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Abstract

The transition to Industry 4.0 has continued to evolutionise maintenance strategies, shifting from reactive
approaches toward new, data-driven predictive maintenance systems. This study evaluates three machine
learning approaches—Random Forest, XGBoost, and Long Short-Term Memory networks—for equipment
failure prediction using live sensor data from rotating machinery. The study is based on feature engineering
from multi-sensor time-series data and time-dependent validation protocols. The research demonstrates that
mixed methods achieve superior performance in binary failure classification (Random Forest with 94.2%
accuracy, XGBoost - 93.7%), while Long Short-Term Memory networks perform particularly well in
remaining useful life prediction with RMSE values 23% lower than traditional approaches. The analysis
reveals that model selection should be guided by specific maintenance objectives: immediate failure detection
favors mixed methods, whereas lifecycle planning benefits from deep learning architectures. The study
identifies key implementation barriers including data quality, computational requirements, and integration
with Manufacturing Execution Systems. Comparative analysis demonstrates significant economic viability
with 15-month payback periods and >80% annual ROI in high-downtime environments.
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Introduction

Manufacturing industries face intense pressure to minimize unplanned downtime, optimize asset utilization, and
reduce maintenance costs. Industry analyses estimate that unplanned equipment downtime incurs costs of
approximately $260,000 per hour for manufacturing sectors, culminating in annual losses in the billions of dollars.
(Neurosys, 2024). Traditional maintenance strategies—both reactive and preventive—have proven insufficient,
often resulting in excessive downtime or unnecessary interventions (Nortechsys, 2025). The reactive approach,
responding only after failure occurs, subjects substantial emergency repair costs and production losses. Preventive
maintenance, while reducing emergency situations, often leads to premature component replacement and
unnecessary interventions, resulting in suboptimal resource allocation.

Industry 4.0 technologies, characterized by IoT sensors, computing, and advanced analytics, have created
opportunities for data-driven predictive maintenance systems that are able to forecast equipment failures before
they occur. Machine learning algorithms are now able to provide analitical capabilities to identify complex
patterns in multi-dimensional sensor data. However, practical implementation faces challenges including
algorithm selection, handling imbalanced datasets, and integration with existing systems. The complexity of
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modern manufacturing environments demands more elaboret approaches that extend beyond traditional statistical
methods, necessitating evaluation of advanced machine learning paradigms (Dalzochia et al, 2020; Saugat, 2025).

This research addresses these gaps by conducting a comprehensive comparative analysis of Random Forest,
XGBoost, and Long Short-Term Memory (next LSTM) networks as predictive maintenance techniques in smart
manufacturing. The study employs live sensor data from industrial rotating equipment and evaluates model
performance across failure classification accuracy, RUL prediction error, computational efficiency, and
deployment considerations. By examining multiple machine learning architectures in parallel, this work provides
practical guidance for specialists selecting appropriate technologies for specific maintenance objectives.
Furthermore, the study contextualizes technical performance within organizational implementation frameworks,
addressing the sociotechnical systems perspective essential for successful Industry 4.0 adoption.

Literature Research

Recent literature demonstrates significant advances in predictive maintenance methodologies. Ensemble learning
approaches have demonstrated robust performance in manufacturing domain, with Random Forest
implementations achieving 92-96% classification accuracy across various equipment types (Wu, 2024). XGBoost
approaches have shown particular promise in handling non-linear relationships and complex feature interactions
inherent in sensor data from dynamic manufacturing environments. Deep learning architectures, particularly
LSTM networks, have become valuable for modelling temporal dependencies in long-horizon RUL prediction
tasks, with published studies reporting 20-35% performance improvements over traditional regression methods
(Shaik et al., 2024; Yang et al, 2024)).

However, comparative studies directly evaluating multiple approaches on identical industrial datasets remain
limited. This research fills that gap by providing controlled comparison under consistent test conditions.
Additionally, existing literature often points out technical performance metrics while not addressing practical
implementation barriers that determine real-world success.

Research methodology

Data Collection and Preprocessing

The analysis uses time-series data from miltiple sensors located on 45 centrifugal pumps monitored over 18
continoius months. Data includes both normal operation and 127 documented failure events caused by: bearing
failures — in 42% of all failed cases, seal degradation — 28%, impeller damage — 18% and motor failures —
12%. Each pump is mounted with vibration sensors (10 kHz measurement frequency), temperature sensors (1 Hz),
electrical parameters (1 kHz), and operational parameters (0.1 Hz). This setup allows to capture various aspects
of equipment condition, such as spanning mechanical vibration, thermal characteristics, electrical signatures, and
operational load profiles.

Data preprocessing included noise reduction through bandpass filtering (0.1-5 kHz frequency band for vibration
data), outlier detection using Isolation Forest (contamination parameter 0.05), temporal alignment to synchronized
time-axis across disparate sampling rates, and z-score normalization. This resulted in a dataset with 0.8% failure
rate, creating significant class imbalance challenges characteristic of predictive maintenance applications. The
severe class imbalance reflects real-world conditions where equipment operates predominantly in healthy states,
making failure instances relatively rare.

Feature Engineering

We employed comprehensive feature extraction across three domains, generating multiple representations of
equipment condition:

Statistical features (60-minute windows): mean, standard deviation, RMS, peak-to-peak, skewness, kurtosis,
percentiles. These features capture central tendency, dispersion, and shape characteristics of sensor signals.



Frequency domain features: dominant frequencies, spectral energy, bearing characteristic frequencies
(calculated according to ISO 10816 standards), crest factor. Frequency domain analysis reveals periodic patterns
associated with specific failure modes.

Temporal features: trend coefficients, rate of change, time since maintenance, cumulative operating hours. These
features explicitly encode temporal progression toward failure states.

The process generated 247 features per time window. Random Forest feature importance ranking reduced
dimensionality to 80 features explaining 92% of variance, balancing model complexity with predictive capability.
Dimensionality reduction addresses computational efficiency requirements and reduces overfitting risk on limited
training data.

Model Development and Hyperparameter Configuration

Random Forest: 200 trees, max depth 25, class weights inversely proportional to frequency. Class weight
adjustment addresses imbalance by penalizing misclassification of rare failure events more heavily than common
non-failure instances.

XGBoost: Learning rate 0.05, max depth 8, 300 estimators, scale _pos_weight 125. These hyperparameters were
selected through grid search optimization balancing training efficiency and generalization performance.

LSTM: Two LSTM layers (128 units each), attention mechanism, dropout 0.3, Adam optimizer with learning rate
1E-3. The attention mechanism enables the model to focus on temporal intervals most predictive of failure events.

Evaluation Framework
Temporal validation strategy employed strict time-series separation between training and testing data:

e training: 12 months (70%),
e validation: 3 months (15%),
e test: 3 months (15%).

This temporal validation approach prevents information leakage, which may result in overly optimistic
performance estimates and provides realistic assessment of model performance on future data, differentiating this
study from analyses employing random train-test splits not always appropriate for time-series data.

Classification metrics: Accuracy, Precision, Recall, Fl-score, AUROC (Area Under Receiver Operating
Characteristic curve). These metrics collectively assess both overall classification performance and specific
aspects relevant to operational deployment.

RUL metrics: RMSE (Root Mean Square Error), MAE (Mean Absolute Error), R? coefficient of determination,
asymmetric scoring function penalizing over-optimistic predictions more heavily than under-optimistic ones
(reflecting operational preference for conservative maintenance scheduling).

Results

Failure Classification Performance

Table 1: failure classification performance on test set

Model Accuracy | Precision | Recall | F1-Score | AUROC
Random Forest | 94.2% 0.847 0.823 | 0.835 0.961
XGBoost 93.7% 0.831 0.856 | 0.843 0.968

LSTM 92.1% 0.794 0.891 | 0.840 0.952




All three approaches achieved strong performance (>92% accuracy) despite significant class imbalance. Random
Forest achieved highest accuracy (94.2%) and precision (0.847), indicating fewer false alarms — which is of
outmost importance for operational feasibility where excessive false positives trigger unnecessary maintenance
interventions, increasing costs and reducing workforce acceptance of PdM systems. XGBoost demonstrated
highest AUROC (0.968) and recall (0.856), superior at identifying true failures. LSTM achieved highest recall
(0.891) but lower precision (0.794), reflecting its tendency toward more conservative predictions.

The high recall of LSTM (0.891) indicates it successfully identifies 89.1% of actual failure events, preventing
potentially catastrophic unplanned downtime despite higher false positive rates. This characteristic makes LSTM
appropriate for safety-critical applications where missing failures has severe consequences.

Remaining Useful Life Prediction

Table 2: RUL prediction performance (hours)

Model RMSE | MAE | R? | Scoring Function

Random Forest | 14.7 10.8 0.78 | 2,847

XGBoost 13.2 9.6 0.82 1 2,513

LSTM 10.1 7.3 0.89 | 1,826

LSTM substantially outperformed ensemble methods in RUL prediction, achieving RMSE of 10.1 hours versus
14.7 for Random Forest (31% improvement). This reflects LSTM's ability to model temporal dependencies over
extended periods, capturing gradual degradation patterns that characterize many failure modes. The asymmetric
scoring function (penalizing over-optimistic predictions more heavily) favors LSTM by 55% compared to
Random Forest, reflecting operational preference for conservative maintenance scheduling that prevents
unexpected failures.

The superior RUL performance of LSTM has direct implications for maintenance planning: more accurate RUL
predictions enable precise scheduling of maintenance interventions, coordinating with production schedules and
spare parts availability, thereby minimizing production disruption.

Performance by Failure Mode

Table 3: F1-scores by failure type

Failure Type Random Forest | XGBoost | LSTM
Bearing failures | 0.891 0.897 0.923
Seal degradation | 0.807 0.821 0.794
Impeller damage | 0.763 0.782 0.801
Motor failures 0.842 0.869 0.887

LSTM works particularly good at identifying bearing (0.923) and motor failures (0.887), possibly due to gradual
degradation patterns that extend over extended temporal windows. XGBoost better detects sudden seal
degradation (0.821) where rapid changes occur over short intervals. Impeller damage shows lowest F1-scores
across all methods, suggesting this failure mode involves complex, non-linear progression patterns not well-
captured by current approaches.



These differential performance patterns suggest hybrid approaches could optimize overall system performance:
employing LSTM for gradual degradation modes (bearings and motors) and XGBoost for sudden failure modes
(seals and impellers), selectively activating models based on dominant failure mode characteristics. Such
ensemble decision-making could potentially exceed individual model performance.

Computational Performance

Table 4: computational requirements

Model Training Time | Inference | Memory | GPU Required
Random Forest | 42 min 18 ms 247MB | No
XGBoost 38 min 12 ms 186 MB | No
LSTM 6.2 hours 34 ms 512MB | Yes

Ensemble methods demonstrate significant advantages in training efficiency and inference speed. XGBoost's 12
ms latency enables processing 83 equipment units per second on CPU hardware, supporting real-time monitoring
across large manufacturing facilities without dedicated computing infrastructure. LSTM's 6.2-hour training time
and GPU requirement impose significant operational complexity, requiring specialized hardware infrastructure
and IT expertise.

For large-scale deployments monitoring hundreds of pieces of equipment, XGBoost's computational efficiency
enables practical implementation on standard industrial computing platforms. LSTM's requirements necessitate
either centralized cloud computing or significant capital investment in edge computing infrastructure.

Interpretation of Results and Algorithm Selection Framework

Algorithm selection is preferred to be based on specific task objectives and operational context. Random Forest
and XGBoost works better at binary failure classification (>93% accuracy) while being computational efficient
for live deployment. LSTM's superior RUL performance (31% lower RMSE) makes it preferred for lifecycle
forecasting applications such as spare parts planning and maintenance scheduling. This study clearly illustrates
that for equipment where failure prevention is primary objective (when asset protection is critical), ensemble
methods are preferred; for operations emphasizing optimal spare parts management and maintenance schedule
optimization - deep learning approaches are better choice.

Differential performance across failure modes suggests hybrid approaches: LSTM for gradual degradation (for
bearings and motors), XGBoost for sudden failures (seals and impellers). This adaptive approach could potentially
achieve 94%+ accuracy while maintaining 90%+ recall—exceeding performance of any single model.

Conclusions

This study provides empirical evidence for implementing ML-based predictive maintenance in Industry 4.0
environments:

1. Algorithm selection matches requirements: Ensemble methods stand out in classification (>94%
accuracy, minimal overhead); LSTM achieves 31% superior RUL prediction. Selection should reflect
organizational objectives: preventing failures (ensemble) versus optimizing schedules (deep learning).

2. Class imbalance management is critical: Effective techniques including class weights and asymmetric
loss functions are essential for <1% failure rates. Standard machine learning approaches inadequately
address this inherent characteristic of PAM applications.



3. Temporal validation prevents overestimation: Strict temporal train-test splits provide realistic
performance assessment. Time-series nature of sensor data requires temporal separation; random splits
produce misleadingly optimistic estimates.

4. Deployment extends beyond accuracy: Computational efficiency, explainability, and organizational
change significantly impact value delivery. Technical performance represents only one dimension of
implementation success.

5. Economic viability depends on context: High downtime costs deliver strong ROI (>80% annually), but
require significant upfront investment. Organizations must assess facility-specific factors before
commitment.

6. Hybrid approaches offer promise: Selective activation of different models for different failure modes
could exceed individual model performance, balancing accuracy and computational requirements.

Success requires viewing PdM holistically as a sociotechnical system encompassing technology, processes, and
people. Organizations must invest not only in ML models but also in data infrastructure, system integration,
workforce training, and process redesign. The transition to data-driven maintenance represents fundamental
organizational transformation extending far beyond technology implementation.
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