04

	
	
	
	
	
	
	Average
	7.52%
	1382.17

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	18
	14
	1
	1
	103
	83
	19.42%
	1904.83

	
	
	
	
	
	103
	100
	2.91%
	1902

	
	
	
	
	
	104
	91
	12.50%
	1896.15

	
	
	
	
	
	103
	86
	16.50%
	1904.25

	
	
	
	
	
	106
	91
	14.15%
	1911.21

	
	
	
	
	
	
	Average
	13.10%
	1903.69

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	20
	15
	2
	2
	112
	112
	0.00%
	553.74

	
	
	
	
	
	89
	89
	0.00%
	176.54

	
	
	
	
	
	93
	85
	8.60%
	1905.04

	
	
	
	
	
	68
	66
	2.94%
	1910.34

	
	
	
	
	
	132
	132
	0.00%
	118.58

	
	
	
	
	
	
	Average
	2.31%
	932.85

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	22
	17
	2
	2
	131
	131
	0.00%
	224.76

	
	
	
	
	
	57
	41
	28.07%
	1921.84

	
	
	
	
	
	108
	108
	0.00%
	171.59

	
	
	
	
	
	70
	70
	0.00%
	503.85

	
	
	
	
	
	77
	74
	3.90%
	1921.57

	
	
	
	
	
	
	Average
	6.39%
	948.72

	
	
	
	
	
	
	
	
	




Table 36 Continued
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	24
	18
	2
	2
	90
	90
	0.00%
	217.85

	
	
	
	
	
	143
	143
	0.00%
	148.83

	
	
	
	
	
	83
	83
	0.00%
	1290.55

	
	
	
	
	
	151
	151
	0.00%
	187.51

	
	
	
	
	
	72
	66
	8.33%
	1931.65

	
	
	
	
	
	
	Average
	1.67%
	755.28

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	26
	20
	2
	2
	76
	65
	14.47%
	1944.31

	
	
	
	
	
	63
	46
	26.98%
	1945.86

	
	
	
	
	
	67
	53
	20.90%
	1945.5

	
	
	
	
	
	161
	161
	0.00%
	192.27

	
	
	
	
	
	62
	51
	17.74%
	1944.05

	
	
	
	
	
	
	Average
	16.02%
	1594.4

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	28
	21
	2
	2
	55
	30
	45.45%
	1969.85

	
	
	
	
	
	59
	44
	25.42%
	1952.17

	
	
	
	
	
	86
	84
	2.33%
	1947.88

	
	
	
	
	
	97
	97
	0.00%
	196.05

	
	
	
	
	
	71
	71
	0.00%
	311.15

	
	
	
	
	
	
	Average
	14.64%
	1275.42





[bookmark: _Toc139270181]Table 37. RPS Results for 100 jobs using the maximum # of mold hangers and setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	10
	8
	2
	2
	116
	116
	0.00%
	194.7

	
	
	
	
	
	118
	112
	5.08%
	3600

	
	
	
	
	
	135
	135
	0.00%
	202.27

	
	
	
	
	
	238
	238
	0.00%
	79.95

	
	
	
	
	
	202
	190
	5.94%
	3600

	
	
	
	
	
	
	Average
	2.21%
	1535.38

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	12
	9
	2
	2
	109
	96
	11.93%
	3600

	
	
	
	
	
	124
	124
	0.00%
	555.02

	
	
	
	
	
	91
	91
	0.00%
	173.75

	
	
	
	
	
	126
	126
	0.00%
	287.3

	
	
	
	
	
	115
	115
	0.00%
	257.87

	
	
	
	
	
	
	Average
	2.39%
	974.79

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	14
	11
	2
	2
	119
	119
	0.00%
	259.6

	
	
	
	
	
	64
	58
	9.38%
	1889.89

	
	
	
	
	
	74
	72
	2.70%
	1907.92

	
	
	
	
	
	65
	59
	9.23%
	3600

	
	
	
	
	
	65
	61
	6.15%
	3600

	
	
	
	
	
	
	Average
	5.49%
	2251.48

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	16
	12
	2
	2
	67
	61
	8.96%
	1905.28

	
	
	
	
	
	99
	99
	0.00%
	171.11

	
	
	
	
	
	121
	121
	0.00%
	152.89

	
	
	
	
	
	133
	133
	0.00%
	795.38

	
	
	
	
	
	89
	87
	2.25%
	1908.34

	
	
	
	
	
	
	Average
	2.24%
	986.6

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	18
	14
	2
	2
	75
	72
	4.00%
	1930.95

	
	
	
	
	
	89
	86
	3.37%
	1909.76

	
	
	
	
	
	77
	77
	0.00%
	381.37

	
	
	
	
	
	89
	86
	3.37%
	1897.58

	
	
	
	
	
	100
	100
	0.00%
	135.5

	
	
	
	
	
	
	Average
	2.15%
	1251.03

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	20
	15
	2
	2
	112
	112
	0.00%
	163

	
	
	
	
	
	132
	132
	0.00%
	134.93

	
	
	
	
	
	66
	66
	0.00%
	149.36

	
	
	
	
	
	85
	85
	0.00%
	1252.79

	
	
	
	
	
	89
	89
	0.00%
	149.04

	
	
	
	
	
	
	Average
	0.00%
	369.82

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	22
	17
	2
	2
	131
	131
	0.00%
	151.41

	
	
	
	
	
	74
	74
	0.00%
	173.87

	
	
	
	
	
	70
	70
	0.00%
	125.01

	
	
	
	
	
	108
	108
	0.00%
	131.96

	
	
	
	
	
	45
	41
	8.89%
	1960.31

	
	
	
	
	
	
	Average
	1.78%
	508.51

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	24
	18
	2
	2
	90
	90
	0.00%
	193.21

	
	
	
	
	
	66
	66
	0.00%
	146.85

	
	
	
	
	
	151
	151
	0.00%
	168.24

	
	
	
	
	
	83
	83
	0.00%
	147.21

	
	
	
	
	
	143
	143
	0.00%
	139.2

	
	
	
	
	
	
	Average
	0.00%
	158.94


Table 37 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	26
	20
	2
	2
	66
	65
	1.52%
	1990.32

	
	
	
	
	
	51
	51
	0.00%
	241.02

	
	
	
	
	
	161
	161
	0.00%
	138.44

	
	
	
	
	
	54
	53
	1.85%
	1935.29

	
	
	
	
	
	53
	46
	13.21%
	1977.82

	
	
	
	
	
	
	Average
	3.31%
	1256.58

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	28
	21
	2
	2
	42
	30
	28.57%
	1958.3

	
	
	
	
	
	71
	71
	0.00%
	220.32

	
	
	
	
	
	97
	97
	0.00%
	205.99

	
	
	
	
	
	84
	84
	0.00%
	266.87

	
	
	
	
	
	47
	44
	6.38%
	2001.3

	
	
	
	
	
	
	Average
	6.99%
	930.56





[bookmark: _Toc139270182]Table 38. RPS Results for 100 jobs using the minimum # of mold hangers and the maximum # of setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	10
	8
	1
	2
	116
	116
	0.00%
	236.35

	
	
	
	
	
	128
	116
	9.38%
	1895.03

	
	
	
	
	
	136
	135
	0.74%
	1868.78

	
	
	
	
	
	238
	238
	0.00%
	59.36

	
	
	
	
	
	202
	191
	5.45%
	1906.71

	
	
	
	
	
	
	Average
	3.11%
	1193.25

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	12
	9
	1
	2
	121
	105
	13.22%
	3600

	
	
	
	
	
	135
	124
	8.15%
	1862.3

	
	
	
	
	
	108
	98
	9.26%
	1876.02

	
	
	
	
	
	127
	127
	0.00%
	121.58

	
	
	
	
	
	116
	115
	0.86%
	1862.02

	
	
	
	
	
	
	Average
	6.30%
	1864.38

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	14
	11
	1
	2
	120
	120
	0.00%
	153.97

	
	
	
	
	
	102
	80
	21.57%
	1885.39

	
	
	
	
	
	102
	85
	16.67%
	1878.36

	
	
	
	
	
	102
	83
	18.63%
	3600

	
	
	
	
	
	102
	82
	19.61%
	3600

	
	
	
	
	
	
	Average
	15.29%
	2223.54

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	16
	12
	1
	2
	102
	82
	19.61%
	1933.22

	
	
	
	
	
	103
	101
	1.94%
	1936.06

	
	
	
	
	
	122
	122
	0.00%
	120.48

	
	
	
	
	
	133
	133
	0.00%
	124.38

	
	
	
	
	
	109
	90
	17.43%
	1915.22

	
	
	
	
	
	
	Average
	7.80%
	1205.87

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	18
	14
	1
	2
	102
	83
	18.63%
	1899.98

	
	
	
	
	
	108
	91
	15.74%
	1912.76

	
	
	
	
	
	102
	85
	16.67%
	1911.97

	
	
	
	
	
	102
	92
	9.80%
	1899.97

	
	
	
	
	
	102
	102
	0.00%
	538.89

	
	
	
	
	
	
	Average
	12.17%
	1632.71

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	20
	15
	2
	3
	112
	112
	0.00%
	1860.77

	
	
	
	
	
	132
	132
	0.00%
	138.68

	
	
	
	
	
	69
	66
	4.35%
	1905.46

	
	
	
	
	
	92
	85
	7.61%
	1917.37

	
	
	
	
	
	91
	89
	2.20%
	1908.21

	
	
	
	
	
	
	Average
	2.83%
	1546.1

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	22
	17
	2
	3
	131
	131
	0.00%
	167.01

	
	
	
	
	
	77
	74
	3.90%
	1954.01

	
	
	
	
	
	70
	70
	0.00%
	503.35

	
	
	
	
	
	108
	108
	0.00%
	142.69

	
	
	
	
	
	56
	41
	26.79%
	1918.79

	
	
	
	
	
	
	Average
	6.14%
	937.17

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	24
	18
	2
	3
	90
	90
	0.00%
	172.68

	
	
	
	
	
	66
	66
	0.00%
	219.87

	
	
	
	
	
	151
	151
	0.00%
	155.4

	
	
	
	
	
	83
	83
	0.00%
	1264.03

	
	
	
	
	
	143
	143
	0.00%
	155.3

	
	
	
	
	
	
	Average
	0.00%
	393.46


Table 38 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	26
	20
	2
	3
	76
	65
	14.47%
	1941.56

	
	
	
	
	
	62
	51
	17.74%
	1939.69

	
	
	
	
	
	161
	161
	0.00%
	239.64

	
	
	
	
	
	66
	53
	19.70%
	1942.11

	
	
	
	
	
	61
	46
	24.59%
	1977.82

	
	
	
	
	
	
	Average
	15.30%
	1936.2

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	28
	21
	2
	3
	53
	30
	43.40%
	1961.68

	
	
	
	
	
	71
	71
	0.00%
	214.73

	
	
	
	
	
	97
	97
	0.00%
	161.65

	
	
	
	
	
	84
	84
	0.00%
	1609.4

	
	
	
	
	
	56
	44
	21.43%
	1948.99

	
	
	
	
	
	
	Average
	12.96%
	1179.29





[bookmark: _Toc139270183]Table 39. RPS Results for 100 jobs using the maximum # of mold hangers and the minimum # of setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	10
	8
	2
	1
	116
	116
	0.00%
	207.17

	
	
	
	
	
	128
	116
	9.38%
	1919.88

	
	
	
	
	
	136
	136
	0.00%
	1870.16

	
	
	
	
	
	238
	238
	0.00%
	67.97

	
	
	
	
	
	202
	191
	5.45%
	1852.74

	
	
	
	
	
	
	Average
	2.96%
	1183.58

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	12
	9
	2
	1
	122
	105
	13.93%
	3600

	
	
	
	
	
	134
	124
	7.46%
	1859.09

	
	
	
	
	
	110
	98
	10.91%
	1867.32

	
	
	
	
	
	127
	127
	0.00%
	117.33

	
	
	
	
	
	117
	115
	1.71%
	1881.49

	
	
	
	
	
	
	Average
	6.80%
	1865.05

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	14
	11
	2
	1
	120
	120
	0.00%
	491.12

	
	
	
	
	
	102
	80
	21.57%
	1880.54

	
	
	
	
	
	102
	91
	10.78%
	1903.24

	
	
	
	
	
	102
	85
	16.67%
	3600

	
	
	
	
	
	102
	86
	15.69%
	3600

	
	
	
	
	
	
	Average
	12.94%
	2294.98

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	16
	12
	2
	1
	102
	82
	19.61%
	1902.65

	
	
	
	
	
	103
	101
	1.94%
	1907.01

	
	
	
	
	
	122
	122
	0.00%
	174.38

	
	
	
	
	
	134
	133
	0.75%
	1883.59

	
	
	
	
	
	110
	91
	17.27%
	1885.12

	
	
	
	
	
	
	Average
	7.91%
	1550.55

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	18
	14
	2
	1
	102
	83
	18.63%
	1901.71

	
	
	
	
	
	103
	91
	11.65%
	1905.57

	
	
	
	
	
	102
	85
	16.67%
	1899.12

	
	
	
	
	
	102
	92
	9.80%
	1892.33

	
	
	
	
	
	102
	102
	0.00%
	251.62

	
	
	
	
	
	
	Average
	11.35%
	1570.07

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	20
	15
	3
	2
	112
	112
	0.00%
	442.27

	
	
	
	
	
	132
	132
	0.00%
	148.99

	
	
	
	
	
	68
	66
	2.94%
	1908.82

	
	
	
	
	
	92
	85
	7.61%
	1903.92

	
	
	
	
	
	89
	89
	0.00%
	166.64

	
	
	
	
	
	
	Average
	2.11%
	914.13

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	22
	17
	3
	2
	131
	131
	0.00%
	127.84

	
	
	
	
	
	75
	74
	1.33%
	1917.42

	
	
	
	
	
	70
	70
	0.00%
	167.09

	
	
	
	
	
	108
	108
	0.00%
	153.96

	
	
	
	
	
	56
	41
	26.79%
	1918.53

	
	
	
	
	
	
	Average
	5.62%
	856.97

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	24
	18
	3
	2
	90
	90
	0.00%
	189.04

	
	
	
	
	
	67
	66
	1.49%
	1927.75

	
	
	
	
	
	151
	151
	0.00%
	147.52

	
	
	
	
	
	83
	83
	0.00%
	877.17

	
	
	
	
	
	143
	143
	0.00%
	136.98

	
	
	
	
	
	
	Average
	0.30%
	655.69


Table 39 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	26
	20
	3
	2
	71
	65
	8.45%
	1935.42

	
	
	
	
	
	58
	51
	12.07%
	1961.85

	
	
	
	
	
	161
	161
	0.00%
	148.32

	
	
	
	
	
	65
	53
	18.46%
	1940.26

	
	
	
	
	
	61
	46
	24.59%
	1960.77

	
	
	
	
	
	
	Average
	12.71%
	1936.2

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	100
	28
	21
	3
	2
	52
	30
	42.31%
	1958.56

	
	
	
	
	
	71
	71
	0.00%
	195.81

	
	
	
	
	
	97
	97
	0.00%
	157.13

	
	
	
	
	
	84
	84
	0.00%
	1537.62

	
	
	
	
	
	56
	44
	21.43%
	1952.51

	
	
	
	
	
	
	Average
	12.75%
	1160.33





[bookmark: _Toc140125649]2-STAGE MODEL – 200 JOBS
[bookmark: _Toc139270184]Table 40. RPS Results for 200  jobs using the minimum # of mold hangers and setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	10
	8
	1
	1
	231
	212
	8.23%
	10800

	
	
	
	
	
	250
	222
	11.20%
	10800

	
	
	
	
	
	253
	232
	8.30%
	10800

	
	
	
	
	
	231
	210
	9.09%
	10800

	
	
	
	
	
	354
	247
	30.23%
	10800

	
	
	
	
	
	263.8
	1123
	13.41%
	10800

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	12
	9
	1
	1
	237
	175
	26.16%
	10800

	
	
	
	
	
	243
	181
	25.51%
	10800

	
	
	
	
	
	253
	206
	18.58%
	10800

	
	
	
	
	
	233
	182
	21.89%
	10800

	
	
	
	
	
	395
	395
	0.00%
	517.14

	
	
	
	
	
	
	
	18.43%
	8743.43

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	14
	11
	1
	1
	213
	180
	15.49%
	10800

	
	
	
	
	
	203
	167
	17.73%
	7200

	
	
	
	
	
	221
	209
	5.43%
	6175.91

	
	
	
	
	
	208
	160
	23.08%
	10800

	
	
	
	
	
	238
	170
	28.57%
	10800

	
	
	
	
	
	
	
	18.06%
	9155.18

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	16
	12
	1
	1
	228
	156
	31.58%
	10800

	
	
	
	
	
	224
	196
	12.50%
	6576.76

	
	
	
	
	
	216
	214
	0.93%
	6264.83

	
	
	
	
	
	205
	152
	25.85%
	10800

	
	
	
	
	
	206
	158
	23.30%
	6322.34

	
	
	
	
	
	
	
	18.83%
	8152.79

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	18
	14
	2
	2
	139
	91
	34.53%
	10800

	
	
	
	
	
	132
	112
	15.15%
	10800

	
	
	
	
	
	147
	118
	19.73%
	10800

	
	
	
	
	
	155
	130
	16.13%
	6787.25

	
	
	
	
	
	131
	119
	9.16%
	6248.46

	
	
	
	
	
	
	
	18.94%
	9087.142

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	20
	15
	2
	2
	181
	174
	3.87%
	10042.25

	
	
	
	
	
	144
	104
	27.78%
	3178.11

	
	
	
	
	
	128
	111
	13.28%
	10800

	
	
	
	
	
	129
	126
	2.33%
	8576.37

	
	
	
	
	
	127
	119
	6.30%
	8830.15

	
	
	
	
	
	
	
	10.71%
	8285.38

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	22
	17
	2
	2
	122
	105
	13.93%
	9269.02

	
	
	
	
	
	122
	83
	31.97%
	6836.92

	
	
	
	
	
	132
	115
	12.88%
	6979.37

	
	
	
	
	
	131
	96
	26.72%
	9443.64

	
	
	
	
	
	126
	98
	22.22%
	9339.31

	
	
	
	
	
	
	
	21.54%
	8373.65

	
	
	
	
	
	
	
	
	




Table 40 Continued
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	24
	18
	2
	2
	251
	251
	0.00%
	3233.18

	
	
	
	
	
	132
	100
	24.24%
	9602.9

	
	
	
	
	
	112
	82
	26.79%
	8641.26

	
	
	
	
	
	145
	107
	26.21%
	8539.09

	
	
	
	
	
	113
	80
	29.20%
	6694.92

	
	
	
	
	
	
	
	21.29%
	7342.27

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	26
	20
	2
	2
	112
	86
	23.21%
	8301.91

	
	
	
	
	
	114
	86
	24.56%
	8207.34

	
	
	
	
	
	136
	131
	3.68%
	8358.03

	
	
	
	
	
	115
	100
	13.04%
	8346.3

	
	
	
	
	
	110
	72
	34.55%
	8449.35

	
	
	
	
	
	
	
	19.81%
	8332.59

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	28
	21
	2
	2
	115
	86
	25.22%
	3287.74

	
	
	
	
	
	171
	70
	59.06%
	3312.88

	
	
	
	
	
	139
	131
	5.76%
	8488.54

	
	
	
	
	
	116
	105
	9.48%
	8673.09

	
	
	
	
	
	143
	143
	0.00%
	3210.63

	
	
	
	
	
	
	
	19.90%
	5394.58





[bookmark: _Toc139270185]Table 41. RPS Results for 200  jobs using the maximum # of mold hangers and setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	10
	8
	2
	2
	205
	204
	0.49%
	10800

	
	
	
	
	
	210
	203
	3.33%
	10800

	
	
	
	
	
	234
	227
	2.99%
	10800

	
	
	
	
	
	205
	204
	0.49%
	10800

	
	
	
	
	
	254
	237
	6.69%
	10800

	
	
	
	
	
	
	
	2.80%
	10800

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	12
	9
	2
	2
	170
	156
	8.24%
	10800

	
	
	
	
	
	154
	147
	4.55%
	10800

	
	
	
	
	
	218
	192
	11.93%
	10800

	
	
	
	
	
	172
	156
	9.30%
	10800

	
	
	
	
	
	395
	395
	0.00%
	619.7

	
	
	
	
	
	
	
	6.80%
	8763.94

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	14
	11
	2
	2
	155
	145
	6.45%
	10800

	
	
	
	
	
	134
	127
	5.22%
	10800

	
	
	
	
	
	211
	209
	0.95%
	6145.68

	
	
	
	
	
	134
	122
	8.96%
	10800

	
	
	
	
	
	160
	139
	13.13%
	10800

	
	
	
	
	
	
	
	6.94%
	9869.14

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	16
	12
	2
	2
	139
	106
	23.74%
	10800

	
	
	
	
	
	190
	190
	0.00%
	1325.26

	
	
	
	
	
	214
	214
	0.00%
	968.87

	
	
	
	
	
	122
	95
	22.13%
	10800

	
	
	
	
	
	143
	140
	2.10%
	6301.95

	
	
	
	
	
	
	
	9.59%
	6039.22

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	18
	14
	3
	3
	101
	91
	9.90%
	10800

	
	
	
	
	
	119
	112
	5.88%
	10800

	
	
	
	
	
	162
	118
	27.16%
	10800

	
	
	
	
	
	131
	130
	0.76%
	6622.99

	
	
	
	
	
	120
	119
	0.83%
	6504.23

	
	
	
	
	
	
	
	8.91%
	9105.444

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	20
	15
	3
	3
	174
	174
	0.00%
	5956.27

	
	
	
	
	
	119
	101
	15.13%
	10800

	
	
	
	
	
	115
	111
	3.48%
	10800

	
	
	
	
	
	127
	127
	0.00%
	2284.38

	
	
	
	
	
	119
	119
	0.00%
	4313.54

	
	
	
	
	
	
	
	3.72%
	6830.838

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	22
	17
	3
	3
	105
	105
	0.00%
	4636.77

	
	
	
	
	
	92
	83
	9.78%
	9778.88

	
	
	
	
	
	119
	115
	3.36%
	10000.27

	
	
	
	
	
	108
	96
	11.11%
	8402.22

	
	
	
	
	
	104
	98
	5.77%
	8293.97

	
	
	
	
	
	
	
	6.00%
	8222.42

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	24
	18
	3
	3
	251
	251
	0.00%
	1176.58

	
	
	
	
	
	130
	100
	23.08%
	8796.65

	
	
	
	
	
	87
	82
	5.75%
	8101.19

	
	
	
	
	
	125
	107
	14.40%
	8021.17

	
	
	
	
	
	116
	80
	31.03%
	10800

	
	
	
	
	
	
	
	14.85%
	7379.118


Table 41 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	26
	20
	3
	3
	86
	86
	0.00%
	4297.48

	
	
	
	
	
	95
	86
	9.47%
	7822.58

	
	
	
	
	
	131
	131
	0.00%
	3089.81

	
	
	
	
	
	100
	100
	0.00%
	3251.1

	
	
	
	
	
	82
	72
	12.20%
	8042.9

	
	
	
	
	
	
	
	4.33%
	5300.77

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	28
	21
	3
	3
	97
	86
	11.34%
	9242.23

	
	
	
	
	
	84
	69
	17.86%
	9136.75

	
	
	
	
	
	136
	131
	3.68%
	8946.23

	
	
	
	
	
	105
	105
	0.00%
	8789.16

	
	
	
	
	
	143
	143
	0.00%
	1405.67

	
	
	
	
	
	
	
	6.57%
	7504.01





[bookmark: _Toc139270186]Table 42. RPS Results for 200  jobs using the minimum # of mold hangers and the maximum # of setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	10
	8
	1
	2
	228
	211
	7.46%
	10800

	
	
	
	
	
	236
	214
	9.32%
	10800

	
	
	
	
	
	257
	232
	9.73%
	10800

	
	
	
	
	
	225
	211
	6.22%
	10800

	
	
	
	
	
	354
	244
	31.07%
	10800

	
	
	
	
	
	
	
	12.76%
	10800

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	12
	9
	1
	2
	308
	175
	43.18%
	10800

	
	
	
	
	
	213
	181
	15.02%
	10800

	
	
	
	
	
	298
	206
	30.87%
	10800

	
	
	
	
	
	312
	189
	39.42%
	10800

	
	
	
	
	
	395
	395
	0.00%
	1996.71

	
	
	
	
	
	
	
	25.70%
	9039.34

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	14
	11
	1
	2
	208
	173
	16.83%
	10800

	
	
	
	
	
	202
	171
	15.35%
	10800

	
	
	
	
	
	234
	212
	9.40%
	10800

	
	
	
	
	
	203
	161
	20.69%
	10800

	
	
	
	
	
	276
	177
	35.87%
	10800

	
	
	
	
	
	
	
	19.63%
	10800

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	16
	12
	1
	2
	203
	158
	22.17%
	6575.91

	
	
	
	
	
	211
	190
	9.95%
	6443.88

	
	
	
	
	
	216
	214
	0.93%
	1333.36

	
	
	
	
	
	202
	150
	25.74%
	10800

	
	
	
	
	
	216
	170
	21.30%
	7356.54

	
	
	
	
	
	
	
	16.02%
	6501.94

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	18
	14
	2
	3
	112
	92
	17.86%
	10800

	
	
	
	
	
	133
	111
	16.54%
	10800

	
	
	
	
	
	147
	118
	19.73%
	10800

	
	
	
	
	
	145
	130
	10.34%
	10800

	
	
	
	
	
	131
	122
	6.87%
	10800

	
	
	
	
	
	
	
	14.27%
	10800

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	20
	15
	2
	3
	172
	172
	0.00%
	10674.11

	
	
	
	
	
	126
	103
	18.25%
	10800

	
	
	
	
	
	134
	111
	17.16%
	10800

	
	
	
	
	
	130
	128
	1.54%
	6274.34

	
	
	
	
	
	121
	119
	1.65%
	5997.8

	
	
	
	
	
	
	
	7.72%
	8909.25

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	22
	17
	2
	3
	118
	105
	11.02%
	10800

	
	
	
	
	
	120
	84
	30.00%
	10800

	
	
	
	
	
	123
	115
	6.50%
	10800

	
	
	
	
	
	126
	96
	23.81%
	10800

	
	
	
	
	
	202
	100
	50.50%
	10800

	
	
	
	
	
	
	
	24.37%
	10800

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	24
	18
	2
	3
	251
	251
	0.00%
	1661.85

	
	
	
	
	
	121
	97
	19.83%
	10800

	
	
	
	
	
	108
	82
	24.07%
	10800

	
	
	
	
	
	146
	107
	26.71%
	10800

	
	
	
	
	
	112
	80
	28.57%
	10800

	
	
	
	
	
	
	
	24.80%
	8972.37


Table 42 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	26
	20
	2
	3
	110
	86
	21.82%
	10800

	
	
	
	
	
	113
	87
	23.01%
	10800

	
	
	
	
	
	133
	131
	1.50%
	6971.2

	
	
	
	
	
	123
	100
	18.70%
	10800

	
	
	
	
	
	106
	73
	31.13%
	10800

	
	
	
	
	
	
	
	19.23%
	10034.24

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	28
	21
	2
	3
	103
	86
	16.50%
	10800

	
	
	
	
	
	106
	71
	33.02%
	10800

	
	
	
	
	
	133
	131
	1.50%
	10800

	
	
	
	
	
	120
	105
	12.50%
	10800

	
	
	
	
	
	143
	143
	0.00%
	8685.29

	
	
	
	
	
	
	
	15.88%
	10377.06





[bookmark: _Toc139270187]Table 43. RPS Results for 200  jobs using the maximum # of mold hangers and the minimum # of setup techs.
	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	10
	8
	2
	1
	226
	211
	6.64%
	10800

	
	
	
	
	
	239
	214
	10.46%
	10800

	
	
	
	
	
	249
	232
	6.83%
	10800

	
	
	
	
	
	224
	211
	5.80%
	10800

	
	
	
	
	
	354
	244
	31.07%
	10800

	
	
	
	
	
	
	
	12.16%
	10800

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	12
	9
	2
	1
	204
	178
	12.75%
	10800

	
	
	
	
	
	212
	181
	14.62%
	0

	
	
	
	
	
	307
	211
	31.27%
	10800

	
	
	
	
	
	204
	180
	11.76%
	10800

	
	
	
	
	
	395
	395
	0.00%
	1785.62

	
	
	
	
	
	
	
	14.08%
	6837.12

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	14
	11
	2
	1
	204
	180
	11.76%
	10087

	
	
	
	
	
	202
	166
	17.82%
	6548.65

	
	
	
	
	
	264
	211
	20.08%
	6364.73

	
	
	
	
	
	204
	161
	21.08%
	10800

	
	
	
	
	
	251
	174
	30.68%
	6265.53

	
	
	
	
	
	
	
	20.28%
	8013.18

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	16
	12
	2
	1
	202
	158
	21.78%
	10800

	
	
	
	
	
	213
	193
	9.39%
	6688.74

	
	
	
	
	
	216
	214
	0.93%
	1594.96

	
	
	
	
	
	202
	150
	25.74%
	10800

	
	
	
	
	
	202
	170
	15.84%
	10800

	
	
	
	
	
	
	
	14.74%
	8136.74

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	18
	14
	3
	2
	116
	92
	20.69%
	10800

	
	
	
	
	
	171
	111
	35.09%
	10800

	
	
	
	
	
	175
	118
	32.57%
	10800

	
	
	
	
	
	141
	130
	7.80%
	10800

	
	
	
	
	
	138
	122
	11.59%
	10800

	
	
	
	
	
	
	
	21.55%
	10800

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	20
	15
	3
	2
	172
	172
	0.00%
	1385.14

	
	
	
	
	
	122
	103
	15.57%
	10800

	
	
	
	
	
	122
	111
	9.02%
	10800

	
	
	
	
	
	130
	128
	1.54%
	3683.55

	
	
	
	
	
	121
	119
	1.65%
	4052.38

	
	
	
	
	
	
	
	6.95%
	6144.21

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	22
	17
	3
	2
	123
	105
	14.63%
	10800

	
	
	
	
	
	140
	84
	40.00%
	10800

	
	
	
	
	
	122
	115
	5.74%
	10800

	
	
	
	
	
	116
	97
	16.38%
	10800

	
	
	
	
	
	118
	100
	15.25%
	10800

	
	
	
	
	
	
	
	18.40%
	10800

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	24
	18
	3
	2
	251
	251
	0.00%
	1815.43

	
	
	
	
	
	118
	97
	17.80%
	10800

	
	
	
	
	
	112
	82
	26.79%
	10800

	
	
	
	
	
	137
	107
	21.90%
	10800

	
	
	
	
	
	110
	80
	27.27%
	10800

	
	
	
	
	
	
	
	23.44%
	9003.09


Table 43 Continued
	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	26
	20
	3
	2
	109
	86
	21.10%
	10800

	
	
	
	
	
	113
	87
	23.01%
	10800

	
	
	
	
	
	133
	131
	1.50%
	5308.15

	
	
	
	
	
	121
	100
	17.36%
	10800

	
	
	
	
	
	106
	73
	31.13%
	10800

	
	
	
	
	
	
	
	18.82%
	9701.63

	
	
	
	
	
	
	
	
	

	Jobs
	Machines
	Operators
	Mold Hangers
	Setup Techs
	Objective Value
	Lower Bound
	Gap
	Run time (s)

	200
	28
	21
	3
	2
	103
	86
	16.50%
	10800

	
	
	
	
	
	107
	71
	33.64%
	10800

	
	
	
	
	
	133
	131
	1.50%
	10800

	
	
	
	
	
	119
	105
	11.76%
	10800

	
	
	
	
	
	143
	143
	0.00%
	6551.49

	
	
	
	
	
	
	
	15.85%
	9950.3
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3.2.4 — COMPLETE MODEL

3.3 — MODEL CONSTRAINTS AND ASSUMPTIONS

In the subsequent section, the author's model constraints and assumptions will be

discussed. The model was based on a seven-day work week with 24-hour production.

The author assumed 18 operators, one mold hanger, and one setup technician for this

study. This assumption was based on historical information obtained from the facity's

human resources office. These values are modifiable to accommodate the needs of the
2

(B Insert Table of Authorities

end user. The time required to complete the mold tear down from the previous job and
hang the mold for the new job was estimated to be one hour. The time required to setup
the machine for processing was estimated to be one hour. The facility could conduct
time studies for each of these activities to create a more accurate scheduling model.
The facility relied on 27 molding machines to manufacture parts.

3.4 — MATHEMATICAL MODEL

The subsequent section explains and discusses the model. This work uses superscripts
to represent the types of resources that are neither indexes nor power functions.

Indices:

J k 1=0,1,2, .., N. Indices for jobs. Where, 0 is the dummy job

i=1,2,..., M. Index for machines

V=1,2, ..., Vimer. Index for various setup resources.

q=1,2, ..., Quax Index for dryers

Parameters:

- total number of jobs

m: total number of machines

u: total number of products need assembly

Variables

L: a very large positive number

MS .- time to tear down mold for job j on machine j and hang mold for job k on machine
i

py;: processing time of job j on machine |

5,4 Setup time of machine i, if job j is processed before job k

= drying time required for job |

132, = maximum number of type v (s2 = mold hanger, s3=setup tech) resources allowed
for setup

2., = maximum number resources allowed for processing

% = number of resources of type v (52 = mold hanger, s3=setup tech) required during
setup for machine j between job jand k

2 = number of resources of type v (s1=dryer) required during drying in dryer g for job j
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