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ABSTRACT

Prediction of unexpected incidents and energy consumption are some industry issues and problems.
Single machine scheduling with preemption and considering failures has been pointed out in this study.
Its aim is to minimize earliness and tardiness penalties by using job expansion or compression
methods. The present study solves this problem in two parts. The first part predicts failures and obtains
some rules to correct the process, and the second includes the sequence of single-machine scheduling
operations. The failure time is predicted using some machine learning algorithms includes: Logistic
Regression, Decision Tree, Random Forest, Support Vector Machine (SVM), Naive Bayes, and k-
nearest neighbors. Results of comparing the algorithms, indicate that the decision tree algorithm
outperformed other algorithms with a probability of 70% in predicting failure. In the second part, the
problem is scheduled considering these failures and machine idleness in a single-machine scheduling
manner to achieve an optimal sequence, minimize energy consumption, and reduce failures. The
mathematical model for this problem has been presented by considering processing time, machine
idleness, release time, rotational speed and torque, failure time, and machine availability after repair
and maintenance. The results of the model solving, concluded that the relevant mathematical model
could schedule up to 8 jobs within a reasonable time and achieve an optimal sequence, which could
reduce costs, energy consumption, and failures. Moreover, it is suggested that further studies use this
approach for other types of scheduling, including parallel machine scheduling and flow job shop
scheduling. Metaheuristic algorithms can be used for larger dimensions.

KEYWORDS: Data mining; Energy; Just-in-time; Machine failure; Single machine preemptive
scheduling.

modes due to factors such as repair and
maintenance operations, failures, or other
constraints related to machine availability.
Accordingly, a machine may stop working after a
while owing to repair, maintenance, or failures.

1. Introduction
Problems of operations sequence are widely now
used in many manufacturing systems. The most
substantial decision made in scheduling problems
is the assignment of considered resources and the

sequence of jobs. Jobs and machines are the most
significant parts of scheduling models. Most
scheduling problems assume that a machine
works persistently during the scheduled plan,
while this assumption may be incorrect in some
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The study first uses machine learning algorithms
to predict failure or failure time then the proposed
model measures the time of repairs or between
failure and machine idle until the repair time and
machine availability. The model measures this
time randomly using exponential distribution
because this distribution occurs when equipment
failure is caused by a failure in one of its pieces.
Moreover, the exponential distribution function
has no memory, and failure time is considered in
the mathematical model at the next step to
achieve more precise scheduling. Scheduling is
an important and considerable issue that should
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be addressed before starting production. Some
bottlenecks in the scheduling part must be solved.
Single-machine operations' sequence has its
complexities making it an NP-hard problem.
Accidental machinery failures are one of the gaps
in scheduling cases, leading to improper
scheduling. Such failures increase some costs,
including the cost of job acceleration and the cost
of maintenance. The failures also may lead to lost
sales and mistrust. Previous studies have used
data mining to discover the rule and connections
in different scheduling problems rather than
predicting failure factors.

In contrast, the extant study used simulated data
for this purpose because it could be a suitable
model to implement in the manufacturing
industry. [1] forecasted the machinery situation in
the oil and gas industry using recurrent neural
networks (RNNSs). [2] studied the optimization of
a two-level assembly system. They assumed that
the machine is exposed to accidental failure and
proposed a mathematical model to design a
comprehensive plan for two-level assembly
systems under stochastic times and machine
failure. They also designed a preemptive
maintenance plan to reduce repair and
maintenance. They used Genetic Algorithm (GA)
to indicate the model's effectiveness. Some
studies have examined machine failure forecasts
in manufacturing, optimizing inventory, repair,
and maintenance. Refer to studies [3-8]. For
further information. [9] studied single-machine
scheduling and examined the proposed
mathematical model on 144 stochastic numerical
problems. Their results indicated that the
proposed model could generate up to six optimal
solutions. The extant study aimed at continuing
this process using their mathematical model. To
do this, this study designed a model to balance
energy consumption, rotation speed, and torque
of the machine and just-in-time delivery.

This paper has addressed the single-machine
scheduling problem in a real-world case. First,
past data are received, analyzed, and assessed to
identify factors causing failures. Next, this study
forecasts the failures using machine learning
algorithms to improve the sequence of operations
in real conditions and achieve the study’s main
goals (reduction of costs and energy
consumption). Moreover, the extant study uses a
mathematical model to provide machine idle time
based on pre-forecasts. Moreover, we obtain
some rules by using and analyzing data mining
results to optimize the machining process in
addition to single-machine scheduling, which is

useful for the manufacturing process to minimize
costs and achieve just-in-time delivery.

2. Literature Review
Numerous studies have been conducted on
single-machine scheduling, and researchers
attempt to test and improve all aspects of this
problem to provide an optimal scheduling system
and sequence of operations for these problems.
Previous studies have been mentioned herein.
[10] studied single-machine scheduling problems
with controllable processing time with an
electricity pricing approach to minimize total
energy considering financial and environmental
constraints. Moreover, they used a fuzzy control
approach integrated with a genetic algorithm.
[11] studied the problem of minimizing
completion time in single-machine scheduling by
considering flexible repair and maintenance and
job release. They also proposed a mathematical
mixed-integer programing model, heuristic
algorithm, and branch and bound algorithm for
this problem. [12] studied single-based
production scheduling problems and maintenance
planning. [13] studied single-machine scheduling
with nonnegative inventory constraints and
controllable processing times. They also used an
exact and heuristic algorithm to solve this
problem. To solve this problem, [14] examined
the problem of minimizing total cost by
considering just-in-time delivery. They used the
Hodgson method and scheduling algorithm for
this purpose. [15] considered a data mining-based
approach to discover former unknown dispatch
priority rules for the problem of single-machine
scheduling and, after integrating a Naive
Bayesian classifier with their proposed method,
suggested an optimal scheduling sequence. [16]
used a classic differential evolution algorithm as
the underlying framework for optimization. They
analyzed job shop scheduling by using the fuzzy
job-shop scheduling problem. [17] solved a
single-machine scheduling problem wusing a
multi-objective metaheuristic algorithm. In this
scheduling problem, job interference exists;
hence, they used a Greedy-based non-dominated
sorting genetic algorithm (GNSGA-III) to solve
this problem. [18] examined the single-machine
scheduling problem with flexible maintenance
under human resource constraints using exact and
metaheuristic approaches. They used the Guided
Local Search (GLS) algorithm to solve the large
instance of the problem. [19] used heuristic
methods to solve single-machine scheduling by
consideration of periodic maintenance time. They
also used a mixed integer linear programing
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model to solve the problem optimally. [20] used
an exact solution to solve single-machine
scheduling problems with periodic maintenance
and sequence-dependent setup times. [21]
addressed the problem of operations sequence
with a single machine in which they used
controllable processing times and unavailability
periods to minimize job completion time or
makespan. [22] investigated minimizing the total
tardiness, the total energy cost, and the disruption
to the original schedule in the job shop with new
arrival jobs using a dual heterogeneous island
parallel genetic algorithm with an event-driven
strategy. [23] considered a workshop planning
problem with reverse flow under uncertainty and
suggested simulated annealing algorithms for
small instances while proposing discrete harmony
search for medium and large-sized instances. [24]
proposed a new hybrid approach composed of
data mining, simulation, and dispatching rules to
use extracted rules for job shop scheduling in
real-time and reduce makespan. In another study,
[25] used a hybrid approach composed of
dispatching rules, data mining, GA, and
simulation to solve job-shop scheduling
problems. [26] addressed the flexible job shop
scheduling problem by considering release time
to minimize total weighted tardiness using
dispatching rules. They also used a random forest
algorithm to select the best-extracted rule among
the rules proposed for scheduling.

Studies on the effects of maintenance and repair
types on machine scheduling have received great
attention. The implementation of support decision
systems allows organizations to minimize service
costs, maximize job time, and improve
productivity [27]. Common machine learning
methods have been proposed for preemptive
maintenance and repair problems [28-30].
Machine learning methods consist of using
classifiers such as support vector machines,
decision trees, random forests, and Naive Bayes.
Moreover, [31] widely used the periodic repair
and maintenance approach. [32] studied the
problem of integrated production planning and
preemptive maintenance for parallel machine
scheduling to minimize machine unavailability
and production time simultaneously. They also
used a multiobjective non-dominated sorting
genetic algorithm to solve this problem.
According to the analysis of results obtained
from previous studies, the extant study
supplemented previous studies. Hence, this study
addressed failures and failures in single-machine
scheduling. Moreover, this study examined the
effect of these failures on the sequence of

operations. This paper also aimed at reducing
energy consumption by considering the rotation
speed and torque of the machine. The rules can
be achieved through data mining. In the proposed
model, the compression and expansion time of
jobs were linked to rotation speed and torque, so
this process affects energy consumption because
reduced rotation speed may lead to a considerable
decline in energy consumption [33]. For instance,
job acceleration requires increased rotation speed,
which leads to higher energy consumption and
failure. This study attempts to optimes this
process by applying available constraints in the
model. Considering failures has been one of the
critical challenges that managers face. Hence, the
extant study tends to overcome this challenge to
provide a roadmap for others and develop in
solving optimization problems.

3. Theoretical Foundations

3.1. Single-machine scheduling
Single-machine scheduling or single-resource
scheduling is an optimization problem that aims
at an optimal operation sequence and minimizing
some objectives, such as cost and job lateness.
The solution methods of single-machine
scheduling are used as a pattern to solve other
models. Various scheduling models have been
introduced for  single-machine  problems,
including the weighted sum of completion time,
maximum lateness, number of late jobs, complete
lateness, and total weighted lateness. Some
sudden failures cause variations in single-
machine scheduling. Product delivery in due time
is one of the main objectives that this study
pursues. There are some random failures in the
industry and production process; therefore, these
failures and disorders lead to variations in
machine scheduling. The failures usually include
machine failure, order cancelation, tool failure,
unexpected accidents, and power outages These
failures may stem from new arrival jobs and
rework. The extant study mostly examines
machine and tool failures during single-machine
scheduling. The mentioned failures highly affect
the sequence of jobs. Deciding how to plan jobs
and time is a basic issue in single-machine
scheduling.

3.2. Data mining

Data mining collects important and practical tools
to reduce anomalies and detect or predict failures
in production systems. Data mining is the
discovery of interesting, unexpected, or valuable
structures in large data sets [34]. Various
algorithms are used in data mining based on the
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problem type. The methods used in data mining
are closely linked to machine learning
algorithms. Machine learning algorithms are
placed in different categories, including
regression, classification, and clustering, and are
used in different contexts [35]. In terms of
predictor maintenance and repair, machine
learning has become such an important case that
an increasing number of papers have used
machine learning for this problem because of the
interpretability of machine learning models [36].
Maintenance and repair decision support systems
have been boosted by the Internet of Things, big
data, and machine learning. These systems play a
vital role in ensuring the maintenance and
reliability of equipment in industries by
converting large data sets to useful knowledge
and consequences [37-39]. One can use
classification and modeling approaches to design
an instant and computational model for
estimating failure probability, predicting future
failure time, predicting failure rate, and so forth.
Classification, clustering, and rule-based methods
can make the proper decision. Nonlinear
regression-based approaches can be used to
estimate continuous quantities in the system. The
serial approach is used to predict machine failure
based on robust algorithms. Classification
algorithms are supervised algorithms that tend to
achieve an accurate forecast. The present paper
used a decision tree classifier algorithm, which
generates simple and comprehensible results and
good rules.

3.3. Decision tree algorithm

The decision tree algorithm is one of the widely
used data mining algorithms. The decision tree is
a predictor model used for regression and
classification models in data mining. When the
tree is used for classification tasks, it is known as
a classification tree. In the decision tree structure,
the prediction obtained from the tree is explained
in the frame of some rules. Each route from the
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root to the leaf of the decision tree expresses a
rule, and the leaf is finally labeled based on the
class with the highest record. One plots a tree
graph when a problem is solved based on this
algorithm. In doing so, the middle nodes are
question nodes of its leaf representing the
classification. The problem considered in the
present study aims at predicting machine failure.
An initial classification should be done to create
the model. The dataset should be labeled because
this algorithm is a supervised method. The
decision tree is created by selecting a feature or
column with the highest entropy. First, a feature
is found to do classification precisely by using
this feature. Second, the first step is repeated by
finding a feature with the highest entropy for the
dataset. The process continues in the dataset until
there is no feature with the highest good entropy,
no new feature, or all features are reviewed.
Moreover, Gini and entropy values are measured
by the equations below, where P; indicates the
probability of the relevant class.

Gain(X,A)= entropy(X) - entropy(X,A) (1)

entropy(X)= — X2 Pilog,(Pr) )

entropy(X,A) = X1, % entropy(X;) 3)

Gain-Rate(X,A) = —L4nXA4) (4)
entropy(X,A)

3.4. Dataset

One important step in data mining is inserting
and preprocessing data. This dataset included
information about numerical, serial, and
historical features (1000 observations). This
study used 80% of training and 20% of test data.
In these observations, failures are shown as
binary wvalues (0,1), in which 1 represents
breakdown while O indicates a lack of failures.
Moreover, five features (air temperature, process
temperature, rotation speed, torque, and tool
wear) exist, and their scatter plots have been
depicted in Figures 1-5.
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Fig. 1. Scatter plot of air temperature
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tool wear varies between 200 and 240min, the
devices will most likely be damaged, and the tool
must be replaced. If the difference between air
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In this dataset, machine failure consists of four

independent modes. The first mode is a failure

caused by tools and pieces. If the parameter of
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temperature and process temperature is lower
than 6.8 Kelvin and the rotation speed of tools is
less than 1380 rpm, the machine will fail, called
heat loss-cased failure. Power outage is another
failure factor in which the process will fail if the
result of torque multiplied by rotation speed does
not equal the power required for the process.
Accordingly, the machine will fail and runs outs
of power if the power is less than 3500W or

higher than 9000W. Overpressure is another
parameter causing failure. Accordingly, the
process will fail if the sum of tool wear and
torque parameters exceeds 11000 N m/min. All
the abovementioned factors cause machine
failure by adjusting the machine failure label on
1. Table 1 reports three rows of the problem'’s
dataset.

Tab. 1. Problem’s dataset

Air Process Rotational torque Tools failure
temperature temperature speed Wear

298/8 309/2 VeYo 53/9 135 .
298/8 309/2 YEVY 44/1 Ve .
298/8 309/1 YATY 4/6 Vey \

3.5. Classification of failures

This analysis used six classifier algorithms to
assess the accuracy of results and compare them:
Logistic Regression, Decision Tree, Random
Forest, Support Vector Machine (SVM), Naive

Bayes, and k-nearest neighbors. Table 2 reports
the classification results. The algorithms were run
through Python software, Sklearn Library, and a
system with 8Gb Ram and Core i7 CPU.

Tab. 2. Results of classification

Model name Accuracy Time time/accuracy
(Percentage)  (seconds)
KNN v SYVAA YAY,YY4
logistic v,y e YY.,Ye0
regression
decision tree qv,40 Y1 144,Y4)
Random forest 11,4 y,y¥o AY,YY4
Support vector 41,40 VoA YUY
machine
Naive Bayes 41,y Y oYY, VAo

On the other hand, the decision tree algorithm
outperformed other algorithms in forecasting
failures. As shown in Table 2, implementing this
algorithm requires a longer time than other
algorithms. The decision tree algorithm could
accurately forecast 69.8% of machine failures
and accurately predicted the lack of machine
failures in 98.86% of cases. The mentioned rates

are greater than the results obtained by other
algorithms. Table 3 reports the accurate forecast
percentage of failures.

Indicators reported in Tables 2, and 3 assess the
efficiency of classification algorithms, while an
integrated index (accuracy and precision) is used
in the operating feature plot shown as a curve
(Figure 6).

Tab. 3. prediction results

Model name The Incorrect Correct
percentage of percentage of percentage of
correct predicted failure prediction
predictions of failures
no failures

K nearest neighbor 9/ AY.Y Yo

logistic regression 19/09 VY Y Y7/AA

decision tree AA/AT ARVAR 7a/A¥

Random forest Yoo AA/F) /04

Support vector machine Yoo 47/AY AWARY

Naive Bayes A7) Ae/Qod Y4700
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Fig. 6. Operating feature of decision tree classification algorithm

The numerical value of AUROC varies between
0 and 1, indicating the detection power or
accuracy of the results of a test. Test results'
accuracy depends on the test's ability to indicate
the difference between integer positive and
negative results. If this value is near 1, the data
are usually placed above the bisector line, the
positive integer rate is high, and the test method
has an appropriate detection power or accuracy.

torque < 85

The relevant model indicated a high assignment
rate of this model. Moreover, five variables were
used to set the decision tree. The end nodes or
leaves of the tree equaled 14, and the mean
deviation of residual and error rate of
classification equaled 1.1012 and 0.01638,
respectively. Moreover, Figure 7 depicts a
graphical schematic of the tree.

Rotational speed < 1381.5

Alr temp < 301.5

Process temp <
310.4

tool wear <
188.5

torque < 60.95

toraue < 82,88 a |

tool wear <
201.5

torque < 57.95 torque < 52.65

eeeeeeeeeee

Fig.7. Graphical schematic of classifier decision tree

For example, the rules from the decisions tree
algorithm indicate that the machine will not
likely fail if rotation speed, tool wear, and torque
values are less than 1381.5, 201.5, and 57.95,
respectively.

4. Problem Definition
This part has formulated a nonlinear
mathematical model for a single-machine
scheduling problem in which job interruption,
release time, and machine idle time are allowed.

First, decision parameters and variables are
defined then a mathematical model is designed
for single-machine scheduling, considering
failures to minimize the sum of penalties. In this
model, P; Indicates the normal processing time of
the job with no extra processing cost, d;
represents the due date of the product, B;
Indicates lateness penalty through the time when
the job is completed after the due date, and «;
represents early delivery when the job |
completed sooner than due time. If a one-unit

International Journal of Industrial Engineering & Production Research, December 2023, Vol. 34, No. 4


https://ijiepr.iust.ac.ir/article-1-1694-en.html

[ Downloaded from ijiepr.iust.ac.ir on 2025-07-19 ]

8 Single Machine Preemptive Scheduling Considering Energy Consumption and Predicting
Machine Failures with Data Mining Approach

increase or decrease occurs in processing time
(this increase or decrease is matched with the
rotation speed and torque of the machine), the
compression (c;) or expansion (c;) costs are
increased or decreased. Each job can be
compressed or expanded to the maximum extent
of allowed decline or enhancement. Moreover,
initial rotation speed and torque are parameters
and have a constant value. The aim is to
determine the sequence of jobs and the optimal
amount of job processing time compression or
expansion in each machine simultaneously to
minimize earliness or tardiness penalties and the
cost of compressing to expanding jobs. It is also
aimed at minimizing energy consumption and
machine failure. This part used former analyses
about machine failure forecasts using data mining
to consider model disruptions. Data mining is
used to achieve rules about the rotation speed or
torque causing failure and machine unavailability
or availability times using forecast results in the
mathematical model. This model measures
optimal rotation speed and torque variables by
considering job compression and expansion times
separately. Therefore, energy consumption can be
calculated and optimized considering the
abovementioned variables. Using an exponential
distribution, this model randomly measures the
maintenance time or the duration between
machine failure and setup. This distribution is

used because it occurs when a failure in its pieces
causes equipment failure.

On the other hand, the exponential distribution
function has no memory. Moreover, the time
required for repairing or servicing devices or
pieces is called system maintainability time. As
the machine failure time is a stochastic variable,
maintainability time can be considered a random
variable because it does not take any definite
value. Assume that maintenance time follows a
negative exponential density function; in this
case, the maintenance rate remains constant, and
its density function is obtained through equation

).

f(x) = de M x> ()
0

where A indicates the average number of
maintenance in the time unit and % indicates the

average maintenance time. Maximum Likelihood
Estimation (MLE) was used to calculate A and
achieve an estimated value of A. The following
table reports the number of machine failures in
the system. The exponential distribution is fitted
to this data based on the assumption of
independent failures to estimate their A values.
Table 4 reports the number of failures per period.

Tab. 4. Number of failures per period

period number Number of period number  Number of failures
failures
3 VY V¢ Y¢
Y o Yo A
¥ q 1 %
¢ VY VY q
o Yo YA q
1 1 19q %
\4 q Y. 1
A A Y q
q 1 Yy q
Y. A Yy A
3 o Y¢ 1
VY ot Yo %
Y oy Y1 VY
Table 5 indicates the results of the MLE method.
Tab. 5. MLE results

Estimated amount 12.22713

Gradient Y, EYAYYYXx 1078

Number of iterations to solve V)

Therefore, Mean Time to Repair (MTTR) is MTTRzi (6)

measured as follows:
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Therefore, the MTTR contributes to a more Sets and indexes, parameters, decision variables,
precise scheduling calculation in a mathematical and relations of the mathematical model have

model to estimate machine unavailability times. been defined in the following tables.

Tab. 6. Sets and indexes

Number of jobs
Number of situations
Jobs’ index
Situation’s index

Tab. 7. Parameters

v
M
SPM,

FPM,

Normal processing time

Release time

Earliness penalty

Tardiness penalty

Cost of job compression

Cost of job expansion

Job due time

Maximum compression time related to each
situation

Maximum expansion time related to each
situation

Rotation speed of the machine in the job
Machin torque in job i

Fixed cost per kWh

Positive large number

Start time of machine unavailability in
situation k

End of machine unavailability in situation k

Tab. 8. Decision variables

Completion time of piece i

Equals 1 if the piece "I" is scheduled in the kth
situation, 0, otherwise

Earliness time

Tardiness time

Interruption duration of the kth situation of the
piece i

Start time

Compression time in each platform

Expansion time in each platform

Compression time of each job

The expansion time of each job

Auxiliary variable for calculating processing
time

Completion time of peace in situation k
Compression time in each platform

4.1. Mathematical model

Z=min (XN (@E + BT, +FQ+FQ)+ V= )

PM))

n

ZY“‘SI K=12,.,m
i=1

Yie < Xie < pi-Yi i=12,..

=12,...,m

n k Y
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i=12,..,n

m
z X =i
k=1

FPM,—SPM, k=23,..,K

n
CkZZXik+Yik.Ti k =1,...,K

i=1
C; = maxit, (Yi.cp) i=12,...,n
S =minj,(c,_1-M(1 —Yy,) i=12,...,n
S; =1+ M(1_Yy) i=12,...,n k=1
S; = min(S},S;) i=12,...,n

Zyik-Hk=Qi
ZYik'HI’c=Q1{

T, > C, — d,

E >d, -

Ly > H,

L, > H,

rs = RSXP_
P =Q;+0Q;

rop = TOX P
P +Q;—0Q;

2% m xRS *TO] , i
PMi=T*Pi+Qi_Qi l
=12,..,N

LRS! <RS! < URS]

LTO} < TO] < UTO}
T, 20
E; >0

Yik €01

The objective function includes five parts:
earliness penalty, tardiness penalty, compression
cost of jobs, expansion cost of jobs, and energy
consumption cost. Constraint (2) requires that
only one interrupted part of a job is operatable in
each situation. Constraint (3) ensures that the
length of each interrupted part of a job assigned
in the sequence is greater than the time unit and
equals or is less than its processing time. This
constraint guarantees that the length of each
interrupted part is a continuous variable between
its upper and lower bounds. Constraint (4)
ensures that the length of all interrupted parts of a

¢

10
13
14
15

16
17
18
19

20

21

22
23
24
25

26

job equals its processing time. Constraints (5) and
(6) measure the completion time of situation K
considering the release time of jobs. If job
interruption is allowed, the job can be interrupted
and continued at another time. Therefore, a job
can be interrupted several times and consist of
repair and maintenance time. Constraint (7)
calculates the completion time of each job by
determining the completion time of the last
interrupted part of each job. Moreover, constraint
(8) determined the start time of the first
interrupted part of each job from situation 2 to k.
Constraint (9) calculates the possible start time of

International Journal of Industrial Engineering & Production Research, December 2023, Vol. 34, No. 4


https://ijiepr.iust.ac.ir/article-1-1694-en.html

[ Downloaded from ijiepr.iust.ac.ir on 2025-07-19 ]

Single Machine Preemptive Scheduling Considering Energy Consumption and Predicting

11

Machine Failures with Data Mining Approach

the interrupted part of each job in the first
situation. Finally, constraint (10) indicates the
real start time of each job based on the
computation results of constraints (8) and (9).
Constraints (13) and (14) indicate the expansion
and compression extent of each job. Constraints
(15) and (16) calculate earliness and tardiness
costs, respectively. Constraints (17) and (18)
indicate the compression and expansion extent in
each platform of jobs. Constraints (19) and (20)
indicate optimal rotation speed and torque.
Constraint (21) measures the energy consumed
for each job. As mentioned, earliness cost is
linked to start time while tardiness costs depend
on job completion. Constraints (22) and (23)
report upper and lower limits related to the
rotation speed and torque of the machine, which
were obtained from the data mining results.
Constraints (24), (25), and (26) provide logical
binary and nonnegative requirements for decision
variables.
5. Experiment

This part of the study addressed the mathematical
model to explain this approach more. The extant
study decided to use the penalties caused by early
or late delivery for the idle time between job
setups according to which we will have relations
7 and 8.

Ei = max (O,di—Pl'— (7)
Si)
Ti = max (0, Ci — di ) (8)

This model addressed a new problem: job
processing times can be divided. In other words,
each job may be interrupted alone in several parts
or processes, and the length of each interrupted
part can be quantified within a certain interval.
This method schedules machines and jobs after
predicting failures. We use example 1 to clarify
the considered approach. Table 9 reports the
values of the parameters. We also used Figure 8
to illustrate the graphic of scheduling.

Tab. 9. Parameters’ values in example 1

job p, r, F, F, a; B; d; RS, TO, SPM, FPM,
) 2 3 2 2 1 2 5 1050 35 1 2
Y 8 1 2 2 3 2 10 1100 38 0 0
¥ 6 10 1 2 2 2 Y& 1000 30 0 0
10 11
Me v ow  EEECE
0 1 2 3 5 10 11 16

Fig. 8. Scheduling three jobs and four situations

As seen, release times of jobs equaled 3, 1, and
10, and no job was available in early time (0).
Two times have been assigned to repair and
maintenance in this process. Moreover, job 2 has
been divided into two parts, and jobs are done in
due time, so no earliness or tardiness does not
exist because job 2 and job 3 have been
compressed into 2 and 3 units, respectively.

5.1. Effect of fixed parameter

In example 1, all parameters remain fixed except
for processing time. In addition, compression or
expansion time of jobs was not considered. In
contrast, job compression and expansion time

was considered in example 2. The value of the
objective function in example 1 equaled 11
without considering energy cost. In example 2,
objective function equaled 11, which 3 units of
penalties raised from the cost of compressing and
expanding jobs. Therefore, example 2 indicates
that the penalty caused by earliness and tardiness
declines by three units compared to the former
case. The cost of energy consumption in example
2 reached from 2816000 to 2517300 compared to
example 1. Figures 9 and 10 illustrate the
scheduling of these two examples graphically.
Tables 10 and 11 report the values of parameters.

Tab. 10. Parameters’ values in example 1

Ajob Pi LI Fi F'l a; Bi di RS, TO,
\ \ \ \ \ \ \ Y? YYeo ¥.
Y Y \ \ \ \ \ Y?Z  YYeu '
Y q \ \ \ \ \ Y?Z  YYeu '
4 I \ \ \ \ \ Y?Z  YYeu '
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o q Yo \ \ \ Y7o VYoo ¥
25 27
J3 J5 Ja J1J3 U2
) 1 20 26 20

Fig. 9. Scheduling five jobs for examplel

Tab. 11. Parameters’ values in example 2

¢job ppn Fi F, o B di RS; TO,
\ \ \ \ \ \ Y? YYeo Yo
Y Y \ \ \ \ \ Y? YYee Yo
Y q \ \ \ \ \ Y? YYeo Yo
4 ) \ ) \ \ \ Y? YYee Yo
[ q \ \ \ \ \ Y? YYee Yo
27
J3 | J5 ‘JZ J1‘ J4 ‘
8 16 24 26 31

Fig. 10. Scheduling five jobs for example2

5.2. Effect of limited rotation speed and was considered in Constraints 22 and 23 of the
torque mathematical model. Figure 11 depicts the
In example 3, some limitations were considered scheduling of this problem under the limited
for the model based on the data mining rules. rotation speed and torque, and Table 12 reports
Accordingly, rotation speed and torque cannot the values of its parameters.

vary beyond their upper and lower limits, which

Tab. 12. Parameters’ values in example 3
Yijob pi v F; F; @ Bi di RS; TO;

\ Y 3 Y Y Y Y o YYo« YA
Y A \ Y Y Y Y Yoo YYO.  YY
A\ 7 Yoo ¥ Y Y Y YO YYo. B
J2 J1 J2 J3
1 4 6 1 17

Fig. 11. Scheduling under limited rotation speed and torque

The machine’s rotational speed must be increased the machine can accelerate jobs by increasing
while machine torque must be reduced to rotation speed, but the excessive rise in this speed
accelerate jobs. According to constraints imposed leads to the failure of the machine and tools. As
in the model, the rotation speed of the machine shown in example 4, one-unit acceleration has
cannot exceed 1380. Hence, jobs will be done been created in job 2, and its processing time has
delay. As seen in Figure 11, jobs 1 and 2 are been reduced from 8 to 7 units. The torque of this
delivered to customers with one-unit tardiness, job has reached 42 to 38, and its rotation speed
while job 3 is done with two-unit tardiness. has increased from 1300 to 1486, which may

cause machine failure. The mentioned failures
5.3. Effect of unlimited rotation speed and lead to financial damages to the whole system. In
torque general, it is concluded that excessive increases
Unlike the previous example, no limitation is in the rotation speed of the model and failures
applied to rotation speed and torque, so optimal caused by an extra rise or decline can be
rotation and optimal torque can take any quantity. prevented by considering data mining rules.
As is seen, Figure 12 depicts the scheduling of Moreover, energy consumption will be optimized
this problem under the unlimited rotation speed in this way. Moreover, these constraints reduce
and torque, and Table 13 reports the values of its the solution time of the problem rather than the
parameters. According to the scheduling results, problem with no constraint.
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J2 J1 J2 J3
1 3 5 10 16
Fig. 12. Scheduling under unlimited rotation speed and torque
6. Results d(1+ (i xv)) 9

In this research, coefficients of earliness and
tardiness penalties are stochastic, and the cost of
compressing and expanding jobs is considered
randomly. The SPM parameter represents the
start time of machine unavailability, which is
obtained by the conducted forecast. FPM
parameter is estimated by exponential
distribution after required repairs or replacing
tools to find when the machine is available.
Processing time and job due time have been
considered as presumptions and also the due date
is obtained from equation 9:

results of a mathematical model with a size of 2-6
jobs have been compared between two modes of
applying and not applying job compression and
expansion constraints. Table 13 reports the
obtained values. Mode A indicates that the model
is allowed to apply the constraints related to
upper and lower limits of rotation speed and
torque. Mode B indicates that the model cannot
apply the constraints related to upper and lower
limits of rotation speed and torque. This model
was run through GAMS software with 8GB Ram
and Core i7 CPU.

Tab. 13. Results

A B

N v i obj Time(sec)  gap Failure  obj Time(sec) gap failure
3 0.05 1 15004.1 1.3 9.72 0 15003.68 8.52 9.97 1
2 15003.3 0.73 9.89 0 15003.2  3.53 9.95 1
3 15048.4 1.64 9.97 0 15000.8 4.66 9.92 1
0.06 1 15046.6 0.72 9.99 0 15001.3  4.27 9.88 1
2 15030.1 0.78 9 0 15001 4.64 9.96 1
3 15031.1 0.81 9.88 0 15000.6  4.15 9.99 1
0.07 1 15003.7 0.77 9.85 0 15001.3 3.6 9.88 1
2 15048.2 0.95 0.09 0 15000.8 5.71 9.95 1
3 15000.6 0.86 9.74 0 15000.4 2.68 9.98 1
Mean 15024 0.95 8.68 0 15001.4 4.64 9.94 1
4 0.05 1 22854.8 0.2 9.32 0 22889 39.9 9.5 1
2 22825.1 0.37 9.18 0 22882 259.3 9.99 0
3 22880 0.33 8.97 0 22885 29.78 9.5 1
0.06 1 22882.2 0.31 8.98 0 22884 89.9 10 0
2 22881 0.28 8.97 0 22907 38.89 10 0
3 22880 0.2 8.97 0 22881 90.8 10 0
0.07 1 22943 0.22 9.56 0 22887 44.8 9.95 1
2 23025.8 0.45 9.95 0 22885 30.22 9.96 1
3 22908 0.28 9.39 0 22881 34.51 9.92 0

Mean 22897.7 0.29 9.25 0 22886.7 69.8 9.86 0.44
6 0.05 1 36392.8 1.62 9.15 0 36410.9 1012 19.62 2
2 36367 2.37 8.72 0 36349.2 1031 17.8 1
3 36238 0.31 8.61 0 36378.8 1000 19.48 3
0.06 1 36286.4 1.08 9.48 0 36322.2 1013 2032 3
2 36367.4 0.75 9.08 0 36272.7 1014 17.2 1
3 36374 1 9.1 0 36433 1014 20.4 1
0.07 1 36386 0.67 8.84 0 36310 1039 1821 2
2 36396 2.36 8.28 0 36327 1034 20.37 2
3 36284 0.36 8.83 0 36266.8 1033 20 1

Mean 36343.5 1.16 8.89 0 36341.1 1021.1 19.26 1.77

The mean objective functions for the results of
the solution by GAMS for states A and B equal
24755 and 24743, respectively, and the standard
deviation of each equals 8970 and 8978,

respectively, which indicates that the mean is not
equal. Also, the 95% confidence interval for the
mean of the objective function is equal to (-
4889,4913), which includes the value of zero, and
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the p-value is equal to 0.996, which indicates the
acceptance of the null hypothesis that the means
are equal. to further compare the results of the

hypothesis test, we compare the gap averages
obtained through the A and B approaches, and
statistical results are summarized in Table 14.

Tab. 14. Descriptive statistics

Sample N Mean

StDev SE Mean

gap_A 27 8.94
gap_B 27 13.03

1.83 0.35
4.55 0.88

As it is known, the average gap of B mode is
higher than that of A mode and the 95%
confidence interval of the test is equal to (-5, 975,
-2, 187) which does not include the zero value,
and also the p-value equals 0. Therefore, it can be
concluded that the null hypothesis, which means
equality of means, is rejected and the average
value of the gap in the B state is higher.
Therefore, it is concluded that the performance of

25
20
15
10
5
0

the model is better in terms of the gap. Also, the
average solution time and the number of possible
failures are higher in B mode and it can be
decided that the proposed approach reduces the
solution time and that the number of possible
failures due to the rotational speed and torque
parameters is reduced. Also, in Figure 13, a line
diagram is used to compare the gap between the
A and B modes.

1 3 5 7 9 11 13 15 17 19 21 23 25 27

— 1 p_A — 1 p_B

Fig. 13. Comparison of the gap between A and B

7. Conclusion

This study aims at achieving some rules to
predict machine failure using a decision tree
algorithm. Figure 8 indicates that the decision
tree algorithm outperformed other algorithms
with a probability of 70% in predicting failure.
Then, the failure time was applied to the
mathematical model to achieve an optimal
sequence of operations. The extant study
attempted to address operation sequence,
optimization of machine operation, and energy
consumption continuously in an integrated
problem. It was concluded that the relevant
mathematical model could schedule 6 jobs within
a reasonable time and achieve an optimal
sequence, which could reduce costs, energy
consumption, and failures. Moreover, this study
suggests further studies use this approach for
other types of scheduling, including parallel
machine scheduling and flow job shop
scheduling. Meta-heuristic algorithms can be
used for larger dimensions.
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