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Abstract: In automated container terminals, the efficiency of AGV horizontal 

transportation operations is an important indicator for evaluating overall operational 

efficiency. Due to the high dynamics, complexity and uncertainty of the container 

terminal environment, the scheduling of AGV has dynamic characteristics. In response 

to this problem, an AGV dynamic scheduling method based on adaptive deep 

reinforcement learning is proposed, which aims to minimize the total waiting time of 

the quay crane and the total travel of the AGV. First, define the dynamic scheduling 

problem of the automated container terminal AGV as a Markov Decision Process (MDP), 

analyze the system's state information, action rules, and reward functions in detail, 

and realize the decoupling of the model and the AGV dynamic scheduling problem; On 

this basis, a competitive Q network with weighted priority and stratified sampling is 

proposed, and the action value function under different state information is 

generalized and approximated by value approximation to optimize the scheduling 

strategy, and realize the AGV dynamic scheduling problem under the mixed action rule. 

Finally, according to the characteristic parameters of realistic automated container 

terminals, different scale arithmetic cases are designed, and the effects of the 

distribution mode of the container tasks in the block location, the scale of container 

tasks and the scale of AGVs on the total waiting time of the quay crane and the total 

travel of AGV are investigated by combining simulation experiments and numerical 

experiments. The experimental results show that the obtained results are all better 

than those obtained by single scheduling rules and reinforcement learning algorithms 

such as DQN and DDQN to solve the problem, which verifies the reliability and 

effectiveness of the algorithm. 

 

Keywords: Automated container terminal; AGV dynamic scheduling; stratified 

sampling; deep reinforcement learning; Weight first. 
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1. Introduction 

With the continuous and steady growth of Global trade volume, automated container 

terminal (ACT), as an intermediate hub of international cargo transshipment, 

undertakes the transshipment of a large number of import and export trade goods. 

Its efficiency has a direct impact on the economy of the automated terminal. Act 

operation mainly includes three parts: horizontal transportation operation between the 

coast and the storage yard, operation in the storage yard and gate inlet and outlet 

operation. Among them, the efficiency of horizontal transportation operation is one of 

the important evaluation indexes of the overall efficiency of act. As the key equipment 

of horizontal transportation operation, the efficiency of AGV (automated guide vehicle) 

directly affects the efficiency of horizontal transportation operation, and then affects 

the overall operation efficiency of act. From the perspective of logistics, act is a multi-

level logistics operation process. The mutual coupling of operation processes and 

decision-making between AGV and other equipment make the scheduling of AGV in 

container terminal dynamic and complex. How to build a fast and effective AGV 

adaptive scheduling method and improve the overall operation efficiency of act is an 

important issue in port logistics research. 

The essence of adaptive scheduling is to select the most appropriate scheduling rules 

according to the optimization objectives and system state in the production 

environment to ensure the optimal or suboptimal scheduling performance, so as to 

deal with the possible emergencies in the working environment. A scheduling strategy 

for dynamic decision-making according to different states of the system is proposed, 

and an adaptive scheduling method is designed based on this strategy [1]. The 

rescheduling strategy of AGV task allocation is studied. Based on the multi-objective 

cost function, the branch, bound and approximate algorithm with column generation 

is used to solve the rescheduling strategy of newly arrived tasks and the rescheduling 

combination strategy of unexecuted tasks. Finally, the long-term performance of the 

strategy is evaluated [2]. A dynamic scheduling and path planning method for 

generating AGV collision free trajectory in act is proposed. The hierarchical control 

structure is adopted to combine human-computer interactive scheduling and 

automatic guided vehicle trajectory planning, and minimize the completion time of the 

whole container handling system [3]. 

In recent years, the method based on machine learning has attracted much attention. 

The application of machine learning algorithm to AGV dynamic scheduling problem 

has become a research hotspot of combinatorial optimization problem. For the job 

shop dynamic scheduling problem, under the constraints of job random arrival and 

machine failure, reinforcement learning is used to solve the job shop dynamic 

scheduling problem [4]. With the increase of environmental complexity, traditional 
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reinforcement learning (RL), such as Q-learning and sarsa, stores all possible states 

and corresponding actions in tabular form. When the state space becomes more 

complex, it evolves into a high-dimensional data problem, and the computational 

performance and solution accuracy of the algorithm will be greatly reduced. A hybrid 

rule AGV real-time scheduling method based on adaptive deep reinforcement learning 

(DRL) is proposed to solve the dynamics and uncertainty in material handling in flexible 

workshop. The results show that the method is feasible and effective [5]. More and 

more scholars pay attention to the field of DRL, and apply DRL to electric vehicle 

charging scheduling, active vision target detection and stock prediction, which have 

proved the superiority and effectiveness of DRL in solving sequence decision-making 

problems. 

From the above literature analysis, the current optimization methods of port AGV 

dynamic scheduling mainly focus on periodic static scheduling or rescheduling. It is 

determined that the environment in the cycle or rescheduling stage is stable, and the 

dynamics of AGV scheduling is not fully considered; The research of AGV dynamic 

scheduling problem in a few terminals is combined with machine learning algorithm. 

The performance and learning efficiency of the algorithm limit the scale of the problem. 

In order to realize an efficient adaptive scheduling, based on the framework of 

competing deep q-networking (dueling dqn) [6], combined with the weight priority 

layered sampling mechanism, this paper proposes the weight first structured sampling 

duel dqn (wsddqn) framework to solve the dynamic scheduling problem of AGV. 

 

2. Problem description 

This paper studies the dynamic scheduling problem of AGV in loading and unloading 

mode. The key of the problem is to determine the task allocation of AGV under 

dynamic conditions. The schematic diagram of wharf layout is shown in Figure 1. The 

site area consists of horizontal transportation area, 5 shore bridges and 6 storage yard 

operation areas. Each operation area is equipped with AGV waiting area. The AGV in 

the waiting area can accept scheduling tasks. AGV travels in one direction between 

shore bridges and storage yards. In order to improve the operation efficiency of loop 

type, two-way auxiliary routes are set between shore bridges and storage yards to 

reduce the probability of congestion. In order to facilitate the description of dynamic 

scheduling, the candidate task is defined as: if a container needs to be unloaded or 

loaded by the shore bridge at the current stage of the task, but no AGV is assigned 

for execution. Once the AGV receives the transportation request, its operation cycle 

starts from the waiting area where the AGV is located and ends at the destination of 

the candidate task. Taking ship unloading as an example, the operation cycle of AGV 

performing ship unloading task can be described as follows: first, obtain the status 
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information of the current system, process the obtained status information when 

storing the import box candidate task, and specify appropriate scheduling rules for 

AGV in the waiting area according to the optimal strategy; Secondly, AGV obtains the 

information of the import box task to be executed according to the specified scheduling 

rules (including the location of the shore bridge where the task is located, the target 

location of the task, etc.); Then, the AGV drives from the waiting area to the starting 

point of the import container task, that is, the shore bridge where the import container 

task is located, and waits for the safe unloading of the container to the AGV; Finally, 

the AGV transports the container task to the destination, the task is unloaded to the 

buffer area of the destination yard, and the AGV stops in the waiting area of the yard. 

At this time, a ship unloading task operation cycle has been completed. The loading 

operation is similar to the unloading operation, but the operation process is opposite 

to the unloading operation. 

AGV水平运输
区域

堆场区域

堆场缓冲区

Horizontal 

transportation area

Yard buffer zone

Yard

 

Fig.1 Layout of automat container terminal 

 

3. Model building 

3.1 Symbol description 

(1) Sets 
𝑄 Shore bridge assembly,𝑘 ∈ 𝑄. 
𝐵 Collection of storage yard and container area,𝑏 ∈ 𝐵. 
𝑁 Collection of all containers. 
𝑁𝑘 Container task sequence set of quayside bridge. 
𝑉 AGV set; 

(2) Model parameters and variables. 
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ℎ𝑖
𝑘 The time when the gantry trolley of the shore bridge starts unloading 

the container from the AGV or the time when the gantry trolley of the 
shore bridge starts loading the container onto the AGV. 

𝑒𝑖
𝑘 The time when the gantry trolley of the shore bridge ends the task of 

unloading the container from the AGV or the time when the gantry 
trolley of the shore bridge ends the task of loading the container onto 
the AGV. 

𝑤𝑖
𝑘 The waiting time of the quay bridge when the quay bridge performs the 

container task. 
𝑢𝑣𝑖𝑡

𝑘  Empty travel of idle AGV performing container task of shore bridge. 

𝑙𝑣𝑖𝑡
𝑘  Load stroke of idle AGV performing container task of shore bridge. 

𝑝𝑡
𝑘 The proportion of remaining tasks in the task sequence of shore bridge 

in the total remaining tasks in the stage. 
𝑟𝑒𝑡

𝑘 The number of remaining tasks in the task sequence of the shore bridge 
in the stage. 

𝑎𝑣𝑡
𝑘 Average waiting time of shore bridge in stage. 

𝑐𝑡
𝑘 Number of AGVs performing tasks in the shore bridge task sequence in 

the stage. 
𝑚𝑡

𝑘 The proportion of the number of AGVs performing tasks in the shore 
bridge task sequence in the total number of AGVs in the stage. 

 

3.2 Design of AGV adaptive dynamic scheduling model 

In the process of AGV horizontal operation, according to the terminal operation 

environment and the state information of the system, priority tasks are dynamically 

assigned to AGV from the prepared tasks. This process is essentially a decision-making 

process of sequential execution, which does not need to master all the information in 

the whole scheduling process. It is an optimal method to pursue long-term scheduling 

objectives based on short-term information. Reinforcement learning is used to solve 

the problem of learning from environmental interaction and realizing the long-term 

goal of AGV scheduling optimization. Generally, reinforcement learning realizes AGV 

dynamic scheduling. The problem is mathematically formalized as Markov decision 

processes (MDPs). MDPs are expressed in the form of 𝜖 = (𝜏, 𝑆, 𝐴, 𝑃, 𝑅, 𝜋)group. In the 

system environment 𝜖 tuple, 𝜏 = {1,2, … , 𝑡} is the decision stage, the state space set 𝑆 of 

all system state information that may appear in the AGV scheduling process. 𝐴 is the 

action set, that is, all actions that may be executed, 𝑃 is the probability of transition 

from one state to another after taking an action, the strategy 𝜋  represents the 

distribution function mapped from the state space to the action space. It is a reward 

function, which is used to evaluate the quality of performing an action according to 

the strategy. The key of applying reinforcement learning to solve AGV adaptive 

dynamic scheduling problem is to transform the scheduling problem into Markov 

decision problem, that is, define state, behavior and reward function. 
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3.2.1 State expression 

State operation is a variable representing the system environment and the key to 

decision-making. It should not only reflect the physical state of the system, but also 

reflect the changes of the system in time. The status information of the system shall 

take into account the joint status of AGV, shore bridge candidate task information, 

shore bridge operation information, etc. the status information of the system at the 

stage can be expressed by matrix 𝑠𝑡 = [𝑈𝑣𝑡
𝑇 , 𝐿𝑣𝑡

𝑇 𝑃𝑡
𝑇 , 𝐴𝑉𝑡

𝑇, 𝐸𝑡
𝑇]. 

Vector 𝑈𝑣𝑡
𝑇 = [𝑢𝑣𝑖𝑡

1 , … , 𝑢𝑣𝑖𝑡
𝑘 ] and vector𝐿𝑣𝑡

𝑇 = [𝑙𝑣𝑖𝑡
1 , … , 𝑙𝑣𝑖𝑡

𝑘 ] reflect the no-load travel and 

load travel information of idle AGVs performing candidate tasks. 𝑢𝑣𝑖𝑡
1  and 𝑙𝑣𝑖𝑡

1  are 

determined by the location of AGVs, the location of shore bridges and the location of 

container areas corresponding to container tasks. Specific values can be obtained by 

querying the geographic location information table of ACT. 

Vector 𝑃𝑡 = [𝑝𝑡
1, … , 𝑝𝑡

𝑘 ] is the remaining task information in the stage task sequence, 

which is defined as follows. 

𝑝𝑡
𝑘 =

𝑟𝑒𝑡
𝑘

∑ 𝑟𝑒𝑡
𝑙

𝑙∈𝑄

  ∀𝑘 ∈ 𝑄  (1) 

The vector 𝐴𝑉𝑡 = [𝑎𝑣𝑡
1, … , 𝑎𝑣𝑡

𝑘] reflects the average waiting time information of each 

bank bridge, and the specific definition of 𝑎𝑣𝑡
𝑘 formula (2). 

𝑎𝑣𝑡
𝑘 =

1

𝑁𝑘 − 𝑟𝑒𝑡
𝑘 ∑ 𝑤𝑖

𝑘

𝑁𝑘 −𝑟𝑒𝑡
𝑘

𝑖=1

  ∀𝑘 ∈ 𝑄  (2) 

The vector 𝐸𝑡 = [𝑚𝑡
1, … ,𝑡

𝑘 ] reflects the congestion degree information at the shore 

bridge. For example, the larger the number of AGVs at the shore bridge 𝑘 , the greater 

the possibility of causing congestion. The definition of 𝑚𝑡
𝑘 is as shown in formula (3). 

𝑚𝑡
𝑘 =

𝑐𝑡
𝑘

|𝑉|
  ∀𝑘 ∈ 𝑄  (3) 

3.2.2 AGV dispatching action 

Action represents the behavior of AGV executing tasks in the process of AGV dynamic 

scheduling. Under different scheduling rules, the container tasks performed by idle 

AGVs are different. Therefore, the action set can be described as common scheduling 

rules. For act, the following AGV scheduling rules are defined: 

 

Minimum transportation distance strategy (MTDS): give priority to the candidate tasks 

with the shortest total travel to the idle AGV. 

Minimum waiting time strategy (mwts): the candidate tasks corresponding to the 

shore bridge with the smallest waiting time will be preferentially assigned to the idle 

AGV for execution. 

Queue maximum policy (QMP): give priority to scheduling AGV to the shore bridge 

with the most tasks in the container task sequence. 
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Minimum unload travel strategy (MutS): give priority to the candidate tasks with the 

shortest unload travel to the idle AGV. 

Random task operation strategy (RTs): randomly select a shore bridge candidate task 

for AGV scheduling among all operation shore bridges. 

Based on the above scheduling rules, the action space of AGV scheduling decision 

center can be defined as:𝐴 = {𝑀𝑇𝐷𝑆 = 0, 𝑀𝑊𝑇𝑆 = 1, 𝑄𝑀𝑃 = 2, 𝑀𝑈𝑇𝑆 = 3, 𝑅𝑇𝑆 = 4}. 

3.2.3 Reward function 

The definition of reward function is closely related to the optimization goal. The reward 

makes the optimization goal concrete and numerical, reflects the immediate effect of 

actions performed in different states, and is conducive to action evaluation and 

strategy optimization. The design of reward function will focus on two indicators. 

𝑚𝑖𝑛 ∑ ∑ 𝑤𝑖
𝑘 + ∑ ∑ ∑(𝑢𝑣𝑖

𝑘 + 𝑙𝑣𝑖
𝑘 )

𝑁𝑘

𝑖

𝑄

𝑘

𝑉

𝑣

𝑁𝑘

𝑖

𝑄

𝑘

 (4) 

𝑤𝑖
𝑘 = ℎ𝑖

𝑘 − 𝑒𝑖−1
𝑘  (5) 

𝑟𝑖𝑤
𝑘 = max {−𝛼1𝑤𝑖

𝑘 + 1, −1} (6) 

𝑟𝑖𝑑
𝑘 = max {−𝛼2(𝑢𝑣𝑡

𝑘 + 𝑙𝑣𝑡
𝑘 ) + 1, −1} (7) 

𝑟𝑖
𝑘 = 𝑟𝑖𝑤

𝑘 + 𝑟𝑖𝑑
𝑘  (8) 

Equation (4) is the optimization objective to minimize the shortest waiting time of the 

shore bridge and the total no-load travel of the AGV. Equation (5) is the waiting time 

for performing the task 𝑖 of yard 𝑘, that is, the difference between the time when the 

shore bridge gantry trolley starts unloading or loading and the time when the shore 

bridge gantry trolley ends unloading or loading the previous task. Equation (6) defines 

the waiting penalty function for executing the yard 𝑘 task 𝑖, and the parameters 𝛼1 are 

used to adjust the importance of the shore bridge delay duration pair. The penalty 

function showed as equation (7) is used to define the total stroke when the task 𝑖 is 

executed, The parameter 𝛼2 is used to adjust the importance of the total travel of AGV. 

All designs of 𝑟𝑖𝑤
𝑘 , 𝑟𝑖𝑑

𝑘  ensure that the value of reward is in the range of [- 1,1].All designs 

ensure that the value of reward is in the range of [- 1,1]. Equation (8) defines the 

final reward function as the sum of waiting penalty and total travel penalty. 

3.2.4 Optimal strategy 
The policy 𝜋 is a distribution function that maps the state space 𝑆 to the action space 

𝐴, and the phase input state 𝑠 can get the probability of different action 𝑎. According 

to formula (9), based on the policy 𝜋 and starting from the state 𝑠, select the expected 

cumulative discount return of the scheduling rule 𝑎 , that is, the action value 

function𝑄𝜋(𝑠, 𝑎). 

The basic idea of reinforcement learning is to learn an optimal policy 𝜋∗ to maximize 

the action value function value through iterative updating of Behrman equation. The 

action value function in the optimal state obeys formula (10) Behrman optimal 
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equation. 

𝑄𝜋(𝑠, 𝑎) = 𝐸𝜋[𝐺|𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎] = 𝐸𝜋[∑ 𝛾𝑘𝑟𝑡+𝑘+1|𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎]

∞

𝑘=0

 (9) 

𝑄𝜋∗
(𝑠, 𝑎) = max𝜋

∗  𝐸𝜋[ ∑ 𝛾𝑘𝑟𝑡+𝑘+1|𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎]

∞

𝑘=0

= max
𝜋

𝑄(𝑠, 𝑎) (10) 

 

4. Dueling DQN algorithm based on weight priority stratified sampling 

Dueling DQN algorithm based on weight priority stratified sampling 

In the process of algorithm training, the state transition information of adjacent stages 

is stored in the experience pool. The reference of the experience pool can reuse the 

transition sequence samples 𝑃𝑗 = (𝑠𝑗 , 𝑎𝑗, 𝑟𝑗 , 𝑠𝑗+1), reduce the correlation in the samples 

and improve the stability of DRL algorithm training. However, the random sampling 

from the experience pool leads to the low learning efficiency of DRL algorithm. In a 

complex real act environment, there are uncertainties in the arrival time of ships, 

changes in ship berthing positions and other plans, resulting in differences in the 

distribution of container task sequence data assigned to each shore bridge, which may 

lead to large sampling variance in the process of algorithm training and affect the 

value of Q function. Aiming at the problems of slow convergence and large sampling 

variance in algorithm training, this paper designs a hierarchical sampling mechanism 

with weight first cache. 

In the same state 𝑠, due to the size difference between the value 𝑉(𝑠) and the action 

value 𝑄(𝑠, 𝑎) under different actions, Wang et al. introduced the advantage function 

𝐴(𝑠, 𝑎) according to the value difference[7], as shown in formula (11), and proposed 

the duel dqn deep reinforcement learning algorithm framework. In practical 

application, in order to make the value 𝐴(𝑠, 𝑎) closer to the real data, it was limited by 

formula (12). 

𝐴(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) − 𝑉(𝑠) (11) 

𝐴(𝑠, 𝑎) = 𝐴(𝑠, 𝑎) −
1

|𝐴|
∑ 𝐴(𝑠, 𝑎′)

𝐴

𝑎′∈𝐴

 (12) 

DRL algorithm uses the nonlinear approximate expression ability of neural network to 

estimate the action value function 𝑄(𝑠, 𝑎; 𝜃, 𝜔) → 𝑄∗(𝑠, 𝑎) by value approximation, 𝜃, 𝜔 are 

the parameters of neural network. In this paper, Duel DQN algorithm framework is 

used to realize the AGV dynamic scheduling problem. Two fully connected neural 

networks with the same main structure are designed, which are Q estimation network 

and Q target network respectively. Its output consists of and two parts of 𝑉(𝑠) and 

𝑄(𝑠, 𝑎), and the parameters of the network are recorded as and respectively. The main 

structure of the network is shown in Table 1. To estimate the optimal action value 
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function 𝑄(𝑠, 𝑎)by nonlinear approximation, the parameters of the neural network need 

to be updated iteratively to reduce the estimation error between the network and the 

optimal action value function. The main steps of algorithm training are as follows: 

Initialization: yard set𝑄 , container area set 𝐵 , AGV set 𝑉 , yard 𝑘  container task 

sequence 𝑁𝑘 , total number of tasks 𝑁 = ∑ 𝑁𝑘𝑘∈𝑄 ; Neural network parameters 𝜃, 𝜔 ; 

Parameters required by the algorithm 𝛼, 𝛽, 𝛼1, 𝛼2, 𝛾etc. Set the training back, and all the 

tasks in the container task sequence are executed and completed as one round. 

In step 1, when episode >M, the algorithm terminates; Otherwise, go to step 2. 

In step 2,when N= None go to step 1; Otherwise, if there is an idle AGV, go to step 

3. 

Step 3: obtain the current state vector 𝑠𝑡 of the system; 

Step 4: randomly select the action with probability 𝜖, otherwise, select the action 𝑎𝑡 =

𝑎𝑟𝑔𝑚𝑎𝑥𝑎(𝑄(𝑠𝑡, 𝑎; 𝜃, 𝜔) in state estimation 𝑄(𝑠𝑡 , 𝑎; 𝜃, 𝜔) according to Q estimation network; 

Step 5: execute the action 𝑎, that is, select the scheduling rule, and the idle AGV 

executes the corresponding container task according to the scheduling rule. After the 

task execution is completed, the observation environment gets a new state 𝑠𝑡+1 and 

reward 𝑟𝑡; 

Step6: Calculate the difference error 𝛿𝑡 of the transfer sequence, and store the transfer 

sequence and sampling probability in the experience pool according to the layered 

principle according to the weight 𝑊(𝛿𝑡 , 𝑟𝑡) of the transfer sequence and the sampling 

probability 𝑝
𝑡
 of the transfer sequence; 

Step7: Extracts the transfer sequence 𝑝
𝑒

= (𝑠𝑡, 𝑎𝑡, 𝑟𝑡 , 𝑠𝑡+1) with high sampling probability 

from the hierarchical experience pool in the way of proportional distribution; 

Step 8: calculate the estimated network estimation value 𝑄(𝑠𝑗, 𝑎𝑗, 𝜃, 𝜔) and the target 

network estimation max
𝑎

𝑄(𝑠𝑡, 𝜃′, 𝜔′); 

Step 9: update the parameters𝜃, 𝜔 of the network using the loss function random 

gradient descent algorithm; After each step, replace the target network 

parameters 𝜃 ′, 𝜔′ with the estimated network parameters, and go to step 2; 

At the end of step 10, output the strategy 𝜋, that is, the parameters of the neural 
network 𝜃, 𝜔; 

In step 11, the output strategy 𝜋 is used to solve the job sequence of AGV in the 

dynamic scheduling process of AGV. 

Tab.1 The main structure of the neural network 

layers 
Number of 

neurons 

Activation 

function 
Description 

Input layer 25 None 
Status information input of 

𝑆𝑡 = 𝑠 
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Hidden layer 

1 
64 Relu 

Nonlinear processing of state 

information 

Hidden layer 

2 
32 Relu 

Nonlinear processing of state 

information 

Output layer 

1 
1 None 

The value of the output value 

function 

Output layer 

2 
5 Softmax 

Output the value of the 

dominance function 

 

5. Numerical analysis 

5.1 Experimental setup 

(1) As shown in Figure 1, the act layout consists of five quayside bridges (numbered 

1-5) and six container areas (numbered 6-11). A series of container task sequences 

are randomly generated. Each task includes several key attributes, including the 

location of the container task on the ship (task ID), task type, task starting place, task 

destination and task load travel. The data examples of container task are shown in 

Table 2. 

(2) In the experiment, the speed of AGV load and no-load is different, no-load speed 

5m/s, load speed 4m/s. 

(3) The processing time of loading container to AGV or unloading container from AGV 

by quayside gantry trolley is obtained by simulating the real environment by simulation 

software, and the time of container operation by automatic rail crane in front of the 

yard is subject to uniform distribution 𝑈(4,8)𝑠. 

(4) In order to improve the operation efficiency of the algorithm, the parameters and 

discount factor required in the algorithm training process are set based on the 

preliminary test. The initial value of the parameters 𝛽 is set to 0.5 and update by 𝛽 =

𝛽 + 0.05, the discount factor 𝛾 is setted to 0.9. The learning rate 𝑙𝑟of the neural network 

is 0.001, batch size samples 𝑁𝑏 = 32  and training rounds 𝑒𝑝𝑖𝑠𝑜𝑑𝑒 = 100 . In this 

experiment, tensorflow deep learning framework and plant simulation software are 

used to realize AGV adaptive dynamic scheduling, and the experimental results are 

obtained. 

Tab.2 Example of container assignment 

Task ID Task types 
Starting points of 

the task 

Destination points of 

the task 
Load stroke 

1 L 6 4 350 

2 D 2 7 100 

3 D 1 6 100 

4 L 8 5 250 
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5 L 7 5 300 

6 D 3 8 100 

7 L 11 4 150 

8 L 9 5 150 

9 D 2 11 300 

10 D 3 9 150 

Note: D means unloading and l means loading; The starting point and destination 

of the task are indicated by the number of shore bridge or storage yard 

 

5.2 Experimental results and analysis 

Experiment 1 results and analysis. As shown in Figure 2 and Figure 3, 𝛼1 = 0.02, 𝛼2 =

0.01 and 𝛼1 = 0.02, 𝛼2 = 0.02 meets the requirements of minimizing the total waiting time 

of shore bridge, but it is difficult to meet the requirements of minimizing the total 

travel of AGV. The total waiting time of the shore bridge obtained by the parameter 

combination 𝛼1 = 0.025, 𝛼2 = 0.02 solution is slightly higher than the results of the above 

two parameter combinations, but in terms of the index of AGV total travel, it is better 

than other parameter combinations and more in line with the requirements of 

minimizing the two indexes. 

  

Fig.2 Effect of parameter combinations on the waiting time of QCs 

Experiment 2 results and analysis. As shown in Figure 4, when the training round does 

not exceed 15, the cumulative return fluctuates continuously during the training 

process, and then the cumulative return increases continuously until it converges to a 

stable value. Based on the results of WSDDQN algorithm, the increments of the results 

of five scheduling rules on the benchmark are calculated respectively. As shown in 

Table 4, the results of the proposed WSDDQN algorithm on the two indexes of AGV 

total travel and shore bridge waiting time are better than those of a single scheduling 

rule. Experiments show that the model algorithm can realize the optimal hybrid 

scheduling rule strategy and select the most appropriate scheduling rule according to 
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different state information. 

 

Fig.3 Effect of parameter combinations on the total travel of the AGVs 

 

Tab.4 Comparison of WSDDQN algorithm and scheduling rule results 

Algorithms and scheduling 

rules 

Increment of total waiting 

time of shore bridge 

AGV total travel 

increment 

WSDDQN 0.00% 0.00% 

MWTS 2.29% 25.09% 

QMP 28.11% 28.01% 

RTS 37.54% 41.19% 

MUTS 49.04% 4.73% 

MTDS 67.81% 6.33% 

 

Fig.4 Cumulative return curve of WSDDQN algorithm training process 

 

6. Summary 

This paper studies the dynamic scheduling problem of AGV horizontal transportation 

in automated terminal, transforms the scheduling problem into a sequential decision 

problem, defines the problem as a Markov decision process, and introduces state 

representation, action rules and reward function to simplify the complex AGV 

scheduling process. To solve this problem, an adaptive dynamic scheduling algorithm 
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framework based on deep reinforcement learning combined with weight priority cache 

and layered sampling mechanism is proposed. Through simulation of the real AGV 

horizontal transportation scene, a large number of algorithm training examples are 

designed to obtain the scheduling strategy of the optimal hybrid scheduling rules of 

AGV in different states. AGV can select the appropriate scheduling rules according to 

different situations. This paper constructs several groups of experimental scenarios, 

analyzes the influence of the incentive function parameters in the model on the 

algorithm and the scale of container task, and verifies the effectiveness of this method 

by comparing the experimental results. 

In the modeling scenario of this paper, when the AGV performs the task, it drives 

according to the shortest path without further planning the driving path of the AGV. 

However, in the real terminal operation environment, AGV path problem is one of the 

factors affecting the efficiency of horizontal transportation. Therefore, AGV dynamic 

scheduling combined with AGV dynamic path planning is one of the main research 

directions in the future. Expanding the application of DRL algorithm to actual 

automatic terminal AGV dynamic scheduling and AGV dynamic path planning needs 

further research and exploration. In addition, the automated terminal is a multi-level 

logistics operation process, and the operations between equipment are coupled and 

dependent. The algorithm based on DRL needs to be improved to adapt to the more 

complex operation environment and uncertainty of the automated terminal 
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