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Abstract: This paper focuses on the dynamic scheduling strategy of intelligent RGV (Rail Guided 
Vehicle). The goal of this problem is to find an optimal scheduling scheme for processing some 
materials within a certain time (one shift). To make the problem easier to solve, we convert the goal 
of the problem into a scheduling scheme that solves the processing of n-piece materials and requires 
the shortest time. At the same time, according to the purpose of this problem, the shortest time is 
limited to one shift, and then the number of materials is slightly adjusted to make the time close to 
eight hours. In the process, we establish a mathematical model and adopt a rule-based adaptive 
genetic algorithm. To avoid obtaining a low-reasonability scheme and reduce the efficiency of the 
algorithm, we propose some rules for manual intervention when generating the initial population. 
We use the adaptive crossover and mutation probability and flexible population to replace the fixed 
parameters in the traditional genetic algorithm. Finally, we analyze the performance of the 
algorithm by MATLAB simulation experiment and the effectiveness of the algorithm is verified.  

1. Introduction 
With the improvement of industrial automation level, RGV has been widely used in actual 

processing and production. Depending on the mode of motion, RGV can be divided into a circular 
orbital type and a linear reciprocating type. The circular orbital RGV system is highly efficient and 
can work simultaneously in multiple shuttle vehicles. While the linear reciprocating type generally 
includes only one RGV for reciprocating motion, and the efficiency is relatively low compared with 
the circular RGV system. This paper mainly studies the scheduling problem of the linear RGV in an 
intelligent processing system .The problem can be described as follows: the existing materials that 
need to be processed is asks { | 1, 2, , }iT Task i n= =  .And the intelligent processing system consists of 
8 CNC( Computer Number Controllers) ,1 Rail Guide Vehicle (RGV), 1 RGV linear track, 1 feeding 
conveyor belt and 1 blanking conveyor belt. The schematic diagram of the system is shown in Figure 
1.  
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Figure 1. The schematic diagram of the intelligent processing system 

To solve the problem more intuitively, we use some data of a certain factory process as a 
reference. And the part of data is as follows: 

Table 1. The operating parameters of the processing system (Time unit: second) 

Parameters Group 1 Group 2 Group 3 
The time of RGV moving 1 unit 19 22 17 
The time of RGV moving 2 units 32 40 30 
The time of RGV moving 3 units 45 58 45 

The time required for CNC to complete a material 559 577 543 
The time for RGV to complete a material’s cleaning 24 28 26 

The time required for RGV to load and unload at one time 28 30 27 
To simplify the given problems and modify it more appropriate for simulating real-life conditions, 

we make the following basic hypotheses, each of which is properly justified. 
 RGV is a single station, that is, the shuttle can only be responsible for one handling task at 

a time. 
 When the RGV and the CNC have a fault during the entire dispatching cycle, the system 

stops running and does not affect the scheduling optimization process. 
 Each CNC is idle at the initial moment when the entire system begins. 
 Once each task is executed, it will not be interrupted by other tasks. 

2. Scheduling Optimization Model 
For this problem, we analyze the RGV timeline to list mathematical expressions to avoid 

increasing the complexity of the problems by analyzing multiple timelines simultaneously. However, 
we are not directly solving the scheduling scheme that maximizes the working efficiency of the 
system in a shift. We convert it into a scheduling scheme that solves the processing of n-piece 
materials and requires the shortest time to make the system most efficient. At the same time, 
according to the goal of the problem, the minimum time is guaranteed to be controlled in about 8 
hours. For RGV, the time ( 1,2, , )

iTaskt i n=  required to process a piece of material is 

 
iTask w m ud ct t t t t= + + +                     (1) 

Where wt is the RGV waiting time before processing a material, mt is the RGV moving time before 

processing a material, udt is the time required for RGV to complete a loading and unloading and ct is 
the time spent on cleaning a material. We do not consider the dwell time of the material in the CNC 
separately, but the dwell time is included in the waiting time wt before the RGV processes a material. 

Therefore, for RGV, the time required to processn materials are  
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When all tasks are completed for the shortest time, it is the optimal solution for the RGV system 
scheduling problem, so the objective function is  
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3. Rule-based Adaptive Genetic Algorithm Model  
When the genetic algorithm solves the scheduling problem, the random generation method is 

generally used to form the chromosomes and obtain the initial population, so that a variety of 
low-reasonability schemes may be formed before the iteration begins. Therefore, many iterations are 
required to obtain an optimization scheme. Not only does it reduce the computational efficiency of 
the algorithm, but it also tends to fall into local optimal solutions without a good scheduling scheme.  

However, the rule-based scheduling can only solve the scheduling problem of the current idle 
RGV, and it is impossible to predict the task assignment, so that it is difficult to obtain a better 
solution when dealing with the large-scale scheduling problem. In this paper, we use the rule-based 
adaptive genetic algorithm to improve the initial convergence of the initial population acquisition 
scheme to obtain high-quality initial population, thus improving the convergence performance of the 
algorithm. 

3.1 Rule-based Scheduling  
Rule-based scheduling is widely used in the existing scheduling system and it is an instant 

scheduling strategy. The biggest advantage of rule-based scheduling is that the algorithm has low 
complexity and can be applied to dynamic real-time scheduling and complex large-scale scheduling. 
When the RGV system and the task release system are integrated, the rule scheduling can be 
triggered by other systems when the new task is released or the RGV’s state changes.  
 Rule 1: The principle of proximity---When there are multiple CNC machines in the idle 

state, RGV selects the nearest CNC to complete the processing task. 
 Rule 2: Non-repetition principle ---The same CNC machine cannot process two materials 

in a row, that is, there are no continuous and repeated genes on the same chromosome. 

3.2 Adaptive Genetic Algorithm 
Since the RGV’s scheduling is an immediate problem, the fixed parameters are not conducive to 

the solution of its scheduling problem. The traditional genetic algorithm's crossover probability and 
mutation probability mostly rely on empirical value, and the choice of its parameters directly affects 
the global optimality and convergence of the algorithm.  

The adaptive genetic algorithm adopts adaptive genetic evolution parameter. When the 
individual's difference is large, it tries to narrow the gap, which not only allows the excellent 
individual to fully develop, but also gives the poor individual a certain chance of evolution; when the 
individual's difference is small, it maximizes the gap and can better promote the evolution of the 
population. 

4. Encoding and Generating the Initial Population 
We encode the CNC machine serial number by natural number coding to form a chromosome 

divided into L segments. Each chromosome corresponds to a scheduling scheme, and the serial 

number
( 1,2, , )ij ijg g n= 

on each chromosome corresponds to the CNC machine serial number for 
processing a certain material. Thus, we can get the length of the chromosome 
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 L n=                                    (4) 

As mentioned earlier, in the process of randomly generating chromosomes consisting of CNC 
machine serial numbers, we artificially intervene based on the above rules to produce the 
high-quality initial population.  

To obtain the optimal scheduling scheme, we determine the size of the population, that is, the 
number of chromosomes T  (0~100) as a variable rather than a fixed parameter. Finally, we get the 
CNC machine serial number matrix (the initial population) diagram shown in Figure 2. 

 
Figure 2. The CNC machine serial number matrix (the initial population) 

5. Fitness Function  
In the genetic algorithm, fitness refers to the ability of individual adaptation to the living 

environment. The higher the fitness is, the greater the chance of survival the individual will have. In 
this intelligent processing system, we measure the fitness in terms of the time that each scheduling 
scheme spends on processing the materials. The shorter the time for each scheduling scheme to 
process materials, the more likely it is to be selected. Therefore, the fitness of each scheduling 

scheme kS can be expressed by the opposite of the objective function value: 

 
1

( ) ( ) , 1, 2,
i i

n

k task task
i

eval S f t t k
=

= = − =∑                         (5) 

The sum of the fitness values of all scheduling schemes is 
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The probability that each scheduling scheme is replicated is 

 ( )k
k

eval SP
F

=                                 (7) 

The cumulative probability that each scheduling scheme is replicated is 

 
1

k

k k
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=∑                                  (8) 

As shown in Table 2, we obtain the fitness and probability of some scheduling schemes through 
the GA toolbox in MATLAB. 
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Table 2. The fitness and probability of some scheduling schemes 

Scheduling scheme Fitness value kP  kQ  
1 [1,3, 4,6,8,7,6, 4 ]S =   -28945 0.111180 0.262534 

2 [2,1,4,3,6,7,5,8, ]S =   -34508 0.165077 0.343224 
3 [3,5,6,7,5,4,3,1, ]S =   -34654 0.124330 0.433069 
4 [2,4,5,3, 2,7,8,6, ]S =   -23784 0.057643 0.576433 

6. Crossover  
Among the parameters of the genetic algorithm, the crossover and mutation operators directly 

affect the convergence speed of the algorithm and the ability to jump out of the local optimum. In 
traditional genetic algorithms, fixed crossover fraction and mutation are not conducive to 
convergence to global optimality. Thus, we use adaptive crossover probability and mutation 
probability that can improve this phenomenon. The adaptive crossover fraction crossP calculation 
formula is as follows: 

 
max

1
max

2

sin( ),
2

,

k
k avg

avgcross

k avg

f fk f f
f fP

k f f

π − × × > −= 
 ≤

                     (9) 

Where maxf is the maximum fitness value, avgf is the average fitness value and kf is the individual 
fitness value. 

In this paper, we apply the two-point crossover method, and the crossover point is randomly 
selected. 
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Figure 3. The schematic of crossover 

7. Mutation 
For the range of the genes to be mutated, we choose two kinds of mutations. When the number of 

tasks is large, if there are redundant tasks that are not involved in chromosome coding and the 
individual fitness value is less than the average fitness value, we adopt the external mutation; 
otherwise, we choose self-crossing mutation. 
 The external mutation: Replace the mutation position gene with a gene that does not exist in 

the original chromosome. 
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Figure 4. The schematic of the external mutation 
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Figure 5. The schematic of the self-crossing mutation 

 The self-crossing mutation: Randomly generate two mutation points to exchange genes at 
the mutation points. 

And the adaptive mutation probability is as follows: 
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                    (10) 

8. Conclusion 
To make the whole evolution process of genetic algorithm intuitive, we calculate the fitness value 

of various scheduling schemes through MATLAB and draw the following three-dimensional figure. 

 
Figure 6. The 3D figure of fitness value 

As we can see from the figure, there are many mountain peaks in the figure. Among them, the   
mountain peak is what we call the local optimal solution, and the peak of the mountain marked by 
the red dot is the global optimal solution. And we can find that the rule-based adaptive genetic 
algorithm can jump out of the local optimal solution. The target solution we need is a scheduling 
scheme corresponding to the vicinity of the red dot. Finally, we obtain the trend of the best 
individual fitness value and the average fitness value of the population during the evolution of the 
genetic algorithm. 

88



  

 

100 200 300

Fi
tn

es
s v

al
ue

0

1

2
3

400 500 600 700
Generation

254 296 345

The number of materials(n)

T
im

e(
se

co
nd

)

28800

0

A shift

1

2

3

 
Figure 7. The change trend of the fitness value     

                                  
Figure 8. The process of selecting the optimal 

solution 
The evolution of the population to about 680 generations has stopped because the optimal 

population does not evolve for a long time and the algorithm automatically stops running. At the 
same time, we select several individuals (○1,○2and○3) with high fitness value .Then, we calculate the 
processing time of the schemes corresponding to these individuals .What we find is that the 
processing time is less than the specified time. Thus, we continue to increase the number of materials, 
so that the processing time of these selected schemes approaches 8 hours. The scheduling scheme 
corresponding to curve○2  processes the maximum number of materials (345) in 8 hours. 
Consequently, the optimal scheduling scheme corresponding to this curve is
[ ]4,7,1,2,3,5,6,8,1,4,2,3,6, . 
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