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Estimating the Remaining Useful Life of Bearings Using Weibull Function Fitting on

IMF
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ABSTRACT: This study proposes a robust methodology for accurately estimating the Remaining
Useful Life (RUL) of ball bearings in rotary machinery, which are critical components in many industrial
systems. The approach utilizes vibration signal analysis, specifically Empirical Mode Decomposition
(EMD), to extract meaningful features. Among the decomposed Intrinsic Mode Functions (IMFs), the
one with the highest energy is selected to represent the degradation process. The variance of this selected
IMF is modeled using a Weibull distribution to reflect the trend of failure progression. Subsequently, a
neural network, particularly the Simplified Fuzzy ARTMAP (SFAM), is trained to predict the remaining
life based on the fitted Weibull trend. Finally, exponential smoothing is employed to enhance prediction
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stability. Experimental results validate the method’s effectiveness in tracking degradation and provide

accurate RUL estimates under various conditions.
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1- Introduction

Conditionmonitoring and faultdiagnosis, concepts initially
derived from medical diagnostics, have found substantial
applications in mechanical engineering. With the evolution of
technology, particularly in the realm of artificial intelligence
(Al) and data analytics, these methodologies have become
pivotal in the maintenance of industrial systems. Bearings,
being one of the most vital yet vulnerable components in
rotating machinery, require continuous monitoring to prevent
unexpected failures that may cause costly downtime and safety
hazards. Traditional methods rely on predefined thresholds or
reactive maintenance, often after initial damage is detected.
However, this is inadequate in high-noise environments and
where real-time prediction is essential. Hence, recent trends
emphasize predictive maintenance using Al models such as
Support Vector Regression (SVR), Long Short-Term Memory
(LSTM), and Convolutional Neural Networks (CNN), often
combined with signal processing techniques like Hilbert-
Huang Transform and EMD. This paper contributes to this
domain by presenting a hybrid methodology combining
statistical feature extraction, Weibull modeling, and neural
network-based classification for robust RUL prediction.

2- Methodology
The proposed framework begins with vibration signal
acquisition from test bearings subjected to various operational
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loads. These signals are decomposed into IMFs using EMD.
IMFs are selected based on their contribution to the total signal
energy, specifically focusing on those with the highest ratios.
The selected IMF’s variance is computed, which serves as
an effective degradation indicator. To capture the progression
of this degradation over time, the variance trend is modeled
using a Weibull distribution. This statistical model allows
capturing the non-linear and probabilistic nature of bearing
wear. The resulting Weibull-fitted trend is then used to train
a SFAM neural network, a structure known for its pattern
classification efficiency and adaptability to non-stationary
data. Unlike conventional neural networks, SFAM benefits
fromadaptive fuzzy logic to manage uncertainty in degradation
patterns. To further improve the prediction’s smoothness and
minimize fluctuations, an exponential smoothing function is
applied to the model’s output, parameterized with a tunable
smoothing constant (Z). This combination effectively reduces
the influence of environmental noise and provides a more
reliable RUL estimate.

3- Results and Discussion

The methodology was tested on experimental data from
the Bearing3 1, Bearing2 1, and Bearing3 3 datasets, each
subjected to different loads and operating durations. The IMF
variance trends for selected components were accurately
modeled using Weibull functions. The SFAM classifier
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demonstrated high accuracy in categorizing degradation levels
and predicting the RUL. Importantly, tuning the exponential
smoothing factor significantly impacted prediction quality.
For example, with Z=0.85, the prediction error dropped
to less than 13% in some test cases [6]. Additionally, the
comparative results revealed that models using Weibull-
fitted data significantly outperformed those trained directly
on raw IMF variance values. As shown in Figures 11 to 14,
the proposed algorithm closely tracked the actual degradation
process and provided accurate lifetime predictions even
under high-noise, real-world-like conditions. The improved
prediction accuracy is particularly relevant for industrial
applications where maintenance planning and operational
continuity are critical [6][7][8].

4- Conclusion

This research successfully introduces a hybrid data-
driven approach for estimating the remaining useful life
of industrial bearings. By combining EMD-based feature
extraction, Weibull modeling, and SFAM neural networks,
the method offers improved robustness, noise resilience, and
accuracy compared to baseline approaches. The integration
of exponential smoothing further enhances prediction
consistency. These features make the method suitable for
real-time industrial implementation. Future work may
focus on dynamically adjusting smoothing parameters
and integrating real-time feedback for continuous model
adaptation [6][9].
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Fig. 1. Flowchart illustrating the steps of the method presented in this research.
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Table 2. Specifications of the Experimental Data Used
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Table 3. Comparison of the energy levels of the first three intrinsic mode functions
and their cumulative ratio to the total energy of the original signal
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Fig. 6. Variance vs. kurtosis comparison for tracking degradation in the first IMF of Bearing3 1
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Fig. 11. Network performance results in simulating the bearing failure trend and estimating the re-
maining useful life for Bearing3 1
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Fig. 13. Comparison of experimental data and RUL estimates for Bearing3_3 using the neural network
with various fixed smoothing parameters
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Table 4. Estimation errors of RUL based on smoothing constants for bearings tested under Load Condition 3
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