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Abstract: The dispatching of automated guided vehicles (AGVs) is essential for efficient horizontal
transportation at automated container terminals. Effective planning of AGV transportation can
reduce equipment energy consumption and shorten task completion time. Multiple AGVs transport
containers between storage blocks and vessels, which can be regarded as the supply sides and demand
points of containers. To meet the requirements of shipment in terms of timely and high-efficient
delivery, multiple AGVs should be dispatched to deliver containers, which includes assigning tasks
and selecting paths. A contract net protocol (CNP) is employed for task assignment in a multiagent
system, while machine learning provides a logical alternative, such as Q-learning (QL), for complex
path planning. In this study, mathematical models for multi-AGV dispatching are established,
and a QL-CNP algorithm is proposed to tackle the multi-AGV dispatching problem (MADP). The
distribution of traffic load is balanced for multiple AGVs performing tasks in the road network. The
proposed model is validated using a Gurobi solver with a small experiment. Then, QL-CNP is used
to conduct experiments with different sizes. The other algorithms, including Dijkstra, GA, and PSO,
are also compared with the QL-CNP algorithm. The experimental results demonstrate the superiority
of the proposed QL-CNP when addressing the MADP.

Keywords: AGV dispatching; distribution balance; energy consumption; Q-learning; multiagent

1. Introduction

The operational efficiency of container terminals has always been a popular research
issue, especially in the context of the widespread utilization of automation technology. The
berth time is the key indicator to evaluate the efficiency, and containers to be shipped are
required to be loaded as soon as possible. The automated guided vehicle (AGV) is the
horizontal transportation equipment at an automated container terminal (ACT), which
is responsible for delivering containers to the quay crane (QC). The berth time of ships
can be reduced by optimizing the transportation time of container tasks. If AGVs are
well organized to transport container tasks, the energy consumption of AGVs can be
better utilized. When assigning tasks to AGVs, the shortest path is primarily considered.
Soylu et al. [1] attempted to find the shortest path for the single AGV when conducting
the pickup and delivery tasks. Yang et al. [2] also regarded the AGV route planning to be
the shortest path problem, in which the speed was considered constant. Another essential
factor in previous AGV path research was collision. There is a conflict between two or more
AGVs when one’s planned path clashes with another’s. Accordingly, some strategies were
proposed to deal with the collision or a path was even preplanned for AGVs to prevent it.
Nishi et al. [3] restricted two or more AGVs from passing the node at the same time when
optimizing the production scheduling and routing. The sequence and time window of
processing all jobs were determined under a hierarchical control architecture to generate the
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collision-free trajectories of AGVs, as proposed by Xin et al. [4]. Moreover, Zhong et al. [5]
analyzed the impact of AGV strategy on path planning and constructed the mathematical
model to prevent conflict and deadlock for multi-AGV scheduling.

Using more AGVs can promote task completion progress to some extent. If more AGVs
are assigned to transport container tasks, the makespan may decrease while equipment
consumption will increase. However, when the number of AGVs reaches an extreme value,
the operation efficiency would decrease. Yue et al. [6] optimized the configuration of QCs
and AGVs to minimize the makespan of all tasks, and then analyzed the inefficient time
of different AGVs. Although utilizing more AGVs can help to reduce the makespan, it
may result in the inefficiency of AGVs and lengthen the delay time of QCs. In addition,
an increase in the number of AGVs brings a high possibility of congestion and conflict.
The relationship among the number of vehicles, the speed of vehicles, and the container
throughput were investigated by Roy et al. [7], who claimed that the effective vehicle
speed steeply decreased and congestion occurred when a certain number of vehicles was
exceeded on the travel path at a container terminal. They also suggested that reasonably
allocating the traffic flow on paths can be regarded as a feasible solution to congestion.
Salman and Alaswad [8] applied the Markov chain to traffic assignment and used vehicle
density as the optimization object to alleviate congestion. The flow-paths were described
as a square topology of AGV traffic network, and the control algorithm based on the
chains of elementary reservations was proposed to prevent collision and deadlock by
Matopolski [9]. Therefore, AGVs should be well assigned to optimize the equipment
configuration and consumption.

This study proposes the dispatch of multiple AGVs for container transportation by
balancing the traffic flow between the storage yard and QC. The storage yard is regarded
as the supply side due to the storage area for containers to be shipped, while the QC
serves as the demand point to receive containers and then load containers on the vessel.
AGVs, as the carriers of containers, have various transportation routes between the supply
side and demand point that can form a traffic network. The first step is to assign an
AGYV to a QC considering the completion of all tasks with the least time and shortest
distance. It should be noted that the same route in the traffic network may be chosen
by multi-AGV many times. The occurrence of multiple AGVs on a path not only adds
to the transportation time of AGVs, but also increases the probability of congestion and
conflicts. The next step is to allocate the distribution of AGVs in the traffic network. The
balance of transportation load between the supply side and demand point is an adaptable
approach to effectively address multi-AGV dispatching from the origin of congestion
and conflict. If the traffic load remains balanced, the possibility of congestion will be
decreased. In a nutshell, the multi-AGV dispatching problem (MADP) can be seen as
multiagent task allocation, in which an AGV is taken as an agent for receiving and executing
tasks. Multiple agents can communicate, coordinate, and collaborate with each other in a
multiagent system. Moreover, the collaboration between agents can be established through
a negotiation protocol, such as the well-known contract network protocol (CNP). Agents
can share resources and cooperate to achieve global goals on the basis of a negotiation
protocol in the network. Li et al. [10] studied the scheduling problem of manufacturing
resources, in which a multiagent system was developed to address the problem using
the CNP. The system allowed internal negotiation among subsystem agents and external
sharing among intermediary agents, and then introduced an optimization algorithm to
independently schedule jobs for agents. Framifidn Torres et al. [11] also compared the
performance of different scheduling rules using the CNP in the job shop. The decentralized
rules were demonstrated to have a high potential in job shop scheduling, and the CNP
could be integrated with machine learning methods in a multiagent system to optimize
complex decisions.

In this study, all tasks of transporting containers are required to be allocated to multiple
AGVs in an effective and balanced way, and the CNP can be applied to perform task
allocation in a multi-AGV system. AGVs are considered bidders to select container tasks
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and transportation paths by bidding according to the CNP. However, numerous path nodes
in the traffic network add difficulty and complexity for multiple AGVs to make decisions.
Additionally, a machine learning method is used to improve the CNP, in which Q-learning
can help multiple agents to choose better actions during the bid evaluation. Q-learning
is employed to update the reward of selected paths at different states for multiple AGVs,
which is beneficial to obtain the action that can get the most value.

The main efforts of this study are summarized below. Firstly, the relationship among
the storage yard, QC, and AGV is regarded as a supply chain. Correspondingly, the AGV is
taken as the carrier, and the container blocks and QCs are respectively taken as the supply
side and demand point according to supply chain theory. The transportation routes of
multiple AGVs constitute a traffic network between the supply side and demand point.
Then, the MADP is decomposed into assigning AGVs to QCs and allocating AGV path
distribution, thus formulating a two-stage mathematical model. The delay time of all tasks
is optimized in the first stage when assigning multi-AGV transportation. The shortest
path is prioritized in order to transport the containers to be shipped as soon as possible.
To avoid congestion and collision, the transportation load of various routes is balanced
between the supply side and demand point. The congestion rate is introduced to describe
the condition of traffic load in the transportation network of multiple AGVs, which refers to
the rate of the waiting time and transportation time. In addition, a solution algorithm called
QL-CNP is designed which combines QL and CNP, as numerous path nodes in the traffic
network increase the complexity of model solving. The CNP has a potential to address task
allocation in a multiagent system through negotiation protocols among agents. Moreover,
the CNP is improved through its combination with QL, in which the bidder of choosing
paths is evaluated for multiple AGVs. Experiments of different sizes are also conducted to
verify the established models and the QL-CNP algorithm, demonstrating the effectiveness
of the proposed approach.

The remainder of this paper is organized as follows: Section 2 reviews the literature
related to AGV dispatching and machine learning methods for AGV routing; a problem
description and mathematical models are given in Section 3; Section 4 illustrates the
designed solutions; experimental results are provided in Section 5; conclusions of this study
and recommendations for further research are presented in Section 6.

2. Literature Review

As this study focuses on the MADP at an ACT and applies a machine learning method
to optimize the task allocation and path planning of multiple AGVs, the relevant research on
scheduling problems and machine learning methods for optimization are discussed below.

2.1. Scheduling Problem Research

AGYV is commonly used for horizontal transportation at container terminals, work-
shops, and other factories. Task allocation and path planning of AGVs were studied to
improve efficiency. Singh et al. [12] considered the battery constraints when scheduling het-
erogeneous AGVs. Accordingly, a metaheuristic-based adaptive large neighborhood search
algorithm was proposed to assign transportation requests and process sequences, as well as
other task information, with the minimum travel and tardiness costs. Yu et al. [13] focused
on multi-AGV online scheduling and path planning in automated sorting warehouses and
introduced the grid blocking degree to the path planning algorithm. Through the improved
algorithm, six priority rules were designed and further improved to develop conflict-free
paths for multiple AGVs. A traffic control system was developed with emergency traffic
control schemes to prevent collisions and deadlocks among AGVs, which was simulated in
the automated container terminal to evaluate its performance by Li et al. [14], whose results
showed that each AGV could transport without colliding with any other vehicle. To plan
the conflict-free path for AGVs, Zhong et al. [15] designed a priority-based speed control
strategy. The strategy was also combined with the Dijkstra depth-first search algorithm
to solve the model whose objective was the shortest distances of AGVs between QCs and
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yard cranes (YCs). Li et al. [16] studied the conflict-free path problem of AGVs used in
large warehouses, which applied a branch-and-bound algorithm to minimize energy con-
sumption when completing all transportation tasks. Xin et al. [17] established a time—space
network to address the AGV path planning where the multiple vehicle pickup and delivery
(MVPD) problem was described as a multicommodity network flow problem. A receding
horizon planning (RHP) methodology was proposed to obtain the paths with the minimal
total arrival times of all AGVs in the network. Furthermore, Xin et al. [18] considered
energy consumption and conflicts in the path planning of AGVs, where a mixed-integer
nonlinear programming and a hybrid metaheuristic algorithm were developed to solve
the problem.

There were studies which integrated AGV scheduling with other resources at container
terminals. Luo and Wu [19] integrated AGV dispatching and container storage allocation,
and then applied the genetic algorithm (GA) to solve it. However, they assumed that there
was no traffic congestion for AGVs on the path. Yang et al. [20] studied the cooperative
scheduling of an automated rail-mounted gantry (ARMG) and AGV in the sea-rail operation
environment and designed a self-adaptive chaotic genetic algorithm to solve the problem.
A bilevel programming model of scheduling AGVs, QCs, and automated stacking cranes
(ASCs) was established considering AGV conflicts by Ji et al. [21]. Then, an approach based
on the conflict resolution strategy and the bilevel adaptive genetic algorithm was verified
in both small-size and large-size experiments. GA was typically used as an alternative
algorithm in optimization problems.

2.2. Machine Learning Methods for Optimization

As traditional algorithms are not available for tackling combinatorial optimization
problems that require much computational time when solving larger-scale cases, deep
reinforcement learning has been investigated and reviewed on how to address optimization
problems [22]. Gumuskaya et al. [23] combined machine learning and operation research
to determine barge plan under uncertain scenarios. A decision tree was used to predict
the arrival of containers, and the sample average approximation was proposed to make
barge call decisions based on the prediction. Peng et al. [24] studied ship energy con-
sumption using machine learning methods, and analyzed the important characteristics of
reducing ship energy consumption. The experimental results showed that improving the
efficiency of facilities could effectively reduce the berthing energy consumption of ships.
Gao et al. [25] applied the Q-learning algorithm to optimize the operating strategies of
ASCs using digital twin, which was compared with GA and other solution algorithms.
The solutions with a digital twin-based Q-learning approach achieved optimal energy
consumption. For the scheduling problem, Kintsakis et al. [26] proposed a sequence-to-
sequence neural network architecture and used reinforcement learning algorithm to train
the model. In this architecture, each alternative scheduling decision was entered into the
policy network for evaluating the reward function; then, an optimal decision with the low-
est makespan was selected for a workflow management system. Kim et al. [27] proposed a
reinforcement learning approach to solve the production scheduling of precast concrete
because the metaheuristic approach needed more computational time on large-size prob-
lems. The proposed reinforcement learning approach had fast computation time and good
performance in solving various sizes of problems. In the real-time charging scheduling
of AGVs, Lin et al. [28] developed a Markov decision model to fulfill uncertain requests.
Then, a feature-based reinforcement learning approach was improved to obtain charging
strategies that optimized utilization time and charging cost of AGVs. Cals et al. [29] solved
the batching problem by deep reinforcement learning (DRL) where the learning agents
studied and compared different combinations of picking periods and picking methods to
minimize the number of tardy orders.

Machine learning was also applied to address the vehicle routing problem (VRP). An
online routing strategy based on DRL was proposed to solve VRP, which could develop
routes with minimal time [30]. Ahamed et al. [31] solved the crowd shipping problem
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using deep Q learning (DQN), which referred to allocating transportation requests between
different locations with a limited time window and the lowest cost. All routing sequences
allocated to the requests were presented for selection based on heuristic rules, which
improved the training efficiency of DQN. For the multi-vehicle routing problem with soft
time windows (MVRPSTW) problems, Zhang et al. [32] proposed a novel reinforcement
learning architecture, called the multiagent attention model (MAAM), which utilized a
DRL strategy to find feasible routes for vehicles. Jelen et al. [33] developed a multiagent
system to plan paths for electric vehicle fleets using machine methods, which included
charging station agents and depot agents. Then, a multiagent simulation was performed to
verify routing of electric vehicle fleet. To adapt to the changing environment in an ACT,
Choe et al. [34] designed an online preference learning algorithm to dispatch AGVs. The
preference function was used to evaluate each dispatch decision, and the old samples were
replaced to achieve online learning. To plan the anti-conflict path of AGVs, Hu et al. [35]
proposed the multiagent deep deterministic policy gradient (MADDPG) method which
introduced reinforcement learning.

2.3. Research on Contract Net Protocol

The contract net protocol (CNP) is a task-sharing protocol in multiagent systems [36].
It has been applied to resource allocation and scheduling of multiple agents in different
domains. In a diagnostic services scheduling system, Gao et al. [37] designed CNP and
simulated annealing-based metaheuristics to negotiate patient selection and preference
scheduling, which effectively improve the scheduling performance. Jégou et al. [38] solved
the reactive hoist scheduling problem using the auction mechanisms of CNP. Cardon and
Vacher [39] combined CNP and GA to address job-shop scheduling problems where each
agent has its own rules and negotiates with each other for a better solution. Liang and
Kang [40] improved the CNP to realize task optimal allocation for modeling an agent-
oriented unmanned underwater vehicle swarm system. To handle the load balance of
unmanned aerial vehicle swarm, two improved CNP assignment algorithms were proposed
for the one-to-many and many-to-one modes [41]. It can be found that CNP was applied
for task allocation and scheduling as it could realize the reaction and negotiation among
agents through bidding and rating. Therefore, CNP was exploited to allocate multiple
AGVs for balancing the transportation load between supply sides and demand points.

To summarize, Table 1 compares the problems and solutions of AGV optimization.
It can be seen from Table 1 that heuristic algorithms were mostly used to solve AGV
scheduling problems, and most studies considered path planning with conflicts. In this
study, the path distribution of AGVs is taken into consideration, and machine learning and
CNP are combined as a novel approach.

Table 1. Comparison of AGV optimization in problems and solutions.

Problems Solutions Authors
AGV scheduling considering battery to minimize travel A metaheuristic-based adaptive large Singh et al. [12]
and tardiness costs neighborhood search algorithm & ’

Improved path planning algorithm with grid

Multi-AGYV online scheduling in warehouses blocking degree Yu et al. [13]
AGV conflict-free path planning to minimize distances Dijkstra depth-first search algorithm Zhong et al. [5]
AGYV conflict-free path plarmipg to minimize A branch and bound algorithm Lietal. [16]
energy consumption
AGV path planning in MVPD problem A receding horizon planning methodology Xin et al. [17]
AGV dispatching and container storage allocation GA Luo & Wu [19]

Integrated scheduling considering AGV conflicts

An approach based on the conflict resolution

strategy and bilevel adaptive GA Jietal [21]

AGV online dispatching An online preference learning algorithm Choe et al. [34]

AGV anti-conflict path at ACT MADDPG combining reinforcement learning Hu et al. [35]
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3. Problem Description and Model Formulation
3.1. Problem Description

Containers are stacked in the scattered container blocks of the storage yard before
being loaded on the vessels. Each vessel has a few QCs to load these containers. The layout
of the automated container terminal is provided in Figure 1. The number of the arranged
QCs, which may be two, three, or even more, depends on the number of containers to be
shipped. AGYV is responsible for transporting containers from the stored container blocks
to the designated QC. There are various routes between container blocks and QCs which
are selected by AGVs. To ensure the vessel departs as soon as possible, each AGV prefers
the shortest path to complete the transportation. However, two or more AGVs may travel
on the same path and meet at the intersection, causing congestion and collision. Hence,
AGVs need to be well dispatched to QCs when assigning the containers to be loaded on

the vessel.
4 7~
\ \
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Figure 1. The layout of the automated container terminal.

From the perspective of supply chain, the storage yard supplies the containers that
are required by the vessel, while AGVs are chosen to be the carriers. The total demand is
equal to the supply as all containers to be shipped need to be transported from their stored
blocks. Each QC assigned to the vessel is known as one demand point, and each block
with stacked containers is considered as a supply side. However, the number of containers
handled by each QC is not equal, which means that the number of demand containers is
different among all demand points, as well as all supply sides. Containers that will be
transported to a certain demand point are stored at different supply sides, and an AGV is
dispatched to different demand points at various timepoints. The path network between
demand points and supply sides is shown in Figure 2. To avoid congestion and collision,
this study aims to balance the allocation of AGVs in each path. The reason for congestion
is that many AGVs are densely distributed on the same route. Meanwhile, conflicts arise
when two AGVs need to pass through the same intersection, which requires assigning
AGVs to the appropriate routes.

This study focuses on the AGV assignment for transporting the containers to be
shipped under the context of balancing the traffic load between supply sides and demand
points. An AGV transporting a container from the supply side to the demand point is
considered as one task, and containers to be shipped are all bound to be delivered. Firstly,
AGVs are dispatched to a certain QC to complete all tasks with the least delay time. Then,
the appropriate path is assigned for AGVs to minimize the congestion rate of the road
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network, which means to balance the traffic load distribution in various routes. The
mathematical models are formulated below.

I

Supply
side 3

[

Container Container Container Container Container

block 1

block 2

U

Supply
side 4

block 3 block4 block 5

Supply
side 5

Figure 2. The path network between demand points and supply sides.

3.2. Model Formulation

In this study, multiple AGVs are responsible for transporting containers from the
stored container blocks to QCs serving one vessel, and each AGV returns to the next target
block for the next task assignment. Therefore, AGV has two travels including the loaded
travel to the QC of the current task and the unloaded travel from the current QC to the
container block of the next task. Some assumptions are given below.

(1) There are virtual locations which are the starting points of AGVs. This means that
AGVs staye at the starting locations before being assigned. When AGVs complete their
tasks, they return to the starting locations.

(2) The task information of containers is known. Containers to be shipped are delivered
to the storage yard, and the detailed container blocks are also allocated for storage.

(38) AGV has enough battery to transport containers continuously. The new technology
of charging allows the AGV to replace the whole lithium battery, while the configuration
capacity of the lithium battery meets the demand for the continuous operation of ACT.

(4) To balance the workload of all AGVs, each AGV has its own transportation capacity.
Then, tasks are arranged fairly to AGVs, instead of one AGV taking on all tasks. The
transportation capacity also refers to the travel time limit of AGV.

At the first stage, the mathematical model is established describing how to dispatch
multiple AGVs to transport tasks. The symbols involved in the first model are described in
Table 2.

f= minz (et +1t;). 1)
ieN
) xx=1VieN. )
keM
Y vik=1Vie NkeM. 3)
jEN
Z Yijk = Xik/Vi € N,k e M. (4)
jEN
Z yqib]-k = Xjk,Vj S N,k € M. (5)
ieN
Z Yorbik = Zks Vk € M. (6)

b,’EL
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Y. Yok = 2k, Yk € M. )
q]EL
Yoxicti+ )Y Vi tap; < Ci -2k, Vk € M. (8)
iEN iENjEN
sti+t; + tqibj <stj+ G(3— Yijk — Xik — x]-k),Vi,j € N, ke M. 9)
sti+tj+ tqui <sti+G(2—xj — Xjk + yijk),Vi,j € N,k e M. (10)
st; > ET; —et;, Vi € N. (11)
st; < It; + LT;,Vi € N. (12)

Table 2. Symbol definitions of the first model.

N Set of container tasks, i,j € N ={1,2,...,n}

B Set of container blocks, b; € B = {by,by,...,bs}
Q Setof QCs, q; € Q ={q1,92,-.-,q9n}
Sets and indices M Setof AGVs, k € M = {1,2,...,m}
(0] Set of virtual locations that AGVs start, 0 € O = {01,0,...,0k,}

Set of locations that AGVs pass,

L
lEL:{01102/-~-/0k1b1/b2/~-/bn141/q2/-~'/q;1}

; The transportation time between location I and

Ip location p, I,p € L

ti Transportation time of task i
ET; Earliest time of task i in the time window

Parameters

LT; Latest time of task i in the time window

Cx Transportation capacity of AGV k

G The giant number
Xk If task i is assigned to AGV k, xj; = 1; otherwise, xj =0

If AGV k completes task i
Yijk and then is dispatched to transport task j,
Yijk = 1; otherwise, y;jx = 0
Decision variables Zk If AGV k is dispatched to the task, z; = 1; otherwise, z; = 0;

st; Start time of task i

et; Time difference of the earliest time of task i

It; Time difference of the latest time of task i

The objective function is to minimize the delay time of all tasks in Equation (1).
Constraints (2) and (3) guarantee that one task can only be transported by one AGV.
Constraint (4) represents that, when the AGV is dispatched to a task, it must transport from
the block to QC of the task. Constraint (5) ensures that the AGV travels from the QC of the
current task to the block of the next task. Constraints (6) and (7) imply that the AGV travels
from the start location and returns to the start location. It is noted that the variable y;j
means that the AGV transfers from task i to task j, which also refers to the change in AGV
status. Hence, the variables used in Constraints (5)—(7) represent the state transitions of
AGVs and their tasks. Constraint (8) means that the AGV works within its own transport
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capacity. Constraints (9) and (10) restrict the sequence of two adjacent tasks which are
assigned to the same AGV. Only when task i,j are assigned to AGV and task i is transported
before task j can Constraint (9) stand. The stand condition of Constraint (10) is the opposite
of that of Constraint (9), referring to task j being transported before task i. Constraints (11)
and (12) define the time difference of earliest time and latest time.

According to the solution of the first stage, multiple AGVs are dispatched to transport
their own tasks. The AGV drives between the supply side and the demand point as the
storage location and destination of each task are provided. Then, the driving path of
multiple AGVs is further planned to balance the traffic load of the multi-AGV network at
the second stage. When two AGVs have the need to pass through the same path, a collision
will. As a result, one AGV needs to wait for the other AGV to pass. Then, the congestion
rate is used to describe the condition of traffic load during the transportation of multiple
AGVs. A low congestion rate shows that the path planned for the AGV is appropriate for
the task, and that the traffic load is balanced in the road network. The second model with
the goal of minimizing the congestion rate is formulated below. The sets of tasks and AGVs
are the same as the first model. The other parameters and variables are given in Table 3.

.t
f= mmf. (13)
E= ) Y Y ik Yoo (i Fh2). (14)
pePieN kkieM
Z:P ‘Zzl\lkZMxpik Or
T _ PEPiENke (15)
v
Y xpk=1VieNkeM. (16)
peP
Y Y = 1,Vk k1 € M. (17)
peP
Zypkk/gllvpep,k/EM. (18)
keK
Z Ypkkr < 1,Vp € P,k e M. (19)
kreK
Xpik = {0,1},p € P,i € N,k € M. (20)

Ypor = 10,1}, p € P,k k1 € M. 1)
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Table 3. The meanings of parameters and variables in the second model.
D Set of path Nodes, m,n € D
p Set of paths formed by two nodes, p € P
a The acceleration of AGV
Parameters
ti,tr The deceleration time and the acceleration time of AGV
ds The safe distance of AGV
wp The distance of the path p formed by two nodes
Xpik AGYV k transporting the task i chooses the path p
Variables Ypkkr AGV k and k’ meets at the path p
t The waiting time of AGV during the transportation
T The total transportation time of AGV passing paths

Equation (13) describes the congestion rate, i.e., the rate of the waiting time and
transportation time. Equation (14) defines the waiting time of AGV as meeting the conflicts
when transporting tasks. Equation (15) refers to the total time of AGV passing all paths
for the transportation tasks. Equation (16) limits each AGV to only choosing one path to
transport one task at one time. Equation (17) represents that two AGVs meet on the same
path. Equations (18) and (19) restrict that at most one AGV will meet with another AGV on
the same path due to the one-way traffic rule in the road network. Equations (20) and (21)
are the value ranges of the variables.

4. Approach Design

The concept of a multiagent system is introduced to dispatch AGVs for transportation
tasks at ACT. CNP is an essential approach to perform task allocation that is achieved by
bidding [42]. The bidding flow of CNP is provided in Figure 3a. In a multiagent system,
there is one manager agent who sends requirements and evaluates bids according to the
CNP. The remaining agents are bidders who have the freedom to submit a tender and to
accept the bid. In this study, classic CNP is combined with QL to assign path requirements
for multiple AGVs, called QL-CNP, as shown in Figure 3b. When AGVs receive the task
requirements, they submit the proposals to obtain the corresponding task. However, each
AGYV has many path choices to execute the transportation task, which adds the complexity
of evaluating bids. The manager agent needs to consider the total performance of all
bidders, including matching the bidder with the task and the path for bidders. The state,
environment, and choice of agent who sends the task proposal are all the elements for the
manager to assess the bid. Only when all the conditions are considered comprehensively
can the manager agent decide who is the winning bidder. Therefore, QL is applied to
evaluate actions of agents so as to choose the best action for the bidder. The descriptions of
agent, state, action, and reward function in the proposed QL-CNP are shown below.
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Figure 3. The algorithm steps QL-CNP.
4.1. Agent

Each AGV in the road network is considered an agent. In the path network (see
Figure 4), all AGVs are the same in driving speed and transportation preference. At the
ACT, AGVs are responsible for transporting containers from the container block to the QC.
One task involves one container stacked in the container block being transported by an
AGYV to the QC. When one container has been transported to the QC by an AGV, the AGV
is released and free to drive toward the container block for the next task. There are many
tasks in the multi-AGV system, and the AGV can choose any task for execution. Edges
composed of different nodes form the path network of AGV transportation. However, the
traffic load has to be considered in the path network for transporting quickly and safely.
The state of AGVs directly affects transportation efficiency. If one AGV is surrounded by
other AGVs on the edges, it would restrict driving, and conflicts may occur. Therefore, the
AGYV needs to choose one edge which is not relatively busy in the path network for the
transportation task in advance.

Demand point 1 Demand point 2
1 2 3 4 5 6 7 8 9 10 11 12
13 14] 15 16 17, 18 19| 20 21 22| 23 24

25 26 27 28 29 30 31 32 33 34 35 36,

37 38 39 40 41 42 43 44 45 46| 47 48

49 50 51 52 53 54

55 < ————— 56 57 58 59 60)

Supply side 1 Supply side 2 Supply side 3 Supply side 4 Supply side 5 —> AGV direction
1—60  Node number

Figure 4. The road network of AGVs.
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4.2. State

When AGV chooses one path to transport the current task, the traffic load of the
selected path will be added. The environment of AGV transforms from being in the starting
point to being on edge, which can be defined as

s = {stpi i}, (22)

where s]! denotes that agent k performs the task 7, and py is the path chosen by the agent.
The time of agent in the path is shown as t,f .

Once the task starts, AGV needs to pass through various paths to reach the destinated
QC. The process of the task can be expressed as

Sp = {ml plr pZ/-”/pm/ Cpm}r (23)

where the state of the task includes the number of paths passing m, the path chosen by
agent py;, and the remaining capacity of the path Cy,,.

4.3. Action

Before performing any task, the AGV needs to choose which path to maximize effi-
ciency. Starting from the supply point where the task is located, the AGV should consider
each node to go to the next step until reaching the destinated demand point. Then, the
edge to be chosen by the task is expressed as

aj, ={0,1}, (24)

Pm = p;:, nodes i, j = {1,2,...,86} formulates the path p;,, (25)

where a,’fn = 1 means that the agent chooses the edge formulated with node i and j to

transport the task.

When the agent takes an action, the e-greedy strategy is used. The parameter ¢ is set
to 0.9, referring to [43], which means to choose the random action with a probability of 0.1
and the optimal action with a probability of 0.9.

4.4. Reward Function

Reward refers to the feedback given by the environment and the action that the agent
performs. The reward setting is for agents to choose better actions. A Q-table is composed
of states, actions, and corresponding Q-values, which is used to select the action that can
get the most rewards on the basis of the Q-value. It is also the main idea of Q-learning.

To evaluate the action of agent, the reward function is defined as

Tk :DC'ZCpm ~a,’fn—,6~mn, (26)
m

where Cp,, is the remaining capacity of the path, and m,, is the number of paths that are
passed by the agent. The parameters a and p are the reward coefficients for the capacity
and number of paths. The path also refers to the edge that is traversed by the AGV. Two
nodes formulate an edge which is the alternative path. When more edges are chosen by
an agent, the agent can get fewer rewards. The more edges the AGV passes, the farther
it will travel. Less reward means that the agent is not recommended to perform such an
action. In addition, greater rewards can be received by the agent if there is more remaining
capacity for AGVs. The distribution of traffic load in the path network can be controlled by
encouraging the remaining capacity.
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4.5. Algorithm Implementation

The proposed QL-CNP algorithm combines QL and CNP to assign tasks to multiple
AGVs and plan paths for task transportation. On the basis of the CND, the states of agents
can be observed and known by the manager in a multiagent system. The manager is
responsible for allocating tasks to agents according to their states and considering whether
they can execute tasks or not. The main idea of QL-CNP is to enter the state of agents
into QL and estimate the maximum reward that can be obtained for each action taken in
the state. QL is used to help agents to choose better actions in various states, and then
the states, actions, and corresponding rewards are stored in the Q-table. The algorithm of
QL-CNP is described below.

(1) Initialize the Q-table recording the state, action, reward, and agent;

(2) Observe the environment of multiagent system, including states and agents;
(3) Release the transportation tasks by the manger agent;

(4) Submit the requirement proposal by agents;

(5) Choose an action for the agent;

(6) Calculate the reward of the state and action;

(7)  Update the Q-table;

(8) Announce the results of the bid by the manager agent;

(9) Contract the protocol between the manager and bidder agent;

(10) Cycle in turn until all task assignments end.

The QL-CNP algorithm can be implemented by pseudo-procedures which contain
three main parts: establishing the environment, updating the Q-table, and finding the
optimal action. The reward function for choosing action at a state is expressed as R(s,
a), and the Q-value is the expected value of accumulated reward received. On the basis
of Bellman’s equation, the Q-value can be described by Equation (27), where « and y
respectively represent the learning rate and discount factor. The pseudocode is shown in
Table 4.

Q" (s,a) + Q(s,a) +a- (R(s,a) +v-maxQ(s’,a’) — Q(s,a)). (27)

Table 4. The pseudocode of QL-CNP algorithm.

Initialize the environment for agents transporting
Create a new m X n-dimensional environment matrix
Construct a reward matrix
Set parameters of QL

For episode=1to M

Obtain the state of tasks and agents

Select all possible actions of the state

Calculate Q-value of all possible actions

Select one action and take it as the next state

Find the best Q-value which is the best state for the next action
Update the Q-table

If to the end
Break;
End if

End for

The AGYV attempts to find the optimal path for its task transportation in the road
network, as shown in Figure 5. The starting point and destination point (S and D in
Figure 5) are known by the AGV, and the bar in the road matrix indicates that the way
cannot be passed. Various paths from S to D are tried to evaluate the total reward. Finally,
an optimal path is provided for AGV to execute the task.
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Figure 5. The process of finding paths by QL-CNP.

5. Case Study
5.1. Experiment Design

The tasks of containers loading to one vessel are taken as an example to verify the
established model and proposed algorithm. There are five container blocks and two QCs
considered in the example where the proportion of equipment is set with 1:2.5. Task
information in this case is incomplete but realistic due to factors such as storage location
and destination. Some data samples of the tasks are provided in Appendix A.

The QL algorithm is trained before being used to address the MADP, including de-
termining the hyperparameters. The update of Q-value is related to the reward function,
learning rate, and discount factor according to the above Bellman’s equation. In the training
experiment, a 5 x 5 grid is chosen from the road networks of AGVs to be the environment.
The agent needs to choose an optimal path from the start location to the goal location. The
comparison experiments of different learning rates and discount factors are conducted with
1000 episodes, as shown in Figure 6.

The learning rate ranges from 0 to 1, where « = 0.5 means a moderate value for the
learning. According to Bellman’s equation, a larger learning rate denotes a lower effect
of retaining the previous training. Then, two small learning rates are compared with
the moderate learning rates, as shown in Figure 6a. When the learning rate is 0.1, its
convergence performance is better than that of the other two learning rates. In addition,
the trend of the learning rate (0.1) gradually becomes stable, while the other two show
obvious fluctuation. Similarly, the discount factor is in the range of 0 <y <1, where a
larger value means more attention to the training. However, the discount factor of 0.8 has
the best performance among the three results presented in Figure 6b, mainly because its
fluctuation is minimal during the later episodes. Therefore, the learning rate and discount
factor are respectively set to 0.1 and 0.8 in this case study.

In addition, the path from the start to the goalina 5 x 5 grid is provided in Figure 7.
During the process, the agent has four action selections: up, down, left, and right. The
agent can get the reward when choosing an action at one state. The Q-table recording
Q-values is an m x n table, where there are m states and n actions. Some Q-values when
finding the optimal path in the grid are provided in Table 5.
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Table 5. Part Q-values of the state and action.

S Action 1 5 3 4
1 0.00 0.00 0.00 0.00
2 0.86 0.35 0.46 0.86
3 0.96 0.28 0.14 0.90
4 0.61 0.40 0.10 0.79
5 0.81 0.08 0.03 0.94

The mathematical models and QL-CNP algorithm are proposed to solve the MADP
in this study. The approach is implemented in Python with an Intel Core i7-11800H @
2.30 GHz system. The corresponding results are analyzed below.

5.2. Experimental Results
5.2.1. Small-Scale Case

A small-scale case is provided in this section to validate the established mathematical
model. There were 10 tasks and three AGVs in the small-scale experiment. The Gurobi
solver was used to solve the mathematical models, and the solution results are given in
Table 6. Three AGVs were dispatched to transport a total of 10 tasks, and the transportation
paths were planned with the balanced traffic load distribution. The passing nodes for
each task were also provided according to the road network of AGVs. As for AGV 1, it
completed the transportation of tasks 2, 4, and 8. The starting locations of the three tasks
were respectively nodes 59, 55, and 57, while their goal location was node 4. The three tasks
were transported to QC 1.

Table 6. The solution results of the small-scale case.

AGYV Number Task Sequence Passed Nodes

[59, 58, 57, 56, 55, 49, 37, 25, 13, 14, 2, 3, 4]-[55, 49, 37, 38, 26,
14, 2,3, 4]-[57, 56, 55, 49, 37, 38, 26, 14, 2, 3, 4]

[57, 56, 53, 45, 33, 21, 22, 10]-[59, 58, 57, 51, 41, 42, 30, 18, 6, 7,
AGV 2 Task 3-Task 5-Task 6-Task 10 8,9,10]-[57, 56, 55, 49, 37, 25, 26, 14, 2, 3, 4]-[59, 58, 57, 56, 55,
49,37,38,39,27,15,3, 4]

[60, 59, 58, 57, 51, 41, 29, 30, 18, 6, 7, 8, 9, 10]-[57, 56, 55, 49, 37,
25,13,1,2,3,4]-[55, 49, 37, 25, 26, 14, 2, 3, 4]

AGV 1 Task 2-Task 4-Task 8

AGV 3 Task 1-Task 7-Task 9

The task routes of three AGVs are shown in Figure 8. The AGV drove to the container
blocks for the assigned tasks at different time. The minimized delay was 1981.6 s at the
first-stage model, and the congestion rate was 4.86%, calculated as 29.5 s of waiting time
and 606.6 s of transport time.

5.2.2. Large-Scale Case

Large-scale experiments were conducted with the proposed QL-CNP algorithm, and
the results of 10 examples are shown in Table 7. Although the number of tasks increased,
the number of total alternative paths did not increase. The road network of AGVs did not
change with the scale of tasks. Hence, the search space of path solutions did not become
larger in the larger-scale experiments. In addition, the CNP can help agents in assigning
tasks according to the requirement of agents. On the basis of the respective states, agents
can propose their own action selections, which can improve the feasibility of learning to
some extent. This was also the goal of combining QL and CNP in this study.
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Figure 8. The task routes of multiple AGVs.

Table 7. Experimental results of different scale examples.

Experiment ID Nu,;: :1: of leng)‘(;z of Delay Time (s) Conﬁgaets:ion
1 20 3 1754.83 3.14%
2 30 4 3339.53 3.06%
3 40 4 422247 2.74%
4 50 5 4811.17 2.50%
5 60 5 5750.67 2.44%
6 80 6 8068.1 2.24%
7 100 7 8773.6 1.93%
8 120 8 10,346.24 1.82%
9 150 9 12,860.38 1.75%
10 200 10 12,994.32 1.63%

The delay of completing tasks within the time window increased while the congestion
rate decreased as the example scale became larger. There was no proportional relationship
between the increase in delay time and the increase in task number. It can be found
that the growth rate of delay time became smaller when adding the number of tasks and
AGVs at the same time. The main reason is that the increased AGVs helped to take on
the workload, which could avoid delay. However, increasing the number of AGVs was
incapable of slowing the growth rate of the delay time when the number of tasks reached a
certain scale. For example, the gap in delay time among the later large-scale experiments
became larger and larger even though more AGVs joined the tasks. This is because the
equipment configuration could not meet the task requirements when the number was
saturated. Thus, it was necessary to make an appropriate assignment between supply sides
and demand points.

In addition, the congestion rate of different experiments decreased gradually as the
scale of examples increased, mainly due to the reduced waiting time. The transporting
time of AGVs increased when the number of tasks increased. Meanwhile, multiple AGVs
were allocated to various paths for their respective tasks. The reasonable paths formulated
by different passing nodes led to a lower waiting time of AGVs with fewer conflicts of
transportation. Even if the number of tasks and the time of transportation increased, the
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waiting time decreased, thereby reducing the congestion rate. This also indicates that
the distribution of traffic load was balanced because few waits occurred. Therefore, the
proposed QL-CNP algorithm was effective in finding the optimal paths of multiple AGVs
in the above cases.

5.3. Comparison of Different Approaches

Different approaches are compared in this section to verify the effectiveness of the
QL-CNP algorithm. The proposed QL-CNP algorithm was used to solve the MADP in
this study. Furthermore, the general contract net algorithm (CNA) and Dijkstra algorithm
were also compared to conduct performance analysis of different approaches. Dijkstra is
a classical shortest-path algorithm that is usually used to find optimal routes [44]. Three
different scales of tasks were chosen to perform the experiments. The congestion rate and
solution time of the three approaches are given in Table 8.

Table 8. Experimental results of different scales with three approaches.

QL-CNP CNA Dijkstra
Task Scale Congestion Time Congestion Time Congestion Time
Rate Rate Rate
50 2.50% 444 3.99% 4738 4.02% 3049
100 1.93% 529 3.06% 7680 3.12% 4738
150 1.75% 1020 NA NA 2.87% 4918
Average 2.06% 664.33 3.525% 6209 3.34% 4235

When the scale of tasks expanded, it was difficult for CNA to obtain the target value
while QL-CNP and Dijkstra could still obtain the solutions. This is mainly because optimal
paths among many nodes could not be found for a large number of tasks based on the
CNA. In addition, QL-CNP and Dijkstra struggled to find the solution when the number of
tasks increased. On the one hand, it took much more time to assign tasks to multiple AGVs
within the given time window. The increased number of tasks led to longer calculation time.
On the other hand, dispatching multiple AGVs to the optimal path also spent substantial
energy for balanced traffic load distribution. This shows that the improved CNA is desirable
as the QL-CNP algorithm obtained the solution within a reasonable time.

The congestion rate solved by CNA was lower than that of Dijkstra, while the calcu-
lation time of CNA was much larger. The CNA needs to search all possible nodes in the
road network that multiple AGVs would pass for the task, with the manager evaluating
all possible selections. Thus, there is more time for CNA to complete the whole process.
The Dijkstra algorithm is more inclined to find the shortest path for transportation tasks,
which may cause more AGVs to choose the same routes. As a result, the balance of traffic
load distribution was ignored to some degree, and the congestion rate of its solutions was
higher than for QL-CNP and CNA. Comparing the congestion rate and calculating time
of the three approaches, the proposed QL-CNP algorithm could guarantee the quality of
solutions within a limited time.

Moreover, other methods were introduced to test the capability of the proposed
approach in this study. GA and PSO have received much attention in finding the optimal
solutions to path planning problems in the literature [45,46]. These algorithms were also
used to make a performance comparison. In line with previous studies, the crossover
probability, mutation probability, and maximum generation were respectively set to 0.9, 0.1,
and 500 in the algorithms. Each algorithm was run independently 10 times, and the average
value was taken for quantitative analysis. In this experiment, there were 60 tasks and five
AGVs. The QL-CNP algorithm, GA, and PSO were evaluated, and the experimental results
are provided below.
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The task distributions of AGVs solved using the three methods are described in
Figure 9. Among the three task allocation schemes, the performance of QL-CNP was better
than that of GA and PSO. Tasks were intensively distributed to multiple AGVs in the
QL-CNP algorithm as the gaps in the Gantt chart of task distribution were relatively small
(Figure 9a). On the contrary, the gaps in the Gantt chart of task distribution were larger in
Figure 9b,c. The assignment of tasks obtained from GA and PSO was relatively scattered.
In addition, the time required for all tasks in QL-CNP was lower than for GA and PSO. The
last task 58 was finished at time 2395 in QL-CNP, as shown in Figure 9a. The last task was
finished by AGV 3 at time 2638 in GA, while the last task 5 was finished by AGV 2 at the
time 2695 in PSO, as shown in Figure 9b,c. The container tasks being assigned to AGVs in a
balanced way enabled all AGVs to transport evenly, avoiding the heavy workload of some
certain AGVs. Each AGV is introduced to complete container transportation, whereby no
equipment remains idle. Moreover, each AGV has a relatively balanced task distribution,
which produces similar energy consumption. The excessive use of AGVs is detrimental to
equipment life and maintenance.

(a)Task distribution of AGVs with QL-CNP
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Figure 9. The task distribution of multiple AGVs using three methods.

The paths of AGVs in different solutions are drawn in Figure 10. There were five AGVs
assigned to the tasks, and the path of each AGV transporting task was solved using QL-
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CNP, GA, and PSO. The path nodes in the road network selected by the AGV formulated
the final transportation paths. As shown in Figure 10, the five blue paths of AGVs obtained
from QL-CNP were better than the green and red paths respectively obtained from GA and
PSO. There was just one cross node among the AGV paths with QL-CNP, while five cross
nodes and three cross nodes appeared on the green and red paths. This indicates that the
AGYV path of QL-CNP was more appropriate than those of GA and PSO due to the fewer
conflicts. Moreover, the performance of the AGV path solved by PSO was better than that
solved by GA. The AGV paths of PSO were similar to the paths of QL-CNP as some parts
of the blue and red paths overlapped. The conflicts in the paths of PSO were also fewer
than for GA.
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Figure 10. The AGV paths of solutions obtained using three methods.

The delay time of all tasks and congestion rate of AGVs were calculated to compare
the performance of the three methods, as shown in Figure 11. The delay time of the solution
obtained from QL-CNP was 5750.67, while the delay time was 6728.90 for GA and 6398.50
for PSO. Additionally, the congestion rate solved using QL-CNP was the lowest (~2.44%),
followed by the congestion rate that solved using PSO. The solution from GA had the
highest congestion rate of 4.01%. Hence, the solution performance of QL-CNP was superior
to that of both GA and PSO.
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Figure 11. The delay time and congestion rate comparison of the three solutions.



J. Mar. Sci. Eng. 2023, 11, 1407

21 of 24

6. Conclusions

This study focused on the MADP at the ACT which was divided into the task as-
signment and path plan for multiple AGVs. To meet the requirements of shipment, i.e.,
loading containers to vessels by QCs, the QL-CNP approach was proposed, involving
the combination of QL and CNP to solve task allocation and path planning. Using the
machine learning-based approach can reward actions executed by agents according to a
certain policy by observing the state of the environment. After the environment receives
the agent’s action, the state will be updated and the reward feedback will be given to the
agent. Then, the path plan with the maximum cumulative benefit is obtained for multiple
AGVs to execute container transportation. A reasonable arrangement of AGVs contributes
to the normal use of energy consumption and equipment maintenance. The process of
delivering containers was described as a supply chain where the supply side was the
container block storing containers and the demand point was the QC receiving containers.
All available paths for AGVs formulated a traffic road network between supply sides and
demand points. The traffic load distribution was introduced to estimate the transportation
condition of multiple AGVs. A two-stage mathematical model was established to arrange
the task sequence and select the driving path for multiple AGVs. All tasks were assigned
to multiple AGVs with the goal of minimizing the lateness of transporting containers, and
then the passing paths were optimized to minimize the congestion rate. The mathematical
models of the MADP were solved using the Gurobi solver in small-size cases to verify their
feasibility. Meanwhile, experiments of different scales were conducted using the QL-CNP
algorithm. The comparison of QL-CNP, can, and Dijkstra algorithms indicated that the pro-
posed QL-CNP was desirable to find solutions for MADP. Additionally, the experimental
results of QL-CNP, GA, and PSO demonstrated the effectiveness of the proposed approach.

The numerical results obtained using QL-CNP were superior to those obtained using
the two other heuristic algorithms evaluated in this study, showing the lowest delay time
and congestion rate in the solutions of task paths. The CNP demonstrated the potential
of addressing task allocation in a multiagent system. Combined with a machine learning
method, the MADP proposed in this study, being decomposed into task allocation and path
planning, was tackled to obtain an optimal solution. When dispatching multiple AGVs
to execute container transportation, a reasonable assignment of containers and AGVs can
promote better task completion, and the results can provide decision-making support for
port operation. In addition to analyzing the problem itself, a combination of different
approaches can be tried and applied to complex decision problems.

However, there were some limitations in this study. A traditional training method
was used in QL, e.g., the e-greedy strategy, when choosing the action. An intelligent
algorithm can be considered to evaluate the action selections. For example, QL and PSO
were combined to search the better state-action values and improve the convergence rate.
In addition, the double-cycle process can be further researched. The AGV transports the
containers being loaded to vessels and containers being unloaded from vessels, which
increases the route complexity. Deep reinforcement learning can be considered to solve the
integrated dispatching of AGVs and other associated equipment during transportation.
Moreover, some factors should be studied in the MADP, such as the path conflicts and the
battery capacity of AGVs. The realistic constraints can be considered when planning AGV
paths to simulate the practical operational environment. Digital twin is also an alternative
approach to help decision making involving the scheduling of multiple AGVs in port.
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Appendix A

Some data samples of tasks are provided in Table A1, where the time is converted to
numeric format.

Table A1l. Some data samples of tasks.

Task ID Container Block QC Earliest Time Latest Time
15151050 5 2 0 2100
15150726 4 1 0 720
15151322 3 2 60 3600
15152214 1 1 60 8400
15155329 4 2 120 26520
15151520 2 1 180 4560
15151632 3 1 240 4740
15153108 2 1 240 13020
15151248 1 1 240 3240
15153185 3 1 300 13560
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