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ABSTRACT

Accurate cutting-tool degradation prediction is essential for predictive maintenance in Industry 4.0.
This paper presents an explainable ensemble framework for direct Remaining Useful Life (RUL)
prediction using the NASA Milling Dataset. Wavelet Packet Decomposition (WPD), training-only
feature selection and grouped cross-validation were combined to support robust model evaluation.
Extra Trees, Gradient Boosting, XGBoost, LightGBM and CatBoost were evaluated alongside ensemble
methods. The stacking ensemble achieved the best performance (R? =0.898, mean absolute error (MAE)
= 3.790 min, root mean square error (RMSE) = 5.443 min). SHapley Additive exPlanations (SHAP)
analysis identified influential machining and wavelet-derived sensor features, improving model
interpretability.
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1. INTRODUCTION

Cutting-tool wear affects machining quality, production efficiency and maintenance costs.
Conventional maintenance can result in premature tool replacement or excessive wear, increasing
downtime and operating costs [1], [2]. Machine learning enables tool degradation to be estimated from
sensor measurements, while ensemble learning combines complementary models to improve
prediction robustness and generalisation.

This study uses the NASA Milling Dataset [3] to develop an explainable ensemble framework for direct
RUL prediction. Extra Trees, Gradient Boosting, XGBoost [4], CatBoost [5] and ensemble methods are
compared, while SHAP analysis [6] identifies the most influential wavelet-derived sensor features and
improves model interpretability.

2. MATERIALS AND METHODS

Multi-sensor signals from the NASA Milling Dataset [3] were standardised before level-3 Daubechies-
4 WPD extracted statistical and time-frequency features. Correlation analysis supported feature
assessment, while training-only Extra Trees selection retained up to 100 features per GroupKFold
partition. Extra Trees, Gradient Boosting, XGBoost [4], LightGBM and CatBoost [5] were evaluated
using grouped cross-validation. Their Out-of-Fold (OOF) predictions were combined using an
ElasticNet meta-learner (a0 = 0.001, 11_ratio = 0.5), alongside weighted and voting ensembles. SHAP
analysis [6] was then used to interpret RUL predictions.

3. RESULTS

The OOF stacking ensemble achieved the best RUL performance (MAE = 3.790 min, RMSE = 5.443 min,
R2=0.898), followed by the weighted ensemble (R? = 0.876) and Extra Trees (R? = 0.874). SHAP ranked
workpiece material, depth of cut (DOC), machining time and spindle acoustic-emission (AE) wavelet
energy ratio highest, with mean |SHAP| values of 0.1968, 0.0940, 0.0596 and 0.0593 min, respectively.
These values represent each feature’s contribution to predicted RUL in minutes, not the physical units
of the input features. Table 1 compares model performance, while Fig. 1 shows the principal SHAP
contributions. GroupKFold maintained independence between machining cases.
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4. DISCUSSION

The stacking ensemble combined Extra Trees, Gradient Boosting, XGBoost, LightGBM and CatBoost
using an ElasticNet meta-learner, improving R? from 0.874 to 0.898 and reducing MAE from 4.142 to
3.790 min. Base-model predictions were generated out-of-fold using GroupKFold, reducing leakage
between machining cases and supporting robust evaluation. The improved accuracy demonstrates the
potential of ensemble learning for direct RUL prediction, providing useful information for tool-change
scheduling and condition-based maintenance. SHAP analysis identified influential machining and
wavelet-derived sensor features. However, validation was limited to the NASA benchmark dataset,
and further nested and independent industrial validation is required to confirm generalisation.

5. CONCLUSION

The proposed explainable RUL framework combined level-3 Daubechies-4 WPD, training-only feature
selection, grouped validation and ensemble learning using five base learners and an ElasticNet meta-
learner. The stacking ensemble achieved R? = 0.898, MAE = 3.790 min and RMSE = 5.443 min,
outperforming the evaluated individual and alternative ensemble models. SHAP identified physically
relevant machining, progression and sensor-derived predictors, while direct RUL prediction in minutes
provides an interpretable basis for maintenance scheduling. Future work should validate the complete
stacking framework using nested cross-validation and independent industrial machining data and
investigate transformer-based temporal models.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	Ensemble Machine Learning Algorithms forRemaining Useful Life Prediction



