FROM REACTIVE REPAIRS TO PREDICTIVE, DATA-DRIVEN ASSET MANAGEMENT

Al-Driven Predictive Maintenance In
Manufacturing

Executive briefing — Plant Operations, Finance & Technology Leadership | ~20 min
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Unplanned Downtime Is a Bigger Line ltem
Than Most P&Ls Admit

e Unplanned downtime costs manufacturers an estimated 5-20% of production capacity annually, per industry

benchmarks
o Average cost per hour of downtime ranges from tens of thousands to over $250K in high-throughput lines
* Downtime costs compound: scrap, overtime, expedited freight, missed SLAs, and safety exposure

* Most plants still discover failures at the point of breakdown, not before it
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Where Maintenance Stands Today

» Reactive (run-to-failure): lowest cost per event, highest total cost of ownership

Preventive: fixed-interval servicing, often replacing parts with 40-60% of useful life remaining

Time-based PMs generate labor cost regardless of actual asset condition

Condition-based monitoring exists in pockets but rarely feeds a unified decision system

Net effect: maintenance spend is high, yet failures still occur unpredictably



4 / 15

What Predictive Maintenance Actually
Changes

» Uses live equipment data to estimate remaining useful life, not a fixed calendar

Flags developing faults (bearing wear, thermal drift, vibration anomalies) weeks before failure

Shifts maintenance from a cost center to a scheduling and inventory optimization lever

Converts unplanned stoppages into planned work orders during scheduled windows

Industry-reported outcomes: 10-20% downtime reduction, 5-10% maintenance cost reduction (typical ranges, not

guarantees)
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The Data Foundation: SCADA, PLCs, and loT
Sensors

o Existing SCADA/PLC historians already capture temperature, pressure, cycle counts, and fault codes

Retrofit sensors (vibration, acoustic, thermal, current draw) close gaps on legacy assets without built-in telemetry

OPC-UA and MQTT are the standard protocols for bridging shop-floor data to analytics platforms

Data quality — sampling rate, sensor calibration, missing-value handling — determines model ceiling more than

model choice

Plan for edge aggregation where network bandwidth or latency limits cloud streaming
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The ML Approach: From Sensor Signal to
Failure Forecast

Anomaly detection (isolation forests, autoencoders) flags deviations from normal operating envelopes

Remaining-useful-life models (gradient-boosted trees, survival analysis, LSTM/temporal CNNs) estimate time-to-

failure
Classification models trained on labeled failure history predict specific fault modes, not just 'something is wrong'

Model choice depends on label availability: unsupervised methods first, supervised RUL models as failure history

accumulates

False-positive control matters as much as detection rate — alert fatigue kills shop-floor adoption



7 / 15

Reference Architecture: Sensor to Decision

Edge layer: PLC/SCADA + retrofit sensors, local preprocessing to reduce data volume

Ingestion: OPC-UA/MQTT gateway streaming to a time-series store (e.g., InfluxDB, TimescaleDB)

Processing: feature engineering pipeline feeding batch and streaming inference (Kafka or cloud equivalent)

Model layer: hosted ML models (cloud or on-prem) producing failure-risk scores per asset

Action layer: alerts and work orders pushed into existing CMMS/EAM systems — no parallel workflow
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lllustrative Pilot: A Single Production Line

Representative scenario, not a verified case study: mid-size automotive-parts plant, one stamping line, 12 critical

assets

6-month pilot: vibration and thermal sensors added to 4 unmonitored motors and gearboxes

Baseline: 3 unplanned stoppages/quarter averaging 6 hours each

Pilot outcome (illustrative): 2 of 3 projected failures caught and scheduled in advance

Scope intentionally narrow — proof of signal quality and workflow fit before scaling
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OEE: Where the Gains Show Up

e Predictive maintenance primarily lifts Availability, one of OEE's three components (Availability x Performance x
Quality)
» Reduced unplanned stops directly increases run time within the same shift structure

e Fewer emergency interventions also reduces Performance losses from post-repair recalibration

e lllustrative example: OEE improving from a 65% baseline to 70-72% is a commonly cited pilot-stage range —

actual results vary by asset class and baseline maturity

e Quality gains are secondary but real: fewer out-of-spec parts from degrading equipment
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ROI: Framing the Investment Case

» Representative model, to be validated with your own maintenance and downtime cost data

Cost inputs: sensors/retrofit hardware, connectivity, ML platform (build or license), integration labor

Typical program payback reported in industry case studies: 12-24 months for first-wave assets

Savings levers: avoided downtime, reduced parts inventory, fewer emergency labor premiums, extended asset life

Recommend a phased budget tied to pilot proof points, not a single upfront capital commitment



11 / 15

Implementation Roadmap

Phase 1 (0-3 mo): asset criticality assessment, sensor gap analysis, data infrastructure audit

(
Phase 2 (3-6 mo): pilot line instrumentation, historian integration, baseline model training
Phase 3 (6-9 mo): pilot validation against real failure events, false-positive tuning, CMMS integration
(

Phase 4 (9-18 mo): scale to additional lines, expand failure-mode coverage, formalize model retraining cadence

Governance checkpoint after each phase — no scale-up without demonstrated signal accuracy



12 / 15

Change Management: Winning the Shop Floor

e Maintenance technicians must trust alerts before they'll act on them — start with high-confidence, low-noise use
cases

Involve senior technicians in labeling historical failures; their tribal knowledge trains the model

Reframe the role: less firefighting, more diagnostic and planning work — communicate this explicitly

Retrain work-order processes so predictive alerts route into existing CMMS, not a new disconnected tool

Track and share early wins publicly to build credibility before broader rollout
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Risks and Data Quality Challenges

e Sparse failure history limits supervised model accuracy in the first 6-12 months of any new asset class

Sensor drift and miscalibration silently degrade model performance if not monitored

Legacy PLCs may lack the data granularity needed for early-warning detection without retrofit

Alert fatigue from over-sensitive models erodes technician trust faster than it can be rebuilt

Cybersecurity: new OT-to-cloud data paths expand the attack surface and require segmentation and monitoring
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Build vs. Buy: Choosing Your Delivery Model

Vendor platforms: faster time-to-value, proven failure libraries, but less flexibility and ongoing licensing cost

In-house build: full control and IP ownership, but requires sustained data science and MLOps capability

Hybrid path is common: vendor platform for ingestion/infrastructure, custom models for plant-specific failure

modes

Evaluate vendors on integration with existing CMMS/SCADA, not just model accuracy claims

Decision should follow the pilot — don't commit to a platform before validating the use case
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Next Steps and the Ask

Approve a 6-month pilot on one production line with 10-15 critical assets

Allocate budget for sensor retrofit, data infrastructure, and a dedicated cross-functional pilot team

Assign plant ops, IT/OT, and maintenance leadership as joint pilot sponsors

Set go/no-go criteria upfront: target detection accuracy and false-positive rate before scale-up decision

Decision requested by [date] to stay on the proposed implementation timeline



