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Abstract: 
When optimizing the production sequence of a multi-product manufacturing system, the objective is typically to minimize time-to-completion (makespan). This is premised on the assumption that the system will not change between the time the plan is made and the time its implementation is completed. As a result, the solution may not be responsive to common disruptions such as machine failures and customer order changes. 

In fact, a growing trend in many industries is to allow customers to change their orders (both quantity and due date) with little or no penalty, often even after production has already begun. In this paper, we therefore consider not only makespan but also the metric of customer responsiveness (the ability to provide customers with what they want, when they want it) in the planning process.  We discuss the often-contradictory goals of minimizing makespan and maximizing customer responsiveness. To address this, we introduce a methodology for production sequencing that focuses on achieving a cost-effective tradeoff between these two goals, defining both an initial production sequence and a method for modifying this sequence as disruptions occur.  
1 Introduction

In this paper, we present an approach to production sequencing in a multi-product manufacturing system that takes into account not only the traditional metric of time-to-completion (makespan) but also the metric of customer responsiveness. We define customer responsiveness as the ability to provide customers with what they want, when they want it, as quantified by the costs associated with under- and over- production, with highly responsive production sequences characterized by low shortage and holding costs. This research is motivated by the increased flexibility that many industries are providing to their customers, allowing them to change their orders with little (if any) penalty, even after production has begun.

In the past, stable customer expectations enabled manufacturers to make production plans based primarily on forecasts. It was assumed that there would be little change in customer demand quantities or due dates between the time the plan was made and the time it was implemented. The objective therefore was typically to minimize the makespan, under the assumption that the system would operate as planned.

However, as the marketplace becomes more competitive and customers gain progressively greater leverage, as the number of product variations grows, and as lead times continue to shorten, the ability to build to forecast has been replaced with the need to build to order, letting actual customer orders, rather than forecasts, drive production.  

More recently, even build-to-order has become an insufficient strategy in numerous industries, which now allow customers to change their orders with little or no penalty, often even after production has already begun. These order changes may include the order quantity (either increasing or decreasing it), the due date (making it either earlier or later), or both. For example, Dell allows customers to change the specifications of their PC orders up until the day before they are scheduled to be shipped. Intel allows changes to customer orders even after wafer production has begun. Even companies like Boeing, which has production lead times on the order of several months, are reporting permitted changes in customer orders [1]. It seems likely that this trend will continue and even increase in the future. Thus, it is no longer sufficient to focus solely on manufacturer-focused metrics such as makespan. Customer responsiveness must be considered as well.

When customers are allowed to change the quantity and/or due-date of their orders, it is not clear what the relationship is between a given production sequence and how customer responsive it is – that is, how well this sequence can be modified in response to changes. Furthermore, there is a seemingly contradictory relationship between makespan, typically minimized given large lot sizes and thus infrequent changeovers, and customer responsiveness, which benefits from limiting the accumulation of inventory of any single product type and thus, presumably, small lot sizes. Finally, given that requested changes to a customer’s demand cannot always be fully satisfied at the requested due date, it is not obvious what feasible alternatives are the most desirable.

Our focus is therefore on developing a methodology for sequencing products to achieve a tradeoff between operational costs (i.e. processing, change-over, and breakdown costs) and costs associated with customer responsiveness (i.e. shortage and holding costs). The goal of our methodology is to determine cost-effective and responsive sequencing approaches for different sources of disruption (customer order changes, both in quantity and due-date, as well as machine breakdowns) in varying industrial settings. Because industries vary in the nature of disruptions they experience, as well as the objectives they consider (in terms of cost and risk), our goal is not to develop an idealized “optimal” strategy for a single, specific industrial context. Instead, we seek to provide a broad-reaching, flexible tool for developing production sequences and assessing their solution quality in a wide range of industrial settings. This framework provides both a vocabulary and a set of analytical tools for analyzing a broad class of problems.

At the core of this framework is the notion of a policy -- a set of rules for controlling the sequencing of products during production. Given a set of input data, a policy defines what the initial sequence should be and how this sequence should be modified as disruptions occur. It is made up of three components: sequencing rules, update triggers, and strategies for anticipating demand changes. We suggest a number of such policies as examples, as well as a generalized responsiveness framework to help users assess how different policies perform under real-world conditions.

The outline of the paper is as follows. In section 2, we review the related literature. We present a motivating example to help demonstrate the complex relationship between makespan and customer responsiveness in section 3. In section 4, we present a methodology for production sequencing that focuses on achieving a cost-effective tradeoff between these two metrics. Section 5 contains an example analysis, while section 6 offers conclusions and areas for future research.
2 Literature Review 
2.1 Makespan Minimization in Blocking Flowshops
In this paper, we consider how disruptions (including machine breakdowns as well as customer order changes) impact the quality of sequencing decisions in a multi-product manufacturing environment with changeover times between different product types. This creates a natural conflict. In general, larger lot sizes mean fewer changeovers and thus shorter makespan, but smaller lot sizes mean greater flexible and less inventory.

Although we will consider a system where the production process only contains a single stage for the sake of exposition, the approach naturally applies more broadly to a blocking flow shop with multiple stages. There is a vast body of research on minimizing makespan in a blocking flowshop, dating as far back as the1969 work by Levner and still receiving significant research attention today. Because the problem is not only theoretically hard [8], but also very challenging in practice for many real-world instances, this research focuses primarily on developing heuristics, simulations, or worst-case analyses for systems in which the customer orders are known and unchanging during the planning process. Relevant literature can be found in surveys such as [25] and [26].

The majority of this research does not take into account the issue of system disruptions, however, and it is often the case that sequences which are optimal relative to the initial system inputs may not be optimal – or even feasible -- when implemented under actual conditions in which system disruptions such as machine failures and customer changes during order processing can occur (see, for example, [3, 20]).
2.2 Resequencing and Rescheduling
Given the need to implement a planned production schedule under operational conditions that are subject to disruption, there has evolved a growing body of literature on resequencing and rescheduling, defined by Vieira, Herrmann and Lin [17] as the process of updating an existing production schedule in response to disruptions. Vieira, Herrmann, and Lin [16] study a single-machine system, developing analytical models to estimate average flow time (system performance). Byeon, Wu and Storer [22] present approaches to create robust schedules for a job shop that is subject to disturbances under static, stochastic environments. Shafaei and Brunn [14, 15] expand upon the traditional cost functions in the literature to include a wide array of components, including: job due dates and completion times, raw material costs, job revenues, and tardiness cost rates. 
Recent work specifically focused on schedule modification (regeneration) includes that of Church and Uzsoy [2], Wu, Storer and Chang [21], Sabuncuoglu and Karabuk [13], and Vieira, Herrmann, and Lin [16]. Matsuura, Tsubone, and Kanezashi, [11] focus specifically on three different types of disruptions (rush-order arrivals, specification changes, and machine failures) and show a strong relationship between the frequency of disruptions and the benefits of sequencing versus dispatching. Kim and Kim [6] have also developed a scheduling mechanism in which the job-dispatching rule varies dynamically, based on a discrete-event simulation that evaluates a set of candidate rules in a flexible manufacturing system. 
In addition to analytical methods and simulation, genetic algorithms have also been used as a means to generate new schedules when due-dates changes. An example of this is seen in Fang and Xi [4], who develop a scheduling approach that is a hybrid of genetic algorithms and dispatching rules for solving the job shop scheduling problem with sequence-dependent set-up time and due date constraints in a dynamic environment, taking into consideration machines failures and due-date changes during implementation.
2.3 Responsiveness Literature
Inherent in the literature on rescheduling and resequencing is the need to establish metrics for evaluating solution quality. Metrics typically considered include expected values of makespan, holding cost, shortage cost, and excess inventory. But in today’s competitive global economy, it is no longer sufficient to focus solely on these manufacturer-focused metrics -- customer responsiveness must be considered as well [19]. 
A number of researchers have considered customer responsiveness in their work, either explicitly or implicitly. Matson and McFarlane define responsiveness as ‘…the ability of a production system to respond to disturbances …which impact upon production goals’ [10]. Shafaei and Brunn define customer responsiveness simply as whether or not the customer demands are fully satisfied by the due date [14, 15]. Wiendahl et al take a broader view of customer responsiveness across the whole supply chain [18]. Mahoney’s book [9] is a unique resource that addresses the relationship between lot size, sequencing, and customer responsiveness in high mix, low volume environments. Kritchanchai and MacCarthy [7] discuss field studies undertaken to investigate the responsiveness of the order-fulfillment process in a number of companies, analyzing similarities and differences across a number of industrial sectors with respect to order fulfillment processes and the interpretation and significance of responsiveness. Jain and Foley [5] have analyzed the impact of interruptions such as machine breakdowns, yield variations, and "hot" jobs on the delivery performance of a manufacturing system. Saad and Gingy [12] focus on responsiveness in machining environments and they develop Resource Elements (REs) to represent the machining facilities. They use simulation to analyze and compare the performance of different RE configurations under different machine utilizations, failure rates and load contributions. They do not consider setup time and varying lot sizes in their studies.
One unmet challenge in addressing customer responsiveness is that there is no universally valid measure of responsiveness – different industries and applications value different characteristics in their production outcomes. For example, in the semiconductor industry, suppliers are evaluated based not only on what percentage of the total demand can be made available at the due date (a common requirement is at least 95%), but also on how quickly the remaining demand can be provided. In some other situations, any demand not filled at the original due date will be "lost" and therefore this is the only relevant criterion.

Another challenge is the need to simultaneously consider the questions of when to schedule (or reschedule) and what to schedule (lot-sizes, sequencing) – although the literature typically considers one issue or the other, both are closely inter-related and in combination provide significant opportunities for improving robustness. 
Motivated by these challenges, the focus of our research is on using sequencing decisions to appropriately balance makespan and customer responsiveness in a cost-effective way. We seek to provide tools that support the development of automated policies which not only provide an initial product sequence but also advise the user on how to update this sequence as disruptions occur. In particular, our goal is not to dictate how the system performance should be evaluated, but rather to allow users flexibility in assessing solution quality according to their individual situations. 
3 Motivating Example
Lot sizing -- deciding how much of one product type to make in sequence before changing over to another product type -- is one of the key decisions in production planning. It dictates the number of changeovers and the amount of bottleneck in the system, thereby impacting both the makespan and the responsiveness of the plan. Understanding the relationship between lot size and customer responsiveness is therefore quite important; in this section, we provide a simple example to show how complex this relationship can be. In particular, we demonstrate how the relationship between lot size and overproduction can be counter-intuitive
We begin by considering a scenario in which two customers (A and B) each request a distinct product type from a single machine environment. Each customer has a demand of five product units, a processing time of five time units, and a changeover time of five time units. We compare two different production plans -- one in which lot sizes of two are produced, and the other in which the lot sizes are four. In particular, we compare how these two production plans compare under a simple disruption: At time 55, after production has already begun, customer A reduces their order from five units to four.
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Figure 3.1: Production sequence with a lot size of 2
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Figure 3.2: Production sequence with a lot size of 4

Figure 3.1 presents the operational performance when the planned lot size is two. At time 55, the system is currently set to produce part type B. Because there is no longer demand for part type A, production of part type B completes. Overproduction of part type A is avoided.


In contrast, Figure 3.2 presents the operational performance when the lot sizes are four. In this case, because less time is spent in changeovers, there is more production time and thus more units of A produced before the demand change occurs. Thus, A is overproduced in this case (five units instead of four).


This example motivates the following hypothesis: The potential for over-production increases as lot size increase. This statement seems to be logically straightforward -- larger lot sizes translates to fewer changeovers, which in turn provides more time for production and thus greater inventory accumulated at the time that demand reductions are announced.

But, in fact, this is not necessarily the case. Suppose we again have customers A and B, each initially requesting fifty product units with a due date at time 600. Consider the case where the demand of customer A decreases to 44 and the demand for customer B increases to 60, and compare production given lot sizes of 25 and 43. 
The production sequence with a lot size of 25 is: 

25 A    25 B    19 A   35 B,

The production sequence with a lot size of 43 is:

43 A    43 B    1 A     17 B,

According to our hypothesis, we would expect to have larger overproduction in the second sequence because of its larger lot sizes. For each of these sequences, consider when 44th unit A will be produced (every unit of A produced beyond time that would be overproduction). 
The time to produce the 44th A in the first sequence is 347 time units (25*5 + 1 + 25*5 + 1 + 19*5 = 347), whereas it takes 437 time units in the second sequence. That is, although we waste less time in changeovers in the second case, we are also producing more units of product B in each lot. Therefore, the second sequence takes 90 time units more than the first sequence to produce the 44th unit of A, thereby giving greater flexibility in terms of demand changes. 

This example serves to demonstrate the fact that the relationship between lot size and overproduction is counter-intuitive even for the simplest of cases. Thus, basic rules-of-thumb are insufficient for creating cost-effective, responsive policies. In the remainder of this paper, we focus on developing a framework for analyzing production policies that adequately address these complex interactions in a variety of production environments. 
4 Defining the Policy Framework
4.1 Policy Definition
The existing state-of-the-art in production sequencing focuses either on makespan minimization or on re-sequencing when disruptions occur. We introduce the notion of a policy as a way to incorporate both of these goals. We define a policy as a set of rules for controlling the sequencing of products during production. Given a set of input data, a policy defines what the initial sequence should be and how this sequence should be modified as disruptions occur. It is made up of three components: sequencing rules, update triggers, and strategies for anticipating demand changes. 

A sequencing rule takes as input a set of products and their corresponding demands and outputs a production sequence. For example, in a fixed lot size sequencing rule, an ordering of product types is given and a lot size is specified. Products are sequenced according to this ordering in batches of the specified lot size. In a fixed lot size sequencing rule, given a demand for 10 A’s, 8 B’s, and 4 C’s, a product ordering of {A, C, B} and a lot size of 3, the resulting sequence would be:

3A   3C   3B   3A   1C   3B   3A   2B   1A

with the final lots varying in size (e.g. 3A   3B   3C) due to differences in demand between products. Differences in demand, due date and product order all impact the choice of sequencing rule. For alternative sequencing rules, we refer the reader to [23] and [24]. 
Given the occurrence of disruptions, a sequence may become sub-optimal or even infeasible. It may therefore be appropriate to update and re-sequence the remaining demand. It is not necessarily effective, however, to update the sequence every time there is a disruption. Update triggers specify when to update the sequence. Event-driven update intervals are triggered by the occurrence of an event which alters a parameter of production. Examples include demand changes of a specified magnitude, machine breakdowns, and order cancellations. Periodic update intervals are triggered by a fixed time period, such as every 20 minutes or every 4 hours. Hybrid update intervals are triggered both by event and time. For example, re-sequencing may occur at fixed time intervals but also when significant events occur. Note that when an update is triggered, a new sequencing rule may be applied – it is not necessary that the same sequencing rule be applied at all updates.  

Customers often increase, decrease, or cancel their orders after production has begun. Manufacturers can not only respond to such changes reactively by re-sequencing, but may also act pro-actively, using historical data in a strategy that anticipates demand changes. For example, a manufacturer may initially sequence production for only 80% of the initial demand for product B if it is predicted that orders for this product will decrease during production. 

Given these definitions, a sample policy might be: 

· Begin by sequencing 80% of the demand of customer A and 100% of all other customers’ demand using a proportional production sequencing rule (where lot sizes vary by customer, proportional to that customer's demand), ordering customers according to their due-date. 
· Whenever demand for any individual product changes by more than 20%, update the sequence, using the same sequencing rule. 
· Halfway through the production horizon, update the sequence again to incorporate the complete (potentially updated) demand of customer A. 
· Finally, at 75% of the time horizon, update the sequence according to a full-lot sequencing rule, where each remaining order is completed in its entirely before changing over to a new product type

Note that a policy clearly defines the production sequence, even in the presence of disruptions. Furthermore, a virtually infinite array of sequencing rules, update triggers, and strategies for anticipating demand changes makes the concept of a policy extremely general.

4.2 Performance Metrics and Cost Modeling
In the prior literature, time-based performance metrics such as makespan, mean tardiness, average resource utilization, and maximum lateness have typically been used to evaluate production sequences. There are two drawbacks to such approaches. First, time-based performance metrics can conflict. For example, an optimum schedule with respect to job tardiness will normally have poor performance with respect to flow time [14, 15]. Second, time-based performance metrics do not reflect the economic performance of the manufacturing systems. 
In order to consider both makespan and customer responsiveness simultaneously, we therefore convert them into units of cost. We consider operational costs, associated with production, changeover, and machine breakdown costs, as well as responsiveness costs associated with under- and over- production (shortage and holding). For details of our cost function, we refer the reader to [24]. Of course, the policy-based approach does not depend on the use of any specific cost function, so long as it is unambiguously defined and tractable to compute.
Different policies will of course result in different costs under any given cost function, due to their differences in production sequence, lot size, and update frequency. Thus, simulation-based analysis can be used to compare a pre-defined set of policies and assess their comparative performance to see which provide the manufacturer better ability to respond to customer order changes.
4.3 Responsive Performance Analysis Framework (RPAF) for Policy Evaluation
Makespan minimization is often achieved by sequencing large lot sizes to decrease the number of changeovers. Responsiveness may benefit from smaller lot sizes, however, in order to achieve more balanced inventory levels. What happens when both goals are considered simultaneously? In addition, what does it mean to optimize in an environment of uncertainty? There is no longer one clear goal – different companies will have different preferences, depending on their risk thresholds, and different industries will have different types of disruptions. Furthermore, even given one common goal, the computational complexity of the problem is enormous – an optimization-based approach would require tremendous simplification to ensure tractability, most likely resulting in solutions that are no directly applicable to the original real-world problem.
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Therefore, rather than seeking “optimal” solutions, we have focused on developing a framework for analyzing different sequencing policies to find good production strategies for varying environments. We present the Responsive Performance Analysis Framework (RPAF) as a way to help users evaluate a variety of sequencing policies and to analyze how these policies perform under real world conditions. This framework consists of two parts, the first concerning research and the second pertaining to plant implementation. The inputs on the research side include the production environment, the disruptions, and a database of policies. These policies are simulated under disruption distribution in the responsiveness framework and costs including operational, shortage and holding are computed. List of Recommendations (LoR) are developed for plant implementation based on these cost results.  Within the plant, actual disruptions will arise either from customers or machines (or both). Based on the list of recommendations that are developed in the research phase, a selection is made from among the database of policies, based on the manufacturer’s priorities and preferences.
Manufacturers can use RPAF to develop and analyze alternative reaction strategies that allow them to respond in a more cost-effective way to variability in their customers’ orders and/or their plant environment.   

Customers in term benefit from RPAF as manufacturers pass on some of these reductions in shortage and holding cost.
Industries with short lead times, operating under low-volume and high-mix environments appear the most likely to benefit from RPAF. Their limited response time and high variety motivate the need to generate pro-active production policies with minimal cost. For example, semiconductor contract manufacturers are always challenged by on-time delivery because they have large setup times with a limited number of capital-intensive machines and they serve large number of customers simultaneously.   
In terms of application, RPAF become highly effective in modeling operations in an assembly plant or even some forms of a supply chain. For example, the component plants can be modeled as internal customers who change their available quantities after production has begun in the assembly plant; supplier unavailability can be modeled as a manufacturing system which has a large breakdown in its first stage machine.
Figure 4.1 shows this comprehensive framework.

5 Sample Analysis
To demonstrate the use of our proposed framework, we present a computational experiment comparing several different policies in a high-volume, low-mix production environment. 
The computational structure is a C++ based discrete event simulation, which is developed by the researchers in this research. The flow of the software begins with the user inputting all parameters necessary to specify the system configuration, the customer data, and the policy to be evaluated. Production is then simulated 10,000 times for each probability distribution of disruption. At each instance, an initial sequence is generated based on the user-specified policy. Production then begins according to this sequence. Random disruptions are generated (for both machines and customer orders), the sequence is updated when triggered, and production resumes. The process repeats until all demand is met. For each instance, several metrics are captured. After all instances have been simulated, aggregate metrics such as average total cost is computed.
Further details of this study, as well as a second study focusing on a low-volume, high-mix environment, can be found in [24].
5.1 Production Environment
We consider a single-machine environment with four customers, each of whom orders a single, unique product. All demands initially have the same fixed due date, but order quantities and processing times vary by product type, as shown in Table 5.1
Table 5.1: Processing times, original demand and cost information
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During the production of these orders, two types of random disruptions are considered, customer order changes and machine failures. The quantity and due date of demand changes are correlated -- that is, demand increases typically correspond to a later due date and demand decreases typically correspond to an earlier due date. Each customer is only allowed one demand change. The mean time to failure and mean time to repair for machine breakdowns are drawn from independent, uniform distributions.

5.2 Policies
We consider seven different policies in this experiment:

· Policy 0 -- Non-Responding: Production is sequenced in fixed lot sizes -- a customer order is chosen (e.g. {A,B,C,D}) and for each customer (and thus product type) a lot of fixed size is produced before changing over to the next product type. The plan is not updated until the initial sequence is completed. At this point, any demand increases are met in complete lots, according to the same customer order.
· Policy 1 -- Fixed Lot Size Policy: Customers are again sequenced in fixed lot sizes, but whenever a demand change occurs, the sequence is updated to incorporate increases or decreases in quantity.

· Policy 2 -- Earliest Due Date (EDD) Fixed Lot Size Policy: In this extension of Policy 1, the order of the customers is also adjusted at each re-sequencing to take into account changes in the respective due dates, giving customers with earlier due dates higher priority in sequencing.
· Policy 3 -- Proportional Lot Size Policy: This variation of Policy 2 gives different lot sizes to each product, depending on its demand. For example, if the demand for A is twice as large as the demand for B, then the lot size for A will be twice the lot size for B.  
· Policy 4 -- Proportionally Increasing Lot Size Policy: This extension of Policy 3 recognizes that, once a customer has changed their order, they will not change it again and therefore large lot sizes no longer lead to a risk of overproduction. Thus, after a customer submits a demand change, the next lot for that customer completes their full demand.
· Policy 5 -- Expected Demand and Due Date Policy: This policy uses historical information in place of actual customer orders to create the initial production plan. Then, as customer demand changes are submitted or as the initially forecasted demand is completed, the updated demand information is used to finalize the production plan.
· Policy 6 -- Time-Efficiency Policy: This policy prioritizes customers according to the ratio of the time until their due date relative to the remaining processing time needed to complete production of their demand.
· Policy 7 -- Time-Efficiency Policy With Changeovers: This policy extends Policy 6 by considering not only processing time but changeover time between product types as well.
Table 5.2: Makespan, number of changeovers, over-and-under production of the production sequences generated by Policies 0 through 7
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5.3 
Results

We begin by first examining one randomly generated instance of the production environment and its associated disruptions, evaluating the performance relative to each of the seven policies. Results are shown in Table 5.2.  Note that Policy 0 has the highest makespan and is the only policy to both under- and over- produce. This is because in Policy 0, customer disruptions are not taken into account until the initial production has been completed. Policy 5, which initially uses expected demand and due information, has the lowest makespan, all customers are satisfied on time, and there is no excess production. Policy 4, which uses proportional lot-size, has similar performance. Policy 3, which is similar to Policy 4 but does not increase the lot sizes after demand changes, has higher makespan because of the increased number of changeovers. In addition, because of the increased makespan, this policy has the highest percent of under-produced customers at their due date.  
These results, of course, are only for a single realization of the random data. We therefore simulated each of the policies under the assumption that customers tend to increase rather than decrease their order quantity and due date. Although the changes in order quantities and due date are correlated, customers tend to increase their order quantities more than the amount of due date increase or to reduce their order quantities less than the amount of due date decrease. We simulated 10,000 instances from the disruption distribution and computed costs. This sample size was not chosen for the purpose of statistical significance but rather to yield acceptable run times for the purpose of demonstration.
5.3.a
Analysis
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Figure 5.1: Total cost vs. lot size when all customers tend to increase their order 

quantity and due date 

In this section, we “analyze” the results of the simulation. Note that this section is based on randomly generated data and thus the analysis is not intended as a statement about any particular production environment, but rather to demonstrate how such an analysis might be conducted.

Figure 5.1 shows the relationship between the initial lot size (taken as a percentage of the original demand) and total cost (operational and responsiveness). Note that an increase in lot size reduces cost in all production policy classes. When lot sizes are increased, operating cost reduces (because of fewer changeovers) and shortage cost reduces (because fewer changeovers mean more production time prior to the due dates). In general, the main drawback of large lot sizes is the high amount of holding cost. The likelihood of excess production (i.e. the quantity that is no longer requested by the customer) is very low, however, because by supposition customers primarily increase their demand. Thus, in this case, total cost decreases as lot size increases.
Note also that when orders tend to increase in their requested demand, there appears to be little difference between the varying policies whenever the lot size is roughly more than 50% of the original demand (this is assuming responsiveness costs are around 5% of the total cost, as specified in the input data for this experiment). This conclusion is premised on the assumption that the manufacturer continues producing until the new demand is met and the fact that the likelihood of excess production is low. Thus, all policies should produce approximately the same number of products. When lot sizes are increased, the policies begin to converge to the same sequence -- the opportunities for differentiation dwindle. In terms of responsiveness, because holding costs (over-production) are minimal and shortage costs (under-production) are limited, the policies demonstrate roughly the same performance.
When the per-unit shortage cost is increased by a factor of ten, different production policies begin to show greater variation in performance (see Figure 5.2). For all lot sizes, Policies 4, 5, 6 and 7 have reduced costs, because they all increase lot sizes as more information is received; increases in lot size in turn reduces shortage cost. 


6 Conclusions

In this paper, we have focused on the need to address both makespan and customer responsiveness when building production plans. In particular, we have observed the increasing prevalence of companies allowing customers to change their orders even after the beginning of the production process (often without penalty) and the resulting importance of simultaneously considering both the initial planning process and the means by which this initial plan is updated as changes occur, so as to better provide customers with what they want, when they want it.

We began by using a small example to demonstrate the complex relationship between makespan and responsiveness, and the importance of going beyond common rules-of-thumb to analyze performance. We then introduced the notion of policies as both an initial production sequence and a plan for modifying this sequence as disruptions occur. Next, we developed the Responsive Performance Analysis Framework as a way to evaluate these policies. Finally, we provided a demonstration simulating the performance of eight different policies in a high-volume, low-mix production environment, to compare and contrast their performance.

This research lays the foundation for significant future research to continue improving the operations of multi-product manufacturing environments. Topics of relevance include developing and analyzing new policies, targeting specific industries and their corresponding characteristics, and investigating the appropriate cost functions to use in different industrial settings.
The authors are pleased to acknowledge the support of the National Science Foundation Engineering Research Center for Reconfigurable Manufacturing Systems under Grant No. NSF-Sub-EEC-9529125.
REFERENCES

[1]
Anonymous, 2005, “Revitalized Boeing Sales Initiative Likely to Contain New Pricing”, Aircraft Value News, 14/8

[2]
Church, L. K., Uzsoy, R., 1992, “Analysis of Periodic and Event-Driven Rescheduling Policies in Dynamic Shops”, International Journal of Computer Integrated Manufacturing, 5: 153-163. 
[3]
Dudek, R.A., Panwalkar, S.S., Smith, M.L., 1992, “The Lessons of Flowshop Scheduling Research”, Operations Research, 40/1: 7-13.

[4]
Fang, J., Xi, Y., 1997, “A Rolling Horizon Job Shop Rescheduling Strategy in the Dynamic Environment”, The International Journal of Advanced Manufacturing Technology, 13: 227-232.
[5]
Jain, S., Foley, W.J., 2002, “Impact of Interruptions on Schedule Execution in Flexible Manufacturing Systems”, International Journal of Flexible Manufacturing Systems, 14/4: 319-344

[6] 
Kim, M. H., Kim, Y.-D., 1994, “Simulation-Based Real-Time Scheduling in a Flexible Manufacturing System”, Journal of Manufacturing Systems, 13: 85-93. 
[7] 
Kritchanchai, D., MacCarthy, B.L., 1999, “Responsiveness of the Order Fulfillment Process”, International Journal of Operations & Production Management, 19/8: 81-83
[8] 
Levner, E.M., 1969, “Optimal Planning of Parts Machining on a Number of Machines”, Automation and Remote Control, 12: 1972–1978.

[9]       Mahoney, R.M., 1997, High-Mix, Low-Volume Manufacturing, 96-165.

[10]
Matson, J.-B., McFarlane, D., 1999, “Assessing the Responsiveness of Existing Production Operations”, International Journal of Operations and Production Management, 19/8: 765-784.

[11] 
Matsuura, H., Tsubone, H., Kanezashi, M., 1993, “Sequencing, Dispatching, and Switching in a Dynamic Manufacturing Environment”, International Journal of Production Research, 31: 1671–1688. 

[12] 
Saad S.M., Gingy, N.N., 1998, “Handling Internal and External Distubances in Responsive Manufacturing Environments”, Production Planning & Control, 9/8: 760-770.
[13] 
Sabuncuoglu, I., Karabuk, S., 1999, “Rescheduling Frequency in an FMS with Uncertain Processing Times and Unreliable Machines”, Journal of Manufacturing Systems, 18/4: 268-283.
[14] 
Shafaei, R., Brunn, P., 1999, “Workshop Scheduling Using Practical (Inaccurate) Data - Part 1: The Performance Of Heuristic Scheduling Rules in a Dynamic Job Shop Environment Using a Rolling Time Horizon Approach”, International Journal of Production Research, 37/17: 3913-3925. 

[15] 
Shafaei, R., Brunn, P., 1999, “Workshop Scheduling Using Practical (Inaccurate) Data - Part 2: An Investigation of the Robustness of Scheduling Rules in a Dynamic and Stochastic Environment”, International Journal of Production Research, 37/18: 4105-4117. 
[16]
Vieira, Guilherme E., Jeffrey W. Herrmann, Edward Lin, 2000, “Analytical Models to Predict The Performance of a Single-Machine System Under Periodic and Event-Driven Rescheduling Strategies,” International Journal of Production Research, 38/8: 1899-1915.
[17] 
Vieira, Guilherme E., Jeffrey W. Herrmann, Edward Lin, 2003, “Rescheduling Manufacturing Systems: A Framework of Strategies, Policies, and Methods”, Journal of Scheduling, 6: 39 – 62.

[18] 
Wiendahl, H.-H., Cieminski, G.-V., Begemann, C., 2003, “A Systematic pproach for Ensuring the Logistic Process Reliability of Supply Chains”, Annals of the CIRP, 52/1: 375-380.

[19] 
Wiendahl, H.-H., Lutz, S., 2002, “Production in Networks”, Annals of the CIRP, 51/2: 573-586.

[20]
Wiendahl, H.-H., Roth, N., Westkämper, E., 2002, “Logistical Positioning in a Turbulent Environment”, Annals of the CIRP, 51/1: 383-386.

[21] 
Wu, S. D., Storer, R. H., Chang, P. -C., 1993, “One-Machine Rescheduling Heuristics with Efficiency and Stability as Criteria”, Computers & Operations Research, 20: 1-14.
[22] 
Wu, S. David, Byeon, Eui-Seok, Storer, Robert H., 1999, “A graph-theoretic decomposition of the job shop scheduling problem to achieve scheduling robustness”, Operations Research, 47/1: 113-124. 
[23]
Kurnaz, S., Cohn, A., Koren, Y., 2006, "A Framework for Evaluating Production Policies to Improve Customer Responsiveness," CIRP Annals, to appear.
[24]
Kurnaz, S., 2006, "Using Operational Flexibility to Improve Customer Responsiveness in a Manufacturing System", Dissertation, Mechanical Engineering Department, University of Michigan, Ann Arbor Michigan.
[25] 
Kimms, A., Drexl, A, 1997, “Lot Sizing and Scheduling – Survey and Extensions”, European Journal of Operational Research, 99: 221–235.
[26] 
Sriskandarajah, C., Hall, N., 1996, “A Survey of Machine Scheduling Problems with Blocking and No Wait in Process”, Operations Research, 44/3: 510-525.
Figure 4.1 : A comprehensive framework to trade-off between customer responsiveness and makespan








Figure 5.2: Total cost vs. lot size when all customers tend to increase their orders 


and shortage cost per unit is 10 times the original shortage cost per unit
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