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Abstract: This paper addresses the robust job-shop scheduling problems (RJSSP) with stochastic
deteriorating processing times by considering the resilience of the production schedule. To deal
with the disturbances caused by the processing time variations, the expected deviation between the
realized makespan and the initial makespan is adopted to measure the robustness of a schedule. A
surrogate model for robust scheduling is proposed, which can optimize both the schedule perfor-
mance and robustness of RJSSP. Specifically, the computational burden of simulation is considered a
deficiency for robustness evaluation under the disturbance of stochastic processing times. Therefore,
a resilience-based surrogate robustness measure (SRM-R) is provided for the robustness estimation in
the surrogate model. The proposed SRM-R considers the production resilience and can utilize the
available information on stochastic deteriorating processing times and slack times in the schedule
structure by analyzing the disturbance propagation of the correlated operations in the schedule.
Finally, a multi-objective hybrid estimation of distribution algorithm is employed to obtain the Pareto
optimal solutions of RJSSP. The simulation experiment results show that the presented SRM-R is
effective and can provide the Pareto solutions with a lower computational burden. Furthermore, an
RJSSP case derived from the manufacturing environment demonstrates that the proposed approach
can generate satisfactory robust solutions with significantly improved computational efficiency.

Keywords: production resilience; robust job-shop scheduling; surrogate robustness measure;
disturbance propagation; optimization algorithm

MSC: 90B36

1. Introduction

Scheduling problems always play a key role in improving the production efficiency of
a manufacturing system, such as flow shop scheduling [1,2], job-shop scheduling [3,4], and
flexible job-shop scheduling [5-7]. The job shop is a typical workshop organization form to
model the manufacturing environment. In recent years, tremendous research work has been
conducted by considering a deterministic environment [8]. However, in a real-life job shop,
the processing times would be deteriorated by many uncertainties, such as random machine
breakdowns, uncertain setup times, and the unavailability of fixtures [9-11]. For example,
in the aero-engine parts workshop, machine failures will cause processing interruption,
and thus extend the processing time, or the tool wear will increase the actual processing
time. Since the random deterioration of the processing time may decrease the production
performance of a real-life manufacturing system, how to effectively deal with the job-shop
scheduling problem (JSSP) with it has become a critical and interesting issue. There are four
major approaches for dealing with such problems: a stochastic approach, a fuzzy approach,
a stability approach, and a robust approach [12]. The stochastic approach [13] assumed
that the job processing times are random variables with certain probability distributions
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determined before scheduling. A fuzzy approach [14] allows a scheduler to find the best
schedules, with respect to the fuzzy processing times of the jobs to be processed. The stability
approach was developed to construct a minimal dominant set of schedules, which optimally
covers all feasible scenarios. For example, Sotskov et al. [15] addressed a two-machine job-
shop scheduling problem with fixed lower and upper bounds on the job processing times
and provided a minimal dominant set of schedules to make the online scheduling decision.
A robust approach considers the robustness to generate a schedule that can preserve a
specified level of solution quality in the presence of uncertainties [16]. Generally, robustness
has two definitions: quality robustness and solution robustness [17]. Quality robustness is
used to indicate the insensitivity of the schedule performance under uncertainties, such as
makespan or tardiness. The solution robustness refers to the insensitivity of activity start
times to uncertainty [7,18]. In this study, we will focus on the quality robustness to deal
with the robust job-shop scheduling problems.

For quality robustness, some studies used the minimized maximum regret value to
evaluate it [8] and some regard the expected actual performance as the robustness [4,19]. For
example, Wu et al. [20] proposed a decomposition method based on graph theory for JSSP,
by using expected average weighted tardiness as a robustness measure. However, taking
the expected performance as the robustness evaluation measure cannot evaluate the degree
of influence of disturbances on the scheduling performance. To address this, the Pareto
optimization method can be applied to optimize scheduling performance and robustness
at the same time, just like when Xiong et al. [7] studied the flexible job-shop dual-objective
robust scheduling problem with random machine failures. However, a new problem is that
the robustness measure cannot be calculated analytically for the job-shop scheduling.

Robust scheduling based on simulation evaluation is an effective method [8], which
can use the Monte Carlo simulation to simulate stochastic processing times to evaluate
the robustness approximately. However, for a large number of processing time scenarios
that are required to get a reasonable approximation, this type of method often bears an
unacceptable computational burden [6,21]. By comparison, using the surrogate robustness
measure (SRM) is an effective method to improve the computational efficiency of robustness
evaluation [22,23]. In essence, the SRM is an approximate estimation measure that uses the
partially known information of random disturbances and the structure of the schedule to
decrease the computational burden of the robustness evaluation [13,24].

In recent years, researchers have begun to apply the surrogate model based on a surro-
gate measure to scheduling problems under the influence of uncertainties. Zahid et al. [25]
investigated the surrogate measure of robustness for project scheduling problems. The
authors stated that to avoid large tardiness due to disturbances, managers might opt for a
more robust schedule rather than an optimal schedule. Therefore, they emphasized the im-
portance of the SRMs that aid in identifying proactive schedules, which can provide flexible
yet efficient plans with minimum redundancy. Wu et al. [26] address the optimization of
risks in performance and stability (solution robustness) for the job-shop scheduling under
random machine breakdowns. They considered three objectives: makespan, makespan
risk, and stability risk. Then, they used the buffering approach under the limited predictive
makespan to generate predictive schedules, which allows inserting additional idle time
to control the risks. Zheng et al. [27] studied the production scheduling problem in an
assembly manufacturing system with uncertain processing time and random machine
breakdown. They considered the objectives of minimizing makespan and the performance
deviation of the actual schedule from the baseline schedule. Xiong et al. [7] suggested two
surrogate measures for the flexible job-shop scheduling problem with random machine
breakdowns, considering both the available uncertainty information and the schedule
structure. Yang et al. [28] studied a flexible job-shop schedule problem (FJSP) with random
machine breakdown. They considered the makespan and robustness as the scheduling
objectives. Then, they developed one surrogate measure named RMc to evaluate robustness
using the heuristics of maximizing the workload and float time of each operation and the
machine breakdowns.
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From the above literature, although great efforts have been conducted for the robust
scheduling problems in the field of production scheduling and project scheduling, a further
study is urgently needed to consider the resilience of the manufacturing system to construct
a more accurate surrogate robustness measure. System resilience is the ability of a system
to respond and recover quickly from an external disruptive event [29]. In recent years,
studies have been conducted considering system resilience. Mao et al. [30] formulates
the supply chain networks problem as a network maximum-resilience decision, and thus
developed the resilience of cumulative performance loss and the resilience of restoration
rapidity to measure the resilience of the supply chain networks. Dui et al. [29] studied
data-driven maintenance priority and resilience evaluation of performance loss in the
main coolant system, in which the resilience of the MCS is represented by the loss and
recovery of system performance. To effectively reduce and prevent losses, a resilience
importance measure for performance loss is proposed to evaluate the performance of the
main coolant system. Qi et al. [31] proposed a metro network’s robustness and vulnerability
measurement method under node interruption and edge failure based on the complex
network modeling and topological characteristics analysis of metro systems. Robustness
is an important connotation of system resilience; therefore, it has the potential to design
better surrogate robustness measures based on resilience.

In the previous study, the authors made some contributions in the field of job-shop
scheduling under uncertainties. The authors have considered the methods of robust
scheduling and risk control to deal with the disturbances to improve the robustness and
reduce the scheduling risk of the job shop. Xiao et al. [22] proposed an effective robustness
surrogate measure for the job-shop scheduling problem with stochastic processing time
and a hybrid estimation of the distribution algorithm. Wu et al. [23,24,26] studied the
job-shop scheduling problem under random machine failures and proposed robust and/or
stability optimization methods based on risk indicators. To further solve the JSSP under
machine-worker dual resource constraints, Xiao et al. [32] proposed a multi-objective
hybrid distribution estimation algorithm (MO-HEDA). At the same time, Dui et al. [29]
carried out extended research in the field of system resilience and reliability. Although
the existing research has made some progress, the robustness evaluation accuracy and the
solution efficiency for solving the RJSSP are still restricted by uncertainties. This study
focuses on the RJSSP under stochastic deteriorating processing times, which are assumed
to follow the truncated normal distribution. The main contributions can be attributed as
follows. First, we constructed a surrogate model of robust scheduling, considering the
performance and the robustness at the same time, in which the robustness is evaluated
by a surrogate robustness measure. Second, we proposed a new effective resilience-based
surrogate robustness measure (SRM-R) that considers the disturbance propagation process.
Moreover, we adopt a multi-objective hybrid estimation of the distribution algorithm (MO-
HEDA) based on the research of Xiao et al. [18], which can provide the Pareto optimal
solutions with a satisfactory performance by minimizing the SRM-R and the performance
measure simultaneously.

The organization of this paper is as follows. Section 2 provides the problem description
and the mathematical modeling of RJSSP. Section 3 investigates the existing SRMs and then
presents an SRM based on the resilience and disturbance propagation among the operations.
Section 4 provided the MO-HEDA for the dual-objective RJSSP. Section 5 verifies the
effectiveness and performance of the presented SRM-R for bi-objective robust scheduling
by three groups of computational experiments. Moreover, we show the effectiveness of the
proposed surrogate model by using a scheduling problem instance derived from a real-life
manufacturing workshop. Finally, we draw some conclusions and provide directions for
future research in Section 6.
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2. Problem Description and Surrogate Model
2.1. Problem Description

The notations that are used in the formulation of the RJSSP are defined in Table 1.

Table 1. The notations of the mathematical model.

Notations Definitions
¢ The index of random variables
n The total number of jobs
m The total number of machines
Ji Thejob J; i =1,2,...,n
Mj The machine M]-, ji=12,...,m
Oj The operation of the job J; processed on machine M;
Ui The expected processing time of operation O;;
ag The processing time variance of operation Oij
My A positive number that is large enough
¢Cyj The stochastic completion time of the job J; on machine M;
¢T; The stochastic processing time of the job J; of on machine M;
Criax The makespan when the expected processing times are used
aik Job J; must be processed on a machine M; then on machine My, if it is

satisfied, a;j, = 1, otherwise, a;, = 0
Job J;, must be processed after J; on machine M;, if it is satisfied,

Xini i
ihj xipj = 1, otherwise, x;,; = 0

In the literature on stochastic scheduling, various types of probability distributions for
stochastic processing times have been studied, such as exponential distribution, normal
distribution, and uniform distribution. One method is to treat both the stochastic processing
time and the scheduling objective as the stochastic variables, which aims at providing the
processing ordering of the tasks on the machines with an expected optimization model.
The historical processing data can be collected and used to get the probability distribution.
To model the uncertain processing time, the actual job processing time is usually generated
from a normal distribution with its expected value and the standard deviation, such as
Gu et al. [19], Horng et al. [4], Wang et al. [13,33]. Therefore, the normal distribution
is a representative type to study the stochastic processing times in the field of job-shop
scheduling with uncertainty.

The RJSSP based on a classic job-shop scheduling problem is described as follows:
n jobs processed on m machines; each job has m operations. The probability distribution
of the stochastic processing times is derived from the historical manufacturing data. In
this study, all the stochastic processing times, Tj; = y;; + &, Vi, j, are assumed to follow
the normal distribution, i.e., T; i~ N(u ifs (Tl-zj), where €j denotes the value of deteriorating
disturbances on the expected processing time scenario. The processing information of any
operation Ol-]- is denoted as a vector (M]-, Hij, 012]-). Let Q) denotes the feasible solution set
that meets the process constraints. A feasible schedule is denoted by S.

In an arbitrary schedule, the expected processing time y;; is a nominal value, then the
total start time deviation of each operation is affected by two factors. The first factor is the
internal disruption ¢;; that occurs in the operation O;;. The second factor is the unabsorbed
deviation caused by the preceding job ] on the same machine M; or by the preceding machine
M of the job J;. We use Figure 1 to explain how the deviation in operatn O;;. is caused.

Figure 1 shows the deviation of the start time of the operation O;;, caused by the
disruption of the machine M;. Before the disruption occurs, the start time and completion
time of O;; are denoted by S Tf]- and C Tf]-, respectively. After the disruption occurs, the
estimated start time and completion time are denoted by {ST;; and {CTj;, respectively.
Thus, the total deviation of start time is indicated by Dev;; = & + ¢;;, where J denotes the
disruption caused by the preceding operation of the same job or the preceding job on the
same machine.
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Figure 1. The start time deviation after being disrupted.

2.2. Mathematical Formulation of the Surrogate Model

We use the Pareto optimization method to perform robust scheduling, thus, providing
decision makers with a set of Pareto solutions that meet different risk preferences. The surrogate
model of RJSSP is described as Jn|SPT|(f1, f2) by a triplet proposed by Graham et al. [34],
where Jm denotes the JSSP, SPT denotes the stochastic deteriorating processing times, and f;
and f, are the objectives that need to be optimized. Specifically, the SRM is used to evaluate
the robustness of a schedule. The mathematical model of RJSSP is shown as follows:

min {f1(5), f2(5)} 1)
fl(s) = C;mx(s) = max{ij, Virj} ()
f2(S) = SRM(S) 3)
s.t.
$Cik — T + Mo(1 — a;x) > ¢C; @
i=12,...,mjk=12,...,m j#k
EChj — &y + Mo(1 — ayy) = Gy )
ih=12,...,ni#hj=12,...,m
Y ap=1Vijkj £k ©)
Y xie = 1Vi ki # I %
aijx € {0,1},Vi,j, k,j # k; (8)
xiw € (0,1}, Vi, h,j,i # h; )
ECii > 0, hj,i # h. (10)

The objective functions are shown in Equation (1). The predictive makespan of a
schedule is obtained by using the expected values of the processing times by function f;(S).
Function f,(S) is used to evaluate the robustness of a schedule solution. Inequality (4)
represents the process constraints, which means the job J; must be processed on the machine
before being processed on the machine M. M is a large enough positive number. The
machine constraints are denoted by inequality (5), which means the job J; must be processed
on the machine M; after job J;. Constraints (6) and (7) denote one machine can only
process one job at one time and one job can only be processed on one machine at the same
time. Constraints (8) and (9) represent the value of and can only be the integers 1 or 0.
Inequality (10) denotes that none of the completion times of the operations can be negative.
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3. The SRM-R for the Surrogate Model

Robust scheduling aims to generate the initial schedule with a satisfactory makespan
and be capable of absorbing the disturbances caused by the deteriorating processing times
when a right-shift reaction policy is adopted [35]. Generally, the robustness is estimated
through Monte Carlo simulation by generating a certain number of processing times
scenarios, which can be calculated by the following function:

RMsim(S 12 Clia(S) = Chyae(S) a1

where | = 1,2,... L denotes the number of simulation replications, RMsim denotes the
simulation-based robustness, Cl,,,,(S) denotes the makespan of schedule S under the /th
processing time scenario. In this paper, the processing time scenario indicates a group of
potentially realized stochastic deteriorating processing times of all the operations.

The simulation-based robustness evaluation is time- and resource-intensive. Thus, the
robustness of a schedule is usually evaluated by designing an SRM to avoid the computational
burden caused by simulations. However, in the previous research, seldom effective SRM for
RJSSP have been developed. We analyze five typical existing SRMs and then propose an
SRM for RJSSP by using a statistical method and a disturbance propagation formula.

3.1. The Existing Surrogate Robustness Measures

In the research of Leon et al. [35], an SRM for evaluating the absorption capability of
a schedule was proposed based on the average total slacks. The measure is rewritten as
SRM1, where TS;; denotes the total slack time of the operation O;;.

SRM1 = C%(S) (12)

i=1j=1

The SRMs that aim at providing an estimation of the schedule robustness for multi-
mode project scheduling problems were investigated by Hazir et al. [36]. In one robustness
measure, they define the activities that have the total slacks less than ¢, ¢ € [0, 1] of the
activity duration as the potentially critical activities (PCA), i.e., PCA = {O;; : szl] < ¢}
The delays in PCA are likely to result in delays in the project completion time. Thus, those
schedules with fewer critical activities are preferred on the robustness. The measure of
PCA used in RJSSP is reasonable because of the similarity of the two problems, which is
renamed potential critical operations (PCO). Considering the variance of RJSSP is assumed
known, the definition of PCA is revised as the ratio of total slacks and the sum of planned

TS;;
i +{Tl,], < ¢}. Therefore, the SRM

processing time and standard deviation, i.e., PCO = {O;; :

is rewritten as follows:

N
SRM2 = {"Co,ol-j € opco} (13)
mn

where Npco denotes the number of PCOs, OPCO denotes the set of PCO, which includes all
the operations that satisfy the inequality -;

+crl — C

Goren et al. [37] developed a surroge]ate ]stablhty measure to generate efficient and
stable schedules for a job-shop subject to processing time variability and random machine
breakdowns. The SRM is based on decreasing the maximum variance on the mean critical
path, where the mean critical path is equivalent to the critical path of RJSSP when expected
processing times are used. The SRM is written as follows:

SRM3 = max{ZVAR(Oi]-),O,'j e ocp} (14)
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where the objective of SRM3 is to evaluate and select the critical path with the maximum
sum variances, in which VAR denotes the variance of the processing times of the operations
in the critical operation Ocp.

Xiao et al. [22] provided two SRMs for the robust scheduling of JSSP with stochastic
processing times. They utilize the probability distribution information of stochastic pro-
cessing times and the structure of the schedule solution determined by the slack times to
estimate the robustness.

SRM4 = SMcp + SMncp (15)

In Equation (15), SM¢p and SMncp denote the estimated robustness degradation of
the critical path and the non-critical path, respectively. The SRM4 aims to minimize the
total robustness degradation of the baseline schedule.

SRMS5 = max{SMcp, SMncp } (16)

In Equation (16), SRMS5 is provided to estimate the possible robustness degradation
by minimizing the maximal robustness degradation on the critical path and non-critical
path. In the following section, a disturbance propagation-based SRM is proposed, which is
inspired by the disturbance absorption ability of a baseline schedule.

3.2. The Resilience-Based Surrogate Robustness Measures

One of the core connotations of system resilience is the ability to absorb disturbances,
which is reflected by the degree of system performance degradation under disturbance
events. From this point of view, a schedule with good resilience may also have strong
robustness. Therefore, we constructed a resilience-based surrogate robustness measure by
analyzing the influence and propagation mechanism of stochastic deteriorating processing
times to the makespan.

To describe the realized processing time scenario, the stochastic deteriorating distur-
bances were represented by ¢Tj; = ;; + ¢;; when disruption was introduced. In this study,
the processing times of each operation are considered to follow a normal distribution, i.e.,

§Tij ~ N(yi]-,aiz]-). Then, map ¢Tj; into Z;; = (gT’{%y"), yielding Z;; € (0,1). Furthermore,
1 — a was denoted as the confidence level that is specified by the decision maker, consider-
ing the degree of risk aversion on the stochastic deteriorating processing times. We used
the maximum possible value of the disruption with a certain confidence level to convert
the disruption ¢;; into a confidence interval. Then, the worst case of the disruption was
utilized for designing the SRM for robustness estimation. Since we are concerned about
the upper limit of the realized processing time, the right-sided confidence interval of the
normal distribution function was used. The probability is represented by Equation (17),

Pr{Z' —Mgza}=1—a, 17)

where the value of realized processing time ¢Tj; < p;; + Za0jj, Zy is the critical value
determined by the predefined value of a. Therefore, the possible disturbance of operation
O;j follows the equation ¢;; = ¢Tj; — pjj < Za0j;.

Since the disruptions among the operations propagate downstream under the process
constraints, the recursion formula for calculating the Dev;; of operation O;; should be
provided. Since the maximum value of the internal disruption ¢;; is set by using a predefined
confidence level (1 — «), consideration is required for the worst case of all the processing
time scenarios. The scenarios denote the realization of the stochastic processing time of
the operations. The main difficulty, thereby, is to analyze the disturbances caused by the
preceding operations. We use a problem instance with two consecutive jobs and two
machines to analyze how to estimate the total deviation of an arbitrary operation, as shown
in Figure 2.
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FSki Dev;;
M J ij 4—1) O; j <_IJ>
&4 i

(a) Before being disrupted

My, i €in Oin €kh i Oyp

it &k Oyj <—H5ij Gjj

(b) After being disrupted
Figure 2. An instance of two consecutive jobs processed on two machines.

We used Figure 2 to illustrate the schedule before and after the disruptions occur;
¢ denoted the possible maximum of the disruption of each operation; Fsy; and Fs;;, denoted
the free slacks of operation Oy; and Oy;, respectively, where Fs;, = 0. Generally, the
absorption ability of the schedule is determined by the free slacks that exist in the schedule.
To estimate the robustness of a schedule, we analyzed the formula of each operation
first and then extended the formula into a generic form. Furthermore, the generalized
formula for estimating the deviation Dev;; was used to develop the SRM for estimating the
robustness of RJSSP.

The operation Oy; and O; are in the first position on the machine M; and M. The
deviation Devy; and Dev;;, are represented by Devy; = ¢;; and Devy, = ¢, respectively.
The deviation of operation O;; is possibly affected by its preceding operation Oj;, or Oy;
beside the disruption ¢;;. It was also found that there are some units of slack times before
the operation O;;, which can be regarded as the free slacks belonging to the operation
Ok;j. If Devyj = g > Fsy;, the free slacks cannot absorb the disruption of operation O;,
otherwise, the deviation of operation Ok]- will not influence the starting time of operation
Ojj. In addition, the deviation of operation O, may also affect the deviation of operation
Ojj, since its free slack is Fs;;, = 0. Therefore, the total deviation Dev;; was determined
by the maximum deviation of its preceding job or operation. The available free slack is
calculated by using the start time of O;; and the maximum of the end time of operation Oj,
and Oy;. From the above analysis, the Dev;; is formulated as follows:

Dev;; = max{[Devy, — (STj; — CTj,)], [Devi; — (STj; — CT;)]} + &5 (18)

where ST® and CT® denoted the start time and completion time of the initial schedule,
which are obtained by decoding the schedule using the nominal processing times y;;. The
reasonability lies in that the start times and completion times of the succeeding operation
are shifted backward due to the adoption of the right-shift rescheduling method when
disruption occurs. Therefore, the deviation Devy, of operation Oy, can be estimated by the
following equation:
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Devyy, = max{[Devy; — (ST, — CTy;)], [Devij — (ST, — CTjy)} + € (19)

To generalize the formula for estimating the deviation on the arbitrary operation O;;,
we define Oy; as the preceding operation of the operation O;; on the same machine M;
and define O;;r as the preceding operation of the same job J;. There are two cases in which
operation O;; has no preceding operation or has no preceding job. The first case is that
the operation O;; is the first operation on a machine M; while the second one is that O;; is
the first operation of the job J;. To create a generic formula, four cases were discussed by
considering whether the operation Oj; is the first operation on a machine M; and whether
operation Oj; is the first operation of the job J;. We used M;(p) lp=1...mj=1,...,mto
represent the py, job on the machine M; and used J;(q)[g =1,...,m;i=1,...,n to denote
the gy, operation of job J;. Therefore, the deviation of the operation that considers the
disturbance propagation was calculated by the following equation:

eij, Mj(p=1) = Ojj, Ji(g=1) = 0j;
max{[Devys — (STf; — CTf,)], 0} + e, Mj(p =1) = Oy, Ji(g = 1) # Oy

M]‘ p=
Dev;; =
1 maX{[De'Ui/]' — (STIE] — CTf,/)},O} + 81‘]', M](p = 1) 75 Oij/ ]l(q = 1) = 01]

(20)
max{[Dev;y — (STf] - CTfj,)], [Devyrj — (STZ — CTﬁj)],O} + ¢&;, otherwise

where M;(p = 1) = O;; indicates that the first operation on the machine M; is O;; while
Ji(g=1) = Ojj indicates that O;; is the first operation of Job J;. Due to the adoption of the
railway execution strategy, the start time of O;; cannot move forward, then the deviation
of any operation cannot be negative. Moreover, the difference between the deviation and
the free slack should be greater or equal to zero in the case that the disruption is fully
absorbed. To further simplify the formula for estimating Dev;;, we provide the following
Proposition 1.

Proposition 1. For VOi]-,i =1,...,m;j=1,...,minthe schedule S € Q, if the operation Oi]- has
at least one preceding job or one preceding operation, it holds that at least one of the two inequalities
between Devy; — (S Tfj -C Tlfij) > 0and Dev;y — (STZ - CTfj,) > 0 are satisfied in any case.

Proof of Proposition 1. For VO;;,i = 1,...,n;j=1,...,m, the following four cases cover
all the possibilities:

Case 1, if M;j(p = 1) = Oy, Ji(9 = 1) = Oj, there is no preceding operation and preceding
job before the operation Oy, it is easy to find that S Tfj =0;

Case 2, Else if M;j(p = 1) = Oy;, Ji(q = 1) # Oj;, there is at least one operation that precedes
Ojj of job J;, then STfj — CTfj, =0;

Case 3, Else if M;(p = 1) # Ojyj, Ji(q = 1) = Ojj, there is at least one operation precedes O;;
on the machine M]-, then STf]- — CTf, i = 0;

Case 4, Otherwise, M;(p = 1) # Ojj,Ji(q = 1) # Ojj, there exists at least one operation
that precedes O;; of job J; and at least one operation precedes O;; on the machine M;, then
STf]- —max{C Tfj/, CT; ].} = 0. It can be seen from the four cases that if an operation has no

preceding jobs and preceding operations, its start time is equal to zero.

In other cases, there are at least one of the two equations of STfj - C Tfj/ = 0 and
S T;} -C Ti‘i]. = 0 holds. Since it also holds that Dy; >0 and D;y >0, therefore, at least
one inequality in Devyy — (STj; — CTf].,) > 0and Devy; — (STj; — CTj ].) > 0 is satisfied in
any case.[]
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According to Proposition 1, the formula in Equation (20) is rewritten as Equation (21)

eij, Mj(p=1) = Oy, Jilg=1) = O
[Dev,-]-/ — (STle] - CTZ/)] +€ij, M](p = 1) = Oljrjz(q = 1) 7é Ol] ( )
Dev;; = 21
D) [Devi/j — (STle] - CTZL;])] +£ij, M](p = 1) 75 Oij/ L(q = 1) = Ol]

max{[Dev;y — (STf] - CT;},)], [Devyr; — (STf] - CTf,].)}} + gj, otherwise

By Equation (21), the completion time of each operation after being disrupted is
estimated by Equation (22).
éci]' = STZ?]- + Devi]- + Mij (22)

According to Equation (22), the makespan is calculated by Equation (23).
ECax = max¢Cy; = max{STfj + Devjj + pij} (23)

In Equation (23), STfj, pij and the estimated disruption ¢;; in the formula of Dev;; can
be deemed as constants. Thereby, the only unknown parameter is the disturbance caused
by the adjacent preceding operations and the available free slack times. For each schedule
solution S € (), the estimated deviation of the makespan is calculated by Equation (24):

EDev(S) = max{STj; + Devi; + pij, Vi, j} — Cjax (S) (24)

where EDev(S) denotes the estimated deviation between the makespan after the disrup-
tions and the initial makespan, considering the nominal processing times.

To keep the higher robustness of a schedule S, the EDev(S) should be minimized.
Therefore, the presented SRM is written as Equation (25):

SRM — R = minEDev(S) (25)
SeQ)

where SRM-R denotes the proposed SRM. Therefore, the schedule with a higher disruption
absorption capability, which keeps a lower deviation of the makespan, was selected.

4. A Dual-Objective Optimization Algorithm

The estimation of distribution algorithm (EDA) is an evolutionary algorithm that
explores the space of candidate solutions by using an explicit probabilistic model [38]. In
this study, the procedures of HEDA presented by Xiao et al. [22,32,39] are adopted as the
basis of MO-HEDA for solving the surrogate model of RJSSP.

In this section, an improved multi-objective optimization algorithm based on the
HEDA is adopted [32]. Before describing the MO-HEDA, the definitions are described:

Definition 1. Pareto optimal solution: A schedule solution S* € () is Pareto optimal solution if
there is no other solution S € Q) that dominates S*.

Definition 2. Pareto front: The Pareto front denotes the Pareto boundary constructed by the Pareto
optimal solutions.

Definition 3. Dominance: For S1,Sy € Q, there exist M objectives [f1(S;), ..., fx(Si), .-, fm(Si)]
for each solution. It is said that S dominates Sy, if and only ifi € {1,..., M} : fi(S1) < fi(S2),
and there exists at least one h € {1,...,m}, h # i satisfied f;,(S1) < f,(S2).

The MO-HEDA is developed by combining the HEDA and NSGA-II [40,41]. The
framework of the MO-HEDA is shown in Figure 3.
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Figure 3. The framework of the MO-HEDA.

In the first three steps, the algorithm is used to get the Pareto optimal solution by
running given generations. When RMsim is used as the robustness measure, simulation-
based evaluation is adopted in the evolutionary process, then the Pareto front can be
obtained directly. Then, the Pareto front will be further evaluated by Step 4 when SRM is
used as the robustness measure. After being evaluated by simulation, the values of SRMs
are turned into simulation-based robustness, which can be compared with the robustness
obtained by simulation-based robustness. The pseudocode of MO-HEDA is shown in
Algorithm 1.

Algorithm 1. The pseudocode of MO-HEDA.

Step 1. Set the parameters: population size Ps;,,, the number of parents and offsprings y, A, the
number of superior solutions Bgj,,, evolutionary generation Iteration, recombination probability P,
inheriting rate 6, learning rate .

Step 2. Initialize the algorithm.

Step 2.1 Generate P,;,, = N, initial schedule solutions, let Py = {S;|[i =1,...,N;t = 0} denote
the initial solution set, t is the index of iteration.

Step 2.2 Decode the solution to obtain the fitness value of each objective
[f1(5:), f2(S), - - ., fm(Si)]; M denotes the number of objectives.

Step 2.3 Calculate the probability matrix P(0).

Step 3. Sett =1

While t < Iteration Do

Step 3.1 1 Generate Popg;,, = N new solutions by using the probability matrix P(f — 1). Let
Q: ={S;li =1,..., N} denote the newly generated solution set.

Step 3.2 Merge the solution set P; and Q; to get a new solution set Py = P; U Q.

Step 3.2.1 Execute the improved non-dominated sort algorithm to obtain the non-dominated levels
of the Pareto solutions. Let F = {F; F, ...} denote the solution set in all the non-dominated levels,
where F; denotes the first level.
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Step 3.2.2Seti =1

While Py < N Do

If |P| > [P] + | Fi]

P=PUFE

i=i+1

Else if |Pt| < ‘Pt‘ + |Fz‘

Py = Py U {select N—|P| solutions in F;}, the solutions are selected by using the
crowded-comparison operator;

End While

Step 3.2.3 Sort the solutions in the new solution set P;.

Step 3.3 Select the first # = N solutions in P as the parent solutions.

Step 3.4 Generate A = N offspring solutions by using the recombination method with the
recombination probability P; and then sort the (3 + A) solutions by using the same procedure as
Step 3.2 to obtain an updated solution set P;.

Step 3.5 Select Bgj,e superior solution to update the probability matrix P(¢) of HEDA and save
N elites in the solution set P; or the next iteration by using the crowded-comparison operator.

t=t+1;

End While

Step 4. Robustness evaluation by Monte Carlo simulation method.

Step 4.1 Conduct the simulation evaluation on the obtained Pareto optimal solutions in the
solution set P; .

Step 4.2 Sort the solutions in F; according to the simulation results by using the improved
non-dominated sort algorithm.

Step 4.3 Save the Pareto frontier of the simulated solutions.

In the MO-HEDA, we used an operation-based encoding scheme [22]. Each in the popu-
lation denotes a scheduling solution of the RJSSP. The operations of the job J; are represented
by [(i—1)ym+1,...,(i—1)ym+j,...,(i—1)m+m]. Let m = (71,..., T, Tnxm),
where k := 1,2,...,n X m denotes the n x m positions in each solution. Under the en-
coding scheme, (i — 1)m + j in the position of 77} in 77 denotes that the jy, operation of
the job J; is located at the ky, position of 7r. The individual will never produce infeasible
solutions in both the population initialization process and the individual sampling process,
since it is encoded under precedence constraints.

The probability model is a vital procedure for the learning process of HEDA. The
offspring solutions in each generation are produced by sampling the probability model. A
probability matrix P(t) = {pfj,ﬂk |Vi, j, k} was defined considering the encoding scheme of
RJSSP, where the element pf]-, 7, Tepresents the probability of the operation on the machine
M; of ajob J; located in the position 7. The probability function of the superior population
is written as Equation (26): ;

I (1)
t _ Bsize “1f,7Tk
Pijm. = I B (26)
size
where Bgj,, denotes the quantity of the superior population, I f] - (t) denotes the statistical

function, according to Equation (27):

I () = {1, if operation O;; appears in position 714 of the schedule 27)

Uk 0, otherwise
To update the probability matrix of each generation, an incremental learning rule in the
field of machine learning was adopted. The learning function is shown in Equation (28).

1 quze
Piime = (L= 0Pl +ag— 30 L (1) (28)

The recombination method of HEDA is designed considering the encoding scheme and
the requirement of inheriting the excellent structure of the parent solutions [13,22]. With the
recombination scheme, feasible solutions are generated directly and do not need a repairing
process. As described by Xiao et al. [39], HEDA adopts an operation-based individual
recombination method. This operator relies on the parent’s operation inheritance rate,
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which represents the number of jobs that need to be inherited from the relative position
and is used to adjust the inheritance degree of the offspring to the parent’s structural
characteristics. To perform the recombination process, we first set the value of the parent
process inheritance rate and the recombination probability; second, we selected y parent
individuals and N positioning jobs, and found the positioning operations of jobs and the
relative positions of the parent individuals, named P1 and P2, respectively. At last, we
extracted all the operations of the remaining jobs, inserted the remaining operations of P1
into the vacancy of the offspring S2 in sequence, and inserted the remaining operations of
P2 into the vacancy of the offspring S1 in sequence.

The non-dominated sort algorithm is an innovative algorithm for sorting a population
into different non-domination levels. However, the algorithm can be further improved by
reducing the storage space complexity of the solutions and the number of comparisons in
the sorting process. The computational complexity of the non-dominated sort algorithm
is O(MN?), where M denotes the number of objectives and N denotes the size of the
population. As stated by Deb et al. [40], although the computational time complexity has
reduced to O(MN?), the storage requirement has increased to O(N?). Therefore, there are
two aspects of the previous algorithm that can be further improved. First, the comparison
of each solution is conducted twice. Second, the solution set is dominated by the arbitrary
solution S; € Py, Vi will be stored in the cache, while the dominated set will not be outputted.
Therefore, the improved non-dominated sort algorithm is adopted. The procedures are
shown in Algorithm 2.

Algorithm 2. The pseudocode of the improved non-dominated sort algorithm.

Step 1. Set the index of the solutions in the solution set P, = {S;|i = 1,..., N}, for each solution,
set n; = 1 as the number that is dominated.

Step 2. Determine the number that is dominated for each solution.

Fori=1,..., N—1

Forj=1,...,N—i

If S; dominates S;

Nipj=mnij+1

Else if S; ; dominates S;

n; =n; + 1;

End

End

Step 3. Sorting and storing the solutions in each front by using the times to be dominated.

Step 3.1 Sorting the solutions based on the 1; values of S; € P; in ascending order.

Step3.2Fori:=1: N -1

Set k := 1, k denotes the number of solutions in each level.

Set front =1, front is the index of the non-dominated level.

Ifn;=mn;+1

k:=k+1;

Ffront = Ffront U Sit1;

Elseif n; # n; +1

front := front +1;

Frront = Front U Siy1;

End

End

Step 4. Return the solution sets F := {Fy¢|front = 1,2,...}.

The overall complexity of the NSGA-II is O(MN?), which is governed by the
non-dominated sorting algorithm. The improved non-dominated sorting algorithm re-
duces the storage space complexity from O(N?) to O(N) by adopting the above well-
designed algorithm structure. Meanwhile, the time complexity of comparisons is reduced to
O(MN(N +1)/2) from O(MN?) due to the solution comparison being reduced to once
for each solution [32].
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In the improved non-dominated sort algorithm, the niche selection technology is
provided to maintain the diversity of Pareto solutions. In this way, the algorithm can
converge to the uniformly distributed Pareto front. In this study, the crowding-distance
assignment proposed by Deb et al. [40] is used. They defined density estimation to get an
estimation of the density of solutions surrounding a particular solution in the solution set.
The crowding distance i** is represented by the parameter of the cuboid formed by using
the nearest neighbors as the vertices. For the arbitrary non-dominated solution set F;, the

crowding distance of each solution S; can be calculated by the algorithm in Algorithm 3.

Algorithm 3. The crowding distance assignment.

Step 1. Let = )Ffront
Step2.Fori=1:1
Set S[i]distance =0
Forj=1:M

Frront = sort <Ff,0m, ]), sort the j, objective in an ascending order

Set S[l]distance = S[l]distance =®

Fori=2:1-1

S[i]distance = S[i]distance + (S[i+1,j]distance - S[i—l,j]distance) / (fjmax - f]mm)
End

End

End

Step 3. Save the S gistance for the crowded-comparison operator.

In the algorithm of crowding distance assignment, S; j14;; denotes the crowding dis-
tance of the jy, objective of the solution S;, f/"** and f/"" represents the maximum and
minimum of the j;; objective in solution set F. By using the algorithm 2 and algorithm 3,
we obtained two attributes of the solution, i.e., the non-domination rank #; and crowding
distance S;)gis-

5. Simulation and Analysis
5.1. Experiment Setting

The experimental analysis approach and the MO-HEDA are both coded by Matlab
2016 on a computer of Intel(R) Xeon(R) CPU E31230 @ 3.2 GHz with RAM of 8.00 GB,
produced by Dell, Round Rock, Texas. The parameters of MO-HEDA set the same values
for both RMsim and SRM, which are listed in Table 2.

Table 2. The parameters setting for MO-HEDA.

Parameters of HEDA Values
Population size 200
Evolutionary generations 200
Recombination probability 0.8

Number of positioning jobs [ 0.5n1]
Learning rate 0.3
Number of superior sub-population 40
Value of y and A 200

Number of simulation replications 50 or 200

The benchmark instances are modified from the classic JSSP benchmark instances by
introducing the variance into the nominal processing times. The benchmark instances of
FT06, FT10, and FT20 provided by Muth and Thompson [42] and LA06, LA16, LA21, LA26,
and LA32 provided by Lawrence [43] are selected.
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5.2. The Effectiveness Analysis of SRM-R

This section focuses on the correlation analysis between the SRMs and the RMsim by
using the coefficient of determination (R? value). To analyze the R? values under different
degrees of uncertainty, we define the terminology of uncertainty level.

Definition 4. Uncertainty level (UL): The uncertain level denotes the corresponding degrees
of uncertainty in a RJSSP problem instance, which is measured by the percentage of uncertain
operations relative to all the operations.

The uncertain operations are selected randomly by a uniform distribution according
to the specified UL. We choose five ULs (ULx, x =2, 4, 6, 8, 10) to compare the correlation
between the SRMs and the corresponding simulation-based robustness (RMsim). The value
of RMsim is also calculated using Equation (11).

The compared SRMs are optimized without considering the makespan. The critical
value for possible maximal processing time disruption is set at Z, = 1.96 with a confidence
level of 97.5%. The R? values are obtained from the regression of the values of SRM and
the corresponding SRMsim in the optimization process of HEDA with 200 generations.
For each benchmark, five existing SRMs [22] and the presented SRM-R are tested. The
average R? values obtained by running HEDA ten times are shown in Table 3. Moreover,
the average R? values for all the selected ULs are provided to show the overall correlation
of the comparison SRMs.

Table 3. The R? value of the comparison SRMs.

Uncertainty Level

Benchmark Instances SRMs
UL2 UL4 ULe6 UL8 UL10 Average
SRM1 044 046 029 055 053 045
SRM?2 027 009 014 048 053 030
SRM3 015 013 026 023 014 018
FT06 SRM4 069 072 08 069 087 076
SRM5 071 077 074 073 076 074
SRM-R 084 081 078 08 078 081
SRM1 013 019 039 069 077 043
SRM?2 014 016 044 056 072 040
SRM3 053 057 059 048 070 057
FT10 SRM4 082 090 089 089 085 087
SRM5 078 083 083 086 085 083
SRM-R 086 092 096 089 091 091
SRM1 003 012 035 048 076 035
SRM?2 014 031 035 040 073 039
SRM3 044 067 062 059 068 060
FT20 SRM4 084 08 090 084 081 084
SRM5 084 076 087 079 082 082
SRM-R 092 096 094 096 092 094
SRM1 053 061 031 018 058 044
SRM?2 046 049 045 068 087 059
SRM3 051 056 029 052 040 046
LAD6 SRM4 084 078 067 079 068 075
SRM5 087 081 084 073 069 079

SRM-R 0.92 0.93 0.93 0.97 0.98 0.95




Mathematics 2022, 10, 4048

16 of 22

Table 3. Cont.

Uncertainty Level

Benchmark Instances SRMs
UL2 UL4 UL6 UL8 UL10 Average
SRM1 011 029 046 045 081 042
SRM?2 020 039 044 055 079 047
SRM3 020 020 026 047 077 038
LAle SRM4 090 092 08 087 079 086
SRM5 081 075 073 081 080 078
SRM-R 092 089 093 092 092 092
SRMI1 020 020 026 047 067 046
SRM?2 024 022 045 047 074 040
SRM3 055 059 057 071 068 066
LAZ] SRM4 079 080 08 078 080  0.80
SRM5 084 078 071 078 080 078
SRM-R 090 088 092 090 08 090
SRM1 010 015 037 064 071 039
SRM?2 016 039 050 058 078 048
SRM3 064 070 074 065 071  0.69
LA26 SRM4 083 08 08 087 077 083
SRM5 081 08 080 084 082 082
SRM-R 090 092 094 091 094 092
SRM1 019 024 017 057 067 037
SRM2 012 022 026 045 058 033
SRM3 043 074 082 066 072 067
LA32 SRM4 088 094 092 088 087 090
SRM5 085 091 092 092 090 090

SRM-R 0.92 0.93 0.94 091 0.93 0.93

5.3. The Performance Analysis of the Pareto Optimal Solutions

In this section, two different degrees of uncertainties are investigated by defining the
benchmarks with 50% and 100% uncertain jobs as UL-M and UL-H, respectively, where
UL-M denotes the medium uncertainty level and UL-H denotes the highest UL. To keep
the benchmarks consistent when conducting robust scheduling by using SRM4 and RMsim,
we select all the operations of the first [0.571] jobs in each benchmark as the uncertain
operations under UL-M, while all the operations of the 7 jobs will be selected as the
uncertain operations under UL-H.

The simulation-based robustness measure is always regarded as the best one while
with the largest computational burden [6,7]. Generally, the comparison is based on the set
coverage between the Pareto front obtained by RMsim and that obtained by the proposed
SRMs. In this study, we compare the performance of the presented SRM4 and RMsim
directly, since the correlation values of the existing SRMs are apparently worse than those
of the presented SRM4. To obtain the Pareto optimal solutions, the objective combinations
of [makespan, RMsim] and [makespan, SRM-R] are used as the scheduling objectives. Two
performance criteria are selected to conduct the performance comparison of RMsim and
the presented SRM-R refers to the literature [7,44].

Set Coverage (SC): Let A and B be two Pareto solution sets, the set coverage SC (A, B) is
defined as the percentage of the solutions in set B and is dominated by at least one solution
in Pareto solution set A, as shown in Equation (29).

JyeA:
sc(a,B) = LX< B y|€B| y < 3} (29)
A higher value of indicates a better performance of set A. Referring to the study
of Xiong et al. (2013) [7], we use SC1 and SC2 to indicate the set coverage of the two

non-dominated sets obtained by the robustness measures RMsim and SRM-R. For the
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convenience of comparing the performance of SRM-R and RMsim, we define SC1 =
SC(RMsim, SRM — R), SC2 = SC(SRM — R, RMsim).

Computational time (CT): The computational time of running the MO-HEDA on the
same benchmark instance by using RMsim and SRM-R.

Moreover, to show that a certain number of Pareto solutions can be obtained by using the
proposed surrogate robustness measure, the number of Pareto optimal solutions is defined.
Since RJSSP is an NP-hard problem and the exact optimal solution can hardly be obtained,
the mentioned Pareto optimal solution is not the exact Pareto optimal solution. Given this,
we use the optimal solutions obtained by MO-HEDA as the Pareto optimal solutions.

The number of Pareto optimal solutions (NPS): the number of Pareto optimal solutions
on the Pareto front in the last generation.

For each benchmark, the solution performance obtained by SRM-R and RMsim will be
compared using the above performance metrics; those with better performance are marked
in bold. The RJSSP is a complex NP-hard combinatorial optimization problem. Moreover,
the stochastic processing times also increase the randomness of the Pareto optimal solutions.
Therefore, the MO-HEDA usually cannot get the same Pareto front over different runs
of MO-HEDA. In the simulation, we find that the Pareto optimal solutions over different
runs of MO-HEDA converge to nearly the same Pareto front under small-size benchmarks.
However, under large-size benchmark instances, the Pareto optimal solutions are hard
to converge to the same Pareto front due to the randomness of the optimal solutions of
MO-HEDA and the effects of stochastic processing times.

From Table 4, we find that the average NPS obtained by RMsim is slightly greater than
that of SRM-R under both UL-M and UL-H. The reason lies in that the SRM-R, which is
an estimator of RMsim, would be slightly worse than RMsim. Moreover, the robustness
evaluation in Step 4 of the MO-HEDA will also decrease the NPS in the first Pareto front.
Meanwhile, the average, as well as the difference of the average under UL-H, are less
than that under UL-M, which demonstrates under higher UL, the optimal Pareto solutions
are harder to be obtained due to the variability of the objective values under uncertain
processing times. When compared with the average NPS over all the benchmarks, the NPS
of SRM-R is smaller than that of RMsim, although the difference between the average NPS
values under UL-H is slight.

Table 4. The value of NPS.

UL Benchmark Instances FTo6 FT10 FT20 LAO6 LA11 LA16 LA21 LA26 LA32 Average
UL-M RMsim 10.4 17.8 14.8 18.2 17.8 17 10 9.4 10.4 14.0
: SRM-R 7.2 8.4 10.8 11.4 10.2 10.2 8.6 9.4 7.8 9.3
UL-H RMsim 6.0 10.6 9.3 8.5 8.5 7.1 9.3 7.4 6.0 8.1
: SRM-R 42 6.3 6.2 6.0 7.9 42 8.7 7.6 6.1 6.4

The performance of the Pareto optimal solutions obtained by SRM-R and RMsim is
represented by set coverage, shown in Table 5. Under the UL-M for the nine benchmarks,
the values of SC2 range from 0.66 to 0.98; the SRM-R shows better optimal performance
in two benchmarks. The average values of SC1 and SC2 over all the benchmarks are 0.78
and 0.9, respectively. It means there is about a 12% performance deviation of the Pareto
solutions obtained by SRM-R and those obtained by RMsim under UL-M from an overall
perspective. As seen from the results under UL-H, there are four benchmarks that show the
better performance of SRM-R, which is 44.4% of the total number of the tested benchmarks.
Moreover, the average value of SC2 is 0.79, which is very close to the value of SC1, namely,
0.84. In this study, the direct comparison of the set coverage between RMsim and SRM-R
shows that a higher SC2 is obtained, which is ranging from 0.62 to 1.0. This result is very
satisfying when compared with the performance of the SRM proposed for flexible JSSP by
Xiong et al. [7], which is rarely greater than 0.2 over the tested problems. Therefore, it is
concluded that Pareto solutions can be obtained by using SRM-R as an estimator of robustness.
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Table 5. The SC of the Pareto optimal solutions obtained by RMsim and SRM-R.
UL Benchmark Instances FT06 FT10 FT20 LAO06 LA1l6 LA16 LA21 LA26  Average
UL-M SC1 1.00 0.98 0.78 0.90 0.89 0.90 1.00 0.74 0.90
: SC2 0.66 0.67 0.92 0.75 0.78 0.85 0.74 0.98 0.78
UL-H SC1 0.71 0.84 0.96 0.83 0.95 0.86 0.77 0.75 0.84
: SC2 0.95 0.72 0.73 0.62 0.66 0.89 0.97 1.00 0.79
The main advantage of the SRM-R is the computational efficiency. The percentage of the
decreasing of the CT of SRM-R, compared with that of RMsim is calculated by Equation (30).
(CT_RMsim — CT_SRMDP)
PD =100 x : % 30
CT_RMsim ¢ (30)
The average of the CT of ten replications, as well as the relative percentage deviation
under both the UL-M and UL-H over the nine benchmarks are provided in Table 6.
Table 6. The comparison of average computational time (seconds).
UL CT FTo06 FT10 FT20 LAO06 LA1l6 LA1l6 LA21 LA26 Average
SRM-R 71.31 137.94 146.30 110.44 137.62 183.15 261.58 448.63 71.31
UL-M RMsim 317.10 546.58 499.50 382.56 527.04 680.27 844.29 1298.57 317.10
PD (%) 77.51 74.76 70.71 71.13 73.89 73.08 69.02 65.45 77.51
SRM-R 69.29 130.49 134.48 107.32 127.84 185.42 257.03 439.83 69.29
UL-H RMsim 308.59 542.97 516.87 387.12 593.40 708.96 862.71 1325.46 308.59
PD (%) 77.55 75.97 73.98 72.28 78.46 73.85 70.21 66.82 77.55

It is easily found that the CT of SRM-R is significantly lower than that of RMsim. The
decreasing percentage of CT ranges from 65.45% to 77.51% under UL-M and ranges from
66.82% to 78.46% under UL-H. The results are obtained with simulation replications of 50.

According to the analysis, it is verified that the presented SRM-R can estimate robust-
ness accurately. Therefore, the decision makers can obtain the Pareto optimal solutions
using SRM-R as the robustness measure with a tremendously lower computational time.
Meanwhile, the RMsim is preferred when there is enough simulation time or more Pareto
solutions are needed, since it can provide more Pareto solutions. However, if the decision
makers want to obtain the Pareto solutions with high computational efficiency, especially
for large-size problem instances, the presented SRM-R is a better choice.

5.4. Case Study

A typical problem instance derived from a job-shop manufacturing environment is
selected [13]. The problem instance is extracted from the manufacturing enterprise and
then modified to verify the effectiveness of the surrogate model for RJSSP. There are eight
parts to be processed, which are typical aircraft engine parts. Each part requires six major
processes, including turning, milling, planning, grinding, drilling, and boring. After the
setup process of the machine tool is finished, it will then be machined by the machine
tool automatically. The machine tools are numbered, respectively, including lathe (M1),
milling machine (M2), planer (M3), grinding machine (M4), drilling machine (M5), and
boring machine (M6). The sample mean and variance of the processing time of each process
are obtained, according to the historical data. The processing times approximately follow
the normal distribution, then the processing time scenarios are assumed to follow the
trunked normal distribution. The corresponding machine information and processing time
information (units/hour) are shown in the form of (the machine number, the expected
value, and the variance) [13]. We solve the problem instance using the surrogate model
and the simulation-based model of RJSSP, respectively. In each computational simulation,
we use MO-HEDA to solve the problem instance 10 times, the Pareto front is selected to
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compare the performance of the SRM-R and RMsim, shown in Table 7, the unit of Makespan
and RMsim is the hour.

Table 7. The Pareto front obtained by SRM-R and RMsim.

SRM-R RMsim
Pareto Solutions
Makespan RMsim Makespan RMsim
1 57 11.25 60 9.36
2 54 12.82 58 10.56
3 56 11.26 56 11.50
4 58 10.66 57 10.79
5 59 9.57 59 9.82
6 61 9.22 54 12.93
7 55 11.90 63 8.18
8 63 8.28 55 11.79

The average computation time of SRM-R is 103.57 s. The average computation time of
RMsim is 563.55 s. The decreasing percentage of the computation time is up to 81.62%. To
further show the robust scheduling results of the SRM-R, the Pareto front of the SRM-R is
provided in Figure 4.

- Pareto optimal front of RMsim and SRM-R
4
q

A= 4]

125

12
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115 & O SRM-R
11

105

RMsim(hour)
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Makespan(hour)

Figure 4. The Pareto optimal front of the comparison robustness measures.

The variation range of RMsim is 8.18-12.93; (12.93-8.18)/12.93 = 31.9%. The range
of Makespan is 54-64; (64-54)/64 = 15.6%, which means that the decision maker can
choose any solution sacrificing at most 15.6% performance of the makespan while obtaining
31.9% improvements in the robustness. Comparing the Pareto optimal solutions obtained
by SRM-R and RMsim in ten computational experiments, the set coverage value of the
Pareto optimal fronts is 40% (RMsim dominates SRM-R, SC1) and 37.5% (SRM-R dominates
RMsim, SC2), respectively. As for the Pareto front, the set coverage value is 50% (SC1) and
37.5% (SC2), respectively. The results denote that the SRM-R is effective to obtain robust
schedule solutions with a significantly lower computational burden.
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6. Conclusions

This paper addressed the RJSSP under stochastic deteriorating processing times,
considering the resilience of production schedule, by formulating a surrogate model. To
develop an effective SRM for robustness estimation, we provide a statistical approach that
transforms the disturbances of stochastic deteriorating processing time to an estimated
upper bound with a specified confidence level. Thereby, the formula of the disruption
propagation is provided by analyzing the structure of the schedule. Additionally, then, we
utilize the disruption propagation formula and the available processing time information to
formulate the SRM-R. Moreover, we provide the MO-HEDA for solving the multi-objective
RJSSP, in which the improved non-dominated sorting algorithm can increase computational
efficiency by reducing the storage complexity and time complexity of the non-dominated
sorting process.

Three groups of simulation experiments verified the effectiveness and the performance
of the presented SRM-R. First, we investigated the correlation between the SRMs and the
RMsim. The results demonstrated that the correlation of the presented SRM-R is higher
than that of the existing SRMs, which indicates a better estimation accuracy of robustness.
The second experiment compared the performance in obtaining the Pareto optimal solution
obtained by using the presented SRM-R and the RMsim. According to the results, we
concluded that the SRM-R can be used to estimate the robustness of RJSSP and obtain
satisfying Pareto optimal solutions, with a tremendously lower computational burden. In
addition, a case study further verified that the proposed surrogate model is effective for
the studied RJSSP and production resilience can be effectively improved. Therefore, the
presented SRM-R is a good choice for the decision makers, when computational efficiency
is emphasized.

The limitation of the proposed SRM-R is the assumption that the processing time
obeys the normal random separation. When the distribution type changes, the conditions
for the disturbance propagation will change. Therefore, future research will further study
the surrogate robustness measure under different probability distribution types, such as
uniform distribution, lognormal distribution, and exponential distribution. Moreover, to
further improve the production reliability, the surrogate measure of stability by using
the disruption propagation formula should also be studied. Thereby, the multi-objective
scheduling optimization approach for RJSSP will be provided, considering the makespan,
the robustness, and the stability by using the presented surrogate measures. At the same
time, this research may provide a theoretical basis for data-driven robust scheduling of job
shops with the support of new technologies, such as digital twins and cloud manufacturing.
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