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ABSTRACT: For manufacturing industry, the pipeline scheduling problem plays in very 

important role in improving the production efficiency and benefits of the manufacturing 

enterprises. If this problem can be well solved, it will be of great significance to the economic 

development of the entire country. This paper summarizes the differences between traditional 

optimization algorithms and intelligent optimization algorithms, introduces the types and 

advantages of intelligent optimization algorithms, selects the genetic algorithm (GA) in the 

intelligent algorithms and improves it. Then, the study constructs models for the comprehensive 

pipeline scheduling problem and verifies the application effect of the improved GA in the target 

problem via simulation experiments. The research results show that GA can fall into local 

optimal solutions, and the improved GA has more advantages in operation efficiency; intelligent 

optimization algorithms have a good application effect in the pipeline scheduling problem; the 

results of the improved GA are better than the traditional GA; and improved GA has a better 

application effect in dealing with pipeline scheduling problems with a large number of 

workpieces. The research results of this paper provide instructions to the pipeline scheduling of 

manufacturing enterprises and have certain theoretical and practical values. 
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1 INTRODUCTION 

Manufacturing industry plays a very important 

role in the national economy, and its status is non-

negligible. With the continuous development of the 

economy and the constant increase of GDP, higher 

requirements are imposed on the manufacturing 

industry. As the scale of manufacturing industry is 

expanding, the complexity of manufacturing is 

increasing as well, and the production process has 

undergone great changes. To ensure the stable and 

rapid development of the manufacturing industry 

and achieve higher production efficiency, the 

traditional simple and direct management methods 

are no longer suitable for the development level of 

current social economy. Moreover, in order to 

improve the production efficiency of manufacturing 

enterprises, with the help of the computer 

technology, manufacturing industry should fully 

apply the advanced concepts of modern 

management to all aspects of production such as 

people, equipment, environment, and operation. The 

pipeline scheduling problem is one of the most 

important links in the production management of 

manufacturing industry, and it has important 

significance for the improvement of production 

efficiency of manufacturing enterprises (Jain and 

Meeran, 1999; Xia and Wu, 2005). 

Scheduling is essentially a problem of resource 

allocation; its purpose is to allocate different 

concurrent tasks within the same time period 

according to the profit maximization principle under 

the premise of limited resources (Li et al., 2010; 

Dubois et al., 1995; Mckay and Buzacott, 1988). In 

pipeline scheduling of manufacturing industry, the 

resources refer to the personnel, materials, and 

energy, etc. (Dauzere-Peres and Lasserre, 1993; 

Bensana and Dubois, 1988). In addition to the 

above-mentioned resources, the pipeline scheduling 

of manufacturing industry must also consider many 

restrictions such as the manufacturing techniques of 

the products, and the delivery term, etc. Therefore, 

the pipeline scheduling problem is actually a 

comprehensive problem (Goldberg et al., 2001; 

Jeng and Chang, 1997; Xie, 2008; Rossi and Dini, 

2007). In recent years, with the continuous 

development of intelligent optimization algorithms, 

such algorithms have begun to be applied to the 

comprehensive pipeline scheduling problem (Yu 

and Liang, 2001). 

This paper improves the intelligent optimization 

algorithm and verifies the application effect of the 

improved GA in the target problem via simulation 

experiments. The research results of this paper can 

provide certain opinions and suggestions for the 

production of manufacturing industry. 
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2 INTELLIGENT OPTIMIZATION 

ALGORITHMS 

2.1 Optimization and intelligent 

optimization 

Optimization literally means the process by 

which people use existing information to improve 

objective things. In the optimization process, 

mathematics is usually taken as the basis and means 

to solve the target problem. For example, the 

operations research is to solve the objective 

functions by applying linear programming 

principles, and choose the optimal solution from 

alternatives. 

However, there are still many problems with 

existing optimization methods in the following 

aspects: 

(1) Initialization leads to longer running time 

Existing optimization algorithms need to find 

feasible solutions at the initialization stage. 

However, such feasible solutions may not be found 

within a short time, therefore, the running time is 

usually longer. 

(2) Low computation efficiency 

Existing optimization algorithms often take a 

single solution as the start of the iteration. Such 

algorithms generally can’t make good use of the 

advantages of computers in high-speed 

computation; thus, the overall computation 

efficiency is not high. 

(3) Easy to fall into local optimal solutions 

Existing optimization algorithms gradually 

approach the optimal solution through iterations. 

Although each iteration will increase the fitness 

value of the algorithm to a certain extent, such 

algorithms have not stepped out of the constrains of 

the mechanism of local optimal solutions. That is, 

wrong approaching direction towards the optimal 

solution can easily make the algorithm fall into 

local optimal solutions.  

(4) The optimal solution found is not necessarily 

the real one 

The conditions for the existing optimization 

algorithms to find the optimal solution are usually 

just the necessary conditions for the searching of the 

optimal solution, not the necessary and sufficient 

conditions. Therefore, the optimal solution finally 

found may not be the optimal solution in the true 

sense. 

(5) There is a certain gap between the algorithm 

requirements and the actual conditions 

Existing algorithms usually require that the 

objective function is continuously differentiable, 

and the requirements on the constraints are the 

same. However, this is quite different from the 

actual conditions, which is a major limitation of the 

algorithm. 

In recent years, people have gradually realized 

that it’s unlikely to improve the performance of 

traditional optimization algorithms, so the focus of 

research has gradually turned to the field of 

intelligent optimization algorithms. 

Intelligent optimization algorithms generally 

refer to optimization algorithms that are inspired by 

biological attributes, natural or other phenomena, 

and can better solve non-linear problems with huge 

computation volume that are easily trapped in local 

optimal solutions. Usually, such algorithms can 

initialize randomly, compute efficiently, and 

terminate at any time, and their application 

conditions are not so demanding, as a result, they 

can better solve the problems existing in the 

traditional optimization algorithms. 

2.2 Commonly used intelligent optimization 

algorithms 

Commonly used intelligent optimization 

algorithms include genetic algorithm (GA), particle 

swarm optimization (PSO), and differential 

evolution (DE) (Bandar and Mozaffarilegha, 2019; 

Wu, 2006; Defersha Chen, 2010; Tsai et al., 2008). 

(1) GA is one of the earliest intelligent 

optimization algorithms. The principle of this 

algorithm is inspired by the natural selection 

mechanism of selecting the superior and eliminating 

the inferior. Through calculation, the good genes 

are retained and the bad ones are eliminated. The 

operation methods mainly include mutation, 

crossover and selection. 

(2) PSO is a kind of classic intelligent 

optimization algorithms. It’s inspired by the 

foraging behavior of biotic groups in nature. The 

core of PSO is update, and the update operations 

mainly include speed update and position update. 

(3) DE is one of the algorithms with the best 

performance in the intelligent optimization 

algorithms. It has unique advantages in terms of 

computation efficiency and optimization ability, and 

its main operation methods include mutation, 

crossover and selection. It should be noted that its 

computing time is slightly longer than other 

algorithms. 

This paper selects improved GA to solve the 

comprehensive pipeline scheduling problem.
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3 COMPREHENSIVE PIPELINE 

SCHEDULING MODEL BASED ON 

IMPROVED GA 

3.1 Description of the pipeline scheduling 

problem 

The mathematical description and assumptions 

of the pipeline scheduling problem are as follows: 

(1) Suppose there are N workpieces that need to 

go through M procedures and be processed on M 

machines. 

(2) One-to-one correspondence for each 

procedure, each machine and each workpiece; 

(3) The M procedures of the N workpieces are 

consistent (see Figure 1); 

 

Machine 1 Machine 2 Machine 3

Machine M Machine ... Machine 4

Artifact

End

 
Fig. 1 Processing procedures of workpieces 

 

(4) Production interruptions caused by machine 

failure or other reasons are not taken into 

consideration. 

(5) Each machine can only process one 

workpiece at a time; 

(6) The preparation time of the workpiece is 

counted out.  

(7) The objective function is the shortest total 

production time of the workpieces. 

3.2 Improved GA 

The calculation process of GA is shown in 

Figure 2: 
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Fig. 2 Flowchart of GA 

The specific operations of GA are as follows: 

(1) Encoding 

Encoding is the first step of GA. The essence of 

encoding is to parameterize the feasible solutions. 

Binary encoding has the characteristics of simple 

operation, easy to master, convenient, and easy to 

implement, etc. It is a commonly used encoding 

method which can convert the original problem into 

coded strings represented by 0 and 1. 

(2) Fitness function 

In GA, the fitness function is a function used to 

judge the pros and cons of the solutions and to 

screen the individuals. Individuals with larger 

fitness function values are more likely to be 

retained, while for individuals with smaller fitness 

function values, their probability of being retained 

is relatively low. 

Fitness function values are non-negative 

numbers and also the maximum form of the 

objective function. When the objective function is 

not the maximum form or non-negative form, it 

needs to be converted. 

The conversion method is as follows: 

( ) ( )F x A f x= -  (1) 

Or 

1
( )

( )
F x

f x
=  (2) 

where, is the objective function; is the fitness 

function; Formula (2) requires that the value of the 

objective function is not less than zero. 

(3) Selection, crossover and mutation 

The main operation methods of GA include 

selection, crossover, and mutation. Selection refers 

to the process of selecting an individual according 

to the value of the individual fitness function to 

determine whether the individual is retained for the 
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next generation or not; crossover can generate 

new individuals during the implementation process 

of GA, the specific method is to perform genetic 

recombination according to a specified method, 

thereby producing individuals of the next 

generation; mutation refers to the re-encoding of 

certain individual genes, this operation can maintain 

the diversity of the population and prevent 

prematurity. 

(4) Determination of GA parameters 

1) Population size 

The size of the population should be selected 

properly. Too small population size will affect the 

diversity of the population, while too large 

population size will affect the optimization 

efficiency. That is, the selection of the population 

size must take into account the two factors of the 

population diversity and the optimization efficiency.  

2) Crossover rate 

The selection of crossover rate can neither be too 

small nor too large. If the selected crossover rate is 

too large, high fitness individuals will be destroyed 

quickly; else if the selected crossover rate is too 

small, the work efficiency will be reduced. The 

value range of the crossover rate is generally 

between 0.4 and 0.9. 

3) Mutation rate 

Generally, the selection of the value of mutation 

rate is relatively small, but two factors need to be 

considered as well. If the mutation rate is too small, 

it’ll be hard to produce new individuals; if the 

mutation rate is too large, GA will become a 

random process. The empirical value of mutation 

rate is generally between 0.1 and 0.3. 

4) Generation gap 

The generation gap in the GA refers to the 

proportion of the gene population that is replaced 

after the genes are screened and the individuals with 

low fitness are discarded. 

(5) Improved GA 

1) Improve the initial solution: random 

generation of the initial solution can easily make 

GA fall into local optimal solution. This paper 

artificially constructs the initial solution to improve 

the GA; 

2) Use formula (2) to convert the fitness 

function; 

3) Conduct crossover and mutation respectively 

according to the two rules of the procedure and the 

workpiece. 

4 SIMULATION EXPERIMENT 

4.1 Experiment setup 

The simulation experiment was conducted on a 

PC installed with the Windows 10 operating system. 

The type of the processor of the computer was Inter 

Core i5 and the memory was 8GB. 

The experiment was performed using the Matlab 

R2012 software. The parameters were set as shown 

in Table 1. 

Table 1. GA parameters 

Population 

size 

Crossover 

rate 

Mutation 

rate 

Generation 

gap 

70 0.65 0.15 0.9 

 

For the N workpieces and M procedures, three 

different parameter values were set respectively, 

that is: N = 10, 20, 40; M = 5, 7, 9. Therefore, for 

the workpieces and procedures, there are 3 × 3 

combinations in all, namely: N × M = 10 × 5, 10 × 

7, 10 × 9, 20 × 5, 20 × 7, 20 × 9, 40 × 5, 40 × 7, 40 

× 9. In this study, the simulation experiments were 

divided into 3 groups according to the differences in 

N. In each group of experiments, each workpiece 

can be randomly selected with 5 procedures, 7 

procedures, or 9 procedures. The time arrangement 

of each procedure combination is shown in Table 2.  

The above-mentioned three groups of 

experiments were numbered 1-3. 

Table 2 Procedure and time schedule 

No. N M Time required for each procedure 

1 10 

5 5→9→10→8→6 

7 3→3→9→8→6→4→5 

9 4→3→5→6→6→4→5→3→2 

2 20 

5 5→9→10→8→6 

7 3→3→9→8→6→4→5 

9 4→3→5→6→6→4→5→3→2 

3 40 

5 5→9→10→8→6 

7 3→3→9→8→6→4→5 

9 4→3→5→6→6→4→5→3→2 

 

The model of improved GA was marked as 

model A, and the model of GA was marked as 

model B. 

4.2 Experiment analysis 

4.2.1 Operation efficiency 

With Experiment 1 as an example, the 

convergence speeds of model A and model B were 

compared as shown in Figures 3 and 4. It can be 

seen that, although the convergence speed of model 

B was faster, the workpiece production time 

obtained through the optimization algorithm of 

model B was longer than that of model A, which 

obviously had not reached the optimal effect. It can 

be inferred that Model B was “pre-mature”, namely 

it had fallen into local optimal solution, and the 

performance of improved GA was better.  
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Fig. 3 Convergence speed of model A 

 
Fig. 4 Convergence speed of model B 

4.2.2 Experimental results 

The experimental results comparing the 

performance of improved GA and GA are shown in 

Figure 5, in the figure, the abscissa represents the 

experiment number, and the ordinate represents the 

time required for completing the production of all 

workpieces. In the 3 groups of simulation 

experiments, although the number of workpieces 

changed, the improved GA had outperformed GA 

all the time, indicating that the improved intelligent 

optimization algorithm has a better performance in 

comprehensive pipeline scheduling problem. 

 
Fig. 5 Comparison of the performance of model A 

and model B 

In addition, during the experiment, as the 

number of workpieces increased, the differences in 

the experimental results of improved GA and GA 

were increasing as well, indicating that the 

improved GA is more suitable for large-scale 

calculations. 

5 CONCLUSIONS 

This paper applied improved GA and 

mathematical modeling method to study the 

problem of comprehensive pipeline scheduling. 

Simulation experiments were conducted in our 

study and the following conclusions are drawn: 

(1) Traditional GA has the problem of easily 

falling into local optimal solution when dealing 

with the problem of comprehensive pipeline 

scheduling, while improved GA can well solve this 

problem.  

(2) The total time required for the production of 

all workpieces calculated by the improved GA was 

better than the traditional GA, indicating that the 

improved GA has a good application value in the 

comprehensive pipeline scheduling problem. 

(3) The more the workpieces, the greater the 

differences in the production time of all workpieces 

obtained by improved GA and GA, indicating that 

the improved GA is more suitable for 

comprehensive pipeline scheduling problems with a 

larger number of workpieces. 
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