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ABSTRACT

Unplanned equipment failures in industrial plants cause production interruptions, safety incidents, and costly
emergency repairs. Traditional time-based preventive maintenance either under-services or over-services equipment,
leading to inefficiencies and avoidable downtime. At the same time, modern machinery generates large amounts of
sensor data (vibration, temperature, current, pressure) that are rarely exploited systematically. This paper presents an
Al-Powered Predictive Maintenance System that uses multi-sensor data and machine learning to forecast failures
before they occur, enabling condition-based interventions. The framework integrates edge sensing, feature extraction,
supervised learning for Remaining Useful Life (RUL) prediction, and a decision layer that triggers maintenance actions
based on risk thresholds. Validation on three classes of rotating machinery (pumps, motors, gearboxes) across two
manufacturing plants shows that the system reduces unplanned downtime by 46.3%, maintenance costs by 29.7%, and
maintenance-induced production losses by 24.1% compared to traditional preventive maintenance. Critical
innovation: the framework maintains high prediction performance even in low-label settings by combining
unsupervised anomaly detection with transfer learning from similar equipment. The system achieves an average F1-
score of 0.92 in early-failure detection (at least 48 hours before failure) and reduces false alarms by 38% relative to
simpler threshold-based monitoring. These results demonstrate that data-driven predictive maintenance can be
feasibly deployed in brownfield industrial environments using existing sensors and low-cost edge devices, enabling
scalable reliability improvement without major capital expenditure.

Keywords: Predictive maintenance, Industrial Al, Condition monitoring, Remaining useful life, Vibration analysis,
Edge computing

I. INTRODUCTION

Industrial equipment such as pumps, induction motors, compressors, and gearboxes are critical assets in
manufacturing, process plants, and utilities. Unplanned failures of these assets cause costly downtime, scrapped
product, overtime labor, and safety risks. Traditional maintenance strategies are typically either:

e Corrective (run-to-failure): Repair only when equipment breaks, causing high unplanned downtime.
e Preventive (time-based): Service equipment at fixed intervals regardless of its actual health, leading to
unnecessary maintenance or missed failures between intervals.

Both approaches fail to use the rich condition-monitoring data many plants already collect, such as vibration,
temperature, current, and pressure signals. In practice, maintenance decisions often depend on human experience
and periodic inspections rather than continuous, quantitative health assessment.

Predictive maintenance aims to schedule interventions just before failure, based on the actual condition of
equipment rather than hours of operation. However, most existing predictive maintenance implementations rely
on simple thresholds (e.g., vibration RMS above fixed limit), which suffer from:

o High false alarms when operating conditions change.
e Low sensitivity to early-stage faults.
o Difficulty generalizing across different machines and environments.

This paper presents an Al-Powered Predictive Maintenance System designed for practical deployment in
existing plants. It addresses three key challenges:
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1. Heterogeneous sensor data: Different assets and plants use different sensor types and sampling rates.
2. Sparse failure labels: Failures are relatively rare, so labeled data is limited.
3. Operational constraints: Maintenance teams need simple, actionable outputs, not black-box scores.

Objectives:

e Develop a sensor-based Al framework that predicts failures with at least 24—72 hours lead time.
e Achieve significant reduction in unplanned downtime and maintenance cost relative to time-based
maintenance.

e  Operate effectively with limited labeled failure data by combining supervised and unsupervised methods.
e Provide interpretable outputs that maintenance engineers can trust and act on.

Il. LITERATURE REVIEW
2.1 Traditional Condition Monitoring

Classical condition monitoring relies on vibration analysis, oil analysis, and thermography to detect mechanical
degradation. Techniques such as FFT-based spectral analysis and envelope detection are effective for diagnosing
bearing and gear faults, but they often require expert interpretation and frequent manual analysis. These methods
typically provide snapshots rather than continuous, automated health assessment.

2.2 Machine Learning for Predictive Maintenance

Recent work applies machine learning to condition monitoring data for fault classification and RUL prediction.
Approaches include:

e Supervised classifiers (SVM, random forests, gradient boosting) trained on extracted features.
o Deep learning models (1D CNNs, LSTMs) trained directly on raw time series.
e RUL regression models using sequence-to-regression architectures.

While these methods have shown strong results on benchmark datasets, several limitations remain:

e Many studies assume rich labeled datasets with many failure events, which is rarely the case in real
plants.

e Models trained on one machine or operating regime often fail to generalize to others.

e  Outputs are often black-box scores with limited interpretability for maintenance teams.

2.3 Hybrid and Anomaly-Based Approaches

To address label scarcity, unsupervised and semi-supervised methods learn normal behavior and flag deviations
as anomalies. Autoencoders, clustering, and statistical residual analysis are commonly used. Hybrid approaches
combine anomaly detection for generic health monitoring with supervised models where failure labels exist.
However, many implementations remain at proof-of-concept stage and lack validation on real multi-asset fleets.

2.4 Industrial Deployment Challenges

Practical adoption faces several non-technical barriers:

Integration with existing SCADA/PLC and CMMS systems.

Data quality issues (sensor noise, missing data, inconsistent sampling).

Trust and interpretability for maintenance engineers and managers.
Need for edge processing to reduce bandwidth and latency.

2.5 Identified Gap
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There is a need for an integrated, deployable framework that:

Works with existing sensor infrastructure.

Handles limited labels via hybrid supervised—unsupervised modeling.

Provides clear, interpretable health indicators and suggested actions.

Demonstrates quantified business impact (downtime and cost reduction) across multiple equipment
classes.

This paper aims to fill that gap with a practical, plant-tested Al predictive maintenance system.
111. METHODOLOGY

3.1 System Architecture

The proposed system consists of five main layers:

1. Data Acquisition Layer
o Collects multi-channel sensor data: vibration (accelerometers), temperature, motor current,
pressure, and speed.
o Integrates with existing PLC/SCADA systems or standalone sensor gateways.
o Supports on-premise edge devices for local preprocessing.
2. Preprocessing and Feature Extraction Layer
o Cleans data (denoising, resampling, synchronization, outlier handling).
o Extracts time-domain features (RMS, Kkurtosis, crest factor), frequency-domain features
(spectral peaks, band energy), and time—frequency features (wavelet coefficients).
o Aggregates features into fixed time windows (e.g., 1-5 minutes).
3. Health Modeling Layer
o Normal behavior modeling (unsupervised): Autoencoder and clustering-based models learn
healthy operating patterns and produce anomaly scores.
o Failure prediction (supervised): Gradient boosting and LSTM-based models trained where
historical failure data exists, producing failure probability and RUL estimates.
4. Decision and Alerting Layer
o Combines anomaly scores, failure probabilities, and RUL to compute a composite health index.
o  Applies business rules and risk thresholds to trigger alerts:
= Informational (monitor)
= Scheduled maintenance (next planned window)
= Urgent intervention (within 24-48 hours)
5. Visualization and Integration Layer
o Dashboards showing health index trends, predicted RUL, and recommended actions.
o APIs to integrate with Computerized Maintenance Management Systems (CMMS) for
automatic work order generation.

3.2 Data Sources and Experimental Setup
The framework was evaluated on sensor data from two manufacturing plants:

e Plant A (Process industry):

o 30 centrifugal pumps, 20 induction motors.

o Vibration (3-axis), temperature, current sensors.

o 24 months of historical data, 37 documented failure events.
¢ Plant B (Discrete manufacturing):

o 18 gearboxes, 25 motors on conveyor lines.

o Vibration and temperature sensors.

o 18 months of data, 22 documented failure events.

Data were split into:
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e Training: historical healthy periods + past failures (up to 70% of time span).
e Validation: recent months for threshold tuning.
e Test: last 3—6 months for blind performance evaluation.

3.3 Feature Engineering
For each asset and time window, the following features were extracted:

e Vibration (per axis and combined):
o RMS, peak-to-peak, kurtosis, skewness, crest factor.
o  Dominant frequency components and harmonics.
o Band-limited energy (e.g., bearing fault bands).
e Temperature:
o Mean, rate of change, deviation from baseline.
e Current:
o RMS, unbalance, harmonic distortion.
e Operational context:
o Load level (where available), speed, production state (on/off).

Features were normalized per asset to account for different operating ranges.
3.4 Modeling Approach
3.4.1 Unsupervised Health Model

An autoencoder was trained on healthy operation data for each asset class. Reconstruction error serves as anomaly
score: higher error suggests deviation from normal behavior.

Clustering (e.g., k-means or Gaussian Mixture Models) on healthy data identified distinct operating regimes (e.g.,
low-load vs high-load). Anomaly scores were then computed relative to the correct regime, reducing false
positives due to normal operating changes.

3.4.2 Supervised Failure Prediction

Where labeled failure events existed, time windows were labeled according to proximity to failure:
e Healthy: > 7 days before failure.
e Early-warning: 2—7 days before failure.
¢ Imminent failure: < 48 hours before failure.

Two types of supervised models were trained:

e Binary classifier: Healthy vs. early-warning/imminent, outputting failure probability.
e RUL regressor: Predicting hours-to-failure for assets with sufficient history.

Gradient boosting (e.g., XGBoost) handled tabular features, while LSTM networks processed sequences for
temporal patterns.

3.4.3 Hybrid Health Index
The final health index H(t)H(t)H(t) combines:

e Anomaly score A(t)A(t)A(t) from autoencoder.
e  Failure probability Pf(t)P:(t) Pf(t) from classifier.
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e Normalized inverse RULR(t)R(t)R(t)
A weighted combination:

H(t) = wl - A(t) + w2 - Pf(t) + w3 - R(H(t) = w; - A(t) + wy - P(t) + wy - R(HH(L)
=wl-A(t) + w2 - Pf(t) + w3 - R(t)

Weights w1, w2, w3w,, w,, wywl, w2, w3
were tuned per asset class to balance sensitivity and false alarms.
Thresholds on H(t)H(t)H(t)define three health states:

e Normal: H(t) < T1IH(t) < T,;H(t) < T1
e Degraded: T1 < H(t) < T2T; < H(t) < T,T1 < H(t) < T2
e Critical: H(t) > T2H(t) > T,H(t) > T2

3.5 Evaluation Metrics
Performance was evaluated along three dimensions:

1. Predictive accuracy:
o Precision, recall, F1-score for early-failure detection (must alert >48 hours before failure).
o Mean Absolute Error (MAE) for RUL predictions.
2. Operational impact:
o Reduction in unplanned downtime (hours/year).
o Reduction in maintenance cost (labor, spare parts, emergency work).
o Reduction in maintenance-induced production loss.
3. System usability:
o Number of false alarms per month.
o Engineer satisfaction (survey-based).
o Time to interpret and act on alerts.

Baselines included:

e Time-based preventive maintenance: fixed-interval servicing.
e Simple threshold monitoring: static limits on vibration RMS and temperature.

IV. FINDINGS
4.1 Predictive Performance

Table 4.1: Early Failure Detection Performance Across Asset Types

Asset Type Method Precision Recall F1-Score Avg. Warning Time (hours)
Pumps Proposed Al System 0.91 0.94 0.93 76
Pumps Threshold-Based  0.68 0.72 0.70 24
Motors Proposed Al System 0.89 092 091 64
Motors Threshold-Based  0.65 0.70 0.67 20
Gearboxes Proposed Al System 0.90 0.93 0.92 82
Gearboxes Threshold-Based  0.66 0.71 0.68 26
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Across all three asset types, the Al system achieves Fl-scores around 0.91-0.93, substantially higher than
threshold-based monitoring (0.67-0.70). Average warning time before failure more than doubles: 64-82 hours vs.
20-26 hours.

Figure 4.1: Early Failure Detection Performance of Al vs. Thresholds

Al systems achieve higher F1-scores and longer warning times
W AlFi1-score M Threshold F1-score M Alwarning time M Threshold warning time

1 100

F1-Score
Avg Warning (hrs)

Pumps Motors Gearboxes

Asset Type

Figure 4.1 A grouped bar chart comparing F1-scores and average warning time for the proposed Al system vs.
thresholds across pumps, motors, and gearboxes.

4.2 Impact on Downtime and Costs
Aggregated across both plants over a 12-month period:

e Unplanned downtime:
o Baseline: 420 hours/year.
o  With Al predictive maintenance: 225 hours/year.
o Reduction: 46.3%.
e Maintenance cost (labor + parts + emergency):
o Baseline: 100% (normalized).
o With Al: 70.3%.
o Reduction: 29.7%.
e Production loss due to maintenance:
o Baseline: 100%.
o With Al: 75.9%.
o Reduction: 24.1%.

The cost reduction arises from fewer catastrophic failures, less collateral damage, and more planned interventions
coordinated with production schedules.
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Figure 4.2: Baseline vs. Al-Assisted Maintenance Impact

Al reduces unplanned repairs while increasing proactive maintenance
B Production Loss B Planned Maintenance M Unplanned Repairs
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Figure 4.2A stacked bar chart showing baseline vs. Al-assisted downtime and cost components (unplanned
repairs, planned maintenance, production loss).

4.3 False Alarms and Trustworthiness

False alarms are a critical barrier to adoption: if the system triggers too many unnecessary alerts, engineers will
ignore it. The hybrid health index and regime-aware modeling substantially reduce false positives:

o False alarms per month (per 50 assets):
o Threshold-based: 14.2.
o Al system: 8.8.
o Reduction: 38%.

Maintenance engineers reported higher trust in alerts that included:

e Clear indication of which sensor features are abnormal (e.g., “bearing band energy increased 45% over
baseline™).

e  Estimated time-to-failure range with confidence band.

e  Suggested action (inspect bearing vs. check alignment vs. verify lubrication).

www.jsrtjournal.com ISSN: 2583-8660




PAGES: 95-105

11/08/2025
JOURNAL OF SCIENTIFIC RESEARCH AND TECHNOLOGY VOLUME-3 ISSUE-8 AUGUST
Figure 4.3: Monthly False Alarms Comparison
Al system reduces false alarms by 38% on average
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Figure 4.3: Line graph showing monthly false alarms over 12 months for threshold vs. Al-based monitoring.
4.4 Handling Limited Failure Data

Many assets had only one or two recorded failures in the historical period. Purely supervised models performed
poorly in these low-label regimes. The hybrid approach combining:

e Unsupervised anomaly detection for generic deviations, and
e Transfer learning from similar assets with more history,

improved performance:
e On low-label assets (<2 failures in history), F1-score improved from 0.78 (supervised only) to 0.88
(hybrid).

e Warning times remained above 48 hours for 82% of correctly predicted failures.

Transfer learning included re-using models trained on similar equipment (same make/model or similar duty) and
fine-tuning last layers with limited local data.
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Figure 4.4: F1-Score Performance by Model Type and Data Availability

Hybrid models outperform supervised-only in low-label scenarios
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Figure 4.4 : Box plots comparing F1-scores for supervised-only vs. hybrid models across high-label vs. low-
label asset groups.

4.5 Deployment Feasibility
The system was deployed using low-cost industrial PCs or edge devices connected to the plant network:

e Per-asset compute requirement: modest (feature extraction and inference within seconds).
¢ Bandwidth: low, as raw high-frequency data can be preprocessed locally and summarized.
e Integration: alerts delivered via existing dashboards and CMMS, minimizing workflow changes.

Maintenance teams required 1-2 weeks of onboarding to understand health indices and alerts. After three months,
engineers reported that the system’s outputs aligned well with their expert intuition and often caught issues earlier
than traditional methods.

V. DISCUSSION AND IMPLICATIONS
5.1 Why the Al System Outperforms Traditional Approaches
The performance gains arise from three main factors:

1. Multi-feature analysis vs. single thresholds:
Traditional thresholds look at one metric (e.g., RMS vibration). The Al system considers dozens of
features simultaneously, capturing subtle patterns that precede obvious threshold violations.

2. Context-aware modeling:
By recognizing different operating regimes (load levels, speeds), the system avoids flagging normal load
changes as faults, thereby reducing false alarms.

3. Temporal patterns:
LSTM and sequence models detect trends and gradual drifts over time, rather than relying on single-
point exceedances. This is crucial for early-stage degradation that evolves over days or weeks.
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5.2 Practical Benefits for Plants
For plant operators, the system provides tangible benefits:

Fewer surprises: Fewer catastrophic failures during production peaks.

Better planning: Maintenance can be scheduled in planned downtime windows.
Longer asset life: Avoiding severe failures reduces stress on components.

Better spare parts management: More accurate forecasting of replacement needs.

The financial business case is strengthened by both cost-savings and increased reliability, which can improve on-
time delivery and customer satisfaction.

5.3 Limitations and Challenges
Despite positive results, several limitations remain:

o Data quality: Poorly installed or failing sensors lead to noisy data and degraded performance. Initial
sensor audits are essential.

¢ Change management: Maintenance teams must adapt from reactive habits to proactive planning, which
requires organizational support.

e Model drift: As equipment ages or processes change, models must be periodically retrained or
recalibrated.

o Edge cases: Rare, novel failure modes may not be predicted; the system complements but does not
replace expert engineering judgment.

5.4 Future Work
Promising directions include:

e Federated learning across plants: Sharing model knowledge without sharing raw data, enabling cross-
site learning while preserving confidentiality.

e Integration with digital twins: Using physics-based models together with data-driven models to
improve interpretability and extrapolation to unseen conditions.

e Cross-asset risk optimization: Coordinating maintenance across fleets to minimize global production
impact rather than asset-by-asset decisions.

e Automated root-cause suggestions: Linking detected patterns to likely failure mechanisms using expert
knowledge bases.

5.5 Conclusion

This paper presents an Al-Powered Predictive Maintenance System that turns sensor data into actionable failure
predictions for industrial equipment. By combining unsupervised anomaly detection, supervised failure
prediction, and a composite health index, the framework achieves high early-detection performance (F1-score =
0.92) with reduced false alarms. Field validation across pumps, motors, and gearboxes shows substantial
reductions in unplanned downtime (46.3%) and maintenance costs (29.7%) compared to time-based and
threshold-based maintenance. The system operates with existing sensors and modest edge compute, making it
feasible for brownfield plants. While not eliminating the need for human expertise, it augments maintenance teams
with continuous, data-driven insight, enabling a shift from reactive to proactive maintenance and supporting more
reliable, efficient, and sustainable industrial operations.
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