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Abstract
The escalating complexity of modern smart manufacturing environments demands integrated optimization
strategies that simultaneously address production scheduling, equipment maintenance planning, and quality
control. Traditional approaches treat these domains in isolation, resulting in suboptimal performance, elevated
operational costs, and increased equipment downtime. This paper presents a novel Deep Reinforcement Learning
(DRL) framework that achieves holistic integration of production task scheduling, predictive maintenance (PdM),
and quality control within Industry 4.0 and Industry 5.0 manufacturing ecosystems. Drawing upon a systematic
literature review following a PRISMA-like methodology across six major electronic databases (n = 2,847 initial
records; n = 143 final included studies), we identify the state-of-the-art AI algorithms and integration mechanisms
employed in this domain. The proposed framework introduces a hierarchical DRL architecture that leverages real-
time IoT sensor data, digital twin representations, and multi-objective reward functions to dynamically optimize
scheduling decisions under uncertainty. Experimental validation on a simulated flexible manufacturing cell
demonstrates that the DRL-based approach achieves a 45.7% reduction in maintenance costs, a 31.2%
improvement in on-time delivery performance, and an 18.4% increase in overall equipment effectiveness (OEE)
compared to genetic algorithm baselines. Furthermore, the integration of industrial information systems and
interoperability protocols enables seamless data exchange across heterogeneous manufacturing modules, aligning
with the human-centric, resilient principles of Industry 5.0. The findings establish DRL as a compelling paradigm
for next-generation intelligent manufacturing optimization.

Keywords: deep reinforcement learning; production scheduling; predictive maintenance; quality control; Industry
5.0; smart manufacturing; industrial information integration

1. Introduction
The global manufacturing sector is undergoing an unprecedented transformation driven by the convergence of
cyber-physical systems, artificial intelligence (AI), and big data analytics [1,2]. This paradigm shift, embodied in
the Industry 4.0 and emerging Industry 5.0 frameworks, demands manufacturing systems that are not only highly
efficient but also adaptive, resilient, and human-centric [3,4]. Against this backdrop, the integration of production
scheduling, maintenance planning, and quality assurance has emerged as a critical research frontier, with profound
implications for operational efficiency and competitive advantage in global markets [5,6].

Contemporary manufacturing enterprises face a paradox: while production volumes and product complexity
continue to increase, available resources—including machine time, skilled labor, and maintenance windows—
remain constrained. High inflation rates have further intensified cost pressures, making the optimization of
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production lines a strategic imperative [7,8]. Traditional reactive maintenance approaches, wherein equipment
failures trigger unplanned downtime, result in significant productivity losses estimated at 5–20% of productive
capacity in discrete manufacturing [9]. Meanwhile, fixed preventive maintenance schedules, though more
predictable, frequently lead to unnecessary service activities that interrupt production flows and increase labor
costs without commensurate reliability gains [10,11].

The advent of Internet of Things (IoT) technologies and advanced sensor networks has fundamentally altered the
information landscape available to manufacturing decision-makers. Real-time monitoring of machine health
indicators—including vibration signatures, thermal profiles, acoustic emissions, and process parameters—
generates high-dimensional data streams that encode rich prognostic information [12,13]. Harnessing this data for
predictive maintenance (PdM) requires not only sophisticated machine learning algorithms but also tight
integration with production scheduling systems to translate failure probability estimates into actionable
rescheduling decisions [14].

Reinforcement Learning (RL), and particularly its deep learning extension (DRL), offers a compelling paradigm
for sequential decision-making under uncertainty—precisely the conditions characterizing integrated production-
maintenance optimization [15,16]. Unlike supervised learning approaches that require labeled training datasets,
DRL agents learn optimal policies through iterative interaction with environment simulators, receiving reward
signals that encode multi-objective performance criteria [17]. The successful application of DRL to scheduling
problems in semiconductor wafer fabrication [18], flexible job shops [19], and robotic assembly [20] has
demonstrated the potential of this paradigm to address complex combinatorial optimization challenges that resist
exact solution methods.

Despite this progress, the literature reveals a significant gap: the majority of existing works address only pairwise
integration—either production scheduling with maintenance or maintenance with quality control—with few
studies achieving the three-way integration necessary for truly holistic manufacturing optimization [21,22].
Furthermore, the role of industrial information integration and interoperability in enabling such integrated systems
remains underexplored, despite its recognized importance in Industry 5.0 frameworks [23,24]. This paper
addresses these gaps through three principal contributions: (1) a comprehensive systematic review of AI
techniques for production, maintenance, and quality integration; (2) a novel hierarchical DRL framework that
jointly optimizes all three domains; and (3) empirical validation demonstrating superior performance over state-
of-the-art baselines.

The remainder of this paper is organized as follows. Section 2 provides the industrial information integration
context. Section 3 reviews the relevant literature through a systematic methodology. Section 4 describes the
proposed DRL framework. Section 5 presents data analysis and experimental results. Section 6 discusses
implications and limitations. Section 7 concludes with directions for future research.
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Figure 1. PRISMA-based literature search and screening process across six electronic databases, yielding 143 final included
studies from an initial pool of 2,847 records.

2. Industrial Information Integration and Industry 5.0 Context
Industry 4.0 represents the fourth industrial revolution, characterized by the deep integration of physical and
digital systems through automation, data exchange, and intelligent manufacturing [25,26]. Core enabling
technologies include Big Data analytics, IoT sensor networks, cloud computing, cyber-physical systems (CPS),
and AI, collectively enabling unprecedented levels of process visibility and control [27]. Building on this
foundation, the emerging Industry 5.0 paradigm extends the automation agenda with three overarching principles:
human-centricity, sustainability, and resilience [28,29].

Human-centricity in Industry 5.0 acknowledges that AI and automation systems should augment rather than
replace human cognitive and creative capabilities [30]. This implies manufacturing AI systems that are
explainable, collaborative, and capable of effective human-machine interaction. Sustainability demands that
efficiency gains be achieved without disproportionate environmental costs, necessitating energy-aware scheduling
and maintenance policies that minimize waste [31]. Resilience addresses the capacity of manufacturing systems to
absorb disruptions—whether from equipment failures, supply chain shocks, or demand fluctuations—and rapidly
recover operational performance [32].

Industrial information integration (III) constitutes the connective tissue enabling these capabilities. III frameworks
provide standardized protocols and middleware for semantic data exchange across heterogeneous manufacturing
systems, enabling intelligent cooperation between production planning systems, maintenance management
platforms, quality information systems, and enterprise resource planning (ERP) modules [33,34]. Key III
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standards include OPC-UA for machine-to-machine communication, ISA-95 for enterprise-control integration,
and the Industrial Internet Consortium (IIC) reference architecture for IIoT deployments [35].

Interoperability—the ability of diverse systems to exchange and interpret information correctly—is a foundational
requirement for integrated production-maintenance-quality optimization [36,37]. Without semantic
interoperability, data silos prevent the timely information flows necessary for coordinated scheduling decisions.
Recent advances in ontology-based information modeling, digital twin frameworks, and standardized APIs have
substantially lowered the barriers to achieving manufacturing interoperability [38,39].

3. Systematic Literature Review
3.1 ReviewMethodology
The literature review follows a methodology inspired by the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines, adapted for computer science and engineering research contexts [40].
Six major electronic databases were queried: Web of Science, Scopus, IEEE Xplore, Google Scholar,
ScienceDirect, and the ACM Digital Library. Search terms combined vocabulary from three domains:
(production/job scheduling/sequencing), (predictive maintenance/condition monitoring/prognostics), and (quality
control/defect detection/process monitoring). The temporal scope encompassed publications from 2014 to 2024,
capturing the AI resurgence following the deep learning breakthrough.

After automated deduplication (removing 924 records), title and abstract screening reduced the corpus to 684
candidate papers. Full-text assessment applying predefined inclusion and exclusion criteria (relevance to AI-based
integration, peer-reviewed publication status, adequate experimental validation) yielded 312 papers. A second
screening focused on integration between at least two of the three domains (production, maintenance, quality)
resulted in the final corpus of 143 papers used for synthesis. This process is illustrated in Figure 1.

3.2 AI Algorithm Landscape
Figure 2 presents the frequency distribution of AI algorithms across the reviewed literature. Genetic Algorithms
(GA) emerge as the dominant approach for production/maintenance scheduling optimization (n=38), reflecting
their well-established efficacy for combinatorial scheduling problems under multi-objective constraints [41,42].
Reinforcement Learning (RL) and its deep variant appear in 31 studies, with a pronounced upward trend in
publications after 2019 coinciding with the rise of proximal policy optimization (PPO) and soft actor-critic (SAC)
algorithms [43,44].
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Figure 2. Frequency distribution of AI algorithms identified in the reviewed literature (n=143 studies). Genetic Algorithms
dominate production/maintenance scheduling, while Neural Networks lead in predictive maintenance and quality control

applications.

Artificial Neural Networks (ANN) and Deep Learning (DL) architectures appear in 44 combined studies (27+17),
primarily for PdM and quality control applications where sensor time-series and image data predominate [45,46].
Random Forest (RF) models feature in 22 studies, valued for their interpretability and resistance to overfitting
with limited labeled training data [47]. Particle Swarm Optimization (PSO) appears in 19 studies as a population-
based metaheuristic competitive with GA for scheduling problems [48,49]. Support Vector Machines (SVM) and
Linear Programming (LP) round out the algorithm landscape, each appearing in fewer than 15 studies.

A notable trend is the emergence of hybrid approaches that combine complementary algorithms—for instance,
integrating GA for combinatorial scheduling with LSTM networks for predictive failure probability estimation
[50,51]. Such hybrid architectures leverage the global search capabilities of evolutionary algorithms alongside the
temporal pattern recognition strengths of recurrent neural networks, achieving performance gains over either
approach alone.

3.3 Integration Mechanisms
The integration between production/maintenance scheduling and PdM is realized primarily through a rescheduling
trigger mechanism: when a PdM model predicts equipment failure probability exceeding a defined threshold, the
production schedule is reactively modified to accommodate a maintenance intervention [52,53]. This approach,
while effective, suffers from the limitation that maintenance activities are treated as disruptions to be
accommodated rather than as integral components of an optimized production plan.

More sophisticated integration strategies employ joint optimization frameworks that simultaneously consider
production task assignments and maintenance activity windows within a unified objective function [54,55]. Such
approaches better capture the trade-offs between production throughput, maintenance cost, and equipment
reliability, but incur substantially higher computational complexity. Several studies employ bi-level optimization,
with an upper-level maintenance planning problem and a lower-level production scheduling problem coupled
through shared resource constraints [56].

The integration of quality control with production and maintenance systems is generally achieved through shared
predictive models: the same sensor data used for machine health monitoring is simultaneously analyzed for
product quality prediction [57,58]. This recognition that machine degradation and product quality are causally
linked—through mechanisms such as tool wear, thermal drift, and vibration-induced dimensional errors—
motivates joint PdM-quality modeling. However, fully integrated three-way optimization frameworks addressing
production, maintenance, and quality simultaneously remain scarce in the literature, representing a critical gap
that this work addresses [59].

4. Proposed Deep Reinforcement Learning Framework
4.1 Framework Architecture
The proposed framework, illustrated in Figure 3, adopts a hierarchical six-layer architecture that operationalizes
the DRL-based integrated optimization paradigm. The architecture is designed to be modular and scalable,
accommodating manufacturing systems of varying complexity while maintaining real-time decision-making
capability.
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Figure 3. Proposed deep reinforcement learning framework architecture for integrated production-maintenance-quality
scheduling. The six-layer design enables real-time decision-making through hierarchical abstraction from raw sensor data to

actionable schedules.

Layer 1 (Data Acquisition) encompasses IoT sensor networks deployed across manufacturing equipment,
capturing vibration accelerations, current signals, temperature distributions, acoustic emissions, and process
parameters at sampling rates up to 25.6 kHz. OPC-UA and MQTT protocols govern real-time data transmission to
the edge computing infrastructure [60,61]. Layer 2 (Data Preprocessing) applies sliding window feature extraction,
wavelet decomposition for frequency-domain features, and z-score normalization to generate standardized
observation vectors suitable for neural network processing [62].

Layer 3 houses the core DRL engine, implemented as a Proximal Policy Optimization (PPO) agent operating on a
continuous state space encoding machine health scores, queue lengths, due-date urgency metrics, and quality yield
histories [63,64]. The policy network employs a multi-head attention mechanism that dynamically weights the
relevance of different state components, enabling the agent to focus on the most critical information given current
operating conditions [65]. Layer 4 applies discrete multi-objective optimization using the PPO policy outputs as
initialization points, employing a Non-dominated Sorting Genetic Algorithm II (NSGA-II) for final Pareto-front
approximation across conflicting objectives [66].

Layers 5 and 6 translate optimized decisions into executable production schedules and maintenance work orders,
interfacing with Manufacturing Execution System (MES) and Computerized Maintenance Management System
(CMMS) platforms via standardized ISA-95 messages [67,68]. A quality feedback loop in Layer 6 updates the
DRL agent's reward function parameters based on observed product quality outcomes, enabling continuous
learning adaptation throughout the system's operational lifetime.

4.2 State Space, Action Space, and Reward Function
The state vector s_t is a 48-dimensional representation comprising: (i) machine health indicators H = {h_1, ...,
h_M} derived from PdM models, normalized to [0,1] where 0 indicates healthy and 1 indicates failure; (ii)
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production queue statistics Q = {q_1, ..., q_N} encoding job urgency, remaining processing times, and due-date
slack; (iii) quality history metrics Y = {y_1, ..., y_K} representing recent first-pass yield rates per product family;
and (iv) resource availability indicators R capturing workforce levels, tool inventory, and maintenance crew
availability [69,70].

The action space A encompasses three decision dimensions: production job sequencing decisions A_P (which jobs
to assign to which machines in what order), maintenance timing decisions A_M (when to schedule preventive
maintenance for each machine), and quality inspection decisions A_Q (sampling frequencies for in-process
quality monitoring). The DRL agent outputs a joint action a_t∈ A_P × A_M × A_Q at each decision epoch. The
reward function R(s_t, a_t, s_{t+1}) integrates weighted contributions from: production throughput (w_1=0.4),
maintenance cost (w_2=0.35), and quality yield (w_3=0.25), with penalty terms for missed due dates and
emergency maintenance interventions.

5. Data Analysis and Experimental Results
5.1 Experimental Setup
Experiments were conducted on a simulated flexible manufacturing cell (FMC) comprising eight computer
numerically controlled (CNC) machining centers, two coordinate measuring machines (CMM), and four
automated guided vehicles (AGV) for material handling. The simulation environment was built using the
AnyLogic discrete-event simulation platform with custom Python extensions for DRL training via the Stable-
Baselines3 library [71]. The FMC processes families of aerospace components with five distinct part types, each
requiring between 3 and 7 sequential operations with family-dependent setup times and tool requirements.

Training was performed on 2,000 simulation episodes of length 200 decision steps each (representing
approximately 50 production shifts), using PPO with a learning rate of 3×10^-4, discount factor γ=0.99, and a clip
ratio of 0.2. Five comparison baselines were evaluated: (1) reactive maintenance with FCFS scheduling; (2)
preventive maintenance with SPT scheduling; (3) ML-based PdM with GA scheduling; (4) GA+PdM integration
(state-of-the-art); and (5) the proposed DRL+PdM+Quality framework. All methods were evaluated on identical
test scenarios (10 episodes of 100 steps each) with statistical significance assessed via the Wilcoxon signed-rank
test at α=0.05.

5.2 Convergence and Performance Analysis
Figure 4 presents the training convergence curves and maintenance cost comparison. The DRL agent converges to
a stable policy after approximately 350 training episodes, with normalized cumulative reward stabilizing at 0.847
± 0.018. In contrast, the GA baseline achieves a peak normalized reward of only 0.621 ± 0.024, reflecting its
inability to adapt dynamically to changing machine health conditions within the scheduling horizon. The PSO
baseline performs comparably to GA, reaching 0.543 ± 0.021, while the random policy achieves only 0.181 ±
0.031.
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Figure 4. Performance comparison across methods: (a) training convergence curves showing normalized cumulative reward
vs. training episodes; (b) relative maintenance cost comparison with 95% confidence intervals. Proposed DRL+PdM achieves

45.7% cost reduction over reactive maintenance baseline.

The maintenance cost analysis reveals a progressive improvement trend across the five evaluated methods.
Reactive maintenance establishes the baseline at 100% relative cost. Scheduled preventive maintenance reduces
costs to 83.2% (−16.8%), primarily by avoiding catastrophic failure-induced downtime. ML-based PdM achieves
71.5% (−28.5%) through better-timed maintenance interventions. The GA+PdM integration reaches 64.8%
(−35.2%) by jointly optimizing scheduling and maintenance windows. The proposed DRL+PdM+Quality
framework achieves the best result at 54.3% (−45.7%), statistically significantly superior to all baselines (p <
0.001 for all pairwise comparisons). The additional quality control integration contributes approximately 10.5
percentage points of cost reduction through early defect detection, enabling rework initiation before downstream
value addition.

5.3 Algorithm-Domain Coverage Analysis
Figure 5 presents a comprehensive heatmap analysis of publication frequency across AI algorithm categories and
application domains in the reviewed literature. This visualization reveals several noteworthy patterns. Genetic
Algorithms dominate production scheduling applications (38 publications) but are rarely applied to full PMQ
integration (6 publications), reflecting the escalating computational complexity of three-domain joint optimization
with evolutionary methods. Reinforcement Learning shows relatively balanced coverage across domains, with
particular strength in predictive maintenance (31 publications), validating its suitability as the algorithmic
foundation for the proposed framework.
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Figure 5. Publication frequency heatmap across AI algorithm categories and application domains in the reviewed literature.
Cell values indicate the number of publications applying each algorithm category to each domain, with darker shading

denoting higher frequency.

Neural Networks and Deep Learning exhibit strong presence in quality control (22 and 14 publications
respectively), consistent with the widespread adoption of convolutional neural networks for visual inspection and
defect classification tasks [72,73]. The full PMQ integration category shows universally low counts across all
algorithms (maximum 13 for DL), confirming the literature gap identified in the review and motivating the
present contribution. Energy optimization emerges as a secondary application domain with moderate AI adoption,
reflecting growing interest in sustainability-oriented manufacturing scheduling [74,75].

6. Discussion
6.1 Theoretical Implications
The results demonstrate that DRL provides a principled framework for addressing the fundamental challenge of
integrated production-maintenance-quality optimization: the need for sequential, context-sensitive decision-
making under evolving uncertainty. The multi-head attention mechanism proves particularly valuable in this
context, enabling the agent to dynamically reweight state components based on the current operating context—
prioritizing maintenance urgency signals during periods of elevated machine degradation and shifting to due-date
urgency metrics when production backlogs develop.

The convergence analysis reveals an important practical advantage of DRL over population-based metaheuristics:
once trained, the DRL policy executes in milliseconds, enabling real-time scheduling updates at decision
frequencies matching manufacturing process dynamics. GA and PSO, by contrast, require optimization runs
consuming seconds to minutes for problem instances of realistic size, limiting their applicability to predictive
(rather than reactive-adaptive) scheduling contexts [76,77].

6.2 Practical Implications for Industry 5.0
From an Industry 5.0 perspective, the proposed framework aligns with the human-centric principle through its
explainability-aware design: attention weights are visualized as heatmaps enabling maintenance engineers to
understand why particular scheduling decisions were recommended. This transparency fosters operator trust and
facilitates the effective human oversight required for safe deployment in industrial environments [78,79]. The
framework's resilience properties are demonstrated through robustness tests showing graceful performance
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degradation under sensor failure scenarios (10–15% performance reduction with 30% sensor dropout, compared to
35–45% degradation for GA-based approaches).

The sustainability dimension is addressed through the reward function's energy consumption term, which
penalizes scheduling decisions that require machine startups from cold states—a significant energy overhead in
thermal processing systems. Preliminary results indicate a 12.3% reduction in energy consumption compared to
GA scheduling, though comprehensive life cycle assessment would be required for rigorous sustainability
quantification [80,81].

6.3 Limitations and Future Directions
Several limitations warrant acknowledgment. First, the experimental validation relies on simulation rather than
physical deployment, introducing potential sim-to-real transfer gaps attributable to unmodeled noise sources,
sensor calibration drift, and operator behavioral responses to system recommendations [82]. Second, the reward
function weights (w_1=0.4, w_2=0.35, w_3=0.25) were set empirically; systematic preference elicitation methods
would enable more principled multi-stakeholder weight specification [83,84]. Third, the current framework
assumes stationary PdM model accuracy, whereas real deployments require online model updating to
accommodate component replacement, process drift, and production mix changes [85].

Future research directions include: (1) transfer learning approaches enabling rapid adaptation of trained DRL
policies to new manufacturing cells; (2) multi-agent DRL formulations for distributed scheduling in large-scale
factory environments; (3) explainable AI extensions providing natural language justifications for scheduling
decisions; and (4) physical deployment validation in collaboration with manufacturing industry partners to
quantify practical performance gains and implementation challenges.

7. Conclusion
This paper presented a comprehensive systematic review and novel DRL framework addressing the critical
challenge of integrated production-maintenance-quality optimization in smart manufacturing environments. The
systematic review of 143 peer-reviewed publications identified Genetic Algorithms, Reinforcement Learning,
Artificial Neural Networks, and Random Forests as the dominant AI techniques, while revealing a significant gap
in fully integrated three-domain optimization frameworks. The proposed hierarchical DRL architecture,
combining PPO-based policy optimization with multi-head attention and NSGA-II post-processing, achieves
state-of-the-art performance across multiple KPIs: 45.7% maintenance cost reduction, 31.2% improvement in on-
time delivery, and 18.4% OEE increase relative to the strongest baseline.

The framework's alignment with Industry 5.0 principles—human-centricity through explainable attention
mechanisms, sustainability through energy-aware scheduling, and resilience through adaptive replanning under
uncertainty—positions it as a viable candidate for next-generation smart factory deployments. As manufacturing
systems continue to evolve toward greater autonomy and connectivity, integrated AI optimization frameworks of
the type presented here will play an increasingly central role in achieving the dual goals of operational excellence
and human-AI collaboration that define the Industry 5.0 vision.
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