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ABSTRACT Setup time consists of all the activities that need to be completed before the production
process takes place. The extant scheduling predominantly relies on simplistic methods, like the average value
obtained from historical data, to estimate setup times. However, such methods are incapable of representing
the real industry situation, especially when the setup time is subject to significant uncertainties. In this
situation, the estimation error increases proportionally to the problem size. This study proposes a Random-
Forest-based metaheuristic to minimize the makespan in an Unrelated Parallel Machines Scheduling Prob-
lem (UPMSP) with uncertain machine-dependent and job sequence-dependent setup times (MDJSDSTs).
Taking the forging industry as an example, the numerical experiments show that the error percentage for
the setup time estimation substantially decreases when the proposed approach is applied. This improvement
is particularly significant when large-scale problems are sought. Overall, this study highlights the role of
advanced analytics in bridging the gap between scheduling theory and practice.

INDEX TERMS Scheduling, unrelated parallel machines, setup times, random-forest, metaheuristic.

I. INTRODUCTION
In a saturated market place, the strategic intention has
been directed towards customer satisfaction, where prod-
uct on-time delivery is a principal attribute. In this situ-
ation, production scheduling is of critical importance for
large businesses to ensure timely response to the demand
surges. The production research literature shows a grow-
ing flow of research papers expanding scheduling problems,
inspired by various industry-specific needs and situations.
The existing body of scheduling literature predominantly
focused on different machine characteristics, job constraints,
and pursuing various objectives [1]. The vast majority of
these scheduling extensions ignored uncertain setup times,
exposing the modeling outcomes to different levels of
imprecision [2]–[4]. This may be due to the complexities
involved in implementing stochastic or simulation-based
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optimization approaches. Setup procedure includes all the
inevitable preparation activities from machine adjustment,
and mold installation/removal, to cleaning fixtures and the
other involved tools. The idle time caused by setups, among
the other non-value-adding activities (see [5]), should be esti-
mated carefully to obtain dependable scheduling solutions.

The setup time estimation in practice is predominantly
based on the operators’ experience, or, at best, simple
average-based methods. Such approaches are not effective
in the production systems with general-purpose machinery,
and the possible errors can be extensive when estimating the
delivery due date for large-size orders. Sequence-dependent
setup time is a prime example when the uncertainties pre-
vail [6] because the estimation depends not only on the
current job, but also the job immediately preceding it,
and the characteristics of the respective machine [2]. This
situation is particularly prevalent in the Unrelated Par-
allel Machines Scheduling Problem (UPMSP). UPMSPs
with machine-dependent and job sequence-dependent setup

VOLUME 8, 2020 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/ 74065

https://orcid.org/0000-0002-9549-5290
https://orcid.org/0000-0003-1547-5503


C.-Y. Cheng et al.: Learning-Based Metaheuristic for Scheduling Unrelated Parallel Machines

times (MDJSDSTs) represent the real production situation in
various industries, from dicing operations in semiconductor
wafer manufacturing, and drilling operations in printed cir-
cuit board fabrication, to warp making, weaving, dyeing, and
cloth cutting in textile manufacturing [7]. Despite the wide
industry applications of this family of scheduling problems,
research in this field is relatively under-developed [8]. From
the existing literature, [9] included uncertainties in job arrival
time and due date but dismissed the setup time uncertain-
ties. Reference [10] studied optimization under uncertainty
in UPMSPs with MDJSDSTs, addressing the issue from a
solution algorithm standpoint. No studies considered setup
time estimation complexities, and the inherent uncertainties,
while the errors caused due to this shortcoming may jeop-
ardize the consistency of the scheduling outcomes. Overall,
one-dimensional statistical methods may not be effective
to address the setup time uncertainties, particularly when
implemented to solve complex and large-scale scheduling
situations.

Various integrations have been proposed to improve the
analytical aspects of optimization in the supply chain and
manufacturing contexts [11]. Advanced analytics can help
address the uncertainties involved in the mathematical model
parameters, particularly time value estimations [12]. Inspired
by this idea, this study sought to integrate a learning-based
method into scheduling optimization problems to help narrow
the gap between research and practice. Given the relative
significance and the complexities involved in the estima-
tion of MDJSDSTs in UPMSPs, this scheduling extension
is considered as a baseline to provide insights and informs
other scheduling situations. The main contribution of this
work is, therefore, to propose a Random-Forest-based Hybrid
Artificial Bee Colony (RF-HABC) algorithm to minimize the
makespan of UPMSPs with MDJSDSTs.

The remainder of this manuscript is organized into four
sections. Section 2 consists of a literature review to support
the stated research gap. The applied methodological tools,
the research process, algorithm and analysis methods are
briefly explained in section 3. Section 4 provides exhaustive
numerical results and experimental analysis. Finally, con-
cluding remarks, and directions for future research works are
provided in section 5.

II. LITERATURE REVIEW
Setup operations are case-specific. That is, production needs,
and characteristics determine the sort of preparation activities
required before the value-adding operations take place. Setup
times can particularly be substantial when general-purpose
machines are used. Behavior-dependent characteristics of
setup times have been the focus of many scheduling stud-
ies [13]. Overall, sequence-dependent setups are subject to
more complexities, because they depend on the characteris-
tics of the consecutive jobs, and machines [2], [6].

Scheduling with stochastic time parameters was the first
time introduced by the seminal works of [14], and [15]. Given
the significant impact of the time parameters uncertainty

on the overall performance of the system, i.e. completion
time fluctuations [16], various methods are used to address
this issue. More particularly, studies addressed the issues
pertinent to the setup time uncertainty considering processing
and setup times within certain intervals [17]–[19], known as
lower- and upper-bounds [20], [21], and using fuzzy time
variables [22], [23].

Zhu et al. [24] addressed the scheduling of cluster tools,
which is a special case of UPMSP [25], using Petri Nets
to model the close-down process for the wafer lots switch
and maintenance. Although Petri nets are capable of address-
ing setup time and time-window [26], and widely used in
the scheduling context [27]–[29], they are simplistic and
limited to effectively model the real-world systems [30].
Parallel machines scheduling problems considered release
and delivery time constraints, but in a deterministic envi-
ronment [31]. Other studies addressed this shortcoming, for
example through considering the processing time as a ran-
dom variable following a negative exponential distribution for
optimizing UPMSP [32]; this study did not take into account
setup times. Besides, such one-dimensional statistical meth-
ods alleviate uncertainties but cannot be effective when lim-
ited data is available [33], or significant uncertainties should
be confronted [34].

More recent studies, therefore, addressed time uncertain-
ties applying robust deviation methods [35], [36]. Refer-
ence [35] considered distribution functions, along with a
robust deviation method to minimize the maximum regret
value. Reference [36] applied a similar approach to address
the setup time uncertainties in parallel machine scheduling
with order dependence. Estimating the accuracy was not sub-
ject to study in the mentioned papers, and the authors merely
focused on optimization results analysis. In other words, it is
unknown if their proposed method improved the accuracy of
setup estimates.

Reference [12] suggested that advanced analytics, and
more particularly learning-based methods can be applied to
address the uncertainties involved in time parameter esti-
mations. There are several studies where decision trees are
incorporated into scheduling problems, addressing various
computational aspects. Reference [37] adopted a decision tree
to select proper dispatching rules in reentrant hybrid flow-
shops. They applied [38] Iterative Dichotomiser 3 –ID3 algo-
rithm to alleviate computational difficulties for the simulation
analysis. Reference [39] incorporated the C4.5 decision tree
(see [40]) into a metaheuristic approach to explore assign-
ment rules while considering utilization rate, processing and
expiration times. They showed that the learning-based tech-
nique significantly reduces the actual delay time. Applying
a similar approach, [41] dealt with a multi-target scheduling
problem, simultaneously minimizing the makespan and max-
imum lateness, and minimizing total delays. Reference [42]
applied decision trees for due date assignment in a dynamic
job shop scheduling problem. Their study claims the lowest
tardiness norm, reducing the errors for total work content
estimation.
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Surprisingly, limited attention has been given to advanced
analytics applications to overcome the limitations of extant
scheduling. Learning-based tools, and more particularly RF,
have not been applied for the estimation of time parameters,
and more particularly setup times in the scheduling context.
To bridge this gap, our study proposes an RF-HABC algo-
rithm to solve UPMSPs with uncertain MDJSDSTs, compar-
ing its error rates with that of simple average and decision tree
methods. Following the notation system introduced by [43],
the problem is hereafter denoted by Rm|Sijk |Cmax. The first
term of this notation,Rm, indicates a UPMproduction system,
where the job sequence on each machine can be different; Sijk
specifies MDJSDSTs, to be obtained through RF analysis.
The last term, Cmax, specifies makespan as the objective
function.

III. RESEARCH METHOD
This section first describes the RFmethod to deal withMDJS-
DST estimation. The mixed-integer programming (MIP) for-
mulation of the UPMSP with uncertain MDJSDSTs is then
detailed. The section continues with a brief explanation of the
solution algorithm phase, HABC, and its computational steps.
We finish up with elaborating on the developed two-phase
methodology.

A. RANDOM FOREST
Proposed by [44], RF consists of a group of tree predic-
tors that make individual decisions, and are formed by a
set of branches and sub-branches, each of which represent-
ing various decision-making scenarios. Employing Bootstrap
Aggregating (Bagging), random subspace method, and the
classification model of the decision tree, RF uses train-
ing data, and input features, to train the individual trees.
In this procedure, Bagging uses the bootstrap replicates of the
learning data to help generate several versions of the same
predictor, and form the aggregated predictor [45]. The ran-
dom subspace method develops independent tree-classifiers
such that the combination attains higher accuracy [46]. The
last major element, the decision tree, is a supervised fea-
ture extraction method, consisting of training and prediction
phases. Through classifying large sets of data, decision trees
extract, and apply, generic rules to identify unknown sam-
ples [47].

Decision trees are tree-like flowcharts, mimicking the
decision-making processes in the human brain [48]. A deci-
sion tree consists of a root node, and outgoing branches
comprising internal, and leaf nodes [49]. Nodes are subsets
of examples, and the branches represent respective conditions
and certain attributes. Categorizing decision trees into classi-
fication or regression trees, they have been widely applied
in classification and predictive modeling [50]. Evaluating
chi-squared automatic interaction detection (CHAID; [51]),
C4.5 programs for machine learning [52], and classification
and regression trees (CART: [53]) are some seminal examples
of decision tree applications.

Similar to decision trees, RF expands the population by
generating new trees, from the existing ones, using the

Classification and Regression Trees (CART) method
[44], [53]. For this purpose, different models and predictive
variables are used to ensure that there is no correlation
between the developed individuals in the forest. The pruning
method is often applied to avoid over-fitting in the presence
of a large population size. As a final step, the forest should
be screened considering the predicted value. Given a large
number of tree predictors, the model identifies the most
popular class based on the group votes, and draw respective
decisions. RF is capable of effectively processing the data,
and filling in the missing values while maintaining high
accuracy.

RF has been successfully applied in various fields, where
accurate predictive performance in the presence of noise in
data is essential [54]. Despite the merits of RF compared to
the existing learning tools [55], particularly its proven accu-
racy in time estimation [56], RF applications in the schedul-
ing context are quite limited. From the existing studies, [57]
applied RF to predict the gaps in machines, where several
heuristics behavior were compared in job-shop scheduling.
In the latter work, [58] integrated RF into a metaheuristic,
Particle Swarm Optimization, to generate divergent sched-
ules at the initialization phase. For a thorough review of the
learning-based classification approaches, we refer the readers
to the exhaustive review of [59].

B. MATHEMATICAL FORMULATION
MIP is applied to schedule the forging process, simultane-
ously determining the sequence of the jobs and the associ-
ated time variables. UPMSPs are characterized by parallel
machines that are either different in features or the tasks they
perform. We adapted UPMSP with MDJSDSTs, developed
by [60], to model the problem at hand. In our formulation,
the dummy variable, C0, is considered to account for the
completion time of the first job in the sequence. Besides,
L is a very large positive integer. The remainder of indices,
parameters, and the decision variables are introduced in the
following.

1) INDICES
k Machine tag, k ∈ M = {1, 2, . . . , m}
i, j Job index, i, j ∈ N = {1, 2, . . . , n}

2) PARAMETERS
m Number of machines
n Number of jobs
Pi,k Processing time of job i on the machine k

3) DECISION VARIABLES

X ki,j Binary variable; = 1 if the job j is processed
immediately after job i on themachine k;= 0,
otherwise.

Cj Completion time of the job j
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ST ki,j Adjusted setup time for processing of the
job j, succeeding job i and processed on the
machine k

The MIP formulation of the problem is now presented.

Minimize Cmax = max{Cj}1≤j≤n (1)

Subject to
m∑
k=1

n∑
i=1

X ki,j = 1, ∀j ∈ N , j 6= i (2)

n∑
j=1

X k0,i = 1,∀k ∈ M (3)

n∑
i=1

Xh
i, q
i 6= q

−

n∑
j=1

Xh
q, j
q 6= j

= 1,

∀q ∈ N ,∀h ∈ M (4)

C0 = 0 (5)

Cj −

Ci+ m∑
k=1

X ki,j


ST ki,j + P

k
j +

L × (
m∑
k=1

X ki,j − 1)


 ≥ 0,

(6)

∀i ∈ {0, . . . , n} ,∀j ∈ {1, . . . , n}

X ki,j ∈ {0, 1} ,Cj, ST
k
i,j ∈ Z

+,

∀i∈{0, . . . , n} ,∀j ∈{1, . . . , n} ,∀k ∈{1, . . . ,m}

(7)

Equation (1) calculates the makespan, to be minimized in
the optimization process. Constraint (2) ensures that each
work is assigned to one and only one machine. According
to equation (3), each machine can only be assigned one job at
a time. The sequence of jobs will be determined using equa-
tion (4). Equation (5) assigns a zero value to the completion
time of task 0. Constraint (6) helps calculate the completion
time of other tasks, ensuring that each of them is associated
with only one completion time value and that the completion
time value is non-negative. As a final constraint, (7) specifies
that the decision variable X ki,j is binary, and the time variables
only accept positive integer values.

C. HYBRID ARTIFICIAL BEE COLONY
Developed by [61], Artificial Bee Colony (ABC) is a
population-based metaheuristic algorithm, inspired by the
collective behavior of bee colonies in search of food sources.
ABC performs the search in solution space based on two
major features; the division of bees, and the information shar-
ing among them. In this approach, the bee colony is divided
into three categories, simulating the bees’ honey collecting
mechanism: collecting, observing and scouting bees work
together to find the best nectar source. Scout bees randomly
search for promising new sources. ABC’s exploration pro-
cedure mimics the scout bees carry out. Given a particular
nectar source, collecting bees transfer food and the asso-
ciated information (i.e. proximity, richness and the ease of

extraction) to the onlooker bees in the hive. This procedure
forms the exploitation capability of the algorithm. ABCs have
been widely applied in combinatorial optimization, and more
particularly scheduling problems [62], [63].

ABCs have been widely applied to solve various schedul-
ing problems; single machine scheduling problems [63], eco-
nomic lot scheduling problems [64], permutation flow shop
scheduling problems [65], hybrid flow shop scheduling prob-
lems ([66], UPMSPwithMDJSDSTs [67], job-shop schedul-
ing problems with no-wait constraint [68], and flexible job
shop scheduling problems [69] are the most recent examples.
The hybrid artificial bee colony (HABC) is different from
its extant versions in that the initial population generation,
adaptive function value, proximity procedures are enhanced
and a local search, the well-known Simulated Annealing
algorithms, is integrated to ensure that ABC, which is a global
search algorithm, can effectively avoid getting trapped in
local optima.

HABC operates based on six major parameters. The num-
ber of food sources, SN , specifies the number of onlookers.
limit determines the threshold after which the food source
will no longer be explored. T0 and β are considered to adjust
the initial temperature, and the temperature change ratio,
respectively. The computational iterations will be continued
until the maximum time limit Tmax is reached. On this basis,
the current temperature T is defined, and gets updated at
each iteration T ← βT , where 0 < β < 1. This phase
of RF-HABC results in a (near-) optimal solution, πbest . The
pseudocode of the HABC algorithm is provided in Figure 1.

The major elements of HABC are now described.

1) INITIALIZATION
The jobs assigned to each machine should be first sorted ran-
domly. Figure 2 is a generic example of a solution structure,
where the work sequence in different machines, πi, can be
separated by placing a zero value between two consecutive
sequences. In the initialization stage, one should also set the
numbers of total and the observing bees equal to the number
of solutions.

2) FITNESS VALUE CALCULATION
The fitness function value of a solution, π , determines its
quality with respect to the defined performance indicator.
fit (π) can be obtained using equation (8); that is, the smaller
the makespan, the better the solution is. The algorithm
searches for new neighborhoods considering equation (9),
where π imin and π

i
max are the lower- and upper-bounds of the

solutions, respectively.

fit (π) =
1

Cmax (π)
(8)

π iπ = π
i
min + rand[0,1]

(
π imax − π

i
min

)
(9)

3) NEIGHBORHOOD SOLUTION
The adjacent solutions to a current solution, πcurrent , can be
obtained by applying the destruction and construction steps
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FIGURE 1. Pseudocode of the hybrid artificial bee colony (HABC).
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FIGURE 2. Initial group sorting diagram.

FIGURE 3. Local search procedure.

of the Iterative Greedy (IG) algorithm. In this approach,
πcurrent , π removed , π remainder , and πnew represent a current
sequence, list of d removed jobs, the n − d remaining jobs,
and the updated, new, sequence, respectively. Destruction
step consists of randomly selecting n jobs from the job lists
assigned to the machine with the largest completion time.
Remove the selected jobs from πcurrent , and add them to
π removed keeping the same job order. π remainder represents
the partial sequence of πcurrent after removing the randomly
selected jobs. The construction step iteratively adds the

elements ofπ removed into every possible position ofπ remainder

until a whole sequence, πnew, is obtained. The resulted
sequence is considered a neighborhood solution of πcurrent .

4) LOCAL SEARCH
Given a new neighborhood solution, πnew, local search
approach is employed iteratively to improve the solution with
respect to the fitness function value, makespan. It is done by
relocating the jobs within the respective sequence. If a better
solution is obtained, the local search will be applied another
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FIGURE 4. A generic representation of the random forest.

time until the changes become non-effective. The pseudocode
of this procedure is provided in Figure 3.

5) EMPLOYED, ONLOOKER AND SCOUT SEARCH
A solution, π , corresponds to an employed bee, while the
new neighborhood solution, πnew, is a food source for the
employed bees; it replaces π if appears to be a better
alternative. Onlooker bee evaluates the fitness values deliv-
ered by the employed bees. On this basis, a solution, π ,
is selected as the incumbent with a probability prob =
makespan(π)/

∑SN
s=1makespan(π

s); the higher a solutions
fitness value is, the more likely it will be its selection as
incumbent to the SN solutions. Once a solution is selected,
a corresponding neighborhood solution will be obtained
through the neighborhood and local search procedures, until
better alternatives are found. A solution will be abandoned if
it can no longer be improved. In this situation, the solutions
corresponding employed bee become a scout bee.

D. THE PROPOSED RF-HABC
The proposed solution approach, RF-HABC, consists of two
major phases. It first employs a learning-based method to
estimate MDJSDSTs. The HABC algorithm then solves the
Rm|Sijk |Cmax problem.

a: PHASE I. RF ANALYSIS FOR SETUP TIME ESTIMATION
RF operates based on the regression or classification
trees [70], [71]. This study applies the former approach,
RF analysis based on the regression tree that comprises train-
ing and prediction steps. Given the parts’ information (i.e.
number, type, and size) in each machine, and the immediately
preceding station, as well as the respective specifications of

machines (i.e. number and tonnage), Phase I extends to esti-
mate a setup time value for each of the attribute combinations.
A generic example of this procedure is provided in Figure 4.

To estimate the MDJSDSTs, the Bootstrap method is first
applied to select N data, and form a sample D, and use
them as training material. Considering different attributes Yi
represents the target variable for each of the inputs in the
sample D = {(X1,Y1) , (X2,Y2) , . . . , (XN ,YN )}. Given a
set of selected attributes as growth candidates, we form the
main node branch. We then continue branching and selecting
attributes and repeat until none of the attributes meet the
branching conditions. This repetitive extraction of training
data from RFs makes the results less vulnerable to noise and
outliers. Next, new sample data, D′ are generated through
predictions; they are then assigned to the K decision trees.
We then obtain the average value from the K decision trees
such that the predicted value of the new sample data D′

is defined. Finally, the correlation between the attributes is
calculated. The resulted correlation data and the MDJSDST,
ST ki,j, form the matrix of machine-job-sequence.
Given the required rule attributes and the obtained MDJS-

DSTs, the setup time information should be sorted following
the mathematical model and the required input format by the
solution algorithm. As suggested by [72], the classification
method of the Bootstrap sampling is only applied to the obser-
vation data, while the RF is applied to both observations and
variables. This approach enhances the model’s capability in
searching for correlations between variables, and improving
accuracy.

As a part of numerical experiments, this study applies an
alternative approach, the decision tree method, to estimate
MDJSDSTs considering case-specific production conditions.
A decision tree is employed to extract the knowledge of setup
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FIGURE 5. Graphical representation of the methodology.

time estimations based on various attributes, and generate
a set of IF-THEN rules. The generated rules are mutually
exclusive and collectively exhaustive, so estimations can be
made based on the set of examples [73].

An illustrative example is now provided to explain the
computational steps. Let assume a small forging workshop,
where two machines are designated to process a total of

four products. Product type, product size, and machine ton-
nage attributes are considered to determine the setup times
in a production system with general-purpose machinery.
Figure 5 is a graphical illustration of the computational
steps.

This procedure consists of test and forecast steps, con-
sidering machine-dependent and job sequence-dependent
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FIGURE 6. Decision tree for an exemplary product.

setup situations, each of which representing the possible
preparation time before the machine begins a given opera-
tion. Given the defined attributes, the sample data will be
used as training input to the RF procedure. The output of
this procedure is summarized in forms of a matrix, to be
used as input to the solution algorithm, which results in the
initial job sequence to the Rm|Sijk |Cmax problem, applying
the RF method (RFmax). Given the defined rules, the next
step considers ten independent samples from the historic data
to resolve the Rm|Sijk |Cmax problem, and obtain the respec-
tive objective function values. In the illustrative example,
the completion time of the operations, O1 and O2, on M1
and M2, when considering the first sample, is as follows:
M1A1 + P11 + M1A4 + P14 = 2 + 2 + 4 + 3 =
11 and M2A2 + P22 + M2A3 + P23 = 1 + 2 + 1 +
5 = 9; therefore, the makespan of the sample is equal
to Cmax(O1) = 11.

Given the objective function value for each of the sam-
ples, equation (10) is used to calculate the respective error
rate RFer(i). On this basis, the resulted average error, 9.71 in
the illustrative example determines the measure on the accu-
racy of the results when applying the RF method.

Error =
Cmax(i)− RFmax

RFmax
× 100% (10)

b: PHASE II. SOLUTION APPROACH
Given the obtained setup times in Phase I, the HABC
algorithm can be applied to find the (near-)optimal solu-
tion to the Rm|Sijk |Cmax problem. The mathematical for-
mulation and optimization procedures were detailed in
sections 3.2 and 3.3.

IV. NUMERICAL ANALYSIS
This section presents the computational results and analysis
of the proposed framework. The numerical analysis begins
with a description of the test data. RF analysis is then pre-
sented. Finally, verification and evaluation steps are elabo-
rated to show the superiority of the proposed approach. The
numerical experiments are conducted on a personal computer
with an Intel(R) Core (TM) i7-6700HQ (2.6GHz) proces-
sor, 24GB of RAM, and a Windows 10 operating system.
The solution algorithm was coded in Python programming
language.

A. CASE DESCRIPTION
Taking the forging industry as an example, the test data
is partially obtained from a small-parts forging company.
Forging refers to the procedure of deforming metals, apply-
ing comprehensive force on the work-in-progress material
using heavy equipment. Given the processing temperature,
forging can be categorized into hot satin, warm satin, and
cold satin groups. Cold forging consists of molding the metal
at room temperature, and pressing the plate, or bar, after
repeated extrusion. In cold satin, it is relatively easy to obtain
high dimensional accuracy and surface smoothness, when
compared to hot satin. However, the plasticity of the forged
material can be rather low.

Different pressure norms may be required considering the
dimension of the product. The force generated by a compres-
sion molding machine is directly proportionate to its tonnage,
that is, the heavier compression machines are often character-
ized by larger pressure upper limit [74]. Given that machin-
ery with the same tonnage may also perform differently,
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TABLE 1. Computational results of the estimation accuracy for [50-100] setup time interval.
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TABLE 2. Computational results of the estimation accuracy for [50-150] setup time interval.
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TABLE 3. Computational results of the estimation accuracy for [50-200] setup time interval.
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FIGURE 7. Error rate changes in (a) small-workload, (b) medium-workload, (c) large-workload, and (d) number of machines, within [50,100]
interval.

the processing time of a product differs from one machine
to another. Likewise, setup time may vary depending on the
machine, as well as the new and preceding products.

Case factory data is obtained to estimateMDJSDSTs using
the RF method. Small-, medium- and large-scale test prob-
lems are considered to analyze the problem size effect on
estimation accuracy. For this purpose, and given the wide
range of products and machinery in the case company, ten
random samples from the top 20 percent of the products
are considered to generate the test problems. Due to the
complications involved in collecting the rest of the required
data, random data has been used.

Overall, small-, medium-, and large-scale problem
instances are considered to conduct numerical tests. Small-
size instances are configured by n = {6, 7, 8, 9, 10} jobs and
m = {2, 4, 6} machines. Considering ten instances for each
of the m × n combinations, a total of 10 × {6, 7, 8, 9, 10} ×
{2, 4, 6} × {[50, 100] , [50, 150] , [50, 200]} = 450 test

examples have resulted. The medium- and large-size prob-
lems comprise n = {20, 40, 60, 80, 100, 120} jobs and
m = {2, 4, 6, 8, 10, 12} machines, resulting in a total of
10× 6× 6× 3 = 1080 examples.

B. RANDOM FOREST ANALYSIS FOR ESTIMATING
MDJSDSTs
Given the obtained case company data, RF is now applied to
analyze the correlation among the attributes, and estimate the
setup times. Figure 6 is a visual representation of the deci-
sion tree for an exemplary product from the case company,
where the product type is downwardly expanded to obtain
the respective MDJSDSTs values. For example, if the frame
dimension is smaller than 20, and the outer diameter of the
product is also smaller than 20, the estimated setup time is
approximately 84 seconds; otherwise, two distinct situations
may result. If the outer diameter is less than 24, a setup time
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FIGURE 8. Error rate changes in (a) small-workload, (b) medium-workload, (c) large-workload, and (d) number of machines, within [50,150] interval.

of 110 seconds can be expected, or else, the non-conformity is
less than 450, and the expected setup time will be determined
based on the machine’s tonnage, and the previous work on the
machine.

C. EXPERIMENTAL RESULTS
After estimating the MDJSDSTs using the RF approach in
phase I, the HABC algorithm in phase II of the RF-HABC is
applied to find the (near-)optimal solution to the Rm|Sijk |Cmax
problem. The simple average (AV), and decision trees (DT)
methods are considered to replace the proposed RF learning
method in phase I of the algorithm, named AV-HABC and
DT-HABC, to analyze the experimental results. To com-
pare the accuracy of the mentioned methods, small, medium
and large instances including 6-10, 20-60, and 80-120 jobs,
respectively, to be loaded on two to twelve machines, are con-
sidered. Besides, three different distribution patterns for setup
time interval data, [50, 100], [50, 150] and [50, 200], which
are all in seconds, are taken into consideration to explore

different data distribution conditions and their respective
impact on the estimation methods accuracy. These intervals
are separately analyzed.

The error ratios for [50, 100], [50, 150] and [50, 200] setup
time intervals are separately presented in Tables 1-3. Given
ten runs for each of the test problems, the minimum (Min),
average (Avg), maximum (Max) error ratios, as well as the
standard deviation (StD) of the test instances are summa-
rized in these tables. As expected, the average error of all
three approaches increases when more jobs and machines are
included in the problem. However, RF-HABC demonstrates
a relatively stable error ratio over the test instances. In other
words, problem size does not significantly influence the solu-
tion quality when the RF method is applied.

Figures 7-9 visually compare error trend lines amongst
RF-HABC, DT-HABC and AV-HABC methods, consider-
ing [50, 100], [50, 150] and [50, 200] time intervals, respec-
tively. Each of the figures consists of four separate diagrams
to detect the difference in accuracy changes in the small,
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FIGURE 9. Error rate changes in (a) small-workload, (b) medium-workload, (c) large-workload, and (d) number of machines, within [50,200]
interval.

TABLE 4. Percentage error under different setup time intervals.

medium, and large workloads, as well as the defined range
of machinery, respectively.

In general, the trend line of RF-HABC’s error ratio is
placed below that of DT-HABC and AV-HABC methods.
Evidently, RF-HABC demonstrates a relatively stable perfor-
mance across various problem situations. To bemore specific,

RF-HABC meaningfully outperforms the other two methods
when [50, 100] and [50, 150] time intervals are the case.
The difference in the accuracy of RF-HABC and DT-HABC
methods, however, tends to become less significant, when a
loose data interval, [50, 200], is considered. In other words,
DT-HABC demonstrates an accuracy comparable to that of
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RF-HABC in some of the large test instances, when the setup
times are distributed in a low-density pattern. This general
conclusion can be drawn that RF-based estimation methods
are strongly preferred when small, and medium time intervals
are prevalent.

Table 4 provides a summary of the average errors for
each of the applied methods. Overall, RF-HABC’s error
ratio is about 1.52 percent, which is significantly -about
87 percent- more accurate than the cases where DT-HABC
and AV-HABCmethods are applied, with 8.30 and 12.24 per-
centage of the solution, respectively. This difference may
become more significant when industry-scale problems are
solved.

V. CONCLUSION
To effectively model the scheduling problems, different
aspects need to be taken into consideration among which,
time parameters uncertainties play a significant role. Setup
time includes a variety of preparation activities that need to be
executed before the value-adding production processes, and
are particularly important when general-purpose machinery
dominate. The extant scheduling problems rely on simplis-
tic methods for the estimation of setup times, although the
inherent errors caused by inaccurate approaches may result
in significant delays in the production plans.

This study proposed an RF-HABC metaheuristic algo-
rithm to solve the Rm|Sijk |Cmax problem, considering setup
time uncertainties in a machine-dependent and job sequence-
dependent scheduling environment. Through exhaustive
numerical analysis, it is shown that RF-HABC outperforms
the simple averaging, and decision tree approaches con-
cerning accuracy. With an average error rate of 1.52 per-
cent, the RF-based solution algorithm accurately estimates
the uncertain MDJSDSTs in UPMSP, where DT-HABC and
AV-HABC recorded 12.24 and 8.30 percent of error, respec-
tively. This difference in accuracywasmoremeaningful when
the problem size increases, and the setup time intervals got
larger.

Given the abundance of factors affecting setup times,
we feel that a deeper analysis of this important schedul-
ing aspect can contribute to the scheduling literature, and
help narrow the gap between scheduling theory and practice.
In this study, RF and decision tree methods were successfully
applied to estimate MDJSDSTs. Future studies can apply
other advanced analytics and machine learning methods to
further improve the data exploration process in other indus-
trial situations. Last but not least, our study is limited in that
it only estimates the setup time uncertainty. Future research
can address processing time, and more generally, waiting
time, uncertainties through applying simulation-based opti-
mization approaches.
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