
 

Journal of Computing and Electronic Information Management 
 

ISSN: 2413-1660 

 

38 

 

Scheduling Plan and Equipment Maintenance Plan Joint 

Decision-Making Problem 

 
Jinghua Liu 

Shandong University of Science and Technology Advanced Manufacturing Technology 

Research Center, Qingdao, Shandong 266590 China. 

1220204543@qq.com 

 

Abstract: Industry 4.0 aims to transform traditional manufacturing by using a 

combination of confidence communication technology and cyberspace virtual systems. 

Single-machine scheduling is a classical discrete optimization problem. In the actual 

industrial manufacturing process, in order to make the machine work better, the time 

for machine maintenance needs to be taken into account. This paper proposes the 

optimal scheduling and equipment maintenance technologies for the optimal 

scheduling plan and integration of the original manufacturing system, and proposes a 

simulated annealing algorithm. Simulation experiments show that the simulated 

annealing algorithm can effectively solve the joint decision-making problem of 

scheduling plan and equipment maintenance plan.  
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1. Research Background 

Industry 4.0 is a fourth industrial revolution led by smart manufacturing. It aims to 

transform manufacturing into an intelligent one by making full use of the combination 

of information and communication technology and cyberspace virtual system - 

information physics system. Under this model, the traditional industry boundaries will 

gradually disappear and the industrial chain will be reorganized. The "Industry 4.0" 

project is mainly divided into three major themes: The first is the "smart factory", 

focusing on intelligent production systems and processes, as well as the realization of 

networked distributed production facilities; The second is "intelligent production", 

which mainly involves the entire enterprise's production logistics management, 

human-machine interaction and the application of 3D technology in industrial; The 

third is “smart logistics”, which mainly integrates logistics resources through the 
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Internet, the Internet of things, and the logistics network, and gives full play to the 

efficiency of existing logistics resource providers. On the demand side, it can quickly 

obtain service matching and get logistics support. 

The single machine scheduling problem is a classical discrete optimization problem. It 

is a special form of other scheduling problems and a decomposition unit of other 

scheduling problems. Single-machine scheduling is characterized by all tasks being 

sequentially processed on a machine in a certain order. In actual industrial production, 

in order to maximize the performance of machinery and equipment, it is necessary to 

perform regular maintenance and maintenance of machinery and equipment. 

Therefore, maintenance personnel should regularly formulate maintenance plans. The 

dispatchers must take these plans into consideration when carrying out production 

scheduling. Correspondingly, in the production research, more and more scholars 

began to take into account the machine unavailable time caused by maintenance. This 

is the scheduling problem of the machine with unavailable time period. Based on the 

processing conditions of the interrupted work piece after the machine was re-used, the 

researchers defined three models that could be renewal, non-renewable, and partially. 

If the interrupted work piece can continue machining after the machine is available 

again, the work before the interruption is not lost, it is called renewable. Conversely, if 

the interrupted work piece must be completely machined after the machine is available 

again, it is called non-renewable. In the Partially Renewable model, the machined part 

of the interrupted part needs to be partially reworked after the machine is again 

available. 

From the current situation, an interesting research topic is the integration optimization 

problem in the manufacturing system. For example, the scheduling plan problem and 

the preventive equipment maintenance plan problem are independently determined in 

the original system, and they are based on Industry 4.0. However, joint optimization 

decisions can be made in manufacturing systems. 

This paper is to solve a single machine scheduling problem, specifically described as n 

work pieces {1, 2, n} need to be processed on a machine, all parts arrive at time 0, and 

its processing process cannot be interrupted. And it is required that the processing be 

completed before the delivery date. The data of the processing time and delivery date 

of each work piece is shown in Table 1 below. During the processing of this batch of 

work pieces, two preventive maintenances are required for this equipment, and the 

duration of each equipment maintenance is t=1. 

Table 1 Work piece processing time and delivery date data 

i 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

pi 1 3 3 3 3 3 3 4 4 4 4 4 5 5 5 6 6 6 7 7 

di 93 93 31 93 93 62 93 93 93 93 93 93 93 93 93 40 60 93 93 93 
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If the start time of equipment preventative maintenance plan is set to: s1=29 and 
s2=29, respectively, it is required that the total work flow time is minimized as the 
objective function to obtain the optimal scheduling sequence of the above work pieces; 

If the start time of equipment preventative maintenance plan is set to:  

and , respectively, the total work piece flow time is required to be the 
objective function. Find the optimal scheduling sequence of the above artifacts and the 
optimal start time of the equipment maintenance plan, the optimal values of s1 and s1. 

 

2. Algorithm Design 

The basic idea of the simulated annealing algorithm is: Comparing the combinatorial 

optimization problem to a thermodynamic system, the time function f(s) of the 

optimization problem is compared to the energy E (is) of the system, and the solution 

s of the combinatorial optimization problem is compared to the energy state i during 

annealing. The optimization process is compared to the annealing process in which the 

system gradually reduces the temperature (iterative search) to the lowest energy state. 

Through the simulated annealing process, the global optimal solution of the 

optimization problem is obtained. The algorithm first determines an energy function, 

i.e., the objective function, to solve the optimization problem. It is achieved through 

Metropolis sampling and annealing. While accepting the better solution, the algorithm 

also accepts the difference solution within a certain range, so that the simulated 

annealing algorithm can jump out of the local optimal solution and obtain the optimal 

solution. 

 

2.1 State Expression 

State expression is the use of a mathematical form to describe the energy state of a 

system. In SA, a state is a solution to the problem, and the objective function of the 

problem corresponds to the energy function of the state. 

 

2.2 Domain Definition and Movement 

SA is based on domain search. The starting point of the domain definition should be to 

ensure that the solution can be spread across the entire solution space. Therefore, the 

domain of this assignment problem can be defined as a set of arbitrary exchange of 

two work piece processes. For example, the current state is a 100-order unit matrix, 

with each row of the matrix representing one artifact. Any two rows are selected for 

replacement, that is, any two work piece exchange operations, then a new state is 

obtained, thus completing a field movement. 

 

2.3 Acceptance and Elimination of New Solutions 

The acceptance and elimination of the new solution searches for a new state in the 

neighborhood of the current state is the new solution. Whether or not to accept 
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depends on the difference  between the objective function value (time) of the new 

solution and the objective function value (time) of the current optimal solution, If 

, then the new solution has a small value of the objective function, the current 

solution is replaced by a new solution, and the historic optimal solution is replaced by 

a new solution. Otherwise, see if the acceptance probability of the new solution is 

greater than a random number  between 0 and 1. If it is greater than , then the new 

solution is received as the current solution, otherwise the solution is discarded. 

 
2.4 Heat Balance Reached 

The thermal equilibrium is equivalent to the physical annealing of the isothermal 

process. It means that under a given temperature , SA performs a random search 

based on the Metropolis criteria and eventually reaches a state of equilibrium. This is an 

internal loop in the SA algorithm. In order to ensure equilibrium, the number of internal 

loops must be large enough. The work assignment problem sets the number of internal 

loops to a constant and is determined after many tests. 

 

2.5 Initial Temperature and Cooling Function 

The choice of initial temperature also has a great influence on the performance of the 

SA algorithm. In general, the initial temperature should be large enough, that is making 

 ensure that SA can be in an equilibrium state at the beginning. The cooling 

function is used to control the falling of the temperature, which is the outer loop 

process in the SA algorithm. This work assignment problem uses a commonly used 

function of temperature reduction,  among r∈ (0.95,0.99).The larger r is, 

the slower the temperature drops, and the temperature drops at the same rate at each 

step. The termination temperature  must be small enough to ensure that the 

algorithm has enough time to obtain the optimal solution. 

 

2.6 Simulated Annealing Algorithm Calculation Procedure 

The calculation procedure of the SA algorithm is described as follows: 

Step1: Initialization, Optional initial solution s (s within the allowable set of this 

assignment problem), Given initial temperature T0Termination temperature Ft. = 

0.001, Let iteration index K=0,  Set the historical best solution . 

Step2: Generate a domain solution randomly , calculate the target value 

increment . 

Step3: If , make ,  turn into Step 4; otherwise, produce , 

if , make s=g. 

Step4: If thermal equilibrium is reached, the number of internal cycles is greater than 
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(To) turn into Step 5, otherwise, go to Step 2. 

Step 5: Reduce To with a cooling function , if , the algorithm stops, 

otherwise go to Step 2. 

 

3. Simulation Results 

Result of question one: 

First run: 

Optimal scheduling sequence: 16,13,3,1,12,6,4,11,9,10,18,14,17,8,15,19,7,20,5,2. 

Work piece flow time: Temin =88. 

Second run: 

Optimal scheduling sequence: 6,5,2,16,3,12,11,7,4,17,18,13,8,14,15,19,20,10,1,9. 

Work piece flow time: Temin =88. 

Third run: 

Optimal scheduling sequence::4,3,17,9,16,18,1,8,6,10,20,19,11,2,5,14,7,15,13,12. 

Work piece flow time: Temin =88. 

Fourth run: 

Optimal scheduling sequence: 11,3,15,20,6,8,7,16,1,5,13,17,10,9,14,19,4,18,2,12. 

Work piece flow time: Temin =88. 

Fifth run: 

Optimal scheduling sequence: 14,8,16,4,3,13,7,18,2,19,17,6,9,10,12,5,11,20,15,1. 

Work piece flow time: Temin =88. 

Sixth run: 

Optimal scheduling sequence:17,7,2,1,9,16,5,3,10,18,6,19,8,14,4,20,15,13, 11,12. 

Work piece flow time: Temin =88. 

Result of question two: 

First run: 

Optimal scheduling sequence: 17,7,15,18,2,3,16,14,4,19,12,11,8,5,13,20,10,1,9,6. 

Work piece flow time: Temin =88. 

First maintenance moment: s1_min =26. 

Second maintenance moment: s1_min =56. 

Second run: 

Optimal scheduling sequence: 16,3,11,8,10,9,7,12,17,4,13,19,1,15,5,14,6,18,2,20. 

Work piece flow time: Temin =88. 

First maintenance moment: s1_min =25. 

Second maintenance moment: s1_min =55. 

Third run: 

Optimal scheduling sequence: 20,1,10,16,3,4,11,17,2,5,12,14,7,13,8,18,15,9,19,6. 

Work piece flow time: Temin =88. 
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First maintenance moment: s1_min =28. 

Second maintenance moment: s1_min =58. 

Fourth run: 

Optimal scheduling sequence: 3,17,16,9,11,7,4,13,15,18,19,12,20,6,10,14,1,8,5,2. 

Work piece flow time: Temin =88. 

First maintenance moment: s1_min =26. 

Second maintenance moment: s1_min =57. 

 

4. Conclusion 

Using a reasonable scheduling sequence, the idle time before machine maintenance 

will be shorter, and the shorter the total work piece flow time. When the idle time 

before machine maintenance is 0, the total work piece flow time is the shortest. From 

the above simulation experiment, we can find that the simulated annealing algorithm 

can effectively solve the joint decision-making problem of scheduling plan and 

equipment maintenance plan. 
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