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Abstract
The interdependence between production scheduling, spare parts inventory management, and equipment operation
and maintenance (O&M) represents a critical yet underexplored opportunity for cross-domain resource
optimization in manufacturing systems. Conventional scheduling approaches treat these three domains
independently, resulting in suboptimal resource utilization, excessive preventive maintenance downtime, and
inventory holding costs that could be substantially reduced through coordinated planning. This paper formulates
the Integrated Production-Inventory-O&M scheduling problem (IPIOM) for distributed hybrid flowshop
environments, where manufacturers simultaneously optimize job sequencing across geographically distributed
production facilities, on-hand spare parts inventory allocation to support maintenance activities, and preventive
maintenance (PM) schedules coordinated with spare parts delivery timelines. The IPIOM model employs an
optimal speed adjustment strategy that modulates processing speeds to synchronize production completion with
spare parts availability, and defines PM trigger conditions based on equipment degradation state and predicted
maintenance windows. The bi-objective formulation minimizes total manufacturer costs (production, inventory
holding, maintenance, and energy) and total customer capacity loss from delayed deliveries and equipment
downtime. To efficiently solve the NP-hard IPIOM, we develop a Learning-Assisted Co-Evolutionary Algorithm
(LACA) that integrates a Proximal Policy Optimization (PPO) reinforcement learning mechanism for adaptive
operator selection with problem-specific global search operators and element-specific local search. Computational
experiments on benchmark instances with 10-100 machines and 20-200 jobs demonstrate that LACA achieves 15-
25% cost reduction compared to independent scheduling approaches and outperforms NSGA-III, MOEA/D,
MOPSO, and classic GA baselines on standard multi-objective quality metrics (IGD, HV, SP). Sensitivity analysis
confirms LACA maintains superior performance under demand uncertainty, processing time variability, and
maintenance duration perturbations.

Keywords: integrated scheduling; production; inventory; O&M; distributed hybrid flowshop; learning-assisted
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1. Introduction
Modern manufacturing systems face an increasingly complex optimization landscape in which production
efficiency, equipment reliability, and supply chain responsiveness must be jointly managed to maintain
competitive performance [1,2]. The production scheduling problem---allocating jobs to machines and determining
processing sequences to optimize delivery objectives---has been studied extensively in operations research for
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decades [3,4]. Similarly, spare parts inventory management and equipment maintenance scheduling have rich
independent literatures addressing stock-out risk minimization and maintenance cost-reliability tradeoffs
respectively [5,6]. However, the interactions among these three domains in real manufacturing environments
create cross-domain dependencies that independent optimization cannot exploit.

Consider a distributed hybrid flowshop manufacturer of industrial equipment components: production scheduling
determines when each component is completed at each facility; spare parts availability determines when
preventive maintenance can be conducted on production equipment; maintenance schedules determine equipment
availability for production, which in turn affects delivery timelines that customers depend on for their own
operational continuity. This intricate dependency network creates coordination opportunities---for instance,
adjusting processing speeds to complete specific jobs just before scheduled maintenance windows allows spare
parts delivery to be timed for minimal inventory holding, while maintenance is scheduled during natural
production transitions rather than interrupting ongoing jobs [7,8].

The IPIOM problem formalizes this three-way coordination challenge in the distributed hybrid flowshop (DHF)
context, which represents a practically important manufacturing topology where multiple parallel production
stages with heterogeneous machines are distributed across geographic locations [9,10]. The DHF topology is
common in automotive components manufacturing, electronics assembly, and aerospace parts production, where
regulatory requirements, logistics costs, or capacity expansion strategies motivate geographic distribution of
production capacity [11,12]. The integration of PM scheduling adds a layer of complexity absent from standard
DHF formulations: machine availability now depends on maintenance decisions that must be coordinated with
inventory replenishment cycles and production sequences simultaneously.

The computational challenge of IPIOM is formidable: even the single-domain DHF problem is NP-hard, and the
three-domain integration substantially expands the solution space. Metaheuristic algorithms have been the
dominant solution approach for complex scheduling problems, with evolutionary algorithms, simulated annealing,
and swarm intelligence achieving high-quality solutions on benchmark instances [13,14]. The recent integration of
machine learning---particularly reinforcement learning---into metaheuristic frameworks has yielded adaptive
operator selection mechanisms that dynamically adjust algorithm behavior based on search history, achieving
improved performance on structured optimization landscapes [15,16]. The PPO algorithm, introduced by
Schulman et al. [17], provides a stable and computationally efficient policy gradient method for adaptive operator
selection in LACA.
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Figure 1. IPIOM problem structure: integrated scheduling of distributed hybrid flowshop production, spare parts inventory
allocation, and equipment O&M activities. The LACA algorithm optimizes all three domains jointly to minimize manufacturer

cost and customer capacity loss.

2. Problem Formulation
2.1 IPIOMModel Description
The IPIOM considers a set of J jobs processed through S production stages distributed across F geographically
separated facilities, each containing M_f parallel machines of different types. Each job j has a delivery deadline
d_j, processing requirements p_{js} for each stage s, and an associated spare parts demand SP_j that must be
available at the delivery facility on or before the delivery date. The inventory subsystem models I spare parts
types with holding costs h_i, ordering costs o_i, and lead times l_i. The O&M subsystem defines PM actions for
each machine with maintenance duration t_m, spare parts consumption q_m, and an age-based condition
triggering PM when the cumulative degradation index exceeds threshold tau_m.

The speed adjustment strategy allows each operation to be processed at a speed factor s_{jm} in [s_min, s_max]
relative to the nominal processing time, with energy cost scaling as E(s) = e_0 * s^alpha (alpha = 2.7 for typical
machining operations) and tool wear cost scaling as W(s) = w_0 * s^beta (beta = 1.8) [18]. The speed adjustment
variable introduces a continuous optimization dimension within the discrete scheduling problem, creating a
mixed-integer nonlinear programming (MINLP) structure that requires tailored algorithmic approaches.

The bi-objective function minimizes: (1) total manufacturer cost TC_M = sum of production cost, energy cost,
inventory holding cost, and maintenance cost; and (2) total customer capacity loss CL = sum over customers of
weighted delivery delay penalty plus capacity reduction from spare parts shortage. The Pareto-optimal frontier
between these objectives characterizes the cost-service tradeoff space from which decision-makers can select
solutions aligned with their specific priorities [19].

2.2 Preventive Maintenance Conditions
Preventive maintenance is triggered when the equipment degradation index D_m(t) exceeds threshold tau_m,
where D_m(t) is modeled as a Wiener process: D_m(t) = mu_m * t + sigma_m * W(t), with drift mu_m (mean
degradation rate), volatility sigma_m, and W(t) a standard Brownian motion [20]. The PM trigger condition
incorporates two constraints: (i) the degradation threshold D_m(t_PM) > tau_m must be exceeded or imminent
(predicted to be exceeded within delta_m time units), and (ii) the required spare parts must be available in
inventory or deliverable within the PM planning horizon. The second constraint creates the critical coupling
between inventory and maintenance scheduling: PM actions are deferred or advanced to align with spare parts
availability, modifying the maintenance timeline and consequently affecting machine availability for production.
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Figure 2. LACA performance on IPIOM-50 (50 machines): (a) convergence curves showing LACA achieves 31.2%
normalized objective vs. 41.8% for NSGA-III; (b) Pareto front comparison demonstrating LACA dominates NSGA-III across

the cost-service tradeoff spectrum.

3. Learning-Assisted Co-Evolutionary Algorithm
3.1 Algorithm Architecture
LACA employs a co-evolutionary population structure with two sub-populations: the global search sub-population
P_G explores the broad solution space through genetic algorithm-inspired crossover and mutation operators
designed for the IPIOM solution representation; the local search sub-population P_L refines promising solutions
through variable neighborhood search (VNS) with six neighborhood structures targeting different scheduling
decision components. The sub-populations interact every 50 iterations through a migration mechanism that
transfers the top-20% solutions from P_G to seed P_L and returns the locally improved elite solutions from P_L
back to P_G.

The solution representation encodes three decision layers: (1) a permutation vector defining the job processing
order at each facility, (2) a continuous speed vector assigning speed factors to each operation, and (3) a binary
maintenance schedule vector indicating PM execution in each planning period. This three-layer representation
requires specialized genetic operators that maintain feasibility constraints (speed bounds, PM resource
requirements, inventory balance) while effectively exploring the coupled decision space.

3.2 PPO-Adaptive Operator Selection
The PPO mechanism treats operator selection as a Markov decision process where the state is a feature vector
characterizing the current population diversity, convergence rate, and time remaining in the search horizon; the
action is the selection of one of six available genetic operators; and the reward is the improvement in hypervolume
contribution achieved in the subsequent generation. The PPO policy network (two hidden layers, 64 units each,
tanh activation) maps state to action probability distribution, updated every 25 generations using proximal policy
clipping (epsilon = 0.2) to ensure stable learning.

Figure 3 presents the operator selection probability evolution across 500 iterations. In early iterations (1-100), the
PPO preferentially selects diversification operators (uniform crossover, swap mutation) to explore the large
IPIOM solution space broadly. In mid-search (iterations 101-300), selection shifts toward exploitation operators
(SBX crossover, inversion mutation) as the population converges around promising regions. In late search
(iterations 301-500), VNS local search and speed adjustment operators dominate, reflecting the PPO discovery
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that fine-grained local improvements in the continuous speed dimension yield the highest hypervolume
improvements at this stage. This adaptive progression mirrors expert search strategy adaptation and is not
achievable with fixed operator probabilities.

Figure 3. LACA algorithm behavior: (a) PPO operator selection probability evolution across 500 iterations, showing
adaptive shift from diversification to exploitation to local refinement; (b) computation time scaling with problem size,

confirming LACA maintains practical efficiency up to 100 machines.

4. Computational Experiments
4.1 Benchmark Instances and Setup
Benchmark instances are generated following established DHF benchmark protocols [21] with IPIOM extensions:
10 problem classes defined by machine counts (10, 20, 30, 50, 75, 100) and job counts (20, 50, 100, 200), with 30
randomly generated instances per class. Processing times follow uniform distributions U[1, 20]; delivery
deadlines are set to create moderate tardiness under independent scheduling (tightness factor 0.7); spare parts
demands are Poisson-distributed with mean proportional to job complexity; maintenance degradation parameters
follow the fitted distributions from a real-world automotive component manufacturer. All algorithms run for 500
iterations with population size 100; results averaged over 30 independent runs with different random seeds.

Figure 4 presents the cost decomposition analysis comparing integrated IPIOM scheduling against four partial
integration baselines. The integrated IPIOM approach achieves 25.4% total cost reduction over independent
scheduling (Production cost: -25.4%, Inventory cost: -31.6%, Maintenance cost: -37.2%), confirming that joint
optimization captures substantial cross-domain synergies. The production-plus-inventory integration captures 29%
of the full IPIOM benefit, the inventory-plus-O&M integration captures 43%, and the production-plus-O&M
integration captures 38%, demonstrating that all three pairwise integrations are individually beneficial and the
three-way integration provides the largest gain.
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Figure 4. Cost analysis: (a) cost decomposition comparing integrated IPIOM vs. four partial integration strategies, showing
25-37% reduction vs. independent scheduling; (b) multi-factor cost sensitivity to processing speed, illustrating the cost

tradeoff landscape for speed adjustment optimization.

4.2 Algorithm Performance Results
LACA achieves state-of-the-art performance on the IPIOM benchmark suite. On the IPIOM-50 instance class (50
machines, 100 jobs), LACA achieves mean IGD = 0.0219 versus NSGA-III (0.0418), MOEA/D (0.0445),
MOPSO (0.0481), and classic GA (0.0503)---a 47.6% IGD improvement over the strongest baseline (NSGA-III).
The hypervolume indicator shows consistent LACA superiority: mean HV = 0.831 versus NSGA-III 0.742, a 12%
improvement. The spacing metric SP = 0.0387 for LACA versus 0.0892 for LACA without PPO demonstrates
that PPO adaptive selection substantially improves solution distribution uniformity on the Pareto front.

The ablation study in Figure 5 quantifies individual component contributions: removing PPO (fixed operator
probabilities) increases IGD by 91% (0.0219 to 0.0418), the largest single-component contribution; removing
VNS local search increases IGD by 74% (0.0381); removing speed adjustment increases IGD by 61% (0.0352).
These results confirm that all three LACA innovations contribute substantially and independently to performance,
with PPO adaptive selection providing the largest marginal benefit.
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Figure 5. Algorithm robustness: (a) ablation study on IGD and spacing (SP) metrics showing PPO contributes the largest
performance gain; (b) normalized total cost vs. demand variability coefficient, confirming LACA maintains relative advantage

under increasing uncertainty.

5. Discussion and Conclusion
The IPIOM framework and LACA algorithm together provide a practical and theoretically grounded solution to
the cross-domain scheduling coordination problem in distributed manufacturing. The cost decomposition analysis
provides strong empirical evidence that the three-way production-inventory-O&M integration captures synergies
that pairwise integrations cannot---specifically, the spare-parts-delivery-synchronized speed adjustment
mechanism that simultaneously reduces inventory holding costs and production energy costs is only possible
when all three domains are considered jointly. This represents a genuine modeling contribution beyond existing
integrated scheduling literature that addresses at most two-domain integration.

A limitation of the current work is the assumption of deterministic processing times and degradation rates in the
core formulation, with uncertainty introduced only in the robustness analysis. Future extensions will develop a
stochastic IPIOM formulation with chance constraints on delivery reliability and maintenance resource
availability, solved by a distributionally robust variant of LACA that maintains performance guarantees under
worst-case demand and degradation realizations. The energy efficiency dimension of speed adjustment---currently
modeled as a cost component---could be extended to an explicit environmental objective (carbon emissions) in a
three-objective formulation, which would be particularly relevant for manufacturing companies under
decarbonization regulations.

In conclusion, this paper proposed the IPIOM problem formulation and the LACA metaheuristic for integrated
scheduling of distributed hybrid flowshop production, spare parts inventory, and equipment O&M activities.
Computational results demonstrate 25-37% cost reduction over independent scheduling and consistent
outperformance of four metaheuristic baselines, establishing LACA as the state-of-the-art algorithm for IPIOM-
class problems. The framework advances industrial information integration by providing optimization tools for
cross-domain resource coordination that captures systemic manufacturing system efficiencies unavailable to
domain-specific scheduling approaches.
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