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ABSTRACT: In the process of workshop production management, it is necessary to allocate 

workshop resources according to production tasks and improve different indicators such as 

production efficiency etc. The traditional scheduling algorithm is applied mostly under the 

assumption of ideal scheduling environment, based on the determined model, but the actual 

production management is a dynamic process with many uncertainties. For this, this paper 

proposes a production scheduling scheme that combines the core process set and genetic 

algorithm (GA) to solve the dynamic scheduling problem in the actual production management 

process. The experiment proves that the solution can effectively improve the calculation 

efficiency and has a small impact on the global performance index with higher stability. This 

can provide an effective theoretical basis for dynamic scheduling problems in the actual 

production process. 

KEYWORDS: Core process set, genetic algorithm (GA), scheduling algorithm, stability. 

 

1 INTRODUCTION 

Advanced production management is an 

important guarantee to improve the product quality 

and production cycle of enterprises, and also a 

powerful tool to enhance the core competitiveness 

of enterprises. In all aspects of production 

management, workshop scheduling plays an 

important role. It means that under the constraints 

of limited resources, the processing resources are 

allocated reasonably through analysis for each 

order, to improve the production efficiency and 

maximize the production target. A reasonable and 

scientific workshop scheduling solution can 

significantly improve the product yield rate, reduce 

the product manufacturing cycle, and effectively 

decrease inventory. 

The workshop scheduling scheme is a 

combinatorial optimization of a series of problems, 

as an NP-hard problem. In the past, scholars’ 

research was mainly based on the shop scheduling 

of the ideal processing environment, and usually, 

distributed production control models such as 

dispatch rules and Kanban were used (Allahverdi et 

al., 2008; Fan and Zhang, 2010). Such models can 

achieve fast response, but cannot guarantee the 

performance of scheduling. Meanwhile, with the 

increasingly complex production processes in the 

manufacturing industry, the increasingly diverse 

equipment, and the dynamic changes in various 

production conditions, there have been more strict 

requirements for system performance. Omar et al. 

(2010) proposed a classification method to classify 

production equipment into two types: general 

parallel and dedicated serial. Lockett (1985) used 

the linear programming to solve production 

scheduling problems. Nowicki and Smutnicki 

(1996) put a solution based on branch and bound 

method and the dynamic programming method was 

put forward to solve the production scheduling 

problem. On the basis of previous studies, and they 

pointed out that the classical optimization 

scheduling theory cannot reflect the complexity of 

the actual production process, so it lacks practical 

application value. In the late 1990s, the research on 

production scheduling in the academic circles 

gradually turned to more intelligent models such as 

heuristic algorithms, and domain search etc., e.g., 

Viviers (1983) divided the scheduling problems into 

two categories, namely, priority rules and heuristic 

scheduling rules, and separately made research 

summary. Leonhard and Davis (1995) used the 

genetic algorithm for the first time to solve the 

scheduling problem, with strong robustness and 

good performance. 

However, most of the above studies are based on 

deterministic scheduling models which usually do 

not interfere during the pre-set execution process, 

and generally ignore the unknown interference 

when generating the pre-scheduling scheme. This 

ideal environment is very rare in actual production, 

e.g., the change of processing time, the failure of 

the machine, the arrival of raw materials are all 

common problems in production scheduling, so the 

scheduling scheme under dynamic uncertainty is 

even more practical. For this, through in-depth 
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study of large-scale modern production lines, this 

paper proposes a rescheduling algorithm based on 

rolling horizon under the indeterminate job-shop 

production environment. This algorithm has less 

scheduling calculation amount, better scheduling 

performance, stronger robustness and stability, 

which can provide a more reliable solution for the 

workshop production scheduling. 

2 JOB-SHOP SCHEDULING PROBLEM 

Job shop is a common production scheduling 

model, which requires all products to be processed 

on production equipment, each product has its own 

production sequence, and each equipment can only 

machine one process at a time. It is called a job 

shop operation. As an NP-hard problem, this type of 

problem can only obtain the optimal solution with 

the small problem size. However, in the context of 

such dynamic changes in the scheduling 

environment, the size of the problem is often 

complex and large, and the job-shop problem 

requires the scheduling algorithm to produce an 

optimal solution in a short time and ensure the 

performance of the scheduling. In this paper, we 

study the Job-shop problem with unknown arrival 

time for the above problems, which is also the most 

common problem of job-shop (Adams et al., 1988). 

2.1 Classification of rolling mechanism  

In the job-shop scheduling environment, the 

production materials are dynamically arrived. In 

this case, the rolling horizon-based scheduling 

strategy becomes the first choice for large-scale 

production scheduling. As a divide-and-conquer 

algorithm, the core idea of this scheduling strategy 

is to split the problem along the time axis into a 

series of small-scale problems. According to the 

decision-making scheme of decision points, it can 

be divided into four categories: 1) Continuous 

rolling mechanism; the core strategy of this 

mechanism is to regenerate an optimal scheduling 

scheme for sub-problems after a certain workpiece 

is processed. 2) Periodic rolling mechanism; its core 

strategy is that after each sub-problem completes 

the scheduling optimization, the previous parts of 

the processing scheduling result need to be 

periodically optimized at regular intervals. 3) 

Event-driven rolling mechanism starts the new 

rolling schedule after the sub-problem completes 

the scheduling optimization until a new dynamic 

event occurs. 4) Hybrid rolling mechanism is a 

combination of category 2 and 3; the core strategy 

is to use the above event-driven mechanism when 

key events occur, and the periodic rolling 

mechanism when no critical events occur. 

 

2.2 Description of job-shop rescheduling 

problem under rolling mechanism 

Under the model with the total tardiness as the 

optimization goal, the total tardiness is defined as: 
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Using the rolling horizon to decompose the time 

axis, at the scheduling time tr, the number of 

workpieces that can be scheduled is n, and then the 

goals of the scheduling sub-problem can be 

summarized as: 
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where, tr is the scheduling time at this time, H is the 

time horizon length, pij is the processing time, pim is 

the processing time of the last process for the 

workpiece i, and di is the delivery time of the 

workpiece i. There is a defect for single rolling 

horizon scheduling algorithm: when the size of the 

local sub-problem is too small, the performance of 

the sub-problem will be degraded due to insufficient 

consideration of global information; but, if the sub-

problem is too large, the calculation amount of the 

optimal scheduling will also increase, being unable 

to meet the requirements of immediacy. Therefore, 

in order to balance the relationship between the two, 

a hybrid genetic algorithm is used to screen out the 

process set that has a great influence on the global 

scheduling. This process set is called as core 

process in this paper, which can reduce unnecessary 

calculations and also considers the global 

performance.  

2.3 Hybrid genetic algorithm based on core 

process 

Genetic algorithm (GA) is a computational 

model that simulates the evolution process of 

biological populations. Its core idea is to search for 

optimal solutions by using mechanisms such as 

selection, crossover and mutation. The GA starts 

with a population that represents the problems with 

a potential solution set (the population consists of 

individuals encoded by a large number of genes), 

and each individual is a characterized chromosomal 

entity. After the first generation of populations are 

generated, according to the “survival of the fittest” 

principle of natural populations, a better solution is 

generated through iteration. In each generation, 

individuals are re-selected according to the fitness 

of individuals in the problem domain, and the 

operations of combined crossover and mutation are 

made for the next generation by genetic operators to 

generate the new population. This process simulates 

the evolution process of the population, generates a 
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better solution by iterations, and finally obtains the 

approximate optimal solution of the problem by 

decoding the last generation population (Chowet al., 

2004). 

According to the description of section 2.2, this 

paper uses the hybrid genetic algorithm to generate 

the core process. In the search process of optimal 

solution, only the core process is genetically 

evolved. For the process that is not selected, the 

mod rule is used to determine the scheduling 

sequence, and the genetic evolution is repeated to 

ultimately achieve the core process and its 

corresponding optimal scheduling. 

3 MODELLING PROCESS 

3.1 Population initialization 

For the job shop scheduling problem, this paper 

uses a process-based coding model. All the steps of 

the same workpiece use the label number of the 

workpiece as the chromosomal gene to express the 

priority of the process. A simple 3x3 job shop was 

taken as an example. Assuming that one certain 

chromosome in the process set is [1,5,4,3,2,1,2,1,3], 

this chromosome represents the relationship 

between the workpiece and the processing 

equipment. Assuming that the number of core 

processes is 4 and the chromosome is [1,5,2,3], then 

the decoding result of the core process is a subset of 

the complete process scheduling after the genetic 

algorithm is completed. 

The population initialization directly affects the 

convergence speed of the genetic algorithm. Due to 

different generation rule of initial population, the 

number and value of the same workpieces in the 

chromosome may also be different from other 

workpieces. Let the number of workpieces that can 

be scheduled at the current rescheduling time be na, 

the length of the chromosome be L, the size of the 

population be size, and the machine number 

required for the jth process of the workpiece i be 

Jm(i,j), then the initial population is generated 

according to the following algorithm: 

Step1: Set number of individuals in the 

population by counter k=1; 

Step2：1) Generate a legal chromosome; 2) the 

integer x in the random generation from [1,na] 

represents a specific workpiece; 3) if Jm(i,1)≠0, then 

S[l]=I, l=l+1, otherwise return to step 2; 4) Move 

left one bit for all the elements in the first row, and 

fills 0 at the final vacancy position; 5) If l>L, stop at 

step2, otherwise return to step 2. 

Step3: Store the chromosomes into the 

population set, Pop[k]=S, k=k+1; 

Step4: If k>size, then stop, otherwise return to 

step2. 

One job-shop case is assumed as table 1: 

Table 1 Job shop simulation data 1 
Workpiece Processing 

path 

Processing 

time 

Arrival 

time 

Delivery 

time 

1 2  1  3 4  2  3 0 10 

2 1  2  3 2  4  4 0 14 

3 1  3  2 3  2  2 0 8 

 

This is a job shop simulation data with a 3x3 

matrix for both the processing path and the 

processing time. The Table above shows the current 

time 
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At l=3 and I=1, S[3]=1, and then JM is updated to 

be 
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Finally, a new chromosome s=[2,1,1,3] is 

generated. 

3.2 Genetic evolution operations 

Genetic algorithm is a search algorithm based on 

competition and genetic selection. In the process of 

evolution, it determines which individuals are 

selected and which parents can generate offspring, 

and the operation of mutation is to achieve 

population diversity by small-scale interference on 

chromosomes. The genetic algorithm evolution 

process mainly involves individual selection and 

crossover operations. 

In this paper, the roulette algorithm is used for 

individual selection. The basic idea of the algorithm 

is that the probability of each chromosome is 

proportional to its fitness. Therefore, it is necessary 

to maintain the expected index of each chromosome 

for the next generation. For the chromosome v with 

fitness f, its survival probability is given as: 

/
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For each chromosome vi, the cumulative 

probability is qi: 
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Each time a roulette is taken, a chromosome is 

selected. The specific process is as follows: 

Step1: Generate a random number u in the range 

of [0,1] according to the uniform probability 

distribution; 

Step2: If u<qi, select the first chromosome vi in 

the population, otherwise select the kth 

chromosome vk, to ensure qk-1<u<qk. 

In this paper, the crossover operation in the 

evolution process uses linear order crossing. The 

main steps are as follows: 

Step1: Randomly select two crossing points, and 

then cross-process all genes between the two points; 

Step2: Delete the cross-completed gene in the 

previous-generation chromosome, leaving a 

vacancy marked with K, and then slide from the end 

position of both sides toward the middle, until 

reaching the crossing area. 

Step3: Fill in the remaining genes outside the 

crossing points of the two genes in step 2. 

3.3 Scheduling generation process 

In this paper, a hybrid scheduling producer was 

used to control the range of the search space, and a 

parameter in the range between [0,1] was 

introduced to represent the search space. In the 

process of chromosome decoding, the chromosomes 

of core process were first converted into a partial 

scheduling scheme, then for the secondary 

processes, MOD principle was applied to determine 

the processing sequence on the production 

equipment, and finally the partial scheduling 

scheme was recorded after all the genes in the 

chromosome were decoded. The remaining 

secondary processes were determined according to 

the completion of the workpieces. At last, the 

secondary scheduling scheme was embedded into 

the hybrid scheduling framework to construct a 

complete scheduling scheme. 

4 SIMULATION CALCULATION AND 

ANALYSIS 

In this paper, the simulation study of the job 

shop scheduling problem was carried out with the 

unknown arrival time of the workpiece. The number 

of workpieces was divided into three 30, 70, 90 

respectively; the number of machines was divided 

into two types: 4 and 6; the processing time of each 

process for the workpiece obeys the Gaussian 

distribution of [1,50]; the tardiness ratio of the 

workpiece was between [0.1,0.5]; the distribution 

range parameter of the delivery period was θ∈
{0.5,1.5}. Under this assumption, we can generate 

50 kinds of parameter combination methods, and 

each combination generates 10 examples, with a 

total of 500 examples. 

By comparing the core process-based algorithm 

proposed in this paper with the traditional 

algorithm, the operating parameters of the two 

algorithms are the same, but the only difference is 

that the core process has a shorter chromosome 

length. For better analysis, the number of key 

processes was set to 20% and 40% of the complete 

process, and the cycle time interval was 200. During 

the experiment, two scheduling strategies were set 

up to compare performance and computational 

efficiency. 

(1) The same-moment rescheduling strategy: the 

scheduling model of the core process algorithm is 

preferentially run; the rescheduling time is 

determined to be the same as that of the traditional 

complete process algorithm under the hybrid 

mechanism, and the rescheduling frequencies of the 

two algorithms are basically the same. 

(2) Independent-moment rescheduling strategy: 

under the hybrid rescheduling mechanism, the 

rescheduling time is determined according to their 

own scheduling result, so the rescheduling 

frequencies of the two vary greatly. 

The parameters of the hybrid genetic algorithm 

are: the population size is the number of workpieces 

that can be scheduled at present, the stopping 

criterion is 30 consecutive generations, the fitness 

function parameter is 80%, the crossover 

probability is 75%, and the mutation probability is 

25%. Simulation operation is conducted for 12 

times for all calculations, taking the optimal result 

as the comparison object. Table 1-4 list the 

statistical data of the simulation results, in which 

Table 1 and Table 2 are the results of using the 

same-moment rescheduling strategy, and Table 3 

and Table 4 are the results of the independent-

moment rescheduling strategy. All results in the 

table are averages for all study results for the same 

category. Among them, {*,*,*,*} respectively 

represent the number of workpieces, the number of 

machines, the rate of achievement, and the delivery 

deadline, e.g., {N1,*,*,*} represents an example in 

which the number of workpieces is 30, and so on. 

Assuming that AFp, AFc are the optimal 

performance based on the core process algorithm 

and the complete process algorithm, respectively, 

and AFp, AFc are the rescheduling frequency of the 

corresponding algorithm, then the improvement rate 

of optimal performance is shown as: 

( ) ( )

( )

p c

i Q i Q

c

i Q

A F i A F i

A B I
A F i

 







 


                (4) 



ACADEMIC JOURNAL OF MANUFACTURING ENGINEERING, VOL.17, ISSUE 4/2019 

166 

The increase rate of efficiency is calculated as: 
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Re-scheduling frequency is expressed as: 
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The results of Table 2-5 indicate that the 

computational efficiency based on the core process 

algorithm is greatly improved compared with the 

algorithm of the traditional complete process. The 

results of Table 2 and Table 3 show that the core 

process algorithm has little effect on the global 

performance, so it’s effective in the actual 

production management process. Tables 4 and 5 

show that, with independent-moment rescheduling, 

the algorithm based on the core process has a good 

improvement on the global target after increasing 

the rescheduling frequency than the traditional 

complete process algorithm, therefore, increasing 

the re-scheduling frequency can significantly 

improve the global goal. In the actual production 

process, the core process can be dynamically 

adjusted to improve the calculation efficiency while 

maintaining good performance. 

Table 2. Simulation results of same-moment 

rescheduling at 25% ratio  

 ABI (%) ATI (%) API 

{N1,*,*,*} 6.31 -41.32 1.02 

{N2,*,*,*} 6.42 -45.63 1.03 

{N3,*,*,*} 6.53 -48.73 1.01 

{*,M1,*,*} 6.89 -41.99 1.03 

{*,M2,*,*} 7,46 -42.87 1.04 

{*,*,A1,*} 7,43 -51.09 1.02 

{*,*,A2,*} 7.89 -46.87 1.01 

{*,*,*,D1} 8.05 -42.68 1.03 

{*,*,*,D2} 8.07 -46.89 1.04 

{*,*,*,D3} 7.34 -45.77 1.05 

Table 3. Simulation results of same-moment 

rescheduling at 45% ratio 

 ABI (%) ATI (%) API 

{N1,*,*,*} 6.35 -21.12 1.01 

{N2,*,*,*} 6.47 -25.43 1.02 

{N3,*,*,*} 6.52 -28.42 1.03 

{*,M1,*,*} 6.86 -21.39 1.04 

{*,M2,*,*} 7.36 -22.57 1.04 

{*,*,A1,*} 7.23 -21.19 1.02 

{*,*,A2,*} 7.79 -36.27 1.01 

{*,*,*,D1} 8.14 -32.64 1.02 

{*,*,*,D2} 8.23 -26.83 1.03 

{*,*,*,D3} 7.45 -25.78 1.04 

 

 

Table 4. Simulation results of rescheduling moment at 

50% ratio 

 ABI (%) ATI (%) API 

{N1,*,*,*} -26.31 -51.33 2.02 

{N2,*,*,*} -16.41 -55.73 2.05 

{N3,*,*,*} -16.51 -48.75 2.01 

{*,M1,*,*} -16.39 -42.91 2.02 

{*,M2,*,*} -17,26 -44.89 1.95 

{*,*,A1,*} -15,43 -52.17 1.92 

{*,*,A2,*} -17.89 -52.76 1.91 

{*,*,*,D1} -18.05 -52.69 2.03 

{*,*,*,D2} -18.17 -56.74 2.04 

{*,*,*,D3} -17.44 -55.78 2.05 

Table 5. Simulation results of independent 

rescheduling moment at 50% ratio 

 ABI (%) ATI (%) API 

{N1,*,*,*} -2.34 -41.31 1.42 

{N2,*,*,*} -6.42 -45.72 1.15 

{N3,*,*,*} -6.53 -38.75 1.31 

{*,M1,*,*} -6.31 -42.95 1.32 

{*,M2,*,*} -7,25 -44.19 1.45 

{*,*,A1,*} -5,42 -32.14 1.32 

{*,*,A2,*} -7.81 -32.71 1.31 

{*,*,*,D1} -8.02 -32.69 1.33 

{*,*,*,D2} -8.16 -36.71 1.37 

{*,*,*,D3} -7.45 -35.48 1.35 

5 CONCLUSIONS 

Dynamic job shop scheduling is a common 

mode in the production management process. There 

have been many researches on this kind of dynamic 

job shop scheduling, but the computational 

complexity of the traditional dynamic programming 

and heuristic algorithms grows rapidly when the 

problem size increases, which cannot meet the 

actual need for production. For this, in this paper, a 

hybrid genetic algorithm combining core processes 

was designed to improve the computational 

efficiency under the premise of ensuring the 

performance of production scheduling. It can be 

seen from the simulation experiment that compared 

with the re-scheduling algorithm based on the 

complete process, the algorithm proposed in this 

paper has a small impact on the global performance 

with high computational efficiency. This shall 

provide a new idea for solving the dynamic job 

shop scheduling problem in actual production 

management. 
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