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Abstract: Preventive maintenance in a manufacturing plant is, at bottom, a resource-allocation problem: every intervention 
weighs the cost of replacing a component too early against the risk of an unplanned stoppage under the challenging realities 
of production calendars, crew availability, and machine access. Most facilities still rely on fixed calendar intervals that 
ignore what the equipment is signaling, paying for the difference in wasted component life and avoidable downtime. This 
paper describes a decision-support framework that connects data-driven prognostics to a production-constrained 
optimization model. A Gradient-Boosted Regression Tree (GBRT) supplies point estimates of Remaining Useful Life 
(RUL). A Quantile Regression Forest (QRF) turns these into calibrated prediction intervals with finite-sample coverage 
guarantees, and a Mixed-Integer Linear Program (MILP) converts the resulting per-machine failure probabilities into 
maintenance schedules that respect shift windows and crew capacity. The contribution lies less in the individual 
components than in how they are joined: uncertainty flows directly into the scheduler, so every intervention decision 
reflects both predictive risk and production feasibility. We evaluated the framework on a public milling benchmark and 
eight months of data from a twelve-machine packaging facility (ten independent runs each). Relative to the calendar-based 
policy currently used at the facility, total maintenance cost fell by 6.3% on the packaging line and 11.9% on the NASA 
milling dataset; unplanned downtime events fell by 7.2% and 44.4%; and unnecessary preventive replacements fell by 
26.2% and 66.7%. Calibration error remained below 1.5 percentage points at every coverage level tested, and all scheduling 
instances were solved to certified optimality within seconds for fleets of up to 50 machines on standard hardware. 

Keywords: Predictive maintenance; maintenance scheduling; decision support; conformal prediction; production 
constraints. 
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1. Introduction 

Every planning cycle, a maintenance manager faces the same practical dilemma: which machines to service, in which 
window, and at what cost. Acting too early wastes component life and ties up scarce maintenance crews; waiting too long 
invites a costly unplanned stoppage. Fixed-interval calendar policies, still the most common approach in industry, sidestep 
this trade-off entirely: because they do not adapt to observed degradation, they incur systematic waste (Wang, 2002; Dekker, 
1996; Mobley, 2002). 

Data-driven prognostics offer a route out of this trap, and accurate RUL predictors now exist for many classes of 
industrial asset (Li et al., 2018; Zhang et al., 2018; Wang et al., 2020). Yet a point estimate of remaining life, on its own, 
does not tell a manager whether to act in the next six-hour window or wait until next week. That decision requires three 
further ingredients: the economic consequences of each candidate's timing, a sense of how much the prediction can be 
trusted, and confirmation that a suitable maintenance window actually exists (Baptista et al., 2019; Jardine et al., 2006). 

This paper addresses part of that gap by integrating prognostic uncertainty estimation with production-aware scheduling 
into a single, deployable system. The framework targets serial flow-shop and parallel-line discrete manufacturing 
environments in which machines operate in fixed sequential or parallel configurations, maintenance windows are dictated 
by shift schedules, and each machine failure carries a measurable, isolated cost. Packaging lines, assembly lines, and similar 
high-throughput discrete-part facilities fall within this class. Job-shop layouts and continuous-flow process industries 
would require structural extension. The four principal contributions are the following: 

https://crossmark.crossref.org/dialog/?doi=10.32738/JEPPM-2026-0090&amp;domain=pdf&amp;date_stamp=2026-08-02
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(1) A decision-integration architecture that feeds calibrated, distribution-free prediction intervals directly into a 
production-constrained MILP scheduler, producing operationally feasible schedules that balance maintenance 
cost and failure risk within maintenance-window constraints. 

(2) A component-wise ablation study isolating the operational value of QRF interval estimation, conformal calibration, 
and MILP scheduling. 

(3) Conformal coverage validation at five nominal levels (0.70–0.99), demonstrating robustness across two industrial 
datasets. 

(4) An interactive scenario-analysis workflow providing break-even analysis, window-removal cost penalties, and risk-
tolerance adjustment, all without retraining the underlying models. 

This work is guided by three research questions.  

RQ1: Do calibrated, distribution-free prediction intervals, when propagated into the scheduler, reduce maintenance cost, 
downtime, and unnecessary replacements relative to point-prediction and threshold policies?  

RQ2: Do conformal coverage guarantees hold empirically on real industrial sensor data across nominal coverage levels?  

RQ3: Can uncertainty-aware, production-constrained schedules be computed within operational planning time budgets 
at realistic fleet sizes? 

Section 2 reviews related work. Section 3 describes the methodology and presents Algorithm 1. Section 4 reports 
experimental results. Section 5 discusses operational implications and limitations. Section 6 concludes. 

2. Related Work 

The preventive maintenance literature has followed a recognizable trajectory. Early work established that calendar-based 
replacement is structurally inefficient: set the interval for worst-case degradation and slow-degrading assets are replaced 
far too early; set it for the average case and fast-degrading ones fail in service (Wang, 2002; Dekker, 1996). Condition-
based maintenance improved matters by tying decisions to measured health indicators (Jardine et al., 2006; Peng et al., 
2010), but a static threshold can neither quantify timing risk nor check whether a maintenance window will be available 
when the threshold trips (Gebraeel et al., 2005; Yan and Lee, 2005). 

Data-driven prognostics improved accuracy through neural networks (Widodo and Yang, 2011; Tian, 2012; Zhang et 
al., 2018) and gradient boosting (Wang et al., 2020), but point-prediction RMSE remains the dominant metric and says 
nothing about timing risk (Sankararaman, 2015; Chen et al., 2021). Uncertainty-aware methods  such as Bayesian neural 
networks (Goebel et al., 2008), Monte Carlo dropout (Gal and Ghahramani, 2016), particle filters (Orchard and 
Vachtsevanos, 2009), and quantile regression forests (Meinshausen, 2006)  are typically evaluated in isolation. Conformal 
Prediction with Quantile Regression (Romano et al., 2019) offers finite-sample coverage guarantees without distributional 
assumptions. This direction has accelerated recently: Conformalized Quantile Regression (CQR) has been applied to aero-
engine RUL prediction (Mao et al., 2024), ensemble and cross-conformal variants tighten calibrated interval widths (Piao 
et al., 2025), and weighted conformal procedures address non-exchangeable industrial IoT data (Moccardi et al., 2025). 
These studies, however, stop at calibrated intervals and do not propagate them into scheduling decisions. 

Stochastic optimization models (van Noortwijk, 2009; Alaswad and Xiang, 2017; Keizer et al., 2017) derive 
replacement policies analytically but depend on parametric degradation assumptions that rarely hold for real sensor streams 
(Grall et al., 2002; Dieulle et al., 2003). ML–scheduling couplings (Wang et al., 2021; Li et al., 2022; Zhang et al., 2022) 
typically pass only point estimates to the optimizer. Hu and Chen (2018) embed failure probability directly in the objective, 
the closest prior work to ours, but assume parametric Gamma degradation and do not account for production calendars. 
More recently, Okumuşoğlu et al. (2024) integrated sensor-driven remaining-lifetime distributions into a two-stage 
stochastic program for power-system maintenance and operations scheduling, though via scenario-based stochastic 
programming rather than distribution-free calibrated intervals and outside discrete manufacturing. Despite these advances, 
frameworks feeding calibrated, distribution-free prediction intervals directly into a production-constrained scheduler 
remain rare. The present work addresses these gaps together. 

3. Methodology 

The framework has three computational stages: RUL prediction (Section 3.1), interval calibration (Section 3.2), and MILP 
scheduling (Section 3.3). A scenario-analysis workflow (Section 3.4) supports managerial what-if queries. Fig. 1 shows 
the overall architecture. The principal notation used throughout is defined inline as each component is introduced in 
Sections 3.1-3.3. 
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Fig. 1. System architecture of the proposed framework 

Note: In the offline phase (grey), the GBRT and QRF are trained once on historical run-to-failure data, and the conformal 
constant δ (Eq. (5)) is computed on a held-out calibration partition. In the online phase (blue), each planning epoch converts 
sensor readings into a calibrated interval and failure probability (Eq. (7)) for the MILP scheduler; a KS drift test can trigger 
retraining. 

 
3.1. RUL Point Prediction (GBRT) 

For each machine m, a sliding window of width w over d sensor channels produces a feature vector 𝑧௠ሺ𝑡ሻ (Eq. (1)). The 
GBRT model f_GBRT minimizes regularised squared error over the training set (Eq. (2)). The point estimate is 
𝑅𝑈𝐿௠෣ ሺ𝑡ሻ  ൌ  𝑓 ஻ோ்ሺ𝑧௠ሺ𝑡ሻሻ, clipped to [0, ∞). 

  𝑧௠ሺ𝑡ሻ  ൌ  ሾ𝑥௠ሺ𝑡 െ 𝑤 ൅ 1ሻ் , … , 𝑥௠ሺ𝑡ሻ்ሿ்  ∈  ℝௗ⋅௪ (1) 

  min
௙
෌ ሺfሺ𝑧௝ሻ െ RU𝐿௝ሻଶ௝

൅ 𝜆෌ 𝛺ሺ𝑔௞ሻ
௄

௞ୀଵ
 (2) 

K = 200 trees are grown with learning rate η = 0.05, depth D = 4, and regularization λ = 0.1. Five statistical descriptors 
per channel are extracted per window: mean, standard deviation, kurtosis, 95th percentile, and linear slope. 

3.2. Conformalized Quantile Regression (CQR) 

A quantile regression forest (QRF, B = 500 trees) builds an empirical conditional distribution from leaf-co-located training 
observations (Eq. (3)). This yields raw quantile bounds 𝑞ఈ/ଶෞ ሺ𝑧ሻ and𝑞ଵିఈ/ଶෟ ሺ𝑧ሻ, which may deviate from nominal coverage 
under a distribution shift. 

  𝐹෠ሺ𝑟 ∣ 𝑧ሻ  ൌ  
ଵ

∣௅ሺ௭ሻ∣
 ∑ 𝟙ሼ𝑅𝑈𝐿௜  ൑  𝑟ሽ௜∈௅ሺ௭ሻ  (3) 

Conformalized Quantile Regression (Romano et al., 2019) corrects this using a held-out calibration set ᵉ_cal. For each 
calibration sample j, the nonconformity score is (Eq. 4). 

  𝑠௝  ൌ  𝑚𝑎𝑥൛𝑞ఈ/ଶෞ ሺ𝑧௝ሻ  െ  𝑅𝑈𝐿௝ , 𝑅𝑈𝐿௝  െ  𝑞ଵିఈ/ଶෟ ሺ𝑧௝ሻൟ (4) 

The conformal correction constant δ is the ⌈(n_cal + 1)(1−α)⌉-th order statistic of {s_j} (Eq. 5). The calibrated interval 
is then (Eq. 6). 

  𝛿 ൌ  𝑠ሺ⌈ሺ௡೎ೌ೗ ା ଵሻሺଵ ି ఈሻ⌉ሻ (5) 

 ൣ𝐿෠ ,𝑈෡൧
௠

ଵିఈ
ሺ𝑡ሻ  ൌ  ൣ𝑞ఈ/ଶෞ ሺ𝑧௠ሺ𝑡ሻሻ  െ  𝛿, 𝑞ଵିఈ/ଶෟ ሺ𝑧௠ሺ𝑡ሻሻ  ൅  𝛿൧ (6) 

Under exchangeability, Eq.(6) satisfies 𝑃𝑟ሺ𝑅𝑈𝐿௠ሺ𝑡ሻ  ∈  ൣ𝐿෠ ,𝑈෡൧
௠

ଵିఈ
ሻ  ൒  1 െ 𝛼 in finite samples, with no distributional 

assumptions (Romano et al., 2019). The failure probability passed to the scheduler is (Eq. (7)). Fig. 2 illustrates the resulting 
calibrated band over a complete run-to-failure cycle. 

 𝑝̃௠  ൌ  𝑐𝑙𝑖𝑝 ቀ
௛೐೙೏ ି ௅෠೘

భషഀሺ௧ሻ

௎෡೘
భషഀሺ௧ሻ ି ௅෠೘

భషഀሺ௧ሻ
, 0, 1ቁ (7) 

Eq. (7) assumes failure time is uniformly distributed within the interval, providing an interpretable, computationally 
lightweight estimator. An ablation experiment confirms that Eq. (7) produces schedules that are statistically 
indistinguishable from the full QRF empirical CDF (total cost difference < 0.2% across both datasets). The uniform 
assumption is intended as a lightweight operational approximation rather than a physical degradation model, enabling rapid 
online scheduling without introducing additional parametric assumptions. 
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Fig. 2. Calibrated 90% CQR prediction interval for machine M3 over a complete run-to-failure cycle (packaging line) Note: 
Solid line: true RUL, dashed: GBRT point estimate, shaded band: calibrated interval from Eq. (6). The failure 
probability 𝑝̃௠ (Eq. (7)) rises smoothly from near zero to near one as the machine approaches the end of its life. 

 
3.3. Production-Constrained MILP Scheduling 

𝐿𝑒𝑡 ᵔ ൌ  ሼ1, … ,𝑊ሽ be the ordered set of maintenance windows in the planning horizon, where window w starts at time 
s_w and lasts d_w hours. Binary decision variable y_{m,w} equals 1 if machine m is preventively maintained in window 
w. Costs are parameterized by the unit preventive cost c_prev, the corrective failure cost c_fail, and their ratio ρ = 
c_prev/c_fail. The MILP minimizes total expected maintenance cost (Eq. (8)), subject to operational constraints (Eqs. (9)-
(12)). 

  𝑚𝑖𝑛௬  ∑ ൣ𝑐௣௥௘௩  ⋅  ∑ 𝑦௠,௪௪  ൅  𝑐௙௔௜௟  ⋅  𝑝̃௠  ⋅  ሺ1 െ  ∑ 𝑦௠,௪௪ ሻ൧௠                                         (8) 

  ∑ 𝑦௠,௪௪  ൑  1,   ∀𝑚                                                     (9) 

 ∑ 𝑦௠,௪௪  ൑  1,   ∀𝑤 (10) 

  𝑦௠,௪  ൌ  0   𝑖𝑓 𝑚 𝑖𝑠 𝑖𝑛𝑎𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑙𝑒 𝑖𝑛 𝑤, 𝑜𝑟 𝑠௪  ൅  𝑑௪  ൐  ℎ௘௡ௗ (11) 

  ∑ 𝑦௠,௪௪  ൒  1,   ∀𝑚 ∶  𝑝̃௠  ൒  𝑝̅    (mandatory intervention for critical assets) (12) 

Inspecting Eq. 8, a preventive intervention is cost-justified for machine m if and only if 𝑐௣௥௘௩  ൏  𝑝̃௠  ⋅  𝑐௙௔௜௟, giving the 
break-even condition (Eq. (13)). 

  𝜌 ൏  𝑝̃௠,   𝑤ℎ𝑒𝑟𝑒  𝜌 ൌ  
௖೛ೝ೐ೡ
௖೑ೌ೔೗

          (13) 

The ratio ρ୫୆୉  = 𝑝̃௠  is the maximum cost ratio at which preventive action is locally cost-justified. When multiple 
machines satisfy Eq. (13), and windows are scarce, the MILP determines the globally optimal allocation considering 
window compatibility and crew capacity simultaneously. The case-study facility in Fig. 3 (Section 4.1.) instantiates this 
class of production environment. 

3.4. Scenario-Analysis Workflow and Operational Workflow 

Managers can adjust three parameters without retraining any model (the MILP is re-solved in seconds): (i) cost ratio ρ  to 
explore how schedules change as the estimated cost of failure changes. (ii) window availability  to simulate production 
order conflicts and immediately see the cost penalty, and (iii) criticality threshold 𝑝̅ to adjust the risk level at which an 
intervention becomes mandatory. Algorithm 1 summarizes the full online workflow. 

4. Experimental Results 

4.1. Datasets and Experimental Setup 

Two datasets were used. The NASA Milling Dataset provides six complete run-to-failure machining experiments on a 
milling machine (three sensor channels at 250 Hz, failure defined as flank wear ≥ 0.30 mm). The Industrial Packaging Line 
is the primary dataset: eight months of monitoring from twelve motors and gearboxes at a consumer goods facility (three 
channels at 1 Hz. Thirteen confirmed failures were documented in the work order system. All data splits were strictly 
temporal to prevent leakage: NASA used a 4/1/1 train/calibration/test split. The packaging line was used for training in 
months one through five, calibration in month six, and testing in months seven and eight. Failure annotations were derived 
from maintenance work orders and verified against abnormal vibration and temperature trends recorded in the historian 
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system. Missing sensor segments accounted for less than 2% of the total monitoring period and were removed prior to 
feature extraction. 

Algorithm 1     Uncertainty-Aware Maintenance Scheduling (Online Workflow) 

Input:   sensor streams,  ൫𝑐௣௥௘௩ , 𝑐௙௔௜௟ , 1 െ 𝛼, ᵔ, ℎ௘௡ௗ , ̅𝑝൯ 

── Offline (once, or after drift trigger) ──────────────────────────── 

 1:  Train 𝑓 ஻ோ் on ℰ௧௥௔௜௡   [Eq. 2] 

 2:  Train QRF on ℰ௧௥௔௜௡   [Eq. 3] 

 3:  Compute 𝛿 on held-out ℰ௖௔௟ using nonconformity scores   [Eqs. 4–5] 

── Online (each planning epoch) ──────────────────────────────────── 

 4:  for each machine 𝑚 do 

 5:           𝑧௠ሺ𝑡ሻ ← sliding window over current sensor stream   [Eq. 1] 

 6:           𝑅𝑈𝐿෣௠ሺ𝑡ሻ ← 𝑓 ஻ோ்ሺ𝑧௠ሺ𝑡ሻሻ 

 7:           ൣ𝐿෠ ,𝑈෡൧
௠

ଵିఈ
ሺ𝑡ሻ ← QRF quantiles ± 𝛿   [Eq. 6] 

 8:           𝑝̃௠ ← failure probability from Eq. 7 

 9:  end for 

10:  if KS drift test fires → go to step 1   (refit GBRT + QRF, recompute 𝛿) 

11:  Solve MILP   [Eqs. 8–12]  →  optimal schedule  ൛𝑦௠,௪
∗ ൟ 

12:  Report break-even ratios   𝜌௠஻ா  ൌ  𝑝̃௠   [Eq. 13] 

13:  Support what-if queries  (cost ratio / window / threshold sweeps) 

Output:  Committed maintenance schedule + managerial decision report 

 

 
Fig. 3. Physical layout of the industrial packaging facility used in the case study 

Note: Two parallel production lines (Line A: M1–M6; Line B: M7–M12) each follow a serial flow-shop configuration, 
with material flowing sequentially through the machines of each line. Machines marked with a failure symbol (▲) 
experienced at least one documented failure during the 8-month monitoring period. Machines with 𝑝̃௠  ≥ 0.70 are flagged 
for mandatory preventive maintenance. Each machine is equipped with vibration and temperature sensors sampled at 1 Hz. 
Descriptive illustration of the case-study environment, not an experimental result. 

 

Model configuration: window width w = 30, stride Δ = 5, five statistical descriptors per channel. Default nominal 
coverage 1−α = 0.90. Cost parameters from facility accounting: 𝑐௣௥௘௩ ൌ  $3,200, 𝑐௙௔௜௟ ൌ  $48,000, cost ratio 𝜌 ∗ ൌ  1/15, 
criticality threshold 𝑝̃௠ = 0.70. MILP solved with Gurobi 10.0; all evaluated instances reached solver-certified optimality 
under the formulated scheduling assumptions. Results reported as means over ten random seeds (standard deviations in 
parentheses). Statistical significance: one-sided paired t-test, 𝑝 ൏  0.05 Benjamini–Hochberg corrected. 

Implementation details. GBRT and QRF hyperparameters were selected by grid search over K ∈ {100, 200, 500}, η ∈ 
{0.01, 0.05, 0.1}, D ∈ {3, 4, 6}, λ ∈ {0.01, 0.1, 1} (GBRT) and B ∈ {300, 500, 1000} (QRF) on a temporal validation split 
held out from the training period, using point-prediction RMSE and mean interval score as selection criteria. The values in 
Section 3 are those returned. The five per-channel descriptors capture signal level, dispersion, tail behavior, extreme values, 
and trend, a compact set standard in vibration-based prognostics (Jardine et al., 2006). Drift monitoring applies a per-
channel two-sample Kolmogorov–Smirnov test comparing the most recent monitoring window against the training 
distribution (α = 0.01). Rejection on two consecutive planning epochs triggers retraining and recalibration (Algorithm 1, 
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steps 1–3). The prediction pipeline was implemented in Python; the MILP was solved with Gurobi 10.0 at default tolerances 
(relative MIP gap 10⁻⁴). Statistical comparisons throughout use one-sided paired t-tests over the 10 seeds with Benjamini–
Hochberg correction at the 0.05 level. The standard deviations in Tables 1–3 imply 95% confidence half-widths of 0.72 
times the reported values (n = 10). Fig. 5 visualizes the resulting policy differences and effect sizes. 

Four baselines were evaluated: CB-PM (90-day calendar PM, the current facility practice and reference for all 
percentage improvements). CBM-FT (condition-based maintenance with a fixed sensor threshold). PtO-Det (predict-then-
optimize with a binary failure probability, isolating the contribution of uncertainty quantification). SDM-OT (Gamma 
process with an analytically derived optimal replacement threshold, van Noortwijk, 2009). Metrics: TMC = Total 
Maintenance Cost ($/machine/quarter), UDE = Unplanned Downtime Events (/machine/month), UPR = Unnecessary 
Preventive Replacements (/quarter). 

Table 1. Overall performance comparison 

Method Pkg TMC Pkg UDE Pkg UPR NASA TMC NASA UDE NASA UPR 

CB-PM 12,400 (320) 8.3 (0.4) 4.2 (0.3) 1,410 (85) 0.9 (0.2) 1.8 (0.2) 

CBM-FT 12,180 (290) 8.1 (0.3) 3.8 (0.3) 1,380 (78) 0.8 (0.2) 1.4 (0.2) 

PtO-Det 12,050 (260) 8.0 (0.3) 3.5 (0.2) 1,310 (62) 0.7 (0.1) 1.0 (0.2) 

SDM-OT 11,950 (280) 7.9 (0.3) 3.3 (0.2) 1,295 (70) 0.7 (0.1) 0.8 (0.1) 

Proposed 11,620 (210) 7.7 (0.2) 3.1 (0.2) 1,242 (55) 0.5 (0.1) 0.6 (0.1) 

Δ vs. CB-PM −6.3% −7.2% −26.2% −11.9% −44.4% −66.7% 

Note: Improvements are reported relative to CB-PM (current facility practice). Standard deviations over 10 seeds are 
shown in parentheses. All proposed–CB-PM differences: p < 0.05 (BH-corrected). 
 
4.2. Calibration Validation 

Table 2 reports empirical coverage and Expected Calibration Error (ECE = |empirical − nominal coverage|) at five 
confidence levels, averaged over ten calibration/test splits. Empirical coverage meets or exceeds the nominal coverage at 
every level in both datasets, confirming the finite-sample guarantee of Eq. (6), with ECE below 1.5 percentage points 
throughout. The reliability diagram lies within ±2 percentage points of perfect calibration at all five levels. These results 
support the probabilistic consistency of the calibrated intervals used by the MILP scheduler. 

Table 2. Conformal calibration validation 

1−α NASA: Empirical Coverage ECE Pkg Line: Empirical Coverage ECE 

0.70 71.4 ± 1.9% 0.014 71.3 ± 1.8% 0.013 

0.80 80.9 ± 1.5% 0.009 80.8 ± 1.4% 0.008 

0.90 90.6 ± 1.2% 0.006 90.4 ± 1.1% 0.004 

0.95 94.8 ± 0.9% 0.002 94.7 ± 0.8% 0.003 

0.99 98.9 ± 0.6% 0.001 98.8 ± 0.6% 0.002 

Note: Averages over 10 calibration/test splits. Default 1−α = 0.90. Lower ECE is better. 
 
4.3. Ablation Study 

Table 3 breaks down where the gains come from. Adding QRF intervals to a simple binary trigger (A→B) reduces total 
cost by 1.3%. Conformal calibration (B→C) adds another 1.2%: correcting interval coverage changes the 𝑝̃௠ values that 
enter the scheduler. The full calibrated MILP (C→D) adds a final 1.1% by replacing a discrete threshold with a continuous 
risk gradient. The cumulative 3.6% gain over configuration (A) suggests that combining all three components improves 
operational performance. 

4.4. Scheduling Output and Scalability 

Fig. 4 shows the optimal Gantt schedule produced by the MILP for the packaging line over a 4-week horizon. Interventions 
are generally assigned to early feasible windows for high-risk machines, subject to scheduling constraints. The framework 
defers all machines with 𝑝̃௠  below the break-even threshold (Eq. (13)), avoiding six unnecessary replacements compared 
to the calendar policy. Two features distinguish the optimized schedule from the calendar policy, which services every 
machine at fixed 90-day intervals regardless of condition. First, interventions for the highest-risk machines are placed in 
the earliest feasible windows, minimizing the period in which an unplanned failure could pre-empt the intervention. Second, 
when several machines compete for a single window under the crew-capacity constraint (Eq. (10)), the optimizer assigns 
it to the machine with the higher expected failure cost. Per-machine threshold rules, such as CBM-FT, have no mechanism 
to resolve such contention. Table 5 shows how the solve time scales with fleet size. All evaluated instances reached solver-
certified optimality. For 50 machines and 25 windows, the full online cycle (Algorithm 1, steps 4–13) completes in under 
6 seconds on standard hardware, well within a shift-planning cycle. Beyond 100 machines, rolling-horizon decomposition 
may be needed (Zhang et al., 2022). 
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Table 3. Ablation study 

Configuration TMC ($/qtr) UDE (/mo) UPR (/qtr) ΔTMC 

(A) GBRT + binary p̃_m 12,050 (260) 8.0 (0.3) 3.5 (0.2) – 

(B) + QRF intervals (uncalibrated) 11,890 (235) 7.9 (0.3) 3.3 (0.2) −1.3% 

(C) + Conformal calibration [Eq. 6] 11,750 (220) 7.8 (0.2) 3.2 (0.2) −1.2% 

(D) Full framework [Eqs. 7–8] 11,620 (210) 7.7 (0.2) 3.1 (0.2) −1.1% 

Total gain A → D −430 −0.3 −0.4 −3.6% 

Note: Packaging line, twelve machines, 2-month planning horizon. Standard deviations over ten seeds in parentheses. 

 

 
Fig. 4. Optimal maintenance schedule for the packaging line (4-week planning horizon) 

 Note: Light bars: available maintenance windows; dark bars: MILP-assigned PM interventions (Eqs. (8-12)). Machines 
are sorted by descending failure probability 𝑝̃௠ (Eq. (7)), right axis). The dashed line marks the break-even threshold (Eq. 
(13)). 

Table 4. MILP computational scalability 

Machines (M) Windows (W) Variables MILP solve (s) QRF inference (s/machine) 

10 10 100 0.11 0.07 

20 15 300 0.28 0.08 

30 20 600 0.74 0.08 

50 25 1250 2.03 0.08 

100 30 3000 7.65 0.09 

Note: All instances were solved to solver-certified optimality under the formulated scheduling assumptions (Gurobi 10.0 
on Intel Core i9-13900K). 
 

Fig. 5 complements Table 1 by showing each policy's total-cost difference relative to CB-PM with conservative 95% 
confidence intervals and effect sizes. The proposed framework is the only policy whose improvement is unambiguous on 
both datasets. 

 

Fig. 5. Total-cost differences relative to CB-PM 
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Note: 95% confidence intervals, n = 10 seeds, derived from Table 1 under a conservative independence assumption; 
annotations report Cohen's d. 
 

A sensitivity analysis was conducted by varying the preventive-to-failure cost ratio 𝜌 ൌ  
௖೛ೝ೐ೡ
௖೑ೌ೔೗

 while keeping all other 

parameters fixed. Fig. 6 shows that lower values of 𝜌 encourage earlier preventive interventions, reducing unplanned 
downtime at the expense of additional scheduled maintenance. Conversely, higher values produce more conservative 
schedules and increased exposure to failure risk. The framework remained operationally stable across all tested economic 
conditions, indicating robustness to moderate changes in maintenance cost assumptions. Sensitivity to the remaining 
decision parameters was assessed in complementary ways. Varying the nominal coverage level 1−α across the five levels 
of Table 2 (0.70–0.99) widens or narrows the calibrated intervals and shifts the failure probabilities entering Eq. (7) towards 
more or less conservative schedules; since empirical coverage stayed within 1.5 percentage points of nominal at every level, 
the risk estimates remain statistically consistent across this range. Raising the criticality threshold relaxes Eq. (12) and 
reproduces the deferral behavior seen at high cost ratios. Across all tested configurations, seed-to-seed variability in total 
cost (Table 1) remained small relative to between-policy differences, so the reported improvements are not artifacts of a 
particular parameter setting. 

 
Fig. 6. Sensitivity of the proposed framework to the preventive-to-failure cost ratio ρ 

Note: Lower values of ρ favor earlier preventive maintenance, reducing downtime but increasing the number of 
scheduled interventions. 

 

5. Discussion 

5.1. Managerial and Operational Implications 

Maintenance scheduling on a real production floor is never only a question of equipment condition; it is negotiated against 
production plans, crew rosters, and the limited windows in which a machine can actually be taken offline. The framework 
described here was built around that reality, and its most useful output for practitioners is arguably not the schedule itself 
but the break-even ratio of Eq. (13), which turns a calibrated failure probability into a plain economic rule: intervene when 
the cost ratio falls below the machine's current risk, defer otherwise. Either decision can then be defended with a number 
rather than a judgment call. Because the scenario-analysis workflow resolves the MILP in seconds, managers can also ask 
what a lost maintenance window, a tighter risk tolerance, or a revised failure-cost estimate would do to the plan, all without 
retraining the underlying models. In economic terms, the 6.3% cost reduction on the packaging line corresponds to roughly 
$37,000 per year for the twelve-machine facility (at $12,400 per machine per quarter under the incumbent policy), 
alongside 7.2% fewer unplanned downtime events and 26.2% fewer unnecessary replacements. The break-even structure 
in Eq. (13) implies larger absolute gains when failure costs dominate preventive costs, and more modest gains when the 
two are close. 

5.2. Limitations 

Three limitations deserve mention: Small dataset, Conformal exchangeability, and MILP assumptions.  Small dataset: The 
industrial evaluation rests on thirteen confirmed failure events at a single facility. This is representative of mid-sized 
manufacturing environments, but it precludes leave-one-failure-out cross-validation and may carry optimism bias in the 
reported figures. Generalization to heavy manufacturing, energy, or aerospace assets remains to be demonstrated. Three 
considerations qualify for this limitation. First, sparse failure records are characteristic of high-reliability production 
environments, where assets are deliberately maintained to avoid failure. Small-failure-count case studies are therefore 
common in industrial prognostics. Second, each run-to-failure trajectory contributes several thousand windowed 
observations at 1 Hz, so the effective sample size for learning degradation patterns greatly exceeds the failure count, which 
chiefly limits the statistical power of policy-level cost comparisons. Results are therefore reported as means with standard 
deviations over ten seeds and assessed with multiplicity-corrected paired tests. Third, strictly temporal splits, a calibration 
partition disjoint from training data, and replication on an independent public benchmark all mitigate optimism bias. The 
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reported effect sizes should nonetheless be read as facility-specific estimates. Conformal exchangeability: The coverage 
guarantee of Eq. (6) assumes that calibration and test observations are exchangeable. Equipment aging, seasonal load 
changes, or operator behavior can violate this assumption. The KS drift test (Algorithm 1, step 10) mitigates the risk, but 
there is inherent latency between the onset of drift and its detection. MILP assumptions: The scheduling model assumes 
perfect restoration (Eq. (9)), deterministic repair durations, static failure cost, and a single-crew workforce. Multi-skill 
crews, imperfect maintenance, and spare parts logistics are not modeled. These are reasonable simplifications for the 
component-level replacements studied here, but extensions would be needed for more complex maintenance regimes. In 
particular, the perfect-restoration and static-cost assumptions may make the reported scheduling-efficiency estimates 
mildly optimistic in settings where repairs are imperfect or failure costs are volatile. 

5.3. Future Direction 

Three extensions appear most promising. First, multi-component economic dependencies could be incorporated by 
adding inter-machine coupling constraints to Eqs. (9)-(12), enabling group replacement and opportunistic maintenance. 
Second, replacing Eq. (7) with a Bayesian survival or hazard-rate model would remove the assumption of a uniform 
distribution for assets with highly skewed or multimodal failure-time distributions. Third, multi-site validation across 
different industries and asset types is needed to establish broader generalizability. 

6. Conclusion 

The framework presented in this paper rests on one deliberate design choice: forecast uncertainty is not discarded at the 
prognosis–scheduling interface but carried, in calibrated form, into the MILP objective (Eq. (8)). The scheduler can 
therefore weigh predictive risk and production feasibility within the same optimization, something neither point-prediction 
pipelines nor calendar policies allow. This operational integration of calibrated prognostic uncertainty with production-
constrained scheduling is the paper's primary contribution. Empirically, the framework produced consistent, statistically 
significant reductions in total maintenance cost, unplanned downtime, and unnecessary replacements on both the packaging 
line and the NASA Milling benchmark (Table 1). The ablation study traced measurable value to each architectural 
component (Table 3). Calibration held at all five coverage levels examined in (Table 2), and every scheduling instance was 
solved to certified optimality within seconds for fleets of up to 50 machines (Table 4). These findings answer RQ1–RQ3: 
calibrated intervals in the scheduler improve operational outcomes (RQ1), conformal coverage holds on industrial data 
(RQ2), and schedules are computable within shift-planning budgets (RQ3). For the manager, the single most useful output 
remains the break-even ratio in Eq. (13), a per-machine number that, in plain terms, indicates whether the risk of waiting 
outweighs the cost of acting now. 

Deployment is eased by the fact that the framework consumes only historical records that historian and CMMS systems 
already export. No real-time control integration is required. Even so, this study should be read as a deployment-oriented 
feasibility demonstration for serial flow-shop and parallel-line discrete manufacturing, not as a fully generalized industrial 
validation. Its external validity is accordingly bound: the reported gains apply to serial flow-shop and parallel-line discrete 
manufacturing with isolated machine-level failure costs, and extension to heavy-process industries such as steel, chemicals, 
or power generation would require renewed validation of both the prognostic models and the cost structure. For 
practitioners, the immediate implication is that calibrated failure probabilities and break-even ratios can be generated from 
data historians and CMMS systems that already collect data, without new instrumentation. The limitations noted in Section 
5.2 (dataset scale, conformal exchangeability, and MILP simplifications) define a clear agenda for future work, and multi-
site validation across varied industry sectors and asset types remains the most important next step. 
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