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摘  要 

 

随着生活质量的提高，社会老龄化的变迁，以及一系列的环境问题，人们对医疗的需求

也进一步提高。特别是在中国， 政府和社会都有巨大的压力和需求从政策上和实际操作上，

来提高其医疗服务水平。通常，在医疗体系中，特别是在医院，医疗资源是相当匮乏的。特

别是手术室，外科医生，麻醉师，护士和高端特殊的医疗器械等昂贵稀缺资源，通常都会成

为医院资源调度中的瓶颈问题。怎么样合理安排这些资源以提高其利用率成为医疗管理中的

重点问题。如果我们能更好地、合理地利用这些资源，我们可以为医院和患者均带来更多有

形和无形的增益。手术室资源一直是医疗资源中最为关键的资源之一。在衡量手术室表现时，

病人的等待时长以及手术室的堵塞程度是最为关键的。一个显而易见的方式是增加资源，但

是这种方式可能会显著的增加医院的成本。而一个设计良好的手术室调度系统可能是一个比

较好的解决方案，一方面它可以提高昂贵资源的利用率，另一方面可以减少病人的等待时间，

因此我们可以在提高医院表现的同时，减少医院的运行成本。 

但是，如何能得到一个设计良好的手术室调度系统并不是一个简单的问题。这是由手术

室调度时，本身所需要考虑的种种复杂的限制条件所决定的。比如，不同手术室里面的设备

一般是不同的，因此每个手术室能处理的手术类型也是不同的。这就意味着，当我们安排手

术室调度时，我们要考虑手术室和手术之间的可行性约束。而除了这种约束外，我们还要考

虑手术室相关资源的约束限制，比如外科医生、麻醉师、护士等等。一般来讲，病人的手术

通常是由其主治医生主刀的。这就意味着，每个外科医生只能处理一部分病人，因此我们在

排手术室调度时，需要考虑医生的限制性因素。更进一步，我们知道，当病人在手术室做完

手术后，这整个流程并没有结束。该病人需要立即被送往下游的医疗资源，根据病人的状态，

选择将病人送入重症监护室或者复苏室。因此，受这三类手术室调度问题的启发，我们建立

了三类调度模型，同时提出了复合派遣算法来解决这三类问题。我们不仅用数值实验的方法

测量启发式算法效果，同时也与医院合作，获取真实医疗数据，测试我们的算法在实际生活

中的应用效果。 

虽然我们的研究是受医疗问题的启发，但是我们研究得到的模型和算法可以被广泛地应

用于考虑可行性约束的调度问题中，应用于不同的实际背景中。 

本研究的主要研究内容和研究结论包括以下几个方面： 

1. 我们研究了平行机情况下，考虑机器可行性约束的调度问题。我们提出了一个两阶段的

启发式算法来考虑机器可行性约束条件，同时最小化总加权滞后时间。在第一阶段，我

们找出与实例相关的所有可能的重要特征；第二阶段，我们提出了一个新的复合派遣算

法，ATCF 算法。ATCF 算法是著名的 ATC 算法的一个扩展和延伸。同时，我们也研究该问

题的结构特征，找到一些占优策略，后续可以进一步提高我们启发式算法的效果。我们



应用了统计中的序贯均匀设计的方法，能快速有效的确定我们复合派遣算法。我们不仅

通过大量的、多角度的数值实验，去比较我们的启发式算法与 ATC 算法以及近似最优算

法之间的差别，我们还通过真实的医院数据来进一步验证我们的启发式算法的效果。结

果表明，不论是数值实验还是真实的医院数据，我们的 ATCF 算法都优于 ATC 算法，同

时我们算法的表现接近于近似最优算法的表现，但我们的启发式算法却节约了大量的计

算时间。 

2. 在单一阶段平行机调度问题中，除了考虑机器本身的可行性约束，我们也要考虑相关资

源的约束。在这类问题中，我们考虑如何最小化完工时间。对该类问题，通过研究其结

构和性质，我们提出了相应的启发式算法。对于小型问题，我们通过迭代的方式来得到

最优解，以测试我们启发式算法的效果。同时，根据所得到的真实医院数据，来测试该

启发式算法在真实生活中的应用效果。不论是数值实验，还是真实数据，结果都表明我

们的启发式算法均有良好的表现。 

3. 针对两阶段不间断的混合流水车间的调度问题，我们考虑其可行性约束的同时，想最小

化其完工时间。我们首先针对这一问题，建立了混合整数规划模型。该模型可以针对小

型实例，可以比较迅速的得到最优解。但是对中型或者大型问题，该模型无法在短时间

内提供一个效果好的解。因此，根据这一问题，我们提出了一个启发式的算法。无论是

在小型问题上，跟混合整数规划模型得到最优解进行对比，还是在大型问题上跟近似最

优解进行对比，其结果均显示了我们启发式算法的有效性和及时性。 

本研究的创造性主要体现在： 

1. 我们研究了三类基于现实医疗运营管理中的调度问题，同时我们分别考虑了机器可行性

约束、资源限制约束以及更多现实中的约束。我们为这三类问题提供了启发式算法：复

合派遣算法。而复合派遣算法易于明白和在现实中实施，具有高度易用性。同时，通过

广泛的数值实验和真实医院数据的检测，我们显示和证明了本研究提出的启发式算法的

高效性及优越性。 

2. 我们创造性的在调度问题中引入统计学的序贯均匀设计来帮助我们更高效和科学地确

定启发式算法，并保证其效果。序贯均匀设计的最大的一个优势在于其可以在一个较少

的实验次数中，迅速有效的发现潜在模型中变量和自变量之间的关系，且这种结果是稳

健的。 

3. 我们研究了这三类调度问题的本质和结构特征，发现了各自的占优策略以及一些特殊情

况下的理论结果。因此，我们为这三类问题提供了理论上结果，同时，这些理论结果还

可以改进我们的启发式算法，使我们最终得到一个效果良好的解。 

关键词：复合派遣算法；医疗运营管理；可行性约束；资源限制约束； 



Abstract

With increased demand of healthcare due to life quality improvement, more aged

people, and environmental problems, there is huge pressure for China to improve its

healthcare system at both policy level as well as operational level.

The resources in a healthcare system, especially in hospitals, are normally very

limited. In particular, operating rooms (ORs), surgeons, anesthesiologists, nurses

and expensive surgical equipment (ESE) are among those expensive and bottleneck

resources in hospitals. Improving the utilization of these resources is always a critical

issue in hospital resource management and better management of these resources may

increase the benefits (both tangible and intangible) for hospitals as well as patients

significantly.

Surgical operations have long been a major treatment for various diseases, and

these operations require many key resources in hospitals, such as ORs, surgeons,

anesthesiologists, nurses and ESE. In such a customer-contact service, patient waiting

times and operating room congestion are critical elements in service quality. Both

patients and hospital are concerned with long waiting times and high cost of cares.

An obvious way to reduce the waiting times is to use more processing resources (e.g.,

personnel and/or equipment). However, adding expensive resources may increase

service costs significantly. As a solution, well-designed operating theater scheduling

systems may help to increase the utilization of these expensive resources as well as

reduce waiting times for patients, hence improve the performance of hospitals and

reduce healthcare cost.

However, it is not an easy task to find a good way to manage the operating theater

due to the complexities and various physical or logical constraints. For example,

the equipment in operating rooms is different from each other, and the types of

surgeries that an operating room can accommodate is different, which implies that

there are eligibility constraints when we consider the operating room scheduling.
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How to cope with this problem? Besides the eligibility constraints, there are resource

constraints as well. In practice, a surgery is usually performed by the surgeon who

handles this patient before the surgery, with support of the anesthetists, nurses and

assistants. Thus a surgeon may take care only a specific set of patients. This is another

critical constraint in OR scheduling. How to cope with this problem? Furthermore,

after the patients receive surgical operations in operating rooms, they are transferred

immediately to the ICUs or recovery room. How to model and solve this problem?

These three problems are important from both theoretical and practical perspectives

but are less studied. Motivated by these operating room scheduling problems, we

construct three scheduling models, and propose dispatching rule type of heuristic

algorithms for solving the problems. We not only conduct the numerical experiments

to show the performance of our algorithms, but also test them by real data sets

obtained from a large hospital in China.

Although the studies are motivated by health care operations, the models and

algorithms can be applied to general scheduling problems with eligibility constraints

under different machines environments.

The main contributions of this research can be summarized as follows.

1. We study a parallel machine scheduling problem, where a job j can only be

processed on a specific subset of machines, and the subsets of the n jobs are nested.

We develop a two-phase heuristic for minimizing the total weighted tardiness subject

to the machine eligibility constraints. In the first phase, we compute the factors and

statistics that characterize a problem instance. In the second phase, we propose a

new composite dispatching rule, the ATCF rule, which is governed by several scaling

parameters of which the values are determined by the factors obtained in the first

phase. The ATCF rule is a generalization of the well-known ATC rule which is very

widely used in practice. We further discuss how to improve the dispatching rule using

some simple but powerful properties without requiring additional computation time,
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and the improvement is quite satisfactory. We apply the Sequential Uniform Design

Method to design our experiments and conduct an extensive computational study, and

we perform tests on the performance of the ATCF rule using a real data set from a

large hospital in China. We further compare its performance with that of the classical

ATC rule. We also compare the schedules improved by the the ATCF rule with what

we believe are Near Optimal schedules generated by a general search procedure. The

computational results show that especially with a low due date tightness, the ATCF

rule performs significantly better than the well-known ATC rule generating much

improved schedules that are close to the Near Optimal schedules.

2. We model the OR scheduling problem as a parallel machine scheduling problem

with the machine (i.e., OR) eligibility and resource (e.g., surgeons, nurses, and equip-

ment) constraints to minimize the makespan of the schedule, and develop a two-phase

heuristic (a dispatching rule) to solve the problem. We empirically evaluate the per-

formance of the heuristic by comparing the schedules with the optimal schedules for

small-sized problems and show that the Average Relative Deviation (ARD) between

the two types of schedules is less than 10%. By using the real data set from a large

hospital in China, we compare the schedules generated by the heuristic with the real

schedules, as well as the schedules generated by Simulated Annealing (SA) algorithm.

The results show that the heuristic significantly improves the real schedules, and the

performance of the heuristic is quite near those by the SA algorithm, although the SA

algorithm takes much more computational time. Furthermore, the heuristic can be

easily modified to deal with more complicated problems thus is applicable in practical

settings.

3. We study a makespan minimization problem in a two-stage no-wait hybrid flow

shop with eligibility constraints. We develop a MIP (Mixed Integer Programming)

model and a heuristic algorithm based on the composite dispatching rule for the re-

search problem. An extensive computational study is conducted on the performance
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of our heuristic algorithm against a comprehensive benchmark provided by the ap-

proximate solver, CPLEX, for the MIP model. Overall, the results show that this

paper brings the gap between theory and practice of scheduling and the performance

of the proposed algorithm is quite satisfied.

The novelty of this research mainly lies in the following aspects.

1. We study three practical schedluing problems motivated by applications in

healthcare operations management, by considering eligibility and resource constraints,

and more practical objective. Three new dispatching rules are developed for solving

these three complicated scheduling problems. These dispatching rules are easy to un-

derstand and implement in practices. Through extensive computational experiments

with randomly generated as well as real data sets, we demonstrate the efficiency and

effectiveness of the heuristic algorithms.

2. We innovatively apply Sequential Uniform Design (also known as the Sequential

Number-Theoretic Optimization (SNTO)) to quickly find the best pair of scaling

parameters for the composite dispatching rules. One major advantage of the uniform

design is that it can explore relationships between the responses and the factors in

a reasonable number of runs and it is robust with regard to the underlying model

specifications.

3. We propose dominance rules and identify special cases for the three scheduling

problems. In this way, not only can we shed light on the essential characteristics of

the problems, but also show that those rules can help improve the solutions obtained

from the heuristic algorithms as seed solutions.

vi
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Chapter 1

Introduction

1.1. Background

In recent years, health care is becoming one of the fastest growing and the largest

industries. With increased demand of healthcare due to life quality improvement,

more aged people, and environmental problems, there is huge pressure to improve its

healthcare system at both policy level as well as operational level. For example, in

U.S., health care costs exceed 17% of GDP currently and continue to rise. Though

other countries spend less of their GDP on health care, there is a similar increasing

trend [41]. With the economic and social development, health care systems are facing

multiple challenges, for example, the limited resources, the high demand, the high

customer expectations, and the shortage in decision support tools [1]. Consequently,

although hospitals are becoming more and more aware of efficient use of the resources,

it requires the hospitals to develop effective ways to manage the costs and improve

the services levels.

As one of the critical and expensive resources, operating rooms (ORs) are the bot-

tleneck of healthcare services in hospitals. In fact, ORs contribute more than 40% of

the total expenses of a hospital (Denton et al. [15]), thus efficiently utilizing the ORs
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becomes a critical problem in reducing the total expenses while maintaining health-

care quality. In particular, operating rooms (ORs), surgeons, anesthesiologists, nurses

and expensive surgical equipment (ESE) are among those expensive and bottleneck

resources in hospitals. Improving the utilization of these resources is always a critical

issue in hospital resource management and better management of these resources may

increase the benefits (both tangible and intangible) for hospitals as well as patients

significantly. As a class of critical and expensive resources, the operating rooms are

subject to better management. How to generate efficient and effective schedules for

operating rooms has been one of the major priorities and challenges in health care

operations management for a long time.

In practices, operating room scheduling is very complicated and challenging, es-

pecially when various constraints are taken into consideration [1]. Consequently, al-

though hospitals are paying more and more attention to OR scheduling, it is not easy

to obtain the optimal or even the near-optimal schedules in practical settings (with

many different constraints). The operations require many key resources in hospitals,

such as ORs, surgeons, anesthesiologists, nurses and ESE. In such a customer-contact

service, patient waiting times and operating room congestion are critical elements in

service quality. Both patients and hospital are concerned with long waiting times

and high cost of cares. An obvious way to reduce the waiting times is to use more

processing resources (e.g., personnel and/or equipment). However, adding expensive

resources may increase service costs significantly. As a solution, well-designed operat-

ing theater scheduling systems may help to increase the utilization of these expensive

resources as well as reduce waiting times for patients, hence improve the performance

of hospitals and reduce healthcare cost. Many researchers have made contributions

towards different aspects in health care operations management (e.g., [88], [12], [81],

[82]). Generally, we can model the operating rooms as machines, and the patients as

jobs, using terms from scheduling theory. In this dissertation, we build three mod-

2
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els to analyze the health care management problems, especially the operating room

scheduling problems.

First, we consider an operating theatre in a hospital, where multiple operating

rooms are available for different types of surgeries. The operating rooms are not all

identical and may be equipped differently. A few well-equipped and large rooms can

be used for all types of surgeries whereas other operating rooms can only be used for

specific types of surgeries. The operating rooms can therefore be regarded as parallel

machines with nested processing set restrictions. For elective surgeries, there may

be due dates that are determined by appointments. Patients have different priorities

dependent upon their conditions and other factors. The scheduling objective is to

minimize the total weighted tardiness of all surgeries. This problem can be modeled

as a Pm |Mj(nested) |
∑
wjTj.

Then, in the second problem, we not only consider the eligibility constraints from

the operating rooms, but also the resource constraints, such as the surgeons, nurses

and equipment. In practice, a surgery is usually performed by the surgeon who

handles this patient before the surgery, with support of the anesthetists, nurses and

assistants. Thus a surgeon may deal with only a specific set of patients. This is

another critical constraint in OR scheduling. The OR scheduling problem considered

in this thesis can be described as follows. Consider an environment with m machines

(i.e., operating rooms) in parallel and n jobs (i.e., n surgeries) that have to be assigned

and scheduled on the m machines. Job j, with a processing time pj, cannot be

processed on just anyone of the m machines; specifically, it can only be processed

on a machine that belongs to a specific subset of machines Mj. Any one of the

machines in set Mj can process job j; the number of machines in set Mj is mj. As in

Vairaktarakis and Cai [78], Mj can be described by means of the availability matrix
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A, where

Ai,j =


1 if Mj is eligible to process Ji,

0 otherwise.

The objective is to find a feasible schedule that minimizes the makespan Cmax,

i.e., the completion time for processing all the jobs. Minimizing the makespan of the

schedule helps improve utilization of the ORs in hospitals, leading to more surgical

services and increasing profitability. In the scheduling literature, this problem is

referred to as Pm |Mj, Res, λ, 1, 1 | Cmax.

In the third problem, we extend our scope to include not only the operating rooms,

but also recoveries in the ICUs or the recovery rooms following the operations in the

operating rooms. Figure 1.1 illustrates a flow process of a surgery. Once the surgeries

are completed in the operating rooms, the patients will be immediately transferred

to the downstream, like ICUs or recovery rooms according to the status of patients

without any delay. Therefore, when the hospitals schedule the surgeries, they not only

have to consider which operating room should be assigned to due to the eligibility

constraints of operating rooms (equipment, maximum number of particles in air,

etc.), but also the availability and eligibility constraints of downstream resources.

If regard the operating rooms as the machines at first stage and the downstream

units, such as recovery rooms and ICU as the machines at second stage, we can

see that there are multiple but not identical machines at each stage, which can be

treated as eligibility constraints for the operations (machines). Once the surgeries

are finished in the operating rooms, the patients will go to either ICU or recovery

rooms depending on their status, which implies there are also eligibility constraints

for the patients (jobs) at this stage. In addition, there should be no delay when

patients are transferred between those two stages. Hence this kind of problem is

indeed an illustration of two-stage no-wait hybrid flow shop problem with eligibility

constraints.In addition, this kind of hybrid flow shop problems arise in many process
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industries such as electronics industry(Liu and Chang [56]), textile industry(Guinet

[28]) and manufacturing industry(Grabowski and Pempera [26]) in practice. Our

objective is to find a good schedule for the jobs to minimize the maximum completion

time, referred as makespan or Cmax, a widely used optimization criterion in scheduling.

This kind of problem is typically referred to as FH2|no−wait,Mj|Cmax in scheduling

literature.

Background

• Surgery scheduling problem with downstream process

– Operations in Operating Room (OR)

– Recovery in downstream units

3

Stage 1 Stage 2

OR ICU

Recovery Room

OR1

ORs1

ORm1

ICU1

ICUm2

RR1

No-

wait

ICUS2

RRS3

RRm3

Figure 1.1: Flow process for surgery scheduling with downstream process

Those three models are important and with wide applications in practices, but

have been less studied. Modeling and solving these three problems also contribute to

the scheduling theory. The three models are all NP-hard, thus difficult to solve to op-

timality. Hence, we turn to the composite dispatching rules for solving those problems

sub-optimally. Dispatching rules and priority rules are important from theoretical as

well as from practical perspectives. The power and efficiency of composite dispatching

rule has been showed by a lot of literature, especially for those complicated scheduling

problem. As Dabbas et al. [14] pointed out, a composite dispatching rule combines

different dispatching criteria with different weights in a single rule. The studies on

composite or hybrid priority rules are extensive and have received a significant amount

of attention in the literature (in the form of many citations and references). The rea-

sons are clear: dispatching rules are easy to understand and easy to implement; they
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are also expected to perform reasonably well. Moreover, if they have to be embedded

within a system, the implementation cost and time are very low (in comparison to

exact optimization methods). The fact that the objective value of a schedule gen-

erated by a dispatching rule is 10% or 20% higher than that of an optimal schedule

is usually not considered a major barrier, since in any case the mathematical model

is not a perfect representation of the real world problem. (The processing times in

the mathematical model may be deterministic whereas in the real world they may be

stochastic, etc.) For performance measurement, We not only conduct the numerical

experiments to show the performance of our algorithms, but also test them by real

data sets which we obtained from a large hospital in China. The superiority of our

heuristic algorithms are showed by the numerical experiments and the test of a large

real data set taking the effectiveness and efficiency into consideration.

Specifically, we contribute in the following three aspects:

1. We study three practical schedluing problems motivated by applications in

healthcare operations management, by considering eligibility and resource constraints,

and more practical objective. Three new dispatching rules are developed for solving

these three complicated scheduling problems. These dispatching rules are easy to un-

derstand and implement in practices. Through extensive computational experiments

with randomly generated as well as real data sets, we demonstrate the efficiency and

effectiveness of the heuristic algorithms.

2. We innovatively apply Sequential Uniform Design (also known as the Sequential

Number-Theoretic Optimization (SNTO)) to quickly find the best pair of scaling

parameters for the composite dispatching rules. One major advantage of the uniform

design is that it can explore relationships between the responses and the factors in

a reasonable number of runs and it is robust with regard to the underlying model

specifications.

6
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3. We propose dominance rules and identify special cases for the three scheduling

problems. In this way, not only can we shed light on the essential characteristics of

the problems, but also show that those rules can help improve the solutions obtained

from the heuristic algorithms as seed solutions.

1.2. Literature Review

Motivated by the practices in operating room scheduling, we build three scheduling

models to tackle three different types of scheduling problems, and hope to provide

managerial insights for the health care operations management.

In the first model, we consider the single stage parallel operating room scheduling

problem to minimize the total weighted tardiness taking the eligibility constraints of

operating rooms into account, and this problem can be referred as Pm |Mj(nested) |∑
wjTj. The literature on this specific problem is not very extensive. However, some

related problems have been studied in depth in the literature. In the past, researchers

have mainly focused on the problems Pm |Mj(nested) | Cmax and Pm |Mj(nested) |∑
Cj, where Cmax denotes the makespan and

∑
Cj denotes the total completion time,

see Ou et al. [63], Huo and Leung [36], [37] and Muratore et al. [62]. Leung and Li

[52] and [53] provided extensive surveys of the literature. However, little research has

considered the performance criteria such as the total weighted tardiness.

Leung and Li [52] described how Qm | Mj(nested), pj = p |
∑
wjTj, a special

case of our problem, can be solved in polynomial time by considering a minimum cost

matching problem on a bipartite graph G = (V1 ∪ V2, A), see also Brucker et al. [7].

The special case without machine eligibility constraints, i.e., Pm ||
∑
wjTj, has

received a lot of attention in the literature. Vepsalainen and Morton [80] developed

an effective composite dispatching rule for this problem, commonly referred to as the

Apparent Tardiness Cost first (ATC ) rule, which is a composition of the WSPT rule

7
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and the MS rule. According to the ATC rule, the ranking index of a waiting job j

when machine i becomes available at time t is determined by

Ij(t) =
wj

pj
exp

(
−max(dj − pj − t, 0)

kp

)
,

where p is the average of the n processing times and k is a scaling parameter (at

times also called a look-ahead parameter). The job with the largest value of Ij(t)

is selected for processing on the machine that has become available at time t. The

ATC rule was inspired by the Cost Over Time rule (COVERT ) developed by Carroll

[10], which was the first composite dispatching rule proposed for the total tardiness

problem. In COVERT, the urgency of a job increases linearly over a given range

as the slack decreases. It prioritizes overdue jobs according to the SPT rule, while

jobs with large slacks have low priorities. Ow and Morton [64] extended the ATC

rule to problems with jobs being subject to penalties for earliness as well as for

tardiness. Furthermore, Lee and Pinedo [49] and Lee et al. [48] developed the so-

called ATCS rule, which generalized the ATC rule to take sequence-dependent setups

into account as well. Logendran and Subur [57] considered a more general problem,

i.e., Rm | Mj, rj |
∑
wjTj. Ihis is an unrelated machine scheduling model with a

total weighted tardiness objective, processing set restrictions, job release dates and

due dates. They also considered one additional constraint: some jobs are considered

to be split jobs before they are scheduled. The additional constraint specifies that

there is a maximum permissible difference between the completion times of the split

portions of a job. They developed tabu-search algorithms to solve the problem and

evaluated the performances empirically. Therefore, we can see there are few literature

considering the complex objective function, the total weighted tardiness, and the

eligibility constraints in the same time. However, they are common things in real life.

8
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We hope to provide an algorithm which is both effective and efficient both for the

real life applications but also for the theoretical supplement.

Then, besides the eligibility constraints of operating rooms, we notice that the re-

sources constraints, like surgeons and nurses, should also be taken into consideration.

However, the majority literature when it comes to the operating room scheduling,

most of the studies consider one decision level [3]. For example, Fei et al. [20] and

Ozkarahan [65] focus on developing approaches to assign a specific surgery and the

time blocks of ORs to the patients during the planning horizon, while some other

studies only consider how to determine the sequence of the surgical procedures (e. g.,

[67] and [34]).

For studies considering more than one-level decisions, Jebali et al. [39] propose

a two-step approach to solve the OR scheduling problems, where the first step is to

assign the surgeries to ORs and the second step is to sequence the surgeries. Aringhieri

et al. [3] develop a two-level meta-heuristic for the integrated OR scheduling and

assignment problem, where the surgeries are assigned to the ORs first, and then are

sequenced. They also propose a strategy in the second step to sequence the surgeries

with some re-assignment of surgeries. As they note, this approach may improve the

utilization of the ORs since the integrated optmization of assignment and scheduling

is performed.

Recently, there are new contributions to OR scheduling. Zhong et al. [88] model

the OR scheduling problem as an identical machine problem with multi-machine jobs

(i.e., the jobs need to be processed with multiple machines simultaneously), and pro-

pose a two-stage approach to solve the problem. Fügener et al. [23] propose a stochas-

tic approach to calculate the demand distribution of the downstream resources for a

master surgery scheduling (MSS) problem and develop exact and heuristic algorithms

to minimize the total costs. Cappanera et al. [8] compare three different scheduling

policies for the MSS problem and develop mixed-integer programming models for the

9
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three scheduling policies. Wang et al. [82] consider an OR scheduling problem with

machine eligibility and resource-constraints to minimize the makespan, and develop

effective heuristic algorithms to solve the problem.

Therefore, we hope to develop a composite dispatching rule to deal with the OR

scheduling, taking into consideration of various practical constraints, in particular,

the machine eligibility and the resource constraints.

Last but not least, we also consider the following stage after operations. Gener-

ally, a patient first receive the operation in an operating room. When the operation

is finished, he/she will be transferred to the downstream units, like ICUs or recovery,

according to the status of the patient. As we have mentioned, we can model this kind

problem as a two-stage hybrid flowshop problem with eligibility constraints. Due to

the prominence and complexity of the hybrid flow shop problems in theory study,

and wide usage in practice, many researchers are devoted to this research area and

have obtained some results to the related problems. As for the two-stage hybrid flow

shop problem with parallel machines at each stage, Hong and Wang [35], Schuurman

and Woeginger [72], and Vairaktarakis and Elhafsi [77] propose heuristic algorithms

for FH2, ((PM (k))2k=1)||Cmax, and Haouari et al. [33] develop a branch-bound algo-

rithm for this problem. Furthermore, researchers provide solutions for some special

cases. For problem FH2, ((1(1), PM (2))||Cmax, Gupta et al. [32] come up with a

neural network algorithm, and Tsubone et al. [76] provide a heuristic algorithm. For

even more special case, FH2, ((1(1), P2(2))||Cmax, Bolat et al. [5] develop a branch-

bound algorithm, a genetic algorithm and a heuristic algorithm respectively. Zhang

et al. [87] find a heuristic algorithm for problem FH2, (P1(2), 2(1), )||F . When con-

sider parallel machines with different speeds, i.e., Qm, at each stage, Soewandi and

Elmaghraby [74], Kyparisis and Koulamas [45] study FH2, ((QM (k))
(2)
k=1)||Cmax and

provide heuristic algorithms with lower bound. As for unrelated parallel machines

(Rm) at each stage, Figielska [21] comes up with the heuristic algorithm for problem

10
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FH2, (RM (1), 1(2))|pmtn, resource(1)|Cmax. One step further, Figielska [22] finds how

to apply genetic algorithm and simulated annealing algorithm to solve this problem.

Low et.al [58] study the specific case for the problem FH2, ((RM (1), 1(2))|Mj|Cmax

with machine eligibility constraints at the first stage.

The literature with regard to the two-stage no-wait hybrid flow shop problem

is not very extensive. Xie et al. [84] provide the heuristic algorithm for problem

FH2, ((PM (k)2k=1)|no− wait|Cmax. Guirchoun et al. [30] come up with the optimal

solution for the special case FH2, (1(1), P2(2))|no − wait, (pj = 1)1|Cmax. From the

literature research above, we can find that there are a few chapters that consider the

machine eligibility constraints or no-wait constraint in the two-stage hybrid flow shop

problems. Furthermore, when the researchers solve with those kinds of constraints,

they somehow simplify the problems. For example, Low et al. [58] consider the

machine eligibility constraints only at the first stage, and Guirchoun et al. [30] have

strong limits on the number of machines at each stage as well as the unit processing

time for all the jobs at the first stage. Not many chapters have studied the two-stage

hybrid flow shop problem with eligibility constraints and no-wait constraint at the

same time; on the other hand, this kind of problem is very common in real life as we

have mentioned before. So the research problem that we study in this thesis is not

only of academic importance to supplement scheduling theories, but also play a very

important role in practice.

As we have mentioned before, the two-stage no-wait hybrid flow shop problem

with eligibility constraints at both stages is NP-hard. There are generally two ways

to deal with NP-hardness problems. One way is to find out the exact algorithms.

Arthanari and Ramamurthy [4], Salvador [71], Brah and Hunsucker [6] and Moursli

and Pochet [61] develop branch-and-bound algorithms for the multi-stage flexible flow

shop problems. The branch-and-bound algorithm is an exact solution technique which

guarantees the optimal solutions. However, the proposed exact algorithm is generally

11
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applied to the problems with small size. When an exact algorithm is applied to the

flexible flow shop problems of large size, it usually takes hours or days to derive a

solution. Another way is to propose the heuristic algorithms. A heuristic approach

is adapted to the flexible flow shop problems with different sizes, and it can achieve

a solution in a considerably short time even for the large problem size, but does not

guarantee an optimum solution. The exact solutions and the heuristic algorithms

have their own pros and cons. In this thesis, we propose an exact algorithm, as well

as the heuristic one. For the exact algorithm, we model our problem as a mixed

integer programming (MIP) and solve it by CPLEX software to obtain the optimal

solution. Due to the machine eligibility constraints and no-wait constraint which

sharply increase the difficulties to solve the problem, it is not an easy task to develop

an effective heuristic algorithm. In the end, we find a new composite dispatching rule

to provide a feasible solution for the complicated scheduling problem.

12



Chapter 2

Parallel Machine Scheduling with

Eligibility Constraints: A

Composite Dispatching Rule to

Minimize Total Weighted

Tardiness

2.1. Introduction

Consider a scheduling problem with m machines in parallel and n jobs to be processed

on the m machines, where job j, j = 1, . . . , n, has a processing time pj, a weight wj,

and a due date dj; job j, however, can only be processed on a machine that belongs

to a specific subset Mj with mj(= |Mj|) machines. If job j is completed at time

Cj, then a tardiness cost Tj is incurred which equals max(Cj − dj, 0). The objective

of the problem is to find a feasible schedule for processing the jobs that minimizes
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the total weighted tardiness, i.e.,
∑
wjTj. In the scheduling literature, this problem

would typically be referred to as Pm |Mj |
∑
wjTj.

The fact that job j cannot be processed on any one of the m machines, but only

on a machine that belongs to a given subset Mj, is in the literature referred to either

as a machine eligibility constraint, or as a processing set restriction. One special case

of processing set restrictions, that has been studied very thoroughly, is the case of

nested processing sets. In this case, one and only one of the following four conditions

must hold for any two jobs i and j:

(i) Mi = Mj,

(ii) Mi ⊂Mj,

(iii) Mi ⊃Mj,

(iv) Mi and Mj are disjoint.

Scheduling problems with machine eligibility constraints and processing set restric-

tions are of interest to industrial engineers, operations researchers as well as com-

puter scientists, and have many applications in practice (see, e.g., [24]-[42], [62],

[63] and the recent surveys [52], [53]). In this chapter we consider the problem

Pm |Mj(nested) |
∑
wjTj. This problem has numerous applications in many differ-

ent fields. Let us examine two examples.

Example I (Operating Theatre Scheduling) Consider an operating theatre in a

hospital, where multiple operating rooms are available for different types of surgeries.

The operating rooms are not all identical and may be equipped differently. A few

well-equipped and large rooms can be used for all types of surgeries whereas other

operating rooms can only be used for specific types of surgeries. The operating rooms

can therefore be regarded as parallel machines with nested processing set restrictions.

For elective surgeries, there may be due dates that are determined by appointments.

14
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Patients have different priorities dependent upon their conditions and other factors.

The scheduling objective is to minimize the total weighted tardiness of all surgeries.

This problem can be modeled as a Pm |Mj(nested) |
∑
wjTj.

Example II (Container Terminal Crane Scheduling) At a terminal in a port, con-

tainers have to be either loaded on or unloaded from vessels by means of a number

of non-identical cranes that are operating in parallel. The processing speeds of the

cranes are the same but their weight capacity limits may be different. A container can

only be handled by a crane with a weight limit greater than or equal to the container’s

weight. The processing time depends only on the size and location of the container

(but not on the cranes, i.e., all cranes can process the containers at the same speed).

Each vessel has a fixed departure date (which implies a due date by when all the

containers have to be on board). The objective is to minimize the total weighted

tardiness of all the containers at the terminal. If we regard a container as a job and

a crane as a machine, the problem can be modeled as a Pm | Mj(nested) |
∑
wjTj

problem.

In the literature of scheduling with the eligibility constraints, the previous studies

are mainly concerned with the inclusive eligibility constraints, i.e., one and only one

of the following three conditions must hold for any two jobs i and j (see, for instance,

Glass and Kellerer [24], Hwang et al. [38], Keller et al. [42] and Zhang [85]):

(i) Mi = Mj,

(ii) Mi ⊂Mj,

(iii) Mi ⊃Mj.

However, the nested processing set constraints are more common in practices than

the inclusive eligibility constraints, see the discussions and examples in Leung and Li

[52] and [53], as well as an application described in Glass and Mills [25].
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The problem Pm | Mj(nested) |
∑
wjTj is obviously strongly NP-hard since its

special case 1 ||
∑
wjTj is well-known to be strongly NP-hard, see Lenstra et al.

[51]. The technical difficulties in solving this problem lie in the machine eligibility

constraints, which make it very difficult to develop effective search algorithms. Hence,

we consider for this problem a new composite dispatching rule that is a hybrid of three

priority rules, namely, the Weighted Shortest Processing Time first (WSPT ) rule, the

Minimum Slack first (MS ) rule, and the Least Flexible Job first (LFJ ) rule. We refer

to it as the Apparent Tardiness Cost with Flexibility considerations (ATCF ) rule.

Dispatching rules and priority rules are important from theoretical as well as from

practical perspectives. As Dabbas et al. [14] pointed out, a composite dispatching

rule combines different dispatching criteria with different weights in a single rule.

The studies on composite or hybrid priority rules are extensive and have received a

significant amount of attention in the literature (in the form of many citations and

references). The reasons are clear: dispatching rules are easy to understand and easy

to implement; they are also expected to perform reasonably well. Moreover, if they

have to be embedded within a system, the implementation cost and time are very low

(in comparison to exact optimization methods). The fact that the objective value

of a schedule generated by a dispatching rule is 10% or 20% higher than that of

an optimal schedule is usually not considered a major barrier, since in any case the

mathematical model is not a perfect representation of the real world problem. (The

processing times in the mathematical model may be deterministic whereas in the real

world they may be stochastic, etc.)

The literature on the specific problem Pm | Mj(nested) |
∑
wjTj is not very ex-

tensive. However, some related problems have been studied in depth in the literature.

In the past, researchers have mainly focused on the problems Pm |Mj(nested) | Cmax

and Pm | Mj(nested) |
∑
Cj, where Cmax denotes the makespan and

∑
Cj denotes

the total completion time, see Ou et al. [63], Huo and Leung [36], [37] and Muratore
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et al. [62]. Leung and Li [52] and [53] provided extensive surveys of the literature.

However, little research has considered the performance criteria such as the total

weighted tardiness.

Leung and Li [52] described how Qm | Mj(nested), pj = p |
∑
wjTj, a special

case of our problem, can be solved in polynomial time by considering a minimum cost

matching problem on a bipartite graph G = (V1 ∪ V2, A), see also Brucker et al. [7].

The special case without machine eligibility constraints, i.e., Pm ||
∑
wjTj, has

received a lot of attention in the literature. Vepsalainen and Morton [80] developed

an effective composite dispatching rule for this problem, commonly referred to as the

Apparent Tardiness Cost first (ATC ) rule, which is a composition of the WSPT rule

and the MS rule. According to the ATC rule, the ranking index of a waiting job j

when machine i becomes available at time t is determined by

Ij(t) =
wj

pj
exp

(
−max(dj − pj − t, 0)

kp

)
,

where p is the average of the n processing times and k is a scaling parameter (at

times also called a look-ahead parameter). The job with the largest value of Ij(t)

is selected for processing on the machine that has become available at time t. The

ATC rule was inspired by the Cost Over Time rule (COVERT ) developed by Carroll

[10], which was the first composite dispatching rule proposed for the total tardiness

problem. In COVERT, the urgency of a job increases linearly over a given range as

the slack decreases. It prioritizes overdue jobs according to the SPT rule, while jobs

with large slacks have low priorities. Ow and Morton [64] extended the ATC rule to

problems with jobs being subject to penalties for earliness as well as for tardiness.

Furthermore, Lee and Pinedo [49] and Lee et al. [48] developed the so-called ATCS

rule, which generalized the ATC rule to take sequence-dependent setups into account

as well.
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Logendran and Subur [57] considered a more general problem, i.e., Rm | Mj, rj |∑
wjTj. Ihis is an unrelated machine scheduling model with a total weighted tar-

diness objective, processing set restrictions, job release dates and due dates. They

also considered one additional constraint: some jobs are considered to be split jobs

before they are scheduled. The additional constraint specifies that there is a maxi-

mum permissible difference between the completion times of the split portions of a

job. They developed tabu-search algorithms to solve the problem and evaluated the

performances empirically.

In what follows we propose a two-phase heuristic, which is basically a general-

ization of the ATC rule, to minimize the total weighted tardinesses when there are

machine eligibility constraints, and provide a detailed computational study on the

performance of the heuristic based on experimental design.

The remainder of this chapter is organized as follows: In Section 2 we present

several dominance rules which can be used to improve the performance of the dis-

patching rule. (In the literature such dominance rules are at times also referred to

as schedule elimination criteria.) In Section 3 we discuss the factors and statistics

that characterize an instance of the scheduling problem. In Section 4 we present the

general framework of the two-phase heuristic and in Sections 5 and 6 we describe

the two phases of the heuristic in detail. In Section 7, we present a comprehensive

computational study on the performance of the heuristic and a test of its performance

using a real data set. We conclude in Section 8 with a discussion of future research

directions.

2.2. Dominance Rules and Elimination Criteria

In this section, we state several optimality properties of the problem. Some are

adapted from the literature while others are derived specifically for our problem.
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2.2. DOMINANCE RULES AND ELIMINATION CRITERIA

They all may be referred to as Dominance Rules. The following result is due to

Rachamadugu rachamadugu1987technical:

Proposition 1.

If two adjacent jobs k and j are scheduled one after another on a machine starting at

time t with both rk and rj being less than t, then there exists an optimal schedule in

which job k precedes job j if:

wk

pk
(1− max(0, dk − t− pk)

pj
) >

wj

pj
(1− max(0, dj − t− pj)

pk
).

It is clear that if all the jobs on a given machine are tardy, then there exists an

optimal schedule in which all the jobs are scheduled according to the WSPT rule (see

Rachamadugu [69]). Later, Alidaee and Rosa [2] showed that when wi = ηpi, di = d,

for i = 1, ..., n, and η is a given positive constant, then the LPT rule is optimal for

the total weighted tardiness problem on a single machine.

In this section we assume that if two jobs j and k are processed on different

machines and are being considered for an interchange, then both jobs are processed

on machines that belong to the subset (Mj ∩ Mk). Let Sk and Sj (Ck and Cj),

respectively, denote the starting times (completion times) of jobs j and k. Without

loss of generality, we may assume that Sk ≤ Sj. Let ∆s = Sj − Sk and ∆p = pj − pk

(∆p may be either positive or negative). Assume job k is followed on its machine by

n1 jobs; refer to these jobs as jobs kh, h = 1, . . . , n1. In the same vein, assume that

job j is followed on its machine by n2 jobs; refer to these jobs as jobs jg, g = 1, . . . , n2.

Proposition 2. (i) There exists an optimal schedule in which job k precedes job

j, if pk 6 pj and the following condition holds:

wk min(∆s,max(0,∆s+ Ck − dk)) +

h=n1∑
h=1

wkh min(∆p,max(0, Ckh + ∆p− dkh)) ≥
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wj min(∆s,max(0, Cj − dj)) +

g=n2∑
g=1

wjg min(∆p,max(0, Cjg − djg)).

(ii) There exists an optimal schedule in which job k precedes job j, if pk > pj and

the following condition holds:

wk min(∆s,max(0,∆s+ Ck − dk)) +

h=n1∑
h=1

wkh max(∆p,min(0,−Ckh + dkh)) ≥

wj min(∆s,max(0, Cj − dj)) +

g=n2∑
g=1

wjg max(∆p,min(0,−Cjg + ∆p+ djg))

where Ckh and Cjg are the completion times of jobs kh and jg in the optimal schedule.

This proposition has several interesting special cases.

Case (i) If all jobs have a common due date d with d 6 Ck, then there exists an

optimal schedule in which job k precedes job j when the following condition holds:

∆s(wk − wj) + ∆p(

h=n1∑
h=1

wkh −
g=n2∑
g=1

wjg) > 0.

Case (ii) If all jobs have a common due date d with d 6 Ck and a common weight

w, then there exists an optimal schedule in which job k precedes job j when the

following condition holds:

∆p(n1 − n2) > 0.

These properties can be used to improve the performance of the proposed dis-

patching rule. The significance of these properties becomes clear in the computational

experiments.
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INSTANCE

2.3. Factors and Statistics that Characterize a

Problem Instance

In this section we describe how a problem instance can be characterized for the

purpose of discussing the dispatching rules and the computational study. In what

follows, we use x to represent the average of n values of a vector x1, x2,..., xn. With

regard to the due dates, we introduce two factors that were used in Lee and Pinedo

[49]: the due date tightness factor τ and the due date range factor R. The factor τ is

defined as

τ = 1− (d/Cmax)

where d is the average of the due dates and Cmax is the makespan. A higher τ implies

a tighter schedule. The due date range factor R is defined as

R = (dmax − dmin)/Cmax,

where dmax (dmin) is the maximum (minimum) value of the due dates; it is a crude

measure for estimating how spreadout the due dates are. Another important factor we

take into consideration is the so-called average machine load factor µ which is defined

as n/m and represents the average number of jobs to be processed on a machine. The

factor µ plays an important role in a parallel machine environment.

In addition to the factors above, we introduce several new characteristic factors

that are needed for Phase I of our heuristic. Let L denote the total workload of the

system, i.e., L =
∑n

j=1 pj. A factor referred to as the job flexibility ϕ is needed to

describe the overall flexibility of all the jobs in a given instance; it is defined as

ϕ = 1− 1

L

n∑
j=1

pj
mj

,
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where pj is the processing time of job j and mj is the number of machines that can

process job j, i.e., the number of machines in set Mj. A larger ϕ implies that in

general the jobs of an instance are more flexible, i.e., they can be processed on more

machines. If ϕ = 1 − 1/m, then each job can be processed on any one of the m

machines; if ϕ = 0, then each job can be processed on only one of the m machines. In

addition to job flexibility, we also have a factor referred to as the machine flexibility

ψ, which is defined as

ψ = (
m∑
i=1

∑
j∈Ji

pj/L)/m,

where Ji is the subset of the jobs that can be processed by machine i. Similar to ϕ,

the ψ stands for the overall flexibility of all the machines in a given instance; a higher

ψ implies that the machines in an instance are more flexible, i.e., on the average they

are capable of processing more jobs. If ψ = 1, then each machine i can process all n

jobs, i.e., Ji includes all the jobs in a given instance.

The possible forms of nested eligibility constraints are too numerous to enumerate.

In this chapter, we consider two special forms and refer to them as the symmetric

form and the asymmetric form. Fig. 2.1 provides an illustration of these two forms,

where each circle represents a processing set Mj and a job that is associated with a

specific set, i.e., a specific circle, can be processed only on a machine that lies within

that circle. In this chapter we will only consider the symmetric form of nestedness for

values of m being a power of 2, i.e., m = 2k, k being an integer. Both the symmetric

and the assymmetric forms of nestedness have the number of different Mj sets being

2m− 1.

The consideration of an asymmetric form of nestedness comes from real world ap-

plications. In the scheduling of operating theaters, one has to realize that operating

rooms are the most infection-sensitive environments in hospitals. Surgical procedures

cause patients to be more vulnerable and increase the possibility of transmitting

pathogens from surgical personnel, surgical equipment, the air and the patients’ own
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skin flora. According to ISO Standard 14644 on “Cleanroom Class Limits”, operat-

ing rooms can be classified according to Maximum Number of Particles in Air into

Classes I to IX with Class I being the highest standard and the cleanest, and Class IX

being the lowest. A Class i operating room can be used for surgeries requiring Class

j operating rooms (j ≥ i). Hence, the relationship of the different classes of operat-

ing rooms is an asymmetric form of nestedness. For example, in Shanghai General

hospital, one of the largest hospitals in China, there are in one of its branches three

Class II, two Class III and twelve Class IV operating rooms.

The symmetric form of nestedness is very different from the asymmetric form.

However, the symmetric form of nestedness can also often be encountered in practice.

We study the performance of our heuristic focusing on these two forms.

We now discuss the differences between these two forms, using the job flexibility ϕ,

in order to provide some insights into the properties of these two forms of nestedness.

As for the symmetric and the asymmetric forms of nestedness, the ϕ turns out to be

the same in several extreme cases. If each job can only be processed on one specific

machine, then ϕ = 0 for both forms of nestedness. If each job can be processed on

any one of the machines, then ϕ = 1 − 1/m for both cases. As far as non-extreme

cases are concerned, we give an example that may provide some insight. If m = 8,

there are 15 circles in both the symmetric and the asymmetric forms of nestedness.

If n = 120 and there are 8 jobs in each circle with pj = 1 for all j, then we find that

ϕ = 0.35 for the asymmetric form of nestedness and ϕ = 0.29 for the symmetric case.

Actually, when pj 6= 1 and the processing times are different from each other, if

we label the circles in the same sequence and the jobs in each circle are the same,

then we can easily determine that ϕ is larger in most cases for the asymmetric case

than that for the symmetric case, because the corresponding mj in the asymmetric

case for each job j is no less than that in the symmetric case. For normal cases, with
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a high probability, ϕ is not less for the asymmetric form than it is for the symmetric

form, given the same n, m and pj.

......

(a) Symmetric nestedness

......

(b) Asymmetric nestedness

Figure 2.1: Illustration of symmetric and asymmetric forms of nestedness

2.4. Framework of the Heuristic

In this section, we describe the general framework of the heuristic which consists of

two phases. In Phase I, we compute or estimate the factors such as the µ, ϕ, ψ, Cmax,

τ and R to characterize a given instance. In Phase II, we apply the new rule, the

Apparent Tardiness Cost with Flexibility considerations (ATCF ) rule, to generate

a schedule. The ATCF rule has been specifically designed for a parallel machine

environment with machine eligibility constraints. We then determine, through a

statistical analysis, the proper values for the two scaling parameters for this rule,

namely k1 and k2. Table 2.1 shows the framework of our Two-Phase Heuristic.

24



2.4. FRAMEWORK OF THE HEURISTIC

Table 2.1: Framework of two-phase heuristic.

Phase I

a. Compute factors µ, ϕ and ψ

b. Estimate the makespan.

c. Compute estimators for factors τ and R using

the estimate for the makespan.

Phase II

a. Find the proper values of scaling parameters

k1 and k2 for the dispatching rule.

b. Apply the ATCF Dispatching Rule.

The ATCF rule that is used in Phase II operates as follows when determining the

ranking indices of jobs that have not been scheduled yet. Every job is assumed to

be available from time zero onwards, i.e., all release dates are zero. When machine i

becomes available at time t, an index Iij(t) is computed for each one of the jobs that

have not been scheduled yet (i.e., jobs waiting for processing) and that are eligible

for processing on machine i:

Iij(t) =
wj

pj
exp

(
−max(dj − pj − t, 0)

k1p

)
× exp

(
− mj

k2m

)
.

Actually, there is a difference in the way the average processing time p and the average

number of machines m that can process the jobs are computed. For p, we compute

the average processing time over all n jobs of the given instance; this value remains

fixed over the entire scheduling process, i.e., it is static. On the other hand, as for m,

the jobs that we take into consideration in the computation of this average include

at time t only those that have not yet been scheduled. So m may change during the

scheduling process, i.e., it is dynamic. The job with the largest index Iij(t) is selected

at time t to start its processing on the machine just freed. If more than one machine is

freed at the same time, then select a machine arbitrarily. This ATCF rule is governed

by the scaling parameters k1 and k2. These parameter values can be determined easily
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from the data of the problem instance at hand, which are characterized by the factors

τ , R, ϕ and ψ. In Section 5, we elaborate on how we estimate the parameters k1 and

k2 as a function of these factors.

The ATCF rule requires each time the values for p and m. One may consider

four ways of computing the p and m during the scheduling process, namely

Type 1: Static p and Static m.

Type 2: Static p and Dynamic m.

Type 3: Dynamic p and Static m.

Type 4: Dynamic p and Dynamic m.

We choose Type 2 for the following reasons. In the experiments in this paper,

we use a static p and a dynamic m to calculate the priority indexes. We conduct

the following experiments to verify whether this type is the best among the four

possible types. For both the asymmetric and symmetric forms of nestedness, we

use 50 instances with 16 machines and 240 jobs to get the average results. The

corresponding results are listed in Table 2.2. If the numbers in Table 2.2 are positive,

it means Type 2 is better than the others. It is easily seen that Type 1 is the

simplest, and Type 4 is the most complicated. By common sense, we may believe

that Type 4 should have the best performance among the four types. However, as

for the asymmetric form of nestedness, we can see that Type 2 is consistently and

remarkably better than the others, and even better than Type 4. Although Type 2

is not as good as Type 4 for the symmetric form of nestedness, the disadvantage of

Type 2 is quite small, and the RD is less than 1.4%. Taking both effectiveness and

efficiency into consideration, Type 2 appears to be the best one.
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Table 2.2: Average results for different types of 50 instances

Form of ARD of Type 1 Times that Type 2 no

nestedness and Type 2(%) worse than Type 1

Asym 11.95 42

Sym 7.4 41

Form of ARD of Type 3 Times that Type 2 no

nestedness and Type 2(%) worse than Type 3

Asym 13.34 44

Sym 6.98 30

Form of ARD of Type 4 Times that Type 2 no

nestedness and Type 2(%) worse than Type 4

Asym 1.24 35

Sym -1.33 19

Just as Lin et al. [55] discussed how the parameter k affects the ATC rule, we

would like to consider some extreme cases of the scaling parameters k1 and k2 in

order to get an insight for the performance of the ATCF rule. We actually can state

the following:

Case 1. If both k1 and k2 are very large, then the ATCF rule reduces to the

WSPT rule.

Case 2. If k1 is very large, and k2 is very small, then the ATCF rule reduces to

the LFJ rule.

Case 3. If k1 is very small, and k2 is very large, then the ATCF rule reduces to

the MS rule when there are no overdue jobs and to the WSPT rule for the overdue

jobs otherwise.

Case 4. If both k1 and k2 are very small, then the ATCF rule is mainly determined

by the MS and LFJ rules when there are no overdue jobs and by the WSPT and

LFJ rules when there are overdue jobs.
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Because of the job processing constraints in the parallel machine environment,

the makespan is known only after the schedule has been determined. We therefore

need an estimator for the makespan in order to compute the values of the factors τ

and R beforehand, and obtain proper values for k1 and k2. Knowing k1 and k2, we

then apply the ATCF rule to the given instance and complete the second phase of

the procedure.

2.5. Estimation of Characteristic Factors (Phase

I)

We first describe a way to estimate the makespan so that we are able to estimate

the characteristic factors τ and R, which we need in order to determine the scaling

parameters for the ATCF rule. Through a statistical analysis, we use the following

estimator for the makespan which is partly based on the assumption that under a

good schedule all machines are likely to become idle at approximately the same time,

see Lee et al. [48]:

Ĉmax = (β ∗max(L∗1, ...,L∗m) + p)µ,

where β is a coefficient that considers the effect of the least flexible jobs (which can

only be processed by one machine) on the makespan; the L∗i measures the total pro-

cessing time of all jobs that can be processed only on machine i. Since the makespan

of interest is the makespan under the optimal schedule, it may depend on m, n, ϕ,

ψ, and should be less sensitive to the values of k1, k2, or β. To find an appropriate

expression for the coefficient β, we conducted a series of experiments, see Table 2.3

for detailed information. (In the next section we describe how the job data have

been generated for these experiments). The statistical analysis suggests the following
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function for estimating the β when the µ is sufficiently large (e.g. µ ≥ 5):

β = 0.02− 0.034ψ +
1.22

µ2

The makespan Cmax we use in Table 2.3 is the makespan of the Near Optimal

schedule with regard to the objective
∑
wjTj which is obtained by applying a Simu-

lated Annealing algorithm with a sufficient number of iterations (set to be equal to

1, 000, 000).

The deviations that are listed in Table 2.3 give an indication of the performance

of the estimator for the various different combinations of the factors. The worst case

in Table 2.3 is 14.68%, which occurs when m = 8 and n = 480 for the symmetric form

of nestedness. Apparently, it is a case with a large number of machines and a large

number of jobs, for which it is very difficult to estimate the makespan. But for the

majority of cases in the experiment, the deviations are within the 10% range, which

seems to be acceptable for both the symmetric and asymmetric forms of nestedness;

the estimator for Ĉmax seems to perform well for different values of m, n, ϕ, and

different forms of nestedness. Once we have an estimate for the makespan, we can

estimate the factors τ and R.
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Table 2.3: Average results for comparison of makespan of 100 instances, given τ = 0.5,
R = 0.5, Deviation = 100|Ĉmax − Cmax|/Cmax

Form of
m µ β Ĉmax Cmax Deviation (%)

nestedness

Sym

4

8 0.02 947.00 1012.97 7.08

15 0.01 1699.85 1767.47 6.62

30 0.00 3494.53 3429.29 10.79

8

8 0.03 1009.78 1160.25 12.49

15 0.02 1886.96 1967.69 8.98

30 0.01 4019.52 3746.20 14.13

16

8 0.03 1077.79 1263.71 14.00

15 0.02 1976.72 2088.34 10.08

30 0.01 4388.17 4006.01 14.68

Asym

4

8 0.02 938.46 970.12 7.08

15 0.01 1705.99 1734.94 5.26

30 0.00 3567.23 3291.02 10.54

8

8 0.03 990.59 1070.57 8.34

15 0.01 1826.43 1829.36 5.56

30 0.01 3838.81 3460.33 12.74

16

8 0.03 1024.04 1136.61 9.70

15 0.02 1873.69 1918.45 5.58

30 0.01 3892.56 3521.70 11.38

2.6. Determining Scaling Parameters (Phase II)

In the ATCF rule, the scaling parameters k1 and k2 have a significant effect on the

performance of the dispatching rule. In order to determine the proper k1 and k2, we

perform a series of experiments to simulate the functions that map the characteristic

factors of an instance into appropriate values of the parameters k1 and k2.

The four characteristic factors of an instance I are (m,µ, τ, R), and we consider

all combinations of the the following values for these factors:
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m = (4, 8, 16),

µ = (8, 15, 30),

τ = (0.2, 0.5, 0.8),

R = (0.2, 0.5, 0.8).

For each combination, we generate instances randomly based on these characteristic

factors. The processing time pj of job j is uniformly distributed over the interval

[50, 150]; the mean of the processing time is 100. The due date dj of job j depends

on the two factors R and τ . The due date is generated with probability τ from the

uniform distribution over the interval [(1−R)d, d], and with probability (1− τ) from

the uniform distribution over the interval [d, d+(Cmax−d)R]. In this way, the average

of the due dates is d. As for the weight wj of job j, it is generated from the uniform

distribution over [0, 10].

It is easy to see that the job flexibility may vary significantly for the various

randomly generated instances even for the same combination I, which stands for

the combination of the four factors that characterize an instance. So we employ the

following experimental design to determine appropriate values of k1 and k2 for a given

combination I.

For each combination of I, we generate different instances to test the ATCF rule

for different values of k1 and k2; namely,

k1 ∈ (0, 6] and k2 ∈ (0, 4].

We compute the objective value, i.e., the total weighted tardiness, for each com-

bination of k1 and k2. Let Vmin denote the minimum value of the objective functions

found for a given combination of k1 and k2, we record all the values of k1 and k2 that

lead to values of the objective function less than (1+α)Vmin and then take the average

for both k1 and k2. The reason we introduce the α is to take into consideration the

values close to the minimum value of the objective function. Since the values of the
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objective functions may be very large (especially when the µ is large), we take 0.01 as

the value of α. For given values of I, the search for the best k1 and k2 is performed

by considering different instances and the average is taken as the best estimate of

parameters. The methods and results of these experiments are described in what

follows.

2.6.1 The Sequential Uniform Design Method and the Algo-

rithm

To quickly find the best pair of k1 and k2 for any given instance, we use a method

referred to as the Sequential Uniform Design method (also known as the Sequential

Number-Theoretic Optimization (SNTO) method, see Fang and Wang [19]). Uniform

experimental design is a space filling design method for experiments where the un-

derlying model is not known (see Fang and Lin [17]). The goal of the uniform design

method is to find the design points that are uniformly scattered over the experimen-

tal domain. One advantage of the uniform design is that it can explore relationships

between the responses and the factors in a reasonable number of runs and it is ro-

bust with regard to the underlying model specifications (see Fang et al. [18]). Many

uniform designs have been constructed and tabulated for practical use (the uniform

design tables are available at http://uic.edu.hk/ isci/).

We now generalize the steps of the Sequential Uniform Design method to obtain

proper expressions for k1 and k2. The proposed algorithm, combining the general

framework of the SNTO algorithm provided by Zhang et al. [86], is described as

follows.

Algorithm SUD

Step 0 (Initialization):
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Set t = 0, D
(0)
i = Di, a

(0)
i = ai, and b

(0)
i = bi, i = 1, 2. Let Di = [ai, bi] be the range

of values ki may take.

Step 1 (Selection of Proper Uniform Design):

Choose a proper uniform design table, such as Un(qm), where q stands for the q pos-

sible values for each factor, m stands for the maximum number of factors considered

in this design, and n stands for the test number. By applying this specific uniform

design, we get nt points q(t) uniformly scattered over D
(t)
i = [a

(t)
i , b

(t)
i ].

Step 2 (Computation of Extreme Value):

Find the objective values with the pairs of k1 and k2 from the uniform design. Choose

the pair x
(t)
i of k1 and k2 that can generate the best value of the objective and set

these as the new center of k1 and k2.

Step 3 (Termination Criterion):

Let c
(t)
i = (b

(t)
i − a

(t)
i )/2. If max c

(t)
i < σ, a preassigned small number, then D

(t)
i is

small enough; the pair of values for k1 and k2 are acceptable and STOP.

Otherwise, proceed to the next step.

Step 4 (Domain Contraction):

Form the new domain D
(t+1)
i = [a

(t+1)
i , b

(t+1)
i ], where

a
(t+1)
i = max(x

(t)
i − βc

(t)
i , ai), b

(t+1)
i = max(x

(t)
i + βc

(t)
i , bi),

and β is a predefined contraction ratio to scale down the length of two adjacent

points in the uniform design. Set t = t+ 1. Go to Step 1.

Fang and Wang [19] suggest setting n1 > n2 = n3 = ... and β = 0.5. Using

the above algorithm, we can obtain the best pair of k1 and k2 for each given problem

instance. By running a sufficient number of instances, we can obtain sufficient data to
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get proper expressions for k1 and k2 as functions of the defined factors and statistics.

In this way, we finally determine all the parameters in the dispatching rule.

2.6.2 Determining the Scaling Parameters

We choose U37(3712) as the first Uniform Design and U31(3110) as the second uniform

design, and set β = 0.5, σ = 0.001 (these two uniform designs and the instructions

for their use are provided by Fang [16]). The reason why we conduct the uniform

design in this way is that it is very difficult to develop a large size uniform design

table, especially with good property in statistical meaning. The uniform design table

U37(3712) and U31(3110) are large size table but also have been demonstrated the good

quality in terms of statistics which implies they should have good performance when

we apply them. We first use a rather larger and more complicated uniform design

table U37(3712) to help us find out a better initial solution which can help us find out

a good solution eventually and also could save the computing time in the following

iterations if the initial solution is good and already close to the optimal solution,

then we can apply a bit smaller uniform design table U31(3110) which can help us

reduce the computing time, and the statistical property of U31(3110) is so good that

we believe it can help us get a good solution.

We first obtain the average values for k1 and k2 for a variety of problem instances

with the asymmetric form of nestedness See Table 2.4 as an illustration.

Once we have the corresponding average best k1 and k2 for each combination,

we perform a linear regression for k1 and k2 with the values of the parameters of

the problem instances as the independent variables See Table 2.5 for the details.

According to the results from the linear regression which are presented in Table 2.5,

we consider the following two regressions for k1 and k2:

34



2.6. DETERMINING SCALING PARAMETERS (PHASE II)

Table 2.4: Average results for k1 and k2 of 120 instances with different values of
factors with the asymmetric form of nestedness

4

32 8 0.2 0.5 0.44 1.49 1.85

32 8 0.2 0.8 0.42 1.40 1.77

32 8 0.5 0.5 0.43 1.33 1.89

32 8 0.8 0.2 0.44 2.08 2.24

60 15 0.2 0.8 0.43 1.65 1.87

60 15 0.2 0.5 0.46 1.73 1.98

60 15 0.5 0.5 0.40 1.57 1.97

60 15 0.8 0.2 0.43 2.32 2.46

8

64 8 0.2 0.5 0.40 1.21 1.63

64 8 0.2 0.8 0.40 1.08 1.40

64 8 0.5 0.5 0.40 1.03 1.71

64 8 0.8 0.2 0.43 1.76 2.46

120 15 0.2 0.8 0.41 1.37 1.78

120 15 0.2 0.5 0.40 1.64 1.86

120 15 0.5 0.5 0.41 1.42 1.84

120 15 0.8 0.2 0.41 2.14 2.51

Regression 1:

k1 = 1.04 + 1.77ϕ+ 0.03µ− 0.95R

k2 = 1.81 + 0.56ϕ− 0.028m+ 0.49τ − 0.55R

Regression 2:

k1 = 1.04 + 1.77ϕ+ 0.03µ− 0.95R

k2 = 1.81− 0.028m+ 0.49τ − 0.55R

Conducting the experiments as described in Section 5, we obtain the comparison

results that are shown in Table 2.6.

35



2.6. DETERMINING SCALING PARAMETERS (PHASE II)

Table 2.5: Linear regression results for k1 and k2

Scaling
Variable

Parameter
t p-value

Parameters Estimation

k1

Intercept 1.04 2.07 0.05

m -0.05 -1.63 0.12

µ -0.03 1.96 0.07

τ 0.50 1.21 0.24

R -0.95 -1.95 0.07

ϕ 1.77 2.25 0.04

k2

Intercept 1.81 6.67 <0.01

m -0.03 -1.75 0.09

µ -0.01 1.54 0.14

τ 0.48 2.15 0.05

R -0.55 -2.06 0.05

ϕ 0.56 1.32 0.20

We can conclude that Regression 1 performs much better than Regression 2. Thus

we choose the result of regression 1 as the rule for selecting the appropriate values

for k1 and k2.

From the linear regression results, we notice that ϕ plays an important role in

determining k1, while for k2, it seems that ϕ is not as important as the other factors

(the p-value is greater than 0.1). However, to a certain extent, k2 should be somewhat

influenced by ϕ because k2 is the scaling parameter that measures the flexibility of

the entire system in the ATCF rule.

In order to decide on better rules for selecting appropriate values for k1 and k2, we

should first decide on a way to evaluate the performance of the different regressions

for k1 and k2. Normally, the performance is measured by computing the difference

between the value of objective function under the ATCF schedule and the value of

the objective function under the optimal schedule. The so-called Relative Deviation
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Table 2.6: The comparison results for two regressions.

m Regression n RD (%)

4

1 16 39.25

2 16 38.50

1 32 58.66

2 32 96.12

1 60 8.56

2 60 7.88

8

1 32 60.11

2 32 168.21

1 64 57.90

2 64 165.98

1 120 9.64

2 120 115.25

1 240 4.47

2 240 4.47

(RD) between the ATCF schedule and the optimal schedule is defined as:

RD =
V (ATCF)− V (OPT )

V (OPT )
,

where V (ATCF) (V (OPT )) denotes the total weighted tardiness under the ATCF

(optimal) schedule.

It would not be easy to find an actual optimal schedule for a large instance, such

as the one with 240 jobs and 8 machines. We therefore try to generate a schedule that

we expect will be close to optimal as far as our performance measures are concerned:

we apply the ATCF rule to an instance, construct an initial schedule and then apply

a Simulated Annealing algorithm running for 1, 000, 000 iterations starting out from

the initial schedule. We generate thus a schedule which we refer to as Near Optimal.

For each instance, we try several different regressions of k1 and k2 to generate the

schedules and compute the corresponding objective values which are then compared
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to those under the Near Optimal schedule; thus we can get the RD values for hundreds

of instances See Table 2.6 for the details. Finally, we obtain the following regression

equations that work the best:

k1 = 1.04 + 1.77ϕ+ 0.03µ− 0.95R

k2 = 1.81 + 0.56ϕ− 0.028m+ 0.49τ − 0.55R

Furthermore, we can show that the scaling parameters k1 and k2 we obtain for the

asymmetric form of nestedness also work well for the symmetric form of nestedness.

2.7. Performance Evaluation of ATCF Rule

In this section, we evaluate the performance of ATCF rule by computing the difference

between the objective value of the schedule generated by ATCF rule and the objective

value of the schedule generated by ATC rule (in order to see whether or not the

ATCF rule performs better). We also check whether the performance of the ATCF

rule can be improved by incorporating the properties discussed in Section 2 into the

dispatching rule. We conduct different computational experiments to evaluate the

performance of ATCF rule. For each instance I, we compute the objective values for

100 instances by incorporating the following rules.

Rule 1. ATC rule

Rule 2. ATCF rule

Rule 3. ATCF rule+ Proposition 1.

Rule 4. ATCF rule+ Proposition 2.

Rule 5. ATCF rule+ Proposition 1 + Proposition 2.
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Moreover, not only is the difference between the ATC and the ATCF rule of

interest; we also would like to know how far the schedule generated by ATCF rule

is from an optimal schedule. In addition, we are interested in performance of the

aggregate properties. However, since it would be computationally impossible (with

current computing power) to find an optimal schedule, we use the Near Optimal

schedule in lieu of the optimal one. In fact, as stated in the previous section, even

for instances with a low optimal value of objective function, a small deviation may

result in a large RD even if the schedule is not far from the optimal. So if the

scaling parameters k1 and k2 can cause a small difference between the objective values

of the ATCF schedule and the Near Optimal schedule, the performance of scaling

parameters k1 and k2 may be satisfactory. We, therefore, conduct different numerical

experiments to find the difference between the ATCF schedule and other schedules,

especially the ATC schedule and the Near Optimal schedule. The Average Relative

Deviation (ARD) represents the average relative deviation over all instances, and

ARD in this section is little different from the one we defined before. We will give a

clear definition when we refer to it.

2.7.1 Performance Comparisons Between ATC and ATCF

Rules

In this part, we first evaluate the performance of the ATCF rule by comparing it with

the ATC rule. Depending on this performance measure, we find that τ , i.e., the due

date tightness, plays an important role in the performances of the ATC and ATCF

rules. We generate 100 instances and vary the τ from 0.2 to 0.8. From the results

obtained (see Fig. 2.2 and Table 2.7), we can observe that with an increasing τ , the

ARD between the ATC and the ATCF rule decreases, but the ATCF rule performs

consistently better than the ATC rule, in both symmetric and asymmetric cases. We

can also observe from Fig. 2.2 that when the schedules generated by the two rules
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are compared to a Near Optimal schedule, the difference between the ATC and the

ATCF rule somewhat increases with an increasing τ , which is more noticeable in the

asymmetric cases. In the conclusion section we discuss the reasons why τ may have

such a strong effect on the performance of the ATC and ATCF rules.

Furthermore, Fig. 2.3 and Tables 2.19, 2.20 provide more details regarding these

three different schedules applied to 20 specific instances separately (with asymmetric

as well as symmetric forms of nestedness) in order to show the variability in the

performance. From Fig. 2.3 and Tables 2.19 and 2.20, we know that the dispatching

rule we propose works well for the symmetric and especially for the asymmetric form

of nestedness for a variety of I. Specifically, the average RD2 (ARD2) between ATC

and ATCF rule is 7.92% for the symmetric case and 11.74% for the asymmetric case

for the 20 instances shown in Fig. 2.3 and Tables 2.19 and 2.20.
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Figure 2.2: Comparisons for objective values in different dispatching rules with 8
machines and different numbers of jobs, given R = 0.5

In addition, we not only want to analyze the performance of the dispatching rules

for different τ , we also would like to obtain some insights in how the performance
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depends on the m and n given a fixed τ . Given τ = 0.5, we generate 100 instances to

obtain the averages for each one of the different I. The results are presented in Table

2.8. The average ARD2 between the ATC and the ATCF rules for these different I

are around 5.59% and 7.37% for the symmetric and asymmetric forms of nestedness,

respectively; as for the symmetric case, the highest ARD2 between the ATC and the

ATCF rule is 9.35%; the lowest ARD2 between the ATC and the ATCF rule is 2.44%.

We can say therefore that in most cases the ATCF rule has a clear advantage over the

ATC rule. The ATCF advantage is much more convincing in the asymmetric case,

in which the highest ARD2 between the ATC and the ATCF rule is 15.54% , the

lowest ARD2 between the ATC and the ATCF rule is 1.95% and also a higher total

average ARD2 between the ATC and the ATCF rule for the different I than in the

symmetric case. Therefore, in almost all circumstances the ATCF rule is preferred

over the ATC rule.

2.7.2 Performance Comparisons Between Different Rules

and the Near Optimal schedules

We now evaluate the performance of the ATCF rules and Rule 3, Rule 4, and Rule

5 by comparing their schedules with the Near Optimal schedules. after we have

obtained initial schedules generated by Rule 5 for each instance. We conduct t-tests

for all the cases with respect to all possible combinations of the rules to test whether

there are significant performance differences.

Table 2.9 lists the ARD (Average RD) values for different rules, compared to

Near Optimal schedules. Except for the case with m = 16 under a symmetric form

of nestedness, the results in Table 2.9 show that Rule 5 works well with low machine

flexibility and job flexibility. As can be seen later in Table 17, Rule 5 works quite

well with high machine flexibility and job flexibility; thus in most cases it works

well even in undesirable machine environments. Overall, Rule 5 and the ATCF rule
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Table 2.7: Average results for RD2 with different due date tightness of 100 instances
with 8 machines, given R = 0.5.

τ
Form of µ ARD2 between ATC

nestedness and ATCF (%)

0.2

Sym

8 14.52
15 16.36
30 7.22

Asym

8 10.95
15 16.06
30 20.10

0.5

Sym

8 4.04
15 4.42
30 6.19

Asym

8 5.16
15 5.82
30 6.68

0.8

Sym

8 1.17
15 0.30
30 0.14

Asym

8 2.48
15 1.60
24 0.77
30 1.03

RD2 =
V (ATC)− V (ATCF)

V (ATCF)

perform better under an asymmetric form of nestedness than under a symmetric form

of nestedness. We discuss the underlying reasons in the conclusion section.

By incorporating the dominance properties into the ATCF rule, the performance

of Rule 5 has been improved significantly, as can be seen through the t-tests (See

Table 2.10). Moreover, Rule 5 performs much better than Rule 3 and Rule 4, possibly

implying that there may be interactive effects between Rule 3 and Rule 5.
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Table 2.8: Average results for performance of ATCF rule comparing to ATC rule of
100 instances, given τ = 0.5, R = 0.5

Form of
m µ

ARD2 between ATC

nestedness and ATCF (%)

Sym

4

8 4.68

15 3.42

30 2.44

8

8 4.04

15 4.42

30 6.19

16

8 7.95

15 7.86

30 9.35

Asym

4

8 3.12

15 2.80

30 1.95

8

8 5.16

15 5.82

30 6.68

16

8 15.54

15 12.54

30 12.70

0 2 4 6 8 10 12 14 16 18 20

1

1.2

1.4

1.6

1.8

2

2.2

2.4

2.6

2.8

3

20 Instances

V
al

ue
 o

f O
bj

ec
tiv

e 
F

un
ct

io
n

 

 

ATC Rule: Average=1.91
ATCF Rule: Average=1.78
Near Optimal

(a) Sample results for Symmetric Form with 16 machines
and 240 jobs

0 2 4 6 8 10 12 14 16 18 20
0.9

1

1.1

1.2

1.3

1.4

1.5

1.6

1.7

1.8

1.9

20 Instances

V
al

ue
 o

f O
bj

ec
tiv

e 
F

un
ct

io
n

 

 

ATC Rule: Average=1.44
ATCF Rule: Average=1.29
Near Optimal

(b) Sample results for Asymmetric Form with 16 machines
and 240 jobs

Figure 2.3: Sample results for comparison among ATC rule, ATCF rule and Near
Optimal schedule given τ = 0.5 and R = 0.5
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The results also show that Rule 5 performs well with both symmetric and asym-

metric forms of nestedness for a variety of I (the ARD is no more than 18%, and

in most cases, the ARD is around 13%) and the running time of Rule 5 is less than

2 seconds even for n = 480, compared to a running time of the Near Optimal al-

gorithm of 20 minutes or more. Furthermore, since the ATCF rule provides a good

initial solution, the Near Optimal algorithm runs in a rather short time with, to a

certain extent, a guaranteed performance. Since the ATCF rule can be improved by

incorporating the dominance properties (resulting in Rule 5 ) without taking much

additional running time, we may say that Rule 5 has a very good performance from

a theoretical point of view as well as from an empirical point of view, as shown by

the numerical results.

2.7.3 Testing on Real Data Set

In the previous section, we discussed the performance of the ATCF rule through

computational experiments. We now test the ATCF rule using a real data set (from

an operating room scheduling environment). The data are collected from Shanghai

General Hospital, one of the largest hospitals in China, over the period 01/01/2016-

06/30/2016, with more than 8000 surgical operations and 17 operating rooms (3 Class

II operating rooms, 2 Class III operating rooms and 12 Class IV operating rooms,

implying an asymmetric form of nestedness). On any weekday, the hospital normally

handles more than 50 surgeries in the 17 operating rooms.

In this hospital, there are two kinds of surgical operations, i.e., local anesthesia

operations and general anesthesia operations, which can be assigned weights 1 and

2, respectively. The surgeons normally work on a surgery day as follows: they spend

half a day seeing outpatients (and perhaps doing some other medical activities), while

spending the other half of the day on surgeries. It is thus possible to figure out what

a surgeon did from historical data. For example, if a surgeon performed surgeries on
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Table 2.9: ARD of different rules comparing to Near Optimal schedules of 100 in-
stances, given τ = 0.5, R = 0.5

Form of
m µ

ATC ATCF Rule 3 Rule 4 Rule 5

nestedness (%) (%) (%) (%) (%)

Sym

4

8 48.84 42.19 24.37 31.65 16.29

15 34.77 30.31 17.62 22.08 11.27

30 38.2 34.91 19.77 22.86 11.12

8

8 63.49 57.14 30.77 33.06 17.98

15 71.72 64.45 34.97 34.76 16.35

30 99.86 88.21 42.67 43.04 17.10

16∗

8 102.35 87.45 37.03 13.85 4.76

15 106.48 91.43 38.46 12.04 3.86

30 116.47 97.96 50.33 11.84 3.70

Asym

4

8 44.61 40.23 25.22 30.59 16.89

15 35.75 32.05 20.25 23.58 13.44

30 34.18 31.61 20.12 22.48 12.90

8

8 61.75 53.81 29.65 35.53 15.23

15 56.08 47.50 28.56 31.30 14.41

30 60.98 50.90 29.59 30.69 13.67

16

8 97.26 70.73 38.30 38.12 14.12

15 82.81 62.44 33.05 34.17 11.24

30 109.10 85.54 44.04 42.40 13.65
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Table 2.10: t-test for performance between different rules, given τ = 0.5, R = 0.5.

Form of
m µ

p-value

nestedness R2*R3 R2*R4 R2*R5 R3*R4 R3*R5 R4*R5

Sym

4

8 ** ** ** ** ** **

15 ** ** ** ** ** **

30 ** ** ** ** ** **

8

8 ** ** ** 0.09 ** **

15 ** ** ** 0.88 ** **

30 ** ** ** 0.50 ** **

16

8 ** ** ** ** ** **

15 ** ** ** ** ** **

30 ** ** ** ** ** **

Asym

4

8 ** ** ** ** ** **

15 ** ** ** ** ** **

30 ** ** ** ** ** **

8

8 ** ** ** ** ** **

15 ** ** ** * ** **

30 ** ** ** * ** **

16

8 ** ** ** 0.91 ** **

15 ** ** ** 0.25 ** **

30 ** ** ** 0.17 ** **

Note: * represents p < 0.05, ** represents p < 0.01

a day, and the starting time of the first surgery is before 12:00 pm, then we know

that the surgeon has scheduled surgeries in the morning and the due dates of these

surgeries can then be set equal to 12:00 pm (noon) since it is desirable for the surgeon

to complete all his/her surgeries by noon; the starting time can then be set equal to

8:00 am (the earliest starting time on a day). On the other hand, if the starting time
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of the first surgery by a surgeon is in the afternoon, then the due date can be set

equal to 18:00 pm, and the starting time can be set equal to 12:00 pm.

Using the data set, we apply the different algorithms and evaluate their per-

formance. The results are listed in the following tables, where the total weighted

tardiness (TWT) of the hospital’s actual schedules (denoted as Real in the table)

can be computed from the historical data. Table 2.11 shows the Average Relative

Deviation (ARD) of the total weighted tardiness obtained by the different scheduling

algorithms, compared to the Near Optimal schedule. The Near Optimal schedules are

obtained by a Simulated Annealing Algorithm running for 10,000 iterations, starting

from the initial schedules generated by Rule 5.

From the table, it can be seen that the average ARD of the actual schedules, the

ATCF rule are 666.67% and 162.04%, respectively. The improvements achieved with

the ATCF rule over the actual schedules are significant. Furthermore, if we examine

the performance of Rule 4 and Rule 5, we can see that the ARD for these two rules

are 16.54% and 11.78%, respectively. If we use only the operating rooms that were

actually opened (which can be inferred from the historical data), we can see that the

performances of Rule 4 and Rule 5 are still acceptable with the ARD being 24.43%

and 21.45%, respectively (see Table 2.12). To examine these results more closely, the

performances are even better than observed from Tables 2.11 and 2.12. In fact, in

the actual schedules, more than 10% of the instances (15 out of 140 instances) have

a positive TWT, while in the schedules generated by the algorithms the TWT were

equal to 0; these instances are not taken into account in the tables.

To further examine the performances of the algorithms, we introduce a new mea-

sure to evaluate the algorithms, compared to the objective values of the actual sched-

ules. The Improvement Ratio (I.R.) is defined as follows:

I.R. =
V (Real Case)− V (other schedules)

V (Real Case)
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The results are listed in Table 2.13 and Table 2.14. Once more, the Rule 4 and

Rule 5 perform better than the other algorithms, and their performance is very close

to the Near Optimal schedules.

Table 2.11: ARD of different rules comparing to Near Optimal schedules, using all
17 operating rooms

Schedules
Real ATCF Rule 3 Rule 4 Rule 5

(%) (%) (%) (%) (%)

ARD 660.67 162.04 108.36 16.54 11.78

Table 2.12: ARD of different rules comparing to Near Optimal schedules, using the
opened operating rooms

Schedules
Real ATCF Rule 3 Rule 4 Rule 5

(%) (%) (%) (%) (%)

ARD 598.65 201.45 149.96 24.43 21.45

Table 2.13: Improvement Ratio of different schedules comparing to Real Case, using
all 17 operating rooms

Schedules
ATCF Rule 3 Rule 4 Rule 5 Near Optimal

(%) (%) (%) (%) (%)

I.R. 65.74 72.98 82.82 83.37 84.76
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Table 2.14: Improvement Ratio of different schedules comparing to Real Case, using
the opened operating rooms

Schedules
ATCF Rule 3 Rule 4 Rule 5 Near Optimal

(%) (%) (%) (%) (%)

I.R. 59.3 65.81 81.04 81.52 83.73

2.8. Insights and Conclusions

In this chapter, we develop a two phase heuristic for minimizing the total weighted

tardiness in a parallel machine environment subject to machine eligibility constraints.

In particular, we construct for this problem a new composite dispatching rule, the

ATCF rule, and conduct experiments to empirically evaluate its performance. Fur-

thermore, the performance of the dispatching rule can be improved significantly using

some simple properties without requiring much additional computation time. We also

collect a real data set from a large hospital and apply our dispatching rules on that

data set. The schedules generated by the dispatching rules are significantly better

than the schedules generated in practice.

(i) Although we do not consider setup times explicitly, it is well-known that setup

times often have to be taken into consideration in many practical problems. The

problem we consider in this chapter can in a way be viewed as a special case of a

scheduling problem with setups. If job j can be processed on machine i, the associated

setup time is 0; if job j cannot be processed on machine i, the associated setup time

may be very high. Thus our results may be regarded as a supplement to the literature

on scheduling with setup times considerations.

(ii) The dispatching rule has additional advantages that are worth mentioning.

First, the scaling parameters k1 and k2 in our dispatching rule are determined at time

zero by the data of the instance at hand and they do not change while the scheduling

50



2.8. INSIGHTS AND CONCLUSIONS

process evolves. However, they could be changed while the scheduling process evolves

since the parameters are functions of the available data. Furthermore, our dispatching

rule can be extended easily to be able to deal with situations in which jobs are released

at different times.

(iii) As stated in Section 6, it is clear that the the due date tightness τ plays

an important role in the performances of the ATC and ATCF rules. Actually, the

fact that the performance of the dispatching rule is decreasing with increasing τ is

intuitive. A large τ implies that the jobs on average have rather tight due dates and

the due dates are so tight that a small deviation may result in a significant difference

even if the schedule is not far from optimal. On the other hand, if the τ is smaller,

the whole system may be more flexible so that even if the schedule generated by the

dispatching rule is slightly different from the optimal one, the objective value could

be very close to optimal, i.e., the tolerance for deviation is higher.

To go a step further, in order to test whether the τ does have a negative effect

on the relative deviation between the ATC rule and the ATCF rule, we conducted

separately two linear regressions for these two forms of nestedness with 100 instances.

The results show that the estimated parameters for τ are −21.11 for the symmetric

case and −30.83 for the asymmetric case, and in both cases the corresponding p-

values for the τ are smaller than 0.001. Hence we can conclude that the due date

tightness τ indeed has a strongly negative effect on the relative deviation between the

ATC rule and the ATCF rule. For more details regarding the data and the results,

see Table 2.15.

51



2.8. INSIGHTS AND CONCLUSIONS

Table 2.15: Linear regression results for ARD2 between ATC and ATCF rule in both
asymmetric and symmetric forms of nestedness, givenm = 8, µ = 15, τ = 0.2, 0.5, 0.8

Form of
Variable

Parameter
t p-value

nestedness Estimation

Sym

Intercept 17.89 4.56 <0.0001

jobflex -2.36 -0.64 0.53

τ -21.11 -3.75 0.0002

R-Square 0.05

Adj R-Sq 0.04

Asym

Intercept 21.68 8.3 <0.001

jobflex -9.46 -2.82 0.0051

τ -30.83 -7.17 <0.0001

R-Square 0.17

Adj R-Sq 0.16

(iv) In our ATCF rule, we may assume that an explicit parameter k0, which

has been set consistently equal to 1, provides the weight for the WSPT rule, the

k1 provides the weight for the MS rule and the k2 provides the weight for the Least

Flexible Job first LFJ rule among the jobs that have not yet been scheduled. Chen et

al. [11] already showed that the relative values of k0, k1 and k2 determine the sequence

generated, rather than the absolute values of the scaling parameters k1 and k2 in the

original ranking index. We, therefore, may assume that the scaling parameter k0,

which represents the WSPT rule, be set equal to 1 in order to balance each rule’s

contribution to the overall index. Hence we would not change k0 for the WSPT rule

but we could change the power of wj in order to see whether there is an improvement

relative to the original ATCF rule. Actually the results we obtain show that different

powers of wj do have a strong effect on the objective value for the symmetric form

of nestedness, but only a minor effect for the asymmetric form of nestedness. For

each instance, keeping the same k1 and k2, we compute the objective values with

the wj in the ranking index of the ATCF rule brought to the power 1, 1.5, 2, and 3

for a variety of I. Tables 2.16 and 2.17 separately show the detailed results for the
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symmetric and asymmetric cases. From these results, we see that for the asymmetric

form of nestedness, wj to the power 1 works best under most circumstances. However,

for the symmetric case, we may choose a different power for wj, dependent mostly on

the τ , and maybe to a lesser degree on the R as well. In general, even with different

m, µ and R, it seems that if τ is 0.2, a power of 1 for wj performs best among all the

different powers considered; if τ is 0.5, a power of 1.5 for wj performs best in most

cases; if τ is 0.8, a power of 3 for wj performs best. So, with an increasing τ , we

may want to choose a higher power of wj for the WSPT rule in order to get a better

performance. Therefore, since the symmetric case cannot appropriately evaluate the

job flexibility and eligibility constraints, and the situation gets worse with a larger

τ , it will help improve the ATCF rule if we can choose an appropriate power of job

weight dependent upon τ and R.

Table 2.16: Performance analysis for different powers of job weight (Symmetric Case)

m µ τ R ARD2 between w2
j ARD2 between w2

j ARD2 between w2
j Best power

and wj(%) and w
3/2
j (%) and w3

j (%) of job weight

8 30 0.5 0.5 -1.48 2.61 -19.17 1.50

16

15 0.5 0.5 -4.65 0.82 -8.00 1.50

30

0.2 0.2 7.30 5.59 -158.48 1.00
0.2 0.5 4.53 3.41 -28.22 1.00
0.2 0.8 12.42 6.19 -30.31 1.00
0.5 0.2 -16.05 -3.83 -2.48 2.00
0.5 0.5 4.01 5.45 -28.94 1.50
0.5 0.8 46.07 33.93 -157.23 1.00
0.8 0.2 -10.67 -4.05 4.04 3.00
0.8 0.5 -10.71 -4.09 5.07 3.00
0.8 0.8 -12.52 -5.13 6.32 3.00

60 0.5 0.5 29.53 26.05 -602.80 1
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Table 2.17: Performance analysis for different powers of job weight (Asymmetric
Case)

m µ τ R ARD2 between w2
j ARD2 between w2

j ARD2 between w2
j Best power

and wj(%) and w
3/2
j (%) and w3

j (%) of job weight

8 30 0.5 0.5 28.14 16.16 -55.63 1.00

16

15 0.5 0.5 22.23 11.66 -28.83 1.00

30

0.2 0.2 38.38 17.31 -240.96 1.00

0.2 0.5 44.09 16.76 -814.71 1.00

0.2 0.8 26.00 18.53 -213.80 1.00

0.5 0.2 9.03 6.35 -11.61 1.00

0.5 0.5 34.37 20.07 -48.21 1.00

0.5 0.8 70.34 41.56 -156.71 1.00

0.8 0.2 0.91 0.91 -2.01 1.00

0.8 0.5 1.43 1.31 -2.85 1.00

0.8 0.8 1.23 1.21 -2.97 1.00

60 0.5 0.5 54.27 36.54 -345.66 1.00

(v) From the experimental results, we notice that the ATCF rule and Rule 5 per-

form very well when the job flexibility ϕ and the machine flexibility ψ are high; their

performances are reasonable in all cases under the asymmetric form of nestedness,

and also with relatively small numbers of jobs under the symmetric form of nested-

ness. For detailed results, please refer to the Table 2.18. We now provide possible

explanations for this phenomenon.

54



2.8. INSIGHTS AND CONCLUSIONS

Table 2.18: Average results for the job flexibility ϕ, the machine flexibility ψ, average
machine load factor µ µ and ARD for different rules and Near Optimal schedule of
100 instances, given m = 16, τ = 0.5, R = 0.5

Form of
Flexibility ϕ ψ µ

ATCF Rule 5
nestedness (%) (%)

Sym

Low

0.27 0.1 8 87.52 14.06
0.27 0.1 15 151.89 18.02
0.27 0.1 24 151.89 18.02
0.27 0.1 30 964.03 87.33

High

0.45 0.18 8 88.34 7.42
0.47 0.20 15 95.78 4.77
0.47 0.20 24 99.26 4.19
0.48 0.20 30 99.38 3.97

Asym

Low

0.36 0.26 8 70.73 14.12
0.35 0.25 15 62.44 11.24
0.36 0.27 24 62.44 11.24
0.37 0.27 30 85.54 13.65

High

0.37 0.31 8 76.89 6.58
0.38 0.31 15 72.05 6.11
0.38 0.30 24 92.20 11.38
0.38 0.30 30 130.44 13.51
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Table 2.19: Sample results for comparison among ATC rule, ATCF rule and Near
Optimal schedule for Asymmetric Form with 16 machines and 240 jobs, given τ = 0.5,
R = 0.5

ATC ATCF
Near- RD2 between ATC RD between ATCF

Optimal and ATCF (%) and Near Optimal(%)
48680 39562 33116 23.05 19.46
56723 45562 41179 24.50 10.64
41442 36382 31967 13.91 13.81
14812 14543 10794 1.85 34.73
31792 26052 17189 22.03 51.56
34488 28457 22541 21.19 26.25
32078 24814 19771 29.27 25.51
41507 39158 32617 6.00 20.05
31425 29995 24568 4.77 22.09
39214 34775 25094 12.76 38.58
41968 34025 26148 23.34 30.12
31455 29112 21747 8.05 33.87
40863 37074 26698 10.22 38.86
42424 40854 31162 3.84 31.10
54895 49656 46087 10.55 7.74
25931 27286 18966 -4.97 43.87
47694 44916 36204 6.18 24.06
24726 24560 16255 0.68 51.09
70977 59655 57145 18.98 4.39
10949 11113 7275 -1.48 52.76

Average 11.74 29.03
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Table 2.20: Sample results for comparison among ATC rule, ATCF rule and Near
Optimal schedule for Symmetric Form with 16 machines and 240 jobs, given τ = 0.5,
R = 0.5

ATC ATCF
Near- RD2 between ATC RD between ATCF

Optimal and ATCF (%) and Near Optimal(%)
81176 81705 52066 -0.65 56.93
44716 40212 19842 11.20 102.66
81757 77345 46583 5.70 66.04
22959 19439 12069 18.11 61.07
24872 22837 13550 8.91 68.54
84258 77760 37707 8.36 106.22
27270 25872 11858 5.40 118.18
58853 53818 33782 9.36 59.31
22843 21236 12950 7.57 63.98
125337 126700 50390 -1.08 151.44
22619 21616 14653 4.64 47.52
22532 18872 12605 19.39 49.72
168396 164360 99377 2.46 65.39
66557 65219 31985 2.05 103.90
39859 37147 16946 7.30 119.21
56708 55057 38126 3.00 44.41
134494 131631 84369 2.18 56.02
82432 75982 40011 8.49 89.90
32685 23951 14616 36.47 63.87
61462 61698 38293 -0.38 61.12

Average 7.92 77.78

If the job flexibility ϕ and the machine flexibility ψ are low, implying that job

processing and machine use are very restricted, then the objective values achieved

with the ATCF rule or with Rule 5 may be quite different from the Near Optimal

ones, even when the schedules may appear similar.

The situation may be different when the flexibility is high, since there may be

many more different optimal schedules than when the flexibility is low. Thus it may

be possible that either the schedules generated by the dispatching rules are similar to

the optimal schedules, or that the objective values are close even though the schedules

are not very similar. (In fact, the cases with higher flexibility are more in line with
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reality and are those that concern industries the most. In low flexibility cases, e.g.,

extreme cases with dedicated machines, it is usually easy to obtain a satisfactory

schedule based on experience.)
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Chapter 3

A Composite Dispatching Rule for

Operating Room Scheduling with

Machine Eligibility and Resource

Constraints

3.1. Introduction

With the high requirements for healthcare services due to increasing living standards

and more attention to health, healthcare systems are facing more challenges. As one

of the critical and expensive resources, operating rooms (ORs) are the bottleneck of

healthcare services in hospitals. In fact, ORs contribute more than 40% of the total

expenses of a hospital (Denton et al. [15]), thus efficiently utilizing the ORs becomes

a critical problem in reducing the total expenses while maintaining healthcare quality.

In practices, operating room scheduling is very complicated and challenging, es-

pecially when various constraints are taken into consideration [1]. Consequently,

although hospitals are paying more and more attention to OR scheduling, it is not
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easy to obtain the optimal or even the near-optimal schedules in practical settings

(with many different constraints). Sometimes, even the objectives of operating room

scheduling are inconsistent [54].

In the literature, there are lots of studies concerning both theoretical and practical

aspects of the operating scheduling problems. According to Cardoen et al. [9] and

Abdelrasol et al. [1], the OR scheduling problems can be classified into three levels

based on the decision levels, namely, strategic level, which determines the time slots

of ORs dedicated to each surgical specialty; tactical level, which allocates surgical

specialties to ORs; and operational level, which selects and sequences the patients

in the ORs. Abdelrasol et al. [1] review the OR scheduling problems considering

the three levels of the problems, which they call the case mix problem, the master

surgery scheduling problem and the surgery scheduling problem. They introduce

a framework for integrating and solving these three problems. Cardoen et al. [9]

evaluate the literature based on the problem settings (e.g., performance measures

or patient classes) or the technical features (e.g., solution technique or uncertainty

incorporation) and summarize the research trends in OR planning and scheduling.

Guerriero and Guido [27] provide a structured literature review on how operational

research can be applied to the surgical planning and scheduling processes and present

the most interesting mathematical (optimization and simulation) models and the

solution approaches to OR scheduling.

In the literature, most of the studies consider one decision level [3]. For example,

Fei et al. [20] and Ozkarahan [65] focus on developing approaches to assign a specific

surgery and the time blocks of ORs to the patients during the planning horizon,

while some other studies only consider how to determine the sequence of the surgical

procedures (e. g., [67] and [34]).

For studies considering more than one-level decisions, Jebali et al. [39] propose

a two-step approach to solve the OR scheduling problems, where the first step is to
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assign the surgeries to ORs and the second step is to sequence the surgeries. Aringhieri

et al. [3] develop a two-level meta-heuristic for the integrated OR scheduling and

assignment problem, where the surgeries are assigned to the ORs first, and then are

sequenced. They also propose a strategy in the second step to sequence the surgeries

with some re-assignment of surgeries. As they note, this approach may improve the

utilization of the ORs since the integrated optmization of assignment and scheduling

is performed.

Recently, there are new contributions to OR scheduling. Zhong et al. [88] model

the OR scheduling problem as an identical machine problem with multi-machine jobs

(i.e., the jobs need to be processed with multiple machines simultaneously), and pro-

pose a two-stage approach to solve the problem. Fügener et al. [23] propose a stochas-

tic approach to calculate the demand distribution of the downstream resources for a

master surgery scheduling (MSS) problem and develop exact and heuristic algorithms

to minimize the total costs. Cappanera et al. [8] compare three different scheduling

policies for the MSS problem and develop mixed-integer programming models for the

three scheduling policies. Wang et al. [82] consider an OR scheduling problem with

machine eligibility and resource-constraints to minimize the makespan, and develop

effective heuristic algorithms to solve the problem.

In this chapter, we develop a composite dispatching rule to deal with the OR

scheduling, taking into consideration of various practical constraints, in particular,

the machine eligibility and the resource constraints. This problem is the same as

the one studied in [82] but with different solution approach. The dispatching rule

developed in this chapter is flexible to handle more constraints and more efficient.

Now we discuss the constraints in the following.

Eligibility Constraints : As Vairaktarakis and Cai [78] note, a typical operating

room is usually equipped with high-tech equipment which may cost millions of dollars.
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Depending on the equipment availability, an OR may be suitable for a specific set of

surgeries, thus OR eligibility is a critical constraint in OR scheduling.

Resource Constraints : In practice, a surgery is usually performed by the surgeon

who handles this patient before the surgery, with support of the anesthetists, nurses

and assistants. Thus a surgeon may deal with only a specific set of patients. This is

another critical constraint in OR scheduling.

The OR scheduling problem considered in this chapter can be described as follows.

Consider an environment with m machines (i.e., operating rooms) in parallel and n

jobs (i.e., n surgeries) that have to be assigned and scheduled on the m machines. Job

j, with a processing time pj, cannot be processed on just anyone of the m machines;

specifically, it can only be processed on a machine that belongs to a specific subset

of machines Mj. Any one of the machines in set Mj can process job j; the number of

machines in set Mj is mj. As in Vairaktarakis and Cai [78], Mj can be described by

means of the availability matrix A, where

Ai,j =


1 if Mj is eligible to process Ji,

0 otherwise.

The objective is to find a feasible schedule that minimizes the makespan Cmax,

i.e., the completion time for processing all the jobs. Minimizing the makespan of the

schedule helps improve utilization of the ORs in hospitals, leading to more surgical

services and increasing profitability. In the scheduling literature, this problem is

referred to as Pm | Mj, Res, λ, 1, 1 | Cmax. Generally, this problem belongs to the

class of scheduling problems with processing set restrictions (see the survey chapter

by Lee et al. [49]). Shchepin and Vakhania [73] develop a polynomial-time algorithm

with a worst-case ratio of 2−1/m for the problem Pm |Mj | Cmax, and Vairaktarakis

and Cai [78] develop a branch-and-bound algorithm to solve to optimality the problem

with 50 jobs or less.
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The problem Pm |Mj, Res, λ, 1, 1 | Cmax is a generalization of the problem Pm ||

Cmax, a well-known NP-Hard problem, thus is NP-Hard as well. For solving the

problem, we turn to the heuristic approach and develop a new composite dispatching

rule. The composite dispatching rule is a hybrid of three priority rules, namely, the

Longest Processing Time first (LPT ) rule, the Least Flexible Job first (LFJ ) rule,

and the Largest Remaining Workload of Resource first (LRW ) rule. The composite

dispatching rule view the surgery assignment and sequencing as a whole and take the

eligibility and resource constraints into consideration. It can also be modified easily

to take more constraints into consideration.

The remainder of this chapter is organized as follows. In Section 2 we discuss the

factors and statistics that characterize an instance of the scheduling problem. Then

we describe the general framework for applying the dispatching rule. The structure

of sequential uniform experiment design is described in Section 3. In Sections 4 we

present a computational study with the real data set. In Section 5, we evaluate the

performance of the dispatching rule with the experiment design. In Section 6 we

present the conclusions and discuss the future research.

3.2. General Framework of the Heuristic

To develop the dispatching rule, first we need to characterize the problem instance.

Then we need a general framework for applying the composite dispatching rule.

3.2.1 Factors Characterizing a Problem Instance

We now introduce a set of factors in order to characterize a problem instance. First,

we define L =
∑n

j=1 pj as a measure of the total workload on the system. The second

factor, called the job flexibility ϕ, is used to describe the overall flexibility of all the
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jobs in a given instance and it is defined as

ϕ = 1−
n∑

j=1

pj
mj

/L,

where pj is the processing time of job j and mj is the number of machines that can

process job j. A large ϕ implies that in general the jobs of an instance are more

flexible, i.e., they can be processed on more machines. If ϕ = 1− 1/m, then each job

can be processed on any one of the m machines. The third factor, called the machine

flexibility ψ, is defined as

ψ = (
m∑
i=1

∑
j∈Ji

pj/L)/m,

where Ji is the subset of the jobs that can be processed by machine i. Similar to ϕ,

the ψ stands for the overall flexibility of all the machines in a given instance. A high

ψ implies that the machines in an instance are more flexible, i.e., they are capable of

processing more jobs. If ψ = 1, then each machine i can process all n jobs, i.e., Ji

includes all the jobs in a given instance.

The fourth factor, proposed in Vairaktarakis and Cai [78], is to measure the flex-

ibility determined by the number and distribution of ones in the availability matrix

A. We capture the number of ones in A using the process flexibility index FP defined

as

FP =

∑
i,j Aij − n
n(m− 1)

This factor plays an important role on the objective (i.e., the makespan) of the

scheduling problem. Here, we assume that at least one machine is eligiable to process

any job, since otherwise, there does not exist a feasible schedule.
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3.2.2 A General Framework

We now describe the general framework for applying the dispatching rule to a practical

OR scheduling problem.

In the first phase, we compute the factors ϕ, ψ and FP using the data of a given

instance. In the second phase, we apply the dispatching rule, AMFR (Apparent

Makespan with Flexibility and Resource Constraints), which is specifically designed

for parallel machine scheduling with machines eligibility and resources constraints.

Then, by applying the sequential uniform design, which not only inherits the ad-

vantages of the uniform design, but also improves the accuracy of experiments by

reducing the test times, we can obtain proper expressions for the two scaling param-

eters of the dispatching rule, namely, k1, k2. Table 3.1 shows the framework of the

AMFR.

Table 3.1: A framework for the two-phase heuristic

Phase I Compute factors ϕ, ψ and FP for a given instance

Phase II

a. Build a new dispatching rule: the AMFR rule.

b. Find the proper values of scaling parameters,

k1 and k2, for the dispatching rule.

The AMFR rule used in Phase II operates as follows. Assume each job is available

from time zero onwards, i.e., all job release dates are zero. When machine i becomes

available at time t, the ranking index for a job that has not been scheduled yet (i.e.,

waiting for processing on machines i), Iij(t), is computed as follows.

Iij(t) =
pj
L

exp

(
− mj

k1m

)
exp

(
LR

j

k2LR

)
.
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where m stands for the average number of machines for the jobs that have not

yet been scheduled at time t. LR
j stands for the total remaining workload of the

machine that is responsible for processing job j. Similarly, LR stands for the average

remaining workload of machines belonging to all the unscheduled jobs at time t. Note

that m, LR
j , and LR are changing during the scheduling process, i.e., these numbers

are dynamic. The job with the largest index Iij(t) is selected at time t to start its

processing on the machine just freed. If more than one machine is freed at the same

time, then select a machine arbitrarily.

Lin et al. [?] point out that the parameter k affects the performance of the ATC

rule. Similarly, the scaling parameters k1 and k2 affect the performance of the AMFR

rule. We now discussion several special cases of the proposed dispatching rule AMFR.

Case 1. If both k1 and k2 are very large, then the AMFR rule reduces to the

LPT rule.

Case 2. If k1 is very large, and k2 is very small, then the AMFR rule is mainly

determined by the LPT rule and the LRW rule.

Case 3. If k1 is very small, and k2 is very large, then the AMFR rule is mainly

determined by the LFJ rule and the LFJ rule.

Case 4. If both k1 and k2 are very small, then the AMFR rule is mainly

determined by the LFJ rule and the LRW rule.

The AMFR rule is governed by the scaling parameters k1 and k2 and the values

of these parameters can be determined from the data of the instances at hand, which

are characterized by the factors ϕ, ψ and FP . In the next section, we elaborate on

how to obtain the best pair of parameters k1 and k2, based on given instances by

applying sequential uniform design.
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3.3. Sequential Uniform Design

The uniform experimental design is one kind of space filling designs for experiments

when the underlying model is unknown [17]. It seeks the design points to be uniformly

scattered on the experimental domain. It is able to explore relationships between

the response and the factors with a reasonable number of runs and is shown to be

robust to the underlying model specifications. For practical ease of use, most uniform

designs have been specified and tabulated, which are available on the website at

http://uic.edu.hk/ isci/. We can also build our own uniform design tables and there

are numerous methods to construct the uniform design tables, for instance, the Good

lattice point method.

Sequential uniform design, also called sequential number-theoretic optimization

(SNTO) method, is developed by Fang and Wang [19]. They used the number-

theoretic method (NTM) to generate uniformly scattered points and suggested a

sequential algorithm for optimization. To find the best pair of k1 and k2 for a given

instance, we apply the sequential uniform design to obtain the same accuracy of the

tests with a less number of tests than that of the normal uniform design.

In the following, we generalize the steps that we apply the sequential uniform de-

sign to obtain the proper expressions for k1 and k2. Combining the general framework

of SNTO algorithm provided by [86], we can propose the following algorithm.

Step 0. Initialization.

Set t = 0, D
(0)
i = Di, a

(0)
i = ai, and b

(0)
i = bi. Generally, we set Di = [ai, bi] be the

value range that ki may possibly take.

Set the ranges of values for k1 and k2. Choose a proper uniform design table,

for example, Un∗(q2), where q stands for the q possible values of k1 or k2, and n∗

stands for the test number. Set l to represent the length of two adjacent points in

the uniform design. Set a proper β as a fixed parameter to scale down the length. If
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we choose a new Un∗(q2) as the uniform design, we can obtain the new ranges of k1

and k2.

Step 1. Selection of a proper uniform design.

By applying this specific uniform design, we can obtain nt points p(t) uniformly

scattered on D
(t)
i = [a

(t)
i , b

(t)
i ].

Step 2. Computation of extreme value.

Find the objective values with the pairs of k1 and k2 from the uniform design.

Choose the pair x
(t)
i of k1 and k2 that can obtain the extreme values of the objective

and set them as the new center of k1 and k2.

Step 3. Termination criterion.

Assume c
(t)
i = (b

(t)
i − a

(t)
i )/2. If max c

(t)
i < σ, a pre-assigned small number, then

D
(t)
i is small enough; the pair of values for k1 and k2 is acceptable; Stop. Otherwise,

proceed to the next step.

Step 4. Domain contraction.

The new domain D
(t+1)
i = [a

(t+1)
i , b

(t+1)
i ] is determined as follows.

a
(t+1)
i = max(x

(t)
i − βc

(t)
i , ai), b

(t+1)
i = max(x

(t)
i + βc

(t)
i , bi),

where β is a predefined contraction ratio. Set t = t+ 1. Go to step 1.

Notes: Fang and Wang suggest to take n1 > n2 = n3 = ... and β = 0.5 [19].

Following the above algorithm, we can obtain the best pair of k1 and k2 for each

given instance. By running for numbers of instances, we can have enough data to

obtain the proper expressions for k1 and k2 as functions of the defined factors and

statistics. In this way, we determine all the values of parameters in the dispatching

rule.
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3.4. A Case Study with Real Data

In this section, we conduct a series of experiments to evaluate the performance of the

dispatching rule AMFR. Note that in the dispatching rule, everything is set except

that the accurate values of the scaling parameters, k1 and k2, which are the key factors

of the dispatching rules, and instances dependent. Combining the sequential uniform

design and the real data from the Shanghai General Hospital, we conduct a series of

experiments to map the characteristic factors of an instance into the proper values

for scaling parameters k1 and k2.

3.4.1 Data Description

From Shanghai General Hospital, we get 180-day data of OR scheduling. We regard

them as 180 instances (i.e., an instance represents the data in one day). After an

appropriate cleaning of the raw data, we get the detailed data for each surgery,

including the eligibility of ORs, (i.e., the specific operating rooms that can process a

type of surgeries), starting time, processing duration and the corresponding surgeons.

From the data we note that there is a big difference for the total number of surgeries

on each day, from the smallest number, 1, to the largest number, 103. However,

it is quite obvious that generally there are more than 40 surgeries in the weekdays

and less than 10 surgeries in the weekends and holidays. To obtain the appropriate

relationships for k1 and k2, we mainly use the 117 instances in which the hospital have

more than 40 surgeries per day for the total 22 ORs. The reason is that, theoretically,

it is much more difficult to make a good schedule for large jobs than for the ones with

a small number. When scheduling for dense jobs, for example, scheduling a heavy

workload for the ORs in one day, even a small deviation of the scheduling rule may

result in a big increase in the value of the objective (i.e., makespan). Furthermore,

from the perspective of pracatility, the biggest problem facing most of hospitals is the
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heavy workload of surgeries and the shortage of ORs. Therefore we select only the

days with large number of surgeries not only increase the difficulty and complexity

from a theoretical point but also useful for scheduling in practices.

To calibrate the dispatching rule, we take the instances with more than 40 surgeries

per day to find the best pair of k1 and k2 for each instance.

The total number of the instances selected for the experiment is 117, which we

use 77 of 117 instances for the fitting the regression model, and the remaining 40

instances to evaluate the performance of the dispatching rule. For each of these 77

instances, there are 22 operating rooms, i.e., m = 22; the number of surgeries is more

than 40, i.e., n > 40; the total workload and the number of surgeons are different for

each instance (directly from the data by simple computations).

3.4.2 Determining Scaling Parameters

For the 77 instances, the dispatching rule is applied for different pairs of k1 and k2 both

ranging from 0 to 10. For each instance, we compute the objective value regarding

different pairs of k1 and k2, and record the pair that leads to minimum value of the

objective function (i.e., the minimum makespan). If the pair is not unique for a given

instance, we take an average of the different pairs that lead to the minimum objective

value for both k1 and k2.

It is impossible to compare all the values of k1 and k2 to obtain the optimal values.

However, by using the sequential uniform design, we are able to quickly obtain the

optimal values (or at least near-optimal) of k1 and k2 for a given instance.

Following the basic structure of the sequential uniform design, we obtain the

desired pair of k1 and k2 for each instance. Now we describe the specific details in

the experiment design. It’s clear that D
(0)
i = Di = (0, 10] for ki, i = 1, 2. We

choose U37(3712) as the first uniform design and U∗31(3110) as the second and following

uniform design. The two uniform designs and the related usage directions can be
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found in [16]. The reason why we conduct the uniform design in this way is that

it is very difficult to develop a large size uniform design table, especially with good

property in statistical meaning. The uniform design table U37(3712) and U31(3110)

are large size table but also have been demonstrated the good quality in terms of

statistics which implies they should have good performance when we apply them.

We first use a rather larger and more complicated uniform design table U37(3712) to

help us find out a better initial solution which can help us find out a good solution

eventually and also could save the computing time in the following iterations if the

initial solution is good and already close to the optimal solution, then we can apply

a bit smaller uniform design table U31(3110) which can help us reduce the computing

time, and the statistical property of U31(3110) is so good that we believe it can help

us get a good solution.

Set β = 0.5 and σ = 0.001. By running the sequential uniform design, we obtain

the proper pairs of k1 and k2 for all the 77 instances. From these 77 pairs of k1 and

k2, we find that k1 is changing with the instances, while k2 is quite stable (5.296)

for the majority of the instances. For efficiency and convenience, we set k2 = 5.296

as a fixed number. For k1, we conduct a linear regression and the results suggest

that the following rules can be used for the selection of proper values for k1 with the

factors which affect most: k1 = 12.68ϕ − 12.20FP . Finally, we obtain the following

expressions for k1 and k2.

k1 = 12.68ϕ− 12.20FP

k2 = 5.296
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3.5. Performance Evaluation of the Dispatching

Rule

Once we have on hand the values of k1 and k2, we obtain the values of all the parame-

ters of the dispatching rule. Next, we conduct the experiments to test the performance

of the AMFR rule.

To measure the performance of the dispatching rule, we compare the makespans

under two kinds of schedules: the optimal one and the one used in the hospital.

Due to complexity of the OR scheduling problem, we are only able to obtain optimal

schedules for problems with small sizes. Thus, we conduct the experiments to test the

perfromance of the schedules for only instances with 4 operating rooms, 8 surgeons

and 16 surgeries.

We use Relative Deviation (RD) to measure the difference between the makespan

generated by the dispatching rule and the optimal makespan. RD is defined as follows.

RD =
V (our rule)− V (OPT )

V (OPT )
,

where V (ATCF) (V (OPT )) represents the makespan under the AMFR (optimal)

schedule.

Figure 3.1 shows the comparisons of makespans between AMFR rule and the

optimal schedule for the 40 instances. Fig. 3.1 shows the ratios of objective values

between AMFR rule and the optimal schedule (i.e., V (AMFR rule)
V (OPT )

), which directly shows

that the RD for each instance. The average ratio of objective values of the AMFR

rule is 1.095, meaning that the Average Relative Deviation(ARD) is 9.5% for the all

40 instances. From Fig. 3.1, we can see that the variance of the AMFR rule is quite

reasonable, from the smallest deviation 0 to the largest one 0.2. The majority of

results for the AMFR rule scatter between 1.05 to 1.15, showing that the AMFR rule
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Figure 3.1: Comparison for objective values between the dispatching rule and optimal
schedule

is able to get a sufficiently good schedule for the OR scheduling problem with small

sizes.

Now we compare the performance of the AMFR rule with the performance of the

real schedules. Note that we use the data of 77 days from 117 days to obtain the

values of k1 and k2. We now use the remaining 40 instances to test the performance

of the AMFR rule with the real data. Here we introduce a new measure, the relative

improvement of the AMFR rule over the real schedules used by the hospital, compared

with the optimal schedule. It is defined as Relative Improvement (RI).

RI =
V (RealSchedule)− V (AMFR rule)

V (RealSchedule)
,
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Similarly, we define the Relative Deviation (RD) to measure the difference of

objective values between the AMFR rule and the real working time in hospital.

RD =
V (Reallife)− V (AMFR rule)

V (AMFR rule)
,

where V (AMFR) (V (RealSchedule)) represents the makespan under the AMFR (real

hospital) schedule. Since the ORs are opened at 8:00am on weekdays, thus 8:00am is

set as the starting time of the hospital.

Table 3.2: ARI and ARD for the AMFR rule and real hospital data

Situation 1 Situation 2 Situation 3 Situation 4

ARI(%) 15.27 19.58 75.18 38.95

ARD(%) 21.41 34.37 592.37 229.59

In Table 3.2, Situation 1 stands for the remaining 40 instances which have more

than 40 jobs in one day but do not be used for determining the values of the pa-

rameters; Situation 2 represents for the total 117 instances which have more than 40

jobs in one day; Situation 3 denotes the 63 instances which have less than 40 jobs in

one day; and Situation 4 means the total 180 instances we have at hand. We com-

pute both the Average Relative Improvement (ARI) and Average Relative Deviation

(ARD) for the 4 different situations to obtain the whole picture of the performance

of the AMFR rule. From the results in Table. 3.2, we can see that ARI are more

than 15% and ARD is up to 21% for Situation 1, even much better for Situation 2

where ARI is up to 20% and ARD is almost 35%.

As we described before, we do not take into consideration the instances with less

than 40 surgeries in one day when we figure out the values of k1 and k2. Now we check

the performance of the AMFR rule for such cases. From the results of ARI and ARD

for Situation 3, it is obvious that the AMFR rule certainly obtain good schedules
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under this situation since ARI is 75% and ARD is as high as 592%. Last but not

least, we also compute ARI and ARD for all the 180 instances (i.e., Situation 4).

The results are 39% for ARI and 230% for ARD which are impressive as the index

for the overall performance for all the instances.

These results convincingly show that the simple AMFR rule indeed is effective on

the OR scheduling problem in hospitals, even for the days with large amount of jobs

like more than 40 surgeries one day, let alnoe the days with small number of surgeries.

To move a step further, we check the number of days that the surgeons can get

off work on time among the 180 days. Generally, the surgeons start to perform the

scheduled surgeries at 8:00am and are off duty after 5:00pm. However, from the real

data, we know that in only 10 out of 180 days, i.e., 5.56% of days the surgeons are off

work on time; even worse, in 55 days, i.e., 30.56% of days the surgeons complete the

surgeries in the early morning next day. Certainly, this is very bad and undesirable

situation for the surgeons and hospital management. When applying the AMFR rule,

we can improve this situation significantly. For all the 180 days, we can increase the

days from 10 to 80, in which all the surgeries complete their work within the normal

working time. That means in 39% of the days the surgeons complete their sugeries

on time, and only in 19 days the surgeons have to work overnight. This is a decrease

from 30.56% to 10.56%. In the schedule generated by the AMFR rule, we somehow

help solve the efficiency problems of hospitals.

The optimal instances and the real life cases have shown how good the schedules

generated by our dispatching rule. But to a step further, we still want to know the

gap between the our dispatching rule and the optimal schedule. Since it is nearly

impossible to find the optimal schedule in a reasonable time for the large jobs, es-

pecially for more than 40 jobs, here we take the advantage of simulated annealing

heuristic to get the near optimal schedule. So in the next section, we introduce the

famous Simulated Annealing algorithm to generate a new schedule, which could be
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considered as the near optimal schedule, by treating the schedule got from our rule as

an initial solution. In this way, we can compare the makespan generated by our rule

with the one got from the near optimal schedule to see the performance evaluation of

our rule.

3.5.1 Further Comparison Between the AMFR Rule and

Simulated Annealing Algorithm

Lee et al. [49] discuss the basic idea of Simulated Annealing (SA). However, Matsuo et

al. [59] and Johnson et al. [40] have shown that a good seed solution can considerably

decrease the computation time. Therefore, if using the solution obtained with the

AMFR rule as seed solution, we may quickly find a desirable improvement with SA

algrithm.

Following the scheme of SA used in [49], we modify the simulated annealing algo-

rithm as follows.

Step 0. Initialization. I = total number of stages, set as 100. J = number of

iterations for searches at each stage, set as 1000. Ps = acceptance probability, set as

Ps = 0.05− 0.05/100 ∗ stage. stage = 0, iteration= 0

Step 1.

x = an initial solution obtained by the AMFR rule;

Step 2.

stage = stage + 1. If stage > I, then terminate.

Step 3.

iteration= iteration + 1. If iteration > J , then go to Step 2.

Step 4. Find a new schedule based on x.

Here we randomly pick 3 jobs and sequentially change the position of these 3 jobs

(i.e., changing the first one to the second, the second to the third, and the third to the

first). Of course, the eligibility of the ORs should be checked first. If we change these
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three jobs successfully, we compute the makespan for the new schedule and denote it

as y.

Step 5.

If G(y) < G(x), then go to Step 6, else Step 7.

Step 6.

Set x = y, keep x as current optimum. Go to Step 4.

Step 7.

random = a random number generated from the uniform distribution on [0,1]. If

random< Ps, then x = y and go to Step 3, else go to Step 3.

In order to escape from the local optimal solution, there is a very important

element in Simulated Annealing Algorithm called Acceptance Probability P . The

acceptance probability P , which is generally positive, will allow us to consider an

inferior solution as a candidate. In such a way, we may escape from the local optimal

but eventually lead to an optimal or near-optimal solution. The P generally decreases

when the iteration of stage increases, which means that the probability of escaping

from a local optimal solution at a later stage is smaller. There are a lot of ways to set

the forms of acceptance probability P . Metropolis et al. [60] considered the P which is

not only consider the change of stages, but also depends on the solution x and solution

y. Then, Matsuo et al. [59] and Vakharia et al. [79] have shown that the performances

obtained by applying those acceptance probabilities which are independent of the

change of solutions are almost as good as the performances obtained using acceptance

probabilities which also consider the solution x and solution y. Therefore, we consider

similar setting of acceptance probability P which do not change within a stage. In

our numerical experiments, we consider the linearly decreasing function form of the

acceptance probability p with initial probability 0.5, which is also used by Matsuo et

al. [59] and Vakharia et al. [79]. Because the number of stages to be conducted is 100,
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so the form of acceptance probability P could be written as Ps = 0.05 − 0.05/100 ∗

stage.

We apply this algorithm to solve the 117 instances from hospital that have more

than 40 surgeries in one day and find that the ARD, the difference of objective

values between the AMFR rule and SA is just 1.26%. That means, on average, the

makespans are 7 minutes less if it is generated by SA than by the AMFR rule for the

117 instances.

This results convincingly show that the AMFR rule indeed has good performance,

but with significantly less computational effort, especially for the instances with large

sizes.

3.6. Conclusions

This chapter aims to present a composite dispatching rule for the OR scheduling prob-

lem with machine eligibility and resource constraints to minimize the makespan. The

proposed dispatching rule, the AMFR rule, seems working quite well as demonstrated

in the computaional experiments, even when there are more than 40 jobs in one day.

With the AMFR rule, it is easy and quick to find a quite effective dispatching rule

with the scaling parameters determined by using the instance data.

Shanghai General Hospital has a long history which can go back to 1864, and it

is also a hospital that has more than 60,000 surgeries per year. We believe that an

effective approach to schedule the ORs is desirable, if not necessary. From the experi-

ments, we can see that the hospital may have a better performance if the AMFR rule

is adopted since it significantly outperforms the real schedules used by the hospital.

Furthermore, compared with the schedules generated by simulated annealing, the

performance of the AMFR rule is almost the same, although SA algorithm requires

a much more computational effort.
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There is one more advantage of the AMFR rule. The scaling parameters k1 and k2

of the AMFR rule are determined initially by the data instance on hand and they do

not change through the whole computation process. In fact, they can be changed as

scheduling is going on since the parameters are functions of the data available, thus

it is a data-driven approach. Note that in practices, the surgeons are not available

for operations for the whole day. Especially in China, it is a very common that

the surgeons may handle the outpatients before noon and perform operations in the

afternoon. That means it is necessary to consider the release time of the machines

(i.e., surgeons). This case can be easily handled by the AMFR rule. At time t,

after some jobs are scheduled, when there are new surgeons are available to perform

operations, we can recompute the values of the parameters by using the updated data

for all the jobs that are waiting for processing and then apply the AMFR rule with

the updated values of the parameters. The dynamic setting of parameters is a big

advantage of the AMFR rule. Furthermore, whenever there is any change in the set

of available jobs, either the release of new jobs or the cancellation of existing jobs, the

parameters of the AMFR rule can be adjusted to the updated data. To summarize,

the AMFR rule are able to handle various practical cases.

Another advantage of the AMFR rule is that it is easy to understand and apply

in practices without much knowledge. Moreover, embedding it in a decision support

system is easy to implement due to its simplicity and low cost.

Last but not least, although we do not consider setup times explicitly in this

chapter, actually, the problem in a way can be viewed as a special case of a scheduling

problem with setup considerations. If job j can be processed by machine i, the related

setup cost is 0; if job j cannot be processed by machine i, the related setup cost may

be very high. Thus this study may be regarded as a supplement to the literature on

scheduling with setup considerations.
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Chapter 4

New Heuristic for A Two-Stage

No-Wait Hybrid Flowshop with

Eligibility Constraints

4.1. Introduction

We consider the scheduling problem of minimizing makespan in a two-stage no-wait

hybrid flow shop environment with eligibility constraints. The flow shop is a machine

environment with c stages in series; at stage s, s = 1, ..., c, there are ms machines in

parallel. Job j, j = 1, ..., n, has to be processed by one machine at each stage (Pinedo

[68]). For a flow shop environment, the number of stages is no less than 2, and all

the jobs follow same processing sequence: they will be processed by first stage, then

the second stage and so on; In addition, the processing time of job j psj, which psj

stands for the processing time of job j at stage s, could be diverse at each stage.

We consider the hybrid flowshop problem in this chapter and the difference between

a hybrid flow shop and a regular flow shop lays on that (Ruiz [70]), the number of

machines is strictly larger than 1 at least one stage for the hybrid case. We consider
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the two-stage hybrid flow shop scheduling problem in this chapter. Generally, when

a job goes to one stage, the job can be handle by any machine at this stage; but

in real life, this situation may be not true due to the different properties of the

machines at the same stage as well as the jobs, which we will illustrate it by real

example later. Therefore, in our research problem, we take the eligibility constraints

into consideration for both stages, which means that the job j can only be processed

correspondingly by the machines that belong to a specific subsets of all the machines,

Msj, at stage s, and any one of the machines in set Msj can process job j. In this

case, our research problem can be adapted to more complicated and practical cases.

The general machine eligibility constraints are considered in this chapter. Specifically

speaking, it means there are no special relations required among the different machine

sets Msj, j = 1, ..., n considering the same stage s. Besides, there is another restriction

that should be taken into account, the no-wait constraint. In a no-wait hybrid flow

shop, the operation of each job has to be processed without interruptions between

consecutive stages. This implies that the following situation could happen: the start

of a job on a given machine at the previous stage must be delayed even the machine

is available so that the completion time of this stage coincides with the beginning

of operation on the following machine at the later stage. This constraint requires

us to consider the whole picture of the process when we schedule the jobs, which

significantly increase the difficulty of the research problem. Our objective is to find

a good schedule for the jobs to minimize the maximum completion time, referred as

makespan or Cmax, a widely used optimization criterion in scheduling. This kind of

problem is typically referred to as FH2|no− wait,Mj|Cmax in scheduling literature.

The problem FH2|no − wait,Mj|Cmax is NP-hard which can be derived directly

from the fact that even for the very special hybrid flow shop case without any other

constraints, i.e., single machine at the first stage, two machines at the second stage,

the problem is NP-hardness proved by Gupta [31]). Lee and Vairaktarakis [46] show
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a more general result on the NP-Hardness of HFS problems. This means that the

two-stage no-wait hybrid flow shop problem is probably not possible optimally solved

by a polynomially bounded algorithm. With regard to the no-wait constraint, it is a

strong restriction which will make our problem much harder. For example, the simple

case: F2||Cmax, can be solved by the SPT-LPT Rule (Pinedo [68]). However, when we

consider the limitation about capacity between consecutive stages, i.e., F2|block|Cmax,

the problem will be much harder and more complicated. We can infer that the no-

wait constraint will definitely increase the difficulty of our research problem since the

no-wait constraint is stricter than block constraint. Last but not least, we also take

the eligibility constraints of machines and jobs into consideration for both stages,

which makes our problem even more complicated to a certain extent, and harder to

develop effective algorithms.

Actually, our research problem is motivated by the real case, the operating room

scheduling with downstream process, like ICUs or recovery rooms. Nowadays, the

managerial aspect of providing health services to patients in hospitals is becoming

increasingly important. Hospitals want to maximize the level of patient satisfaction,

on the one hand, while they need reduce costs and improve their financial assets,, on

the other hand. One unit that is of particular interest is the operating theater because

this facility is the hospital’s largest cost and revenue center. Hospital operating room

is one of the most infection-sensitive environments in health care facilities. Surgical

procedures could make patient vulnerable and increase the possibility that pathogens

may be transmitted to patients from surgical personnel, surgical equipment, the air

and a patient’s own skin flora. According to ISO Standard 14644 Cleanroom Class

Limits, we can divide the operating rooms into Class 1 to 9 by the Maximum Number

of Particles in Air, i.e., the maximum number of particles with the specified sizes

in each cubic meter is no more than a standard requirement, and Class 1 is within

the highest standard and the cleanest, Class 2 requires a lower requirement than
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Class 1, and so on. on one hand, we have to pay attention to the operating rooms

to control surgical site infections. On the other hand, not all the surgeries have the

same requirements about the airborne contaminant level, and it is extremely expensive

and unnecessary to build all the operating rooms with the highest standard. Taking

Shanghai General hospital as an example, which is one of the largest hospitals in

China, they have 3 Class 2 operating rooms, 2 Class 3 operating rooms and 12 Class 4

operating rooms in one of its branches. Therefore, we can see that we have to consider

the eligibility constraints in the operating room scheduling. However, generally the

whole surgery scheduling process is not finished in this part. Figure 4.1 illustrates a

flow process of a surgery. Patients will first receive operations in operating rooms.

Once the surgeries are finished in operating rooms, the patients will be immediately

transferred to the downstream, like ICUs or recovery rooms according to the status

of patients without any delay. Therefore, when the hospitals schedule the surgeries,

they not only have to consider which operating room should be assigned to due to the

eligibility constraints of operating rooms (equipment, maximum number of particles in

air, etc.), but also the availability and eligibility constraints of downstream resources.

If regard the operating rooms as the machines at first stage and the downstream

units, such as recovery rooms and ICUs as the machines at second stage, we can

see that there are multiple but not identical machines at each stage, which can be

treated as eligibility constraints for the operations (machines). Once the surgeries

are finished in the operating rooms, the patients will go to either ICUs or recovery

rooms depending on their status, which implies there are also eligibility constraints

for the patients (jobs) at this stage. In addition, there should be no delay when

patients are transferred between those two stages. Hence this kind of problem is

indeed an illustration of two-stage no-wait hybrid flow shop problem with eligibility

constraints.In addition, this kind of hybrid flow shop problems arise in many process
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industries such as electronics industry(Liu and Chang [56]), textile industry(Guinet

[28]) and manufacturing industry(Grabowski and Pempera [26]) in practice.

Background

• Surgery scheduling problem with downstream process

– Operations in Operating Room (OR)

– Recovery in downstream units

3

Stage 1 Stage 2

OR ICU

Recovery Room

OR1

ORs1

ORm1

ICU1

ICUm2

RR1

No-

wait

ICUS2

RRS3

RRm3

Figure 4.1: Flow process for surgery scheduling with downstream process

Particularly, this chapter makes the following contributions :

1.We consider a two-stage no-wait hybrid flowshop problem with eligibility con-

straints to minimize the makespan 2. model it as a MIP model, and get the optimal

solution for the small size problems. we study the structure properties of the research

problem and propose the theoretical result, as well as some special cases. Besides, we

find some dominant rules 3. We provide a composite dispatching rule to solve this

research problem, especially for the large size problems. The efficiency and of our

dispatching rule is demonstrated through numerical experiments, and can be easily

extended to the problem with release time.

In what follows, we propose a MIP model and a heuristic which is a logical combi-

nation of the modified Largest Processing Time First (LPT) rule and Least Flexible

Job First (LFJ) rule and the impact of real completion time of the specific job to

minimize the makespan for the two-stage no-wait hybrid flow shop problem with eli-

gibility constraints, and provide a detailed computational analysis of the performance

of the heuristic based on experiment design. The remainder of this chapter is orga-

nized as follows: In Section 2 we present several theoretical results and dominance

84



4.1. INTRODUCTION

rules functioning as schedule elimination criteria which can be used to improve the

performance of the dispatching rule. In Section 3, we build the MIP model and solve

it with CPLEX. In Section 4, we present the general framework of the heuristic. In

Section 5, we present a comprehensive computational study with regard to the perfor-

mance of the heuristic. We conclude in Section 6 with a discussion of future research

directions.

Due to the prominence and complexity of the hybrid flow shop problems in the-

ory study, and wide usage in practice, many researchers are devoted to this research

area and have obtained some results to the related problems. As for the two-stage

hybrid flow shop problem with parallel machines at each stage, Hong and Wang [35],

Schuurman and Woeginger [72], and Vairaktarakis and Elhafsi [77] propose heuristic

algorithms for FH2, ((PM (k))2k=1)||Cmax, and Haouari et al. [33] develop a branch-

bound algorithm for this problem. Furthermore, researchers provide solutions for

some special cases. For problem FH2, ((1(1), PM (2))||Cmax, Gupta et al. [32] come

up with a neural network algorithm, and Tsubone et al. [76] provide a heuristic algo-

rithm. For even more special case, FH2, ((1(1), P2(2))||Cmax, Bolat et al. [5] develop

a branch-bound algorithm, a genetic algorithm and a heuristic algorithm respectively.

Zhang et al. [87] find a heuristic algorithm for problem FH2, (P1(2), 2(1), )||F . When

consider parallel machines with different speeds, i.e., Qm, at each stage, Soewandi and

Elmaghraby [74], Kyparisis and Koulamas [45] study FH2, ((QM (k))
(2)
k=1)||Cmax and

provide heuristic algorithms with lower bound. As for unrelated parallel machines

(Rm) at each stage, Figielska [21] comes up with the heuristic algorithm for problem

FH2, (RM (1), 1(2))|pmtn, resource(1)|Cmax. One step further, Figielska [22] finds how

to apply genetic algorithm and simulated annealing algorithm to solve this problem.

Low et.al [58] study the specific case for the problem FH2, ((RM (1), 1(2))|Mj|Cmax

with machine eligibility constraints at the first stage.
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The literature with regard to the two-stage no-wait hybrid flow shop problem

is not very extensive. Xie et al. [84] provide the heuristic algorithm for problem

FH2, ((PM (k)2k=1)|no− wait|Cmax. Guirchoun et al. [30] come up with the optimal

solution for the special case FH2, (1(1), P2(2))|no − wait, (pj = 1)1|Cmax. From the

literature research above, we can find that there are a few chapters that consider the

machine eligibility constraints or no-wait constraint in the two-stage hybrid flow shop

problems. Furthermore, when the researchers solve with those kinds of constraints,

they somehow simplify the problems. For example, Low et al. [58] consider the

machine eligibility constraints only at the first stage, and Guirchoun et al. [30] have

strong limits on the number of machines at each stage as well as the unit processing

time for all the jobs at the first stage. Not many chapters have studied the two-stage

hybrid flow shop problem with eligibility constraints and no-wait constraint at the

same time; on the other hand, this kind of problem is very common in real life as we

have mentioned before. So the research problem that we study in this chapter is not

only of academic importance to supplement scheduling theories, but also play a very

important role in practice.

As we have mentioned before, the two-stage no-wait hybrid flow shop problem

with eligibility constraints at both stages is NP-hard. There are generally two ways

to deal with NP-hardness problems. One way is to find out the exact algorithms.

Arthanari and Ramamurthy [4], Salvador [71], Brah and Hunsucker [6] and Moursli

and Pochet [61] develop branch-and-bound algorithms for the multi-stage flexible flow

shop problems. The branch-and-bound algorithm is an exact solution technique which

guarantees the optimal solutions. However, the proposed exact algorithm is generally

applied to the problems with small size. When an exact algorithm is applied to the

flexible flow shop problems of large size, it usually takes hours or days to derive a

solution. Another way is to propose the heuristic algorithms. A heuristic approach

is adapted to the flexible flow shop problems with different sizes, and it can achieve
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a solution in a considerably short time even for the large problem size, but does not

guarantee an optimum solution. The exact solutions and the heuristic algorithms

have their own pros and cons. In this chapter, we propose an exact algorithm, as

well as the heuristic one. For the exact algorithm, we model our problem as a mixed

integer programming (MIP) and solve it by CPLEX software to obtain the optimal

solution. Due to the machine eligibility constraints and no-wait constraint which

sharply increase the difficulties to solve the problem, it is not an easy task to develop

an effective heuristic algorithm. In the end, we find a new composite dispatching rule

to provide a feasible solution for the complicated scheduling problem.

Dispatching rule is an effective method to deal with the real world problems,

especially for the complicated scheduling problems. Researchers have paid a lot of

attention in this field and have developed different dispatching rules respectively.

There are generally two types of dispatching rule: static and dynamic. The static

rule means that it is irrelevant to time and is a function only decided by the property

of jobs or/and machines, such as Shortest Processing Time first (SPT) rule. On the

other hand, the dynamic rule takes time into consideration. For example, the Min-

imum Slack (MS) rule schedules jobs according to the value of max(dj − pj − t, 0).

The dispatching rule we consider in this chapter is the composite dispatching rule,

which is an well organized combination of the different dispatching rules. There are

two parts of a composite dispatching rule, the basic dispatching rules and the scaling

parameters which are used to balance the weight and role of each dispatching rule

as a whole. Another important thing about the dispatching rule is the way how you

combine the dispatching rule. Generally, researcher will first study the essence and

property of the research problem, then develop the new dispatching rules/choose the

exited rules and determine the way to combine the different rules, and last but not

least, find out the scaling parameters to balance the rules. Generally, the performance

of dispatching rule is quite acceptable to a extent. And for some scheduling problems,
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researcher have shown that the dispatching rules even can provide the optimal solu-

tions. Pinedo [68] obtain the optimal solution for problem P |Mj(nested), pj = 1|Cmax

by developing the Least Flexible Job first (LFJ) rule; The composite dispatching rule,

Apparent Tardiness Cost first (ATC) rule, is one of the most famous and widely used

rule. It is efficient and effective for the NP-hardness problem, such as 1||
∑
wjTj

and P ||
∑
wjTj. Later, Lee and Pinedo [50] and Lee et al. [49] develop and ex-

tend ATC rule to Apparent Tardiness Cost with Setup (ATCS) rule so that it could

be applied to both single machine and parallel machine scheduling problems with

sequence-dependent setup time constraint. As for the hybrid flowshop problems, the

dispatching rules are also commonly used tools. Guinet [29] apply the dispatching

rule and achieve the feasible solution for FHm, ((PM (k))mk=1)||Cmax, Tmax. Kochhar

et al. [43] and Kochhar et al. [44] study the same problem but with the stage skipping

case. Choi [13] study and develop a dispatching rule to minimize the total tardiness

with job reentrant. Lee [47] modify the common dispatching rules to estimate the

lead time in the dynamic hybrid flow shop problems.

Therefore, we could see that the dispatching rules have been applied to many

problems, from single machine to parallel machine environment, as well as to the

hybrid flow shop problems. Especially for the complex scheduling problems, or the

ones with strong constraints, dispatching rules could provide the reasonable solutions.

Above all, our research problem is exactly the one which the dispatching rule could

have a good effect, and we try to find out an efficient and effective solution based on

the composite dispatching rules

4.2. Problem Formulation

In a two-stage no-wait hybrid flow shop scheduling problem, job j, j = 1, , n, with

processing time pj, is to be processed by one of the machines at stage s, s = 1, 2.
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For each stage s, we have ms non-identical machines in parallel, which means that

not all the machine can handle all the jobs, and not all the jobs can be processed by

all the machines. Here, we introduce the notation, As,i,j, to stand for the eligibility

constraint. If job j can be processed by machine i at stage s, then As,i,j = 1; otherwise,

it equals to 0. Each job follows the same flow sequence from one stage to the next

one, and can be processed exactly by one of the machines at each stage. And our

object is to find an appropriate solution to minimize the makespan. The following

Table 4.1 lists the additional definitions and notations that we will use in formulating

the problem.

Table 4.1: Notation
Notation Explanation
s two stages,s=1,2
ms number of machines at stage s
n number of jobs
psj processing time of job j at stage s
As,i,j indication for eligibility constraints, if job j can be processed by

machine i at stage s,then it equals to 1; otherwise it equals to 0
M a big number M
k1(k2) scaling parameter for composite dispatching rule
xs,j,k if job j is sequenced before job k at stage s,

then it equals to 1; otherwise it equals to 0
ys,i,j if job j is assigned to machine i at stage s,

then it equals to 1; otherwise it equals to 0
Ss,j starting time of job j at stage s
Cmax makespan of the schedule
wli potential workload of machine i at stage 1 for unscheduled jobs
ctj completion time of job j
p average processing time of all the jobs

As it can be seen, with the above definitions and notations, we can model many

realistic problems and constraints arising in practice in our chapter. With notation

As,i,j, we can not only model the current eligibility constraints of machines and jobs

in industries, but also can be adapt to the future cases with new types of jobs and

machines. In addition, if the company wants to add more machines, and they are
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wondering the different performance between the multipurpose machines or special

machines for processing special jobs, our model with these notations also can provide

some managerial insights for the decision makers. With notation Ss,j, we can easily

get and adjust the lag time between two consecutive stages of one job according to the

real life requirements. What’s more, the special requirement of processing sequence

of any two jobs can be captured by notation xs,j,k. Hence we can see that these

definitions and notations can help us formulate the models and special constraints

that arise from realistic situations that we include in this chapter.

The research problem we consider is significantly more complicated than other

flowshops, in which the machines are identical and there is no extra requirement of

the lag time of the job between two consecutive stages. And we have already showed

that our research problem is NP-hard in the above section, and our objective it to

minimize the maximum completion time, known as makespan or Cmax. Combining

the three field notation for scheduling problems, and the aforementioned definitions

and constraints, our research problem considered in this chapter can be denoted as:

FH2|no− wait,Mj|Cmax.

4.3. Example Problem

In this section, we will use an example to illustrate the complexity of this scheduling

problem. We consider an instance with five jobs and two stages with two machines

in each stage. Therefore n = 5, m1 = m2 = 2. Table 4.2 gives the eligibility for the

jobs on the machines at each stage. Table 4.3 shows the processing times of jobs for

each stage.

Suppose we have a permutation of jobs π = 3, 4, 2, 1, 5, we want to find out the

makespan. The jobs are scheduled to different machines at each stage listed as follows:
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Table 4.2: Eligibility (As,i,j) of jobs on machines for the example

s1 s2

j i1 i2 i1 i2

1 1 1 0 1

2 0 1 0 1

3 1 1 0 1

4 1 1 1 0

5 0 1 1 0

Table 4.3: Processing time (psj) at stage s for the example

j s1 s2

1 23 20

2 23 20

3 10 21

4 23 18

5 17 20

𝑷𝟏𝟒 =23

Stage 1

Stage 2

m1

𝑷𝟐𝟒 = 𝟏𝟖

𝑷𝟏𝟑 =
𝟏𝟎

𝑷𝟐𝟑 = 𝟐𝟏

𝑷𝟏1 =23

m2

m1

m2

𝑷𝟐5 = 20

𝑷𝟏2 =23

𝑷𝟐2 = 𝟐0

𝑷𝟏5 = 17

𝑷𝟐1 = 20

Figure 4.2: Grantt chart for example problem. Cmax = 73

 2 1 2 1 2

1 2 1 1 2
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where each column stands for the machines assigned to the job at each stage at

the position in the permutation correspondingly. We can see that this assinment is

feasible from the perspective of the eligibility constraints at both stages. Figure 4.2

illustrates the resulting Gantt chart for detailed scheduling.

From the Figure 4.2, we can observe that when job 2 starts its processing at

stage 2, there is idle time between job 2 and its predecessor, job3. It seems that

the bottleneck of the scheduling lies at stage 1. However, job 1 has to wait for the

availability of machines at stage 2, even the machine at stage 1 is available and idle,

so job 1 has to postpone its starting time at stage 1. Now, the bottleneck is at stage 2.

So from this example, we can infer that we not only have to consider the eligibilities

of machines and jobs, but also have to measure the potential workload of machines

at each stage, balance the whole scheduling of two stages as well as reduce the idle

time between two successive jobs in order to minimize Cmax. Therefore, it is not an

easy task to get a good schedule for our research problem.

4.4. MIP Model Formulation

Modeling the hybrid flow shop problems as Mixed Integer Programming (MIP) models

is a common way to solve those complex scheduling problems. In this section, we will

show how to model our research problem into a MIP model.

The objective function is

Min Cmax

And the constraints are:
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ms∑
i

ys,i,j = 1, ∀j (4.1)

ys,i,j ≤ As,i,j, ∀i, j, k (4.2)

xs,j,k + xs,k,j = 1, ∀j, k (4.3)

M(2 + xs,k,j − ys,i,k − ys,i,j) + Ss,k ≥ ps,j + Ss,j, ∀i, j, k (4.4)

S1,j + p1,j = S2,j, ∀j (4.5)

Cmax ≥ S2,j + p2,j ∀j (4.6)

xs,j,k ∈ {0, 1}, ys,i,j ∈ {0, 1} ∀i, j, k (4.7)

Ss,j ≥ 0 ∀j (4.8)

Constraint set (4.1) assures that each job will be processed by one and only one ma-

chine at each stage; With constraint set (4.2), we can meet the eligibility constraints,

i.e., the jobs will not be assigned to the machines that cant process it. Constraint set

(4.3) avoids the occurrence of cross-precedences. Constraint set (4.4) makes sure that

the completion time of the job j is no later than the starting time of the job k under

the condition that job j precedes job k. Note again that no-wait constraint between

two stages is considered in this chapter. With constraint set (4.5), we enforce there is

no delay for jobs between two stages. Constraint set (4.6) determines the maximum

completion time and controls the total makespan of the scheduling is no early than

the completion time of any job. Finally, constraint set (4.7) and constraint set (4.8)

define the decision variables.

We build this MIP model for our research problem, and try to solve this one

by the commercial solver, CPLEX. The reason why we do not develop a branch-

and-bound algorithm for this model is that achieving a tight lower bound for this
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problem regarded as a very difficult job. Just taking the eligibility constraints into

consideration, most possible lower bounds could not work since the completion time

of jobs depends on the sequence. From literature, we can find that researchers tend

to solve the flow shop problems by commercial solvers. For example, Stafford and

Tseng (two models for a family of flowshop sequencing problems) solve F |Si,j,k|Cmax

problem by Lindo, a commercial solver, and Ruiz et al. use CPLEX to get solution

for the similar problem. As we have mentioned, the exact methods for complicate

flow shop problems are restricted to very special cases and can’t provide tight bounds

for the majority cases. Above all, it seems acceptable that we can get reasonable

results by an efficient solver using linear relaxations of variables.

But there are both merits and demerits about CPLEX: for small size problem,

it can get the optimal solution in reasonable time; for large size problem, it usually

takes a huge amount of time. For example, if we have 16 jobs, and 4 machines at

both stages, even for problem with this size, CPLEX cant get the optimal solution in

reasonable time. Although recent theoretical advances in integer programming and

computer hardware have resulted in robust commercial software, large-sized problems

cannot be solved optimally within a reasonable time on a personal computer. Thus,

we must come up with a new method which can combines effectiveness and efficiency

for solving such problems.

4.5. Composite Dispatching Rule

We have shown that the MIP model can be applied to small or medium size instances,

but not efficient for the larger size problem. In this section, we propose a new heuristic

method to deal with this kind of scheduling problem based on the composite dispatch-

ing rule. Before we elaborate on our heuristic algorithm, we state several optimality

properties of the problem itself.
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As we have showed before, the problem is rather complicated and it’s not easy

to find out the optimal properties. But for some special cases, there could be the

optimal algorithm. For example, when the number of machines at the second stage is

no less than the number of jobs (m2 ≥ n), the problem for minimizing the makespan

can be optimally solved by a schedule in which jobs are arranged in descending order

of their processing times at the second stage for no-wait two-stage flow shop problems

without eligibility constraints ([75]). But when we consider the same problem with

eligibility constraints, especially when considered for both stages, the problem will be

much more complex, and the previous algorithm is not the optimal solution anymore.

In the following part, we try to shed some light for the theoretical properties for our

research problem, FH2|no−wait,Mj|Cmax, to help us learn more about the problem

and get some insights:

Proposition 1 If there is only one machine at stage 1, and p2j 6 p1j for all job

i, a schedule in which jobs are arranged in ascending order of their processing times

(SPT) at the first stage is optimal. See Figure 4.3 for illustration.

Research problem

• FH2|𝑛𝑜 − wait,𝑀𝑗|𝐶𝑚𝑎𝑥

• Special cases

– 1. If there is only one machine in stage 1, and 𝑝2𝑗 ≤ 𝑝1𝑗, SPT Rule is 

optimal

– 2. If there are two different machines in stage 1 and two types of jobs 

which one of them satisfies 𝑝𝑠𝑗 = 1, so this problem can be solved by 

modifying the algorithm that can solve F2 𝑏𝑙𝑜𝑐𝑘 𝐶𝑚𝑎𝑥

10

Figure 4.3: Illustration for case 1

Proposition 2 If there are two different machines at stage 1 and two types of

jobs which one of them satisfies psj = 1, s = 1, 2, so this problem can be solved by

modifying the algorithm that can solve F2|block|Cmax. See Figure 4.4 for illustration.
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Research problem

• FH2|𝑛𝑜 − wait,𝑀𝑗|𝐶𝑚𝑎𝑥

• Special cases

– 1. If there is only one machine in stage 1, and 𝑝2𝑗 ≤ 𝑝1𝑗, SPT Rule is 

optimal

– 2. If there are two different machines in stage 1 and two types of jobs 

which one of them satisfies 𝑝𝑠𝑗 = 1, so this problem can be solved by 

modifying the algorithm that can solve F2 𝑏𝑙𝑜𝑐𝑘 𝐶𝑚𝑎𝑥

10

Figure 4.4: Illustration for case 2

If there are two jobs adjacent in both stages in a optimal schedule, then job

i should precede job j if the following condition holds or alternatively get another

optimal schedule: p2j 6 p1i 6 p1j 6 p2i. See Figure 4.5 for illustration.

Research problem

• Dominance rule

– If there are two jobs adjacent in both stages in a optimal schedule, 

then job i should precede job j if the following condition holds or 

alternatively get another optimal schedule:

𝑝2𝑗 ≤ 𝑝1𝑖 ≤ 𝑝1𝑗 ≤ 𝑝2𝑖

17

𝒑𝟐,𝒊

𝒑𝟏,i 𝒑𝟏,𝒋

𝒑𝟐,𝒋

Stage 1

Stage 2

Figure 4.5: Illustration for dominance rule

We propose these optimality properties to study the essence of the research prob-

lem. By studying the properties and taking main factors into consideration for our

research problem, we carefully design a composite dispatching rule considering all the

constraints. The composite dispatching rule consists three parts. The first part is to

measure the effect of processing time of jobs while balancing the potential workload

of each machine. The second part is to cogitate the no-wait constraint. Last but not

least, we take into account the flexibility constraint and use the well known Least

Flexibility Job first rule. In order to balance the impacts of all the constraints and

make these three parts organically combined, we apply two scaling parameters, k1

and k2. Then, through a statistical analysis, we determine the proper values for k1

and k2, to complete our composite dispatching rule. Our rule works as follows when
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determining the ranking index of jobs that have not been scheduled yet. Every job is

assumed to be available from time zero onwards, i.e., all release dates are zero. When

machine i is idle at time t, an index Iij(t) is calculated for each one of the jobs that

has not been scheduled yet (i.e., jobs waiting for processing) and that are eligible for

being processed by machine i:

Iij(t) =
p2,j∑
j p2,j

1− wli∑
i wli × exp(−k1

ctj
p

)× exp

(
− mj

k2m

)
,

The job with the largest index Iij(t) is picked at time t to start its processing on

the machine just freed. Select a machine arbitrarily if more than one machine is freed

at the same time. This composite dispatching rule is mainly controlled by the scaling

parameters k1 and k2. These parameter values can be determined from the data of

instances at hand by applying the statistical tools.

Here we consider the Sequential Uniform Design Method. Given basic information

of instances, the search for the best k1 and k2 is performed by considering different

settings. If the search is effective and efficient enough without costing much time, we

can get a good pair of k1 and k2 to obtain good performance of the heuristic algorithm.

The methods and results of these experiments are described in what follows.

4.5.1 The Sequential Uniform Design Method and the Algo-

rithm

To find the best pair of k1 and k2 for any given instance fast, we use a method

referred to as the Sequential Uniform Design method (also known as the Sequential

Number-Theoretic Optimization (SNTO) method, see Fang and Wang [19]). Uniform

experimental design is a space filling design method for experiments where the un-

derlying model is not known (see Fang and Lin [17]). The goal of the uniform design

method is to find the design points that are uniformly scattered over the experimen-
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tal domain. One advantage of the uniform design is that it can explore relationships

between the responses and the factors in a reasonable number of runs and it is ro-

bust with regard to the underlying model specifications (see Fang et al. [18]). Many

uniform designs have been constructed and tabulated for practical use (the uniform

design tables are available at http://uic.edu.hk/ isci/).

We now generalize the steps of the Sequential Uniform Design method to obtain

proper expressions for k1 and k2. The proposed algorithm, combining the general

framework of the SNTO algorithm provided by Zhang et al. [86], is described as

follows.

Algorithm SUD

Step 0 (Initialization):

Set t = 0, D
(0)
i = Di, a

(0)
i = ai, and b

(0)
i = bi, i = 1, 2. Let Di = [ai, bi] be the range

of values ki may take.

Step 1 (Selection of Proper Uniform Design):

Choose a proper uniform design table, such as Un(qm), where q stands for the q pos-

sible values for each factor, m stands for the maximum number of factors considered

in this design, and n stands for the test number. By applying this specific uniform

design, we get nt points q(t) uniformly scattered over D
(t)
i = [a

(t)
i , b

(t)
i ].

Step 2 (Computation of Extreme Value):

Find the objective values with the pairs of k1 and k2 from the uniform design. Choose

the pair x
(t)
i of k1 and k2 that can generate the best value of the objective and set

these as the new center of k1 and k2.

Step 3 (Termination Criterion):

Let c
(t)
i = (b

(t)
i − a

(t)
i )/2. If max c

(t)
i < σ, a preassigned small number, then D

(t)
i is

small enough; the pair of values for k1 and k2 are acceptable and STOP.

Otherwise, proceed to the next step.

Step 4 (Domain Contraction):
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Form the new domain D
(t+1)
i = [a

(t+1)
i , b

(t+1)
i ], where

a
(t+1)
i = max(x

(t)
i − βc

(t)
i , ai), b

(t+1)
i = max(x

(t)
i + βc

(t)
i , bi),

and β is a predefined contraction ratio to scale down the length of two adjacent

points in the uniform design. Set t = t+ 1. Go to Step 1.

Fang and Wang [19] suggest setting n1 > n2 = n3 = ... and β = 0.5. Using

the above algorithm, we can obtain the best pair of k1 and k2 for each given problem

instance. By running a sufficient number of instances, we can obtain sufficient data to

get proper expressions for k1 and k2 as functions of the defined factors and statistics.

In this way, we finally determine all the parameters in the dispatching rule.

4.6. Computational Evaluation

We apply two different sets of instances to check the performance of the MIP model

and the composite dispatching rule to investigate the impact of real life considerations.

Becasue of the complexity of the problem, we mainly test two kinds of problems, the

small size ones and large size ones. The differences mainly lie in the n, mi. The

largest instances have 20 jobs, 5 machines at each stage (10 machines in total). The

processing times of jobs follow the distribution U[20,50]. We do not consider the

extreme large size problem. One reason is that although our dispatching rule can get

the solution in a short time, the running time for MIP model is fairly long and the

accuracy is not satisfactory. Since we utilize the results of MIP model as benchmark

to measure our heuristic algorithm, we hope to give a solid criteria. The other reason

is that in real life, there are not so many jobs in a time block. For example, Stafford

and Tseng [37] solved instances of up to nine jobs and nine machines for a F |Sijk|Cmax

problem with LINDO commercial solver. The authors needed about 6622 and 300 s
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CPU time in a Pentium III 800MHz computer for each one of the two models they

proposed, respectively.

For the small size problems, the MIP model can find the optimal solutions in

reasonable time and for the large size problems, we make the CPLEX software run

for enough time to help us get good results. Then, we utilize the results of the MIP

model as benchmarks to evaluate the performance of our dispatching rule.

The criteria is the Relative Deviation, which is defined as:

RD =
V (Heuristics)− V (CPLEX)

V (CPLEX)

where V(Heuristic) (V(CPLEX)) denotes makespan under the Heurisitic (MIP) sched-

ule.

Considering the potential range of k1 and k2, we apply U37(3712) as the first

Uniform Design and U31(3110) as the second uniform design, and set β = 0.5, σ =

0.001 (See Fang [16] for the use of these two uniform designs and the instructions).

The reason why we conduct the uniform design in this way is that it is very difficult to

develop a large size uniform design table, especially with good property in statistical

meaning. The uniform design table U37(3712) and U31(3110) are large size table but

also have been demonstrated the good quality in terms of statistics which implies they

should have good performance when we apply them. We first use a rather larger and

more complicated uniform design table U37(3712) to help us find out a better initial

solution which can help us find out a good solution eventually and also could save the

computing time in the following iterations if the initial solution is good and already

close to the optimal solution, then we can apply a bit smaller uniform design table

U31(3110) which can help us reduce the computing time, and the statistical property

of U31(3110) is so good that we believe it can help us get a good solution. For each

instance, we will find the best combination of k1 and k2 by the uniform design, which
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won’t have a big effect on the running time but guarantee the performance of our

dispatching rule.

As can be seen, increasing the number of machines at each stage

Table 4.4: Comparison results with optimal solutions

n m1 m2 ARD∗(%) Running time for CPLEX(min)

12

2 3 8.2 0.3

3 3 6.5 0.5

3 2 1.4 0.5

For the small size problems, we can get the optimal solutions by CPLEX in a very

short time; but for the large size ones, CPLEX can’t provide the optimal solution even

given a large amount of time; hence we can obtain a ”near” optimal result by imposing

a time limit for each instance, like 420 min. And for each scenario, we take the average

results of the relative deviation for 20 instances, and the results are shown in Table

4.4 and 4.5. From Table 4.4, we can see that the MIP model can get the optimal

solution in reasonable time and compared with the optimal solution, the performance

of our dispatching rule is quite good. The average ARD of different scenarios is about

5%, and the largest deviation is 8.2%, less than 10%; and the ARD could be as less as

1.4%, which is quite satisfactory. As can be seen, increasing the number of machines

at each stage will dramatically increase the running time of CPLEX. As for the results

of the larger size problem which is presented in Table 4.5, we run CLPEX for a large

amount of time, like 420 min, to provide the ”near” optimal solution, and then we

evaluate the performance of our heuristic rule by comparing with the ”near” optimal

solution. The results are still good; the average ARD for all the scenarios is about

7.4%, and the largest deviation is around 10.7%, and the smallest difference could be
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as less as 3%. Above all, we can infer that the performance of our heuristic algorithm

is quite satisfactory.

Table 4.5: Comparison results with near optimal solutions

n m1 m2 ARD#(%) MIP (min)

16

3 4 10.7# 420

4 4 7.7# 420

4 3 3# 420

20 5 5 8.6# 420

4.7. Conclusions

In this chapter, we mainly discuss about the scheduling problem of minimizing

makespan in a two-stage no-wait hybrid flow shop environment with eligibility con-

straints. This research problem has a wide usage in real life, such as the scheduling

problem of operating rooms with downstream resource constraints. For this problem,

we model it as a MIP model, and try to get the optimal solution for the small size

problems. Then, We study the structure properties of the research problem and

propose the theoretical result, as well as some special cases. Besides, we also find

the dominant rule to show light on this problem. Another important contribution of

this chapter is that we provide a composite dispatching rule to solve this research

problem, especially for the large size problems. The efficiency and of our dispatching

rule is demonstrated through numerical experiments by testing different scenarios.

Meanwhile, our dispatching rule can be easily extended to the problems with release
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time or setup considerations. Our heuristic algorithm is easy to understand and

expected to perform reasonably well. Also, for implementation in cases, the cost

will be low since our rule does not have special requirements about the hardwares.

And this approach can be extended to other scheduling problems under different

application backgrounds.
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Chapter 5

Conclusions

5.1. Summary

We consider three models for the health care management, especially for the oper-

ating room scheduling problems. We start with the one-stage scheduling problem,

considering the operating room scheduling with eligibility constraints. Then, we take

both eligibility and resource constraints into consideration to adapt to the compli-

cated real life requirements. Last but not least, we study the two-stage scheduling

problem, taking both the operating rooms and the downstream units, like ICUs and

recovery rooms into consideration.

For the first problem, we develop a two-phase heuristic for minimizing the total

weighted tardiness in a parallel machine environment subject to machine eligibility

constraints. In particular, we construct for this problem a new composite dispatch-

ing rule, the ATCF rule, and conduct experiments to empirically evaluate its per-

formance. Furthermore, the performance of the dispatching rule can be improved

significantly using some simple properties without requiring much additional com-

putation time. We also collect a real data set from a large hospital and apply our
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dispatching rules on that data set. The schedules generated by the dispatching rules

are significantly better than the schedules generated in practice.

Although we do not consider setup times explicitly, it is well-known that setup

times often have to be taken into consideration in many practical problems. In a

survey of industrial managers, Panwalkar et al. [66] discover that more than three

quarters of the managers report that some of the operations they schedule require

sequence-dependent setup times, while approximately 15% report that all operations

require sequence-dependent setup times. Also, Wilbrecht and Prescott [83] find that

sequence-dependent setup times are significant when a job shop is operated at or

near full capacity. So setup considerations in scheduling are not only of academic

importance, they play a very important role in practice as well. The problem we

consider in this thesis can in a way be viewed as a special case of a scheduling problem

with setups. If job j can be processed on machine i, the associated setup time is 0; if

job j cannot be processed on machine i, the associated setup time may be very high.

Thus our results may be regarded as a supplement to the literature on scheduling

with setup times considerations.

The dispatching rule has additional advantages that are worth mentioning. First,

the scaling parameters k1 and k2 in our dispatching rule are determined at time zero

by the data of the instance at hand and they do not change while the scheduling

process evolves. However, they could be changed while the scheduling process evolves

since the parameters are functions of the available data. Furthermore, our dispatching

rule can be extended easily to be able to deal with situations in which jobs are released

at different times.

Consider the following operating room scheduling problem with release date con-

straints: in many hospital settings, surgeons are not available for surgeries at just

any time of the day. For example, in many hospital environments it is common for

surgeons to deal with outpatients before noon and perform surgeries in the afternoon.
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This implies that at times one has to consider release dates of surgeons. This case

can easily be solved by our dispatching rule. At time t, after some jobs have been

scheduled, when additional surgeons have become available who bring new surgeries

along, we can recompute the parameters using updated data that include all jobs

waiting for processing; then we can apply our dispatching rule with the updated pa-

rameters. The dynamic setting of parameters is a big advantage of our dispatching

rule which is the key factor of the flexibility of our rule. Whenever there is any change

in the set of available jobs, either through releases of new jobs or cancellations of old

jobs, the parameters of our dispatching rule can be adjusted to the updated data.

Therefore, the ATCF rule can handle a lot of cases in the real world requiring only

minor modifications.

We also discuss the effects of characteristics that we apply in our thesis. It is clear

that the the due date tightness τ plays an important role in the performances of the

ATC and ATCF rules. Actually, the fact that the performance of the dispatching rule

is decreasing with increasing τ is intuitive. A large τ implies that the jobs on average

have rather tight due dates and the due dates are so tight that a small deviation

may result in a significant difference even if the schedule is not far from optimal. On

the other hand, if the τ is smaller, the whole system may be more flexible so that

even if the schedule generated by the dispatching rule is slightly different from the

optimal one, the objective value could be very close to optimal, i.e., the tolerance for

deviation is higher.

To be more precise, we conducted separately two linear regressions for these two

forms of nestedness with 100 instances, in order to test whether the τ does have a

negative effect on the relative deviation between the ATC rule and the ATCF rule.

The results show that the due date tightness τ indeed has a strongly negative effect

on the relative deviation between the ATC rule and the ATCF rule.
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From the experimental results, we notice that the ATCF rule and Rule 5 perform

very well when the job flexibility ϕ and the machine flexibility ψ are high; their

performances are reasonable in all cases under the asymmetric form of nestedness,

and also with relatively small numbers of jobs under the symmetric form of nestedness.

(For detailed results, please refer to the Table 2.18 in the Online Supplement). We

now provide possible explanations for this phenomenon.

If the job flexibility ϕ and the machine flexibility ψ are low, implying that job

processing and machine use are very restricted, then the objective values achieved

with the ATCF rule or with Rule 5 may be quite different from the Near Optimal

ones, even when the schedules may appear similar.

The situation may be different when the flexibility is high, since there may be

many more different optimal schedules than when the flexibility is low. Thus it may

be possible that either the schedules generated by the dispatching rules are similar to

the optimal schedules, or that the objective values are close even though the schedules

are not very similar. (In fact, the cases with higher flexibility are more in line with

reality and are those that concern industries the most. In low flexibility cases, e.g.,

extreme cases with dedicated machines, it is usually easy to obtain a satisfactory

schedule based on experience.)

Furthermore, we present a composite dispatching rule for the OR scheduling prob-

lem with machine eligibility and resource constraints to minimize the makespan. The

proposed dispatching rule, the AMFR rule, seems working quite well as demonstrated

in the computaional experiments, even when there are more than 40 jobs in one day.

With the AMFR rule, it is easy and quick to find a quite effective dispatching rule

with the scaling parameters determined by using the instance data. From the ex-

periment results using the real hospital data, we can see that the hospital may have

a better performance if the AMFR rule is adopted since it significantly outperforms

the real schedules used by the hospital. Furthermore, compared with the schedules
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generated by simulated annealing, the performance of the AMFR rule is almost the

same, although SA algorithm requires a much more computational effort. Another

advantage of the AMFR rule. The scaling parameters k1 and k2 of the AMFR rule

are determined initially by the data instance on hand and they do not change through

the whole computation process. In fact, they can be changed as scheduling is going

on since the parameters are functions of the data available, thus it is a data-driven

approach. Note that in practices, the surgeons are not available for operations for the

whole day. Especially in China, it is a very common that the surgeons may handle

the outpatients before noon and perform operations in the afternoon. That means it

is necessary to consider the release time of the machines (i.e., surgeons). This case

can be easily handled by the AMFR rule. At time t, after some jobs are scheduled,

when there are new surgeons are available to perform operations, we can recompute

the values of the parameters by using the updated data for all the jobs that are

waiting for processing and then apply the AMFR rule with the updated values of

the parameters. The dynamic setting of parameters is a big advantage of the AMFR

rule. Furthermore, whenever there is any change in the set of available jobs, either

the release of new jobs or the cancellation of existing jobs, the parameters of the

AMFR rule can be adjusted to the updated data. To summarize, the AMFR rule are

able to handle various practical cases. Another advantage of the AMFR rule is that

it is easy to understand and apply in practices without much knowledge. Moreover,

embedding it in a decision support system is easy to implement due to its simplicity

and low cost. Although we do not consider setup times explicitly in this thesis, ac-

tually, the problem in a way can be viewed as a special case of a scheduling problem

with setup considerations. If job j can be processed by machine i, the related setup

cost is 0; if job j cannot be processed by machine i, the related setup cost may be

very high. Thus this study may be regarded as a supplement to the literature on

scheduling with setup considerations.
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Last but not least, we also pay attention to the scheduling problem of minimizing

makespan in a two-stage no-wait hybrid flow shop environment with eligibility con-

straints. This research problem has a wide usage in real life, such as the scheduling

problem of operating rooms with downstream resource constraints. For this problem,

we study a makespan minimization problem in a two-stage no-wait hybrid flow shop

with eligibility constraints. We develop a MIP (Mixed Integer Programming) model

and a heuristic algorithm based on the composite dispatching rule for the research

problem. We also study the structure properties of the research problem and propose

the theoretical result, as well as some special cases. Besides, we also find the dominant

rule to show light on this problem. An extensive computational study is conducted

on the performance of our heuristic algorithm against a comprehensive benchmark

provided by the approximate solver, CPLEX, for the MIP model. The efficiency and

of our dispatching rule is demonstrated through numerical experiments by testing

different scenarios. Meanwhile, our dispatching rule can be easily extended to the

problems with release time or setup considerations. Our heuristic algorithm is easy

to understand and expected to perform reasonably well. Also, for implementation in

cases, the cost will be low since our rule does not have special requirements about

the hardwares. And this approach can be extended to other scheduling problems

under different application backgrounds. Overall, the results show that this thesis

brings the gap between theory and practice of scheduling and the performance of the

proposed algorithm is quite satisfied.

Therefore, we can see that the main results and contributions are that:

1. We study three practical schedluing problems motivated by applications in

healthcare operations management, by considering eligibility and resource constraints,

and more practical objective. Three new dispatching rules are developed for solving

these three complicated scheduling problems. These dispatching rules are easy to un-

derstand and implement in practices. Through extensive computational experiments
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with randomly generated as well as real data sets, we demonstrate the efficiency and

effectiveness of the heuristic algorithms.

2. We innovatively apply Sequential Uniform Design (also known as the Sequential

Number-Theoretic Optimization (SNTO)) to quickly find the best pair of scaling

parameters for the composite dispatching rules. One major advantage of the uniform

design is that it can explore relationships between the responses and the factors in

a reasonable number of runs and it is robust with regard to the underlying model

specifications.

3. We propose dominance rules and identify special cases for the three scheduling

problems. In this way, not only can we shed light on the essential characteristics of

the problems, but also show that those rules can help improve the solutions obtained

from the heuristic algorithms as seed solutions.

5.2. Future Work

Although I have tried my best, there are still some limitations about my work. For

future work, it will be of interest to consider problems with similar objective functions

but with different constraints and different machine environments. For the one stage

scheduling problem with eligibility constraints, the most important assumption is the

nestedness of the machine eligibility constraints. It may be of interest to study more

general machine eligibility constraints that are not nested. For the problem that

takes resource constraints into consideration, it will be interesting to look into other

real OR scheduling problems with different constraints and machine environments.

For example, more and more hospitals pay attention to the OR scheduling problems

with pre-operative and post-operative services in practice, and dispatching rules are

promising approach for handling OR scheduling with the complicated settings. For

the two stage no-wait hybrid flowshop problem, there are some extensions for future
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work. First, we consider the general flowshop problem, and we may study the flowshop

with special constructions, for example, the proportional flowshop. In this way, we

may get some interesting findings. In addition, we may consider more types or more

stages to adapt to more complicated real life cases.
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