JIMO, 22(11): 5855-5908.
DOI:10.3934/jim0.2026198

é%\% Journal of Industrial and Received: 11 August 2026

%‘37 Management Optimization Revised: 25 September 2026
Accepted: 09 October 2026

https://www.aimspress.com/journal/jimo Published: 22 October 2026

Research article

Joint AGV dispatching and predictive maintenance in automated container
terminals: A health-aware multi-agent reinforcement learning approach

Ang Yang', Qing Xu', Xingchun Li', Keshuang Du'-*and Jing Gao’

! School of Maritime Economics and Management, Dalian Maritime University, 1 Linghai Road,
Dalian, 116000, China

2 University of South Australia, Adelaide, SA 5001, Australia
* Correspondence: Email: keshuang.du@dlmu.edu.cn.

Abstract: Automated container terminals rely on automated guided vehicle (AGV) fleets to connect
quay cranes and yard blocks. Existing AGV dispatching studies mainly address task assignment,
routing, charging, or equipment coordination, while maintenance decisions are often modeled as
exogenous availability changes. This separation limits policy responses to health degradation, failure
risk, maintenance windows, and maintenance resources. This study investigates a joint AGV dispatching
and predictive maintenance problem that integrates transport assignment, charging, preventive and
corrective maintenance, health degradation, stochastic failures, and shared resource capacities in a unified
framework. A health-aware extension of QMIX (monotonic mixing of individual agents’ action values),
named HA-QMIX, is proposed to learn decentralized AGV dispatching policies under centralized
training. HA-QMIX incorporates the health index, remaining useful life, failure risk, and state of charge
into agent observations and global states. A top-K task candidate mechanism handles dynamic task
arrivals within a fixed action space, and action masking excludes infeasible actions caused by task
status, vehicle status, charging conditions, maintenance windows, and resource capacities. A reward
transformation links net-cost minimization with cooperative learning, while constrained checkpoint
selection balances operational performance and safety. In the reported preventive maintenance pressure
experiments, HA-QMIX exhibits relatively consistent risk-related indicators across five training seed
runs, while throughput varies substantially across these runs. The results therefore identify throughput
stability as a remaining limitation of the current approach.
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1. Introduction

Automated container terminals use integrated quayside, yardside, and horizontal transport systems to
reduce vessel turnaround time and improve terminals’ operating efficiency. Automated guided vehicle
(AGYV) fleets undertake the horizontal transport tasks between quay cranes (QCs) and yard blocks, and
vehicle dispatching decisions directly affect QC waiting, yard—crane interaction, vehicle utilization,
and task delay [1,2]. Existing studies have developed mathematical programming, decomposition,
hierarchical control, and reinforcement learning methods for AGV scheduling, equipment coordination,
and conflict-free movement in automated terminals [2—4]. These contributions provide important
foundations for vehicle assignment and equipment synchronization.

AGYV dispatching in an automated terminal is not only a transport assignment problem. Battery
state, charging capacity, health degradation, failure risk, and maintenance resources also consume
vehicles’ time and influence their subsequent task availability. Charging decisions have been shown to
change vehicles’ availability and operational delay in automated terminal dispatching [5]. Reliability
deterioration and predictive maintenance studies also show that health indicators, remaining useful life,
and maintenance timing can substantially affect production cost, downtime, and systems’ reliability [6,7].
When AGVs’ health degradation is ignored, short-term dispatching gains may be converted into high-risk
operation, unexpected failure, and corrective maintenance (CM) workload.

The joint consideration of dispatching and predictive maintenance remains underdeveloped for
automated terminal AGV fleets. AGV scheduling studies usually incorporate dynamic task release, path
interaction, and charging and equipment coordination, but health state, preventive maintenance (PM),
and CM are seldom modeled as online AGV actions [1,4,5]. Predictive maintenance and production—
maintenance integration studies usually describe degradation, reliability, and maintenance timing, but
the main decision objects are machines, jobs, or components rather than mobile AGV fleets with spatial
movement and terminal resource constraints [6,8,9]. This gap motivates a unified decision model that
links transport tasks, charging behavior, health degradation, and maintenance resources in the same
time-indexed operating process.

Solving this joint problem is challenging for three reasons. First, transport tasks are released
dynamically, and each AGV has a changing position, operating state, and feasible task set. Second, PM,
CM, and charging compete with transport execution for vehicles’ availability and shared service
resources. Third, health degradation introduces long-term risk dependence, because delaying
maintenance or charging may reduce current interruptions but increase future failure probability,
downtime, and task disturbance. These features make a purely static optimization model difficult to use
as an online dispatching policy, while a simple rule-based policy cannot fully represent the coupled
tradeoff between throughput and reliability.

This study develops a health-aware multiagent reinforcement learning framework for joint AGV
dispatching and predictive maintenance. The problem is first formulated as a time-indexed joint
optimization model that includes terminal road network constraints, task assignment, charging capacity,
PM and CM capacity, health degradation, failure risk representation, and a net-cost objective. The
optimization objective is then transformed into a cooperative Markov game, where each AGV acts as an
agent and chooses among task execution, charging, PM, buffer movement, waiting, and state keeping. A
health-aware QMIX algorithm (HA-QMIX), which uses monotonic mixing of individual agents’ action
values, is designed to learn decentralized AGV actions under centralized training.
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The main contributions are summarized as follows.

1. A joint AGV dispatching and predictive maintenance formulation is established for automated container
terminals. The formulation integrates transport task assignment, charging decisions, PM, CM, stochastic
failure, health degradation, and shared resource capacities in a unified decision framework.

2. An HA-QMIX method is proposed for online AGV fleet control. The method incorporates the
health index, remaining useful life, failure risk, and state of charge into the multiagent state
representation, and combines a top-K task candidate mechanism with action masking to handle
dynamic tasks and operational feasibility constraints.

3. A computational study evaluates the proposed method under a PM pressure scenario. Baseline
comparison, analysis of the training process, multiseed evaluation, an ablation analysis, and a
sensitivity analysis are used to examine transport performance, maintenance behavior, failure
control, and resource capacity effects.

The remainder of this study is organized as follows. Section 2 reviews studies on AGV scheduling,
predictive maintenance, integrated optimization, and potential solution methods. Section 3 formulates
the joint AGV dispatching and predictive maintenance problem. Section 4 presents the HA-QMIX
framework, including its observation design, top-K candidate selection, action masking, reward
transformation, and checkpoint selection. Section 5 reports the computational experiments and
managerial insights. Section 6 concludes the study.

2. Literature review

This section reviews the research foundations for integrating AGV dispatching with predictive
maintenance in automated container terminals. The discussion addresses the operational importance and
characteristics of the joint problem in Sections 2.1 and 2.2; examines related studies on AGV scheduling,
maintenance decision-making, and integrated optimization in Section 2.3; and evaluates the applicability
of potential solution methods in Section 2.4.

2.1. Operational importance of joint AGV dispatching and predictive maintenance

Automated container terminals organize QCs, yard equipment, and AGV fleets into a continuous
loading and unloading chain, in which horizontal transport capacity constrains vessels’ service rhythm
and yard turnover [1,2]. AGV dispatching covers task assignment, route execution, and quay—yard
connection, while dynamic task release and path conflicts are converted into task delays and equipment
waiting [2,3]. Studies on simultaneous scheduling of machines and multiload AGVs also indicate
that material handling vehicle utilization and the system’s makespan jointly determine the operational
performance of automated systems [10].

Transport tasks, charging behavior, and equipment coordination compete for AGVs’ available
time on the same operating timeline, and dispatching policies jointly affect delay costs, empty-travel
costs, and energy costs [4, 5]. Integrated optimization of AGVs and dual yard cranes incorporates
vehicle assignment into yard—crane scheduling, showing that isolated optimization of yard equipment
cannot fully represent the temporal coupling among multiple suboperations [4]. AGV dispatching with
charging requirements further shows that energy replenishment decisions alter the cost relationship
among transport plans, vehicle availability, and operational delay [5].
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Long-term high-frequency operation of AGV fleets leads to health degradation and failure risk,
making remaining useful life (RUL) prediction and health indicator (HI) modeling central inputs for
predictive maintenance decisions and resource allocation [7]. Production scheduling and maintenance
coordination under reliability degradation shows that decreasing reliability increases failure probability,
while CM and PM correspond to the post-failure cost and proactive maintenance cost, respectively [6].
PM decisions also change operational delay costs because maintenance occupies equipment time and
affects task processing sequences [6].

The operational importance of joint AGV dispatching and predictive maintenance arises from the
coupling of throughput, delay, energy, maintenance, and downtime costs within the same operating
process [1,5,6]. When transport dispatching ignores health states, short-term task completion benefits may
be obtained at the expense of high-risk operation, failure downtime, and CM resource occupation [6,7].
When maintenance planning is detached from task release and equipment coordination, PM timing may
increase QCs waiting, yardside waiting, and AGV idle time [1,4, 6].

2.2. Operational characteristics of joint AGV dispatching and predictive maintenance

The joint AGV dispatching and predictive maintenance problem exhibits dynamic temporal
characteristics, as task releases, vehicle positions, QC service, and yardside service continuously
change during operations [1,2]. Before executing a transport task, an AGV needs to match the task
origin, task direction, and road accessibility, while path conflicts and vehicle interactions can change the
task completion time [2, 3]. The dynamic dispatching process also includes future task arrivals and
current vehicle state updates, so a single dispatching decision affects the subsequent set of available
vehicles and equipment waiting time [1,5].

The joint decision process also exhibits multiresource competition, with AGVs’ available time
allocated among loaded transport, empty travel, charging, waiting, and maintenance [4,5]. Charging
requirements cause vehicles to switch between transport service and energy replenishment, and charging
duration, charger capacity, and task delay jointly affect dispatching outcomes [5]. Coordination
among QCs, yard equipment, and AGVs converts local equipment idleness into chain-level waiting,
requiring vehicle assignment and equipment sequencing to be coordinated under the same operational
rhythm [1,4].

Health degradation gives AGV states an intertemporal accumulation effect, because equipment usage
reduces reliability and increases the failure probability [6,7]. HI and RUL convert operating history into
maintenance decision information, and health state changes affect equipment’s availability, failure risk,
and asset allocation [7]. PM restores reliability before failure while occupying operating time, whereas
CM restores equipment after failure and generates repair costs and downtime losses [6].

Joint AGV dispatching and predictive maintenance further involves a tradeoff between short-term
throughput gains and intertemporal risk costs [5, 6]. Delayed charging can release current transport
capacity, but energy constraints may increase the unavailable time and operational delay in subsequent
periods [5]. Delayed PM can reduce current maintenance occupation, but health degradation may
increase failure downtime, CM cost, and task sequence disruption [6,7].
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2.3. Existing studies on AGV scheduling, maintenance decision-making, and integrated optimization

Chen et al. developed a multirobot task-allocation framework for yard cranes and AGVs in automated
container terminals, using a discretized virtual network and a multicommodity flow model to represent
interequipment constraints [1]. Numerical experiments showed that alternating direction method of
multipliers (ADMM) decomposition and a rolling horizon framework can obtain near-optimal equipment
coordination solutions for practical terminal instances [1]. The research focus was synchronous
scheduling of yard cranes and AGVs, while health degradation, PM/CM decisions, and maintenance
resource occupation have not yet entered the vehicle dispatching state [1,6].

Xin et al. proposed a sequential planning control method for interacting equipment in automated
terminals to address conflict avoidance among AGVs, QCs, and yard equipment [3]. Li et al. further
proposed a hierarchical framework for dynamic conflict-free AGV scheduling, in which the upper layer
uses reinforcement learning for dynamic task assignment and the lower layer uses a path generation
algorithm to evaluate actions and mitigate path conflicts [2]. Dynamic dispatching and path coordination
studies have advanced task assignment and conflict mitigation, but vehicle health risk, maintenance
windows, and repair resources are not yet part of online action selection [2, 3, 6].

Zhang et al. studied the integrated scheduling of AGV's and dual yard cranes, formulating a mixed-
integer programming (MIP) model and designing a branch-and-bound method to handle dual yard crane
interference and AGVs’ arrival timing [4]. Yang et al. incorporated multiload strategies and charging
requirements into AGV dispatching in automated terminals, showing that multiload transport can reduce
the empty-travel cost and operational delay cost [5]. Energy replenishment, equipment interference, and
transport tasks have been integrated into the same scheduling problem, but maintenance behavior is still
commonly treated as a change in equipment availability outside the dispatching system [4-6].

Chen et al. studied the simultaneous scheduling of machines and multiload AGVs, combining a
genetic algorithm with digital twin simulation to evaluate AGVs’ utilization and the system’s
makespan [10]. The experimental results indicate that a digital twin environment can provide more
detailed feedback on transport time and vehicle utilization for production scheduling schemes [10]. The
research object is mainly machine~AGV synchronization in flexible manufacturing systems, while
quay—yard operation chains, charging dispatching, and health maintenance coupling in automated
terminals still require port-oriented modeling [1, 5, 10].

Si et al. systematically reviewed statistical data-driven RUL estimation methods and pointed out that
RUL estimation depends on health monitoring information and degradation process modeling [11].
Alaswad and Xiang reviewed condition-based maintenance (CBM) optimization models under
discrete-state degradation, continuous-state degradation, and proportional hazards models, and
discussed maintenance policy design for single-component and multicomponent systems [12]. Zhou et
al. further reviewed RUL prediction methods from an HI-dependent perspective, showing that the HI’s
construction quality affects health assessment and asset allocation in predictive maintenance [7].

Shi et al. proposed a multicomponent CBM framework under system reliability requirements,
using a rolling horizon, Bayesian updating, and a dynamic priority heuristic to select PM component
groups [13]. Computational results show that updating reliability predictions with new degradation
observations can reduce maintenance costs and improve the system’s reliability [13]. Multicomponent
CBM research provides a modeling basis for health-state-driven maintenance decisions, but transport
task release, vehicle position, charging resources, and terminal equipment coordination are generally
not state variables in maintenance decision models [1, 5, 13].

Journal of Industrial and Management Optimization Volume 22, Issue 11, 5855-5908.



5860

Lu et al. studied the integrated problem of single-machine production scheduling and PM planning
under failure uncertainty, jointly determining the job sequence, PM timing, and planned completion
time to improve the schedule’s robustness and stability [14]. Liu et al. combined predictive maintenance
planning with single-machine production scheduling and minimized the total expected cost using health
state, virtual age, and RUL information [15]. Single-machine integrated scheduling studies introduce
degradation information and maintenance planning into production scheduling, but the problem structure
mainly centers on a single machine and a given job set; multi-AGV fleet coordination, dynamic transport
tasks, and charging behavior are still outside the core decision objects [5, 14, 15].

Ghaleb et al. developed a stochastic mixed-integer model for production scheduling and maintenance
planning of a single degrading machine, representing machine degradation as a multistate process and
allowing maintenance actions, inspection policies, and job sequences to jointly determine the total
cost [8]. Hu et al. further studied production scheduling and maintenance coordination under reliability
degradation, incorporating PM, CM, failure probability, and the job tardiness cost into the same expected
cost objective and solving the model with an improved grey wolf optimizer [6]. Integrated production—
maintenance optimization shows that maintenance decisions change production scheduling performance,
but differences remain between production machine sequencing models and online AGV dispatching in
automated terminals in terms of task dynamics, spatial movement, and shared service resources [1,6, 8].

Geurtsen et al. reviewed production, maintenance, and resource scheduling and noted that
simultaneous integration of production—-maintenance—resource scheduling remains relatively limited [9].
AGYV dispatching studies in automated terminals have addressed equipment coordination, dynamic
dispatching, path conflicts, and charging requirements in depth, but health degradation, maintenance
windows, and PM/CM capacity have not yet become common dispatching states [1, 2, 4, 5].
Maintenance decision-making and integrated production—maintenance research have treated RUL, HI,
PM, CM, and reliability degradation in depth, but multi-AGV transport tasks, quay—yard operation
chains, and online vehicle action selection remain outside the main research boundary [6,9, 11, 12].

2.4. Potential solution methods and critical assessment

Joint AGV dispatching and predictive maintenance can be addressed by mathematical programming,
decomposition optimization, metaheuristics, simulation optimization, and learning-based methods, with
different methods corresponding to different problem scales, information structures, and online response
requirements [1,9, 16]. Mathematical programming and exact algorithms are suitable for representing
resource capacity, operation sequence, and equipment interference, and their solutions provide explicit
feasibility interpretation [4, 16]. When the task release, vehicle state, and equipment health change over
time, solution methods also need to handle dynamic state updates and intertemporal risk costs [2,17,18].

Mixed-integer programming, constraint programming (CP), and branch-and-bound methods are
suitable for small- and medium-scale static or quasi-static scheduling problems and can provide verifiable
benchmark solutions and structural model interpretation [4, 16]. Decomposition optimization and
rolling horizon methods reduce computational pressure by splitting equipment subproblems or stage
subproblems, making them suitable for multiequipment coordination among QCs, yard cranes, and
AGVs [1,2]. Metaheuristics and hybrid heuristics are suitable for large-scale instances and multiobjective
tradeofs, but the solutions’ quality usually depends on the coding schemes, neighborhood structures,
and parameter settings [5, 19].
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Table 1. Applicability comparison of potential solution methods.

Dynamic ] Shared Long-term ]
Method task  Multi-AGV Charging  Health PM/CM resource risk Decentralized Representative
category Method release coordination decision degradation decision constraints dependence execution  studies
Optimization Mixed-integer A A A X A v A X Qin et al.
methods programming (2020) [16];
Zhang et al
(2024) [4]
Constraint A A X X X v A X Qin et al.
programming / (2020) [16]
MIP-CP hybrid
Decomposition / v/ v A X A v A X Chen et al
rolling horizon (2020) [1]; Li et
al. (2024) [2]
Heuristic  and A A v A A A A X Li et al.
metaheuristic (2021) [19];

Yang et al
(2025) [20]

Simulation- Simulation A A v A A A A X Chen et al
based optimization (2021) [21]
methods
Digital-twin- A A A A A A A X Chen et al
assisted (2025) [10]
optimization
Learning-  Reinforcement A v v v A v A Li et al.
based learning (2024) [2];
methods Zhang and Si
(2020) [17]
Multiagent v v v A A A v v Ruiz Rodriguez
reinforcement etal. (2022) [18];
learning Yang et al
(2025) [20]
Value v v A A A A v v Rashid et al
decomposition (2020) [22]; Ruiz
methods Rodriguez et al.

(2022) [18]

Note: MIP = mixed-integer programming; CP = constraint programming. v* denotes that the method can directly or naturally address the
requirement; A denotes that the method can address the requirement after state discretization, scenario extension, rolling horizon design,
policy structure design, or other problem-specific adaptation; X denotes that the method is difficult to apply directly to the requirement.

Potential methods are compared in Table 1 from the perspectives of dynamic task release, multi-AGV
coordination, charging decisions, health degradation, PM/CM decisions, shared resource constraints,
long-term risk dependence, and decentralized execution. Optimization-model-based methods have
clear structures for representing shared resource constraints and operation sequences, but dynamic
states, health degradation, and decentralized execution usually require rolling horizon design, state
discretization, or additional decomposition [1,4, 16]. Simulation optimization and digital-twin-assisted
methods can reproduce vehicle utilization, charging mechanisms, and operational interference and
can provide offline evaluation environments for dispatching rules or learning policies; however, direct
optimization depends on simulation repetitions and scenario calibration [10,21].
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Reinforcement learning methods are suitable for representing dynamic dispatching as a sequential
decision problem and learning task assignment, charging, or maintenance policies through interaction
with the environment [2, 17]. Deep reinforcement learning has been applied to multicomponent
CBM, where degradation states can be mapped directly to maintenance actions, and the burden of
high-dimensional threshold search can be reduced [17]. Reinforcement learning studies in automated
terminals have also begun to address dynamic task assignment, path conflicts, and charging dispatching,
but maintenance actions, failure recovery, and health risk are generally not modeled simultaneously
with AGV transport actions [2, 18,20].

Multiagent reinforcement learning further matches the distributed decision structure of AGV fleets,
and value decomposition provides a team value modeling approach for centralized training with
decentralized execution [18,22]. Multiagent reinforcement learning for predictive maintenance has
incorporated multiple pieces of equipment and maintenance technician scheduling into partially
observable cooperative processes, and experimental results show that learned policies can reduce
failures and downtime [18]. Multiagent simulation optimization in automated terminals has covered
joint task assignment and charging dispatching for intelligent guided vehicles, indicating that distributed
learning is suitable for handling vehicle state heterogeneity and dynamic operating environments [20].

Overall, joint AGV dispatching and predictive maintenance requires the constraint interpretability of
optimization models, the operational detail of simulation environments, and the online adaptability of
learning methods at the same time [9,21,22]. Existing methods have separately covered equipment
coordination, charging dispatching, health-aware maintenance, and multiagent learning, but unified
online decisions over task assignment, charging, PM, CM, failure recovery, health degradation, and
maintenance resource capacity still leave room for integration [1,6,20]. The following formulation and
method design therefore need to represent transport benefits, maintenance costs, failure risk, and action
feasibility within a unified decision framework [2, 17, 18].

3. Problem formulation

This section develops the joint AGV dispatching and predictive maintenance formulation. It defines
the automated terminal operating scenario in Section 3.1; specifies the fleet, task, and shared resource
constraints in Section 3.2; describes health degradation and failure risk in Section 3.3; establishes the
integrated decision structure in Section 3.4; and formulates the optimization objectives in Section 3.5.

3.1. Automated terminal operation scenario

The horizontal transport system of an automated container terminal consists of QC work areas, yard
work areas, an AGV ring road, charging areas, maintenance areas, and buffer areas. AGVs execute
loading and unloading transport tasks between QCs and yard blocks. The spatial structure of the
terminal can be represented by a directed road network, where AGV transport, charging, maintenance,
and waiting activities occur on network nodes and directed road arcs. The directed road network and
node partition are defined as

G =WN.9), (3.1

N = Nquay,crane U Nyard U Ncharging U Nmaintenance U Nbuffer U Nroad’ (32)
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Here, G denotes the directed road network of the automated terminal, NV denotes the set of terminal
nodes, and & denotes the set of directed road arcs on which AGVs can travel. N9"%-¢¢ depotes the
set of QC service nodes, N¥* denotes the set of yard endpoints, NM¥¢"¢ denotes the set of charging
nodes, A/maintenance dqennates the set of maintenance nodes, N denotes the set of buffer nodes, and
N™ denotes the set of ordinary road nodes. Equations (3.1)—(3.2) incorporate QCs, yards, charging
stations, maintenance stations, buffer areas, and ordinary roads into a unified node set, while the directed
arc set defines feasible AGV travel directions.

! |
i Quay crane area (QC) i — — : ;
PN 8 I o | :
: - |
= - |
| |
| |
|
{
Loading tasks: | Unloading tasks:
yard to QC QC to yard
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| Charging area | T
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i
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Buffer area
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One-way AGV O Road node . ¢} Quay crane nodes {7} Yard nodes {7} Charging nodes {7) Maintenance nodes {7 Buffer nodes
= o e () sy ® O vt > o

Figure 1. Automated terminal operation scenario and joint decision scope.

The scenario structure maps QC service nodes, yard endpoints, charging nodes, maintenance nodes,
buffer nodes, and ordinary road nodes onto the same directed road network, as shown in Figure 1.
Loading tasks move from yard endpoints to QCs, whereas unloading tasks move from QCs to yard
endpoints; the task directions are further described by Eqs (3.8)—(3.9). Charging areas, the shared
PM/CM maintenance area, and buffer areas are located outside the main transport ring, causing transport
task assignment, charging dispatching, PM, and CM to compete for AGV time and service resources
within the same spatial network.

The main AGV roadway in the automated terminal adopts a ring traffic organization. The ring road’s
direction is characterized by the node successor relation, and the feasible main road arcs satisfy

Fi+15 k < |R|a
cc = 3.3
succ(ry) r k=Rl (3.3)

(re,succ(ry)) € &,  (succ(ry), ) ¢ 6, VrpeR. 3.4

Here, R = (ry,r2,...,1g) denotes the ordered node sequence on the main ring road, and succ(ry)
denotes the successor of node r; along the ring road’s direction. Equation (3.3) defines the ring direction,
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and Eq (3.4) includes the forward road arc in & while excluding the reverse road arc. The one-way
ring constraint forces AGVs to travel along the prescribed direction and reduces the path coordination
complexity caused by bidirectional traffic.

AGYV movements between different yard endpoints are completed through the ring road, and no
direct road connection is provided between yard endpoints. The set of direct road arcs between yard
endpoints satisfies

Syard,to,yard — {(l, ]) lie NYard’ ] e NYard, i+ j, @, ]) €&l =2. (35)

Here, &¥@d-0-yad denotes the set of direct road arcs between yard endpoints. Equation (3.5) restricts the
number of direct connections between yard endpoints to zero. Horizontal transport tasks are organized
around QCs and yard endpoints, while movements between yard endpoints are realized through the
external ring road.

AGYV travel time is jointly determined by directed network distance, road arc length, maximum
speed, and the discrete decision interval. The directed shortest path distance and discrete travel time
between nodes are defined as

d; = min Db GJEN, (3.6)
(u,v)Ep
iy 3.7)
Tl] = vmaXAl’ . .

Here, [,, denotes the length of directed arc (u,v) € &, P;; denotes the set of all directed feasible paths
from node i to node j, d;; denotes the directed shortest path distance from node i to node j, v™ denotes
the maximum AGV speed, A denotes the discrete decision interval, and 7;; denotes the discrete travel
time from node 7 to node j. Equation (3.6) computes feasible path distance on the directed network G,
and Eq (3.7) converts continuous travel time into the number of discrete time steps. The travel time
definition provides a unified time scale for transport task execution, charging transfer, and maintenance
transfer.

Loading and unloading tasks have opposite quay—yard transport directions. The origin and destination
of a transport task satisfy

& = unload = o; = g, € NVY-ere g =y e NY, (3.8)

& =load = op = yp € N, dy = gy € NUW=e, (3.9)

Here, K denotes the set of transport tasks, k € K denotes a transport task index, &, € {load, unload}
denotes the task type, o, denotes the task origin, d; denotes the task destination, g, denotes the associated
QC node, and y, denotes the associated yard endpoint. Equation (3.8) defines an unloading task as
transport from a QC to a yard endpoint, while Eq (3.9) defines a loading task as transport from a yard
endpoint to a QC. The task direction constraints characterize the quay—yard transport relationship in the
loading and unloading operations of automated terminals.

Each transport task k has a release boundary r; and a due boundary ;. Pickup and delivery require
Pickup and 79elivery decision intervals, respectively. The realized completion boundary C; is determined
by the execution-generated completion event, as specified in Eq (3.31).

For a task completed within the scheduling horizon, the phase-processing requirements imply

Cy = 1+ TVHNP g, 4 glelivery, Vke K : mr = 1. (3.10)
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This lower bound is a consequence of the task execution process; it does not independently determine
completion time. Tasks unfinished at the terminal boundary are not assigned an observed completion
time within the horizon.

Task due times provide urgency information for the observations and candidate task selection in
Sections 4.2 and 4.3. The objective in Section 3.5 penalizes pending task waiting and does not include a
separate due-date tardiness cost.

The number of vehicles accommodated by an AGV ring road arc in the same time step is limited by
road capacity. The road capacity constraint is

> zai < ki MG )EE VET. (3.11)

acA

Here, A denotes the AGV set, 7 = {0,1,...,T — 1} denotes the set of decision intervals, and T =
{0,1,...,T} denotes the set of state boundaries, z,;;; € {0, 1} indicates whether AGV a occupies road
arc (i, j) at time step ¢, and «;; denotes the number of AGVs allowed to travel on or occupy road arc
(i, j) simultaneously at the same time step. Equation (3.11) counts the number of AGVs on each road
arc at time step ¢ through the occupation variable z,;;; and limits concurrent occupation through the
capacity parameter k;;. The road capacity constraint converts traffic restrictions caused by lane capacity
and safety spacing into a discrete-time resource capacity relation.

Each decision interval is represented by [z, + 1), with a physical duration Af. Vehicle and task states
indexed by t are observed before the decisions at boundary ¢. Assignment decisions are then made,
travel and service processes advance during the interval, and completion and failure events determine
the states at boundary ¢ + 1. Actions, resource occupation, and interval-level events are indexed by
t € 7, whereas terminal states are retained at boundary 7.

3.2. AGYV fleet, transport tasks, and resource constraints

A transport task passes through release, assignment, execution, and completion. A failure may
interrupt execution and return the unfinished task to the pending set. At boundary ¢, let p;, € {0, 1}
indicate whether task k is pending, y,, € {0, 1} indicate whether AGV a retains task k from an earlier
assignment, and 7, € {0, 1} indicate whether task k has been completed before the decisions at that
boundary. The execution state y,, covers travel to the pickup node, pickup service, loaded travel,
delivery service, and waiting within this assigned task.

Let x4, € {0, 1} indicate a new assignment at boundary ¢. Let ¢y, € {0, 1} and g4, € {0, 1} denote,
respectively, successful completion and failure-induced interruption during [z, ¢ + 1). Thus, X, Cus,
and g, are events, whereas py,, yai, and 1, are boundary states.

The initial configuration contains no assigned or completed tasks. The initial task states satisfy

Pro = I(re £0),
Mo =0, Yae A, VkeK. (3.12)
Yako = 0,

Here, r; is the release boundary of task k. An unreleased task has all three task state indicators equal to
zero. After release, a task is pending, assigned to one AGV, or completed

P+ Z Vo + s =L <8, YkeK, VreT. (3.13)

acA
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Equation (3.13) prevents an assigned or completed task from simultaneously remaining pending.
Only a pending task can receive a new assignment, and at most one AGV can receive that assignment

> X <ps  VkEK, VieT. (3.14)

acA

Together with Eq (3.13), this constraint excludes assignments before release, repeated assignments
during execution, and assignments after completion.
The task occupation immediately after assignment is

YVakt = Yake + Xaks» Yare € {0, 1}, Yae A, Vke K, VteT. (3.15)

Task and vehicle occupation satisfy

STl VkeK, VieT, (3.16)
acA

Y <1,  YaeA, VieT. (3.17)
ke

These constraints account for both previously assigned tasks and new assignments within the current
interval.

Task completion requires the ordered execution of four phases: Travel to the pickup node, pickup
service, loaded travel, and delivery service. Let J = {1,2,3,4} index these phases. The required
processing amounts, measured in decision intervals, are

akt

(3.18)

D :Szkt =Tods D ikt = qlelivery,
Here, n,, is the AGV position at assignment, and the travel time terms follow Eq (3.7). Pickup and
delivery service requirements are positive integers. A zero travel requirement, including an AGV already
located at the pickup node, does not require a processing interval for that travel phase.

Let Ré « € Zso denote the remaining processing amount of phase j before the decisions at boundary 7.
Initially, Ri o = 0. A new assignment initializes the phase requirements

R

T =R, 4D xu,  Vjed. (3.19)

The initialization uses the vehicle position at the new assignment. When x,, = 0, the remaining
requirements are carried forward without being recomputed.
Let v/ € {0, 1} indicate one unit of processing of phase j during [z, + 1). Processing satisfies

j —
E Vukl‘ S yakt’

JjeT
Vo < R jed, (3.20)
v, < H(Zﬁikt = 0], jed.
<j
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The empty sum for j = 1 equals zero. Only the first unfinished phase can receive processing, and at
most one unit can be processed within an interval. A zero processing increment represents waiting while
the task remains assigned to the same AGV. These processing variables provide the interface for travel
and service resource admission constraints.

A task completion event occurs exactly when an assigned task finishes all required phases without a
failure in the interval

Catr = 1|Tuts = 1, Fay =0, Y (Rl =, ) =0]. (3.21)
JjegJ
Here, F,, denotes a new failure event during [z, 7 + 1). If failure and the nominal completion of the final
phase fall within the same interval, failure takes precedence and the task is not counted as successfully
completed. This convention makes completion and interruption mutually exclusive.
The remaining processing amounts and task ownership evolve as

Rik,t+1 = (1 = qar) (Eékt - V,J;k,) ) Vjed, (3.22)

Yakt+1 = Yakt t Xakt — Cakt — Gake- (3.23)

Unless completion or interruption occurs, the AGV retains the task at the next boundary. Completion
clears the task occupation after all remaining processing amounts reach zero. Interruption clears the
occupation and discards the remaining processing record for that assignment attempt. The interruption
event is specified in Eq (3.61).

The pending and completed states are updated by

Dipr1 = Py (e =t +1) = Z Xakt + Z Yakt» (3.24)
aeA aceA
Misst = Mt + ), Cake (3.25)
aeA

Equations (3.19)—(3.25) apply to all relevant AGVs and tasks and all # € 7. The release term introduces
a task at its release boundary, assignment removes it from the pending set, and interruption returns it to
that set. The completed state changes only through the phase-based completion event.

Each task can be completed at most once

Z Z car <1, VYkeXk. (3.26)

teT acA

A task may be reassigned following interruption, but its successful completion is recorded only once.
Tasks still pending or assigned at the boundary 7" remain unfinished and do not contribute to the task
completion benefit.

New dispatching decisions also require an assignable AGV. Let y,, € {0, 1} indicate that AGV a
is operable, has no unfinished transport task, and is idle or eligible for reassignment during buffer
movement. In particular, we have

Xer $1= Yao  XarSbay  VYa€ A, VieT. (3.27)
keK
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Here, b,, indicates whether the AGV is free of an unrepaired failure at boundary 7. Charging,
maintenance, and other ongoing service states are excluded from the assignable operating modes.
Task assignment, charging dispatch, PM dispatch, and buffer dispatch satisfy

h ti t
Z X + uc arging " g;even ive_maintenance " th]ffer < Xans Va e ﬂ, Vie T (328)
keK
h tive_maint . . .
The binary variables y’ /8" Prevenive-mainienance o g ybuffer renresent the corresponding dispatching

actions.
Each AGYV selects one action as follows:

z chargin, reventive_maintenance fit
-xakt+u gg+ p +ubuer

at at
kek Yae A, VteT. (3.29)
+ u‘vl\;altmg +u keepmg — 1’
waltmg keepmg " . . .
Here, u, and u,, represent waiting and keeping the current execution process, respectively. An

AGV carrymg an unﬁnished task selects the keeping action

keepmg > Z)’alm VYae A VteT. (3.30)
keK

Keeping preserves task ownership while travel, service, or resource-related waiting progresses. It does
not permit the current task to be replaced by a new dispatching action.

Task completion time is derived from the successful completion event defined in Eq (3.21). Since
ko = 0, the completion state transition gives M7 = Y eq Yaes Cae- FOI a task completed within the
scheduling horizon, its realized completion boundary is

Co= )+ can  VkEK:mr=1 (3.31)

teT” acA

A completion event during [z, ¢ + 1) is recorded at boundary ¢ + 1. Because a task can be successfully
completed at most once, this expression identifies its unique completion boundary.

The completion event can occur only after the assigned AGV finishes all required processing phases
without a failure in the completion interval. Therefore, Cy, is an outcome of the assignment and execution
process, rather than a freely chosen scheduling variable. Waiting and any unsuccessful assignment
attempts are reflected in the eventual completion boundary.

For a task with 7, 7 = 0, completion has not been observed within the horizon and Cy, is left undefined.
Such tasks are excluded from completed tasks’ duration statistics and receive no task completion benefit.

The numbers of AGVs served by QCs and yard endpoints at the same time step are limited by
operational resource capacities. The QC service resource and yard service resource constraints are

Z Z ng;ﬁl,crane S Bguay,crane, vq E Nquay,crane, vt e 17-’, (3.32)
acA keK
DY S < B, Vye N Vie T (3.33)
aceA keK
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quay_crane
akqt

process task k at time step ¢, and s

Here, s € {0, 1} indicates whether AGV a occupies the service resource of QC g € N¥-1¢ to

Z,i;‘tl € {0, 1} indicates whether AGV a occupies the service resource

of yard endpoint y € NY* to process task k at time step 7. B~ denotes the number of AGVs that
QC g can serve simultaneously at the same time step, and Bzard denotes the number of AGVs that yard
endpoint y can serve simultaneously at the same time step. Equations (3.32)—(3.33) limit concurrent
service at QCs and yard endpoints, respectively, and characterize the occupation relationship between
AGYV transport tasks and quay/yard service resources.

AGYV charging occupies service resources in the charging area, and the number of AGVs served
by the charging area at the same time step is limited by the number of charging bays. The charging
resource capacity satisfies

DgorEne < g e T (3.34)

aeA
Here, g™ ¢ {0, 1} indicates whether AGV a is in charging service at time step ¢, and Beharging
denotes the number of AGVs that the charging area can serve simultaneously. Equation (3.34) records
charging resource occupation through g-**®"™ and limits concurrent charging service through Behareing,
The variable uS""®" represents the action of moving to the charging area, whereas g """ represents
service occupation after arrival at the charging area; the two variables characterize resource transfer
decisions and resource occupation outcomes in charging dispatching.

PM and CM jointly occupy service resources in the maintenance area, and the number of AGV's
served by the maintenance area at the same time step is limited by the number of maintenance bays.
The maintenance resource capacity satisfies

preventive_maintenance corrective_maintenance maintenance
> (e + g% )<B , VreT. (3.35)
acA

preventive_maintenance

Here, g, € {0,1} indicates whether AGV a is in PM service at time step f,
gg‘,’"e“ivefmai"‘e“ame € {0, 1} indicates whether AGV a is in CM service at time step ¢, and Bmaintenance
denotes the number of AGVs that the maintenance area can serve simultaneously. Equation (3.35)
counts PM service and CM service together as maintenance area occupation and limits concurrent
maintenance service through Bmaintenance pM is triggered by a proactive maintenance decision, whereas
CM is triggered by the post-failure repair process; the maintenance capacity constraint characterizes
resource competition between proactive maintenance and failure repair.

The road and service capacity relations specify limits on concurrent resource use. These upper bounds
alone do not determine vehicles’ movement, service admission, or processing duration. Their inclusion
in the formulation should therefore be distinguished from their enforcement in the computational
implementation. The simulation abstractions relevant to these resource limits are stated in Section 5.1.

An AGV can undertake an assigned task only when it is free of an unrepaired failure at the beginning
of the interval

Vakt <bayy Ya€e A VkeK, VteT. (3.36)

The binary state b, is observed before dispatching, whereas F,, records a new failure during [z,7 + 1).
The two quantities therefore refer to different points in the event sequence.

Let ngt\/[’e"d € {0, 1} indicate completion of the prescribed CM service during the interval. The failure
availability state evolves as

basir =bay—Foy+ I Vae A, VteT. (3.37)

at
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A new failure can occur only in an AGV without an existing unrepaired failure, and CM completion
requires an AGV already undergoing failure recovery

Fa,t S ba,ta

T <1 - by, (3.38)

JCM,end < corrective_maintenance
a,t .

— Oat

The CM completion indicator is determined by the completion of repair service, rather than by the
dispatching decision. An AGV that fails during the interval becomes unavailable at the next boundary
and remains unavailable until CM finishes. The interrupted transport task is identified from the task
occupation before this availability update.

3.3. Health degradation and failure risk representation

Continuous transport, waiting, charging, and discharging processes change AGV equipment health,
and health state changes affect subsequent failure risk and maintenance decisions. Let h,, € [0, 1]
denote the HI of AGV a at time step 7, d~™*°"™**' denote the empty travel distance of AGV a at time step
1, ded-vel denote the loaded-travel distance of AGV a at time step t, w,, € {0, 1} indicate whether
AGYV a is waiting at time step 7, and Ae,, denote the magnitude of the energy state change of AGV a at
time step ¢. The health degradation amount satisfies

Aha,t — fdegradation ( demptyftrave], dll(?;\ded,travel’ Wass A ea,t) , Va e ﬂ, = T, (339)

at

Ahyy >0, VYaeA VteT. (3.40)

Equations (3.39)—(3.40) describe the health degradation relation during AGV operation. Function
fdegradation(.y mapg empty-travel distance, loaded-travel distance, waiting state, and energy state change
to the health degradation amount Ak, ,. Empty-travel distance and loaded-travel distance characterize
the usage intensity of the AGV mechanical system, the waiting state characterizes operating load caused
by congestion or resource queues, and energy state change characterizes the effect of battery usage on
health state. The non-negativity constraint restricts the health degradation amount to be no less than
zero, so regular operation does not generate spontaneous health recovery.

The AGV health state is updated between adjacent time steps according to operational degradation,
PM recovery, and CM recovery. The health state transition satisfies

ha,t+1 — H[O,l] [ha,t _ Aha,t + Rla)’rteventive,maintenance + Rz?tnectivemaintenance] , Va € ﬂ, vVt € T, (3 41)
Here, ITjo,1)[-] denotes a truncation operator that projects a value onto the interval [0, 1], R}, ventive-maintenance
denotes the health recovery of AGV a produced by PM service, and Rf,f’,““‘ivefmaime“an“ denotes the health
recovery of AGV a produced by CM service. Equation (3.41) keeps AGV health state within the
normalized interval [0, 1] and incorporates health degradation, PM recovery, and CM recovery into the
same state transition relation. The health state transition constraint characterizes the dynamic relation
by which AGV equipment state changes with transport operations and maintenance services.

The AGV energy state affects operational feasibility and failure risk, and the energy state is updated
through travel, waiting, and charging processes. Let e,; € [0, 1] denote the state of charge (SOC) of AGV
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empty_travel

a attime step 7, £,

denote empty-travel energy consumption, E'°aded-ravel depgte Joaded-travel
at
. it . ) harei
energy consumption, E' """ denote waiting energy consumption, and E ¢
a,t a,t

replenishment. The SOC dynamics satisfy

denote charging energy

a,t a,t

_travel aiti hargi
a1 = o1 [ea,, — EgPyel _ ploaded travel _ priing E;fg‘“g] , YaeA VteT. (3.42)

Equation (3.42) describes the discrete update relation of AGV energy state. Empty-travel energy
consumption E," v-ravel 1 aded-travel energy consumption Eoaded-travel ‘and waiting energy consumption
E)¥" reduce SOC, while charging energy replenishment Ef:‘,argi“g increases SOC. The truncation
operator Iljo 1;[-] keeps SOC within the normalized energy interval. SOC dynamics provide energy-state
inputs for the health degradation function and failure risk function.

The projection onto [0, 1] bounds the numerical SOC state but does not enforce energy sufficiency.
In the present formulation, task acceptance is not conditioned on an energy budget covering travel
to the task origin, loaded movement, service operations, and subsequent travel to a charging station.
Equation (3.42) should therefore not be interpreted as a guarantee of energy-feasible task execution.
The low-SOC handling used in the computational implementation is described in Section 5.1.

AGYV failure risk is jointly determined by the health state, energy state, and equipment usage state.
Let p,, € [0, 1] denote the failure risk of AGV a at time step ¢, and let £,, > 0 denote the RUL of AGV

a at time step ¢. The failure risk and RUL representations satisfy
_ pfailure_risk
Par = [ (haps €ars Was), Ya €A NLET, (3.43)

ga,t — fremajning,usefuljife (ha,t’pa,ta wa,t) , Va € ﬂ, Vit e T, (344)

Here, w,, denotes the cumulative usage state of AGV a at time step ¢, which can be constructed from
cumulative operating time, cumulative travel distance, cumulative maintenance counts, or cumulative
failure counts. Equations (3.43)—(3.44) convert the health state, energy state, and cumulative usage
state into failure risk and RUL. The function ffiluresisk(.) gives the failure risk of an AGV under its
current state, and function fremaining-useful-life(.y ojyeg the estimated remaining available time of an AGV
under its current state. The health assessment functions may be obtained from data-driven predictors
or rule-based degradation models; the formulation only requires 4,,, p,;, and £, to be updateable on
discrete time steps and available to dispatching decisions.

The computational experiments in this study use a rule-based health model. The specific
degradation, failure risk, and RUL calculation rules, together with their parameter values, initialization,
and maintenance-related updates, are reported in Section 5.1.

AGYV failure events are characterized jointly by a health threshold and risk probability. Let F',, € {0, 1}
indicate whether AGV « fails at time step ¢, hfa““re denote the failure health threshold, p®*° denote
the base failure probability, and @tsk-amplification Jenote the risk amplification coefficient. The failure-
triggering relation satisfies

boy=1, hy<h™™ =F, =1 VacA VteT, (3.45)
For the stochastic failure branch, the probability is conditioned on the current risk state

Pr(Fus = 11 ba = 1, hay > 1, p,,)

‘ {sk amplificat (3.46)
— pbase + a,rlsk,amphﬁcatlonpa’t, Va € ﬂ, VieT.

Journal of Industrial and Management Optimization Volume 22, Issue 11, 5855-5908.



5872

The probability parameters satisfy
0< pbase <1, 0< a/risk,ampliﬁcation <1- pbase. (347)

Since p,, € [0, 1], these parameter restrictions imply

0< pbase + arisk,ampliﬁcation Oas < pbase + arisk,ampliﬁcation <1.

Thus, Eq (3.46) defines a valid conditional Bernoulli probability for every admissible risk value.
The threshold-triggering rule in Eq (3.45) and the operability conditions in Eq (3.38) continue to
apply. Failure events are generated by the environment under these rules and are not freely selectable
optimization decisions.

The main PM pressure configuration uses p®*¢ = 0.00058 and q'isk-amplification — () 004375. The
probability in the stochastic branch therefore lies in [0.00058, 0.004955], which satisfies Eq (3.47).

PM service and CM service restore AGVs’ health state. PM recovery is triggered by a proactive
maintenance decision, whereas CM recovery is triggered by the failure-repair process. The health
recovery amounts satisfy

reventive_maintenance reventive_maintenance i ai 2
Rg,t — gz,z . fpreventlvemdlntendnce (ha,ta wa,t) , Va € ﬂ, Vl e 7-—’ (348)

corrective_maintenance __ _corrective_maintenance corrective_maintenance
R = Qo - f (hoss Way), Yae A VteT. (3.49)

Here, g7'¢"“""*™ "M% jndicates whether AGV a is in PM service at time step f, georective-maintenance
indicates whether AGV a is in CM service at time step ¢, fPreventive-maintenance(.) qenotes the PM recovery
function, and feorrective-mainenance(.y denotes the CM recovery function. Equations (3.48)—(3.49) link
maintenance service states with health recovery amounts; if the AGV is not in the corresponding
maintenance service state, the corresponding recovery amount is zero. The PM recovery function and
CM recovery function characterize the repair effects of proactive maintenance and failure repair on
health state and cumulative usage state, respectively.

PM decisions require maintenance opportunity windows to be identified from the health state and
failure risk. Let mby enve-manennceplaming o g 1} indicate whether AGV a is in the PM planning

window at time step ¢, ppreventive-maintenanceplanning jenote the PM planning health threshold, and
pPreventive-maintenance-planning. qenote the PM planning risk threshold. The PM planning window satisfies

preventive_maintenance_planning __ 7 preventive_maintenance _plannin,
. =1 hy, <h pranmne

reventive_maintenance_plannin,
preventty P g (3.50)

V' Par 2 P

Yae A, YteT.

Equation (3.50) describes the relation determining the PM planning window. When the HI is below the
PM planning health threshold or failure risk is above the PM planning risk threshold, the AGV enters the
PM planning window. Variable il *<"e-menenance-plmning oonverts continuous health assessment results
into a binary maintenance opportunity state, allowing PM decisions to be used in the dispatching model
as feasibility conditions or reward signals.

The urgent maintenance state characterizes AGV health states that are close to the high-risk operating
region. Let m "m0 ¢ 1 1} indicate whether AGV a is in the urgent maintenance state at time

a,t
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step t, pUreent-maintenance dengte the urgent maintenance health threshold, and ptreent-maintenance qengte the
urgent maintenance risk threshold. The urgent maintenance state satisfies

urgent_maintenance __ 7-urgent_maintenance
w =1 h,<h

urgentmaintenance (3 5 1 )

Vpa,tZ,L_) s
Yae A, VteT.

Equation (3.51) describes the relation determining the urgent maintenance state. When the HI is below
the urgent maintenance health threshold or the failure risk is above the urgent maintenance risk threshold,
the AGV enters the urgent maintenance state. The variable my="""""“""* provides a state basis for
identifying high-risk operations and counting missed maintenance opportunities, and the related cost

terms are further defined in the optimization objective.

3.4. Joint dispatching and predictive maintenance decision problem

Joint AGV dispatching and predictive maintenance decisions coordinate transport task execution,
charging dispatching, PM dispatching, buffer dispatching, waiting, and state keeping within the same
discrete time step. Let u,, denote the discrete dispatching action of AGV a at time step ¢. The action set
satisfies

u,, € U,, = {task(k), charge, pm, buffer, wait, keep}, Vae A, Vre T, (3.52)

Here, “task(k)” means that the AGV accepts transport task k, “charge” means that the AGV moves to the
charging area, “pm” means that the AGV moves to the PM area, “buffer” means that the AGV moves to
the buffer area, “wait” means that the AGV waits, and “keep” means that the AGV maintains its current
execution state. Equation (3.52) incorporates transport dispatching actions and equipment maintenance
actions into the same action set. The action set U, corresponds to the binary action variables in
Eq (3.29), enabling an AGV to express both operational choices and equipment state management
choices through one discrete action at a single time step.
4 t+1 t+2 t+T

el s oo
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Figure 2. Timeline of joint dispatching and predictive maintenance decisions.
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On the discrete timeline, the action sequence of an AGV evolves synchronously with task states and
health states, as shown in Figure 2. The task(k) action triggers task assignment, pickup, transport, and
delivery, while the charge and pm actions occupy the AGV’s available time and change the subsequent
risk states; the keep action continues an ongoing transport, charging, maintenance, or repair process.
A failure event interrupts the current transport task and returns the interrupted task to the pending set;
therefore, the action choices, task completion benefits, maintenance costs, failure losses, and health
risks accumulate on the same episode timeline.

A task action represents a new assignment that satisfies the pending state and joint occupation
constraints

U, = task(k) © xy, = 1, Vae A, Vke K, VteT. (3.53)

The assignment is subject to Eqgs (3.14), (3.16), (3.17), and (3.28). It initializes the execution phases
through Eq (3.19). Thereafter, Eq (3.23) retains the task on the same AGV until successful completion
or failure-induced interruption.

PM decisions are subject to AGV assignability, the PM planning window, and maintenance resource
capacity. PM action feasibility satisfies

preventive_maintenance
at

< mpreventive,maintenance,planning’ Vg € ﬂ, Vi e T, (35 4)

a,t

ua,t — pm PEN uz;eventlvemamtenance — 1’ V(l c ﬂ, Vl c T (355)

Here, mlfy‘enive-menenance-plnning 5 defined by Eq (3.50) and indicates whether the AGV is in the PM
planning window. Equation (3.54) restricts the AGV to choose the PM action only when it has entered
the PM planning window, and Eq (3.55) links the unified action variable u,, with the PM action variable

preventive-maintenance " AT decisions are also restricted by the assignability constraint in Eq (3.28) and the
maintenance resource capacity constraint in Eq (3.35); therefore, PM decisions reflect the coupling
among the health state, AGV operating state, and maintenance area resource occupation.

Charging decisions are subject to AGVs’ assignability, energy state, and charging resource capacity.
Let eharging denote the upper energy threshold for the charging action. AGVs’ charging-action feasibility
satisfies

g " < T(eq, < &), Vae A NVteT, (3.56)
Ug, = charge & uS™*™ = 1, Vae A, VieT. (3.57)

at

Here, I(-) denotes the indicator function, and e,, denotes an AGV’s SOC. Equation (3.56) prevents an
AGYV that is close to full charge from selecting the charging action, and Eq (3.57) links the unified
action variable u,, with the charging action variable 1""®". Charging decisions are also restricted
by the assignability constraint in Eq (3.28) and the charging resource capacity constraint in Eq (3.34);
therefore, charging decisions reflect the relation among the AGV’s energy state and operating state, and
the charging area’s resource occupation.

Buffer dispatching and waiting decisions handle spatial occupation when an AGV has no transport
task and is not charging or entering maintenance. The buffer action, waiting action, and state-keeping
action satisfy

Ug = buffer & uly™ =1, YaecA VT, (3.58)

at

Uy = Wait & 1™ =1, Vae A, VieT, (3.59)

at

Journal of Industrial and Management Optimization Volume 22, Issue 11, 5855-5908.



5875

o, = keep © U™ =1, Vae A VteT. (3.60)

Equations (3.58)—(3.60) link the unified action variable with the buffer dispatching, waiting, and state-
keeping action variables. The buffer action is restricted by the assignability constraint in Eq (3.28), the
waiting action means that an AGV does not initiate a new resource transfer at its current position, and the
state-keeping action means that an AGV continues its current transport, charging, maintenance, or repair
process. Buffer dispatching, waiting, and state-keeping complement the operating state representation
beyond transport, charging, and PM actions, so each AGV has a well-defined dispatching action at every
time step.

A failure interrupts the task occupied by the AGV during the current interval, including a task newly
assigned at its beginning. The interruption event satisfies

4qakt < Fa,t’
Gart < Vakes Yae A YkeK, YteT. (3.61)

qakt > Fa,t +yakt - 1,

Thus, g = 1 exactly when a failure occurs while the AGV occupies task k. Together with Eq (3.21),
this definition prevents simultaneous successful completion and interruption.

The exact pending-state update is given by Eq (3.24). In particular, an interrupted task is pending at
the next boundary

Pt 2 ) uer k€K N1ET (3.62)
aeA
The model adopts a task restart abstraction: After interruption, the task may be reassigned and its
execution phases are initialized again from its original task origin. Physical recovery of an interrupted
container and in-transit transfer between vehicles are not represented separately in this abstraction.
Reassignment changes task ownership only after interruption; it does not transfer an uninterrupted task
between AGVs.

The high-risk operation state identifies cases in which an AGV continues executing a transport task
under high failure risk. Let rgftghmk’()peraﬁon € {0, 1} indicate whether AGV a is in a high-risk operation
state at time step ¢, and let phieh-risk-operation denote the high-risk operation threshold. The high-risk
operation state satisfies B

high_risk _ ti —
raj;g _risk_operation < Zyakt, Yae A, YteT, (363)
keK
high_risk_operati o ri ;
raj;g _risk_operation < I[(pa,t > 8h1gh4rlsk,operat10n) , Vg € ﬂ, Vi e T, (3 6 4)
high _risk _ i — ; . :
raj;g _risk_operation > Zyakt n H(pa,r > 8hlgh,nsk,operanon) 1, VaeA VteT. (365)
keK

Equations (3.63)—(3.65) describe the logical relation of the high-risk operation state. When an AGV is
executing a transport task and the failure risk is no lower than the threshold p"s"-risk-operationthe high-risk

operation variable ertghliSk’Op eraton takes a value of one. The high-risk operation state links health-risk

representation with transport task execution status and provides a counting variable for the high-risk
operation cost in the optimization objective.

Joint dispatching and predictive maintenance decisions consist of task actions, charging actions, PM
actions, buffer actions, waiting actions, and state-keeping actions, and are constrained by the task release,
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resource capacity, health state, and failure state. Transport task actions refer to Eqs (3.14)—-(3.16); AGV
actions’ mutual exclusiveness refers to Eq (3.29); charging and maintenance resource capacities refer to
Eqgs (3.34) and (3.35), respectively; and health state and failure risk refer to Eqs (3.41)—(3.46). These
relations constitute the joint decision feasible region for AGV transport dispatching and predictive
maintenance.

3.5. Optimization objectives

The economic criterion for joint dispatching and predictive maintenance includes task waiting, energy
consumption, maintenance expenditure, failure loss, high-risk operation, missed PM opportunity, and
task completion benefit. Let C™" denote the total system net cost over one realized trajectory within the
scheduling horizon. It is defined as

Cnet — Cdelay + Cenergy 4 Cpreventive,maintenance

corrective_maintenance failure
+C +C

(3.66)

high_risk _operation missed_preventive_maintenance
+C"¢ P +C P

task_completion
— B p

The cost terms represent pending-task waiting, energy use, PM, CM, failure events, high-risk operation,
and missed PM opportunities, respectively. The benefit term B#sk-completion renresents the service benefit
generated by completed transport tasks. All terms are evaluated along the same realized trajectory, using
the component definitions below.

Because the trajectory depends on stochastic state transitions and failure events, C™' is a random
variable before the trajectory is realized. Equation (3.66) defines its realized value. The corresponding
expected cost optimization criterion is specified in Eq (3.78).

Released tasks that remain unassigned incur a pending-task waiting cost. Waiting is accounted for
using the task state after assignment and interval-level events, before tasks released at boundary ¢ + 1
enter the next interval. This is a discrete end-of-interval accounting convention.

Let At denote the duration of one decision interval in minutes. For tasks released by boundary ¢z,
the pending indicator used for cost accounting is

et = Pru= ) Yae+ ) duar Tk €K, VIeT. (3.67)

acA acA

By Eq (3.24), pr: = prs+1 — I(ri = t + 1). Thus, tasks first released at boundary 7 + 1 are not charged a
waiting cost for interval 7.
The quayside and yardside pending-task waiting amounts are

uay_crane __ 2 —
W[q - Al‘min Pk,t,

keXK:
oxe \/quay-crane

d —
Wtyar :Atmin Z Pkt

keK:
oxe Nyard

(3.68)

These quantities are measured in task-minutes. A task assigned in the current interval leaves the pending
count unless it is returned by interruption. Under this accounting convention, a task returned by failure
is included in the current interval’s end-of-interval pending count.
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The waiting cost is
Cdelay — Cdelay Z (Wtquay,crane + Wtyard) . (3.69)

teT

Here, c%® is the cost per task-minute of pending-task waiting. The cost measures the unassigned
backlog, including tasks returned after interruption. It does not measure the amount by which task
completion exceeds a due time.

AGVs’ travel and waiting consume energy, and energy consumption is converted into the operating
cost. Let ¢™™® denote the energy cost per unit, and let Ej,"~ ravel , Epadedmavel - and EWaltlng denote
empty-travel energy consumption, loaded-travel energy consumption, and waiting energy consumption
of AGV a at time step ¢, respectively. The energy consumption cost is defined as

ty_t 1 iti
Cenergy — energy E § empy rave + Eloaded _travel + EZV;H lng) ) (370)
aeA teT

Equation (3.70) describes the energy use cost in AGVs’ horizontal transport. The empty-travel energy
consumption EST™Y ™! reflects the energy use caused by unloaded AGV movement, the loaded-travel
energy consumption E.°24d-! reflects the energy use caused by container transport, and the waiting
energy consumption EWalltmg reflects the energy use caused by AGVs’ waiting or idling. The energy
consumption cost term makes the dispatching policy consider AGVs’ travel distance, load status, and
waiting state while completing transport tasks.

PM service and CM service generate the proactive maintenance cost and failure repair cost,
respectively. Let [Preverive-mainenance o g 11 indicate whether AGV a starts PM service at time step ¢,
JEqrrective-maintenance ¢ {() 1} indicate whether AGV a starts CM service at time step ¢, cPreventive-maintenance
denote the cost per PM event, and ccomective-maintenance. denote the cost per CM event. The maintenance

costs are defined as

reventive_maintenance __ . preventive_maintenance preventlvemalntenance
(o =cP § § I, ; (3.71)
acA teT
corrective_maintenance corrective_maintenance correctlvemamtenance
C =c E E I, (3.72)
aeA teT

Equations (3.71)—(3.72) describe the economic expenditure caused by maintenance service events. The
PM cost is measured by proactive maintenance start events, and the CM cost is measured by failure repair
start events. Event variables [P HNENC q g peorrective-maintenance ¢yt the number of maintenance
service starts rather than malntenance service duration. The maintenance cost terms create a tradeoff
between reducing failure risk and controlling maintenance frequency.

An AGV failure causes a fixed loss and triggers task interruption and the CM service process. Let
e denote the fixed loss per failure event, and let F,,, indicate whether AGV a fails at time step .

The failure loss is defined as
Cfailure — Cfailure Z Z Fa,t- (373)

acA €T

Equation (3.73) describes the fixed economic loss caused by AGV failure events. The failure event
variable F,, is given by Eqs (3.45)—(3.46) and affects transport tasks’ continuity through Eqs (3.61)-
(3.62). The failure loss term is measured separately from the CM cost term: The former characterizes
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the operational impact of the failure event itself, while the latter characterizes the repair expenditure
after failure.

When an AGV continues executing transport tasks under a high failure risk, the system’s operational
risk increases. Let chigh-isk-operation denote the high-risk operation cost per time step, and let rh &"-"-oPertion
indicate whether AGV a is in a high-risk operation state at time step ¢. The high-risk operation cost is
defined as

Chighjisk,operation — chighjisk,operation Z Z rzl’itghiisk,operation. (37 4)
acA €T
Equation (3.74) describes the risk cost caused by continued AGV operation in a high-risk state. The high-
risk operation variable er,thiSk’()peraﬁon is defined by Eqs (3.63)—(3.65) and depends jointly on transport
task execution status and the failure risk threshold. The high-risk operation cost term encourages the
dispatching policy to reduce the tendency of high-risk AGVs to continue undertaking transport tasks,
and provides optimization pressure for risk mitigation actions such as PM or charging.

The missed PM cost uses a penalty convention based on the urgent maintenance state and the selected
action. Let y,, € {0, 1} denote the associated binary penalty variable for AGV a at time step ¢, and
let ¢missed-preventive-maintenance jen e the cost per counted opportunity. The term “missed PM opportunity”
refers to this specified penalty convention, rather than a direct count of all unmet physical maintenance

needs. The penalty variable satisfies the following lower-bound relation:

urgent_maintenance preventive_maintenance charging
Hap =My, - U, — U, , YaeA Ve T, (3.75)
lessed,preventlvemamtenance — lessed,preventlvemalntenance E § Uas- (376)
acA teT

Equation (3.75) forces p,, = 1 when the AGV is in the urgent maintenance state and neither PM nor
charging is selected. Selecting PM or charging removes this forced lower bound, although the inequality
alone does not require u,, = 0. The charging exemption is an action-level penalty convention; it does
not imply that charging restores the equipment’s health or satisfies a maintenance need caused by low
HI. The explicit counter used in the computational implementation is given in Eq (4.22). That counter
additionally requires the PM action to be available, a condition that was not included in Eq (3.75).

Transport task completion generates service benefit, which offsets the system’s operating cost. Let
prask-completion Jonnte the service benefit of one completed task, and let i, r indicate whether task & has
been completed by the end of the scheduling horizon. The task completion benefit is defined as

Btask,completlon — btask,completlon E Mer- 3.77)
keK

Equation (3.77) describes the service benefit generated when AGVs complete quay—yard transport tasks.
The completion status variable 7, 7 is obtained from the updates in Eqs (3.25)—(3.26). The service
benefit term enters the net cost objective in Eq (3.66) as a negative term, allowing the optimization
problem to retain an incentive for completing transport tasks while reducing maintenance risk and
operating costs.

Let IT"* denote the class of nonanticipative joint dispatching policies. A policy in this class selects
actions using the information available at the current decision boundary, including past observations,
past actions, and current feasibility information. It cannot condition an action on a future failure
realization or another unobserved future disturbance.
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Let uo denote the specified initial state distribution and let P denote the environment transition law,
as introduced in Section 4.1. Together with a policy 7, these quantities induce a probability distribution
over operating trajectories. The finite-horizon, risk-neutral economic objective is

min  Eyq.p|C™]

mellna

s.t. (3.1)—-(@3.11),
(3.12) — (3.38),
(3.39) — (3.51),
(3.52) — (3.65),
(3.69) — (3.77).

(3.78)

The deterministic feasibility and accounting relations are required to hold along realized trajectories
with probability one. The stochastic failure relations specify the transition law P. Failure realizations
remain environment-generated events under that law.

The expectation accounts for the initial state variation, stochastic degradation disturbances, and
failure draws represented by the environment, as well as policy randomization when present. For
evaluations using a fixed operation plan, the expectation is conditional on that plan.

The optimization variable is the nonanticipative policy. Equation (3.78) therefore evaluates decisions
before future random events are known. Section 4 introduces a reward-based learning surrogate for this
economic criterion. The simulation abstractions stated in Section 5.1 delimit the implementation scope
of the reported experiments.

4. Proposed method

This section presents the HA-QMIX method for solving the joint decision problem. The health-
aware Markov game is formulated in Section 4.1; the observation, state, and action representations are
described in Section 4.2; action masking and top-K candidate selection are detailed in Section 4.3; and
the reward transformation is given in Section 4.4. The network’s architecture, training and checkpoint-
selection mechanism, and complete algorithm are provided in Sections 4.5-4.7.

4.1. Health-aware Markov game formulation

The formulation in Section 3 defines a finite-horizon expected economic cost for joint transport
dispatching and predictive maintenance under stochastic operating conditions. HA-QMIX learns an
online dispatching policy through a multiagent Markov game with health states. Each AGV corresponds
to one agent and selects a dispatching action using its available observations and action history. The
environment advances task execution, charging, maintenance, health degradation, and failure repair
processes according to the joint action. The training criterion is the expected discounted team reward in
Eq (4.3). Its relationship to the economic cost criterion is explained in Section 4.4.
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Figure 3. Overall architecture of the proposed HA-QMIX framework.

The HA-QMIX framework connects the automated terminal simulation environment, health-aware
state representation, local multi-AGV decisions, and centralized training into a closed loop, as shown in
Figure 3. The environment side generates the task states, vehicle states, resource states, health states,
and failure—maintenance states; on the execution side, each AGV outputs individual Q-values based on
local observations, top-K task candidates, and action masks; on the training side, global states, team
rewards, experience replay, and a monotonic mixing network are used to update the joint action value.
Greedy validation, safety gates, selection score, and the best checkpoint on the right side correspond to
the training-stage model-selection procedure, so the deployed policy does not depend directly on the
final checkpoint.

The Markov game with health states is represented as

M = <ﬂa S, {Oa}aeﬂ’ {q/la}aeﬂ’ P7 R’ 7) . (41)

Here, A denotes the set of AGV agents, S denotes the global state space, O, denotes the local observation
space of AGV a, U, denotes the action space of AGV a, P denotes the state transition function, R
denotes the team reward function, and y € (0, 1] denotes the discount factor. Equation (4.1) specifies
the state, observation, action, transition, and reward components of the learning problem. The global
state s, € S records the system-level task, resource, and fleet health information; the local observation
04, € O, records information available for autonomous decision-making by AGV a; and the joint action
u, = Uy, ...,us,) consists of the local actions of all AGVs.

State transitions are jointly generated by the terminal simulation environment and the health
degradation model. After the joint action is executed, the environment first determines the action’s
feasibility according to action masks, then advances AGV’s travel, service, charging, maintenance, and
failure repair processes, and finally updates the transport task completion status and health states. The
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state-transition relation satisfies
Se1 ~ PGl spu), u € 7/ll,t XX ﬂ\ﬂl,t- 4.2)

The stochasticity in Eq (4.2) comes from task release, health degradation perturbations, risk-probability-
based failure triggering, and resource queue states. Transport task evolution follows the phase processing
constraints in Eq (3.20), the completion rule in Eq (3.21), the state updates in Eqgs (3.23)—(3.25), the
health and failure state updates refer to Eqs (3.41)—(3.46), and maintenance resource occupation refers
to Eq (3.35). The policy in Eq (4.3) is learned with the task actions restricted by the top-K candidate
mechanism in Section 4.3. This mechanism can exclude task choices permitted by the formulation in
Section 3, so equivalence with its unrestricted policy space is not assumed. The implementation scope
stated in Section 5.1 also applies.

The AGV fleet follows the centralized training with decentralized execution (CTDE) paradigm.
During training, the global state s, is used to estimate the joint action value; during execution, each AGV
selects actions only according to local action values and action masks. The objective is to maximize the
discounted cumulative team reward

T-1

S

t=0

, 4.3)

max J(n) = E, p

Here, m = {n,},c# denotes the joint policy of the AGV fleet, m,(u,, | 0,,) denotes the local policy of
AGV a, and r, = R(s;,u;, s;+1) denotes the team reward at time step . The expectation in Eq (4.3)
includes the specified initial state distribution p, which is suppressed in the notation E, p.

The economic criterion in Eq (3.78) minimizes expected undiscounted net cost over the finite horizon.
HA-QMIX uses the expected discounted shaped reward as its learning criterion. Discounting and
separately specified reward weights can change the relative ranking of the policies. Exact equivalence
between these two objectives is therefore not assumed.

4.2. Observation, global state, and action design

Local observations are designed to support an AGV in evaluating the relative values of transport,
charging, PM, and waiting actions without accessing the full system state. The local observation of
AGYV a at time step ¢ consists of vehicle state, resource pressure, health state, and candidate task features

Oy = [ ¢vehicle resource, ¢health’ ¢task] ) ( 4. 4)

a,t > Tt a,t a,t

Here, ¢(fthide denotes the position and operating state features of AGV a, including the normalized node
coordinates, busy/idle status, failure state, and maintenance state; ¢;>*°""*° denotes the resource pressure
features, including the maintenance area occupation ratio and the ratio of released pending tasks; g‘f‘“h
denotes SOC, HI, RUL, and the risk of AGV a; and ¢;‘f§k denotes the candidate task features for AGV a.
Equation (4.4) links the AGV’s own state, the equipment’s health state, and local task opportunities,
allowing the local policy to consider the transport benefit and maintenance risk simultaneously.
Candidate task features are concatenated according to the order of top-K candidate tasks. For the

J-th candidate task kfl.,t of AGV a, the task feature is defined as

task _ | § ) 3. o~ T loading .
Parj = da,o(ki_t),t’do(k"z’,),d(k{w)’pkfm’ lkgh,,z’f o o J=1.. K (4.5)

a,t
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Here, c?a,o(k)’, denotes the normalized distance from the current position of AGV a to the origin of task k,
cfo(k),d(k) denotes the normalized transport distance from the origin to the destination of task k, p; denotes
the normalized task priority, i, denotes the normalized remaining time before the task’s due time, and
f,lcoading denotes a binary indicator of whether the task is a loading task. If the number of candidate tasks
is less than K, empty positions are filled with fixed padding values. Equation (4.5) incorporates the

task’s reachability, transport length, priority, time pressure, and task direction into the local observation.

Centralized training requires the global state to describe the overall system workload and the fleet’s
health distribution. The global state is constructed by concatenating the system’s statistical features and
AGYV state features

_ system , fleet fleet
St = [ t P 5o ¢|y{|,;] . (4.6)

Here, ¢,”"“" denotes system-level features, including the normalized time, released pending-task ratio,
task completion ratio, failed AGV ratio, maintenance AGV ratio, charging AGV ratio, average SOC,
average HI, and average risk; ¢2§et denotes the fleet-state features of AGV a, including SOC, HI, risk,
RUL, and busy/idle status. Equation (4.6) allows the mixing network to use the system’s congestion,
resource occupation, and health distribution information to estimate the joint action value during

training.

The AGV action space follows the joint action variables in Section 3 and uses a fixed-dimensional
discrete action representation. The action space is defined as

U, = {wait, task(k},,,), e task(kit), charge, pm, buffer, keep} . “4.7)

Here, “wait” denotes the waiting action, “task(ké,z)” denotes accepting the j-th candidate task, “charge”
denotes moving to the charging area, “pm” denotes moving to the PM area, “buffer” denotes moving to
the buffer area, and “keep” denotes maintaining the current execution state. Equation (4.7) incorporates
task selection, energy replenishment, predictive maintenance, and state keeping into a unified action
space. The fixed action dimension facilitates the neural network’s action value output, and candidate
task mapping keeps the policy interface stable when the task set changes over time.

4.3. Action masking and top-K task candidate mechanism

The number of pending transport tasks changes over time, and directly representing every pending
task would make the action dimension depend on task scale. The top-K mechanism retains at most
K task candidates per AGV using a heuristic ranking. It provides a fixed-size task action interface by
restricting the available task choices. Candidate screening, fixed-dimensional action entries, and action
masking jointly form the action selection mechanism shown in Figure 4.
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Figure 4. Action masking and top-K task candidate mechanism.

Pending tasks are ranked for each AGV by a score combining distance and priority, with the release
time and due time used to break ties. Up to K tasks are retained as candidates. The fixed action space
consists of K task entries and five nontask actions, namely “wait”, “charge”, “pm”, “buffer”, and “keep”,
so the action dimension remains K + 5. The action mask further removes infeasible actions according
to task status, AGV assignability, SOC, PM planning window, maintenance resource capacity, failure
state, and keep action conditions; masked Q-values participate in greedy selection only over the feasible
action set.

The candidate mechanism uses the pending state defined and updated in Section 3.2. Before
dispatching at boundary ¢, the pending task set is

Pr={keK|pr, =1} (4.8)

By Eq (3.13), this set contains exactly the released tasks that are neither assigned nor completed. It is
updated by release, assignment, and failure-induced requeueing through Eq (3.24). The implementation
uses the following primary ranking score for task £ and AGV a:

Wars = oy — AP PO e P (4.9)

Here, d,,,, denotes the route distance in meters from the AGV’s recorded node to the task origin, and
pzriority denotes the task’s un-normalized priority value. The implementation uses AP = 25 m per
priority unit. These raw ranking inputs are distinct from the normalized candidate features supplied to
the neural network.

Tasks are ordered lexicographically by (¥4, «, fx), With smaller values preceding larger values. Thus,
an earlier release time breaks a tie in the primary score, and an earlier due time breaks a remaining tie.
If all three entries are equal, their order in the input task list is retained. The release time and due time
are therefore tie-breaking criteria rather than additive terms in Eq (4.9).

The selection operator below returns the first min{K, |#;|} tasks under this ordering as follows:

CtOp’K _ K top_K
a1 =argminWu), |C | <K (4.10)

a,t
keP,
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The tie-breaking rule above applies to this selection operator. When no task is pending, the candidate
list is empty.

Top-K screening imposes an additional restriction on task choices relative to the formulation in
Section 3. A pending task outside CZ??’K is unavailable to AGV a at the current decision boundary, even
if it satisfies the other task assignment conditions.

Considering candidate screening alone, with the transition law, information structure, objective, and
other admissibility conditions held fixed, the restriction narrows the policy class and can change the
best attainable objective value. Keeping the task release, task occupation, and task completion relations
unchanged does not preserve the unrestricted policy space.

Excluded tasks remain in the pending pool and may enter a later candidate list. However, later
reconsideration does not guarantee recovery of an optimal decision opportunity excluded at the current
boundary. HA-QMIX therefore learns within a candidate-restricted policy space, without a guarantee
that top-K screening preserves an optimal policy of the unrestricted problem.

Action masking removes infeasible actions from action value maximization. The action mask of
AGYV a at time step ¢ is defined as

I, uis feasible given s, and current task reservations,
M, (u) = 4.11)

0, otherwise.

During action selection, the masked Q-value is defined as

O {Qam,,, W), My =1, @)
—00, M,,(u) =0.
Here, 7,, denotes the local action observation history of AGV a up to time step ¢, and Q,(7,,, u) denotes
the local action value. Equations (4.11)—(4.12) prevent infeasible actions from participating in greedy
action selection and target action selection, thereby reducing invalid exploration.

Individual task masks must be combined with joint assignment control because several AGVs may
include the same task in their candidate lists. At each boundary, candidate lists are constructed from the
predecision pending set and remain fixed during action selection. AGV's select actions in a fixed vehicle
index order. Once an AGV selects an available task, that task is reserved before the next AGV selects its
action.

Let R, denote the tasks reserved by AGVs processed before AGV a in the current interval. The
reservation set is initialized by R;, = @. The task action mask is

M, (task(k)) = I(k € C**, ya, =1,

@t 4.13)
Pk = 1, k¢ Ra,t)- .

After AGV a selects its action, the reservation set becomes

R, Uik}, wu,, = task(k),
T (4.14)
R otherwise.

Only the availability of candidate entries changes during this procedure; their identities and ordering
remain fixed. The reservation step enforces the “one AGV per task” constraint even when the candidate
lists overlap.
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An AGYV retaining an unfinished task has only the keeping action available

Ma t(keep) = 17
D V=140 (4.15)
M,,(u) =0, u# keep.

This condition prevents a new task, charging dispatch, PM dispatch, or buffer dispatch from overwriting
an ongoing task. Charging, PM, buffer, and keeping actions for other vehicle states satisfy the following
conditions:

M, (charge) = 1 = y,, = 1, e,, < &ene, (4.16)
Ma,;(Pm) =1 = Xar = 1’ mg’rfventive,maintenance,planning — 1’
preventive_maintenance corrective_maintenance Bmaintenance (4 1 7)
a't + a't < s
a’'eA
M, (buffer) = 1 = y,, =1, M, (keep) =1 = x,; =0. (4.18)

Equations (4.13)—(4.15) connect candidate selection with the task state process. The pending state test
excludes unreleased, assigned, and completed tasks; the assignability test excludes unavailable AGVs;
and sequential reservation prevents duplicate assignments within the same decision interval.
Equation (4.16) prevents AGVs that are close to full charge from entering the charging action.
Equation (4.17) restricts the PM action to the PM planning window and available maintenance resource
state. Equation (4.18) distinguishes idle dispatching actions from the state-keeping action during
execution. The action mask applies the action availability tests specified above. In Eq (4.11), feasibility
refers to these tests and does not include a task energy sufficiency check.

Specifically, the SOC condition in Eq (4.16) restricts charging availability for vehicles that are already
close to full charge. The task action mask in Eq (4.13) contains neither a minimum-SOC requirement nor an
estimate of the energy needed to complete the task and subsequently reach a charging station. An available
task action therefore does not certify that the vehicle has sufficient energy for the complete operation.

4.4. Reward transformation from net cost minimization

The economic cost criterion provides a reference for constructing the team reward. This subsection
distinguishes a reward based directly on the negative net cost from the shaped reward used by HA-QMIX
for learning. The net cost increment at time step ¢ is defined as

dela ener reventive_maintenance
At ="+ P
+ C;:orrectlve,malntenance + Cl;allure
L . . . ) 4.19)
high_risk_operation missed_preventive_maintenance ( .
+c, ¢ P +c P

t t

btask,completion
; .

del . . tive_maint
Here, ¢;”* denotes the task waiting cost, ¢, = denotes the energy consumption cost, ¢V oennee

denotes the PM event cost, ¢jorective-mamtenance denotes the CM event cost, cfa““re denotes the fixed failure
high_risk_operation missed_preventive_maintenance

loss, ¢, denotes the high'—risk operation cost, c, denotes the missed
PM opportunity cost, and 5" denotes the task completion benefit. Equation (4.19) is the

incremental form of Eq (3.66) at a single decision time step.
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A reference reward based directly on the economic cost is

root = it (4.20)

t t

Since C™ = 3! ¢!, undiscounted accumulation of this reference reward gives

T-1

cost| __ net
Byomp | D 15| = ~Bypnp [C™].

t=0

Thus, using exactly 7 with y = 1 would make expected cumulative reward maximization equivalent
to expected net cost minimization. For y < 1, the corresponding objective concerns discounted costs
and need not preserve the policy ranking under undiscounted net cost.

HA-QMIX uses a shaped reward with separately specified weights and additional operational learning
signals. This reward serves as a learning surrogate; preservation of the net-cost-optimal policy is not
guaranteed. The team reward at time step ¢ is defined as

__ptask_completion » stask-completion uay_crane yy7quay-crane
ry =k compleion ' — e
yard yy7yard agv yx7agv empty_travel jyempty_travel
il LAY A A D;
_ ﬁenergy E, - ﬁpreventivemaintenance Nfreventive,maintenance
corrective_maintenance a ycorrective_maintenance failure p rfailure
-B N; -BYEN, (4.21)
_ ﬁdowntime Z;iowntime _ ﬁhighjisk,operation NthithiShOPeratiOD

_ IBmissed,prevemive,majmenance Nmissed,preventivemaintenance
t

maintenance_window ;7maintenance_window illegal_action pyillegal_action
+ B N t - ﬁ N t .

Here, NP1 denotes the number of transport tasks completed at time step 7; W <"*" and W>*
denote the waiting time of quayside and yardside pending tasks, respectively; W;*" denotes AGV
waiting time; D™ denotes the empty-travel distance; E, denotes the energy consumption;
NP reventive-maintenance 4o ntes the number of PM events; Neorrective-maintenance. qepgtes the number of CM
events; N™U denotes the number of failure events; Z%""m denotes the failure downtime;
Ngh-risk-operation go tes the number of high-risk operation time steps; N/ el-Prevenive-mantenance o e
the number of missed PM opportunities; Nmaintenance-window djenotes the number of PM selections within

. . illegal_acti . . ;
the PM planning window; and N, “**~*"*" denotes the number of illegal actions. gtsk-completion ' gquay-crane,
ﬁyard’ ﬁagv’ Bempty,travel’ ﬁenergy, ﬁpreventivemaintenance’ ﬁcorrectivemaintenance’ ﬁfailure’ ﬁdowntime, ﬁhigh,risk,operation

2

ﬁmissed,preventivemaintenance’ Igmaintenance,window’ and ﬁillegalzction denote non—negative reward weights.
Equation (4.21) retains the positive reward for task completion and penalizes waiting, energy
consumption, maintenance, failures, high-risk operation, missed PM opportunities, and illegal actions.

The additional operational terms in Eq (4.21) provide direct feedback on vehicle utilization and
maintenance decisions. The AGV waiting penalty discourages idle operation, whereas the quayside
and yardside waiting penalties concern released tasks that remain unassigned. The empty-travel penalty
expresses a preference for reducing nonproductive vehicle movement in addition to its associated energy
consumption. The downtime penalty accounts for the recorded duration of vehicles’ unavailability
following failure, complementing the penalty charged per failure event.
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The maintenance window bonus provides immediate positive feedback for selecting preventive action
within the PM planning window, whose operational benefits may occur later through improved health
and reduced failure exposure. In the implementation, this bonus is recorded when PM is selected within
the planning window. The PM event penalty is recorded when the vehicle is admitted to maintenance
service. These two signals therefore correspond to different events and need not occur at the same
decision step.

The illegal action penalty provides negative feedback for invalid actions detected by the environment.
When an action is rejected by the availability mask, the environment replaces it with a waiting action
and records an illegal action count. Masked policy selection normally prevents such rejections; the
penalty is an auxiliary safeguard and does not replace action masking.

These terms express additional operational preferences in the learning reward. Their individual
effects on performance are not established by separate ablations. The fixed coefficients and the counting
conventions used in the experiments are specified in Section 5.1.

The pending task waiting terms W <""® and W?** use the accounting convention in Eq (3.68).
They penalize released tasks that remain unassigned under that convention. Due-time information
enters the observations and candidate task selection; the team reward contains no separate penalty for
completion after a task due time.

The computational missed PM counter uses an explicit decision-level rule. It retains the PM and
charging exemptions in the cost construction and additionally checks PM actions’ availability. A count
is added only when the AGV is in the urgent maintenance state, the PM action is available under the
implemented action mask, and neither PM nor charging is selected

Ntmissed,preventive,maintenance — Z I (murgentmaintenance — 1’ Ma,t(pm) — 1, Uy ¢ {pm, charge}) ) ( 422)

a,t
acA

The charging exemption is motivated by the SOC-dependent contribution to the risk score in Eq (5.2).
Holding the other inputs fixed, increasing SOC reduces the term 1.9 max{0, 0.24 — e} when SOC is
below 0.24. Charging can therefore address the energy-related component of risk. However, it does not
restore the HI or reduce the maintenance-adjusted age counter. When the urgent state is triggered by a
low HI, charging alone does not remove that trigger.

The implemented rule does not distinguish the cause of the urgent state and does not restrict the
charging exemption to SOC values below 0.24. Consequently, charging also avoids the missed PM
increment when urgency is caused by a low HI or when the SOC-dependent risk contribution is already
zero. The exemption is therefore broader than the situations in which charging directly reduces that risk
contribution. This is a limitation of the adopted counting rule; charging is not interpreted as a substitute
for the health restoration provided by PM.

The counter is evaluated before the selected action is applied. Selecting charging avoids the increment
without requiring arrival at the charging station, completion of charging, or an observed reduction in
risk. Similarly, selecting PM is distinguished from completing a maintenance service. The maintenance
window bonus and the missed PM penalty are thus learning signals based on their respective action
selection rules, rather than certificates that physical maintenance needs have been satisfied.
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4.5. The HA-QMIX network architecture

HA-QMIX uses a local recurrent neural network (RNN) agent to estimate the action value of each
AGYV and a monotonic mixing network to combine local action values into a joint action value. The
local history of an AGV is defined as

Tar = (Oa,O’ Ugs--es Oa,t) . (423)

The local agent network takes the local observation, previous action, and AGV identity encoding as
inputs, and preserves historical information through a gated recurrent unit (GRU) state

hz’cttion,value — GRU (haction,value’ [Oa,t» onehot(um_l )’ eildentity]) , (424)

a,t—1

Qu (Tag 1:00) = S (B ) w € Uy (4.25)

Here, h2™ denotes the recurrent hidden state of AGV a, MY denotes the AGV identity encoding,
6, denotes the local agent network parameters, and f°""'(-) denotes the action value output layer.
Equation (4.24) allows the local network to handle historical dependence under partial observability,
and Eq (4.25) outputs a local action value for each feasible action.

The joint action value is given by the mixing network

Qtotal (Sta Ty Uy, 9) = fmixing (Ql(Tl,t’ ul,t)9 ceey QIﬂI(TIﬂI,t’ ulﬂl,t)’ Sts Hmixing) s (426)

Here, 7, = (714, ..., T|a,) denotes the local histories of all AGVs, 6 = {6, Omixing} denotes the parameter
set of HA-QMIX, and 6pixine denotes the mixing network parameters. Equation (4.26) uses the global
state s, to modulate the way local action values are mixed, enabling the joint action value to represent
system-level resource competition and health risk coupling.

The monotonicity constraint of QMIX satisfies

855:‘" >0, Vaed (4.27)
Equation (4.27) imposes the monotonicity of the mixing network with respect to individual action
values. The hypernetwork generates non-negative mixing weights from the global state during training.
At execution, each AGV evaluates its local action values, while the task reservation procedure in
Eqgs (4.13)—(4.14) enforces assignments’ uniqueness. This coordination requirement is additional to
QMIX’s monotonicity. Greedy selection with sequential reservation does not imply globally optimal
matching between AGV's and pending tasks.
HA-QMIX action selection uses an e-greedy strategy with action masking. During training, the
action selection of AGV a satisfies

randomly sample from {u | M, (u) = 1}, with probability €,
Uy = ’ (4.28)

arg max,cq,, Ou(Tas 1), with probability 1 — €.

Here, ¢ denotes the exploration probability, and Q,(-) is defined by Eq (4.12). Equation (4.28) performs
exploration within the feasible action set and excludes infeasible actions during greedy selection. During
evaluation, € = 0, and each AGV selects actions according to the masked local Q-values.
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4.6. Training and constrained best-checkpoint selection

Training data are generated by interactions between the AGV fleet and the simulation environment.
Each episode stores local observations, global states, selected joint actions, team rewards, termination
indicators, next observations, next states, and action masks. The candidate tasks’ identifiers are also
stored so that overlapping task entries can be identified when constructing joint target actions. Episode
batches from the replay buffer are used to update the agent and mixing networks. The temporal-difference
(TD) target at time step ¢ is defined as

ye=r+y(l - dt)Qt_ota] (st+1a Tr+ls u;k+1) , (4.29)
Wy, = argmax  Q,(tq,u),  VaeA. (4.30)
’ u: MZ,HI(M;R;,HI):l

Target actions are constructed in the same vehicle index order used for environment interaction. The
temporary reservation set is initialized as R} ,; = @ and updated after each target action according
to Eq (4.14). The target mask M, combines the stored next-state availability with these temporary
reservations. This procedure prevents the TD target from using a joint action that assigns one task to
multiple AGVs. The temporary reservations are used only for target calculation and do not modify the
sampled environment state.

Here, d; € {0, 1} indicates whether the episode terminates after interval ¢, and Q__ , and O, denote the
joint and individual action values given by the target networks. Equation (4.30) restricts each individual
maximization by the next-state mask and the current temporary reservations. For a terminal transition,
the bootstrap term is zero and no target joint action is constructed.

Network parameters are updated by minimizing the TD error

1
LO) = ), [Qow (50T 0) =T (4.31)

(t,e)eB

Here, 8B denotes an episode batch sampled from the replay buffer. Equation (4.31) uses the team reward
as the learning signal to update the local agent network shared by all AGV's and the mixing network.
Periodic updates of the target network and gradient clipping are used during training to reduce numerical
fluctuations in long-sequence learning.

Long-horizon joint dispatching training may exhibit policy drift, and the final checkpoint may not
simultaneously satisfy the throughput and safety constraints. Constrained best-checkpoint selection
is introduced during training: Greedy validation is performed at fixed intervals, and checkpoints are
selected using safety constraints and a performance score. The episode generation stage initializes
the terminal scenario, AGV fleet, tasks, charging bays, and maintenance bays and constructs local
observations, global states, top-K candidate tasks, and action masks at each time step. The training
loop samples from the episode replay buffer, constructs TD targets with target networks, and updates
the agent network, hypernetwork, and mixing network through the QMIX loss. The validation stage
uses a greedy policy with € = 0 to compute the completed tasks, PM count, failures, downtime, missed
PM opportunities, and high-risk work steps and then selects the best checkpoint through safety gates,
selection score, and checkpoint ranking.

The validation summary metrics are denoted as follows:
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_ _ raytask_completion xpreventive_maintenance xfailure
me - [N e ’ N e ’ N e ’

(4.32)

ymissed_preventive_maintenance jyhigh risk_operation Sdowntime p
N e 9 N e 1) Ze ’ Re ] 9

Here, e denotes the training episode index, NP denotes the average number of completed tasks

in validation episodes, NP "Ve-4Mene qonotes the average PM count, N™ denotes the average
number of failures, NSed-Prevenive-mainenance g otes the average number of missed PM opportunities,
Npigh-riskoperation: gon otes the average number of high-risk work steps, Z¥nime denotes the average
downtime, and R, denotes the average cumulative reward.

Checkpoint feasibility is jointly evaluated by safety constraints and a throughput lower bound

N;allure < Nfallure,max,

Nmissed,preventive,maintenance < Jymissed-preventive_maintenance,max

e >

N(Iglighliskfoperation < Nhighjisk,operation,max’
YV, =1 . (4.33)

ZSowntlme < Zmax ,

Nzask,completion > Ntask,completion’

Npreventive,maintenance > Npreventive,maintenance
e =X

HCI'G, Nfailure,max’ Nmissed,preventivemaintenance,max’ Nhighlisk,operation,max, and Zmax denote the upper bounds on
failures, missed PM opportunities, high-risk operation, and downtime, respectively; N'k-completion 414
Preventive-maintenance - denote the lower bounds on completed tasks and PM count, respectively.
Equation (4.33) gives priority to maintenance safety and minimum throughput requirements in
checkpoint selection.

The selection score deducts constraint violation penalties from cumulative reward:

Se = Re - Z @, [g(me)]+ > (434)

gegt

Here, G* denotes the set of constraint-violation functions, @, denotes the violation penalty weight, and
[-]+ = max{0, -}. Equation (4.34) penalizes failures, missed PM opportunities, high-risk work, downtime,
completed task shortfall, and PM shortfall. The checkpoint update rule prioritizes feasible candidates
over infeasible candidates; if two candidates are both infeasible, the candidate with the smaller violation
is preferred; if two candidates are both feasible, the candidate with the higher selection score is preferred.
This procedure is a training-stage model selection mechanism designed to avoid safety or throughput
degradation caused by relying only on the final checkpoint.

4.7. Algorithm procedure

The HA-QMIX training process consists of environment initialization, candidate task construction,
action masking, episode sampling, TD updates, greedy validation, and best-checkpoint selection. The
algorithm procedure is given in Table 2.
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Table 2. Algorithm 1. Health-aware QMIX for joint AGV dispatching and predictive
maintenance.

Input: Terminal environment configuration, reward weights, operation plan, top-K size K, training episodes E,
validation interval 7¥id2on yalidation episodes E*¥1921°n discount factor .

Output: Trained HA-QMIX parameters 6 and selected best checkpoint 6°°.

1. Initialize AGV states, task set, road layout, charging resources, maintenance resources, health model, replay buffer,
RNN agent network, mixing network, target networks, and € schedule.
2. For episode e = 1,..., E do:

2.1 Reset environment states and initialize hidden states for all AGV agents.

2.2 Fortimestepr=0,...,T —1do:

2.2.1 Build local observations {04}.c# and global state s,.

2.2.2 Construct pending task set £, and top-K candidate set C:ff - for each AGV.

2.2.3 Build action mask M, using AGV status, task availability, SOC condition, PM planning window, and
resource availability.

2.2.4 Initialize an empty task reservation set. In vehicle index order, update each AGV’s task mask using current
reservations, select a masked e-greedy action, and reserve any selected task immediately.

2.2.5 Execute the joint action and advance each travel or service phase within the interval. Determine failure-
induced interruptions and successful task completions, then update the task ownership, pending status, completion
status, and vehicle states at boundary ¢ + 1.

2.2.6 Compute shaped reward r, according to Eq (4.21), and store transition data with selected actions, candidate
task identifiers, next observations, next state, next action masks, and terminal flag.

2.3 Add the collected episode trajectory to the replay buffer.

2.4 If the replay buffer contains enough episodes, sample a batch and update 6 by minimizing Eq (4.31).

2.5 Periodically copy online network parameters to the target networks.

2.6 If e reaches a validation point, run greedy validation with e = 0; compute #,, V., and S ; then update 8 by
constrained best-checkpoint selection.

3. Save final checkpoint and best checkpoint.

The training procedure in Table 2 constructs candidate tasks and action masks at each time step
before masked action selection. Environment advancement produces the team reward and the next
state, and the episode trajectory enters the replay buffer. Network updates use centralized training
information, including the global state and joint reward, while policy execution only requires the local
observations, local hidden states, and action masks. Constrained best-checkpoint selection continuously
evaluates the greedy policy during training and uses failures, missed PM opportunities, high-risk work
steps, downtime, completed tasks, and PM count as checkpoint selection conditions. This procedure
transforms the joint AGV dispatching and predictive maintenance objective in Section 3 into a trainable,
evaluable, and online executable HA-QMIX policy.

5. Computational experiments

This section reports the computational evaluation of HA-QMIX under the PM pressure scenario. The
experimental configuration and baseline comparison are presented in Sections 5.1 and 5.2, while the
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training behavior and multiseed robustness are examined in Sections 5.3 and 5.4. The contributions
of individual design components, the responses to key operating parameters, and the managerial
implications are discussed in Sections 5.5-5.7.

5.1. Experimental setup

Computational experiments are conducted to examine the ability of HA-QMIX to perform joint
dispatching and predictive maintenance under a PM pressure scenario. The experimental scenario is
based on the horizontal transport system of an automated container terminal, including 20 AGVs, 4
QCs, 9 yard endpoints, 4 charging bays, 2 maintenance bays, and 4 buffer nodes. Each episode contains
480 discrete decision time steps, and each time step corresponds to 60 s. Transport demand consists
of loading and unloading tasks, the task arrival rate is 90 tasks/hour, and the default operation plan
contains 900 transport tasks. The PM pressure scenario is constructed with a lower initial HI, a higher
health-degradation intensity, and a wider PM planning window, requiring the dispatching policy to trade
off transport task completion, failure risk control, and maintenance resource occupation.

The experimental health model instantiates Eqs (3.39), (3.43), and (3.44) using the following rules.
Vehicle and time indices are suppressed below; 4, e, and n denote the HI, SOC, and maintenance-adjusted
age counter at the point of calculation. For each health update, let d denote the total distance traveled
during the movement update, and let d'°*%d denote its loaded portion, both measured in kilometers. The
amount of degradation is

B = 0.000035 + 0.00048d + 0.000724"°*4
+0.000087™"™¥ "¢ 1 0.00018|Je],
Ah = max{0, kB + &},
& ~ N(0.(0.000015)?).

(5.1

Here, I""™°Vin¢ equals one when the AGV does not move during that movement update and zero
otherwise. This indicator includes stationary service, charging, maintenance, and repair states as well as
idle waiting. The quantity de is the SOC before minus the SOC after the movement/idle energy update;
charging increments occur in a separate service update and are not included in de. The total distance
term already includes loaded travel, and the loaded distance term represents additional degradation
associated with carrying a load. The main PM pressure configuration uses « = 2.2. The Gaussian
perturbation is added after scaling B.

The degradation update is applied once per environment step to every AGV, including vehicles
undergoing charging, maintenance, or repair. It updates HI as i « Iljo ;;[2 — Ah] and then increments
the age counter as n < n + 1. Using the resulting HI, current SOC, and updated age, the risk score is

calculated as |

1+ exp(10(7 — 0.48))

n
inl03,
“m“{ ’4000}

The three terms represent contributions from the HI, low SOC, and the maintenance-adjusted age
counter, respectively. In this implementation, the usage information w,, in Section 3.3 is represented by
this age counter. The score p enters the stochastic failure branch through Eq (3.46), using the probability
coeflicients reported in Section 3.3.

+ 1.9 max{0,0.24 — ¢}

p = H[O,l] (52)
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The RUL estimate is calculated as
maX{O, h _ hfailure}
0.00016 + 0.00004p

The denominator is a nominal degradation rate used specifically for this RUL estimate. The resulting
¢ is measured in decision steps, with one step corresponding to 60 s in the main configuration. It is
a rule-based estimate of the remaining health margin divided by a nominal degradation rate, rather
than the expected time to failure under the full stochastic failure mechanism. The main HA-QMIX
configuration uses min{1, £/1200} as the normalized RUL input; the normalization scale of 1200 is
distinct from the 5000-step cap in Eq (5.3).

At episode initialization, the HI and SOC are sampled uniformly from [0.58, 0.86] and [0.72, 1.0],
respectively. The age counter is initialized to zero. Before the first health update, the implementation
uses the initial values p = 0 and £ = 480 steps; these initial values are not obtained by evaluating
Eqgs (5.2) and (5.3). Subsequent health updates recalculate both quantities using the rules above.

Maintenance completion also updates the health variables. In the main configuration, PM completion
applies 4 <« max{h,0.94} and n < |0.2n], whereas CM completion applies & < max{h, 0.90} and
n « |0.1n]. Risk and RUL are recalculated after each restoration. Thus, n records the age adjusted by
maintenance recovery, rather than the cumulative elapsed time without reduction. These specified rules
provide the health signals used in the computational experiments. The experiments evaluate dispatching
and maintenance policies under this simulation model; they do not validate lifetime prediction accuracy
for real AGV equipment.

The computational implementation uses aggregate route distance updates, with a
congestion-dependent speed adjustment, rather than explicit arc capacity admission. Pickup, delivery,
and charging services do not include shared-capacity admission checks. Finite capacity is enforced for
PM admission at the maintenance node, whereas CM is represented by a failure-triggered repair
countdown outside the PM bay’s occupancy count. The reported experiments should be interpreted
within these simulation abstractions; they do not establish feasibility under all road and service capacity
constraints of the formulation.

Energy handling in the computational implementation uses SOC updates and a low-SOC failure
trigger. In the main PM pressure configuration, the critical SOC threshold 1s 0.12. After movement
and the corresponding energy deduction, an AGV whose SOC is at or below this threshold enters the
failure handling process unless it is already failed, undergoing maintenance, or charging. The movement
update itself is not limited by the remaining battery energy.

This low-SOC check is performed during environment advancement, rather than before task
acceptance. It therefore does not prevent the acceptance of a task whose energy requirement exceeds
the available battery energy, nor does it guarantee that the vehicle can reach a charging station. The
reported experiments evaluate policy performance under this energy-handling abstraction; they do not
establish the energy feasibility for every accepted task.

The main PM pressure configuration uses K = 6 task candidates per AGV. Together with the five
nontask actions, this gives a fixed output dimension of K + 5 = 11. When fewer than K candidates
are available, unused task entries are padded and masked out. The main experimental results describe
policy performance under this candidate restriction and the simulation abstractions stated above. They
do not establish optimality over all pending tasks’ actions, and the selected value of K is not claimed to
be optimal.

£ = min {5000, } hlre = 0,18, (5.3)
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The main PM pressure configuration uses the fixed reward coefficients reported in Table 3. These
coefficients are heuristic design parameters specified separately from the economic cost coeflicients
in Section 3.5. The configuration combines a positive incentive for task completion with penalties for
waiting, travel, energy consumption, and maintenance-related disruptions. The larger per-event penalties
for CM and failure express a preference for avoiding reactive repair and equipment breakdown, while
the maintenance window bonus provides an immediate incentive for preventive action.

The same numerical reward coeflicients are used throughout the main training run and its evaluation;
they are not learned or adjusted online. They are reported as experimental design choices, without a
claim of optimality or robustness to alternative weight settings. No systematic weight-search result is
claimed. The discount factor is y = 0.99. As explained in Section 4.4, the resulting discounted shaped
reward criterion is a learning surrogate for the economic objective, with no guarantee of preserving its
optimal policy.

Table 3. Fixed reward coefficients in the main PM pressure configuration.

Reward component Signed coefficient Metric unit

Task completion +12.0 Count

Quayside pending-task waiting —-0.19125 Task-minutes
Yardside pending-task waiting —0.085938 Task-minutes
AGV waiting -0.025 Recorded minutes
Empty travel —0.18 km

Energy consumption -0.015 kWh

PM event -1.8 Count

CM event -24.0 Count

Failure event —-120.0 Count

Failure downtime -1.3 Recorded minutes
High-risk operation -4.8 AGYV steps
Missed PM opportunity -34 Count

PM selection within the window — +4.5 Count

Illegal action -4.0 Count

The signed coefficients in Table 3 multiply the corresponding metrics directly. Their absolute values
are the non-negative § weights in Eq (4.21), where the reward and penalty signs are written explicitly.
The coefficients are not monetary unit costs, and their magnitudes should be interpreted together with
the units and accumulation frequency of their respective metrics.

For the AGV waiting and failure downtime terms, “recorded minutes” refers to the counters
accumulated by the implementation. Let At,,;, denote the decision interval in minutes, equal to one in
the main configuration. The AGV waiting counter increases by Af;, when an idle AGV executes a
waiting action and increases again if the AGV is idle during the subsequent movement update. An idle
waiting interval can therefore contribute 2Af7,,;, to this counter.

The failure downtime counter increases by Az, for each decrement of the repair countdown while
the vehicle is failed. The service update routine is called both before and after the movement and health
update. Consequently, a failed AGV can contribute 2At,,;, to the downtime counter within one decision
interval. These two counters therefore do not represent elapsed physical time counted at most once per
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AGYV per interval. The corresponding reward coeflicients apply to these recorded quantities under the

existing implementation.

Table 4 summarizes the main training, network, health, and maintenance parameters. The values are
taken from the saved configuration of the main PM pressure HA-QMIX training run, after applying
configuration rules and run-specific over-rides. The reward coeflicients are reported separately in Table 3,
and the detailed health update rules are specified in Eqgs (5.1)—(5.3).

Table 4. Main training and maintenance parameters for the PM pressure HA-QMIX

experiments.
Parameter Setting
Training and network settings
Training length 1000 episodes

Episode horizon and decision interval
Top-K and action output dimension
Optimizer and learning rate

Discount factor

Replay batch size

Replay buffer capacity

Target network update interval
Gradient-norm clipping limit

Agent gated recurrent unit (GRU) hidden
dimension

Mixing network embedding dimension
Hypernetwork hidden dimension
Additional agent network inputs
Exploration probability

Exploration annealing length
Validation interval and sample size

Post-training evaluation

480 decision steps; 60 s per step
K=6K+5=11

Adam; 5 x 10~

v=0.99

8 complete episodes

1600 episodes

240 gradient updates

10

64

32

64

Agent identity and previous action

Linear decay from 1.0 to 0.05

24000 environment decision steps

Every 25 training episodes; 5 greedy episodes
50 greedy episodes per selected checkpoint

Health and maintenance settings

Initial HI and SOC

PM planning window condition

Urgent maintenance condition

HI and SOC failure thresholds

Base stochastic failure probability

Risk amplification coeflicient
Degradation scale

HI restoration floors after PM and CM
Age-retention fractions after PM and CM
Initial PM and CM service countdowns

Uniform on [0.58, 0.86] and [0.72, 1.0], respectively
h<0.820rp>0.143

h<0.72o0rp>0.22

0.18 and 0.12, respectively

P = 0.00058

fiskamplification _ () 004375

k=22

0.94 and 0.90, respectively

0.2 and 0.1, respectively

18 and 44, respectively

The replay buffer stores complete episode trajectories, and each batch samples eight episodes without
replacement. Once eight episodes are available, one gradient update is performed after each newly
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collected training episode. The target networks are updated by copying the online parameters every 240
gradient updates; this interval is not measured in environment decision steps. The exploration probability
is calculated at the beginning of each episode from the cumulative number of training decision steps
and remains fixed within that episode. It reaches 0.05 after 24000 training decision steps and remains at
that value thereafter. Validation and post-training evaluation use € = 0.

The PM planning thresholds in Table 4 are obtained from the urgent maintenance thresholds using
an HI margin of 0.10 and a risk fraction of 0.65, giving 0.72 + 0.10 = 0.82 and 0.22 X 0.65 = 0.143,
respectively. The implemented HI failure test uses & < 0.18, whereas the low-SOC test uses e < 0.12. A
failure is triggered only when the vehicle is not already failed, undergoing PM, or charging. The PM
and CM values of 18 and 44 are initial service countdowns. The service update routine is called twice
per decision interval, and an active countdown can therefore be decremented twice within that interval.
These values should not be interpreted directly as elapsed service durations of 18 and 44 minutes.

Checkpoint screening follows Section 4.6 and uses the means over the five validation episodes. For
Eq (4.33), the upper bounds on failures, missed PM opportunities, high-risk work steps, and recorded
downtime are 12, 100, 600, and 600 recorded minutes, respectively. The lower bounds on completed
tasks and PM count are 330 and 15, respectively. The downtime threshold applies to the implementation
counter described above. For the main 1000-episode run, the selected checkpoint is from training
episode 500, rather than the final training episode, and this checkpoint is used for the 50-episode greedy
evaluation.

The base seed recorded for the main run is 20260729. The five additional training runs use Seeds 29,
30, 31, 32, and 33, with the same training and network settings and 50 greedy evaluation episodes per
selected checkpoint. The settings in Table 4 describe these PM pressure HA-QMIX runs; they are not
asserted to apply to every historical variant discussed in Section 5.5. They document the experimental
configuration without a claim that the parameter choices are optimal.

The compared policies include first-come, first-served dispatching with corrective maintenance
(FCFS-CM), nearest-task dispatching with corrective maintenance (nearest-CM), nearest-task
dispatching with preventive maintenance (nearest-PM), and HA-QMIX. FCFS-CM assigns transport
tasks according to task release order and performs CM after failure; nearest-CM prioritizes the nearest
executable task and performs CM after failure; Nearest-PM adds PM planning window judgment to the
nearest dispatching. HA-QMIX uses the local observations, top-K candidate tasks, action masks,
shaped reward, recurrent neural network (RNN) agent, monotonic mixing network, and constrained best
checkpoint selection introduced in Section 4.

Evaluation metrics are organized around transport efficiency and equipment reliability. Transport
efficiency is measured by the number of completed tasks and the average elapsed time from task
release to successful completion. The latter is evaluated over tasks completed within the horizon and
includes the pending time, execution time, and any time spent before successful completion following an
interruption. Predictive maintenance behavior is measured by the PM count, missed PM opportunities,
and high-risk work steps; reliability is measured by the number of failures and failure downtime.
Multiseed experiments further report the gate pass rates to characterize the proportion of episodes in
which a policy satisfies the throughput and safety thresholds under different training randomness.
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5.2. Baseline comparison under the PM pressure scenario

Baseline comparison under the PM pressure scenario examines whether the joint learning policy can
increase throughput while reducing equipment risk. Operational metrics characterize differences among
policies in terms of task completion, proactive maintenance, failure control, and downtime loss, while
the mean—standard deviation dot plots preserve between-group gaps and variation ranges in the original
units; the detailed results are reported in Table 5 and Figure 5.

Table 5. Main operational comparison under the PM pressure scenario.

Method Completed tasks PM Failures Missed PM High-risk steps Downtime (min)
FCFS-CM 75.00 + 5.44 0.00 + 0.00 12.60 +£3.10 50.70 + 14.49 3060.90 + 370.21 537.50 + 132.76
Nearest-CM  41.80 +3.84 0.00 = 0.00 12.60 +£2.76  32.70 +7.90 2822.10 +£390.51 540.60 = 121.16
Nearest-PM  32.10 £ 2.91 16.60 + 1.74 8.40 +3.17 0.00 £ 0.00 0.00 £ 0.00 361.50 + 129.11
HA-QMIX 658.40 + 22.28 64.00 +548 7.04 +2.44 0.00 + 0.00 0.00 +0.00 306.62 + 106.07
Completed tasks Failures
(higher is better) Preventive maintenance (lower is better)

FCFS-CM{ @ 75.0 FCFS-CM 9 0.0 FCFS-CM - ——e— 126
Nearest-CM | @ 41.8 Nearest-CM - 0.0 Nearest-CM - —0— 12.6
Nearest-PM 1 @ 32.1 Nearest-PM @ 16.6 Nearest-PM - —=e——1 84

HA-QMIX - 191 658.4 HA-QMIX o 64.0 HA-QMIX { F——@— 7.0

0 200 400 600 800 0 20 40 60 80 50 75 100 125 150 175
Missed PM opportunity High-risk work steps Downtime (min)
(lower is better) (lower is better) (lower is better)

FCFS-CM ——@—i 50.7 FCFS-CM o —@— 3060.9 FCFS-CM - ———&—— 5375
Nearest-CM - —@—i 32.7 Nearest-CM - —@— 2822.1 Nearest-CM - ———@— 540.6
Nearest-PM - 0.0 Nearest-PM - 0.0 Nearest-PM - ————@— 3615

HA-QMIX - 0.0 HA-QMIX - 0.0 HA-QMIX  ———@—— 306.6

0 20 40 60 80 0 1000 2000 3000 4000 200 300 400 500 600 700 800

Figure 5. Operational metric dot plots under the PM pressure scenario.

HA-QMIX completes 658.40 + 22.28 tasks, outperforming the three rule-based policies; the
corresponding operational metrics are reported in Table 5. Nearest-PM reduces missed PM and
high-risk operations to zero, but completes only 32.10 + 2.91 tasks. FCFS-CM and Nearest-CM retain
the transport task assignment logic but lack proactive maintenance decisions, generating 50.70 + 14.49
and 32.70 + 7.90 missed PM opportunities, respectively, and more than 2800 high-risk work steps.
HA-QMIX simultaneously achieves 64.00 + 5.48 PM events, zero missed PM opportunities, zero
high-risk work steps, and lower downtime.
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The missed PM values in Table 5 and elsewhere in the experimental analysis use the counter defined
in Eq (4.22). A zero value means that no decision was counted under its PM availability condition and its
exemptions for PM and charging selections. It does not demonstrate that every low-HI vehicle received
timely PM or that all physical maintenance requirements were satisfied. The metric should therefore be
interpreted alongside the separately reported PM and failure metrics, within the implementation scope
stated in Section 5.1.

The methods use the same frozen task plan and nominal vehicle, charging, and maintenance
parameters. HA-QMIX records substantially more task selection actions and completed tasks in the
reported runs. However, the comparison uses 10 evaluation episodes per rule-based baseline and 50 for
HA-QMIX, with differences in the realized directed layouts. The implementation also contains a
zero-distance pickup handling issue whose effect has not been quantified. These results should therefore
be interpreted as descriptive outcomes of the recorded runs; the full performance gap cannot be
attributed solely to joint dispatching and maintenance.

5.3. Training process and constrained best checkpoint selection

The HA-QMIX training process is examined to determine whether the policy maintains safety
constraints and throughput levels during long-horizon learning. Greedy validation curves are used to
observe changes in throughput, safety, and the selection score during training, and checkpoint ranking
explains the model selection results of constrained best checkpoint selection, as shown in Figure 6 and
Table 6.

Table 6. Top checkpoints selected by constrained greedy validation.

Rank Train episode Feasible Selection score Completed tasks PM Failures Downtime Best
1 500 Yes 6104.46 663.00 £ 12.21  64.60+1.96 5.80+2.71 25520+119.37 Yes
2 275 Yes 6018.14 646.00 £20.86  71.40+5.24 5.60+0.49 238.40+30.45 No
3 325 Yes 5799.49 638.40+11.71  72.00+3.63 640=+1.74 271.00+8550 No
4 200 Yes 5790.50 631.60 £19.03  70.20+2.48 6.00+2.00 257.60+91.53 No
5 125 Yes 5680.34 699.40 £ 10.56 7640+ 1.74 9.00+1.67 380.00+66.13  No
6 375 Yes 5544.37 615.00 = 10.41 60.60 £5.00 6.20+2.32 272.80+101.87 No
7 400 Yes 5300.82 600.20 £ 10.24  62.00+2.28 6.40+3.32 27580+ 145.61 No
8 425 Yes 5292.50 635.00£29.78 67.40+2.80 8.60+1.74 376.20+75.06 No
9 300 Yes 5151.97 629.60 £25.21  7320+1.17 9.20+3.25 401.00+137.47 No
10 350 Yes 5041.92 608.80 = 16.40  68.20+4.31 7.80+3.31 327.20+133.28 No
11 250 Yes 4975.70 587.80 £14.32  62.20+299 7.20+1.60 309.00+57.25 No
12 225 Yes 4974.05 606.60 £28.69  66.20+4.71 8.40+3.50 363.40+151.26 No
13 450 Yes 4882.93 583.60+£17.07 61.00+3.41 7.20+2.04 30820+7893 No
14 525 Yes 4821.31 591.60 +9.02 52.80+£5.46 8.00+3.22 328.20+122.76 No
15 475 Yes 4716.10 598.00£35.75  59.60+0.80 9.00+0.89 39420+41.47 No
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Figure 6. Greedy validation dynamics for the 1000-episode training run.

Validation throughput increases rapidly in the early stage of training, and safety metrics subsequently
enter a controllable range, as shown by the training dynamics in Figure 6. The checkpoint at Training
Episode 500 obtains the highest selection score and ranks first among the checkpoints in Table 6. This
checkpoint achieves validated completed tasks of 663.00 + 12.21, a PM count of 64.60 + 1.96, a failure
count of 5.80 + 2.71, and downtime of 255.20 £+ 119.37 min. Throughput decline and selection score
fluctuations still appear in later training, indicating that the final checkpoint in long-horizon multiagent
training does not necessarily correspond to the best operating policy.

This phenomenon comes from the dynamic tradeoff between multiobjective rewards and constraint
thresholds. As training proceeds, the policy may lean toward conservative waiting or excessive
maintenance in some stages, or pursue more task completions while increasing failure and downtime
risk in other stages. Constrained best checkpoint selection first filters out candidates that do not satisfy
the safety and minimum throughput requirements, and then selects the model with the higher
performance score among feasible candidates. The training curves and checkpoint table jointly indicate
that the model selection procedure proposed in Section 4 can retain high-quality policies that appear
temporarily during training and reduce dependence on a single training endpoint.

5.4. Multiseed robustness and stability analysis

Multiseed replication is used to distinguish the method’s reliability from the effect of training
randomness. Independent 50-episode evaluation results characterize the mean and variance under

Journal of Industrial and Management Optimization Volume 22, Issue 11, 5855-5908.



5900

different training seeds, the gate pass rates characterize the proportion of episodes satisfying the
throughput and safety thresholds, and the episode distributions are used to observe low-throughput tails
and stable safety metrics. The corresponding results are reported in Table 7, Table 8, and Figure 7.

Table 7. Independent 50-episode evaluation results across five training seeds.

Seed Completed tasks PM Failures Missed PM  High-risk steps  Downtime Reward Main gate
29 719.68 £202.77 65.52+19.60 7.78+291 0.00+0.00 0.00+0.00 328.86 £ 126.56  4946.66 + 5065.32  78.0%
30 260.18 +107.52 2496 +10.38 8.44+3.32 0.00+0.00 0.00+0.00 355.02 + 142.67 —4903.94 +3702.68 4.0%
31 742.24 +2830  70.04+7.60 7.12+2.89 0.00+0.00 0.00+0.00 304.04 £ 12598  6923.17 + 656.85 96.0%
32 519.02 +74.68  40.06+530  7.66+3.00 0.00+0.00 0.00=+0.00 324.82 +130.72 2485.89 +1623.12  86.0%
33 767.34 +£40.63  69.04+6.77 7.18+2.79 0.00+0.00 0.02+0.14 305.08 + 121.74  6978.02 + 789.83 96.0%
Completed Tasks Preventive Maintenance
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Figure 7. Independent 50-episode evaluation distributions across training seeds.
Table 8. Key gate pass rates across five training seeds.
Seed Completed > 600 PM >40  Failures <12 Missed PM =0  High-risk =0 Downtime < 600  Selection gate =~ Main gate
29 80.0% 84.0% 92.0% 100.0% 100.0% 96.0% 82.0% 78.0%
30 2.0% 8.0% 84.0% 100.0% 100.0% 96.0% 16.0% 4.0%
31 100.0% 100.0% 96.0% 100.0% 100.0% 98.0% 96.0% 96.0%
32 12.0% 48.0% 94.0% 100.0% 100.0% 98.0% 94.0% 86.0%
33 100.0% 100.0% 96.0% 100.0% 98.0% 98.0% 96.0% 96.0%
Pooled  58.8% 68.0% 92.4% 100.0% 99.6% 97.2% 76.8% 72.0%

Journal of Industrial and Management Optimization

Volume 22, Issue 11, 5855-5908.



5901

Across the five seeds, mean failures are concentrated between 7.12 and 8.44, missed PM opportunities
remain zero for all seeds, high-risk operation is essentially zero except for 0.02 + 0.14 for Seed 33,
and mean downtime is concentrated between 304.04 and 355.02 min; the detailed means and standard
deviations are reported in Table 7. After cross-seed aggregation, the failures number 7.64 + 0.53,
the missed PM opportunities number 0.00 + 0.00, the high-risk work steps number 0.00 + 0.01, and
downtime is 323.56 + 20.87 min. These recorded risk-related indicators are comparatively consistent
across the five runs; this observation is limited to the reported evaluations.

Throughput varies substantially across the training seed runs. Seeds 31 and 33 complete 742.24 +
28.30 and 767.34 + 40.63 tasks, respectively, and both reach a main gate pass rate of 96.0%. Seed
30 completes only 260.18 + 107.52 tasks and has a main gate pass rate of 4.0%. The completed task
distributions in Figure 7 also show the low-throughput outcomes of Seed 30. PM counts vary across
seeds as well: The pass rates for the PM > 40 threshold are only 8.0% and 48.0% for Seeds 30 and 32,
respectively, as reported in Table 8. Thus, consistently high PM threshold pass rates are not observed
across all five seeds.

The multiseed results support a qualified conclusion: The recorded risk-related indicators are
relatively consistent, but throughput and PM counts vary across the reported runs. The evidence does
not establish the robustness of overall performance or consistently high throughput across training seeds.
Improving the stability of throughput remains a direction for further investigation.

5.5. Ablation analysis

Ablation analysis is used to examine the effects of the reward design, PM-aware signals, and training
length on the joint dispatching policy. Existing HA-QMIX variants cover the early PM reward, balanced
reward, throughput reward, unsafe candidate, and without PM-aware reward settings; the numerical
results are reported in Table 9, and the mean—standard deviation distributions of key operational metrics
provide cross-variant comparisons in Figure 8. This subsection uses historical candidates as evidence
for the method’s mechanisms and explains how different reward and training settings affect throughput,
safety, and maintenance behavior.

Table 9. Ablation and historical variant comparison for HA-QMIX.

Variant Completed tasks PM Failures Missed PM High-risk steps Reward

Early PM reward 340.60 £ 143.66 1560+ 1.80  9.10+3.45 16.40 + 1433 390.00 £ 199.42  —7540.99 + 3809.13
Balanced reward 284.95 £ 12548 28.05+15.67 8.30+2.55 0.15 +0.36 12.65 + 37.14 —5108.89 + 4502.63
Throughput reward 100 475.45 £251.52  54.00 £24.96 8.00+2.51 0.05 +0.22 0.05 +0.22 —-380.80 + 7847.11
Throughput reward 1000 658.40 £22.28 64.00+548 7.04+2.44 0.00 + 0.00 0.00 = 0.00 5855.23 + 546.87
High-throughput unsafe candidate  582.30 = 151.02 51.80+17.55 27.60+12.46 98.50 +30.01 360.20 + 218.05 —2531.63 +2829.56
Without PM-aware reward 388.50 £ 128.97  0.00 + 0.00 20.00 £ 11.09 243.80 +84.99 3212.50 +455.68 —5626.06 +2985.07
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Figure 8. Ablation dot plots for reward design and training length.

The variant without the PM-aware reward does not trigger PM, increasing failures to 20.00 + 11.09,
missed PM opportunities to 243.80 + 84.99, and high-risk work steps to 3212.50 + 455.68; the metrics
for all variants are reported in Table 9. Early PM reward produces some PM behavior, but missed PM
opportunities and high-risk operation remain high. Balanced reward reduces missed PM opportunities
and high-risk operation, but sacrifices throughput. The 100-episode version of throughput reward
already reduces missed PM opportunities and high-risk operation, but the variance of completed tasks
remains large. The 1000-episode version of throughput reward simultaneously achieves the highest
reward, relatively high throughput, and zero missed PM opportunities.

These differences come from the strength with which the reward terms constrain the direction of
policy search. Without a PM-aware reward, the policy lacks a proactive maintenance-triggering signal,
and AGVs tend to continue transport until failures occur or high-risk states accumulate. After the
safety constraints are strengthened under balanced reward, the policy shifts earlier toward maintenance
and waiting, leading to lower throughput. Throughput reward increases task completion benefit while
retaining penalties for failures, downtime, high-risk work, and missed PM opportunities, encouraging
the policy to increase task acceptance actions under controllable risk. The 1000-episode version has
relatively high completed tasks and reward while keeping missed PM opportunities and high-risk work
steps at zero; by contrast, the unsafe candidate and no PM-aware reward variants show clear deterioration
in their safety-related metrics, with the means and variation ranges shown in Fig. 8. This result indicates
that reward design and training length jointly determine the quality of the joint dispatching policy.

5.6. Sensitivity analysis

Sensitivity analysis examines the operating trends of the HA-QMIX policy under changes in task
demand, maintenance capacity, and health degradation pressure. Metrics under the three dimensions
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are used to compare the responses of throughput, PM, failures, downtime, and the gate pass rate to
operating pressure, with the values and trends reported in Table 10 and Figures 9-11.

Table 10. Sensitivity scenarios for task demand, maintenance capacity, and degradation

pressure.
Dimension Scenario Completed tasks PM Failures Downtime Main gate
Task rate 70 tasks/hour 552.00 +20.00 54.00 £5.00 5.60+2.00 246.00 + 88.00 100.0%
Task rate 90 tasks/hour 658.40 +22.28 64.00+548 7.04+244 306.62+106.07 100.0%
Task rate 110 tasks/hour  735.00 + 35.00 72.00+£7.00 850+2.90 374.00+124.00 92.0%
Maintenance bays 1 bay 612.00 +42.00 49.00 £ 8.00 9.60+3.20 423.00+ 138.00 82.0%
Maintenance bays 2 bays 658.40 +£22.28 64.00 +5.48 7.04 +2.44 306.62 +106.07 100.0%
Maintenance bays 3 bays 671.00 +24.00 66.00 £5.00 6.60+2.30 286.00+98.00 100.0%
Degradation scale 1.6 681.00 +21.00 48.00+5.00 4.70+1.80 208.00 + 76.00 100.0%
Degradation scale 2.2 658.40 +22.28 64.00£548 7.04+244 306.62+106.07 100.0%
Degradation scale 2.8 626.00 +47.00 78.00+£9.00 9.80+3.50 421.00+ 145.00 86.0%
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Figure 9. Sensitivity to task demand.

When the task arrival rate increases, completed tasks increase from 552.00 +20.00 to 735.00 + 35.00,
the PM count increases from 54.00 + 5.00 to 72.00 + 7.00, and downtime increases from 246.00 + 88.00
min to 374.00 = 124.00 min. This change indicates that higher task demand provides more transport
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opportunities for AGVs while increasing vehicles’ usage intensity and maintenance pressure. The main
gate pass rate decreases to 92.0% in the high-demand scenario, indicating that throughput growth does
not automatically increase the safety margin; the corresponding trend is shown in Figure 9.
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Figure 10. Sensitivity to maintenance capacity.

Changes in the number of maintenance bays reflect the effect of maintenance resource capacity on
the system’s performance. When maintenance capacity increases from one bay to two bays, completed
tasks increase from 612.00 + 42.00 to 658.40 + 22.28, failures decrease from 9.60 + 3.20 to 7.04 + 2.44,
and downtime decreases from 423.00 + 138.00 min to 306.62 + 106.07 min. After maintenance capacity
increases from two bays to three bays, the magnitude of improvement becomes smaller. Insufficient
maintenance capacity creates PM and CM queues and converts health risk into downtime loss; after
maintenance capacity reaches a certain level, the marginal benefit decreases, as shown in Figure 10.

When degradation intensity increases, the PM count increases from 48.00 + 5.00 to 78.00 + 9.00,
failures increase from 4.70 + 1.80 to 9.80 + 3.50, downtime increases from 208.00 = 76.00 min to
421.00 £+ 145.00 min, and completed tasks decrease from 681.00 + 21.00 to 626.00 + 47.00. Health
degradation pressure directly compresses the AGV time available for transport and increases maintenance
resource occupation, as shown in Figure 11. This result is consistent with the motivation for health-aware
dispatching in the research problem: When equipment degrades faster, the dispatching policy should
identify PM opportunities earlier and reallocate AGVs’ time between task benefit and failure risk.
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Figure 11. Sensitivity to degradation pressure.

5.7. Managerial insights

The experimental results provide three managerial insights. First, AGV dispatching in automated
terminals should not assign vehicles only according to the task distance or release order. FCFS-CM
and nearest-CM generate many missed PM opportunities and high-risk work steps under the PM
pressure scenario, indicating that ignoring health state converts short-term transport efficiency into
failure risk. Second, proactive maintenance policies should be jointly optimized with transport task
selection. Nearest-PM eliminates missed PM opportunities and high-risk operations, but throughput is
clearly insufficient; HA-QMIX retains the task completion incentives and maintenance risk constraints
through a unified action space and team reward. Third, maintenance resource capacity and checkpoint
selection directly affect policy deployment. Insufficient maintenance bays increase downtime, and
high-quality checkpoints may appear in the middle of training rather than at the end. In practical
deployment, dispatching systems need to incorporate health prediction, maintenance resource capacity,
and model selection rules into the same operating loop.

The multiseed results also indicate the need to manage training stability. HA-QMIX is stable on safety
metrics, but throughput still has a low-seed tail. If a production system adopts a similar multiagent
reinforcement learning policy, offline training should include multiseed replication, quantile-based
throughput constraints, and safety-gate selection mechanisms. This requirement is consistent with the
objective of joint dispatching and predictive maintenance: The dispatching policy should achieve high
return on average and maintain acceptable safety boundaries under variations in operating pressure and
training randomness.
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6. Conclusions

This study investigated a joint AGV dispatching and predictive maintenance problem in automated
container terminals. The problem links transport task assignment, charging, PM, CM, health degradation,
stochastic failures, and shared resource capacities in a unified operational setting. A time-indexed
formulation was developed to describe terminal road network movements, AGVs’ task execution,
maintenance window recognition, failure-triggered task release, and a net cost objective covering
delay, energy, maintenance, failure, high-risk operations, missed maintenance opportunities, and task
completion benefit.

To learn an online AGV fleet policy, the joint optimization problem was transformed into a health-
aware cooperative Markov game. The proposed HA-QMIX framework uses centralized training and
decentralized execution, where each AGV chooses among transport, charging, PM, buffer, wait and keep
actions. The HI, RUL, failure risk and state of charge enter local observations and global states. The
top-K task candidate mechanism provides a fixed-dimensional task action interface under dynamic task
release, and action masking enforces task availability, vehicle status, charging feasibility, PM windows
and maintenance resource capacity during learning and execution.

The reported experiments under the PM pressure scenario illustrate the application of HA-QMIX to
joint transport and maintenance decisions. Across the five training seed runs, the recorded risk-related
indicators are comparatively consistent, whereas throughput varies substantially. In particular, Seed
30 completes 260.18 + 107.52 tasks with a main gate pass rate of 4.0%, compared with 742.24 +
28.30 and 767.34 + 40.63 tasks and a 96.0% main gate pass rate for Seeds 31 and 33, respectively.
These observations support a limited conclusion about the consistency of the recorded risk-related
indicators, but do not establish the overall robustness or consistently high throughput across training
seeds. Throughput stability therefore remains a limitation requiring further investigation.

The results support the value of treating AGVs’ dispatching and predictive maintenance as a single
sequential decision problem. For automated terminal operators, AGV scheduling systems should
use health information not only as a monitoring signal but also as an input to real-time dispatching,
charging, and maintenance decisions. For algorithm design, health-aware state representation, feasible
action masking and safety-gated model selection provide a practical route for deploying multiagent
reinforcement learning in reliability-sensitive terminal operations.
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