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Abstract: Weekly aircraft maintenance scheduling is a path-dependent sequential decision problem in 

which dynamic task arrivals, inherited backlog, and uncertain repair efficiency reshape future maintenance 

capacity. We propose a feasibility-aware proximal policy optimization (PPO) rolling framework that learns 

aircraft-level task allocation and proactive maintenance preferences and converts them into executable 

weekly schedules through deterministic priority conversion, eligibility logic, capacity projection, 

integerization, and a common physical executor. A 50-week evaluation with 10 paired seeds compared the 

method with FCFS, Greedy-Urgency, an exact one-week receding-horizon MILP, and a genetic algorithm 

rolling heuristic. In the N=20 base case, the proposed PPO improved task pool service by 2.05 percentage 

points and reduced average backlog by 86.89 relative to Greedy-Urgency; relative to FCFS, it increased 

aircraft availability by 11.09 percentage points, reduced cost by 258.60, and lowered constraint pressure 

by 34.60 percentage points. It also achieved higher long-horizon service and lower backlog than the exact 

MILP and GA baselines with approximately 5 ms online decision time. Component studies showed that 

proactive maintenance improves long-horizon service and backlog control, while action masking improves 

availability, cost, constraint pressure, and proposal feasibility. The architecture maintained a consistent 

operating profile across repair efficiency variation and fleet sizes N=10–30, with online decision times of 

3.463–7.173 ms. The resulting framework provides transparent and computationally efficient decision 

support for weekly aircraft maintenance under uncertain execution capacity. 

Keywords: aircraft maintenance scheduling; rolling optimization; repair efficiency uncertainty; 

feasibility projection; proactive maintenance; PPO 
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1. Introduction 

Aircraft maintenance is central to airworthiness, operational continuity, and fleet availability. 

Maintenance decisions directly influence flight schedules, mission capability, turnaround efficiency, 

and operating cost. Research on condition-based fleet maintenance, predictive maintenance, 

maintenance check scheduling, and line maintenance scheduling demonstrates the operational value 

of coordinating maintenance timing with aircraft state and resource availability [1–3]. In high-density 

and resource-constrained operations, poorly coordinated maintenance can propagate into overdue tasks, 

aircraft unavailability, resource rescheduling, and downstream operational disruption. Aircraft 

maintenance scheduling has therefore evolved into an integrated optimization problem that couples 

task priority, resource capacity, aircraft state, and long-horizon operational performance[4]. 

Aircraft maintenance policies span preventive, corrective, condition-based, and predictive 

strategies. Preventive maintenance is scheduled by flight hours, flight cycles, or calendar time, which 

supports planning but may consume component life and maintenance capacity prematurely. Corrective 

maintenance exploits component life more fully but can create unscheduled downtime and emergency 

workload. Condition-based and predictive maintenance use health monitoring, remaining useful life 

(RUL) prediction, and state assessment to align maintenance timing with fleet condition [5–7]. Related 

studies address multi-component spare constraints, engine-level alarm decisions, and adaptive RUL 

prediction [8–10]. Reinforcement learning has increasingly complemented these approaches by 

supporting sequential maintenance decisions in dynamic and uncertain environments [11–13]. 

Weekly maintenance introduces three coupled features that are less prominent in long-horizon 

check planning or local line maintenance allocation. First, the task pool evolves continuously as new 

tasks arrive, and unfinished work is inherited from previous weeks. Second, realized repair efficiency 

changes the amount of work that can be executed within a weekly capacity. Third, proactive 

maintenance can consume current resources while changing future task pressure and flight-hour 

margins. These features make weekly maintenance a rolling optimization problem in which backlog 

propagation, execution uncertainty, and proactive decisions must be coordinated over time[14,15]. 

These couplings create pronounced state and path dependence. Incomplete work enlarges the next 

week's task pool; lower repair efficiency reduces executable capacity; and the timing of proactive 

maintenance changes both near-term availability and future maintenance pressure. A locally attractive 

weekly action can therefore reshape later fleet states, making horizon-aware decision-making essential. 

Reinforcement learning is well-suited to this setting because it can learn state-feedback decisions from 

the cumulative consequences of repeated weekly interactions, while an explicit execution layer 

preserves the operational constraints of the maintenance process[16–18]. 

To address this problem, we develop an executable rolling architecture that integrates a learned 

state-feedback policy, deterministic priority-to-schedule conversion, feasibility-aware projection, and 

a common physical executor. The contribution lies in coupling these elements within a weekly state-

transition process in which current decisions shape future backlog, executable capacity, and aircraft 

availability. This architecture converts learned priorities into auditable schedules and supports direct 

comparison with rule-based, exact, evolutionary, and mechanism-ablated alternatives under common 

execution semantics. 
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The main contributions are summarized as follows: 

(1) We formulate weekly aircraft maintenance as an executable rolling state-transition model that 

jointly represents dynamic task arrivals, inherited backlog, aircraft states, flight-hour margins, repair 

efficiency–dependent execution capacity, and proactive maintenance. The evaluation semantics are 

explicit: TCR measures rolling task pool service, and SVR measures model-internal scheduling 

constraint pressure. 

(2) We construct a feasibility-aware PPO scheduling mechanism in which the actor learns aircraft-

level latent task allocation and proactive maintenance preferences, while deterministic priority 

conversion, eligibility logic, capacity projection, integerization, and the common executor generate the 

weekly schedule. PPO likelihood is evaluated on the sampled latent action, preserving consistency 

between rollout sampling and policy updating while keeping execution feasibility explicit. 

(3) We benchmark the rolling mechanism over 50-week simulations against FCFS, Greedy-

Urgency, an exact one-week receding-horizon MILP, and a genetic algorithm rolling heuristic. 

Targeted component studies quantify the intertemporal value of proactive maintenance and the 

feasibility contribution of action masking, with a dedicated information-sensitivity study for direct 

repair efficiency observation. 

(4) We characterize the operating envelope across repair efficiency intensity, repair efficiency 

distribution family, demand intensity, and fleet sizes N=10, 20, and 30. The experiments show stable 

multi-objective behavior across repair efficiency variation and the tested fleet size range, together with 

millisecond-level online computation as the policy scales from N=10 to N=30. 

The remainder of this paper is organized as follows: Section 2 reviews aircraft maintenance, 

routing and recovery, uncertainty-aware optimization, and learning-based scheduling. Section 3 

formulates the weekly rolling problem and metric semantics. Section 4 presents the feasibility-aware 

PPO scheduling mechanism and executable action conversion. Section 5 describes training, 

optimization baselines, independent-instance evaluation, component studies, robustness tests, and 

statistical reporting. Section 6 reports the comparative, mechanism-level, robustness, and fleet size 

results. Section 7 concludes the study, and Appendix A summarizes the executable synthetic data 

generation and replay protocol. 

2. Literature review and research positioning 

2.1. Aircraft maintenance scheduling and operational planning 

Aircraft maintenance scheduling has long been studied as part of airline operations planning. 

Early operations research work established flight-scheduling, maintenance-routing/base-planning, and 

fleet-assignment structures that later maintenance scheduling models build upon [19,20]. Later studies 

developed dynamic programming, mixed-integer programming, and simulation-optimization 

formulations for maintenance checks, hangar scheduling, tail assignment, disruptive task rescheduling, 

and fleet-level maintenance coordination [21–23]. 

Aircraft recovery research provides a complementary operational perspective. Column-

generation heuristics coordinate disruption recovery with airport capacity constraints and maintenance 

flexibility [24–26], reinforcement learning supports multi-fleet recovery under airport disruption [27–29], 

and recent methods combine evolutionary search, reinforcement learning–guided local improvement, 

and explicit feasibility repair for multi-objective recovery [30]. These studies motivate strong exact, 
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heuristic, evolutionary, and learning-based comparisons. Their primary decision objects are disrupted 

flight rotations, leaving recurring weekly maintenance task pools and their backlog dynamics as a 

distinct scheduling problem. 

These models provide strong foundations for long-horizon check planning and deterministic task 

allocation. Line-maintenance studies further address short ground stops and local task resource 

feasibility [4,31]. Weekly rolling maintenance extends this setting by combining continuously renewed 

task pools, inherited backlog, execution-capacity fluctuations, and proactive maintenance within the 

same state transition. This combination creates a decision horizon in which current-week allocation 

changes the workload and aircraft states encountered later. 

Weekly maintenance, therefore, requires a sequential decision perspective. The task pool is 

renewed every week, unfinished workload is carried forward, and current decisions reshape future 

backlog and fleet availability. The problem studied here is formulated accordingly as a rolling state-

dependent scheduling process with explicit cross-week propagation. 

2.2.  Predictive maintenance and health-aware decision making 

Fleet-level condition-based maintenance formulations combine partial observability or 

optimization models with health-state information [1,5,32]. Prognostics-oriented studies use remaining 

useful life estimates and uncertainty to support predictive maintenance and maintenance timing [2,10]. 

Together, these studies demonstrate the value of converting health information into state-aware 

maintenance decisions and provide important foundations for proactive maintenance planning. 

The present study targets a complementary source of uncertainty: repair execution efficiency. 

RUL uncertainty primarily shifts when maintenance demand emerges, whereas repair efficiency 

uncertainty changes how much maintenance workload can be executed within the current weekly cycle. 

Execution efficiency, therefore, affects task completion, resource use, backlog carryover, and 

subsequent fleet availability even when the maintenance demand sequence is unchanged. 

Proactive maintenance connects health-aware timing with rolling task allocation. Its value 

depends on whether current resources can absorb the intervention and whether the intervention reduces 

future workload pressure. The proposed framework, therefore, learns proactive maintenance 

preferences jointly with weekly task allocation, allowing their intertemporal effect to be evaluated 

within the same rolling process. 

2.3.  Maintenance scheduling under uncertainty 

Aircraft maintenance under uncertainty has been addressed through robust and simulation-

optimization formulations [26,27], while broader maintenance research studies have focused on 

stochastic deterioration, monitoring quality, imperfect inspection, and information value [33–35]. 

Dynamic maintenance scheduling has also compared reinforcement learning, genetic algorithm 

simheuristics, and dispatching rules under changing operating conditions [36,37]. Chance-constrained 

carrier-aircraft hangar scheduling further illustrates how mission uncertainty, multi-skilled resources, 

and rescheduling can be integrated into an optimization framework [38]. 

For weekly aircraft maintenance, uncertainty propagates through the task pool. A reduction in 

effective repair capacity delays current work and enlarges the backlog entering the next week; the 

enlarged task pool then changes future resource pressure and aircraft availability. Modeling repair 
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efficiency directly in executable capacity, therefore, captures a cross-week propagation mechanism 

that extends beyond isolated task-level processing-time perturbations. 

The study addresses this mechanism through a weekly repair efficiency multiplier and evaluates 

low, medium, and high disturbance levels. The analysis focuses on how execution-capacity variation 

reshapes the service–backlog–availability–cost trade-off as backlog propagates across weeks. 

2.4.  Reinforcement learning for dynamic maintenance optimization 

Reinforcement learning is suitable for sequential maintenance decisions because current actions 

affect future states, and performance is evaluated through cumulative outcomes [15]. Aircraft-specific 

applications include maintenance-check scheduling, line maintenance, fleet-availability optimization, 

and fighter-aircraft maintenance [3,13,14]. Related work used reinforcement learning for 

manufacturing or condition-based maintenance scheduling [39–41], while inspection and maintenance 

under incomplete information have been addressed by POMDP and constrained deep reinforcement 

learning formulations [42,43]. Large-scale airline fleet maintenance and carrier-based flight-deck 

scheduling extend learning-based scheduling to more complex operational settings [44,45]. 

Recent work also expanded the methodological scale of learning-based scheduling. Distributed 

hierarchical multi-agent reinforcement learning has been evaluated for airline fleets ranging from 10 

to 200 aircraft [44], and graph neural network–assisted deep reinforcement learning has been used for 

real-time carrier-based aircraft flight-deck scheduling [45]. A recent systematic review surveyed 

machine learning–driven combinatorial optimization for routing and scheduling under large-scale and 

dynamic constraints, reinforcing the need to connect learned decisions with explicit optimization 

structure and strong baselines [46]. 

Three research needs emerge for weekly aircraft maintenance. First, repeated task pool service 

requires explicit representation of inherited backlog and cross-week state evolution. Second, 

maintenance execution capacity should respond directly to repair efficiency variation. Third, a 

learning-based scheduler must provide a reproducible mapping from continuous policy output to an 

executable aircraft-level schedule. These needs motivate an architecture in which learning, feasibility 

handling, and physical execution are separated but coordinated. 

The proposed framework uses PPO as the state-feedback learning engine within this executable 

rolling architecture. Its methodological contribution lies in the weekly state-transition model, 

deterministic priority-to-schedule conversion, feasibility projection, and joint treatment of proactive 

maintenance and repair efficiency information. 

2.5.  Structured comparisons and research gap 

Table 1 positions the proposed approach relative to representative aircraft maintenance, 

routing/recovery, uncertainty-aware, exact/heuristic optimization, and learning-based scheduling 

studies. The distinguishing contribution is an executable weekly architecture that couples backlog 

propagation, repair efficiency–dependent capacity, feasibility-aware schedule construction, and 

proactive maintenance, followed by component and robustness studies that reveal how these 

mechanisms shape the operating trade-off. 
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Table 1. Structured comparison with representative studies. 

Representative study Problem and method Relevant scope Key distinction 

Deng et al. [21] 

Long-term maintenance-

check scheduling; 

dynamic programming 

Due-window and long-

horizon check optimization 

Check-level planning with 

predetermined maintenance structure; 

different from recurring weekly task 

pool evolution 

Liang et al. [28] 

Aircraft recovery with 

maintenance flexibility; 

column generation 

heuristic 

Airport capacity, disruption 

recovery, and flexible 

maintenance 

Recovery-centered planning for 

disrupted flight rotations rather than 

recurring weekly maintenance workload 

Lee et al. [29] 

Multi-fleet aircraft 

recovery; Q-learning and 

double Q-learning 

Learning-based disruption 

recovery 

Flight-recovery action space and 

disruption response; different from 

repair capacity–aware weekly 

maintenance 

Tseremoglou and 

Santos [1] 

Condition-based fleet 

maintenance; DRL under 

partial observability 

Health-state and prognostic 

uncertainty 

Maintenance-timing decisions driven by 

health information; complementary to 

weekly execution-capacity uncertainty 

Widmer et al. [4] 

Aircraft line maintenance 

scheduling; simulation 

and RL 

Short turnaround task and 

resource allocation 

Local ground-stop scheduling, 

complementary to cross-week backlog 

propagation 

Ruiz-Rodríguez et 

al. [37] 

Dynamic maintenance; 

RL, GA simheuristic, and 

dispatching rules 

Multi-method comparison 

under uncertainty 

General dynamic maintenance 

comparison; the present study adds 

aircraft-specific proactive maintenance 

and rolling backlog 

Zhang et al. [44] 

Large-scale airline fleet 

maintenance; distributed 

hierarchical MARL 

Multi-airport and fleet-

scale coordination 

Life-cycle multi-level coordination at a 

broader scale; the present study focuses 

on an executable weekly task pool 

service 

Jia et al. [30] 

Multi-objective aircraft 

recovery; memetic 

algorithm with RL 

Evolutionary search and 

feasibility repair 

Recovery and airport-slot objectives; 

complementary feasibility perspective 

to recurring maintenance-backlog 

dynamics 

Liu et al. [38] 

Hangar maintenance 

scheduling; chance 

constraints and hybrid 

PSO 

Uncertain mission timing, 

multi-skilled resources, 

and rescheduling 

Carrier wave-mission hangar 

scheduling; the present study addresses 

airline-style weekly rolling task pools 

Present study 

Weekly maintenance task 

pools; masked PPO with 

deterministic conversion 

Backlog propagation, 

repair efficiency–

dependent capacity, 

proactive maintenance, 

and paired independent 

instance evaluation 

Executable weekly rolling architecture 

with explicit learned preference, 

feasibility, and physical execution 

layers 

Table 1 highlights the integration pursued here: cross-week backlog propagation is coupled 

with repair efficiency–dependent executable capacity, a reproducible continuous-to-executable 

policy interface, and proactive maintenance within one rolling environment. The evaluation then 

separates long-horizon policy value, mechanism contributions, and robustness under common 

execution semantics. 
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3. Problem formulation 

3.1. Weekly rolling maintenance scheduling model 

Consider a fleet of N aircraft, indexed by i in 𝐼 = {1,… ,𝑁}, and C maintenance task categories, 

indexed by c in 𝐶 = {1,… , 𝐶} . The planning horizon contains T weekly decision epochs. At the 

beginning of each week, the effective task pool combines inherited backlog and newly arriving 

workload. The scheduler selects completed workload and may trigger an early maintenance/overhaul 

action. Table 2 summarizes the principal notation. 

Table 2. Main notations used in the rolling maintenance model. 

Symbol Meaning 

𝐼 Number of aircraft 

𝐶 Number of maintenance task categories 

𝑇 Number of weekly decision epochs 

𝑏𝑖,𝑐,𝑡 Backlog of task category c for aircraft i at the start of week t 

𝑎𝑖,𝑐,𝑡 Newly arriving workload 

𝑥𝑖,𝑐,𝑡 Completed workload 

𝑜𝑖,𝑡 Binary early maintenance/overhaul decision 

𝛿𝑖,𝑐,𝑡 Deterministic task reduction generated by the executed proactive maintenance transition 

𝜂𝑡 Weekly repair efficiency multiplier 

𝑅𝑡 Available weekly maintenance resource 

𝑇𝑖
max Weekly maintenance time limit for aircraft i 

𝐴𝑖,𝑡
avail Aircraft availability indicator 

𝑞𝑖,𝑡 Policy task priority preference 

𝑚𝑖,𝑡 Policy early-maintenance score 

At the aggregate level, backlog evolves according to 

 
Bt+1=Bt+At-Xt 

(1) 

At the aircraft-task level, let δ(i,c,t) denote the deterministic reduction in task-category c workload 

produced by the proactive maintenance state transition selected for aircraft i in week t: 

 

bi,c,t+1=max{0,bi,c,t+ai,c,t-xi,c,t-δi,c,t} 

 

(2) 

Equation (2) makes the weekly process path-dependent: unfinished work enters the next decision 

state, while proactive maintenance can reduce specific future task pressure. The term δ(i,c,t) is 

generated directly by the legal maintenance state transition executed in AnyLogic for aircraft i and task 
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category c; it equals zero when no proactive action occurs. This formulation directly ties backlog relief 

to executable maintenance state semantics rather than to a separately tuned coverage coefficient. 

Figure 1 summarizes the weekly rolling process and separates four roles that are central to the 

proposed architecture: latent policy generation, policy-side feasibility handling, common physical 

execution, and evaluation. PPO produces latent preferences, deterministic projection converts them 

into an executable schedule, and the common executor applies the same physical and maintenance 

constraints to every method. Training reward signals guide policy learning, while cost, SVR, and CT 

remain external evaluation metrics. 

 

Weekly inputs

• New task 

arrivals

• Inherited 

backlog

• Aircraft state 

/ margins

• Resource 

capacity

• Repair 

efficiency ηₜ

• History / 

eligibility

1 Task arrival & backlog fusion

2 Weekly state observation sₜ

3 PPO latent preference sampling zₜ

4 Feasibility-aware deterministic projection

5 Executable weekly schedule

6 Common physical execution

7 Reward, state update & next week

Next-week feedback: backlog   aircraft state   

margins   maintenance history

Training reward signals

  Task-pool service

  Backlog / shortfall

  Fleet availability

  Overuse pressure

  Gated proactive-maintenance

Used in Rₜ during training

Reported evaluation metrics

TCR rolling service

AB backlog

AAR availability

Cost external evaluation

SVR constraint pressure

CT online decision time

Cost is external to the reward.

Common hard executor constraints (all methods)
Eligibility   η-adjusted capacity   maintenance margins   legal transitions   integer execution

Shared by all compared methods
 

Figure 1. Weekly rolling scheduling process with separated feasibility, reward, and 

evaluation roles. 

3.2. Repair efficiency uncertainty and observability assumption 

The nominal processing time of task category c is denoted by the corresponding standard-time 

parameter. A weekly repair efficiency multiplier η(t) converts standard workload into effective 

execution time: 

 

p
i,c,t
eff =p‾

c
η

t
 

 

(3) 

 

A value η(t)>1 represents slower-than-nominal execution and reduces the standard workload 

that can be completed within a fixed weekly capacity; η(t)<1  represents faster-than-nominal 

execution. The multiplier is generated from a truncated normal distribution: 

 

η
t
∼TruncNormal(1,σ2;0.70,1.50) 

 

(4) 
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The study adopts explicit contemporaneous observability. In the full-state setting, η(t) is sampled 

at the beginning of week t, provided to the policy, and used by the execution model to determine that 

week’s effective capacity; future weekly values remain outside the current information set. This 

formulation isolates the scheduling value of current repair efficiency information under perfect 

contemporaneous observation. In the information-ablation policy, the policy-visible feature is fixed at 

the nominal value 1.0, while the physical executor continues to use the realized η(t). Measurement and 

forecasting uncertainty constitute a separate extension of the present model. 

The uncertainty-sensitivity experiments use σ=0.05, 0.10, 0.20 for the low-, medium-, and high-

disturbance settings, respectively. 

3.3. Aircraft state evolution and resource constraints 

Let H(i,t) be the accumulated flight-hour pressure, h(i,t) the additional flight hours in week t, and 

ΔH_maint(i,t) the pressure released by maintenance. The state update is 

 

Hi,t+1=Hi,t+hi,t-ΔHi,t
maint 

 

(5) 

 

ΔHi,t
maint=∑ ρ

c

c∈C

xi,c,t+ρ
overhaul

oi,t 

 

(6) 

The weekly resource constraint is 

 

∑∑ rc

c∈Ci∈I

xi,c,t+∑ ri
overhaul

i∈I

oi,t≤Rt 

 

(7) 

The eta-adjusted maintenance time constraint for each aircraft is 

 

∑ p‾
c

c∈C

η
t
xi,c,t+Pi,t

overhauloi,t≤Ti
max 

 

(8) 

Fleet availability is computed from the aircraft-level availability indicators: 

 

At
fleet

=
1

N
∑Ai,t

avail

N

i=1

 

 

(9) 

3.4. Evaluation metrics and interpretation 

The model evaluates service capability, backlog, availability, cost, constraint pressure, and online 

computation. Task completion rate is calculated over the effective weekly task pools: 

 

TCR=
∑ ∑ ∑ xi,c,t

C
c=1

N
i=1

T
t=1

∑ ∑ ∑ (ai,c,t+bi,c,t)
C
c=1

N
i=1

T
t=1

 

 

(10) 
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Because unfinished work re-enters later weekly task pools, TCR measures the rolling service of 

the effective task pool. The aggregate simulator does not retain persistent work-order identities, so 

TCR is interpreted as a weekly service metric rather than an arrival-cohort completion probability. The 

average backlog and aircraft availability rate are 

 

AB=
1

T
∑∑∑ bi,c,t

C

c=1

N

i=1

T

t=1

 

 

(11) 

 

AAR=
1

T
∑At

fleet

T

t=1

 

 

(12) 

SVR retains the abbreviation used by the simulation outputs and measures the proportion of 

weeks in which the configured flight hour, maintenance time, or availability pressure condition is 

activated. Let the binary weekly pressure indicator equal 1 when such a condition is active in week t 

and zero otherwise: 

 

SVR=
1

T
∑ It

press

T

t=1

 

 

(13) 

Throughout the paper, SVR is interpreted strictly as a model-internal scheduling constraint 

pressure metric. Cost is the composite maintenance execution cost reported by the simulator, and CT 

is the average weekly online decision time. 

3.5. Hard constraints and soft scheduling objectives 

The framework separates common physical execution constraints, policy-side feasibility 

guidance, and soft reward objectives. Common executor constraints apply to every method, while the 

proposed PPO adds deterministic feasibility-aware shaping before execution so that learning operates 

within an explicit operational envelope. Task pool service, backlog, fleet availability, and overuse 

pressure enter the reward, whereas cost, SVR, and CT remain external evaluation metrics. Table 3 

summarizes these roles, and Figure 1 provides the process-level view. 

Table 3. Execution constraints, policy-side feasibility guidance, and soft objectives. 

Type Item Implementation 

Common hard 

executor 

Operational state and task 

eligibility 

Ineligible or non-operational assignments are zeroed/rejected for 

every method. 

Common hard 

executor 
Eta-adjusted weekly capacity 

Per-aircraft standard workload is capped by floor (
20

clip(𝜂,0.70,1.50)
) 

and maintenance margins. 

Common hard 

executor 
Maintenance-state legality 

Executor permits only valid statechart transitions and legal 

proactive maintenance types. 

Common hard 

executor 
Integer execution 

Largest remainder integerization and nonnegative clipping produce 

an executable workload. 

Policy-side 

feasibility 

Mask/prior/share cap/early 

gate/no-regret shield 

Used by proposed PPO to reduce proposal-level infeasibility; 

neutralized in the action-masking ablation. 

Soft reward 

objective 

Task pool service and 

backlog 
Completion rewards and backlog/shortfall penalties. 

Soft reward 

objective 

Fleet availability and overuse 

pressure 

Availability reward/penalty and overuse pressure penalty; 

maintenance cost is reported separately as an evaluation metric. 
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4. Reinforcement learning–based rolling optimization method 

4.1. Constrained Markov decision process 

The weekly scheduling problem is represented as a constrained Markov decision process 

 
M=(S,A,P,R,γ) 

(14) 

where S is the state space, A is the latent policy-action space, P is the weekly transition function, R is 

the reward, and gamma is the discount factor. The state transition is 

 

st+1=f(st,at
exe,ξt) 

 

(15) 

where ξ(t) contains exogenous task arrivals, the repair efficiency multiplier, and flight-hour variation. 

The environment receives the projected executable schedule generated from the latent policy output 

and the current feasibility state. 

4.2. State representation and policy architecture 

The observation contains five features for each of 20 aircraft and 5 fleet-level features. Aircraft-

level features are operational status, maintenance state code, minimum positive hours to maintenance, 

minimum positive weeks to maintenance, and hours flown. Global features are current task-arrival 

demand, inherited backlog, current repair efficiency state, fleet availability, and week index. Thus, 

 

ds=dg+Ndu=5+20×5=105 

 

(16) 

The actor uses two 160-unit LayerNorm-Tanh hidden layers and a 2N-dimensional output; the 

critic uses the same hidden widths and a scalar output. The actor mean combines a physical 

maintenance margin prior and a bounded learned residual. Because the residual head is initialized at 

zero, the initial policy mean follows the physical prior, and PPO progressively learns state-dependent 

corrections to that prior. Actor and critic use separate hidden bodies. For N=20, the complete model 

contains 93,362 trainable parameters. 

The observation and action interfaces scale with fleet size as 5N+5 and 2N, respectively, while 

the 160-160 hidden widths are retained. Thus, N=10, 20, 30  use 55/20, 105/40, and 155/60 

observation/action dimensions, with 74,122, 93,362, and 112,602 trainable parameters. The N=10 and 

N=30 policies are trained at their own dimensions, providing size-specific implementations of the same 

parameterized architecture. 

4.3. Latent policy output and deterministic schedule conversion 

The actor parameterizes a 2N-dimensional continuous latent action. During training, the latent 

action is sampled from the actor distribution; during deterministic fixed-policy evaluation, the latent 

action is set to the actor mean. For N=20, the first 20 components describe task-allocation preferences, 

and the remaining 20 components describe proactive maintenance preferences: 
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at
lat=[zt

q
,zt

m]∈R40 

 

(17) 

  

q
t
=softmax(zt

q),mt=sigmoid(zt
m) 

 

(18) 

The task channel is transformed by softmax and passed through a deterministic stabilization path. 

Non-operational or maintenance-occupied aircraft receive zero priority, the learned priority is blended 

with a physical capacity/margin prior, and a per-aircraft share cap limits excessive concentration. The 

actor, therefore, learns aircraft-level shares of the aggregate eligible weekly workload pool. The 

environment converts the normalized aircraft weights into standard workload quotas, caps each quota 

by contemporaneous eta-adjusted capacity and maintenance margins, and applies largest-remainder 

integerization. Task-category bookkeeping remains deterministic in the state-transition model, and 

exact residual ties are resolved by stable aircraft ordering, yielding a reproducible executable allocation. 

The proactive maintenance channel is transformed by a sigmoid and evaluated jointly with 

backlog, current workload, fleet availability, and hours/weeks-to-maintenance margins. A common 

deterministic gate applies global feasibility conditions, near-due eligibility, a no-regret capacity shield, 

and a value threshold. At most, one aircraft can be selected for proactive maintenance in a week, and 

the legal hour-based maintenance type with the smallest positive remaining margin is used. Figure 2 

summarizes the two policy branches, their deterministic merge into an executable weekly schedule, 

and the separate PPO likelihood path used during training. 

 

at
exe=Ψ(st,qt

,mt,Mt) 

 

(19) 

where M(t) denotes the state-dependent feasibility mask. The mapping Ψ provides the key interface 

between the learned aircraft-level policy and the executable weekly schedule: PPO produces 

continuous aircraft-level preferences, and Ψ converts them into task allocation quotas and legal 

proactive maintenance actions. Task category eligibility and maintenance-state transitions remain 

deterministic within AnyLogic, while the largest remainder correction with stable ordering resolves 

integer residuals reproducibly. 

4.4. Policy-side feasibility projection and common executor safeguards 

Figure 2 separates policy-side feasibility guidance from the common physical executor. On the 

policy side, non-operational aircraft are masked before priority normalization, task shares are shaped 

by the capacity/margin prior and concentration cap, and proactive actions pass through the unified gate. 

The projected schedule then enters common executor safeguards shared by every method: task and 

operational eligibility, realized eta-dependent capacity, maintenance margins, legal state transitions, 

nonnegative clipping, and integer execution. This structure reduces proposal-level infeasibility while 

preserving the probability semantics of the latent PPO action. 
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4.5. Reward design and disclosed coefficients 

Let c(t) be the weekly completion rate, q(t)=1-c(t), a(t) the available aircraft ratio, u(t) the 

unfinished workload, o(t)  the overuse pressure term, and e(t)  the early-maintenance count. The 

implemented weekly reward is 

 

Rt=18+128(ct-0.70)+I(ct≥0.90)52
ct-0.90

0.10

-I(ct<0.86)520(0.86-ct)
2-I(ct<0.70)160(0.70-ct)

2

+32(at-0.30)-I(at<0.30)120(0.30-at)
2

-0.36ut-0.005ut
2-95q

t
2-26ot+Rt

early
.

 

 

 

 

(20) 

 

Rt
early

={

0, et=0,

2.80et, ct≥0.92,at≥0.32,ut≤45,

0.80et, ct≥0.88,at≥0.30,ut≤65,

-9.00et-1.60et
2-4.00etI(at<0.30), otherwise.

 

 

 

(21) 

During training, the final transition of each episode receives an additional terminal backlog term 

-0.60u(t) . All reward coefficients are fixed before comparative evaluation and remain unchanged 

across the compared policies. The reward combines completion, availability, backlog, overuse, and 

proactive maintenance terms; maintenance cost is reported separately as an external evaluation metric. 

Table 4 summarizes the implemented components and their operational roles. 

Table 4. Reward components and their operational roles. 

Component Implemented coefficient or condition Role 

Completion 
128(c-0.70); high-completion bonus above 

0.90 
Promote weekly task pool service 

Low completion Quadratic penalties below 0.86 and 0.70 Prevent persistent under-service 

Availability 32(a-0.30); quadratic penalty below 0.30 Preserve fleet readiness 

Backlog -0.36u-0.005u2-95(1-c)2 Suppress cross-week accumulation 

Overuse pressure -26o Discourage operation near/exceeding limits 

Early maintenance State-dependent bonus or quadratic penalty 
Reward proactive action under supportive operating 

conditions 

4.6. PPO update and checkpoint use 

During training, the actor samples the latent action in Equation (22). During deterministic fixed-

policy evaluation, the actor mean is used directly, and the policy parameters remain unchanged. 

 
at

lat∼πθ(⋅∣st) 
(22) 

The rollout buffer stores each sampled latent action together with its old log-probability, and the 

new log-probability is evaluated for that same latent action. PPO likelihood is therefore computed 

exclusively in the latent action space. Projected priorities, proactive maintenance scores, and the 

executable CSV schedule are downstream execution objects. 
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rt(θ)=
πθ(at

lat∣st)

πθold
(at

lat∣st)
 

 

(23) 

  

LCLIP(θ)=Et[min(rt(θ)Ât,clip(rt(θ),1-ϵ,1+ϵ)Ât)] 

 

(24) 

Each PPO update uses one complete 50-transition episode and seven optimization epochs. An 

approximate KL divergence above 0.03 triggers rejection of the update before backpropagation and 

optimizer execution. The checkpoint selected by the training criterion is then fixed for comparative 

evaluation. Training curves serve as optimization diagnostics, while all method comparisons use fixed-

policy 50-week trajectories. 

 

Weekly state 

Local: 5N aircraft features

Global: 5 fleet features

Normalized observation

Prior-residual actor

160–160 LayerNorm–Tanh

Independent Normal action distribution

Latent action 

Training

Fixed-policy evaluation

Task-allocation branch

1. Softmax task channel

2. Mask non-operational aircraft

3. Blend with capacity / margin prior

4. Apply aircraft priority-share cap

5. Limit by true  capacity and margins

6. Largest-remainder integerization

Proactive-maintenance branch

1. Sigmoid early-maintenance channel

2. Backlog / workload / availability gate

3. Near-due eligibility

4. No-regret capacity shield + threshold

5. At most one aircraft per week

6. Legal type with smallest positive hour margin

Deterministic merge and feasibility projection

Combine task quotas and proactive action under a common executable schedule map

Executable weekly schedule

Regular-work quotas + proactive action

Task class and legal maintenance type resolved deterministically

Common AnyLogic executor

Task eligibility + legal state transitions

True capacity + maintenance margins

Nonnegative integer execution

Training-only PPO likelihood path

The new log-probability is evaluated on the same sampled latent action before the target-KL check.

Thus learning is defined in the latent continuous action space, while feasibility handling is deterministic downstream.
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Figure 2. Latent-action policy, two-branch deterministic conversion, common execution, and PPO 

likelihood semantics. 

4.7. Algorithm summary 

Algorithm 1 summarizes policy training and fixed-policy evaluation; Algorithm 2 details the 

deterministic conversion from latent policy output to an executable weekly schedule. Together with 

Figure 2, the algorithms make the learned and deterministic parts of the scheduling pipeline explicit. 
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Algorithm 1. Training and fixed-policy evaluation procedure. 

Step Operation 

1 Initialize the rolling environment, actor, critic, optimizer, and checkpoint records. 

2 For each training episode, reset the 50-week task pool, fleet state, and resource state. 

3 
Observe the 105-dimensional weekly state; during training, sample the 40-dimensional latent action, 

whereas fixed-policy evaluation uses the actor mean. 

4 
Split the latent action into task and proactive channels, perform deterministic conversion, and apply 

policy-side feasibility projection. 

5 Execute the weekly schedule in AnyLogic and observe the reward and the next state. 

6 
During training, store the sampled latent action and its matching old log-probability in the rollout 

buffer. 

7 After the episode, compute GAE and perform PPO updates subject to the pre-step KL guard. 

8 Save the current and best checkpoints; after training, freeze the selected checkpoint. 

9 
Run fixed-policy evaluation with paired task-arrival and repair-efficiency sequences with policy 

parameters fixed. 

Algorithm 2. Deterministic priority-to-weekly schedule conversion. 

Step Operation 

1 Split the latent action into 20 task allocation values and 20 early-maintenance values. 

2 Apply softmax to the task channel and sigmoid to the proactive maintenance channel. 

3 
Mask non-operational or maintenance-occupied aircraft and construct the physical capacity/margin 

prior. 

4 
Blend learned task priorities with the physical prior; apply the first-week stabilization rule and per-

aircraft priority share cap. 

5 
Allocate aircraft-level standard workload quotas proportionally under true eta-adjusted capacity and 

maintenance margins; task category eligibility remains deterministic in AnyLogic. 

6 
Apply the largest remainder correction with stable aircraft ordering for exact ties to obtain executable 

integer workload. 

7 
Evaluate proactive candidates using backlog/load/availability, near-due eligibility, and legal 

maintenance-type margins. 

8 
Apply the no-regret capacity shield and value threshold; select at most one feasible aircraft and its 

tightest legal hours–based maintenance type. 

9 
Merge regular work quotas and proactive action into the executable weekly schedule and pass it to the 

common AnyLogic executor. 

5. Experimental design 

5.1. Synthetic simulation environment and scenario generation 

All reported experimental records are generated by the executable AnyLogic weekly maintenance 

environment. Each evaluation run contains 50 weekly decision epochs. At week t, the simulator 

supplies current demand, inherited backlog, aircraft and maintenance states, maintenance margins, the 

current repair efficiency multiplier η(t), and the resulting executable capacity. The selected schedule 
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is executed before the next weekly state is formed, preserving a causal information sequence in which 

each decision uses the current state and current exogenous realization. 

The base demand generator uses a Gaussian arrival multiplier, clamps the multiplier to [0.70,1.50], 

computes integer weekly demand from 180 times that multiplier, and then clamps demand to [60,300]. 

The N=20 base evaluation replay contains 500 week-level demand values with an empirical multiplier 

mean of 0.9987 and a sample standard deviation of 0.0999; the mean weekly demand is 179.744. 

Within each comparison, the same exported demand sequence is replayed to every method for a given 

scenario, seed, and week. Demand-intensity robustness uses deterministic 0.8× and 1.2× multipliers 

applied to the same latent base demand before common integerization. Appendix A provides the 

complete executable generation and replay protocol used for these records. 

Repair efficiency is sampled at the beginning of each week. For the main uncertainty study, η 

follows the truncated-normal model in Section 3 with support [0.70,1.50] and σ=0.05, 0.10, 0.20. The 

same realized η is used both in the environment capacity calculation and, for the full-state PPO only, 

as the contemporaneous policy feature. The no-efficiency-state policy observes a neutral value, while 

the real η  remains active in the physical executor. For N=20 , the nominal single-aircraft weekly 

standard work capacity is 20; the executable limit is floor (
20

clip(η,0.70,1.50)
) and is further restricted by 

maintenance margins. At most, one proactive-maintenance event can be initiated per week. 

5.2. Training, checkpoint selection, and independent-instance evaluation 

The main N=20 full-state PPO policy is trained once for 500 episodes, with 50 weekly transitions 

per episode (25,000 training decisions). The checkpoint selected by the training criterion is fixed and 

evaluated over 10 paired seeds. The no-efficiency-state and no-action-mask variants are trained 

independently under the same 500×50 episode structure and evaluated from their own checkpoints. 

The proactive maintenance ablation reuses the full-state policy and neutralizes only the proactive 

channel during evaluation. The N=10 and N=30 fleet-size policies are trained independently at their 

corresponding observation and action dimensions, providing size-specific implementations of the 

parameterized architecture. 

Each method-seed trajectory is evaluated in a fresh process/JVM/AnyLogic instance with 

matched demand and repair efficiency sequences and fixed policy parameters. Initialization, 

exogenous-input matching, and current information checks are verified before analysis. This 

independent instance design provides paired comparisons that are unaffected by execution order. 

5.3. Compared methods and targeted component studies 

The base comparison includes FCFS, Greedy-Urgency, exact weekly receding-horizon MILP, GA 

rolling heuristic, and the proposed masked PPO (hereafter, proposed PPO). FCFS serves the current 

task pool in arrival order, whereas Greedy-Urgency applies deterministic current-state urgency. The 

MILP provides an exact one-week benchmark with integer regular work variables and binary proactive 

decisions. It lexicographically maximizes current-week service J1, then urgency-weighted service J2, 

and finally minimizes resource/intervention cost J3. All 500 evaluation-week MILP decisions are 

certified exact optima of this predefined one-week objective, providing a strong current-week 

reference for the 50-week rolling comparison. 
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The GA uses the same current-week objective and a direct executable chromosome, with 

population 40, 50 generations, and 1902 fitness evaluations per week. On 100 independent calibration 

states, it matched the exact J1 and the complete lexicographic tuple in 100% of cases; across the 500 

evaluation weeks, it matched exact J1 in 100% of weeks and the full tuple in 56.6%. Together, the 

MILP and GA create strong current-week optimization references against which the value of learned 

long-horizon state feedback can be assessed. 

Three component studies quantify distinct mechanisms. The proactive maintenance study uses 

the same nominal N=20 model parameterization as the base comparison, but a separate paired replay 

set, and compares the proposed PPO with the same policy after neutralizing the proactive channel. The 

repair efficiency information study compares independently trained full-state and neutralized-eta-input 

PPO policies while retaining the realized eta in the physical environment. The action-masking study 

compares the proposed PPO with an independently trained policy that removes policy-side feasibility 

guidance while retaining the common physical executor. These designs separate intertemporal 

intervention, information value, and feasibility handling within the same rolling framework. 

5.4. Implementation settings and PPO hyperparameters 

Table 5 summarizes the simulation and policy interface settings, and Table 6 reports the PPO 

hyperparameters used during training. 

Table 5. Simulation, observation, action, and implementation settings. 

Parameter Setting 

Base fleet size 20 aircraft 

Rolling horizon 50 weeks 

PPO training 500 episodes × 50 weeks per independently trained policy 

Fixed-policy evaluation 10 seeds × 50 weeks per comparison cell 

N=20 observation 105=20×5+5 (20 aircraft × 5 local features + 5 global features) 

N=20 latent action 40=20+20 (20 task priority + 20 proactive scores) 

Actor/critic hidden widths 160-160 LayerNorm-Tanh / 160-160 LayerNorm-Tanh 

N=20 trainable parameters 93,362 

Nominal per-aircraft weekly capacity 20 standard-work units 

Executable capacity floor (
20

clip(η,0.70,1.50)
), further limited by maintenance margins 

Base demand rule 
Gaussian multiplier → clamp [0.70,1.50] → round(180 × multiplier) → clamp 

[60,300] 

Repair efficiency support [0.70,1.50] 

Uncertainty intensities σ=0.05, 0.10, 0.20 

Proactive maintenance capacity At most one aircraft per week 

Environment/policy bridge AnyLogic 8.9.9 / persistent PyTorch bridge 

Hardware/software environment 
Intel Core i9-14900K, ~63.72 GiB RAM, Windows 11, Java 17, CPU 

inference/training 
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Table 6. PPO training hyperparameters. 

Hyperparameter Value 

Discount factor γ 0.985 

GAE λ 0.94 

PPO clip ε 0.16 

Learning rate 2.0 × 10−4 

PPO epochs per 50-step rollout 7 

Value-loss coefficient 0.65 

Entropy coefficient 0.0035 

Maximum gradient norm 0.50 

Target KL 0.03; reject step before backward/optimizer when exceeded 

Optimizer Adam, 𝜀 = 1 × 10−5 

Initial action standard deviation 0.055 

Mini-batch None; one complete 50-transition episode per update 

All PPO hyperparameters are fixed before comparative evaluation, and a single configuration is 

retained across the reported comparisons. The final configuration was established in pre-evaluation 

numerical stability tests covering finite policy outputs, actor-distribution scale, KL-guard behavior, 

and policy-environment bridge stability, and was then held fixed throughout the formal comparisons. 

The implemented weekly reward is fully specified in Equations (20)–(21) and Table 4, while 

maintenance cost is evaluated separately as an external performance metric. 

5.5. Robustness, fleet-size evaluation, and statistical analysis 

The evaluation spans three robustness dimensions. First, the fixed N=20 checkpoint is tested 

under exogenous-demand multipliers 0.8, 1.0, and 1.2. Second, the same checkpoint is tested under 

truncated-normal, uniform, and lognormal repair efficiency distributions with comparable location and 

dispersion; the uniform bounds are [0.8267949,1.1732051], and the lognormal distribution uses log-

space μ=-0.0049752 and σ=0.0997513 with rejection to [0.70,1.50]. Third, fleet size varies across 

N=10, 20, 30  with approximately proportional demand scaling and observation/action dimensions 

5N+5 and 2N. The N=10 and N=30 policies are trained at their own dimensions, so the fleet-size study 

evaluates size-specific behavior of the parameterized architecture. 

Methods sharing a scenario and fleet size use identical seed-indexed exogenous demand and 

repair-efficiency sequences. Core outcomes are summarized as the arithmetic mean and sample 

standard deviation across n=10 seeds. When paired seed-level outputs are available, method 

differences are computed seed by seed and reported with two-sided 95% Student's t confidence 

intervals over the 10 paired differences (df=9); statistical resolution and operational effect size are 

interpreted separately. The demand intensity and distribution family studies follow the retained 

robustness outputs and are reported as 10-seed descriptive means. TCR denotes rolling task pool 

service, AB average backlog, AAR average aircraft availability, cost composite maintenance execution 

cost, SVR scheduling constraint pressure, and CT average weekly online decision time. 
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6. Results and discussion 

6.1. Base-scenario multi-objective comparison 

Under the independent instance, matched-input protocol of Section 5, Table 7 reports the base-

scenario comparison across the five scheduling methods. 

Table 7. Base-scenario comparison of five scheduling methods (mean ± sample SD, n=10). 

Method TCR/% AB AAR/% Cost SVR/% CT/ms 

FCFS 19.44 ± 0.65 609.86 ± 25.05 27.80 ± 0.67 9005.66 ± 64.78 90.40 ± 3.63 0.024 ± 0.003 

Greedy-

Urgency 
14.78 ± 0.33 768.01 ± 17.46 44.01 ± 0.93 8636.89 ± 86.23 56.00 ± 2.11 0.032 ± 0.001 

Exact 

weekly 

MILP 

13.83 ± 0.29 895.24 ± 20.62 14.88 ± 0.64 9773.66 ± 93.13 100.00 ± 0.00 243.018 ± 13.867 

GA rolling 

heuristic 
15.21 ± 0.92 800.74 ± 35.24 24.31 ± 1.96 9439.06 ± 163.44 100.00 ± 0.00 168.961 ± 2.243 

Proposed 

masked 

PPO 

16.83 ± 0.40 681.13 ± 18.87 38.89 ± 0.52 8747.06 ± 64.93 55.80 ± 2.20 5.204 ± 0.225 

 

Figure 3 complements Table 7 by displaying the five methods on the six reported operating 

dimensions with method-level 95% confidence intervals. The confidence intervals in the figure 

describe uncertainty in each method's mean; the seed-paired method differences are reported in the 

text below. 

Table 7 and Figure 3 place the proposed PPO in a favorable multi-objective region. It achieves 

TCR 16.83%, AB 681.13, AAR 38.89%, cost 8747.06, and SVR 55.80%, combining stronger service 

and backlog control than Greedy-Urgency with substantially better availability, cost, and constraint-

pressure performance than FCFS. The result highlights the value of a rolling policy that coordinates 

immediate workload service with longer-horizon fleet-state quality. 

The paired comparisons quantify these gains. Relative to Greedy-Urgency, the proposed PPO 

increases TCR by 2.05 percentage points (95% CI [1.92, 2.19]) and reduces AB by 86.89 ([83.21, 

90.57] in magnitude). Relative to FCFS, it increases AAR by 11.09 percentage points ([10.60, 11.58]), 

reduces cost by 258.60 ([235.98, 281.21]), and lowers SVR by 34.60 percentage points ([31.09, 38.11]). 

These complementary gains place the proposed PPO at a balanced rolling operating point across the 

principal service, readiness, cost, and constraint-pressure dimensions; Table 7 reports the complete 

metric vector. 

The exact one-week MILP and GA further demonstrate the value of long-horizon state feedback. 

Relative to the exact MILP, the proposed PPO increases TCR by 3.00 percentage points (paired 95% 

CI [2.76, 3.25]) and reduces AB by 214.12 ([204.51, 223.72]). Relative to GA, the proposed PPO 

improves TCR by 1.62 percentage points (paired 95% CI for PPO-minus-GA [0.84, 2.40]) and reduces 

AB by 119.62 ([89.76, 149.47]). Online decision time is approximately 5.20 ms for PPO, compared 

with 168.96 ms for GA and 243.02 ms for MILP. These results show that learning cumulative rolling 
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returns can provide stronger long-horizon service and backlog control than repeatedly optimizing the 

observable current week. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Base-scenario multi-objective operating points of the five scheduling methods 

(10-seed means with method-level 95% Student's t confidence intervals). The CT axis is 

logarithmic; arrows indicate preferred directions. 

6.2. Sensitivity to repair-efficiency variability 

Table 8 reports the sensitivity of the three principal scheduling methods to repair-efficiency variability. 

Table 8. Sensitivity to repair-efficiency variability (mean ± sample SD, n=10). 

Level Method TCR/% AB AAR/% Cost SVR/% 

Low FCFS 18.90 ± 0.96 631.14 ± 42.90 27.77 ± 0.69 9042.77 ± 120.87 89.00 ± 2.36 

Low 
Greedy-

Urgency 
14.58 ± 0.47 782.82 ± 35.47 43.60 ± 0.71 8694.14 ± 154.35 55.80 ± 2.39 

Low 
Proposed 

masked PPO 
16.51 ± 0.57 697.92 ± 33.84 38.72 ± 0.80 8794.76 ± 145.66 56.60 ± 2.32 

Medium FCFS 19.13 ± 1.09 625.35 ± 45.96 27.58 ± 1.10 9061.02 ± 122.78 89.00 ± 2.36 

Medium 
Greedy-

Urgency 
14.67 ± 0.47 780.83 ± 35.48 43.63 ± 0.70 8718.48 ± 153.50 55.80 ± 1.99 

Medium 
Proposed 

masked PPO 
16.60 ± 0.59 695.90 ± 34.00 38.77 ± 0.87 8812.79 ± 140.74 56.20 ± 1.99 

Continued on next page 
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Level Method TCR/% AB AAR/% Cost SVR/% 

High FCFS 19.42 ± 1.11 618.67 ± 45.35 27.31 ± 1.24 9104.62 ± 122.74 89.60 ± 2.46 

High 
Greedy-

Urgency 
14.75 ± 0.48 779.05 ± 35.30 43.49 ± 0.78 8744.60 ± 150.44 56.40 ± 1.84 

High 
Proposed 

masked PPO 
16.69 ± 0.65 694.74 ± 35.33 38.70 ± 0.87 8849.48 ± 138.18 57.20 ± 1.93 

Table 8 provides the exact values, and Figure 4 shows the sensitivity profiles; seed-paired method 

differences are used for formal cross-method comparisons. 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Sensitivity profiles for repair-efficiency disturbance standard deviation σ = 0.05, 

0.10, and 0.20. Points are 10-seed means, and error bars are two-sided 95% Student's t 

confidence intervals for each method mean. Higher TCR and AAR are preferable; lower 

AB, cost, and SVR are preferable. The plotted intervals characterize uncertainty in each 

method’s mean; paired method-difference intervals are reported in the text. 

Figure 4 shows that the principal advantages of the proposed PPO are retained across σ = 0.05, 

0.10, and 0.20. Relative to Greedy-Urgency, the proposed PPO increases TCR by 1.934, 1.935, and 

1.938 percentage points, with paired 95% Cis of [1.809, 2.058], [1.806, 2.063], and [1.778, 2.098], and 

reduces AB by 84.90, 84.93, and 84.31, respectively. Relative to FCFS, the proposed PPO increases 

AAR by 10.95–11.39 percentage points, reduces cost by 248.01–255.14, and lowers SVR by 32.4–

32.8 percentage points. The repeated gains across all three variability levels demonstrate a stable multi-

objective response to repair efficiency uncertainty. 

Within the proposed PPO, the 10-seed means remain tightly grouped as variability changes: TCR 

stays within 16.51%–16.69%, AB within 694.74–697.92, AAR within 38.70%–38.77%, and SVR 
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within 56.20%–57.20%. These tight ranges indicate stable behavior over the tested repair efficiency 

variability range. 

6.3. Intertemporal effect of proactive early maintenance 

Table 9 reports the paired ablation of the proactive maintenance channel. 

Table 9. Proactive early-maintenance ablation (mean ± sample SD, n=10). 

Method TCR/% AB AAR/% Cost SVR/% CT/ms 
Early 

count 

Proposed masked PPO 
16.63 ± 

0.59 

691.62 ± 

28.76 

38.40 ± 

0.64 

8784.84 ± 

81.90 

56.40 ± 

1.58 

5.022 ± 

0.299 

5.70 ± 

0.67 

PPO without early 

maintenance 

16.17 ± 

0.64 

705.08 ± 

30.80 

39.61 ± 

0.43 

8628.69 ± 

78.43 

56.20 ± 

1.14 

4.993 ± 

0.193 

0.00 ± 

0.00 

 

 

 

 

 

 

 

 

 

Figure 5. Fifty-week backlog trajectories with and without proactive early maintenance. 

(a) Lines are 10-seed means, and shaded bands are two-sided 95% Student's t confidence 

intervals for each method mean. (b) Descriptive difference between the two method means 

(proposed minus PPO without early maintenance); negative values indicate lower backlog 

under the proactive channel. 

Table 9 quantifies the intertemporal contribution of proactive maintenance under the nominal 

N=20 setting using paired exogenous sequences. Activating the proactive channel raises TCR by 0.463 

percentage points (paired 95% CI [0.338, 0.587]) and lowers AB by 13.46 (proposed-minus-no-early 

CI [-17.68, -9.24]). The proposed PPO initiates 5.70 ± 0.67 proactive maintenance events over 50 
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weeks, showing that a small number of targeted interventions can improve long-horizon service and 

backlog control. 

Figure 5 shows how the backlog benefit accumulates over the rolling horizon. The two mean 

trajectories remain close during the early weeks; from week 31 onward, the proactive maintenance 

trajectory remains below the no-early trajectory, and the mean gap reaches 100.3 tasks by week 50. 

This delayed separation is consistent with the intended intertemporal role of proactive maintenance: 

selected current interventions reduce later maintenance pressure. 

Together, Table 9 and Figure 5 identify proactive maintenance as a selective intertemporal 

capacity allocation mechanism: a small number of targeted interventions improves long-horizon task 

service and backlog control, while the complete operational response remains visible in Table 9. 

6.4. Repair efficiency information sensitivity 

Table 10 evaluates the marginal value of direct contemporaneous repair efficiency observation. 

An independently trained variant fixes the policy-visible eta feature at the neutral value of 1.0, while 

the physical executor continues to use the realized eta, and paired demand/eta sequences isolate the 

information-channel effect. 

Table 10. Repair efficiency information sensitivity study (mean ± sample SD; paired 

difference = full PPO minus no policy-visible eta PPO, n=10). 

Neutralizing the direct eta observation leaves TCR, AB, AAR, SVR, and CT essentially 

unchanged; the corresponding paired intervals all include zero. Cost changes by only 6.11, about 0.07% 

of the 8683-unit mean of the neutralized input variant, and the mean proactive maintenance count 

remains 6.10 ± 0.57 events in both policies. 

The information sensitivity result shows that the remaining state channels are sufficient for the 

tested policy to preserve its operating profile without relying on a dedicated eta observation channel. 

Together with Section 6.2, it separates the physical effect of repair efficiency from the marginal value 

of observing eta directly. 

6.5. Action masking and feasibility control 

Table 11 reports the paired action masking study using independently trained policies under the 

common executor. 

Metric Full PPO No policy-visible eta Full - no eta (95% paired CI) 

TCR/% 16.74 ± 0.69 16.73 ± 0.68 +0.0069 pp [-0.0372, +0.0510] 

AB 679.82 ± 29.99 679.53 ± 29.59 +0.284 [-1.442, +2.010] 

AAR/% 38.89 ± 0.63 38.78 ± 0.66 +0.110 pp [-0.009, +0.229] 

Cost 8689.57 ± 64.16 8683.46 ± 60.18 +6.11 [+0.15, +12.07] 

SVR/% 56.40 ± 1.58 56.20 ± 1.75 +0.200 pp [-0.252, +0.652] 

CT/ms 5.033 ± 0.181 5.109 ± 0.232 -0.0756 [-0.2626, +0.1115] 
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Table 11. Action-masking ablation with independently trained policies (mean ± sample 

SD; paired difference = masked PPO minus no-mask PPO, n=10). 

Metric Masked PPO No-mask PPO Masked - no-mask (95% paired CI) 

TCR/% 16.83 ± 0.40 17.75 ± 0.43 -0.918 pp [-1.099, -0.738] 

AB 681.13 ± 18.87 658.04 ± 20.26 +23.09 [+17.02, +29.15] 

AAR/% 38.89 ± 0.52 35.27 ± 0.90 +3.62 pp [+3.14, +4.10] 

Cost 8747.06 ± 64.93 8982.02 ± 94.42 -234.96 [-268.46, -201.46] 

SVR/% 55.80 ± 2.20 60.00 ± 3.77 -4.20 pp [-6.38, -2.02] 

CT/ms 5.204 ± 0.225 4.841 ± 0.109 +0.362 [+0.158, +0.567] 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Action-masking study and no-mask feasibility diagnostics. Panels (a)–(e) show 

10-seed method means with two-sided 95% Student's t confidence intervals. Panel (f) 

reports no-mask proposal diagnostics: 57.0% invalid action attempts and 12.545% 

decisions requiring common-executor correction. 

Action masking strengthens the availability, cost, and feasibility dimensions of the learned policy. 

Relative to the no-mask policy, masking increases AAR by 3.62 percentage points (95% paired CI 

[+3.14, +4.10]), reduces cost by 234.96 ([-268.46, -201.46]), and lowers SVR by 4.20 percentage 

points ([-6.38, -2.02]). Service metrics move toward a more conservative allocation, as reported in the 

complete Table 11 metric vector. CT increases by only 0.362 ms ([+0.158, +0.567]), which is negligible 

on a weekly planning time scale. Figure 6 summarizes the performance gains together with the no-

mask feasibility diagnostics. 

The feasibility diagnostics show the practical value of policy-side guidance. Without the policy-

side mechanisms, invalid action intentions appear in 57.0% of weekly decisions, and 12.545% of 

decisions require downstream correction by the common executor before execution. These diagnostics 
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quantify the proposal burden exposed when policy-side guidance is removed and motivate feasibility 

handling before the shared physical executor. 

Action masking, therefore, serves as both a feasibility control and an operating-point mechanism. 

By screening and shaping proposals before the common executor, the architecture moves feasibility 

handling upstream and steers the policy toward a more favorable readiness-cost-constraint profile 

while retaining deterministic physical safeguards. 

6.6. Robustness under demand and distribution shifts 

6.6.1. Demand intensity robustness 

Table 12 reports the demand-intensity OOD comparison under the fixed N=20 PPO checkpoint. 

Table 12. Demand-intensity OOD robustness under the fixed N=20 PPO policy (10-seed 

descriptive means). 

Demand 

level 
Method Mean demand TCR/% AB AAR/% Cost SVR/% 

Low FCFS 143.804 38.48 210.31 40.72 7176.44 72.80 

Low Greedy-Urgency 143.804 24.90 334.57 57.02 6402.00 38.60 

Low Proposed masked PPO 143.804 33.86 233.20 51.03 6703.44 37.20 

Nominal FCFS 179.744 19.44 609.86 27.80 9005.66 90.40 

Nominal Greedy-Urgency 179.744 14.78 768.01 44.01 8636.89 56.00 

Nominal Proposed masked PPO 179.744 16.83 681.13 38.89 8747.06 55.80 

High FCFS 215.684 11.36 1206.62 19.26 10910.40 98.00 

High Greedy-Urgency 215.684 10.68 1283.63 34.36 10984.00 68.00 

High Proposed masked PPO 215.684 11.25 1220.47 30.66 10943.60 67.60 

The demand-intensity test applies deterministic 0.8× and 1.2× multipliers to the same base-

demand sequence used by the nominal demand case, producing realized mean weekly demands of 

143.804, 179.744, and 215.684 for low, nominal, and high demand, respectively. The N=20 PPO 

checkpoint remains fixed across all three conditions. Figure 7 visualizes the resulting operating profiles. 

The retained robustness outputs provide 10-seed descriptive means, so this subsection focuses on effect 

magnitude and cross-method operating structure. 

At 1.2× demand, the absolute service, backlog, availability, cost, and constraint pressure metrics 

deteriorate relative to nominal demand, marking the upper end of the tested demand-capacity envelope; 

online CT remains near 5 ms. Table 12 retains the full response. 

Across low, nominal, and high demand, the qualitative cross-method structure remains 

recognizable. Proposed PPO retains the lowest SVR at all three demand levels (37.20%, 55.80%, and 

67.60%, respectively) and continues to occupy the intermediate region between the service-oriented 

FCFS and availability-oriented Greedy-Urgency policies. Figure 7 shows that the architecture 

preserves its characteristic multi-objective profile across the tested demand range. 
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Figure 7. Demand intensity robustness under the fixed N=20 PPO policy. Lines show 10-

seed descriptive means under 0.8×, 1.0×, and 1.2× demand scaling; the realized mean 

weekly demands are 143.804, 179.744, and 215.684. The shaded region identifies the 

tested high-demand OOD condition. 

6.6.2. Repair efficiency distribution-family robustness 

Table 13 summarizes the distribution-family comparison under the same no-retraining protocol. 

Table 13. Repair efficiency distribution-family robustness under the fixed N=20 PPO 

policy (10-seed descriptive means). 

Repair-efficiency 

distribution 
Method 

Realized 

mean/SD 
TCR/% AB AAR/% Cost SVR/% 

Truncated normal 

FCFS 0.9959/0.1057 19.44 609.86 27.80 9005.66 90.40 

Greedy-Urgency 0.9959/0.1057 14.78 768.01 44.01 8636.89 56.00 

Proposed masked PPO 0.9959/0.1057 16.83 681.13 38.89 8747.06 55.80 

Uniform 

FCFS 1.0107/0.1020 19.12 618.98 27.57 8994.04 90.60 

Greedy-Urgency 1.0107/0.1020 14.78 767.47 43.77 8635.46 56.60 

Proposed masked PPO 1.0107/0.1020 16.83 680.64 38.61 8744.94 56.60 

Lognormal 

FCFS 0.9869/0.0984 19.55 605.37 28.06 8988.60 89.80 

Greedy-Urgency 0.9869/0.0984 14.78 767.13 44.14 8631.23 56.00 

Proposed masked PPO 0.9869/0.0984 16.88 679.57 38.91 8762.13 55.20 

The distribution-family study evaluates the fixed N=20 policy under a truncated normal, bounded 

uniform, and support-truncated lognormal repair efficiency model with comparable nominal location 
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and dispersion. Their realized 500-point eta mean/SD values are 0.9959/0.1057, 1.0107/0.1020, and 

0.9869/0.0984, respectively. The close but nonidentical first and second moments define a practical 

distribution-family perturbation under comparable moments. 

The operating outcomes vary little across the three tested families. For the proposed PPO, TCR 

ranges from 16.83% to 16.88% (maximum spread 0.053 percentage points), AB from 679.57 to 681.13 

(spread 1.55), AAR from 38.61% to 38.91% (spread 0.30 percentage points), cost from 8744.94 to 

8762.13 (spread 17.19), and SVR from 55.20% to 56.60% (spread 1.40 percentage points). Online CT 

remains between 4.869 and 5.204 ms. The principal cross-method ordering is likewise preserved: 

FCFS leads service and backlog, Greedy-Urgency leads availability and cost, and the proposed PPO 

remains between these two operating extremes, with SVR close between the proposed PPO and 

Greedy-Urgency. 

Across the tested support and dispersion range, the repair efficiency distribution family has only 

a small descriptive effect on the operating point. The spreads in TCR, AB, AAR, cost, SVR, and CT 

are substantially smaller than those produced by demand scaling in Section 6.6.1, indicating limited 

sensitivity to the three bounded distribution families considered here. 

6.7. Fleet size robustness and computational scaling 

Table 14 summarizes the fleet size comparison using size-specific policies and approximately 

matched demand density. 

Table 14. Fleet size robustness and online decision time under size-specific policies (10-

seed descriptive means). 

 

 

 

 

 

 

 

 

 

 

N Method TCR/% AB/aircraft AAR/% Cost/aircraft SVR/% CT/ms 

10 

FCFS 21.42 26.96 24.78 447.91 88.00 0.020 

Greedy-Urgency 14.73 38.71 43.80 437.24 56.00 0.027 

Proposed masked PPO 17.13 33.82 37.48 446.43 55.60 3.463 

20 

FCFS 19.44 30.49 27.80 450.28 90.40 0.024 

Greedy-Urgency 14.78 38.40 44.01 431.84 56.00 0.032 

Proposed masked PPO 16.83 34.06 38.89 437.35 55.80 5.204 

30 

FCFS 18.48 32.23 29.58 449.78 91.00 0.031 

Greedy-Urgency 14.74 38.52 43.99 431.27 56.20 0.050 

Proposed masked PPO 16.76 34.23 39.09 436.29 56.00 7.173 
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Figure 8. Fleet size robustness and online decision-time scaling for size-specific policies. Panels 

(a)-(e) show 10-seed descriptive means for the operational metrics. Panel (f) uses a logarithmic 

decision-time axis to display both rule-based and PPO values across N=10, 20, and 30. 

Fleet size evaluation covers N=10, 20, and 30 at approximately matched demand densities of 

9.0126, 8.9872, and 8.9957 tasks per aircraft. The parameterized policy uses 5N+5 observations and 2N 

latent actions, giving observation/action dimensions of 55/20, 105/40, and 155/60 and trainable parameter 

counts of 74,122, 93,362, and 112,602. N=10 and N=30 use independently trained policies at their 

corresponding dimensions. Table 14 and Figure 8 quantify size-specific behavior of the same 

parameterized architecture across the tested fleet range, with cross-fleet comparisons reported descriptively. 

The proposed PPO remains highly consistent across the three tested fleet sizes. TCR changes only 

from 17.13% at N=10 to 16.76% at N=30 (-0.37 percentage points), and AB per aircraft changes from 

33.82 to 34.23 (+1.21%). Over the same range, AAR increases from 37.48% to 39.09%, cost per 

aircraft decreases from 446.43 to 436.29, and SVR remains near 56%. The cross-method ordering is 

also stable, showing that the parameterized architecture preserves its characteristic operating profile 

as fleet size increases. 

Online computation increases monotonically with fleet size but remains small relative to a weekly 

planning cycle. The proposed PPO decision time rises from 3.463 ms at N=10 to 5.204 ms at N=20 

and 7.173 ms at N=30, while the network parameter count increases from 74,122 to 112,602. Recorded 

end-to-end training times are 979.84 s for N=10 and 5107.63 s for N=30 under the same Intel i9-

14900K/Windows/PyTorch-CPU environment. These measurements provide an empirical scaling 

reference over N=10–30. 
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6.8. Managerial implications and applicability 

The experiments suggest three practical principles for weekly maintenance planning. First, 

decisions should account for cumulative fleet-state consequences: the proposed PPO combines 

stronger service and backlog control than Greedy-Urgency with markedly better availability, cost, and 

constraint pressure performance than FCFS, while the MILP and GA results show the limits of 

repeatedly optimizing a one-week objective. Second, proactive maintenance is most useful as a 

selective intertemporal intervention, and policy-side feasibility guidance moves feasibility handling 

upstream while improving readiness, cost, and constraint pressure before the common executor. Third, 

millisecond-level inference and stable behavior across repair-efficiency variation and N=10–30 

support planner-in-the-loop use in which learned priorities remain transparent through deterministic 

schedule construction. 

The present experiments use a synthetic aggregated weekly workload. Operational deployment 

would benefit from explicit work-order identities, personnel and spare-parts constraints, workstation 

interactions, and multi-base coordination, which define the next validation stage. 

7. Conclusions 

This study develops a feasibility-aware rolling decision framework for weekly aircraft 

maintenance in which dynamic task arrivals, inherited backlog, repair efficiency–dependent capacity, 

aircraft state constraints, and proactive maintenance are coordinated across repeated weekly transitions. 

The PPO policy learns aircraft-level latent preferences around a physical prior, while deterministic 

priority conversion, eligibility and capacity logic, integerization, and a common AnyLogic executor 

transform those preferences into executable schedules. The central methodological contribution is this 

transparent coupling of learned state feedback with explicit schedule construction and physical 

execution semantics. 

The comparative results demonstrate strong complementary advantages across the principal 

operational objectives. Relative to Greedy-Urgency, the proposed PPO increases task pool service by 

2.05 percentage points and reduces average backlog by 86.89. Relative to FCFS, it increases aircraft 

availability by 11.09 percentage points, reduces cost by 258.60, and lowers constraint pressure by 

34.60 percentage points. The proposed PPO also achieves higher long-horizon TCR and lower backlog 

than both the exact one-week MILP and GA baselines, while requiring only about 5 ms per weekly 

decision. These results show that learning cumulative rolling consequences provides a practical 

advantage when current maintenance actions reshape future fleet states. 

The mechanism studies show that proactive maintenance improves long-horizon service and 

backlog control, while action masking provides upstream feasibility control and strengthens 

availability, cost, and constraint pressure performance. The architecture also maintains a consistent 

operating profile across the tested repair efficiency intensities, bounded distribution families, and fleet 

sizes N=10–30, with online decision times of 3.463–7.173 ms. Together, these results establish a 

transparent and computationally efficient decision-support framework for path-dependent weekly 

aircraft maintenance scheduling under uncertain execution capacity. 
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