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Abstract

Cold rolling is the precision finishing stage in the steel production process, and its schedul-
ing optimization is essential for enhancing production efficiency. To address the complex
process constraints and objectives, this paper proposes a multi-granularity random mu-
tation genetic algorithm (MGRM-GA) for cold rolling scheduling optimization. First, a
multi-objective collaborative optimization model is established to integrate the production
cost and process constraints. Then, high-quality initial solutions are generated based on
greedy heuristic rules to fulfill the cold rolling constraints. Finally, four random mutation
strategies are designed at different task granularities and unit levels to search diverse candi-
dates. The standard flexible job shop scheduling problem (FJSP) datasets and practical cold
rolling production data are studied to validate the feasibility and competitiveness of the
MGRM-GA. Experimental results show that the MGRM-GA achieves a 94.2% improvement
in objective function optimization, a 14.8-fold increase in throughput, and a 94.8% reduction
in execution time on cold rolling data. Compared with the heuristic mutation algorithm,
MGRM-GA increases population heterogeneity and avoids premature convergence, which
enhances global search ability and scheduling performance.

Keywords: cold rolling scheduling; genetic algorithm; flexible job shop scheduling problem
(FJSP); multi-objective optimization

1. Introduction

The steel industry is a fundamental pillar of the national economy, playing a crucial
role in the economic development and holding significant strategic importance for national
security [1-3]. However, the industry still faces severe challenges, including reliance on
imports of high-grade steel and vulnerabilities within the industrial and supply chains
systems [4,5]. As a critical finishing stage in steel production, the cold rolling process is
characterized by complex workflows [6], stringent quality control, and the need to meet
diverse customer requirements [7,8]. It plays a decisive role in product competitiveness,
production-line efficiency, and resource allocation, making it indispensable within the steel
industry [9]. However, cold rolling production involves multi-stage and multi-unit collab-
oration across annealing, rolling, and coating [10], with long process flows and complex
constraints [11]. On the one hand, it must simultaneously satisfy multiple objectives such
as delivery deadlines, batch production, and specification continuity. On the other hand,
differences in machine capacities and equipment conditions require cross-unit load balanc-
ing while ensuring batch compatibility and minimizing machine changeover times [12].
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Therefore, cold rolling scheduling must seek global optimality under multiple objectives
while maintaining feasibility and computational efficiency, making it a highly complex and
challenging optimization problem [13].

The flexible job shop scheduling problem (FJSP) [14,15] is a complex scheduling op-
timization problem that involves assigning processing sequences for multiple jobs on
multiple alternative machines to minimize the total makespan, and it provides an effec-
tive approach for addressing this type of scheduling challenge. At present, researchers
worldwide primarily employ approaches such as mathematical programming approaches,
intelligent optimization and metaheuristic algorithms, and hybrid and evolutionary al-
gorithms to address the FJSP. Nouiri et al. [16] applied a particle swarm optimization
algorithm to solve flexible job-shop scheduling problems, addressing machine assignment
and operation sequencing to minimize makespan. Jiang et al. [17] proposed a discrete grey
wolf optimization algorithm with adaptive mutation and variable neighborhood search to
solve job shop and flexible job shop scheduling problems, aiming to minimize makespan.
Pan et al. [18] proposed a learning-based multipopulation evolutionary optimization algo-
rithm to solve flexible job shop scheduling problems with finite transportation resources,
improving solution quality and robustness. Luan et al. [19] proposed a discrete whale
optimization algorithm to solve low-carbon flexible job shop scheduling problems, aiming
to minimize completion time and energy consumption costs. Li et al. [20] proposed a
hybrid algorithm combining genetic algorithm and tabu search to solve flexible job shop
scheduling problems, aiming to minimize makespan. Ishikawa et al. [21] proposed a hier-
archical multi-space competitive distributed genetic algorithm to solve flexible job shop
scheduling problems efficiently, reducing computational cost without problem-specific
operators. Gao et al. [22] proposed an improved artificial bee colony algorithm to solve
flexible job shop scheduling problems with fuzzy processing times, aiming to minimize
fuzzy completion time and machine workload.

Some studies have also focused on specific processes in steel production, developing
tailored solutions based on their unique characteristics. Li et al. [23] proposed an adaptive
multi-objective differential evolution algorithm based on deep reinforcement learning to
solve multi-objective scheduling problems in steel annealing, balancing setup, earliness,
and tardiness costs. Zhao et al. [24] proposed an improved discrete differential evolution
algorithm for a supply chain scheduling problem in cold rolling, realizing production
capacity balance and changeover cost minimization across multiple lines. Zhao et al. [25]
proposed a differential evolution algorithm (Sa-PDDE), by which coil scheduling problems
in parallel continuous annealing lines are solved with the aim of reducing changeover cost
and improving capacity utilization.

Although the FJSP has been extensively studied as a complex scheduling problem [26],
existing research rarely systematically investigates the specific characteristics of the cold
rolling process. Consequently, current approaches fail to adequately capture the multi-
objective and multi-scenario requirements and provide limited analysis of cross-stage and
multi-scenario adaptive scheduling issues. Therefore, it is essential to develop a scheduling
optimization model tailored to the practical requirements of the cold rolling process. To this
end, this study proposes a scheduling optimization method for cold rolling production lines
based on a multi-granularity random mutation genetic algorithm (MGRM-GA), enabling
effective production scheduling.

To address the coexistence of multiple processes and objectives in cold rolling schedul-
ing, a multi-objective collaborative optimization model for intelligent cold rolling schedul-
ing is constructed. The model integrates critical constraints such as batch production,
specification succession, and delivery deadlines, thereby aligning more closely with the
practical scheduling requirements of cold rolling production lines. To address the issue of



Processes 2025, 13, 3311

30f15

low-quality initial solutions and frequent generation of infeasible solutions in traditional ge-
netic algorithms for cold rolling scheduling, a greedy heuristic-based initialization method
is proposed. This approach improves the quality of initial solutions while maintaining
population diversity, strictly adheres to cold rolling process constraints, and effectively
avoids infeasibility caused by random operations. To overcome the rule-dependency and
poor adaptability of traditional heuristic mutation strategies, MGRM-GA is proposed. Four
types of mutation mechanisms are systematically designed that incorporate differences in
both task granularity and unit hierarchy, thereby enhancing the algorithm’s generalization
ability and practical applicability.

Furthermore, the proposed method is validated on both standard job shop bench-
mark datasets and practical cold rolling production data, and the remainder of the paper
sequentially introduces the mathematical modeling of the FJSP and the cold rolling schedul-
ing problem, details the proposed method, presents the experimental results, and finally
concludes with discussions and future directions.

2. Problem Formulation
2.1. Basic Model of the FJSP

In the cold rolling scheduling problem, FJSP serves as a fundamental framework
for modeling the solution [27,28]. The FJSP is defined as scheduling # jobs, where each
operation can be assigned to an available set of machines M = {mq,my, ...,mp}. Each
job consists of k operations, represented by | = {j11, j12, .-, jiks s Jul, Ju2s s juk }, Where k
denotes the maximum number of operations among all tasks in the problem to be solved.
The operations must be processed in a strict order, while being executed on different
machines. The objective of solving the FJSP is to assign each operation to an appropriate
machine and determine its start time in order to optimize specific performance measures
of the entire system [29]. Depending on the range of machine options available for each
operation, the FJSP can be classified into Total FJSP (I-FJSP) and Partial FJSP (P-FJSP) [30].
In T-FJSP, all operations can be processed on any machine, whereas in P-FJSP, at least one
operation is restricted to a subset of the available machines [31]. In the steel cold rolling
scheduling problem, the formulation is based on the P-FJSP. In addition, the scheduling
process is subject to satisfy the following fundamental constraints [32]:

(I) A machine can process only one job at any given time.

(2)  Each operation of a job can be assigned to only one machine at a time.
(3)  Once the processing of an operation begins, it cannot be interrupted.
(4)  Alljobs are available for processing at time zero.

For ease of reference in the following sections, the notations are defined in Abbreviations.

2.2. Model of the Steel Cold Rolling Scheduling Problem

The scheduling problem of the steel cold rolling production line is characterized as
a multi-stage coil production scheduling problem. In this process, the materials to be
processed by each unit are determined and their production sequence is decided on the
basis of operation requirements and inventory conditions, so that rationality and efficiency
in steel production can be ensured.

2.2.1. Objective Function

In the cold rolling scheduling problem studied in this paper, the production process
consists of annealing, rolling, and coating operations. Among them, annealing and rolling
are each performed by a single unit, while coating is handled by three units, with one se-
lected for processing. The primary objective of this study is to minimize overall production
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costs while satisfying all process constraints, leading to the construction of the following
multi-objective optimization model:

minF = a1 f1 +aofo +a3f3 +asfs @)

where f1~f4 represent the penalties associated with delivery performance, production
cost and roll-change losses, specification switching, and inventory balance, respectively.
In particular, f; accounts for penalties due to both delayed and premature deliveries, f; is
designed to reduce switching losses and roll wear costs caused by specification changes,
f3 is formulated to minimize specification changes during production through reason-
able batching, and f,; ensures production continuity while avoiding excessive inventory
accumulation. The mathematical formulations are formulated as follows:
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2.2.2. Constraints

(1)  Basic Constraints
The cold rolling production process of steel coils involves multiple operations, mul-
tiple units, and multiple materials, which constitutes an NP-hard problem con-
forming to the FJSP framework. Accordingly, it is subject to the following basic
time-related constraints:

Y xo=1 VoeO (3)
icM,
ty >ty + pior — L(1 — yor), V0,0’ €0,i € M 4)
Yool T Yoo =1, Vo,0' €0,0 # 0 (5)
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where Equations (3)—(7) are derived from the classical modeling framework of the
FJSP and represent the fundamental constraints widely adopted in this field. Specifi-
cally, Equation (3) restricts each operation to be assigned to only one machine at any
given time. Equations (4) and (5) ensure that a single machine can process only one
operation at a time. Equations (6) and (7) further require that the processing intervals
of any two operations on the same machine do not overlap, thereby preventing
temporal conflicts.
(2)  Cold Rolling Constraints

In the steel cold rolling production line, in addition to the basic temporal constraints
defined in the FJSP model, additional production-specific constraints must also be
satisfied. Steel coils are required to be produced in batches, and within a production
cycle, width and thickness continuity must be maintained to minimize capacity loss.
Meanwhile, the total processing time of all operations assigned to a given machine
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must not exceed the machine’s maximum available capacity. In addition, material
inventory must meet safety stock requirements, and advance production beyond

demand is prohibited.

Yo Y XipXigzoy =THH, Vie M (8)
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where Equations (8)—(12) are constructed based on the typical process requirements
of steel cold rolling production, aiming to capture the key constraints encountered
in practical manufacturing [33]. Specifically, Equation (8) formulates the batching
constraint in cold rolling production. Equations (9) and (10) formulate the specifica-
tion transition constraints. Equation (11) specifies the machine capacity constraint.
Equation (12) formulates the safety stock constraint.

3. Methods
3.1. Heuristic Initialization of Solutions

This paper proposes a scheduling optimization method referred to as MGRM-GA.
The approach first generates heuristic initial solutions and subsequently applies a genetic
algorithm with multi-granularity random mutation to solve the cold rolling scheduling
problem. The overall workflow is depicted in Figure 1.

Traditional methods for solving the FJSP often rely on random strategies to generate
initial solutions, which often result in low-quality solutions, thereby hindering subsequent
optimization. To address this issue, this paper proposes a heuristic initialization method
that leverages a greedy strategy to effectively enhance both the rationality and quality
of the initial solutions. Specifically, a two-stage penalty function, Costmac(juk, ;) and
Costseq(juk, ™), is designed to generate high-quality initial solutions under heuristic rules.
For the initialization of unit assignments, each operation j, is assessed across all candi-
date machines {m,my, ..., m,} by computing its penalty value Costmac (ju, mj), taking into
account batch attributes Costcamp (jux. mj), capacity balance Costyajance (Juk, j), machine
preference CoStmac_priority (juk, 1), and raw material penalties Costmat (ju, ;). The ma-
chine with the minimum Costmac (fuk, mj) is selected, as is which j, is assigned to that
machine. To determine the processing sequence on each machine, a sequence penalty func-
tion Costseq (fk, j) is introduced to account for specification continuity Costeoncat (Jyk, 1 j),
delayed delivery Costgeadiine (juk, 1j), machine idleness Costyglity (juk, 1), and scheduling
priority penalties CoStpriority (juk, ). A greedy strategy is employed, under which the
penalty values of the unscheduled operations on each machine are dynamically calculated
and the lowest penalty operation is iteratively appended to the machine’s schedule to
generate the initial production sequence. The resulting initialization process is formulated
as shown in Equation (13). Heuristic initialization provides a well-structured starting point
in the solution space for random mutations. Building on high-quality initial solutions,
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random mutation strategies are applied to achieve a complementary balance between
heuristic local prioritization and randomized global exploration.

Costmac (jnkr m]) = COStCﬁmp (jnkr m]) + Costpalance (jnkr m])

+ COStmac_priority (ks T’I’l]) + Costmat (fuks m])/ (13)
COStseq (jnk/ m]) = Costeoncat (jnk/ m]) + Costgeadline (jnk/ m])

+ COStutﬂity (ks mj) + COStpriority (ks mj)'

START
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!
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|
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Figure 1. Flowchart of the proposed method.

3.2. Multi-Granularity Random Mutation Genetic Algorithm (MGRM-GA)

During the iterative optimization process, this study introduces targeted modifica-
tions to the crossover and mutation steps of the traditional Genetic Algorithm (GA) to
improve the feasibility and stability of chromosomal solutions. First, in the crossover stage,
considering the multiple process constraints in cold rolling scheduling—such as batch pro-
duction and specification continuity—the traditional approach of generating offspring by
exchanging parent chromosome segments often causes significant disruption to the overall
solution structure, frequently leading to infeasible solutions that violate critical constraints.
To avoid the high repair cost associated with such structural disruptions and to reduce
interference with the feasible solution space, the crossover operation is removed in the
proposed optimization process. Second, in the mutation stage, a multi-granularity random
mutation approach is proposed to overcome the strong reliance of traditional heuristic
mutation strategies on task-specific rules and domain expertise, thereby enhancing the
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adaptability and scalability of the algorithm. The random mutation strategy introduces
stochastic perturbations into the current solution within evolutionary algorithms to avoid
premature convergence to local optima and enhance global search capability. This method
incorporates four types of mutation operations: (i) single-task movement within the same
unit, (ii) batch-task movement within the same unit, (iii) single-task movement across
different units, and (iv) batch-task movement across different units. To ensure the stability
and computational efficiency of these mutation strategies, a unified mutation control mech-
anism is developed. The key parameter is the maximum number of mutation attempts
for each task, denoted by submit_times. This mechanism balances solution quality and
computational efficiency through ensuring sufficient mutation attempts while controlling
computational overhead. The calculation is formulated as Equation (14):

N,
submit_times = ——= (14)
NIIOW

3.2.1. Random Single-Task Movement Within the Same Unit

This strategy controls the mutation frequency of each candidate task based on its
normalized scheduling objective penalty, thereby emphasizing the role of task importance
in directing the mutation process. For the task sequence within the same unit, all tasks
except the currently executing first task are traversed sequentially. Each task is encoded
as a gene, and the normalized value of F, denoted as F’ € [0,1], is calculated. The actual
number of mutation attempts, denoted as times, is then obtained by multiplying F’ with
the maximum mutation attempt limit submit_times. For each attempt, an insertion point
is generated uniformly at random, and the current task is inserted into that position to
create a mutated individual. If the insertion violates scheduling constraints, the mutation
attempt is discarded. An illustration of this procedure is presented in Figure 2. For example,
in a given scheduling instance, the current task sequence of unit A is represented as
{G1, Gz, G3, Gy, Gs, Gg }. If task G, is randomly selected and inserted after task Gs, the new
sequence becomes { Gy, G3, G4, G5, Go, Gg }-

Machine A G, G, G, G, G, G,
Machine A G, G, G; G, G, | G,

Figure 2. Random single-task movement within the same unit.

3.2.2. Random Batch-Task Movement Within the Same Unit

The random single-task movement strategy is further extended to the movement
of consecutive tasks formulated as a gene segment. The initial segment length is set to
gene_num = 1, and the segment is incrementally expanded from the current task onward.
For each subsequent task that can potentially be included in the segment, its inclusion is
determined with a probability of 1 — F/, where F/ denotes the normalized penalty value.
The expansion terminates once the probability condition is not satisfied or the end of the
task sequence is reached. Subsequently, a random insertion point within the same unit is
selected, and the entire segment is inserted at that position to generate a new chromosome.
An illustration of this process is presented in Figure 3. For example, in a given scheduling
instance, the current task sequence of unit A is represented as { Gy, Gz, G3, G4, G5, Gg }. If a
consecutive task segment { Gy, G3, G4} is randomly selected and inserted after Gg, the new
sequence becomes { Gy, Gs, Gg, Ga, G3, G4}
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gene_num
Machine A G, G, PG, G, G G,
Machine A G, G, G G, G, G,

Figure 3. Random batch-task movement within the same unit.

3.2.3. Random Single-Task Movement Across Different Units

To enhance the global search capability of scheduling resources, a cross-unit task
migration strategy is proposed. For each task, all feasible units are examined, and within
each candidate unit, multiple insertion positions are generated using the same F weighted
random mutation logic. The task is then inserted at a randomly selected position in the
target unit to generate a new scheduling solution. If the insertion fails due to resource
limitations or other constraints, the mutation attempt is discarded. An illustration of this
process is illustrated in Figure 4. For example, in a given scheduling instance, the current
task sequence of unit A is represented as { G, Gy, G3}, and that of unit B as { Hj, Hp, H3 }.
If a task G, from unit A is moved and inserted after H; in unit B, the resulting sequences
are updated as follows: unit A becomes {G,, G3}, while unit B becomes {Hy, Hy, G, H3 }.

Machine A G, G, G, G, G, G, | G,

l—‘

Machine B Gg Gg G10 G11 G7 G12 G13 G414

Figure 4. Random single-task movement across different units.

3.2.4. Random Batch-Task Movement Across Different Units

This strategy integrates batch-task mutation with cross-unit allocation. First, a chromo-
some segment is constructed based on 1 — F’. The feasibility of all tasks within the segment
on the target unit is subsequently evaluated. If all tasks are feasible, a random insertion is
performed. The insertion point is randomly generated within the target unit, and the entire
segment is inserted to that position. If any task in the segment cannot be executed on the
target unit, the mutation attempt is discarded. An illustration of this process is illustrated
in Figure 5. For example, in a given scheduling instance, the current task sequence of unit
A is represented as {Gy, Gy, G3, G4}, and that of unit B as {Hy, Hy, H3}. If a consecutive
task segment {G,, G3} is randomly selected from unit A and inserted after H, in unit B,
the resulting sequences are updated as follows: unit A becomes {Gy, G4}, while unit B
becomes {Hy, Hy, Gy, G3, H3 }.

gene_num

Machine A G, G, G, G, G, Gy G, G, G,

Machine B G, G, G, G, G, G, Gy, G, Gs Gy

Figure 5. Random batch-task movement across different units.
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Single-task and batch-task movements within the same unit correspond to scenarios
where the sequence on a single production line needs to be adjusted due to small-batch
insertions or specification transitions. In contrast, cross-unit single-task and batch-task
movements reflect the need to reallocate tasks among parallel units to balance production
capacity or adapt to line switching. These four mutation operators are well aligned with
the flexible scheduling requirements of real-world production.

4. Experiments
4.1. Experimental Parameter Settings

In this section, the performance and effectiveness of the proposed method are compre-
hensively evaluated through a series of experiments. The basic experimental configuration,
including the operating environment and parameter settings, is also presented. The ex-
periments were conducted on a server equipped with dual Intel Xeon Gold 6146 CPUs
(24 cores and 48 threads), 256 GB of memory, running the CentOS 7.4 operating system.

A simulation environment was constructed based on historical data from a cold rolling
production line, using daily orders as the basic unit of analysis. Each order includes three
processing stages: annealing, rolling, and coating. The production system is composed
of an annealing machine (M11), a rolling machine (M21), and three coating machines
(M31-M33). Order data covering six days were collected, with approximately 800 jobs
recorded per day. Key parameters of the orders, including width, thickness, and temper-
ature, were interpolated and statistically analyzed, as shown in Table 1, demonstrating
the feasibility of continuous production across orders. The algorithm parameters were
set with a population size of 14 and three iterations. Since customized multi-granularity
random mutation operators were employed, mutation operations were enforced in every
generation, eliminating the need for a separately defined mutation probability.

Table 1. Parameter settings of actual cold rolling production line data.

Physical Attributes Value Range Process Flexibility Allowable Deviation

Width (mm) 730, 1100 AWidth (mm) <100
Thickness (mm) 0.14,0.30 AThickness (mm) <0.15
Temperature (°C) 730, 1100 ATemperature (°C) <40

4.2. Comparative Experiments

Existing general genetic algorithms or other metaheuristic approaches struggle to
directly satisfy the stringent process constraints and real-time requirements of cold rolling
production lines. Therefore, comparative experiments were conducted between the MGRM-
GA and the rule-based heuristic mutation approach. The experimental datasets include
both standard scheduling benchmark datasets and six days of order data collected from
a cold rolling production line. The evaluation metrics comprise runtime, objective func-
tion value, and throughput. A shorter runtime indicates higher computational efficiency,
a smaller objective function value reflects better scheduling quality, and a higher throughput
represents the ability to process a larger number of mutated chromosomes per unit time.

4.2.1. Comparison on Benchmark Datasets

The experimental results on 74 standard FJSP benchmark datasets are presented in
Figure 6. Due to differences in dataset scale, process complexity, and machine availability,
both runtime and makespan exhibit some fluctuations. On average, the proposed algorithm
requires 10.04 s, which is slightly longer than the 1.32 s of the rule-based heuristic mutation
algorithm. However, in terms of the core metric of makespan, it achieves an average
reduction of approximately 66% compared with the heuristic approach. These results
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Makespan (s)

Execution Time (s)

demonstrate that the proposed multi-granularity random mutation strategy effectively
improves solution quality in standard scheduling scenarios, confirming its validity and
strong generalization capability in solving generic scheduling problems.
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Figure 6. Parameter comparison on benchmark datasets between the MGRM-GA method and the
rule-based heuristic mutation method.

4.2.2. Comparison on Cold Rolling Production Line Data

The experimental results on six days of real cold rolling production orders are pre-
sented in Figures 7-9. Since the order structure and production load vary from day to
day, the overall production conditions also differ; thus, average values are reported for
comparison. The proposed algorithm achieves an average runtime of 7.91 s, representing
a reduction of approximately 95% compared with the 153.13 s required by the rule-based
heuristic mutation algorithm. The average objective function penalty is 33,479.40, a reduc-
tion of about 94% from 579,881.86, while the average throughput reaches 24,121.22, nearly
14.8 times higher than 1628.98. The optimized scheduling results are illustrated in the
Gantt chart in Figure 10, showing more compact task sequencing, significantly reduced idle
time, and an improved overall production rhythm. Moreover, the proposed MGRM-GA
has been integrated into the industrial scheduling system, demonstrating stable opera-
tion and consistent results. These findings indicate that, in real-world industrial settings,
the method not only ensures high-quality scheduling solutions but also substantially en-
hances computational efficiency, highlighting its superior engineering applicability and
practical value.
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Figure 7. Comparison of F value between the MGRM-GA method and the rule-based heuristic
mutation method on cold rolling production line data.
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Figure 8. Comparison of throughput between the MGRM-GA method and the rule-based heuristic
mutation method on cold rolling production line data.
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Figure 9. Comparison of execution time between the MGRM-GA method and the rule-based heuristic
mutation method on cold rolling production line data.
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Figure 10. Gantt chart of the MGRM-GA method applied to the actual cold rolling production line
(different colors represent different types of steel coils).

5. Conclusions

This study proposes a scheduling optimization method for steel cold rolling production
lines based on the MGRM-GA, addressing the complex engineering characteristics of
cold rolling scheduling. By constructing a multi-objective collaborative optimization
model, introducing a greedy heuristic initialization strategy, and designing four random
mutation operators covering both task- and unit-level granularities, the method achieves
efficient scheduling optimization under multi-process, multi-machine, and multi-constraint
conditions. Although MGRM-GA demonstrates excellent performance on both real cold
rolling production data and standard FJSP benchmark datasets, certain limitations remain,
including the risk of local optima, scalability challenges, and data sensitivity. Future
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research may incorporate multi-population collaboration and adaptive search strategies to
enhance the algorithm’s capability of escaping local optima.

In addition, as a deliberate design choice based on the characteristics of the problem,
MGRM-GA omits crossover operations since the complex process constraints in cold
rolling scheduling can easily lead to infeasible solutions under traditional crossover and
search mechanisms, making direct comparisons with algorithms such as NSGA-II or
PSO impractical.
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Abbreviations

The following abbreviations are used in this manuscript:

Parameter  Description Parameter Description
] Set of all production orders (jobs) Pio Processing time of operation o0 on machine i (h)
M Set of all machines £ Roll changing time of machine s from type r to #’ (h)
(0] Set of all operations T Maximum available time of machine 7 (h)
R Set of all roll types a1_4,B1-2 Weighting coefficients
Binary variable, equals 1 if operation o is executed on
T Set of scheduling time points Xio yva 9 B oP
machine 7, and 0 otherwise
. . . Binary variable, equals 1 if operation o is executed
M, Set of machines capable of executing operation o Yool Y . ? perat
before operation o', and 0 otherwise
. Binary variable, equals 1 if roll type changes from r to #/,
j Index of order Yoy Y . 4 P 8
and 0 otherwise
.. . Binary variable, equals 1 if a family switch occurs from
ik Index of machine Zoo! y, ) q . Y
operation o to o/, and 0 otherwise
, . Binary variable, equals 1 if operation o is transferred
0,0 Index of operation Siito Sy .
from machine i to i’, and 0 otherwise
Basic processing cost of executing operation o on
rr! Index of roll type cl )
yP 10 machine i (CNY)
t Index of time point cfr, Roll changing cost from type r to 7’
P Total number of production lines h Index of warehouse (CNY)
n Total number of orders s Total number of warehouses
to Start time of operation o (h) cgops Operation family switching configuration cost (CNY)
. Transfer cost of the same job across different machines
G Completion time of order j (h) C?f’o (CNY) )
. Thickness and width of coil corresponding to operation
D; Due date of order j ho,w, P & P
0 (mm)
Maximum allowed thickness/width variation between
G Set of specification groups AHumax, AWmax . . /
consecutive operations (mm)
sz”’”s Transition length (mm) Ff’””h Minimum batch size requirement of machine 7 (t)
. : Minimum/maximum inventory level of buffer in front
wj Priority weight of order j mn, max . / . y
! ! of machine 7 (t)
WIP; Work-in-process inventory level at time ¢ (t) Tio Raw material consumption of operation o on machine i
WIP, Target work-in-process inventory level 0% Specification switching cost coefficient
Nmax Maximum mutation protection count Nhow Number of tasks on the preceding unit
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