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Abstract
There is a vast literature on the problem of how to sequence products in a blocking flow shop so as to minimize makespan. It is often the case, however, that problem instances have multiple optima, and that within the set of optimal (or near optimal) solutions, other characteristics of importance vary substantially. Thus, the solution found by an approach that solely minimizes makespan may be inferior to alternate solutions that have comparable makespan but superior value with regard to other criteria. In this paper, we demonstrate this by considering both makespan and customer responsiveness, the potential that a sequence has for modification so as to incorporate customer order changes after production has begun. We consider the relationship between these two metrics and present computational results to show how different approaches to making trade-offs between them can change the solution characteristics substantially.
Keywords: Near-optimal solutions, makespan minimization, blocking flowshop, customer responsiveness.
1. Introduction

    The problem of how to sequence products in a blocking flowshop has received vast attention in the academic literature, but this literature focuses almost exclusively on how to minimize makespan (the time to complete all production). We have observed that many problem instances have multiple optimal (or near-optimal) solutions with respect to makespan, and that these solutions often vary substantially in terms of other characteristics. In this paper, we consider both makespan and customer responsiveness, which considers the potential that a sequence has for modification so as to incorporate customer order changes after production has begun. Our aim is to show that significant improvements in overall solution quality can be found by taking into account both criteria simultaneously.

    In section 2 we present the blocking flowshop problem, its literature, and a basic modeling approach. We also motivate our interest in customer responsiveness and define a metric for assessing it. We then provide empirical support for the wide variation in responsiveness relative to the optimal makespan value. In section 3 we demonstrate three different ways for addressing both makespan and customer responsiveness in the sequencing process. We conclude in section 4 with suggested areas for future research.

The contribution of this research is in recognizing the large number of "equivalent" optimal solutions for a blocking flowshop problem and the significant variation between these solutions with respect to other criteria. We show that a sequential optimization approach (first minimize makespan, then minimize a secondary criterion over those solutions that are (near) optimal in terms of makespan) can be conducted without significant changes to the modeling approach, and that the results can vary significantly over simply optimizing makespan. We demonstrate this via a straight-forward metric for assessing the customer responsiveness of a sequence, presenting four alternatives for capturing both responsiveness and makespan in the decision-making process. Although the customer responsiveness metric that we use is a simplistic one, we suggest that our results provide a foundation and motivation for significant future research, not only in including more sophisticated responsiveness metrics but also in taking into account other characteristics of a solution in the sequencing process as well.
2. Background and Motivation

2.1 The Blocking Flowshop Sequencing Problem

2.1.1 Problem Definition

    In many manufacturing and assembly facilities, products of multiple types move through a common sequence of operations. When these operations have to be completed in the same order for each product, the machines are set up in series and the environment is referred to as a flowshop (Conway, Maxwell, and Miller (1967)). In a blocking flowshop, there is limited or no intermediate buffer between operations (also referred to as stages). In such situations, a product cannot move from one stage to the next until the preceding product exits that stage. When product lines are not perfectly balanced (i.e. if the time required by each product type in each stage is not exactly the same), then bottlenecks can occur. In such cases, the makespan -- the time needed for all products to move through the system -- can be significantly impacted by the order in which products are sequenced.

For example, consider a simple problem with two product types, A and B, a demand for five units of each product, and no setup time between part types. Suppose that each unit of A must spend four units of time in stage 1, two units in stage 2, and three units in stage 3. Each unit of B must spend two units of time in stage 1, four units in stage 2, and three units in stage 3. There is no setup time between product types. Figures 1 and Figure 2 depict two different sequences and how their makespans vary as a result of the product ordering.
[Figure 1: Makespan associated with processing all A's, then all B's]
[Figure 2: Makespan associated with alternating between A's and B's]
2.1.2 Literature Review

    The research in minimizing makespan in a blocking flowshop is vast, dating at least as far back as the 1969 work by Levner (Levner (1969)) and still receiving significant research attention today (see, for example, the survey paper of Hejazi and Saghafian (2005)). In some of this literature, the problems are dynamic, with continuous arrivals of products to be processed. Conversely, static problems assume that there is a given set of products to be processed and that this set is known in advance. Similarly, the literature can be divided between deterministic problems, in which processing times are known and fixed, and stochastic problems, which seek to capture variability (including machine failures) in processing times. We refer the interested reader to survey papers such as Baker (1975), Graves (1981), Hall and Sriskandarajah (1996), and Hejazi and Saghafian (2005) for greater detail.

    We focus on the static and deterministic blocking flowshop problem literature, as our problem can be viewed as minimizing makespan in an m-machine, no-wait, consistent, and discrete sub-lot flowshop with multiple products and set-ups requiring lot streaming. Recently, Defersha and Chen (2009) developed a mathematical programming model and a hybrid genetic algorithm for solving n-job m-machine lot-streaming problems with variable sub-lots and considering setup times. This research in turn builds on that of Chang and Chiu (2005), and Marimuthu et al. (2008). The focus of this work, however, is on reducing work-in-progress and cycle time.

    We extend this work by using a similar approach to capture variability. Specifically, by using a metric to assess the customer responsiveness of the resulting schedules, we are able to leverage the greater tractability of static and deterministic problems while capturing some of the dynamic and stochastic nature of the system, albeit in a limited way. Perhaps most closely related to our research is that of Jensen (2003), who uses a genetic algorithms-based approach to find schedules that have low makespan and are also robust with respect to their ability to recover from machine breakdowns. Another definition of robustness is provided by Leon, Wu, and Storer (1994); in subsequent work, they extend this research on robustness in job shop scheduling (Wu, Byeon, and Storer (1999)). In related work, Mehta and Uzsoy (1998) insert extra idle time into the schedule in anticipation of disruptions caused by machine failure. Herroelen and Leus (2004) survey research in predictive-reactive scheduling. Multiple schedules, rather than a single schedule, are generated by Artigues, Billaut, and Esswein (2005) in order to improve robustness. We also point out an interesting paper by Kim, Park, and Ko (2003), which uses a symiotic evolutionary algorithm to integrate process planning and scheduling, improving performance by taking advantage of flexible manufacturing systems.

    Finally, we note the text of Kouvelis and Yu (1997), which provides a general coverage of robustness in discrete optimization problems, and the recent work on robust optimization by Bertsimas and Sims (2004).

    As this indicates, there are many different ways to formulate and solve even the basic blocking flowshop sequencing problem. For the sake of exposition, we use a straightforward mixed-integer programming formulation, which appears in the Appendix. Similar models can be found in papers such as Kamal Abadi, Hall, and Sriskandarajah (2000), Ronconi (2004), Ronconi (2005), and Ronconi and Armentano (2001).

2.2 Customer Responsiveness

    The research presented in this paper was originally motivated by our interest in reconfigurable manufacturing (Koren et al. (1999)) and its potential for improving customer responsiveness -- providing customers with the right product in the right amount at the right time in a cost-effective way (Kurnaz, Cohn, and Koren (2006)).

    In the past, stable customer expectations enabled manufacturers to base their production planning primarily on forecasted demand. But as customers have gained progressively greater leverage in a very competitive marketplace, 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" (Anders (2002)).

    Within build-to-order, numerous strategies have been tried to react as customer requirements change, but the results are mixed. For example, manufacturing postponement is an approach to keep products in semi-finished forms and customize quickly in production facilities when customer demand is revealed. Some studies show that postponement is positively related to responsiveness (Nair (2005)) and is effective in the management of uncertainty (Yang, Burns, and Backhouse (2004)). Others, however, show that postponement does not necessarily improve delivery reliability (Skipworth and Harrison (2004)).

    More recently, even build-to-order has become an incomplete strategy in numerous industries, in which customers are allowed to change their orders with little or no penalty, often after production has already begun. These changes include both the order quantity and the due date. For example, Dell allows customers to change the specifications of their PC orders up until the day before they are scheduled to be shipped, and even companies like Boeing, which has production lead times on the order of several months, are reporting changes in customer orders (Anonymous (2005)). It is our expectation that this trend will continue, rather than decrease. Thus, it is no longer sufficient to focus solely on manufacturer-focused metrics such as makespan; the ability to respond to customer order changes must be considered as well.

    It is often the case that sequences which have minimal makespan relative to the initial system inputs may not be optimal -- or even feasible -- when implemented in an environment subject to customer order changes. Consider the following simple example. We start the planning process with an initial order for 100 units of product A and 100 units of product B with a common due date T. Then, at time T/2, the order is changed to 50 A and 150 B. If we assume that for a given product (A or B) all the operations in the manufacturing line have approximately the same processing time but this time varies between products (i.e. balance within each product but imbalance between them), producing all units of A and then all of units of B would be the "optimal" sequence relative to the initial demand data, because it has the smallest number of changeovers and the smallest amount of "bottlenecking". However, when we reach the halfway point in the production horizon, we will have already produced all of the initial order for product A and thus have overproduced by 50 units relative to the revised demand. In addition, there will be insufficient time left to handle the increase in demand for product B, which will thus be underproduced by 50 units.

    More generally, we suggest that (all other things being equal), a product sequencing plan that yields a greater mix of inventory over the production horizon yields greater flexibility in responding to customer order changes. In this paper, we consider a simple metric to assess this inventory mix, in which we strive to produce (and therefore hold inventory) proportional to mean demand during each time period. Specifically, we consider dividing the production horizon into four equal intervals (this metric could trivially be extended to include n intervals, and these intervals need not be of equal length; we choose four as a demonstrative example corresponding to a hypothetical shipping schedule). For each of these intervals, we compute the number of units of a given product type scheduled to be processed in those slots and compare this to one-fourth of the total demand for that product type. We take the minimum of this ratio and one (i.e. responsiveness cannot exceed 100%) as a measure of the responsiveness of that product type in that interval. We then average across the four time intervals and all product types to get an overall estimate of customer responsiveness. We do not suggest by any means that this is the best way to measure customer responsiveness, but rather present it as a straightforward way both to begin considering customer responsiveness in deterministic production scheduling and also as a way to examine how different "optimal" (with respect to makespan minimization) solutions can vary with regard to other criteria.

    We conclude by noting that the relationship between sequencing, makespan, and customer responsiveness is not trivial to predict and can in fact be quite counter-intuitive. For example, it seems logical that more frequent changeovers would lead to greater makespan but simultaneously improve responsiveness. This is not always the case however (see Kurnaz, Cohn, and Koren (2009) for an example) -- as the number of changeovers increases, the amount of time for production decreases and thus the overall output decreases. This can actually decrease, rather than increase, customer responsiveness.

2.3 Observations on the Set of Near-Optimal Solutions

    One criticism of the literature on blocking flowshops (Dudek, Panwalkar, and Smith (1992), Portougal and Robb (2000)) is that the problems that are considered are often overly simplistic. For example, a complicating real-world constraint may be ignored in the hopes that the solution will nonetheless satisfy this constraint. Alternatively, a constraint or objective function may be approximated to improve tractability. In this paper, we address a third form of simplification -- the simplifying of the evaluation criterion. The vast majority of the literature on deterministic flowshop sequencing focuses solely on minimizing makespan. This is certainly an important criterion -- perhaps the most important one. Others exist as well, however. For example, sequences with repeating patterns might be easier to implement without human error. As another example, sequences with fewer change-overs might be less likely to suffer from maintenance failures. If the set of solutions with optimal (or near-optimal) makespan is large, then focusing solely on this one criterion can lead to sequencing decisions that are inferior from an overall standpoint.

    Motivated by this, we have conducted several computational experiments to assess the set of minimum-makespan solutions. We considered three randomly-generated data sets, each containing three products, three stages, and a total demand of thirty units (randomly distributed amongst the three products). In the first set (A), products were fairly balanced from stage to stage, but there was imbalance between products. In the second set (B), there was balance both from stage to stage and across products. In the third set (C), all processing times were fully randomized. For each set, we generated 10 instances and we solved each of these instances twice, once with a setup time between product types of one unit (low impact) and once with a setup time of ten units (high impact).

    We first solved each of these instances to find the absolute minimum makespan value. We then set out to count the number of additional solutions that were also optimal or nearly optimal. We did so by first adding a cut constraining the makespan to be no more than five percent above the minimum value (of course, this five percent is arbitrary -- for example, we could have limited ourselves to finding only those alternate solutions that are also truly optimal with regard to makespan). We then changed the objective function from finding a minimum makespan solution to finding a feasible one (note that this must satisfy the criterion of being within five percent of optimality). After each new solution was found, an additional constraint was added to make that solution, and only that solution, infeasible. This constraint sums the value of all xn,p variables that have value one in the current solution (there will be thirty of them, each assigning one product type to each slot), and require that these variables have value not exceeding 29, thereby making the current solution infeasible. Our stopping condition had two components. If no feasible solution were found after a cut was added, then the algorithm terminated with the complete set of near-optimal solutions. Alternatively, if at least 500 near-optimal solutions had been found, we terminated as well (this value is somewhat arbitrary -- we felt that after 500 solutions were found, the point had been made and additional computational run time was not warranted).

    Results from this first experiment appear in Tables 1a, 1b, and 1c. [An "X" in the tables indicates an instance that could not be solved to optimality in under two hours.] For each instance, we report the true optimal solution value ("Min. Makespan") and then the number of alternate solutions within 5% of this value. We do not report run times because our focus is not on the efficiency of the solution approach, but rather on the analysis of the outcome. However, most runs took on the order of minutes and no run was allowed to continue beyond two hours.

Observe that in all instances where the setup cost is small (except those that could not be solved), there were at least 500 (near) optimal solutions. This does not mean, however, that the order of production is unimportant -- there are many feasible sequences with dramatically higher makespan. Nonetheless, there are also many different ways to re-order the optimal sequence without dramatic change on makespan. It is to be expected that the number of (near) optimal solutions would decrease as the setup cost increases from one unit to ten units but, interestingly, this is only the case for set A, where there is balance by stage but not by product and therefore large lot sizes (and thus fewer near-equivalent permutations) are desirable both to avoid bottlenecking and to limit the time lost to changeovers.
[Table 1a: Number of Equivalent Solutions — Balanced by Stage but not by Product]
[Table 1b: Number of Equivalent Solutions — Balanced by Stage and by Product]
[Table 1c: Number of Equivalent Solutions — Fully Random Processing Times]
    Given that a non-trivial number of distinct solutions exists for all of the problem instances that we were able to solve, the obvious question to ask is how these solutions vary in other characteristics. Given our initial motivating interest in customer responsiveness, we therefore devised a simple metric to estimate the flexibility of a sequence in responding to customer order changes. Specifically, we broke the planning horizon into four segments, each containing either 7 or 8 units (for a total of 30 units -- the total demand of each problem instance). For each segment, we compared the sequenced production of a given product to one quarter of its demand (rounded down to the nearest integer). If the production was equal to or exceeded the demand, then a value of one was given; if the production was less, then the ratio was given. We then took the weighted average of the 12 values (one for each of the four segments and each of the three products) and used this as our metric of responsiveness. For example, if the demand were for 10 units of each product, then a sequence of



AAAAAAA | AAABBBBB | BBBBBCC | CCCCCCCC

would have a responsiveness value of 0.5 (the values for segment one are A=1,B=0,C=0; for segment two, A=1,B=1,C=0; for segment three, A=0,B=1,C=1; and for segment four A=0,B=0,C=1, which average to 0.5).  Alternatively, the sequence



AAABBCC | AABBBCCC | AAABBCC | AABBBCCC

has a responsiveness of 1.0, because proportional production of each product occurs in each segment.

    The idea behind this is to recognize that customer order changes can occur and by spreading demand more evenly across the planning horizon, there is greater opportunity to respond to such changes. For example, suppose the demand for product A is decreased half way through the planning horizon. In the first sequence, there is no opportunity to accommodate this -- overproduction has already occurred. On the other hand, sequence two -- by leveling production across all product types -- has greater flexibility for incorporating demand changes once production has begun.

In Tables 2a, 2b, and 2c, we present the maximum and minimum value for this responsiveness metric across the set of (near optimal) solutions reported in Table 1. We observe that there is in fact significant variation in customer responsiveness across the near-optimal solutions, which motivates the remainder of the paper.
[Table 2a: Range of Responsiveness Metric — Balanced by Stage but not by Product]
[Table 2b: Range of Responsiveness Metric — Balanced by Stage and by Product]
[Table 2c: Range of Responsiveness Metric — Fully Random Processing Times]
3. Alternative Approaches to Makespan Minimization

    Given that there are a large number of optimal or near-optimal solutions to the blocking flowshop sequencing problem, and that these solutions vary significantly with respect to our measure of customer responsiveness, we present four different ways to take both metrics into account in the sequencing process.

3. 1 Approach One -- Makespan is Priority

    In the first approach, we assume that makespan is the dominant evaluation metric -- only a small amount of makespan increase will be tolerated, independent of impact on customer responsiveness. Having already determined the minimum makespan for each problem instance in our earlier experiments, we next solved a variation of the basic model (6) – (18) in which we replace the objective function (6) with
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[image: image1.wmf]å

å

=

=

P

p

q

q

p

z

1

4

1

,






(1)
and add the constraints


[image: image2.wmf]M

t

S

D

*

)

1

(

,

a

£

+






(2)


[image: image3.wmf]å

=

£

q

q

u

l

n

p

n

q

p

p

x

z

d

,

,

*

)

4

/

(



[image: image4.wmf]4

..

1

,

..

1

=

"

=

"

q

P

p




(3)
and




[image: image5.wmf][

]

1

,

0

,

Î

q

p

z




[image: image6.wmf]4

..

1

,

..

1

=

"

=

"

q

P

p




(4)
Here, zp,q represents the responsiveness for product p in the qth quarter of the planning horizon, where we think not in terms of time but in terms of the sequence -- with total demand D, there are D slots and an interval contains D/4 of them. M represents the optimal makespan, lq represents the lower limit of the qth quarter (i.e. the first sequencing "slot" in that quarter) and uq represents the upper limit, or last "slot", of the qth quarter. The objective (1) maximizes the overall responsiveness, constraint (2) ensures that the solution does not violate the optimal makespan by more than a tolerance value α (we use five percent as the tolerance in the examples that follow), constraint set (3) limits the responsiveness to not exceed the ratio of quarterly production to quarterly demand, and constraint set (4) ensures that the responsiveness metrics are between zero and one.

    Tables 3a, 3b, and 3c present the results for this computational experiment, comparing the maximum responsiveness to the minimum found amongst those "optimal" solutions identified in the first experiment. Note that in many instances, by re-optimizing to find the optimal responsiveness relative to the optimal makespan, the customer responsiveness often improves by more than a factor of two, and even in the worst case improved by at least forty percent. In particular, in set B, where we have balance across both products and stages, and when the setup time is small, it was always possible to achieve total responsiveness (by our limited metric). Although this is not surprising (in such cases, the sequence has limited impact on makespan and thus re-ordering products to "smooth out" production is possible), it is interesting to note that the same is also true for set C (where the processing times are completely random across products and stages) when the setup times are not too large. When setup times are larger, responsiveness is actually more attainable in set C, presumably because it is no longer the case that large lot sizes are best for minimizing makespan -- in fact, imbalances within a product can make alternating sequences more effective at limiting bottlenecks.

[Table 3a: Maximum Responsiveness Subject to Makespan Constraint — Balanced by Stage but not by Product]
[Table 3b: Maximum Responsiveness Subject to Makespan Constraint — Balanced by Stage and by Product]
[Table 3c: Maximum Responsiveness Subject to Makespan Constraint — Fully Random Processing Times]
3.2 Approach Two -- Responsiveness is Priority

    In the second approach, we assume that customer responsiveness is the dominant evaluation metric -- only a small deviation from total responsiveness will be tolerated, independent of impact on makespan. We consider two cases -- in the first, the responsiveness cannot drop below 95% and in the second it cannot drop below 85% (these parameters are denoted below by LB). To solve this problem, we replace the objective from Approach One with the original objective and remove constraint (2). We also add the constraint:
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Tables 4a, 4b, and 4c present the results for this computational experiment -- specifically, the ratio of minimum makespan given the specified lower bound on customer responsiveness to the unconstrained minimum makespan. Observe that in almost all of the instances considered, the required responsiveness can be achieved without sacrificing more than twenty percent of makespan, and that in many cases the increase in makespan was five percent or less. As expected, we see that larger setup values increase the impact on makespan and that balance within and across products results in the least impact on makespan when maintaining high responsiveness. We also observe that lines without clear balance across or within products again seem to perform best, i.e. makespan-minimizing sequencing is not necessarily a function of large lot sizes. Finally, we note that moving from 85% to 95% responsiveness often has very limited impact on makespan, although we suspect that this is in part a function of the problem instances and parameters. For example, if significantly more than four time intervals were considered, then we would expect to find greater impact on makespan as responsiveness is increased.

[Table 4a: Minimum Makespan Subject to Responsiveness Constraint — Balanced by Stage but not by Product]
[Table 4b: Minimum Makespan Subject to Responsiveness Constraint — Balanced by Stage and by Product]
[Table 4c: Minimum Makespan Subject to Responsiveness Constraint — Fully Random Processing Times]
3.3 Approach Three -- Weighted Priority

In the first two approaches, we considered the case where one of the two metrics (either makespan or responsiveness) was dominant. In the third approach, we consider the case where both criteria are important. Such multicriteria optimization problems are often solved by controlling the relative merit of the metrics through coefficient weights in the objective function (Ehrgott (2005)). In our computational experiments, we fix the coefficient of makespan at 1 and consider four different weights for responsiveness that are appropriate for our data sets -- 1, 10, 100, and 1000 -- to see how the solution varies. Results appear in Tables 5a - f. The top rows of each table provides the setup value and the four responsiveness weights. The cells provide two values. The first is the ratio of the makespan from the weighted solution to the optimal makespan when unconstrained. The second is the responsiveness value (this can also be thought of as a ratio, given that optimal responsiveness can always be achieved in these instances). Clearly, as the relative weights change, the trade-off between makespan and responsiveness can vary significantly. Data set A is very insensitive to the objective coefficients when the setup value is small -- except for the lowest weighting coefficient, in which optimal makespan is always achieved, in all other cases the optimal responsiveness is achieved. [Note that relative to this optimal responsiveness the optimal makespan varies. This is because of the optimality gap -- as customer responsiveness receives much greater weighting, relatively small variations in makespan are insignificant to the overall objective.] When a higher setup cost is incurred, greater weight needs to be placed on responsiveness before it achieves 100%, because more frequent changeovers have a more significant impact on makespan and because larger lot sizes are more desirable in these instances for achieving makespan. Thus, the two objectives work against each other, making the objective weightings more important to solution outcome.
[Table 5a: Weighting Makespan and Responsiveness — Balanced by Stage but not by Product]
[Table 5b: Weighting Makespan and Responsiveness — Balanced by Stage but not by Product]

    In data set B, we again observe that for small setup values, very little emphasis needs to be balanced on responsiveness before it dominates the objective function. We still observe the dominance of responsiveness with the higher setup value as well, because there is very limited bottlenecking resulting from any sequencing decisions.

[Table 5c: Weighting Makespan and Responsiveness — Balanced by Stage and by Product]
[Table 5d: Weighting Makespan and Responsiveness — Balanced by Stage and by Product]
Interestingly, we observe that optimal responsiveness is almost always attained in instances from data set C when the setup value is low. Again, this is presumably because large lot sizes no longer necessarily correlate to low makespans. However, the impact of a higher setup value is much more significant here than in the prior instances, in this case presumably because large setup values drive the optimal makespan back towards containing large lot sizes, in conflict with the responsiveness goal, which way not necessarily the case when the setup value was small.
[Table 5e: Weighting Makespan and Responsiveness — Fully Random Processing Times]
[Table 5f: Weighting Makespan and Responsiveness — Fully Random Processing Times]
3. 4 Approach Four -- Pareto Frontier

    In the preceding section, we observed how varying the weights that are used to trade off between makespan and responsiveness can have significant impact on the outcome. One of the challenges in multi-criteria optimization is of course in being able to select the right weights. Even a small error can lead to results that are quite different from the user's true preferences.

    As an alternative, then, we suggest that it is valuable to be able to graph the entire Pareto frontier -- that is, the set of all solutions for which improving one metric can only be achieved by worsening the other. In so doing, the user is given a more realistic picture of the trade-offs to be made in place of being required to a priori specify the relative value of the two metrics.

    Using a modified version of Test-and-Prune, an algorithm recently designed for resource allocation and utilization problems (Barlatt et al. (2007), Barlatt et al. (2009)), we were able to efficiently identify the Pareto frontier and we do so for three of the data instances considered in the earlier sections. These are depicted in Figures 3, 4 and 5. It is important to note the discretization -- permitting a small increase in one metric typically does not yield any improvement in the other metric, because of the discreteness of the sequencing decisions. It is also interesting to note that, despite an exponentially-large number of feasible sequences, the number of Pareto values is quite small in all three cases. In particular, this is true for data set C, where there is randomness both within and across products. Although these are just three simple examples, they help to illustrate the value of effectively being able to depict the Pareto frontier.

[Figure 3: Pareto Frontier for Instance A2 with Changeover of 10]
[Figure 4: Pareto Frontier for Instance B1 with Changeover of 10]
[Figure 5: Pareto Frontier for Instance C3 with Changeover 10]

4. Conclusions and Future Research

    As we have illustrated, improved sequences for a blocking flowshop problem can be achieved when considering other metrics in addition to makespan, even in those cases where makespan strongly dominates all other preferences. This is due to the large number of equivalent optimal solutions. In particular, we have demonstrated how a simplistic metric of customer responsiveness can also be taken into account when sequencing, so as to achieve better overall solutions without significantly increasing the computational complexity of the planning process.

    In the future, we hope to develop more sophisticated metrics of responsiveness. Of particular importance is addressing the issue of multiple, varying due dates. Incorporating probability distributions for customer demand changes is also of interest. Finally, we believe that this research can easily extend to other metrics to be considered in tandem with makespan, such as those associated with system reliability and quality control.
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5. Appendix: Formulation

Notation 

    Sets:

    P:   The set of product types

    S:   The set of production stages

    Parameters:

    dp:     The demand (number of units) for product p ∈ P
    rp,s:    The processing time of product p in stage s ∈ S
    Δ:   The change-over time between product types

    S:    The number of stages (|S |)

    P:   The number of product types (|P |)

    D:   The total demand (
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    Variables:

    tn,s:   The time that the nth product in the sequence enters the sth stage of production, for n ∈ {1..D} and s ∈ {1..S+1}, where stage S+1 represents the completion of stage S and exit from the system

    xn,p:   Whether the nth product in the sequence is of type p (xn,p = 1) or not (xn,p = 0), for n ∈ {1..D} and  p ∈ {1..P}

    yn:   Whether a changeover from one product type to another occurs after the nth product is produced  (yn = 1) or not (yn = 0), for n ∈ {1..(D - 1)}
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    The objective (6) minimizes the makespan, i.e. the time that the final product exits the final processing stage. Constraint (7) initializes the schedule to start at time zero, i.e. this is when the first unit to be produced enters the first stage. Constraint set (8) says that the first product moves into the next stage as soon as it completes production in the current stage (because there is no preceding product to block it). Per constraint set (9), yn must be one unless the nth and n + 1th slots are of the same product type. Constraint set (10) says that a product exits the system when it completes production in the final stage. Constraint set (11) sets the start time of the nth product in the first stage as the time the preceding product enters the second stage, plus the setup time if the products are of different types. Constraint set (12) restricts the nth product from entering the sth stage until it has completed processing in stage s - 1. Constraint set (13) restricts the nth product from entering the sth stage until the preceding product has exited that stage, plus the setup time if the products are of different types. Constraint set (14) ensures that each "slot" has exactly one product type, and constraint set (15) ensures that the appropriate quantity of each product type is processed. Constraints (16), (17), and (18) define the variable types.
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Figures and Tables
[Figure 1: Makespan associated with processing all A's, then all B's]
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[Figure 2: Makespan associated with alternating between A's and B's]
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[Table 1a: Number of Equivalent Solutions — Balanced by Stage but not by Product]
	Instance
	Min. Makespan
	Num. Equiv.
	Min. Makespan
	Num. Equiv.

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	A1
	378
	>500
	398
	225

	A2
	405
	>500
	423
	209

	A3
	383
	>500
	401
	134

	A4
	424
	>500
	442
	106

	A5
	387
	>500
	405
	129

	A6
	340
	>500
	358
	62

	A7
	375
	>500
	393
	54

	A8
	389
	>500
	407
	117

	A9
	366
	>500
	384
	130

	A10
	359
	>500
	377
	57


[Table 1b: Number of Equivalent Solutions — Balanced by Stage and by Product]
	Instance
	Min. Makespan
	Num. Equiv.
	Min. Makespan
	Num. Equiv.

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	B1
	387
	>500
	405
	258

	B2
	446
	>500
	467
	>500

	B3
	441
	>500
	459
	>500

	B4
	438
	>500
	456
	>500

	B5
	454
	>500
	472
	>500

	B6
	459
	>500
	477
	>500

	B7
	453
	>500
	471
	>500

	B8
	437
	>500
	457
	>500

	B9
	417
	>500
	435
	>500

	B10
	441
	>500
	460
	>500


[Table 1c: Number of Equivalent Solutions — Fully Random Processing Times]
	Instance
	Min. Makespan
	Num. Equiv.
	Min. Makespan
	Num. Equiv.

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	C1
	X
	X
	480
	>500

	C2
	X
	X
	564
	>500

	C3
	463
	>500
	485
	>500

	C4
	X
	X
	503
	>500

	C5
	X
	X
	515
	>500

	C6
	X
	X
	547
	>500

	C7
	515
	>500
	533
	>500

	C8
	X
	X
	494
	>500

	C9
	X
	X
	556
	>500

	C10
	X
	X
	585
	>500


[Table 2a: Range of Responsiveness Metric — Balanced by Stage but not by Product]
	Instance
	Min. Resp.
	Max. Resp.
	Min. Resp.
	Max. Resp.

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	A1
	0.42
	0.74
	0.42
	0.64

	A2
	0.42
	0.67
	0.42
	0.64

	A3
	0.42
	0.72
	0.42
	0.67

	A4
	0.4
	0.77
	0.38
	0.67

	A5
	0.46
	0.67
	0.42
	0.67

	A6
	0.42
	0.69
	0.42
	0.58

	A7
	0.44
	0.75
	0.42
	0.58

	A8
	0.42
	0.71
	0.42
	0.67

	A9
	0.42
	0.68
	0.42
	0.67

	A10
	0.48
	0.67
	0.44
	0.58


[Table 2b: Range of Responsiveness Metric — Balanced by Stage and by Product]
	Instance
	Min. Resp.
	Max. Resp.
	Min. Resp.
	Max. Resp.

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	B1
	0.42
	0.96
	0.42
	0.58

	B2
	0.42
	0.88
	0.42
	0.67

	B3
	0.38
	0.93
	0.38
	0.67

	B4
	0.42
	0.86
	0.42
	0.67

	B5
	0.42
	0.89
	0.42
	0.67

	B6
	0.42
	0.82
	0.42
	0.67

	B7
	0.42
	0.96
	0.42
	0.67

	B8
	0.38
	0.89
	0.33
	0.67

	B9
	0.44
	0.83
	0.44
	0.67

	B10
	0.42
	0.89
	0.42
	0.67


[Table 2c: Range of Responsiveness Metric — Fully Random Processing Times]
	Instance
	Min. Resp.
	Max. Resp.
	Min. Resp.
	Max. Resp.

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	C1
	X
	X
	0.42
	0.67

	C2
	X
	X
	0.44
	0.79

	C3
	0.44
	0.88
	0.44
	0.67

	C4
	X
	X
	0.42
	0.75

	C5
	X
	X
	0.42
	0.75

	C6
	X
	X
	0.42
	0.72

	C7
	0.5
	0.96
	0.46
	0.67

	C8
	X
	X
	0.42
	0.75

	C9
	X
	X
	0.42
	0.83

	C10
	X
	X
	0.42
	0.75


[Table 3a: Maximum Responsiveness Subject to Makespan Constraint — Balanced by Stage but not by Product]
	Instance
	Max. Resp.
	Max/Min
	Max. Resp.
	Max/Min

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	A1
	1
	2.4
	0.64
	1.53

	A2
	0.82
	1.97
	0.64
	1.53

	A3
	0.92
	2.2
	0.67
	1.6

	A4
	1
	2.53
	0.67
	1.78

	A5
	0.83
	1.82
	0.67
	1.6

	A6
	0.75
	1.8
	0.58
	1.4

	A7
	0.86
	1.94
	0.58
	1.4

	A8
	0.83
	2
	0.67
	1.6

	A9
	0.83
	2
	0.67
	1.6

	A10
	0.81
	1.7
	0.58
	1.33


[Table 3b: Maximum Responsiveness Subject to Makespan Constraint — Balanced by Stage and by Product]
	Instance
	Max. Resp.
	Max/Min
	Max. Resp.
	Max/Min

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	B1
	1
	2.4
	0.58
	1.4

	B2
	1
	2.4
	0.67
	1.6

	B3
	1
	2.67
	0.67
	1.78

	B4
	1
	2.4
	0.67
	1.6

	B5
	1
	2.4
	0.67
	1.6

	B6
	1
	2.4
	0.67
	1.6

	B7
	1
	2.4
	0.67
	1.6

	B8
	1
	2.67
	0.67
	2

	B9
	1
	2.25
	0.67
	1.5

	B10
	1
	2.4
	0.67
	1.6


[Table 3c: Maximum Responsiveness Subject to Makespan Constraint — Fully Random Processing Times]
	Instance
	Max. Resp.
	Max/Min
	Max. Resp.
	Max/Min

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	C1
	X
	X
	0.67
	1.6

	C2
	X
	X
	1
	2.29

	C3
	1
	2.29
	0.67
	1.52

	C4
	X
	X
	0.75
	1.8

	C5
	X
	X
	0.75
	1.8

	C6
	X
	X
	0.75
	1.8

	C7
	1
	2
	0.67
	1.45

	C8
	X
	X
	0.75
	1.8

	C9
	X
	X
	0.92
	2.2

	C10
	X
	X
	0.75
	1.8


[Table 4a: Minimum Makespan Subject to Responsiveness Constraint — Balanced by Stage but not by Product]
	Instance
	85%
	95%
	85%
	95%

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	A1
	1.05
	1.05
	1.16
	1.18

	A2
	1.06
	1.06
	1.16
	1.19

	A3
	1.04
	1.05
	1.15
	1.18

	A4
	1.04
	1.05
	1.14
	1.17

	A5
	1.05
	1.05
	1.16
	1.19

	A6
	1.07
	1.07
	1.19
	1.22

	A7
	1.05
	1.06
	1.16
	1.19

	A8
	1.05
	1.06
	1.16
	1.19

	A9
	1.06
	1.06
	1.17
	1.2

	A10
	1.06
	1.06
	1.17
	1.2


[Table 4b: Minimum Makespan Subject to Responsiveness Constraint — Balanced by Stage and by Product]

	Instance
	85%
	95%
	85%
	95%

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	B1
	1.02
	1.02
	1.13
	1.15

	B2
	1
	1.01
	1.09
	1.12

	B3
	X
	X
	1.1
	1.13

	B4
	1.01
	1.01
	1.11
	1.13

	B5
	1
	1.01
	1.1
	1.12

	B6
	1
	1
	1.1
	1.12

	B7
	1.01
	1.1
	1.1
	1.12

	B8
	1
	1
	1.1
	1.12

	B9
	1.01
	1.01
	1.11
	1.13

	B10
	X
	X
	1.1
	1.13


[Table 4c: Minimum Makespan Subject to Responsiveness Constraint — Fully Random Processing Times]
	Instance
	85%
	95%
	85%
	95%

	
	Δ=1
	Δ=1
	Δ=10
	Δ=10

	C1
	X
	X
	1.09
	1.11

	C2
	X
	X
	1.02
	1.05

	C3
	1.01
	1.01
	1.09
	1.11

	C4
	X
	X
	1.07
	1.09

	C5
	X
	X
	1.08
	1.09

	C6
	X
	X
	1.08
	1.1

	C7
	X
	X
	1.09
	1.11

	C8
	X
	X
	1.07
	1.09

	C9
	X
	X
	1.03
	1.05

	C10
	X
	X
	1.08
	1.09


[Table 5a: Weighting Makespan and Responsiveness — Balanced by Stage but not by Product]
	Δ=1
	
	Responsiveness
	Weights
	

	
	1
	10
	100
	1000

	A1
	1.00/0.64
	1.05/1.00
	1.05/1.00
	1.12/1.00

	A2
	1.00/0.64
	1.06/1.00
	1.06/1.00
	1.14/1.00

	A3
	1.01/0.67
	1.05/1.00
	1.05/1.00
	1.10/1.00

	A4
	1.00/0.67
	1.05/1.00
	1.05/1.00
	1.08/1.00

	A5
	1.00/0.58
	1.05/1.00
	1.05/1.00
	1.11/1.00

	A6
	1.00/0.58
	1.07/1.00
	1.07/1.00
	1.14/1.00

	A7
	1.00/0.58
	1.06/1.00
	1.06/1.00
	1.12/1.00

	A8
	1.00/0.58
	1.06/1.00
	1.06/1.00
	1.11/1.00

	A9
	1.00/0.67
	1.06/1.00
	1.06/1.00
	1.06/1.00

	A10
	1.00/0.58
	1.06/1.00
	1.06/1.00
	1.13/1.00


[Table 5b: Weighting Makespan and Responsiveness — Balanced by Stage but not by Product]

	Δ=10
	
	Responsiveness
	Weights
	

	
	1
	10
	100
	1000

	A1
	1.00/0.50
	1.02/0.58
	1.18/1.00
	1.18/1.00

	A2
	1.00/0.46
	1.05/0.64
	1.19/1.00
	1.21/1.00

	A3
	1.00/0.42
	1.05/0.67
	1.18/1.00
	1.18/1.00

	A4
	1.00/0.40
	1.02/0.58
	1.17/1.00
	1.17/1.00

	A5
	1.00/0.50
	1.02/0.58
	1.19/1.00
	1.19/1.00

	A6
	1.00/0.50
	1.00/0.50
	1.22/1.00
	1.27/1.00

	A7
	1.00/0.46
	1.03/0.58
	1.19/1.00
	1.23/1.00

	A8
	1.00/0.46
	1.05/0.67
	1.19/1.00
	1.19/1.00

	A9
	1.00/0.42
	1.05/0.67
	1.20/1.00
	1.22/1.00

	A10
	1.00/0.50
	1.00/0.50
	1.20/1.00
	1.25/1.00


 [Table 5c: Weighting Makespan and Responsiveness — Balanced by Stage and by Product]
	Δ=1
	
	Responsiveness
	Weights
	

	
	1
	10
	100
	1000

	B1
	1.00/0.58
	1.02/1.00
	1.02/1.00
	1.03/1.00

	B2
	1.01/1.00
	1.01/1.00
	1.01/1.00
	1.03/1.00

	B3
	1.01/0.86
	1.01/1.00
	1.01/1.00
	1.02/1.00

	B4
	1.01/1.00
	1.01/1.00
	1.01/1.00
	1.02/1.00

	B5
	1.00/0.92
	1.01/1.00
	1.01/1.00
	1.02/1.00

	B6
	1.00/1.00
	1.00/1.00
	1.00/1.00
	1.02/1.00

	B7
	1.01/1.00
	1.01/1.00
	1.01/1.00
	1.04/1.00

	B8
	1.00/0.92
	1.00/1.00
	1.00/1.00
	1.03/1.00

	B9
	1.01/0.97
	1.01/1.00
	1.01/1.00
	1.02/1.00

	B10
	1.01/0.92
	1.01/1.00
	1.01/1.00
	1.04/1.00


[Table 5d: Weighting Makespan and Responsiveness — Balanced by Stage and by Product]
	Δ=10
	
	Responsiveness
	Weights
	

	
	1
	10
	100
	1000

	B1
	1.00/0.50
	1.02/0.58
	1.15/1.00
	1.16/1.00

	B2
	1.00/0.42
	1.12/1.00
	1.12/1.00
	1.13/1.00

	B3
	1.00/0.44
	1.08/0.83
	1.13/1.00
	1.13/1.00

	B4
	1.00/0.42
	1.13/1.00
	1.13/1.00
	1.13/1.00

	B5
	1.00/0.50
	1.10/0.92
	1.12/1.00
	1.13/1.00

	B6
	1.00/0.50
	1.10/0.92
	1.12/1.00
	1.12/1.00

	B7
	1.00/0.50
	1.12/1.00
	1.12/1.00
	1.12/1.00

	B8
	1.00/0.38
	1.12/1.00
	1.12/1.00
	1.13/1.00

	B9
	1.00/0.50
	1.13/1.00
	1.13/1.00
	1.16/1.00

	B10
	1.00/0.47
	1.10/0.92
	1.13/1.00
	1.13/1.00


 [Table 5e: Weighting Makespan and Responsiveness — Fully Random Processing Times]
	Δ=1
	
	Responsiveness
	Weights
	

	
	1
	10
	100
	1000

	C1
	X
	X
	X
	X

	C2
	X
	X
	X
	X

	C3
	1.00/0.67
	1.01/1.00
	1.01/1.00
	1.02/1.00

	C4
	X
	X
	X
	X

	C5
	X
	X
	X
	X

	C6
	X
	X
	X
	X

	C7
	1.01/0.92
	1.01/1.00
	1.01/1.00
	1.04/1.00

	C8
	X
	X
	X
	X

	C9
	X
	X
	X
	X

	C10
	X
	X
	X
	X


[Table 5f: Weighting Makespan and Responsiveness — Fully Random Processing Times]
	Δ=10
	
	Responsiveness
	Weights
	

	
	1
	10
	100
	1000

	C1
	1.00/0.50
	1.11/1.00
	1.11/1.00
	1.12/1.00

	C2
	1.00/0.52
	1.02/0.92
	1.05/1.00
	1.06/1.00

	C3
	1.00/0.50
	1.09/0.92
	1.11/1.00
	1.14/1.00

	C4
	1.00/0.46
	1.09/1.00
	1.09/1.00
	1.10/1.00

	C5
	1.00/0.50
	1.08/0.92
	1.10/1.00
	1.10/1.00

	C6
	1.01/0.50
	1.10/1.00
	1.10/1.00
	1.12/1.00

	C7
	1.00/0.50
	1.11/1.00
	1.11/1.00
	1.12/1.00

	C8
	1.00/0.46
	1.09/1.00
	1.09/1.00
	1.10/1.00

	C9
	1.00/0.58
	1.05/1.00
	1.05/1.00
	1.07/1.00

	C10
	1.01/0.50
	1.08/0.92
	1.09/1.00
	1.10/1.00


[Figure 3: Pareto Frontier for Instance A2 with Changeover of 10]
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[Figure 4: Pareto Frontier for Instance B1 with Changeover of 10]
[image: image36.wmf]Data B-1
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[Figure 5: Pareto Frontier for Instance C3 with Changeover 10]
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