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Abstract - With the development of China’s economy, various manufacturers have formed a supply 
inventory distribution network to meet more customer demands and improve production 
efficiency, and the dynamic scheduling of the network is particularly important. However, there are 
various uncertainties that can affect the stability of operation in the distribution network. In this 
study, in order to solve the dynamic scheduling problem in uncertain environment, the optimal 
solution of dynamic scheduling of supply inventory in uncertain environment was calculated based 
on the adaptive genetic algorithm, the validity of the genetic algorithm and adaptive genetic 
algorithm was compared and verified by numerical simulation experiment on Matlab, and the 
influencing factors of cost were analyzed. The results showed that: (1) the adaptive genetic 
algorithm was more efficient than genetic algorithm in solving the optimal solution of dynamic 
scheduling; (2) the cost of dynamic scheduling tended to decrease first and then increase with the 
increase of the maximum lead time of the manufacturers. 
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1. Introduction 
 
With the continuous development of economy, the 
market competition centering on customer demand 
becomes more and more intense. Enterprises need 
to reduce production time, reduce costs and improve 
the speed of feedback to the demands of users 
according to their own situations [4]. Therefore, the 
supply inventory distribution system came into 
being. The system is essentially a cooperative 
relationship between various suppliers and different 
enterprises. Thus, in order to maintain a stable and 
efficient system under this complex network, 
enterprises need to deeply understand partners, 
improve production quality and reduce production 
costs under the premise of understanding their own 
operation situation. In order to achieve the above 
objectives, dynamic scheduling, one of the 
management modes, was proposed and applied to 
deal with uncertainties in the system. Related 
reseaches are as follows. Li et al. [1] proposed the 
Hadoop logistics inventory dynamic load balance 
scheduling algorithm based on heartbeat feedback.  

The validity of this algorithm was verified 
through comparing the simulation experiments 
under two cloud computing environments of 

homogeneous cluster and heterogeneous cluster. 
Cheng et al. [2] designed an improved ant colony 
optimization to minimize total cost for production, 
inventory and distribution. The candidate list was 
generated by classification of jobs to reduce the 
running time. In order to avoid local optimum, the 
pheromone was updated with a rotation scheme.  

The performance of the algorithm was tested by 
experiments of 48 levels of instances, and the results 
showed the effectiveness of the proposed algorithm. 
Liu et al. [3] simplified the dynamic fuzzy flexible 
job-shop scheduling problem into a traditional static 
fuzzy flexible job-shop problem by adopting a series 
of transforming procedures. The distribution 
estimation algorithm was applied to solve problems, 
which provided an efficient and practical way to 
tackle the dynamic fuzzy flexible job-shop scheduling 
problem.  

In this study, the adaptive genetic algorithm was 
used to calculate the optimal solution of dynamic 
scheduling of supply inventory distribution in 
uncertain environment, and the validity of the 
genetic algorithm and adaptive genetic algorithm 
was compared and verified by numerical simulation 
experiment on Matlab, and the influencing factors of 
cost were analyzed.  
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2. Supply Inventory Distribution 
 
As shown in Figure 1, the entire supply inventory 
distribution model consists of four parts: supplier, 
manufacturer, wholesale market and customer [5].  

The produce required raw materials was 
provided by the suppliers, which are random normal 
distribution. Each supplier is independent from 
others. The wholesale markets inspect the inventory  

or place orders with the manufacturers according to 
the order requirements of customers; the 
manufacturers check the finished product 
warehouse after receiving orders, or purchase the 
raw materials from the suppliers.  

The circulation of each order information 
between the four parts is independent and uncertain, 
in which case the dynamic scheduling of inventory 
distribution is optimized. 

 

 
Figure 1: Supply inventory distribution model 

 
As shown in Figure 1, the entire supply inventory 
distribution model consists of four parts: supplier, 
manufacturer, wholesale market and customer [5]. 
The produce required raw materials was provided 
by the suppliers, which are random normal 
distribution. Each supplier is independent from 
others. The wholesale markets inspect the inventory 
or place orders with the manufacturers according to 
the order requirements of customers; the 
manufacturers check the finished product 
warehouse after receiving orders, or purchase the 
raw materials from the suppliers. The circulation of 
each order information between the four parts is 
independent and uncertain, in which case the 

dynamic scheduling of inventory distribution is 
optimized. 

As the mathematical model of the entire dynamic 
scheduling of supply inventory distribution is 
relatively complex, limited by the space, only the 
mathematical model of the manufacturer [6] is 
specified: 
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where  Li
imia  stands for the total production cost 

and time, L stands for the set of all orders, Mi stands 
for the set of all stages of the i-th order, Jij stands for 
the all possible manufacturers of  the i-th order in 
the stage j, ),( qpti  stands for the elements of p-row 

and q-column in processing matrix of the i-th order, 

ij  stands for the adjustment time of the i-th order 

from the previous stage to the j-th stage, ip  stands 

for the processing time required for the i-th order at 
the p manufacturer, and hijp stands for a 0-1 variable, 
it occupies resource will be recorded as 1, otherwise, 
it will be recorded as 0. aij stands for the time 
required for j processing stage, and xii’jj’p stands for 
the resources of p manufacturer that are shared 
between the i-th order in the j processing stage and 
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the i’-th order in the j’ processing stage. If the order 
is completed earlier, it will be recorded as 1, 
otherwise, it will be 0. 

The efficiency of solving the whole inventory 
distribution scheduling problem is not only related 
to the established mathematical model, but also 
related to the selected algorithm. The appropriate 
algorithm can solve the problem faster. In this study, 
adaptive genetic algorithm and genetic algorithm 
were chosen as the solution algorithm of the model. 
 

3. Adaptive Genetic Algorithm 
 
Genetic improvement algorithm is generally divided 
into chromosome coding, initial population 
generation, fitness value evaluation and population 
evolution strategy [8]. Chromosome coding mainly 
refers to the way that the smallest encoding 
character is used to reasonably represent the 
problem in the process of transforming data into 
genotype in genetic space, generally including binary 
encoding, integer encoding, etc. [9].  

In the generation of initial population, the initial 
population is generally composed of several 
randomly generated chromosomes, which are 
considered to be iterative by the initial solution of 
the genetic algorithm. In the evaluation of fitness 
value, each fitness function corresponds to the 
quality of each chromosome, and the calculation of 
fitness value is also divided into decoding 
chromosomes, calculating the objective function 
value and transforming fitness [10]. Population 
evolution strategy is divided into selection, 
crossover and mutation. In traditional genetic 
algorithm [14], when the optimal solution is 
calculated, the initial chromosomes used for 
calculation are randomly generated, which leads to 
the slow convergence speed in calculation. The 
adaptive genetic algorithm in this study adaptively 
adjusted the crossover rate and mutation rate of 
individuals to make the initial population closer to 
the optimal solution. The improved adaptive 
crossover rate [11] and mutation rate [7] are: 
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where α stands for the crossover rate, β stands for 
the mutation rate, G stands for the fitness function 
value of chromosome, Gmin stands for the minimum 
fitness function value in contemporary population, 

Gmax stands for the maximum fitness function value 
in contemporary population, Gavg stands for the 
average value of all fitness functions in 
contemporary population, G’ stands for the larger 
fitness function value of two chromosomes in the 
crossover operation, and n1, n2, n3, n4, n5, and n6 are 
all in (0,1), and n1 > n2 > n3, n4 > n5 > n6.  
For the dynamic scheduling in this study, the 
following settings are made. 
 

3.1 Chromosome coding  
 
In this study, there are 6 decision variables in the 

dynamic scheduling problem of supply inventory 
distribution, 5 with or without variables, and 1 non-
negative variables. Therefore, matrix coding [12] 
was used, and 1 solution was composed of 6 gene 
segments. A matrix was set up for the quantity and 
distribution way from the last to the next, and the 
quantity and distribution way from the last to the 
next were mutually corresponding.    

 

3.2 Initial population generation 
 
According to the objective function and 

conditional equation in the mathematical model, 30 
initial solutions were randomly generated, and the 
unqualified solutions were modified to make all the 
initial solutions conform to the constraint conditions. 

      

3.3 Fitness value evaluation 
 
In this study, ranking function in the tool box of 

Matlab [13] was adopted as the evaluation fitness 
function of individuals, so as to avoid the problem of 
low selection probability caused by excessive 
penalty value of some individuals.   

 

3.4 Genetic manipulation 
 
In this study, the combination of roulette and 

elite selection was used as selection operator [15], 
and the crossover operator of matrix column 
crossing and mutation operator of matrix row 
crossing were used to correct the relationship 
between individual fragments. When iterations times 
of the algorithm reached 500 generations, the 
operation will be terminated regardless of whether 
the optimal solution was found.    

4. Simulation Example 

4.1 Experimental environment 

In this study, Matlab simulation platform was 

used to write algorithm model, and the experiments 

were carried out on a laboratory server, which was 

equipped with Windows7 system, I7 processor, and 

16G memory.   
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4.2 Basic parameters of examples 

Table 1: Basic parameters of examples 
Basic parameters Value range 

Average customer demand 
(unit / month) 

[12, 24] 

Standard deviation of customer 
demand (unit / month) 

[3, 7] 

Fixed operating cost of the 
wholesale market (yuan / 
month) 

[450, 600] 

Inventory cost of the wholesale 
market (yuan / unit/ month) 

[31, 33] 

Inventory capacity of the 
wholesale market (unit) 

[110, 170] 

Order cost of the wholesale 
market (yuan / unit) 

[150, 160] 

Lead time for transportation 
between the wholesale market 
and the manufacturer (month / 
times) 

[1, 5] 

Transportation cost from the 
supplier to the manufacturer 
(yuan/unit) 

[40, 120] 

Transportation cost from the 
manufacturer to the wholesale 
market (yuan / unit) 

[15, 45] 

Transportation cost from the 
wholesale market to customers 
(yuan / unit) 

[5, 15] 

Supply of the supplier (unit) [61, 76] 

Procurement cost of the 
manufacturer at the supplier 
(yuan / unit) 

[350, 500] 

Fixed operating cost of the 
manufacturer (yuan / month) 

[6000, 8000] 

Inventory cost of the 
manufacturer (yuan / unit / 
month) 

[250, 350] 

Inventory service level 0.9 

Under the condition of 
standard normal distribution, 
the inventory level meets the 
required safety stock value 

1.6 

Maximum lead time of the 
manufacturer (month / times) 

[6, 8] 

Production cost (yuan / unit) [80, 130] 

Productive capacity (unit) [125, 140] 

Order cost of the manufacturer 
(yuan / times) 

[1200, 1600] 

Lead time for transportation 
between the manufacturer and 
the supplier (month / times) 

[4, 9] 

 

In this study, five sets of examples of different scales 
were tested. The basic parameters of the five sets of 
examples are shown in Table 1, and the scale 
parameters are shown in Table 2. 
 

4.3 Example scale and algorithm 
parameters setting 

Table 2: Example scale and algorithm 
parameters 

No. Example 
scale 

Algorithm Crossover 
rate α 

Mutation 
rate β 

1 5-4-6-
15 

Genetic 
algorithm 

0.8 0.1 

Adaptive 
genetic 
algorithm 

In 
formula 
(9): 
n1=0.9, 
n2=0.8, 
n3=0.7 

In 
formula 
(10): 
n4=0.1, 
n5=0.08, 
n6=0.06 

2 5-4-6-
20 

Genetic 
algorithm 

0.8 0.1 

Adaptive 
genetic 
algorithm 

In 
formula 
(9): 
n1=0.9, 
n2=0.8, 
n3=0.7 

In 
formula 
(10): 
n4=0.1, 
n5=0.08, 
n6=0.06 

3 5-4-15-
20 

Genetic 
algorithm 

0.8 0.1 

Adaptive 
genetic 
algorithm 

In 
formula 
(9): 
n1=0.9, 
n2=0.8, 
n3=0.7 

In 
formula 
(10): 
n4=0.1, 
n5=0.08, 
n6=0.06 

4 5-15-
15-20 

Genetic 
algorithm 

0.8 0.1 

Adaptive 
genetic 
algorithm 

In 
formula 
(9): 
n1=0.9, 
n2=0.8, 
n3=0.7 

In 
formula 
(10): 
n4=0.1, 
n5=0.08, 
n6=0.06 

5 15-4-6-
20 

Genetic 
algorithm 

0.8 0.1 

Adaptive 
genetic 
algorithm 

In 
formula 
(9): 
n1=0.9, 
n2=0.8, 
n3=0.7 

In 
formula 
(10): 
n4=0.1, 
n5=0.08, 
n6=0.06 

 
The scale of the five examples is shown in Table 2. In 
this study, genetic algorithm and adaptive genetic 
algorithm were adopted to calculate the objective 
function, so as to make comparison. The crossover 
rate and mutation rate of the two algorithms are 
shown in Table 2.  
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Each set of example was tested for 30 times, the 
corresponding objective function value and running 
time were recorded, the optimal and the worst 
objective function values were selected, and the 
corresponding average objective function values and 
the average running time of the 30 sets of solutions 
were calculated. 
 

Then, the best example was selected, and the 
maximum lead time of the manufacturer in this 
example was taken as benchmark 1. The maximum 
lead time of the manufacturer was adjusted, and the 
adjustment multiple was 0.7-1.7. Each set of data 
was calculated 30 times, and the average value was 
calculated.     

4.4 Simulation results 
The comparison of two algorithms 

 

 
Figure 2: The corresponding objective function value of the optimal solution of the two algorithms with different 

example scales 
 

The comparison of the corresponding objective 
function value of the optimal solution with five 
different example scales is shown in Figure 2.  

We can find that the corresponding objective 
function value of the optimal solution of the adaptive 
genetic algorithm was lower than that of the genetic 
algorithm in any example, which meant that the total 

cost of the optimal solution of the dynamic 
scheduling problem obtained by the adaptive genetic 
algorithm was lower than that obtained by the 
genetic algorithm.  

The corresponding objective function value of the 
optimal solution of the two algorithms was the 
lowest when the example scale was 5-4-6-15.    
 

 
Figure 3: The corresponding objective function value of the worst solution with different example scales 

 
The comparison of the corresponding objective 

function value of the worst solution with five 

different example scales is shown in Figure 3. We can 

find that the corresponding objective function value 

of the worst solution of the adaptive genetic 

algorithm was lower than that of the genetic 

algorithm in any example, which meant that the total 

cost of the worst solution of the dynamic scheduling 

problem obtained by the adaptive genetic algorithm 

was lower than that obtained by the genetic 

algorithm. The corresponding objective function 

value of the worst solution of the two algorithms was 

the lowest when the example scale was 5-4-6-15.   
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Figure 4: The corresponding average objective function value of 30 sets of solutions with different example scales 

The comparison of the corresponding average 
objective function value of 30 sets of solutions with 
five example scales is shown in Figure 4.  

We can find that the average objective function 
value of the adaptive genetic algorithm was lower 
than that of the genetic algorithm in any example, 
which meant that the average total cost of the 

dynamic scheduling problem obtained by the 
adaptive genetic algorithm was lower than that 
obtained by the genetic algorithm.  

The average objective function value of the two 
algorithms was the lowest when the example scale 
was 5-4-6-15.    
 

 

 
Figure 5: Average running time of 30 sets of solutions with different example scales 

 
Average running time of 30 sets of solutions with 
five example scales is shown in Figure 5, we can find 
that the average running time of the adaptive genetic 
algorithm was slightly longer than that of the genetic 
algorithm in any example. The running time of two 
algorithms was shortest when the example scale was 
5-4-6-15. 

In conclusion, the optimal solution, the worst 
solution and the average objective function value 
obtained by the adaptive genetic algorithm were 
smaller than those obtained by the genetic 
algorithm, indicating that the adaptive genetic 
algorithm has a stronger capability of searching 
optimal solution than the genetic algorithm. 
However, the solving running time of the adaptive 
genetic algorithm was slightly longer, and the 
difference was not significant. After comprehensive 
consideration, the adaptive genetic algorithm was 
more excellent.  

Cost variation law of dynamic scheduling of 
inventory distribution 
 

 

Figure 6: The cost of dynamic scheduling of inventory 
distribution under the maximum lead time of 

 different manufacturers 
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From the above, it can be seen that the result of 
the example 1 was the best, and the maximum lead 
time of the manufacturer was adjusted based on the 
example 1, and the final result is shown in Figure 6. 
It can be seen from the Figure 6 that the multiple of 
lead time was in the range of 0.7-1.1, and the average 
objective function value of the dynamic scheduling, 
i.e., the cost, decreased as the lead time increased. 
When the maximum lead time is reduced, the order 
becomes urgent, and the manufacturer will increase 
the cost of purchasing, transportation and 
production to complete the order, which ultimately 
leads to an increase in the total cost. 

The multiple of the lead time was in the range of 
1.1-1.7, the cost of dynamic scheduling increased as 
the lead time increased. The reason is that the 
manufacturer will produce more and store them and 
meet the customer requirements in time when the 
order is not urgent, but a large amount of storage 
will increase the inventory cost, which will 
eventually lead to an increase in the total cost. When 
the multiple was 1.1, the total cost of dynamic 
scheduling was the smallest. 

Therefore, operators of dynamic scheduling of 
inventory distribution need to determine the best 
maximum lead time to reduce the operating cost of 
the entire dynamic scheduling. 
 

5. Conclusion 
 

In this study, the adaptive genetic algorithm was 

used to calculate the optimal solution of dynamic 

dispatching of supply inventory in uncertain 

environment. The effectiveness of genetic algorithm 

and adaptive genetic algorithm was verified by 

numerical simulation experiments on Matlab.  

Finally, the following conclusions are drawn: 

(1) The optimal solution, the worst solution and 

the average objective function value obtained by the 

adaptive genetic algorithm were smaller than those 

obtained by the genetic algorithm, indicating that the 

adaptive genetic algorithm has a stronger capability 

of searching optimal solution than the genetic 

algorithm. However, the solving running time of the 

adaptive genetic algorithm was slightly longer, and 

the difference was not significant. After 

comprehensive consideration, the adaptive genetic 

algorithm was more suitable for the dynamic 

scheduling problem of this study. 

(2) The total cost of dynamic scheduling was 

related to the maximum lead time of the 

manufacturer. It tended to decrease first and then 

increase with the increase of the maximum lead 

time. Determining the best maximum lead time is 

conducive to reduce the total cost of dynamic 

scheduling. 
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