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a b s t r a c t

This paper considers proactive scheduling in response to stochastic machine breakdown under deteriorating

production environments, where the actual processing time of a job gets longer along with machine’s us-

age and age. It is assumed that a job’s processing time is controllable by allocating extra resources and the

machine breakdown can be described using a given probability distribution. If a machine breaks down, it

needs to be repaired and is no longer available during the repair. To absorb the repair duration, the subse-

quent unfinished jobs are compressed as much as possible to match up the baseline schedule. This work aims

to find the optimal baseline sequence and the resource allocation strategy to minimize the operational cost

consisting of the total completion time cost and the resource consumption cost of the baseline schedule, and

the rescheduling cost consisting of the match-up time cost and additional resource cost. To this end, an effi-

cient multi-objective evolutionary algorithm based on elitist non-dominated sorting is proposed, in which a

support vector regression (SVR) surrogate model is built to replace the time-consuming simulations in eval-

uating the rescheduling cost, which represents the solution robustness of the baseline schedule. In addition,

a priori domain knowledge is embedded in population initialization and offspring generation to further en-

hance the performance of the algorithm. Comparative results and statistical analysis show that the proposed

algorithm is effective in finding non-dominated tradeoff solutions between operational cost and robustness

in the presence of machine breakdown and deterioration effect.

© 2015 Elsevier B.V. All rights reserved.
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1. Introduction

As one of the most crucial functions in a manufacturing system,

production/machine scheduling determines the allocation of limited

resources, such as machines, operators and tools, to a set of compet-

ing jobs or operations on a short term (daily or weekly) basis, in order

to optimize one or several objectives with respect to a job’s com-

pletion time [1]. Production scheduling returns a baseline schedule

which specifies the time/machine/operation assignments. The main

purpose is to pursue the optimality or near-optimality of the baseline

schedule under ideal environmental conditions. However, in practice,

the assumption of ideal environmental condition does not hold due

to the intrinsic uncertainties in real world. In the presence of such

uncertainties, the baseline schedule quickly becomes infeasible as

jobs scheduled in the time interval of machine breakdown could

not be processed as planned, and therefore, appropriate reactions

are needed to partially or completely reschedule the unfinished
∗ Corresponding author. Tel.: +44 1483686037.
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obs. From the practitioner’s point of view, it is important to make

ure that the revised schedule deviates as little as possible from the

aseline schedule and maintains satisfactory performance.

To handle such uncertainties, the robustness of the baseline

chedule has been widely studied in the literature [2]. Generally

peaking, there are two types of robustness: quality robustness

nd solution robustness. Quality robustness means that the perfor-

ance of the realized schedule is relatively insensitive to machine

reakdown, and does not degrade significantly in the presence of

ncertainties. By contrast, solution robustness is also referred to

s stability [3,4], which means that the realized schedule stays in

onsistence with the baseline schedule as much as possible after

isruptions. The importance of solution robustness can be illus-

rated in three aspects [5]. First, facilitated by powerful Internet

echnologies, companies frequently share their production schedules

ith their raw material suppliers. It is expected that suppliers make

ust-in-time delivery of material following the baseline schedule.

econd, the baseline schedule serves as a performance indicator for

anagement and shop-floor operators. Third, the baseline schedule

rovides visibility into the near future, allowing the quotation of

ompetitive delivery dates for customers.

http://dx.doi.org/10.1016/j.knosys.2015.09.032
http://www.ScienceDirect.com
http://www.elsevier.com/locate/knosys
http://crossmark.crossref.org/dialog/?doi=10.1016/j.knosys.2015.09.032&domain=pdf
mailto:yaochu.jin@surrey.ac.uk
http://dx.doi.org/10.1016/j.knosys.2015.09.032
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Once machine breakdown occurs, repairing of the machine will

e undertaken immediately, resulting in an unavailability time inter-

al during which no production can be carried out. A widely adopted

pproach to reducing the impact of machine breakdown, known as

he proactive scheduling, is to generate a predictive schedule that

s robust against anticipated disruptions that may occur during ex-

cution of the schedule [2–4]. After disruption happens, the realized

chedule can match up with the baseline schedule as soon as possi-

le using additional resource cost. Therefore, this paper adopts the

roactive scheduling approach and aims to find the optimal process-

ng sequence and a resource allocation strategy so as to minimize the

perational cost of the baseline schedule and the rescheduling cost in

esponse to machine breakdown, which is in essence the solution ro-

ustness. Here, we assume that machine breakdown can be described

sing a probability distribution. It is further assumed that the opera-

ional cost is measured by the sum of total completion time cost and

esource cost of the baseline schedule, and the rescheduling cost con-

ists of the match-up time cost and additional resource cost. To min-

mize the above objectives, a multi-objective evolutionary algorithm

ased on non-dominated sorting has been proposed. To enhance the

omputational efficiency, support vector regression based surrogate

odels have been employed to reduce the extra computation time

eeded for assessing the solution robustness. In addition, a priori do-

ain knowledge, here the structural property of the predictive sched-

le is embedded into the evolutionary algorithm to help improve the

earch efficiency.

The remainder of this paper is organized as follows. In Section 2,

review of relevant literature is provided. Section 3 formulates the

roactive scheduling problem considered in this work. A knowledge-

ased multi-objective evolutionary algorithm is presented in Section

to solve the proposed proactive scheduling problem. In Section 5,

omparative studies are conducted to verify the effectiveness of the

roposed algorithm. Finally Section 6 concludes this paper and sug-

ests a few future research directions.

. Literature review

In scheduling literature, proactive scheduling approaches to han-

ling uncertainties aim to prepare a baseline schedule which can be

asily adjusted within little performance degradation [2–4]. Aytug et

l. [6] review existing literature on scheduling in the presence of un-

oreseen disruptions and robust scheduling approaches focusing on

redictive schedules that minimize the effect of disruptions. Sabun-

uoglu and Goren [7] summarize existing robustness and stability

easures for proactive scheduling and endeavor to understand the

hilosophy of proactive and reactive approaches by analyzing the ma-

or issues in a scheduling process under uncertainties and studying

ow different policies are generated for handling these issues.

The buffering approach is the most frequently used proactive

pproach to minimizing the impact of stochastic disruptions, through

hich idle times are inserted into the predictive schedules [8–10]. It

s first proposed by Mehta and Uzsoy [8] for a job-shop scheduling

roblem. They present a proactive scheduling approach so as to ab-

orb the impacts of breakdowns. By jointly deciding the location and

mount of additional idle time along with the proactive schedule,

revised schedule can be obtained with simple adjustments and

ittle performance degradation under certain conditions. After that,

tudies on accommodating disruptions through inserting idle times

nto the baseline schedule have been reported by many researchers.

eus and Herroelen [9] consider inserting idle times on a single

achine to maximize solution stability under uncertainties. They

how that the horizon of the predictive schedule is not propagated

ith small changes caused by uncertainty in processing time. Yang

nd Geunes [10] consider a scheduling problem aiming to create

predictive schedule with uncertain arrival of future jobs. The

mount and positions of additional idle time are determined for the
redictive schedule to minimize the sum of tardiness cost, disruption

ost and wasted idle time cost. Goren and Sabuncuoglu [4] consider

cheduling problems with processing time variability and machine

reakdowns. A proactive scheduling approach that requires inserting

dle times is taken so as to minimize two robustness and three

tability measures being defined.

In the above reviewed literature, the buffering approach has been

idely adopted [2,8,11–13], and has been examined as an efficient

roactive approach to generating a robust baseline schedule with

xed processing times. However, inserting idle times will degrade

he performance of the baseline schedule and if no disruption occurs,

he inserted idle time becomes useless and the limited capacity of

roduction resources is wasted. By assuming that the job processing

ime can be compressed with certain extra resource cost [14], sev-

ral researchers consider absorbing disruptions by extensively com-

ressing a set of jobs in the schedule to catch up with the baseline

chedule at a certain point. For example, Akturk et al. [15] study a

cheduling problem on non-identical parallel machines with disrup-

ions, where the processing time of each job is controllable at a cer-

ain manufacturing cost. They generate reactive schedules to catch up

ith the baseline schedule as soon as possible in response to disrup-

ions with a slight increase in manufacturing cost. Gurel et al. [16]

onsider anticipative scheduling problems on non-identical parallel

achines with disruptions and controllable processing times. Distri-

utions of uncertain events and flexibilities of jobs are considered for

aking the anticipative schedule, and a match-up strategy is used

o catch up with the predictive schedule at some certain point with

ompression of processing times for the remaining jobs. Al-Hinai and

lMekkawy [17] address flexible job shop scheduling problems with

andom machine breakdowns to find robust and stable solutions. Sev-

ral bi-objective measures along with the robustness and stability of

he predictive schedule are investigated.

Deterioration effect widely exists in realistic production environ-

ents [18–23], and has been extensively studied in rescheduling

roblem with disruptions [24–26], where the actual processing time

f a job becomes longer if the job starts processing later. However,

ot much work has considered generating a proactive schedule with-

ut idle time in response to machine breakdown under deteriorating

roduction environments. Controllability of job’s processing time en-

bles us to use non-buffering proactive approaches so that the disrup-

ion can be absorbed at the price of additional resource cost. Taking

eterioration effect into account makes the formulation of the prob-

em more realistic but unfortunately also more difficult to solve.

Consequently, this work aims to solve proactive scheduling prob-

ems in the presence of machine breakdown and deterioration effect.

he objective is to find an optimal processing sequence and a resource

llocation strategy for the baseline schedule to simultaneously min-

mize the initial operational cost and rescheduling cost (i.e., solution

obustness) in response to machine breakdown. In order to solve this

hallenging proactive scheduling problem, a knowledge-based multi-

bjective evolutionary algorithm is proposed to reduce the compu-

ational cost resulting from simulation-based robustness evaluation

nd to enhance the search capability of the algorithm.

. Problem formulation

Assume that there is a set of n jobs {J1, J2, . . . , Jn} to be processed

ithout interruption on a common machine. All jobs are available for

rocessing at time zero. Each job Jj has a normal processing time p̄ j .

he processing times of jobs may be subject to change due to dete-

ioration of the machine’s performance with increase of machine’s

sage and age. In other words, the actual processing time of a job

ecomes longer if the job starts processing later. The strategy of con-

rolling the processing times of jobs by allocating extra resource with

orresponding resource consumption cost is adopted to improve the

cheduling performance, assuming that the actual processing time of
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a job can be modeled as a linear function of the resource amount allo-

cated to it. Specifically, the actual processing time of a job Jj is defined

as: p j = p̄ j + αt j − b ju j , 0 ≤ u j ≤ ū j < p̄ j/b j , where α > 0 is the de-

teriorating rate shared by all jobs, tj is the starting time of job Jj, bj is

the positive compression rate of job Jj, ū j is the maximum available

resource amount and uj is the amount of resource allocated to job Jj.

It is assumed that the decision maker is interested in finding a

baseline schedule π to minimize the operational cost measured by

the sum of the total completion time cost and resource consumption

cost, which is one of the objectives under consideration, and is de-

noted as follows:

f (π) = q

n∑
j=1

Cj(π) +
n∑

j=1

c ju j (1)

where q is the unit completion time cost, Cj(π ) is Jj’s completion time

in π , and cj denotes the unit resource cost of job Jj. Using the three-

field notation representation scheme α|β|γ introduced by Graham

et al. [27], we can formally formulate our original operational cost

minimization problem denoted by P as follows:

1
∣∣p̄ j + αt j − bju j

∣∣ f (π) (2)

where ‘1’ stands for a single machine, ‘p̄ j + αt j − b ju j ’ denotes job’s

actual processing time model, and f(π ) defines the objective to be

optimized. f(π ) is simplified as f whenever there is no ambiguity.

The following result provides the time complexity needed for solv-

ing problem P.

Lemma 1. Problem P can be solved in O(n3) time.

Proof. Please refer to Appendix A.

During the processing process, however, machine breakdown may

occur, which will disrupt the baseline schedule. Assume machine

breakdown follows a given probability distribution that can be in-

ferred from historical statistics, and let B be the stochastic variable to

describe the breakdown time of machine. We also assume that once

the machine fails, it will be immediately repaired. Considering the

deterioration effect, the repair duration is modelled as a linear func-

tion of the breakdown time: γ B + M (γ , M > 0), where M is the ba-

sic repair duration, and γ denotes the deteriorating rate. This reflects

the practical situation where as the deterioration of the production

condition accumulates, the time needed for repairing will usually be-

come longer too [28]. The so-called preempt-repeat case is considered

here, which means that if the machine breakdown occurs during the

processing of a job, this job needs to be re-processed from the begin-

ning. We also assume that the repairing can fully restore the initial

state of the machine, meaning that the actual processing time of a

job is reset to its normal processing time when it starts processing

immediately after the completion of the repair.

Once repair is complete, it is desirable not to reschedule all

remaining jobs to reduce computational burden and alleviate the

negative impact on the entire production system resulting from the

machine breakdown. In this work, we select a subset of subsequent

unfinished jobs and fully compress them so that the repair dura-

tion can be compensated as soon as possible. As a result, the par-

tially adjusted schedule will match up with the baseline schedule at

a certain time point after the machine breakdown. In other words,

from the match-up point on, the processing sequence and start-end

time of each job will again become identical with the baseline sched-

ule. The main criterion for the adjusted partial schedule, known as

the rescheduling cost, is measured as the sum of the match-up time

cost and the additional resource cost for the jobs to be further com-

pressed. The rescheduling cost is formulated as follows:

g(π, B) = mWmin + fWmin
(3)

where Wmin denotes the match-up time, m is the unit match-up time

cost, and fWmin
represents the additional resource cost for further
ompressing jobs’ processing times. Since the unforeseen disruptions

ause performance variability, the expectation of g(π , B) denoted as

(g(π , B)) is introduced as the robustness of the predictive schedule

ith stochastic machine breakdowns. Here, since no analytical func-

ion is available, the scenario-based evaluation approach is adopted

o evaluate the solution robustness, which can be denoted as follows:

(g(π, B)) = 1

s

s∑
i=1

g(π, Bi) (4)

here s represents the size of the scenario set for scenario-based fit-

ess evaluation of E(g(π , B)), and Bi denotes the machine breakdown

ime of the ith scenario in the scenario set. g(π , B) and E(g(π , B))

re simplified as g and E(g) or E separately when there is no ambi-

uity. Note that such simulation based evaluations of the solution ro-

ustness may become computationally very intensive and surrogate-

ssisted evolutionary techniques will be helpful.

A proactive baseline schedule is expected to be not only ad-

antageous in operational cost, but also robust against stochastic

achine breakdown. Hence, it would be ideal if we can find an

ptimal scheduling sequence and a resource allocation strategy that

imultaneously minimizes the initial operational cost and robustness

n response to machine breakdown. Unfortunately, such an ideal so-

ution does not exist and typically, there is a tradeoff between mini-

al initial operational cost and solution robustness. That is, the base-

ine schedule having the minimal initial operational cost may not be

ptimal in terms of solution robustness, vice versa. As a result, we

an only find a set of so-called Pareto optimal solutions, i.e., a set

f schedules that present different tradeoffs between the two objec-

ives. Again by using the representation scheme α|β|γ [27], we for-

ulate the above bi-objective scheduling problem denoted by P1 as

ollows:∣∣p̄ j + αt j − bju j, brkdwn, rs
∣∣(E(g(π, B)), f (π)) (5)

here ‘brkdwn’ stands for the stochastic machine breakdown, and ‘rs’

eans robust scheduling.

. A knowledge-based multi-objective evolutionary algorithm

As stochastic machine breakdown is considered in this work to

olve the proactive scheduling problem, no traditional mathematical

rogramming methods can be directly used due to the unavailabil-

ty of explicit analytic formulations for its robust objective [29]. For

his reason, we decide to design a multi-objective evolutionary al-

orithm (MOEA) for solving this problem, since MOEAs have been

roved to be effective in solving many scheduling problems [49],

ncluding dynamic scheduling problems [30–32], steelmaking cast-

ng problems [48], knowledge-based reactive scheduling system de-

elopment for emergency departments [50] and semiconductor fi-

al testing scheduling problems [51]. However, for evaluating the ro-

ustness of each solution, a large number of time-consuming Monte

arlo simulations have to be performed, since a set of stochastic ma-

hine breakdown scenarios need to be sampled. Therefore, we resort

o surrogate-assisted evolutionary algorithms to reduce computation

ost [17,33–35].

Surrogate-assisted evolutionary algorithms use surrogate models

o replace computationally expensive real fitness evaluations, which

ave attracted increasing attention of researchers working on opti-

ization of real-world applications involving expensive computation

r physical simulation for evaluating the fitness of candidate solu-

ions [38–41]. Many surrogate models have been employed to assist

volutionary algorithms, such as Gaussian process modeling, artificial

eural networks, support vector regressions and radial basis func-

ions, through which the computational cost can be reduced signif-

cantly due to the surrogate-assisted fitness evaluation instead of ex-

ct real fitness evaluation [34,36,37].
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Stopping Criterion?

Select the 2λ best solutions
through binary tournament

selection
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Local search based on a priori
domian knowledge

Output the obtained
Pareto front

Fig. 1. Flow diagram of ADK/SA-NSGA-II.

a

d

s

n

e

o

v

r

e

t

p

o

f

S

S

S

S

S

S

S

r

4

2

j

n

f

⇀

x

In the following, we propose a knowledge-based, surrogate-

ssisted multi-objective evolutionary algorithm using elitist non-

ominated sorting, termed ADK/SA-NSGA-II to solve the proactive

cheduling problem. The original elitist non-dominated sorting ge-

etic algorithm, known as NSGA-II [42], is a popular multi-objective

volutionary algorithm that has been successfully used for a variety

f optimization problems. Within NSGA-II, we introduce a support

ector regression mode as the surrogate to evaluate the solution

obustness to replace the time-consuming simulations. To further

nhance the search efficiency of the evolutionary search, the struc-

ural property based a priori domain knowledge is embedded in

opulation initialization and offspring generation. The main steps

f the proposed ADK/SA-NSGA-II algorithm are summarized in the

ollowing steps, also as illustrated in Fig. 1.

tep 1: Let T = 1, randomly sample pop solutions to form the ini-

tial population PT, and evaluate each individual through

simulation-based real fitness evaluation method.

tep 2: If the problem related stopping criterion is met, output the

obtained Pareto front; otherwise go to Step 3.

tep 3: Select λ pairs of best solutions through tournament selection

to form a parent population PP, where λ is an integer with λ
≥ 1 and is set as pop/2 by default.

tep 4: Apply intermediate crossover and Gaussian mutation on PP to

generate the offspring population PO with 2λ individuals.

tep 5: Improve PO through a priori domain knowledge based local

search where the analytical structural property of problem

P1 is considered.

tep 6: Take the exact fitness values in the first TrainScale number of

generations as the training data to prescreen PO using sup-

port vector regression (SVR) model in the original space. The
training data is updated in the following every TrainingInter-

nal generations using the newly achieved 2λ exact fitness val-

ues, so is the SVR model.

tep 7: Evaluate the real fitness value of the estimated SimulateRatio

percent best offspring from Step 6, and combine it with PT to

obtain PT+1. Go back to Step 2.

The following remarks on the proposed ADK/SA-NSGA-II algo-

ithm can be made.

(1) Simulation-based real fitness evaluations and fitness evalua-

tions based on the surrogate are mainly for estimating the so-

lution robustness E(g) of a schedule for problem P1 since no

analytic formulations are available for E(g). Efficient surrogate

model is used to replace the computationally expensive real

fitness evaluations, which can significantly reduce the compu-

tational cost. Here we assume that the computational cost for

building the surrogates is negligible compared to the expen-

sive simulation based fitness evaluations.

(2) We assume that the computational budget is limited and high

quality solutions should be obtained given limited computa-

tional budget to meet the increasingly stringent industry re-

quirements. Consequently, the stopping criterion is set as the

number of simulation-based real fitness evaluations which is

the product of maximum generation number N, exact evalu-

ated offspring number in each generation SimulateRatio × pop

and scenario set size simulationTimes for robustness evalua-

tion.

(3) It is desirable to construct a good surrogate model for locating

the most promising candidate solutions within a reasonable

amount of computational effort. Although we assume that the

computational cost of model construction is far less than that

of the simulation-based real fitness evaluation, it is not realis-

tic to use too many training data to train the surrogate model

and reconstruct the model very often. On the other hand, us-

ing too few training data and insufficient reconstruction may

deteriorate the reliability of the surrogate model and thus the

solution quality.

(4) After the surrogate model is used to prescreen the offspring

population, simulations will be used to re-evaluate part of

population, which are typically the most promising solu-

tions in the current population. The ratio of individuals to

be re-evaluated is defined by a parameter simulationRatio. Re-

evaluation of part of solutions can help prevent the search

from being misled by the approximation errors of the surro-

gate models.

(5) All individuals in the first TrainSetScale generations of the evo-

lution will be evaluated using the expensive simulations to

collect data for training the surrogates. Once the surrogate is

trained, it will replace the simulations to reduce computation

time. In addition, all individuals in the last generation will also

be evaluated using simulations to ensure that the fitness val-

ues of the Pareto optimal solutions obtained by the algorithm

are correct.

.1. Encoding scheme

The chromosome encoding the solutions to problem P1 contains

n elements, in which the first n elements form a permutation of n

obs and the following n elements correspond to a sequence of real

umbers from interval [0, 1]. The encoding scheme is formulated as

ollows.

i,t =

⎛
⎝ π−part︷ ︸︸ ︷

xi,1,t , xi,2,t , . . . , xi,n,t , xi,n+1,t , xi,n+2,t , . . . , xi,2n,t︸ ︷︷ ︸
y−part

⎞
⎠

i = 1, 2, . . . pop; t = 1, 2, . . . , N (6)
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where pop stands for the population size, N stands for the maximum

generation number, and
⇀

xi,t stands for the ith individual of the pop-

ulation in the tth generation. π-part of
⇀

xi,t directly encodes the se-

quence of all the jobs, and y-part presents the percentage of the pre-

allocated resource to the corresponding job sequenced in π-part.

4.2. Main evolutionary operations

4.2.1. Intermediate crossover

With a probability of CrossFraction, the following intermediate

crossover operation is applied on the π-parts and y-parts of two se-

lected individuals indicated by subscripts r1 and r2, respectively.

oi, j,t = pr1, j,t + rand · Ratio ·
(

pr2, j,t − pr1, j,t

)
i = 1, 2, · · · pop; j = 1, 2, . . . , 2n; t = 1, 2, . . . , N (7)

where oi, j, t denotes the jth entry of the ith offspring individual in the

tth generation, pr1, j, t and pr2, j, t represent the jth entries of two se-

lected individuals in the tth generation. rand is a decimal randomly

generated from [0,1], and Ratio is the parameter called ‘ratio’ to con-

trol the intermediate crossover process.

After adjusting each entries achieved through the above operation

within its feasible interval, the π-part of each chromosome should

be further repaired to fix infeasible solutions, for example those con-

taining duplicated jobs in the sequence. The duplicated jobs should

be replaced with missing ones.

4.2.2. Gaussian mutation

With a probability of MutateFraction, the following Gaussian mu-

tation is applied on the π-part and y-part of the selected individual,

respectively.

õi, j,t = oi, j,t+rand ·
(

Scale − Shrink · Scale · t

N

)
·
(
ulimit, j − llimit, j

)
i = 1, 2, . . . pop; j = 1, 2, . . . , 2n; t = 1, 2, . . . , N (8)

where rand is a decimal, uniformly generated number within the in-

terval [0, 1], Scale is used to control the mutation scale, Shrink repre-

sents the mutation shrink coefficient, ulimit, j and llimit, j are the upper

and lower bound of oi, j, t. Repair should be applied on õi, j,t similar to

the intermediate crossover operation to guarantee the feasibility of

the solution.

4.2.3. Selection based on non-dominated sorting and crowing distance

After E(g) and f are estimated for each individual, based on the

dominance relationship between individuals, the current population

is divided into K non-dominated fronts {PF1, PF2, . . . , PFK }. For any two

fronts PFi and PFj, if i < j, then any individual in PFj is dominated by

some individual in PFi. For individuals in the same front, a crowding

distance is calculated to measure the degree of diversity of each indi-

vidual. Fitness is assigned according to two criteria: individuals hav-

ing a smaller front number are preferred in selection, and for individ-

uals in the same front, those having a larger crowding distance will

be prioritized. Refer to [42] for details about non-dominated sorting

and crowding distance calculation.

4.3. Support vector regression model

4.3.1. Principles of support vector regression

It is assumed that a number of training data

{(x1, y1), (x2, y2), . . . , (xl , yl)} ⊂ X × R is available for construct-

ing the support vector regression model, where l is the size of the

training data, and X denotes the space of the input patterns X = Rd .

The main idea behind SVR is to map x ∈ Rd into some feature space

by a non-linear mapping φ( · ), and to find a linear function f(x)

that has at most ɛ deviation from the actually obtained targets y for
i
ll the training data [43]. The linear function f(x) is formulated as

ollows:

f (x) = ωTφ(x) + b (9)

here ω is the weight vector, and b is the threshold value.

In SVR method [43], the vector ω and the threshold b can be ob-

ained via the following optimization:

min
1

2
ω2 + C

l∑
i=1

(ξi + ξ ∗
i )

s.t.

⎧⎨
⎩

yi − K(ω, xi) − b ≤ ε + ξi

K(ω, xi) + b − yi ≤ ε + ξ ∗
i

ξi, ξ
∗
i

≥ 0

(10)

here C determines the tolerated deviation between the flatness of

(x) and ɛ, K(xk, x) = φ(xk)
T φ(x) is the kernel function. Here, the ra-

ial basis function is chosen as the kernel function K(xi, xj), defined

s K(xi, x j) = e−γ xi−x j
2
[43].

.3.2. Management of support vector regression model

By managing the SVR model, we mean the initial training of the

urrogate in the beginning of the optimization and the control of the

requency of updating the SVR model during evolutionary optimiza-

ion. In this work, we simply pre-specify that the surrogate is updated

n every TrainInternal generations. If the surrogate is to be updated,

he population in that generation is used to update the training data,

nd the newly generated data will be used to update the surrogate.

tep 1: Initialize the training data set with those individuals gener-
ated in the first TrainSetScale generations. All these individu-
als are exactly evaluated using the simulation-based real fit-
ness evaluation method. Thus a training data set formulated
is achieved as follows:

trainingSet = {(x11, x12, . . . , x1,2n, E1), . . . , (xi1, xi2, . . . , xi,2n, Ei),

. . . , (xl1, xl2, . . . , xl,2n, El)}, i = 1, 2, . . . , l

where l = TrainSetScale × pop denotes the row of the matrix,

and (xi1, xi2, . . . , xi,2n, Ei) represents the training data corre-

sponding to the ith individual (xi1, xi2, . . . , xi,2n) with Ei as its

robustness objective.

tep 2: Tune the two key parameters C and γ of the SVR model based

on the training data using cross validation. The exponen-

tial grid interval for C is set as [Cmin, Cmax], and the mov-

ing step is set as Cstep, meaning C takes a series of values

{2Cmin , 2Cmin+Cstep , . . . , 2Cmax}. Cmin, Cmax and Cstep are defaulted

as −5, 5, 1, respectively. The alternative values for γ are sim-

ilar with respect to γ min, γ max and γ step of the same default

values. The training data is divided into three parts for cross

validation, and the combination of C and γ with the most ac-

curate estimation is selected.

tep 3: Construct the SVR model based on principles of support vec-

tor regression, where the training data obtained in Step 1 and

the parameters tuned in Step 2 are adopted.

tep 4: After every TrainInternal number of generations, trainingSet

should be updated by replacing the dominated individuals

with those of higher qualities in the current generation. Con-

sequently, the SVR model should be updated with the same

method mentioned in its construction based on the updated

training data and the tuned parameters.

.3.3. SVR model based fitness evaluation

The constructed SVR model is embedded into the evolutionary

lgorithm to prescreen the obtained offspring population in each

eneration. Based on the evaluation results given by SVR model,

imulateRatio ∈ [0, 1] percentage of the promising individuals are
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Table 1

The results of parameters tuning.

Parameters Options Distances Parameters Options Distances

pop 50 3154 N 150 2069

100 1862 200 1853

150 2037 250 1853

TrainSetScale 1 4876 MutateFraction 1/n 2760

3 4429 2/n 2163

5 2123 3/n 3053

7 3101 4/n 4181

TrainInternal 3 4622 Ratio 0.8 3368

5 5712 1.2 2529

7 4475 1.6 3351

9 5430 (Scale,Shrink) (0.1,0.1) 5065

SimulateRatio 0.3 2014 (0.1,0.5) 5885

0.5 1981 (0.1,0.9) 8128

0.7 2793 (0.5,0.1) 2423

0.9 3786 (0.5,0.5) 1732

CrossFraction 1/n 2628 (0.5,0.9) 2787

2/n 2739 (0.9,0.1) 2089

3/n 3790 (0.9,0.5) 2171

4/n 3326 (0.9,0.9) 2217
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e-evaluated through simulation-based real fitness evaluation so as

o prevent the search process from being misled to a false optimum

34,37].

.4. Structural property based a priori domain knowledge

The following lemma defines the structure property that will be

sed as a priori domain knowledge of problem P1 in ADK/SA-NSGA-II

o enhance its search capability.

emma 2. For a given resource allocation strategy, the objective of op-

rational cost can be minimized by sequencing the jobs according to the

on-decreasing order of p̄ j − b ju j.

roof. Given the resource allocation amount for each job, the deci-

ion of sequencing jobs clearly does not affect the resource cost part

f f(π ). For any two adjacent jobs violating the non-decreasing order

f p̄ j − b ju j , applying the pairwise exchange technique clearly reduce

he total completion objective part. Therefore Lemma 2 holds.

According to Lemma 2, sequencing jobs in the non-decreasing or-

er of p̄ j − b ju j at given resource allocation will improve the total

ompletion time. Therefore, we apply this as a priori domain knowl-

dge to the population initialization and part of the obtained off-

pring individuals by adjusting their π-parts to minimize their initial

perational cost. Their y-parts are also adjusted accordingly to keep

he sequence in consistency with the π-parts.

. Comparative studies

.1. Experimental design

In order to examine the efficiency of the proposed knowledge-

ased surrogate-assisted multi-objective evolutionary algorithm

ADK/SA-NSGA-II), ten problem cases of randomly generated numeri-

al instances are considered. The problem cases are categorized based

n the number of jobs, and labeled as Cases 1 to 10 for 30, 50, 70, 90,

10, 130, 150, 200, 300 and 500 jobs, respectively. For each case, 100

umerical test instances are randomly generated, resulting in a total

f 1000 test instances. All the algorithms are implemented in MAT-

AB and run on a PC with 4 G RAM, Intel Core i5 CPU 2.5 GHz. In each

roblem case, the parameter settings are as follows:

(1) The normal processing time p̄ j , positive compression rate bj,

unit resource cost cj of each job are all decimals randomly gen-

erated from different uniform distributions U[1, 100], U[0, 1]

and U[2, 9], respectively, where j = 1, 2, . . . , n. The maximum

available resource amount ū j of each job is a decimal ran-

domly generated from the corresponding uniform distribution

U[0.6p̄ j/b j, 0.9p̄ j/b j].

(2) The deterioration rate is set as α = 0.01, the parameter of

the exponential distribution of machine breakdown is set as

E(B) = 100, the basic maintenance duration is set as M = 30,

the deterioration rate of repairing is set as γ = 0.01, the unit

completion time cost is set as q = 1 and the unit match-up

time cost is set as m = 100 according to the empirical data in

practice.

(3) The size of scenario set is set as SimulationTimes = 30 to eval-

uate the solution robustness of the candidate schedule.

In order to examine the performance of the proposed ADK/SA-

SGA-II, two other NSGA-II based algorithms are compared on the

bove test instances. One is NSGA-II using simulations only for fit-

ess evaluations (denoted as NSGA-II), the other is NSGA-II assisted

y a SVR model for fitness evaluations, which is termed as SA-NSGA-

I. The encoding schemes and evolutionary operators of NSGA-II and

A-NSGA-II are same as those of ADK/SA-NSGA-II for the fairness of
he comparison. We first compare SA-NSGA-II with NSGA-II to exam-

ne the efficiency of the proposed SVR model, and compare ADK/SA-

SGA-II with SA-NSGA-II to understand the improvement offered by

priori domain knowledge. In addition, we compare our algorithms

ith MOEA/D [46,47], another popular multi-objective evolutionary

lgorithm, which has been successfully applied to solve various dis-

rete and continuous multi-objective problems [46,47]. The encoding

chemes and evolutionary operators of MOEA/D are also the same as

hose of ADK/SA-NSGA-II for the fairness of the comparison.

To understand the search capabilities of the four algorithms un-

er comparison, we will present the initial population, convergence

urves and the obtained Pareto front of each algorithm from one typi-

al run, respectively. For benchmarking, we also apply the assignment

odel proposed in Lemma 1 to solve the test instance. This solution

ill serve as a reference, which only minimizes the operational cost

f the problem.

.2. Parameters tuning

The parameters of ADK/SA-NSGA-II algorithm, such as population

ize pop, the maximum number of generations N, SVR model related

arameters (TrainSetScale, TrainInternal, and SimulateRatio) and evo-

utionary operation related parameters (CrossFraction, Ratio, Mutate-

raction, Scale and Shrink) will certainly influence its performance.

herefore, parameters are first tuned based on the performance of

he results from 50 runs on Case 2. The average minimum distance

f the obtained Pareto front to the ideal point is used as an indica-

or for the performance of each tuned value of the parameter, where

he ideal point is constructed by the minimal operational cost of the

redictive schedule and the lower bound of the robustness objective.

he tuned results are shown in Table 1, and the highlighted values

re chosen for the subsequent comparisons. NSGA-II, MOEA/D and

A-NSGA-II share the same parameter values with ADK/SA-NSGA-II

f needed to ensure fair comparison. In MOEA/D, the number of the

eight vectors in the neighborhood of each weight vector T is set to

e 30 based on the results of our pilot studies.

Note that N = 200 is the tuned value of the maximum num-

er of generations. The corresponding computational cost of

DK/SA-NSGA-II measured by the number of fitness evaluations

sing simulations can be calculated as N × pop × SimulateRatio ×
imulationTimes, where pop × SimulateRatio × SimulationTimes is

he number of simulations employed in each generation. For fair

omparison, the maximum number of generations of NSGA-II and

OEA/D is set as N × SimulateRatio, so that the number of expensive
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simulations it uses is the same as ADK/SA-NSGA-II. And SA-NSGA-II

takes the same maximum number of generations as ADK/SA-NSGA-II

for its surrogate-assisted fitness evaluations.

5.3. Results

5.3.1. Optimization process of one typical test instance

The initial populations, convergence processes and the obtained

Pareto fronts of the four compared algorithms in solving one typical

test instance of Case 2 are shown in Figs. 2, 3 and 4, respectively. We

use these as examples of illustrating the contribution of SVR model

and the improvement gained by incorporating domain knowledge in

evolution. The results of Cases 1, 3–10 are similar to Case 2, and there-

fore are not shown here. From Fig. 2, we can observe that SA-NSGA-II,

NSGA-II and MOEA/D have the same initial population, and the initial

population of ADK/SA-NSGA-II is improved owing to the adjustment

done by incorporating a priori domain knowledge.

The convergence processes of NSGA-II, MOEA/D, SA-NSGA-II and

ADK/SA-NSGA-II under the same computational cost are shown in
ig. 3. The convergence curves show that fitness values converge

apidly in the four algorithms from the beginning to 5000 simulation-

ased fitness evaluations. SA-NSGA-II outperforms NSGA-II with any

umber of exact fitness evaluations. MOEA/D is competitive with

espect to SA-NSGA-II in the early stage of the search. However,

s the evolution continues, the advantage of SA-NSGA-II becomes

ore obvious. These indicate the efficiency of the constructed SVR

odel in speeding up the convergence. The convergence curves of

DK/SA-NSGA-II shows clear advantages over NSGA-II, MOEA/D and

A-NSGA-II during the entire optimization process, which shows that

priori domain knowledge leads to great improvement in the con-

ergence speed of the proposed algorithm.

Fig. 4 shows the obtained Pareto fronts from the four compared al-

orithms. It is observed that SA-NSGA-II achieves a better Pareto front

n comparison with NSGA-II. MOEA/D achieves similar robustness ob-

ectives to that of SA-NSGA-II, but has a much larger operational cost

n average. These indicate that the SVR model can efficiently im-

rove the operational cost of the schedules as well as their robust-

ess in response to machine breakdown. By comparing the Pareto

ronts approximated by ADK/SA-NSGA-II and SA-NSGA-II, we can see

he Pareto optimal solutions obtained by ADK/SA-NSGA-II are further

mproved. Based on these observations, we conclude that a priori do-

ain knowledge has significantly enhanced the searching capability

f the evolutionary algorithm.

By examining the optimal solution obtained by solving problem

through the assignment model proposed in Lemma 1 and those

areto optimal solutions approximated by ADK/SA-NSGA-II, we can

ee that the robustness of the solution will be very poor if only the

perational cost is minimized in response to machine breakdown.

t is indeed very helpful to make use of information about machine

reakdown to find non-dominated solutions that also take schedule

obustness into account. From the Pareto optimal solutions obtained

y the proposed ADK/SA-NSGA-II, it is very straightforward for the

ecision-maker to pick out a solution that has an acceptable opera-

ional cost but considerably reduced rescheduling cost, for example

he one indicated by the arrow in Fig. 4.

.3.2. Quantitative comparisons

Convergence and diversity of the obtained Pareto optimal solu-

ions are two most important aspects for measuring the quality of the

olutions. Among many others, inverted generational distance (IGD)

nd hyper-volume (HV) are two popular performance indicators. IGD

easures the average distance between the obtained Pareto front de-

oted by PF to the optimal Pareto front denoted by PF∗ [44]:

GD(PF ∗, PF) =
∑

v∈PF∗ d(v, PF)

|PF ∗| (11)
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Table 2

Comparative results between SA-NSGA-II and NSGA-II.

IGD HV

Ave Std Ave Std

Case 1 NSGA-II 0.04 0.03 2.19 × 107 3.14 × 107

SA-NSGA-II 0.01 0.01 2.22 × 107 3.14 × 107

Case 2 NSGA-II 0.08 0.06 3.77 × 109 3.04 × 1010

SA-NSGA-II 0.02 0.03 3.78 × 109 3.04 × 1010

Case 3 NSGA-II 0.15 0.09 9.19 × 107 2.29 × 108

SA-NSGA-II 0.01 0.01 1.11 × 108 2.79 × 108

Case 4 NSGA-II 0.26 0.13 1.92 × 108 1.18 × 109

SA-NSGA-II 0.01 0.02 2.33 × 108 1.35 × 109

Case 5 NSGA-II 0.34 0.15 1.40 × 108 6.30 × 108

SA-NSGA-II 0.00 0.01 2.29 × 108 1.00 × 109

Case 6 NSGA-II 0.46 0.20 6.93 × 107 1.77 × 108

SA-NSGA-II 0.01 0.03 1.39 × 108 2.25 × 108

Case 7 NSGA-II 0.44 0.18 1.43 × 108 3.08 × 108

SA-NSGA-II 0.01 0.03 2.77 × 108 4.33 × 108

Case 8 NSGA-II 0.60 0.16 1.14 × 109 7.49 × 109

SA-NSGA-II 0.00 0.01 2.52 × 109 1.04 × 1010

Case 9 NSGA-II 0.69 0.14 7.84 × 108 8.32 × 108

SA-NSGA-II 0.00 0.00 4.35 × 109 2.20 × 109

Case 10 NSGA-II 0.74 0.10 2.83 × 1010 2.51 × 1010

SA-NSGA-II 0.00 0.00 2.37 × 1011 9.74 × 1010

Table 3

Comparative results between MOEA/D and NSGA-II.

IGD HV

Ave Std Ave Std

Case 1 MOEA/D 0.13 0.06 1.20 × 107 1.85 × 107

NSGA-II 0.00 0.00 1.49 × 107 2.12 × 107

Case 2 MOEA/D 0.08 0.06 3.76 × 109 3.03 × 1010

NSGA-II 0.01 0.02 3.76 × 109 3.03 × 1010

Case 3 MOEA/D 0.03 0.05 9.03 × 107 1.99 × 108

NSGA-II 0.13 0.12 9.25 × 107 2.21 × 108

Case 4 MOEA/D 0.01 0.01 4.76 × 108 3.26 × 109

NSGA-II 0.29 0.17 4.58 × 108 3.27 × 109

Case 5 MOEA/D 0.00 0.00 2.80 × 108 1.06 × 109

NSGA-II 0.42 0.16 1.79 × 108 6.76 × 108

Case 6 MOEA/D 0.00 0.01 1.45 × 108 1.24 × 108

NSGA-II 0.60 0.16 4.07 × 107 6.65 × 107

Case 7 MOEA/D 0.00 0.00 3.66 × 108 4.80 × 108

NSGA-II 0.61 0.15 1.26 × 108 3.03 × 108

Case 8 MOEA/D 0.00 0.00 3.92 × 109 1.30 × 1010

NSGA-II 0.75 0.13 1.21 × 109 7.51 × 109

Case 9 MOEA/D 0.00 0.00 1.21 × 1010 8.66 × 109

NSGA-II 0.85 0.07 9.00 × 108 2.05 × 109

Case 10 MOEA/D 0.00 0.00 7.54 × 1011 2.10 × 1011

NSGA-II 0.89 0.05 2.77 × 1010 2.53 × 1010

w

d

t

r

n

f

I

s

t

c

r

p

p

o

T

t

i

a

Table 4

Comparative results between ADK/SA-NSGA-II and MOEA/D.

IGD HV

Ave Std Ave Std

Case 1 ADK/SA-NSGA-II 0.00 0.00 1.23 × 107 2.37 × 107

MOEA/D 0.25 0.09 9.00 × 106 2.07 × 107

Case 2 ADK/SA-NSGA-II 0.00 0.01 4.46 × 108 3.33 × 109

MOEA/D 0.36 0.14 3.91 × 108 2.98 × 109

Case 3 ADK/SA-NSGA-II 0.01 0.02 6.40 × 107 1.96 × 108

MOEA/D 0.40 0.16 3.11 × 107 1.19 × 108

Case 4 ADK/SA-NSGA-II 0.02 0.04 1.02 × 108 4.19 × 108

MOEA/D 0.39 0.21 7.25 × 107 3.67 × 108

Case 5 ADK/SA-NSGA-II 0.04 0.10 1.37 × 108 5.38 × 108

MOEA/D 0.28 0.22 7.79 × 107 2.65 × 108

Case 6 ADK/SA-NSGA-II 0.15 0.18 4.64 × 107 9.48 × 107

MOEA/D 0.14 0.19 5.60 × 107 1.38 × 108

Case 7 ADK/SA-NSGA-II 0.29 0.20 4.46 × 107 7.16 × 107

MOEA/D 0.04 0.11 6.69 × 107 6.63 × 107

Case 8 ADK/SA-NSGA-II 0.50 0.24 4.36 × 108 2.05 × 109

MOEA/D 0.01 0.05 6.19 × 108 2.31 × 109

Case 9 ADK/SA-NSGA-II 0.50 0.22 9.22 × 108 3.08 × 109

MOEA/D 0.01 0.06 1.95 × 109 3.00 × 109

Case 10 ADK/SA-NSGA-II 0.02 0.07 4.68 × 1010 3.89 × 1010

MOEA/D 0.50 0.29 1.19 × 1010 1.08 × 1010

Table 5

Comparative results between ADK/SA-NSGA-II and SA-NSGA-II.

IGD HV

Ave Std Ave Std

Case 1 ADK/SA-NSGA-II 0.02 0.02 1.85 × 107 3.00 × 107

SA-NSGA-II 0.07 0.05 1.81 × 107 3.14 × 107

Case 2 ADK/SA-NSGA-II 0.02 0.02 4.86 × 108 3.34 × 109

SA-NSGA-II 0.17 0.09 4.65 × 108 3.21 × 109

Case 3 ADK/SA-NSGA-II 0.02 0.04 6.55 × 107 1.66 × 108

SA-NSGA-II 0.23 0.14 4.64 × 107 1.26 × 108

Case 4 ADK/SA-NSGA-II 0.01 0.02 1.20 × 108 5.56 × 108

SA-NSGA-II 0.32 0.19 7.93 × 107 3.67 × 108

Case 5 ADK/SA-NSGA-II 0.02 0.04 7.44 × 107 8.60 × 107

SA-NSGA-II 0.32 0.19 4.49 × 107 6.32 × 107

Case 6 ADK/SA-NSGA-II 0.02 0.05 1.01 × 108 1.69 × 108

SA-NSGA-II 0.32 0.22 8.00 × 107 1.77 × 108

Case 7 ADK/SA-NSGA-II 0.02 0.05 1.45 × 108 2.53 × 108

SA-NSGA-II 0.35 0.22 7.37 × 107 1.13 × 108

Case 8 ADK/SA-NSGA-II 0.02 0.06 3.13 × 108 3.76 × 108

SA-NSGA-II 0.41 0.21 1.59 × 108 2.34 × 108

Case 9 ADK/SA-NSGA-II 0.00 0.00 3.57 × 109 2.20 × 109

SA-NSGA-II 0.70 0.13 5.52 × 108 5.64 × 108

Case 10 ADK/SA-NSGA-II 0.00 0.00 4.18 × 1011 1.27 × 1011

SA-NSGA-II 0.88 0.07 1.68 × 1010 1.58 × 1010
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here v represents a Pareto solution in the obtained Pareto front PF,

(v, PF) represents the distance between v and PF, and |PF∗| denotes

he number of different Pareto solutions in PF∗, which is either a rep-

esentative set chosen from a known theoretical Pareto, or a set of

on-dominated solutions selected from the combination of all Pareto

ronts to be compared, if the theoretical Pareto front is unknown. The

GD metric mainly reflects the convergence of a Pareto front, and a

maller value indicates better convergence. The HV metric calculates

he area dominated by the obtained Pareto front [45], which can ac-

ount for both convergence and diversity of the obtained solution set,

eferring to [45] for details. The larger the HV value, the better the

erformance.

The results of the four algorithms in terms of IGD and HV are

resented in Tables 2, 3, 4, 5, respectively. The results are averaged

ver 100 independently generated test instances for each case. From

able 2, we can see that the mean IGD values of SA-NSGA-II are lower

han those of NSGA-II on all ten problem cases with a smaller or sim-

lar standard deviation, and the mean HV values of SA-NSGA-II are

lso better than those of NSGA-II. The improvement in IGD metric
ecomes more obvious as the problem size increases. Thus, it is ev-

dent that SA-NSGA-II outperforms NSGA-II, demonstrating that the

se of surrogates can efficiently improve the performance. This im-

rovement becomes more significant as the problem size increases.

Table 3 indicates that NSGA-II has a better performance in terms

f convergence and solution diversity when the problem size is rel-

tively small (30 and 50 jobs). As the problem size increases to 500

obs, MOEA/D becomes more competitive with better mean IGD and

V values. However, ADK/SA-NSGA-II can still outperform MOEA/D,

s shown in Table 4.

From Table 5, we can see that the IGD values of ADK/SA-NSGA-II

re much better than SA-NSGA-II. So are the HV values. The improve-

ent of the IGD and the HV values also becomes more obvious with

he increase of problem size. Consequently, we can conclude that

DK/SA-NSGA-II outperforms SA-NSGA-II thanks to the incorpora-

ion of a priori domain knowledge for guiding the search process.

he improvement resulting from the embedding of a priori domain

nowledge becomes more significant as the problem size increases,

hich implies that such domain knowledge will be increasingly

elpful in solving large scheduling problems.
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Table 6

Comparison of relative runtime of the four algorithms.

Cases Compared algorithms RTI

Case 1 NSGA-II & MOEA/D −0.33

ADK/SA-NSGA-II & SA-NSGA-II −0.05

Case 2 NSGA-II & MOEA/D −0.34

ADK/SA-NSGA-II & SA-NSGA-II −0.02

Case 3 NSGA-II & MOEA/D −0.33

ADK/SA-NSGA-II & SA-NSGA-II −0.03

Case 4 NSGA-II & MOEA/D −0.33

ADK/SA-NSGA-II & SA-NSGA-II −0.03

Case 5 NSGA-II & MOEA/D −0.34

ADK/SA-NSGA-II & SA-NSGA-II −0.06

Case 6 NSGA-II & MOEA/D −0.32

ADK/SA-NSGA-II & SA-NSGA-II −0.08

Case 7 NSGA-II & MOEA/D −0.33

ADK/SA-NSGA-II & SA-NSGA-II −0.04

Case 8 NSGA-II & MOEA/D −0.34

ADK/SA-NSGA-II & SA-NSGA-II −0.10

Case 9 NSGA-II & MOEA/D −0.36

ADK/SA-NSGA-II & SA-NSGA-II −0.12

Case 10 NSGA-II & MOEA/D −0.39

ADK/SA-NSGA-II & SA-NSGA-II −0.17
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The runtime comparisons between NSGA-II, MOEA/D, SA-NSGA-

II and ADK/SA-NSGA-II are presented in Table 6. Each reported value

denotes a relative time indicator (RTI) calculated by (RT1 − RT2)/RT2,

where RT1 and RT2 represent the runtime of the two compared algo-

rithms, respectively. So a negative value indicates the first algorithm

is faster. From these results, we can see that NSGA-II takes less time

than MOEA/D, and ADK/SA-NSGA-II takes less time than SA-NSGA-

II. These results demonstrate that the proposed algorithm ADK/SA-

NSGA-II is effective in reducing computational time.

5.3.3. The ANOVA results

The analysis of variance (ANOVA) is implemented using the

commercial software SPSS (Version 17.0) to analyze the IGD and HV

values obtained by the compared algorithms. The resulting F-ratios
Table 7

The ANOVA result for the IGD performance measure.

Cases SA-NSGA-II & NSGA-II MOEA/D & NSGA-II

F-ratio p-value F-ratio p-valu

Case 1 23.37 0.000 371.19 0.000

Case 2 55.74 0.000 64.37 0.000

Case 3 145.33 0.000 39.67 0.000

Case 4 238.95 0.000 186.22 0.000

Case 5 333.95 0.000 426.76 0.000

Case 6 332.81 0.000 931.21 0.000

Case 7 361.71 0.000 1142.45 0.000

Case 8 902.40 0.000 2252.67 0.000

Case 9 1579.44 0.000 9822.67 0.000

Case 10 3389.11 0.000 18097.48 0.000

Table 8

The ANOVA result for the HV performance measure.

Cases SA-NSGA-II & NSGA-II MOEA/D & NSGA-II

F-ratio p-value F-ratio p-value

Case 1 0.00 0.96 0.70 0.403

Case 2 0.00 1.00 0.00 0.999

Case 3 0.19 0.67 0.00 0.950

Case 4 0.03 0.85 0.00 0.974

Case 5 0.38 0.54 0.43 0.512

Case 6 3.95 0.05 36.63 0.000

Case 7 4.21 0.04 11.84 0.001

Case 8 0.76 0.38 2.13 0.146

Case 9 151.12 0.00 105.35 0.000

Case 10 284.18 0.00 778.33 0.000
nd p-values of ANOVA are shown in Tables 7 and 8. The difference

s considered to be statistically significant if the p-value is less than

.05. From Tables 7 and 8, we can draw the following conclusions.

irst, for the IGD measure, the algorithm factor has a statistically

ignificant impact for nearly all cases. ADK/SA-NSGA-II performs

ignificantly better than MOEA/D and SA-NSGA-II in terms of conver-

ence. This is also true for MOEA/D against NSGA-II, and SA-NSGA-II

gainst NSGA-II. Second, for the HV measure, the impact of the

lgorithm factor is not significant for small cases with 30 to 200 jobs

Cases 1–8). But the impact becomes significant for 300 and 500

obs (Cases 9 and 10), indicating that improvement in computational

fficiency achieved by the proposed algorithm is more significant for

olving larger problems.

. Conclusions

In this paper, we address the proactive scheduling problem in

he presence of stochastic machine breakdown in the deteriorating

roduction environments. A knowledge-based multi-objective evo-

utionary algorithm is proposed to solve the problem, where sup-

ort vector regression based surrogate models are employed to re-

uce the computation cost resulting from the extra time-consuming

imulations for evaluating the solution robustness, and analytical a

riori domain knowledge is introduced to guide the searching pro-

ess. Comparative results clearly show that both surrogate-assisted

echniques and analytical a priori domain knowledge are effective in

nhancing the time efficiency and search capability of the evolution-

ry algorithm. Our algorithm is very generic and applicable to other

omputationally expensive black-box optimization problems, such as

erodynamic design optimization problems and energy performance

ptimization of building, just to name a few.

The proposed algorithm has been shown to be efficient and

romising in handling stochastic machine breakdown, where the

VR-based surrogate model plays an important role in reducing the

omputational cost resulting from the simulation-based fitness eval-

ations. On the other hand, we note that NSGA-II is outperformed by
ADK/SA-NSGA-II & MOEA/D ADK/SA-NSGA-II & SA-NSGA-II

e F-ratio p-value F-ratio p-value

510.69 0.000 61.10 0.000

420.05 0.000 184.40 0.000

394.89 0.000 146.88 0.000

195.52 0.000 176.30 0.000

62.25 0.000 163.62 0.000

0.14 0.705 115.47 0.000

84.34 0.000 141.98 0.000

265.66 0.000 211.50 0.000

297.20 0.000 1796.25 0.000

166.47 0.000 9401.54 0.000

ADK/SA-NSGA-II & MOEA/D ADK/SA-NSGA-II & SA-NSGA-II

F-ratio p-value F-ratio p-value

0.73 0.395 0.00 0.947

0.01 0.921 0.00 0.970

1.35 0.247 0.56 0.457

0.19 0.667 0.25 0.619

0.63 0.427 5.07 0.026

0.21 0.644 0.50 0.480

3.44 0.066 4.40 0.038

0.23 0.631 7.99 0.005

3.78 0.004 116.99 0.000

49.04 0.000 650.05 0.000



D.-J. Wang et al. / Knowledge-Based Systems 90 (2015) 70–80 79

M

t

d

m

m

i

t

a

e

m

c

p

w

t

m

s

s

(

A

S

7

C

A

P

f

c

q

w

[

s

h

q

w

c

0

o

o

C

w

i

a

z

f

R

[

[

[

OEA/D, indicating that NSGA-II may be replaced by other state-of-

he-art multi-objective evolutionary algorithms. Our future research

irections will focus on the following aspects. First, other robustness

easures should be considered in the proactive scheduling to find a

ore efficient and effective way to deal with uncertainties. Second, it

s worthy of investigating the effectiveness of surrogates other than

he SVR model used in this work. More sophisticated surrogate man-

gement techniques should also be developed to further improve the

fficiency of the surrogate-assisted evolutionary algorithms. Third,

athematical analysis using dynamic system theory, such as Markov

hains will be used to prove and explain the convergence of the pro-

osed method. Last but not the least, the proposed surrogate method

ill be embedded into other state-of-the-art multi-objective evolu-

ionary algorithms, such as MOEA/D and the inverse model based

ulti-objective evolutionary algorithm (IM-MOEA) [52]. The use of

urrogates in other metaheuristics, such as firefly algorithms, cuckoo

earch, bat algorithms, Krill Herd and monarch butterfly optimization

MBO), will also be explored.
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ppendix A. Proof of Lemma 1

roof. An optimal solution of problem P can be determined by the

ollowing steps:

(1) For job sequence S = (J[1], J[2], . . . , J[n]), the total operational

ost can be formulated as follows:

n∑
j=1

Cj +
n∑

j=1

c ju j = q

n∑
j=1

C[ j] +
n∑

j=1

c[ j]u[ j]

= q(C[1] + C[2] + · · · + C[n]) +
n∑

j=1

c[ j]u[ j]

= q

n∑
j=1

(n + 1 − j)p[ j] +
n∑

j=1

c[ j]u[ j]

= q

n∑
j=1

w̃ j p[ j] +
n∑

j=1

c[ j]u[ j]

here w̃ j = n + 1 − j for j = 1, 2, . . . , n denotes the position weight,

j] represents the index of the job arranged in the jth position of the

chedule.

Now substituting p j = p̄ j + αt j − b ju j into the above equation, we

ave

n∑
j=1

w̃ j p[ j] +
n∑

j=1

c[ j]u[ j] = q

n∑
j=1

Wj

(
p̄[ j] − b[ j]u[ j]

)
+

n∑
j=1

c[ j]u[ j]

= q

n∑
j=1

Wj p̄[ j] +
n∑

j=1

(
c[ j] − qWjb[ j]

)
u[ j]

here Wj = ∑n
i= j

∑i− j

k=0
Mi− j+1,k+1α

kw̃i, and Mi, j can be iteratively

alculated as Mi, j = Mi−1, j−1 + Mi−1, j with M1,1 = 1 M1, j = 0, Mi,1 =
for i, j = 2, 3, . . . , n.

Therefore for the jth job in given schedule, when c[j] ≥ qWjb[j] its

ptimal resource allocation amount should be u[ j] = 0, otherwise, its

ptimal resource allocation amount should be u[ j] = ū[ j].
(2) For 1 ≤ j, r ≤ n, let us define

jr =
{

Wr p̄ j, r = 1, 2, . . . , n; c j ≥ qWrbj

Wr p̄ j +
(
c j − qWrbj

)
ū j, r = 1, 2, . . . , n; c j < qWrbj

here Cjr denotes the minimum possible cost resulting from assign-

ng job Jj to position r in the sequence.

Here we introduce binary variable zjr to denote whether job Jj is

rranged at the rth position in the schedule: z jr = 1 means ‘yes’ and

jr = 0 means ‘no’. Then the problem P can be transferred into the

ollowing assignment problem:

min

n∑
r=1

n∑
j=1

Cjrz jr

s.t.

n∑
r=1

z jr = 1, j = 1, 2, . . . , n

n∑
j=1

z jr = 1, r = 1, 2, . . . , n

zjr = 1 or z jr = 0, r, j = 1, 2, . . . , n
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