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Abstract

The efficient scheduling of airport logistics vehicles is crucial for ensuring timely and cost-
effective ground operations, particularly under dynamic disturbances such as flight delays,
cancellations, and new task arrivals. With the increasing deployment of Internet of Things
(IoT) technologies in airport environments, real-time data from sensors and connected
devices enables efficient and adaptive scheduling. This paper considers a dynamic Airport
Logistics Vehicle Scheduling (ALVS) problem that aims to minimize both vehicle usage and
total task waiting time while satisfying task precedence and time window constraints. To
address this problem, we propose a hybrid optimization framework, termed Periodic and
Event-Driven Rolling Horizon Optimization (PERHO), which integrates periodic updates
with event-driven rescheduling to adapt to real-time task variations in airport ground
operations. Within PERHO, an Order-aware Adaptive Strategy Selection (OASS) algorithm
is developed to dynamically select the most appropriate task sequencing heuristic from a
candidate set based on recent performance and order relationships. Extensive experiments
across various instance scales and dynamic scenarios demonstrate the effectiveness of the
proposed PERHO-OASS approach. In experiments considering dynamic events, PERHO-
OASS reduces vehicle usage and task waiting time by an average of 23.55% and 61.95%,
respectively, over fixed heuristic algorithms, and by an average of 3.77% and 17.30% over
adaptive selection methods, demonstrating strong robustness under uncertainty. The
proposed approach can support airport operators in improving the efficiency and reliability
of ground logistics operations.

Keywords: airport logistics vehicle scheduling; rolling horizon optimization; dynamic
scheduling; adaptive system

1. Introduction

With the rapid growth of the air transportation industry, airports face increasing
pressure to manage large-scale logistics operations. Logistics vehicles play a critical role in
airport ground logistics services, transporting baggage and cargo between terminals and
aircraft. To ensure smooth airside operations and maintain flight punctuality, it is essential
to develop efficient and adaptive scheduling methods for these logistics vehicles.

The Airport Logistics Vehicle Scheduling (ALVS) problem involves assigning a limited
number of vehicles to time-constrained logistics tasks associated with flights. Each flight
typically requires multiple logistics support tasks subject to strict temporal and precedence
constraints. In addition, task execution is affected by uncertainties such as stochastic flight
arrivals and cancellations, which further increase the complexity of scheduling decisions.
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Existing research has investigated the ALVS problem using approaches such as mixed-
integer programming and heuristic or meta-heuristic algorithms [1-3]. Some studies have
also addressed scheduling for other airport ground support vehicles, such as refueling [4,5]
and towing vehicles [6,7]. However, most of these methods are designed for static or
semi-dynamic settings and often struggle to cope with frequent real-time disturbances.

With the increasing deployment of Internet of Things (IoT) technologies [8,9], real-
time data from sensors and connected devices facilitates communication and information
sharing. These data are transformed into structured information, including events such as
task arrivals and cancellations, and system states such as vehicle locations and availability.
These serve as inputs to the scheduling model and enable adaptive decision-making in
response to dynamically changing airport conditions. Leveraging this capability, recent
studies have applied Rolling Horizon Optimization (RHO) techniques, which iteratively
solve a sequence of subproblems over a moving time horizon and update decisions as
new information becomes available, thereby allowing rescheduling when new tasks or
disruptions occur [10-12]. Nevertheless, key challenges remain, including balancing com-
putational efficiency with optimization quality within each rolling interval and dynamically
selecting or switching scheduling strategies in response to changes in task conditions.

Therefore, this study explores how airport logistics vehicles can be scheduled under
dynamic disruptions while minimizing vehicle usage and task waiting time. Specifically,
we first formulate a bi-objective ALVS optimization model that captures the operational
workflow and practical requirements of airport logistics. The model accounts for constraints
such as time windows and precedence relationships among tasks. We then propose a hy-
brid Periodic and Event-Driven Rolling Horizon Optimization (PERHO) framework, which
integrates periodic updates with event-driven triggers to enable adaptive scheduling under
dynamic disruptions. Within this framework, an Order-aware Adaptive Strategy Selection
(OASS) algorithm is developed to dynamically select among three heuristic strategies,
namely Earliest Serviceable Time Priority (ESTP), Arrival Time Priority (ATP), and Random
Serviceable Time Priority (RSTP), based on recent performance and sequencing effective-
ness. By combining adaptive strategy selection with rolling horizon decomposition, the pro-
posed approach enhances decision flexibility under both static and dynamic conditions.
Extensive experiments are conducted using instances derived from the benchmark in [13],
where PERHO-OASS is compared with fixed heuristic algorithms (ESTP, ATP, and RSTP)
as well as adaptive selection methods, including Adaptive Operator Selection (AOS) and
Multi-Armed Bandit (MAB), to evaluate its effectiveness in solving the ALVS problem.

The main contributions of this paper are summarized as follows:

1. A bi-objective ALVS optimization model is formulated to minimize the number of
vehicles used and the total waiting time of all tasks.

2. A hybrid PERHO framework is developed to integrate periodic scheduling with
event-driven re-optimization for adaptive disruption handling.

3. An OASS algorithm is proposed to dynamically select task-ordering heuristics based
on recent performance, thereby improving solution quality.

4.  Extensive experiments under both static and dynamic scenarios demonstrate that the
proposed PERHO-OASS approach outperforms baseline methods for the ALVS problem.

The remainder of this paper is organized as follows. Section 2 reviews research
on airport ground vehicle scheduling and the application of rolling horizon optimization.
Section 3 formalizes the ALVS problem. Section 4 presents the proposed PERHO framework
and details the implementation of the OASS algorithm. Section 5 reports and analyzes
experimental results under various parameter settings and dynamic scenarios. Finally,
Section 6 concludes the study and outlines directions for future research.
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2. Related Work

This section reviews the relevant literature on airport ground support vehicle schedul-
ing problems and the RHO method, highlighting the key characteristics of airport ground
vehicle scheduling and the advantages of RHO in addressing dynamic scheduling problems.

2.1. Airport Ground Support Vehicle Scheduling

Airport ground vehicle scheduling problems have attracted increasing attention in
recent years. Generally, based on the number of service types, these problems can be clas-
sified into single-type and multi-type vehicle scheduling. Single-type vehicle scheduling
focuses on the scheduling of a single category of vehicles, such as ferry vehicles [14], bag-
gage vehicles [1,15], and other airport ground service vehicles [13,16], whereas multi-type
vehicle scheduling involves the coordination of multiple types of vehicles with different
operational characteristics [17-19]. Most of these studies consider static scheduling settings
without explicitly accounting for operational disturbances or uncertainty. Several studies
incorporate stochastic factors such as flight delays and emergency events. For example,
Han et al. [20] propose a two-stage optimization algorithm for ferry vehicles considering
flight time uncertainty, while Zhu et al. [21] develop a multi-objective mixed-integer pro-
gramming model for ground-handling vehicle schedules under uncertain flight arrivals.
These approaches extend static models by incorporating uncertainty, but they still rely
on pre-planned scheduling structures and lack explicit mechanisms for adaptive decision-
making in dynamically evolving environments.

In general, airport ground support vehicle scheduling can be formulated as a complex
single-objective or multi-objective optimization problem. In practical settings, dynamic task
arrivals, uncertainty, and strict operational constraints substantially increase both modeling
complexity and computational difficulty. However, most existing studies rely on static
or pre-planned scheduling frameworks, where uncertainty is primarily handled through
stochastic modeling rather than adaptive decision-making, thereby limiting their ability
to respond effectively to evolving operational conditions. These limitations highlight the
need for adaptive scheduling mechanisms capable of maintaining high solution quality
under dynamic conditions.

2.2. Rolling Horizon Optimization

RHO has been extensively applied across multiple domains to address dynamic
decision-making problems under uncertainty. In the energy domain, RHO has been widely
applied to scheduling and planning problems [22-26]. For instance, Servare et al. [24]
developed a rolling horizon framework for large-scale industrial energy scheduling, while
Brusco et al. [25] proposed a control model for renewable energy communities that leverages
distributed storage to mitigate power imbalance. In production and manufacturing, RHO
has been employed for dynamic production planning, scheduling, and inventory manage-
ment under uncertainty [27-31]. Boujnah et al. [30] integrate a rolling horizon mechanism
into aggregate production planning to enhance responsiveness, and Cruz et al. [31] apply a
rolling horizon approach to perishable product systems, achieving improved service levels
and reduced waste. In logistics and transportation, RHO facilitates dynamic vehicle routing
and adaptive scheduling of transportation resources [10,32-35]. Abbaszadeh et al. [35]
propose a rolling-horizon-based method for drone-assisted mobile blood collection, co-
ordinating heterogeneous resources efficiently, and Zheng et al. [33] develop a rolling
horizon strategy for port operations to handle dynamically arriving inter-terminal trans-
port requests. These studies demonstrate the versatility of RHO in supporting adaptive
decision-making in highly dynamic environments.
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Despite its demonstrated effectiveness across multiple domains, applying RHO to air-
port ground logistics remains challenging due to the distinctive operational characteristics
of airport environments. In particular, tight task deadlines and frequent dynamic events,
such as flight delays and cancellations, make dynamic scheduling a critical requirement.
In this context, RHO provides a suitable framework for handling dynamically evolving
scheduling problems, as it enables iterative updates of decisions in response to newly avail-
able information. However, its application to airport ground logistics remains limited. This
gap highlights the need for dedicated RHO-based scheduling frameworks that explicitly
capture the dynamic and constrained nature of airport operations, thereby supporting more
adaptive and efficient scheduling decisions.

Overall, existing studies are insufficient to fully address dynamic airport ground
logistics scheduling, motivating the development of dedicated RHO-based approaches for
airport operations that enable adaptive and efficient scheduling under dynamic conditions.

3. Problem Formulation

In the ALVS problem, each logistics support task T € T is associated with a flight
f € F, which arrives at time a¢. Executing a logistics support task (hereafter referred
to as a task) can be regarded as a service process performed by a vehicle v € V, which
includes dispatching the vehicle from the depot to the pickup location to perform the
pickup subtask, transporting the cargo or baggage to the delivery location to complete the
unloading subtask, and finally returning to the depot.

For each task 7, let sy and c¢; denote the start time and completion time of its pickup
subtask at the pickup location, respectively. The pickup subtask must be executed within a
specified time window [E¢, L], where E; and L, denote the earliest and latest allowable
service times. Moreover, due to aircraft cargo layout constraints, tasks belonging to the
same flight must follow a predefined sequence. Specifically, the pickup subtask of T can
only start after that of its predecessor task 7/ has been completed.

Furthermore, the following assumptions are adopted in this study. All logistics
vehicles are homogeneous and travel within the airport at a uniform speed. Therefore,
the travel time between different locations is determined by the corresponding travel
distance. During operations, each vehicle is allowed to serve only one logistics task per trip.
In addition, each logistics task is assumed to be a pre-defined service unit derived from
airport operation planning, with its cargo load not exceeding vehicle capacity under the
considered airport operational setting.

In practical airport logistics operations, the number of available vehicles is limited,
and excessive task waiting time may lead to cascading delays and reduced operational
efficiency. Therefore, it is essential to ensure timely and efficient task completion while
maintaining effective vehicle utilization. To this end, a bi-objective optimization model is
formulated as follows:

min f} = Z Xy, 1)

veV

where a5 is a binary variable, and a, = 1 if vehicle v is activated for task execution;
otherwise, a, = 0.

minf, = Y (s¢ —rq), 2)

TeT
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where 7 is the release time of task 7, defined as

af,, if task T has no predecessor 3)
rT - 7
¢y, otherwise

where a¢_denotes the arrival time of flight f associated with task 7, and c» denotes the
completion time of the pickup subtask of the predecessor task 7’.

s.t.
re<s;, VtreT, 4)
Er<s: <L VTET, )
Z ﬁTU = 1r \V/T S T/ (6)
veV
Bro<ay,, VTeT,Vvel, (7)

where By is a binary variable, and S, = 1 if vehicle v is assigned to task 7; otherwise,
,BTZ) =0.

The objectives defined in Equations (1) and (2) aim to minimize the number of vehicles
used and the total waiting time of all tasks, respectively. Equation (3) defines the release
time of each task based on flight arrival time and predecessor pickup subtask completion
time. Together with Equation (4), it ensures that each task cannot start before its release
time, thereby ensuring the predefined task sequence. Equation (5) ensures that each pickup
subtask is executed within its time window. Equation (6) guarantees that each task is
assigned to exactly one vehicle. Equation (7) ensures that a vehicle is activated once it is
assigned to any task.

Overall, the above formulation captures the essential scheduling objectives and funda-
mental constraints of the ALVS problem. To further analyze the computational complexity
of the problem, we establish its NP-hardness in Theorem 1.

Theorem 1. The ALVS problem is NP-hard.

Proof. We prove the NP-hardness of the ALVS problem by reduction from the Flexible Job
Shop Scheduling Problem (FJSP), which is a well-known NP-hard problem.

Consider a special case of the ALVS problem in which: (1) all travel times between
locations are set to zero; (2) each logistics task corresponds to one operation; and (3) each
flight corresponds to one job with a predefined task sequence.

Under this setting, each flight consists of a sequence of logistics tasks with precedence
constraints, which is equivalent to the operation sequence of a job in the FJSP. Each logistics
vehicle can process at most one task at a time, which corresponds to the machine capacity
constraint in the FJSP. Assigning tasks to vehicles and determining their service order is
therefore equivalent to assigning operations to machines and sequencing them in the FJSP.

Since the FJSP is NP-hard, and the ALVS problem generalizes the FJSP as a special
case, the ALVS problem is also NP-hard. O
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4. Algorithm Design

This section presents the proposed PERHO-OASS approach. First, we introduce the
rolling horizon task categorization mechanism and describe the dynamic evolution of
tasks across scheduling windows. Next, we detail the design of the hybrid PERHO opti-
mization framework, which integrates periodic updates with event-driven rescheduling,
as illustrated in Figure 1. Finally, we present the implementation of the OASS algorithm.

i | Airport Dynamic Environment |

Flight Flight
reschedule cancellation
Real-time | _._._._.__ 00 T I I I -
inf ti i . i
[nformation i | Periodic RHO Strategy | Schgdpllng
i decisions
; Planning horizon and window
L N
! /- N\
i Task Optimization
i | categorization P Wl We |:| W™ algorithm
v : Event-Driven RHO Strategy | :
Dynamic i ’
scheduling ! Event | N| Dynamic :> Rescheduling | !

; carly alert V| handling results :

Figure 1. The flow chart of the Periodic and Event-Driven Rolling Horizon Optimization (PERHO).

4.1. Task Categorization

In the rolling horizon framework, tasks are categorized into three types according
to their status relative to the current scheduling time: completed tasks, ongoing tasks,
and waiting-for-service tasks, denoted by the sets C, G, and W, respectively. Completed
tasks have been fully executed in previous windows and are excluded from subsequent
scheduling. Ongoing tasks are currently being processed but have not yet been completed,
and may span multiple windows. Waiting-for-service tasks have not yet been assigned or
executed and are considered for scheduling within the current window. As the time window
rolls forward, tasks may transition from waiting-for-service to ongoing, and from ongoing
to completed. However, in each window, only waiting-for-service tasks are involved in the
scheduling and assignment process. Completed and ongoing tasks are retained for state
tracking but do not influence scheduling decisions in subsequent windows.

Figure 2 illustrates the RHO process by depicting how tasks from multiple flights
evolve across rolling windows, where Figure 2a,b correspond to the current and next
rolling windows, respectively. The timeline is discretized by the rolling period At, and each
window dynamically includes or excludes tasks based on their arrival and execution status.
As the scheduling process advances from the current window (e.g., t1) to the next window
(t2), newly arrived tasks such as Tjg and Ty enter the scheduling window, while earlier
tasks such as T, and T3 have been completed. Meanwhile, tasks such as Ty, T5, and Tg
transition from waiting-for-service to ongoing. This dynamic task categorization effectively
reduces the scheduling scope and focuses computational effort on newly arrived tasks that
require timely decision-making.
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Figure 2. Task categorization in the rolling horizon optimization framework. The left part of the figure
represents the current window (a), which transitions to the next window (b) as the time window
moves forward by At, causing changes in task states.

4.2. PERHO Framework

The periodic RHO method, as shown in Figure 3a, ensures regular and stable schedul-
ing by assigning tasks at fixed intervals. Although this method is simple and efficient, it
cannot effectively handle dynamic disturbances, such as unexpected flight arrivals and
flight cancellations, as random variations may disrupt the planned schedule and render
it infeasible. In contrast, the event-driven approach dynamically adjusts the scheduling
process in response to such events, enabling timely handling of disruptions and providing
greater flexibility in highly dynamic environments. As illustrated in Figure 3b, when
advance notice is received at the alert time t 1o, the scheduler first assigns all waiting-for-
service tasks that arrived within the interval [(k — 1)At, tyjert]. The rolling window is then
shifted forward by At from t,e,t, rather than waiting until kAt as in periodic RHO. Com-
pared with fixed-period updates, event-driven triggers enable adaptive window shifting
and dynamic rescheduling, which is particularly important in real-time changing airport
environments. In practice, both modes are combined in a hybrid manner to balance stability
and adaptability: the periodic mode is employed in the absence of events to maintain
computational efficiency, while the event-driven mode is activated when dynamic changes
occur to ensure timely and accurate scheduling updates.

1" window
| o —— o ee[esl o o - ® o] | e e ee[se & & ®
At
3 ke e [eelo 0 e o] $ k[@e = ® [es([6 06 ... e
g B =
s At 2 At
2 2 ;
3 5 : ~
£ ) ) window movement £ Alyeri window movement
2 window size 2 —
j=2 j=2 H
E 2@ele & - ) £ 2
[=} [=} t ' t '
] first window & alert Tevent
Lo
L L L I I I I L L A ) Il Il
0 At 2At - kAt 1At [ 0 At 2At - kAt 1At b
Time Time
@ completed task @ ongoing task @ waiting-for-service task ® completed task @ ongoing task @ waiting-for-service task
(a) Schematic of the periodic RHO (b) Schematic of the event-driven RHO

Figure 3. Schematic of the PERHO framework illustrating both periodic and event-driven modes.
The yellow box denotes the rolling period, and the upward red arrow indicates the direction of
window movement.

Therefore, we propose the PERHO approach to solve the ALVS problem. In this
framework, scheduling is performed only for tasks within the current window, which
consists of tasks selected from those awaiting service. After each rolling period, completed
tasks are removed, and newly arrived tasks are incorporated. This process is repeated
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iteratively, ensuring that scheduling decisions are always based on tasks within the current
window, until the end of the planning horizon.

In PERHO, some tasks assigned in the previous window may not have been executed
in the current window. Two strategies can be adopted to handle such tasks: (a) retaining
their previously assigned schedules, or (b) reassigning them in the current window. In
strategy (a), the previously determined scheduling decisions are directly preserved, whereas
strategy (b) allows both reassignment of tasks to different vehicles and adjustment of their
execution order within the current window. Strategy (a) requires less computational effort
but may perform poorly under unexpected disturbances, whereas strategy (b) provides
greater flexibility at the cost of higher computational effort. Therefore, strategy (b) is
adopted in response to dynamic events, while strategy (a) is used when no dynamic event
occurs. The pseudocode of PERHO for dynamic ALVS is given in Algorithm 1, with two
key parameters defined as follows:

Algorithm 1: PERHO for ALVS
Input: set of tasks 7, window size L, rolling period At

Output: Scheduling scheme
1 Initializet <+ 0,C + @, G + O, W < T,and V + ©;
2 while C # T do
3 | Wi {teW|E.<t+L};
if an event occurs then

(- Y B

t < talerts
Categorize tasks in W; using strategy (b);

else

N

8 L Categorize tasks in W; using strategy (a);

9 Update C and G ;
10 Remove tasks in C U G from W ;
11 | Selectastrategy S € {ESTP, ATP, RSTP} using OASS;
12 Sort tasks in W; according to strategy S;
13 foreach each T € W; do

14 Sort vehicles in V by their availability time ;
15 foreachv € V do

16 if v can complete T within [E, L] then

17 Assign v to T;

18 L break;

19 if T is not assigned then

20 t Add a new vehicle v’ to V and assign it to T;

21 Update vehicle set V and waiting task set W;
22 t<—t+ AL

23 return Scheduling scheme

Window Size: The window size L determines the number of tasks considered at each
decision stage. A larger window improves solution quality by incorporating more tasks
but increases computational cost, whereas a smaller window reduces complexity at the
expense of potential optimality.

Rolling Period: The rolling period At defines the update frequency of the scheduling
process. A shorter At enables more frequent updates and improves responsiveness but may
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reduce stability and increase computational overhead, whereas a longer At leads to more
stable decisions with lower update frequency but reduced adaptability.

Therefore, the window size L and the rolling period At are typically determined
empirically to balance solution quality, computational efficiency, and responsiveness.

4.3. Order-Aware Adaptive Strategy Selection

In the heuristic scheduling stage, three strategies (ESTP, ATP and RSTP) are employed
to balance solution quality and computational efficiency. These strategies can be interpreted
as Priority Dispatching Rules (PDRs), which determine task processing order based on
predefined priorities and are widely used in scheduling problems [36]. Specifically, ESTP
assigns tasks based on the earliest serviceable time and is suitable for tasks with strict time
windows. ATP schedules tasks according to flight arrival times, favoring earlier arrivals.
RSTP adopts a random assignment mechanism, which enhances diversity and helps avoid
local optima. These strategies provide complementary advantages and enable flexible
scheduling under different task characteristics.

AOS is a widely studied mechanism in metaheuristics for dynamically selecting among
multiple heuristics based on their observed performance [37-39]. In many traditional
approaches, operator performance is evaluated using a single credit vector, which often
overlooks the sequential dependencies between operators. To address this limitation, we
propose an OASS algorithm that explicitly considers the execution order of strategies.
Specifically, OASS not only identifies effective strategies but also learns their optimal
execution sequence. To this end, we model the transition probability between strategies
using a 3 x 3 Guidance Matrix (GM), where each element S; ; represents the preference for
selecting strategy S; in the current rolling window given that strategy S; was applied in the
previous window.

S11 S12 S13
GM = |51 S22 S23|- (8)
S31 S32 S33

Given the guidance matrix GM and the strategy S; used in the previous window,
OASS employs a roulette wheel selection mechanism to determine the strategy for the
current window. The probability of selecting strategy S; is defined as:

Sl,]

P(j) = o5
Y31 Six

©)

After each rolling window, the matrix GM is updated to adapt to different search
stages and improve solution quality. To ensure that all elements remain strictly positive
while preserving their relative proportions, an exponential update mechanism is adopted.
Specifically, the transition weight from S; to S; is updated based on a feedback value 6 ,
which is derived from the change in objective performance:

GMIi|[j) = GMI[]] - exp(5;,), (10)

The feedback value §; ; is computed based on Pareto improvement as follows:

||Io||’ if7 £ Q@and D =@
Oij = —:1(;', ifD#£@and I = @ (11)
0, otherwise

https://doi.org/10.3390/ electronics15102176


https://doi.org/10.3390/electronics15102176

Electronics 2026, 15,2176

10 of 21

where O denotes the set of optimization objectives, Z C O the subset of improved ob-
jectives, and D C O the subset of degraded objectives. |- | denotes the cardinality of
a set.

All elements §; ; are initialized to 1, implying equal preference for all strategy transi-
tions at the initial stage. The exponential update guarantees that all entries in GM remain
strictly positive without requiring additional normalization.

Overall, the OASS algorithm selects a scheduling strategy at the beginning of each
rolling window and applies it consistently within that window, while adaptively adjusting
strategy preferences across consecutive windows based on their observed performance.

5. Experiments and Discussion
5.1. Experimental Setup

In this section, a series of experiments are conducted to evaluate the effectiveness
of the proposed PERHO and OASS algorithms. The instances used for evaluation are
derived from the benchmark (A3_ht) introduced in [13], which is constructed based on
real-world airport flight schedule data. The time span of each instance is 8 h, and the
number of tasks ranges from 100 to 400. Based on the distribution of task quantities in
the benchmark, representative instances with 100, 200, 300, and 400 tasks are selected to
evaluate the performance across different problem scales. To systematically investigate the
impact of the rolling period and window size on solution quality, four different settings
are considered for each parameter, selected according to the 8-h scheduling horizon of
the benchmark instances to represent different update frequencies and planning horizons.
Detailed configurations of these variables are provided in Table 1.

Table 1. Parameter settings used in the experiments.

Parameter Values

Rolling period (min) 30, 40, 50, 60
Window size (min) 90, 120, 150, 180
Task quantity 100, 200, 300, 400

To assess the performance of the algorithm under different parameter combinations
(rolling period and window size), each combination is run 500 times, with each run pro-
ducing a single feasible solution, from which the non-dominated subset is extracted, along
with the associated performance metrics. This procedure is repeated 20 times, and the final
non-dominated solution set and the mean and standard deviation of the corresponding
metrics for each parameter combination are obtained by aggregating the results across
these repetitions.

We adopt the Hypervolume (HV) metric [40] and the objective function values (f;
and f,, corresponding to the two optimization objectives defined in Section 3) to evaluate
solution quality. The HV metric is a widely used performance indicator in multi-objective
optimization, measuring the volume dominated by the non-dominated solution set con-
structed from multiple independent runs in the objective space. A larger HV value indicates
better performance. For the objective values reported in the following experiments, f1(f2)
denotes the solution with the minimum vehicle usage and its corresponding waiting time,
while (f1) f> denotes the solution with the minimum waiting time and its corresponding
vehicle usage. The best results are highlighted based on the primary objective, with the
secondary objective used for further comparison when multiple algorithms achieve the
same primary value.
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5.2. Parameter Analysis

To evaluate the impact of different rolling period and window size configurations
across varying task quantities, we report the mean HV and its standard deviation (std)
for instances with 100, 200, 300, and 400 tasks, as shown in Table 2. Values are rounded
to two decimal places, with the best results highlighted in gray and bold. This analysis
aims to identify parameter combinations that achieve both high solution quality and
stable performance.

Table 2. Mean Hypervolume (HV) and standard deviation (std) for different rolling period and
window size configurations across five problem instances for each task quantity.

Task Quantity
d Rolling Period Windoyv Size 100 200 300 200
(min) (min)

Mean Std Mean Std Mean Std Mean Std
1 30 90 0.73 0.03 0.66 0.11 0.71 0.10 0.81 0.05
2 30 120 0.76 0.03 0.67 0.07 0.67 0.06 0.79 0.06
3 30 150 0.77 0.01 0.68 0.11 0.71 0.07 0.81 0.04
4 30 180 0.80 0.06 0.66 0.08 0.69 0.08 0.81 0.02
5 40 90 0.71 0.08 0.72 0.06 0.66 0.09 0.79 0.05
6 40 120 0.75 0.05 0.72 0.04 0.62 0.09 0.80 0.05
7 40 150 0.73 0.06 0.72 0.05 0.66 0.11 0.80 0.02
8 40 180 0.70 0.07 0.70 0.06 0.66 0.15 0.78 0.04
9 50 90 0.72 0.07 0.78 0.07 0.70 0.06 0.76 0.03
10 50 120 0.70 0.06 0.78 0.08 0.75 0.12 0.77 0.04
11 50 150 0.71 0.07 0.81 0.05 0.69 0.07 0.76 0.02
12 50 180 0.74 0.06 0.78 0.08 0.75 0.10 0.77 0.01
13 60 90 0.68 0.07 0.72 0.06 0.68 0.09 0.73 0.04
14 60 120 0.69 0.02 0.74 0.02 0.65 0.04 0.73 0.03
15 60 150 0.68 0.05 0.72 0.06 0.67 0.07 0.76 0.04
16 60 180 0.69 0.06 0.72 0.05 0.65 0.10 0.71 0.05

Note: The best mean HV values for each task quantity are highlighted in gray and bold.

For instances with 100 tasks, the configuration with a rolling period of 30 min and
a window size of 180 min achieves the highest mean HV (0.80), indicating superior opti-
mization performance. Meanwhile, the configuration with a rolling period of 30 min and a
window size of 150 min yields the lowest standard deviation (0.01), demonstrating strong
stability. These two configurations are therefore recommended for small-scale instances,
depending on whether solution quality or consistency is prioritized.

For medium-scale problems with 200 and 300 tasks, a rolling period of 50 min proves
more effective. For 200 tasks, the configuration with a rolling period of 50 min and a window
size of 150 min achieves the best performance, with a mean HV of 0.81. For 300 tasks,
the configurations with a rolling period of 50 min and window sizes of 120 and 180 min
both attain the highest mean HV (0.75). Among these, the configuration with a window
size of 180 min demonstrates better robustness, as indicated by a lower standard deviation
(0.10), making it more suitable in practice.

For instances with 400 tasks, the configurations with a rolling period of 30 min and
window sizes of 150 and 180 min both achieve the highest mean HV (0.81). Notably, the con-
figuration with a window size of 180 min exhibits the lowest standard deviation (0.02) across
all experiments, indicating superior stability and effectiveness for large-scale instances.

Overall, the results indicate that optimal parameter selection is sensitive to problem
scale. The effectiveness of the rolling period appears to depend on how tasks are distributed
over time and how strongly they interact with each other. For small-scale instances, tasks
are relatively sparse, making scheduling decisions more sensitive to local adjustments.
For large-scale instances, the high task density increases competition for resources, which
also makes the system more sensitive to scheduling changes. In both cases, shorter rolling
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periods help maintain solution quality. In contrast, medium-scale instances tend to be more
balanced, where a moderate rolling period provides a better trade-off between solution
quality and computational effort. We also evaluated smaller rolling periods and larger
window sizes, but these settings did not lead to significant improvements. Moreover,
smaller rolling periods increased computational overhead, making them less efficient
in practice.

5.3. Comparison of Different Algorithms

Table 3 compares ESTP, ATP, RSTP, AOS, MAB, and OASS across different task quan-
tities, using the selected parameter settings (rolling period, window size). Experiments
are conducted on five problem instances for each task quantity, and the results reveal the
distinct characteristics of each algorithm while highlighting the superior performance of
OASS. In addition to the fixed heuristic algorithms, two adaptive selection mechanisms
are also included. Specifically, compared with OASS, the AOS used in this study adjusts
the selection probabilities of candidate strategies according to their observed performance
without modeling strategy transitions, where performance is evaluated based on the im-
provement or degradation in the objective values using the same criterion as in OASS,
while MAB adopts an e-greedy policy with € = 0.1 to balance exploration and exploitation.
To further illustrate the performance of the different algorithms, a representative problem
instance (instance id = 1) is selected from each task quantity category for detailed analysis.

Table 3. Performance comparison of six algorithms across different task quantities.

Task Inst. ESTP ATP RSTP AOS MAB OASS (Ours)
Quantity D fi f fi fo fi f () () () f(F) AGY) ()
1 6 45373 6 42337 7 37357 6(37031)  (7)24621  6(37543)  (7)222.89 | 5(528.09)  (7)165.59

2 10 16421 11 27098 10 39432  9(283.08)  (10)160.33 10(305.83) (11)206.88 & 8(436.86)  (10)154.25
100(30,180) 3 9 56996 8 81411 8 47780 |7(56866) (11)357.78  7(59258) (12)357.40  7(571.67) | (10)345.95
4 5 29648 5 33234 6 52181  5(299.96) (11)189.85  5(299.96)  (10)211.67 ['5(28601) (9)172.97
5 9 19135 6 26609 7 24983  5(25844)  (8)12073  5(25841)  (10)15848 = 5(258.19)  (9)96.01
1 10 182905 9 198225 13 172949 8(111384) (10)57381 8(1147.87)  (10)976.06 | 8(103099)  (11)438.22
2 8 163866 10 164298 14 178825  7(797.72)  (12)32420  7(81276)  (9)432.14 | 7(763.63)  (10)277.67
200(50,150) 3 8 134987 8 173597 12 230850  6(1427.44) (11)41022  6(121635)  (9)31445 = 6(1205.16)  (12)269.52
4 8 140680 8 157059 11 196558  6(1183.13)  (9)34851  6(115639)  (9)351.35 = 6(114501)  (10)339.11
5 9 162947 8 201023 11 200387  7(94342)  (9)392.14 |'7(74497) (9)38498  7(813.36) | (10)298.32
3 {1s) 13 1) 12 (16)
1 7. 284112 19 291770 25 290708 q3g350) 105535 (1600.77) 105445 | (1797.29) 102217
16 (19) 17 (20) 15 (19)
2 18 205210 20 228719 26 283703 qyc700) 150663 (195894) 160276 | (1969.36)  1347.38
12 (13) 12 (14) 12
0060180 3 18 157804 17 24283 24 23082 b i G0h osen  1amss | (ooay (1994869
11 (16) 1
418 168018 16 231820 25 26281 1205018) (9B i ek upepe) (1966776
11 1 (14) 11
5. 17 17870 15 275090 2 268382 qgpee (8848 | qeme M ol 0975759
1 14 2D 1
1 16 174121 19 200264 24 WIS o0 (988 qgdeo 0nl qgareg (2184358
14 (15) 14 (16) 14 (16)
2 16 1A% 17 245950 23 259885 n44380) 175642 (224892) 126202 | (2066.16) 126067
15 15 22) 15
0GOI8) 3 16 190220 16 302649 21 286624 udo (9GP0 10mns | (osmgy D78
14 14 (20) 14
4w S U w2 % 26013 gt oo o B0 i a9)ssas
15 14 (20) 14
5015 24034 18 20978 24 A0AL (00 (1996021 ot Ol @0)79L01

Note: The best results are highlighted in gray and bold based on the primary objective.

ESTP, ATP, and RSTP exhibit relatively limited performance compared with the adap-
tive selection methods, particularly as the task scale increases. ESTP achieves performance
comparable to ATP in terms of vehicle usage but consistently requires more vehicles than
OASS and results in higher waiting times. For example, in the first 300-task instance, ESTP
uses 17 vehicles, whereas OASS requires only 12. In the first 100-task instance, ESTP yields
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a waiting time of 453.73 min, significantly higher than the 165.59 min achieved by OASS.
ATP performs similarly to ESTP in smaller instances but becomes less effective as the
problem size increases. In the first 400-task instance, ATP requires 19 vehicles, compared
to 14 for OASS. Additionally, ATP incurs higher waiting times than both ESTP and OASS
in most cases. In the first 200-task instance, ATP results in a waiting time of 1982.25 min,
which is higher than that achieved by other baseline methods. RSTP shows the weakest
performance overall, requiring the largest number of vehicles across all task scales. Across
all 400-task instances, RSTP requires more than 20 vehicles, and in several instances the
number reaches 24, which is significantly higher than OASS. In terms of waiting time, RSTP
increases substantially with task scale, ranging from 373.57 min for 100 tasks to 2475.15 min
for 400 tasks. These results indicate that fixed heuristic strategies lack sufficient adaptability
when handling large-scale dynamic scheduling problems.

AOS and MAB demonstrate better performance by dynamically selecting candidate
strategies during the rolling optimization process. In terms of vehicle utilization, both
methods consistently require fewer vehicles than the fixed heuristic algorithms in most
instances. For example, in the first 300-task instance, both AOS and MAB achieve a
minimum vehicle usage of 13 vehicles, outperforming all fixed heuristic algorithms. In
terms of waiting time, both AOS and MAB also outperform ESTP, ATP, and RSTP in most
cases. For instance, in the same 300-task instance, AOS and MAB reduce the waiting time
to 1055.35 min and 1054.45 min, respectively, which are substantially lower than those
achieved by the fixed heuristic algorithms. In several instances, AOS and MAB achieve
the same minimum vehicle usage as OASS, but their corresponding waiting times are
generally higher than those of OASS. In the third 100-task instance, however, AOS achieves
the same minimum vehicle usage as OASS while obtaining a lower corresponding waiting
time than other methods achieving the same vehicle usage, and is therefore highlighted
in gray. Similar results are observed for MAB in the fifth 200-task instance and the fifth
300-task instance. Overall, although AOS and MAB significantly improve upon the fixed
heuristic algorithms, their performance remains less stable than OASS across different
problem instances.

In contrast, OASS demonstrates the best overall performance in most instances,
achieving the minimum vehicle usage and waiting time across different problem settings.
As shown in Table 3, even in cases where AOS or MAB attain the same minimum vehicle
usage, OASS typically yields lower corresponding waiting times. Compared with the fixed
heuristic algorithms, OASS reduces vehicle usage by an average of 26.42% and decreases
task waiting time by 62.36%, demonstrating its substantial advantage in balancing resource
utilization and service efficiency. Compared with the adaptive selection baselines AOS and
MAB, OASS reduces vehicle usage by an average of 2.82% and decreases waiting time by
19.99%. These results indicate that OASS maintains superior performance across different
problem instances.

Figure 4 presents the Gantt charts of all algorithms for the first 100-task instance. To en-
sure a fair comparison, solutions with similar vehicle usage are selected for visualization. It
can be observed that, compared with the fixed heuristic algorithms, the adaptive methods
generate more compact task schedules while using the same or fewer vehicles, thereby
improving service efficiency and reducing task waiting time. This advantage is particularly
evident for OASS.

In summary, OASS leverages dynamic strategy selection and sequencing based on
real-time performance feedback and order relationships, enabling more efficient resource
allocation and task scheduling. Compared with both fixed heuristic algorithms and con-
ventional adaptive selection methods, OASS achieves more competitive and robust perfor-
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mance, demonstrating the effectiveness of incorporating strategy sequencing into rolling
scheduling decisions.
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Figure 4. Gantt chart of logistics vehicle scheduling results for six algorithms in a 100-task instance.

5.4. Dynamic Event Analysis

To evaluate the performance of the proposed PERHO framework under dynamic
events, new flight arrivals and flight cancellations are randomly introduced during the
scheduling process. The details of the instance settings are reported in Table 4. Values
in parentheses indicate the number of tasks added or removed during each event. The
alert lead time At ey is set to 30 min to provide sufficient buffer for rescheduling. These
settings reflect the dynamic characteristics of airport operations and provide a basis for
evaluating the algorithms under varying scenarios. Table 5 reports the comparative results
for instances with task quantities ranging from 100 to 400.

Under dynamic event scenarios, the fixed heuristic algorithms exhibit limited adapt-
ability, particularly when facing large-scale disruptions. ESTP generally maintains relatively
stable vehicle usage under minor disturbances, but its rigid prioritization of serviceable
time often leads to cascading delays when new flights are introduced or existing flights
are canceled. ATP performs worse than ESTP under dynamic conditions, especially in
terms of waiting time, due to its strict adherence to arrival order. RSTP shows the least
reliable performance among the fixed heuristic algorithms, frequently requiring excessive
vehicles and incurring high waiting times across different instances. As task scale increases,
the limitations of fixed heuristics become more evident. For example, in Ins8, ESTP, ATP,
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and RSTP require 18, 23, and 17 vehicles, respectively, while incurring waiting times of
2539.97, 3320.02, and 2717.28 min. In contrast, OASS requires only 12 vehicles and achieves
a waiting time of 984.90 min. These results indicate that fixed heuristic algorithms struggle
to effectively respond to dynamic disruptions and resource reallocation requirements.

Table 4. Details of instance configurations for dynamic event analysis.

Ins. Peggllh(rrlr%in) S‘i/\zllengx(l)x) Task Quantity  Events

Insl 30 180 100 (—3) cancel a flight

Ins2 30 180 100 (+4) schedule a new flight

Ins3 30 180 100 (—3, +4) cancel a flight and schedule a new flights

Ins4 50 150 200 (—8) cancel three flights

Ins5 50 150 200 (+9) schedule four new flights

Ins6 50 150 200 (-8, +9) cancel three flights and schedule four new flights
Ins7 50 180 300 (—25) cancel five flights

Ins8 50 180 300 (+15) schedule three new flights

Ins9 50 180 300 (=25, +15)  cancel five flights and schedule three new flights
Ins10 30 180 400 (—25) cancel five flights

Ins11 30 180 400 (+10) schedule five new flights

Ins12 30 180 400 (—25, +10) cancel five fligths and schedule five new flights

Table 5. Performance comparison of six algorithms under different dynamic event scenarios.

L ESTP ATP RSTP AOS MAB OASS (Ours)

e fi f fi f fi f AR () A7) AR AR f(F)
Ins1 5 420.10 6 312.76 7 334.78 5(489.75) (8)176.91 6(289.90) (9)176.25 5(401.86) (7)131.73
Ins2 6 460.10 6 435.01 7 402.97 6(391.73) (8)252.16 6(381.79) (8) 238.05 6(318.29) (8) 227.75
Ins3 5 426.46 6 324.40 7 396.17 5(437.51) (7) 148.49 6(387.07) (10) 219.92 5 (418.05) (7) 113.99
Ins4 10 1782.47 9 1602.27 13 1742.06 8(1013.99) (10) 565.35 8(1076.82) (11) 889.56 7 (1510.13) (10) 460.77
Ins5 11 2029.05 10 2149.52 13 2251.34 8(1371.25) (10) 710.12 8(1397.94) (11) 1088.76 8 (1366.84) (10) 694.53
Ins6 9 1906.04 10 1963.75 12 2023.98 8(1116.08) (9) 708.22 8(1125.39) (9) 1052.16 8(995.92) (9) 697.97
Ins7 15 1970.10 17 2721.17 17 1587.60 11 (1506.14) (17) 791.37 12(1712.85) (16)944.73 11 (1436.39) (18) 726.95
Ins8 18 2539.97 23 3320.02 17 2717.28 13 (1474.24) (16) 1064.49 13 (1667.23) (15) 1102.7 12 (1951.32) (17) 984.90
Ins9 17 2118.52 20 2879.36 17 1786.78 11 (1754.30) (15) 861.71 12 (2056.57) (15) 1101.75 11 (1578.29) (17) 810.11
Ins10 15 1332.25 17 1956.24 20 2240.48 14 (1724.07) (19) 927.31 14 (1695.92) (20) 1001.27 14 (1669.78) (19) 975.72
Ins11 16 2095.94 18 2640.46 23 2688.29 15 (1699.55) (23) 1038.29 15 (1786.13) (18)938.76 15 (1385.34) (21) 761.83
Ins12 15 1506.80 18 2354.20 20 2875.07 14 (2179.51) (19) 1001.43 14 (2447.58) (17) 1052.98 14 (2232.57) (18) 953.86

Note: The best results are highlighted in gray and bold based on the primary objective.

AOS and MAB exhibit stronger adaptability than the fixed heuristic algorithms un-
der dynamic event scenarios by dynamically adjusting strategy selection according to
scheduling performance. Both methods achieve competitive results in several instances.
For example, in Ins10, AOS achieves the best waiting time among all algorithms. In Ins12,
AOS further achieves the best vehicle utilization while maintaining a competitive waiting
time. MAB also improves upon the fixed heuristic algorithms in most dynamic instances,
though its performance is slightly inferior to AOS. Specifically, MAB achieves the same min-
imum vehicle usage as OASS in 6 instances, whereas AOS matches OASS in 10 instances.
Nevertheless, in most cases, their corresponding waiting times remain higher than those
of OASS. Overall, while both AOS and MAB provide notable improvements over the
fixed heuristics, their results are generally less consistent than OASS across the set of
evaluated instances.

OASS consistently outperforms all other algorithms across the evaluated dynamic
event instances, achieving the lowest vehicle usage and waiting times in most cases. On av-
erage, across all instances with task quantities ranging from 100 to 400, OASS reduces
vehicle usage by 23.55% and waiting time by 61.95% compared with the fixed heuristic
strategies, and, when compared to the adaptive baselines AOS and MAB, it achieves
an additional reduction of 3.77% in vehicle usage and 17.30% in waiting time. These
results indicate that OASS not only achieves superior efficiency and service quality but
also maintains stable performance across a wide range of dynamic scheduling scenarios.
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Its effectiveness in simultaneously optimizing vehicle allocation and task scheduling un-
der varying disruptions highlights its robustness and practical applicability for airport
ground logistics.

Figure 5 shows the Gantt chart of scheduling results for six algorithms on Ins2, in which
four newly arrived tasks are considered. For better visual comparability, solutions with
comparable vehicle usage are selected for illustration. It can be observed that OASS
generates more compact task schedules than the baseline methods, leading to lower task
waiting times under dynamic events.

HIAMR-=- 0= B
Bl E NENEEN-NE AE
¢ EEENNEE NG §

IRl H
o1 WEE I el 8

i
| HEE S | 458§ N B §

+f 1§ OECEEEEECEE || | 6 N EREE R B
SLUCEE T RN AR ] 1

Vehicles
=

Le
=]
=gm
Vehicles
<
w

=

T T
100 200 300 400 500 ) 10 200 300 400 500
Time (min) Time (min)

(a) Gantt chart of ESTP scheduling results (b) Gantt chart of ATP scheduling results

AT NN MNNRR A
of @ BF NEEEEEEEREER B | < BN G 0O WEESER AR 6
| EEENNEENEEEEE W

1 14 99,
" BN - sl i
o 2
S
v I B FEHER B E
E a 2 v 3 H 66
< EIEE HEMCER 8 i m
T -1 FHE E I A A §
N - EIR § '
T « HITE § IEEREEEE §
w1 HE I i
T T T T T T
T T T T T T 0 100 200 300 400 500
0 100 200 300 400 500 Time (min)
Time (min)

(c) Gantt chart of RSTP scheduling results (d) Gantt chart of AOS scheduling results

L EREN i MEEREE B

<1 B E NEIREEEE 0 § «1 i IR §

g« DB E NEN MERNESE DS & | @ DEE NEENESEEEN G A
10 E EEN-RNE 0| - (BEE NEEENEEEE B

-1 THE B B A AEEE -1 I NEECEEEECIE  §

{EIEE | MR- B | < B0 @ DSRS0 A

Time (min) Time (min)
(f) Gantt chart of OASS scheduling results

Vehicl

&

w
Vehicles

=

(e) Gantt chart of MAB scheduling results

Flight 1 Flight 3 Flight 5 Flight 7 Flight9  me Flight 11 Flight 13 Flight 15 Flight 17
BN Flight2 WEM Flight4 WEM Flight 6 WM Flight8 B Flight 10 W8 Flight 12 WM Flight 14 W99 Flight 16 WS Flight 18

Figure 5. Gantt chart of scheduling results for six algorithms on Ins2.

In summary, OASS outperforms all baseline strategies under dynamic events by
dynamically selecting and sequencing strategies based on real-time conditions. These
findings highlight the critical role of OASS in real-world airport logistics, where adaptability
to frequent disruptions is essential.

5.5. Comparison with Global Scheduling

To further evaluate the effectiveness of the proposed PERHO-OASS approach, we
compare its performance with global scheduling approaches based on ESTP and ATP.
This setting can be regarded as an idealized scenario, where global methods have full
prior knowledge of all tasks and dynamic events, providing a reference for comparison
to assess whether the proposed PERHO-OASS approach can achieve comparable or even
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superior performance. In the experimental setup, both global ESTP and ATP are applied
to the same task sets under identical vehicle and time constraints as those used in the
PERHO experiments described in Section 5.2. The results reported in Table 6 reveal several
important findings.

Table 6. Performance comparison of PERHO-Order-aware Adaptive Strategy Selection (OASS)
and global scheduling using Earliest Serviceable Time Priority (ESTP) and Arrival Time Priority
(ATP) algorithms.

. ESTP ATP PERHO-OASS (Ours)

Task Quantity
fi f fi f fi f

100 (—3) 5 439.53 7 517.72 5 401.86
100 (+4) 6 485.06 8 488.08 6 318.29
100 (-3, +4) 5 445.89 7 529.36 5 418.05
200 (—8) 10 1822.42 10 1730.03 7 1510.13
200 (+9) 10 2060.45 10 2050.89 8 1256.37
200 (-8, +9) 10 1797.71 10 1925.26 7 1996.41
300 (—25) 16 1890.09 17 2603.21 11 1436.39
300 (15) 19 2586.98 21 3331.36 12 1951.32
300 (—25, +15) 18 2128.62 19 3065.92 11 1578.29
400 (—25) 16 1154.14 19 2030.37 16 1669.78
400 (+10) 17 2013.58 18 3014.16 15 2081.82
400 (—25, +10) 16 1166.02 19 2379.93 14 2232.57

Note: The best results are highlighted in gray and bold based on the primary objective.

In terms of vehicle usage, PERHO-OASS consistently demonstrates superior perfor-
mance in minimizing the number of vehicles required. For small-scale instances with
100 tasks, PERHO-OASS matches the best result achieved by ESTD, requiring only five
vehicles, and outperforms ATP by reducing the vehicle count by two in cases such as task
cancellations. As the problem scale increases, the advantage of PERHO-OASS becomes
more pronounced. For large-scale scenarios involving 400 tasks, PERHO-OASS requires
only 14 to 16 vehicles, whereas ESTP and ATP require 1617 and 18-19 vehicles, respectively.
A particularly notable case is observed for 300 tasks with 25 cancellations, where PERHO-
OASS uses only 11 vehicles compared to the 17 vehicles required by ATD, representing
a 35% reduction. This improvement suggests that the PERHO-OASS approach is able to
achieve competitive performance even when compared to global ESTP and ATP, which
have full prior knowledge of dynamic events but rely on static scheduling decisions.

Regarding waiting time optimization, PERHO-OASS achieves the best or highly com-
petitive results across most scenarios. For example, in the case of 100 tasks with four new
arrivals, PERHO-OASS attains a total waiting time of 318.29 min, outperforming both
ESTP (485.06 min) and ATP (488.08 min). In the case of 100 tasks with three cancellations,
as shown in Figure 6, PERHO-OASS achieves performance comparable to that of ESTP
under global scheduling, while achieving a waiting time of 401.86 min, which is lower
than the 517.72 min obtained by ATP. There are occasional exceptions. For instance, in the
200-task scenario with combined disruptions, PERHO-OASS results in a waiting time of
1996.41 min, which is higher than the 1797.71 min achieved by ESTP. However, this is ac-
companied by a significant reduction in vehicle usage, with PERHO-OASS requiring seven
vehicles compared to ten for ESTP, reflecting a deliberate trade-off between objectives. Sim-
ilar exceptions can also be observed in the instances with 400 tasks. These results suggest
that the proposed PERHO-OASS approach is able to maintain competitive performance
while balancing trade-offs between objectives.

PERHO-OASS also demonstrates remarkable robustness under combined disruptions.
For example, in the scenario with 300 tasks, 25 cancellations, and 15 new arrivals, PERHO-
OASS maintains 11 vehicles, compared with 18 for ESTP and 19 for ATP, while achieving
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a total waiting time of 1436.39 min, which is less than half of that for ATP, 3065.92 min.
In the 400-task scenario with 25 cancellations and 10 new arrivals, PERHO-OASS utilizes
14 vehicles and attains a waiting time of 2232.57 min, outperforming ATP, which requires
19 vehicles and incurs 2379.93 min of waiting. These results indicate that PERHO-OASS
maintains both stability and efficiency even as the complexity of disruptions increases,
whereas global scheduling approaches degrade significantly in both objectives. Notably,
PERHO-OASS occasionally accepts slightly longer waiting times in exchange for substan-
tial reductions in vehicle usage, reflecting a practical trade-off aligned with operational
constraints in airport logistics.
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Figure 6. Gantt chart of scheduling results for three algorithms under a flight cancellation event
(removing three tasks) in a 100-task instance.

The superior performance of PERHO-OASS can be attributed to several key factors.
Its adaptive strategy selection mechanism enables dynamic switching among ESTP, ATP,
and RSTP based on real-time feedback, whereas global ESTP and ATP are constrained
by static priorities and cannot respond to instantaneous changes due to their fixed rules.
The rolling window mechanism in PERHO-OASS prevents overcommitment to outdated
plans and facilitates timely responses to newly arising events. Moreover, as problem scale
increases, global scheduling approaches become computationally prohibitive, while the
decomposition of the problem into smaller subproblems within PERHO-OASS ensures
both scalability and tractability.

In summary, the advantages of PERHO-OASS, demonstrated in dynamic event scenar-
ios (Section 5.4), also extend to static global benchmarks. This highlights the generalizability
and robustness of the proposed approach and indicates that traditional global scheduling
methods may struggle to effectively handle dynamic airport logistics, whereas PERHO-
OASS provides a practical and effective alternative.

6. Conclusions

In this paper, we propose a hybrid PERHO framework that integrates periodic and
event-driven RHO to address the ALVS problem. The approach dynamically categorizes
tasks into completed, ongoing, and waiting-for-service sets, enabling adaptive scheduling
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under real-time disruptions. Three heuristic strategies are incorporated, together with an
OASS algorithm to balance solution quality and computational efficiency.

Experimental results under both static and dynamic scenarios demonstrate that the pro-
posed method consistently outperforms fixed heuristic algorithms and adaptive selection
methods in terms of vehicle utilization and task waiting time, validating its effectiveness in
dynamic airport logistics scheduling. The proposed approach can support airport operators
in improving the efficiency and reliability of ground logistics operations.

Despite these promising results, several limitations remain. First, the current study
simplifies real-world airport operations and does not fully capture complex uncertainties,
such as weather conditions and air traffic control disruptions. Second, the experiments
are conducted on benchmark instances derived from a specific airport logistics setting,
and further validation is needed to assess the scalability and generalizability of the proposed
method across more diverse airport environments.

Future research will incorporate predictive models based on machine learning or
time-series forecasting methods to better anticipate task variations and support proactive
scheduling decisions under more complex operational disruptions. The proposed approach
will also be further validated across airports with different operational characteristics to
enhance its practical applicability.
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Abbreviations

The following abbreviations are used in this manuscript:

ALVS Airport Logistics Vehicle Scheduling

IoT Internet of Things

RHO Rolling Horizon Optimization

PERHO  Periodic and Event-Driven Rolling Horizon Optimization
OASS Order-aware Adaptive Strategy Selection
ESTP Earliest Serviceable Time Priority

ATP Arrival Time Priority

RSTP Random Serviceable Time Priority

AOS Adaptive Operator Selection

MAB Multi-Armed Bandit

FJsp Flexible Job Shop Scheduling Problem
PDRs Priority Dispatching Rules

GM Guidance Matrix
HV Hypervolume
std standard deviation
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