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Article Info  Abstract 

Article History: 
 Remaining useful life (RUL) prediction is more useful for maintenance decision-

making when the basis of a warning can also be inspected. This study develops an 
explainable RUL prediction framework for rolling bearings using the open-source 
NASA IMS 1st_test run-to-failure dataset. Each one-second vibration record is 
divided into 1024-sample windows, from which RMS, Peak-to-Peak, Kurtosis, and 
Crest Factor are extracted and aggregated as a four-feature observation. Ten 
consecutive observations form the input to a lightweight gated recurrent unit 
(GRU) regressor. To avoid imposing an arbitrary degradation-onset boundary on 
the prediction target, normalized RUL is defined directly from elapsed life and 
decreases continuously from 1 to 0. Using the first 70% of the run for training and 
the final 30% for chronological testing, five random initializations give an MAE of 
0.329 ± 0.084 and an RMSE of 0.351 ± 0.098 for the GRU model, compared with 
MAE/RMSE values of 0.348 ± 0.128/0.393 ± 0.149 for the 1D-CNN and 0.363 ± 
0.011/0.386 ± 0.013 for the LSTM. Gradient sensitivity, Integrated Gradients, 
SHAP, and permutation analysis consistently identify Kurtosis as the most 
influential late-life feature, while a feature-deletion test produces the largest 
average MAE increase when Kurtosis is removed. The study is intentionally limited 
to one fixed-speed, fixed-load IMS run and should therefore be interpreted as 
controlled benchmark validation rather than vehicle-level validation. 
 

© 2026 MIM Research Group. All rights reserved. 

Received 14 July 2026 

Accepted 17 Sep 2026 

Keywords:  
 

Remaining useful life 
(RUL) prediction; 
Bearing prognostics;                
Vibration data analysis;              
Condition monitoring;                      
Explainable AI;                         
Rolling bearings 

1. Introduction 

Background and Problem Formulation 

Rolling bearings in vehicle drivetrains and industrial rotating machinery operate under cyclic 
loading, friction, and speed variations. Progressive damage such as pitting or spalling can increase 
vibration and, if undetected, lead to unplanned downtime or secondary damage. Remaining useful 
life (RUL) prediction seeks to estimate the useful operating time remaining before a defined end-
of-life condition and is therefore an important element of condition-based and predictive 
maintenance [1-3]. Vibration measurements are widely used for this purpose because they contain 
both slowly evolving energy changes and impulsive signatures associated with bearing 
degradation. 

A numerical RUL estimate alone, however, provides limited information about why a warning has 
been issued. For maintenance personnel, an inspectable link between the prediction and 
degradation-related vibration indicators can improve traceability and support engineering review. 
This work therefore considers RUL prediction together with feature-level explanation, while 
deliberately limiting its experimental claims to a controlled open-source bearing benchmark. 
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1.1 Related Works and Literature Gap 

With the rapid development of data acquisition and intelligent computing, data-driven vibration 
analysis has become a major direction in RUL research. Hybrid architectures combining 
convolutional neural networks (CNNs) with recurrent models such as LSTM, BLSTM, and GRU are 
widely used because convolution can capture local patterns while recurrent units’ model temporal 
dependence [4,5]. To improve generalization under limited labelled data or operating-condition 
shifts, transfer-learning and semi-supervised strategies have been explored [6-8]. Graph-based 
models provide another route to learning coupled degradation representations [9]. Open 
benchmark data such as NASA IMS remain important for controlled method comparison and 
reproducibility [10-12]. 

Recent RUL research increasingly combines prediction with uncertainty quantification, operational 
decision-making, and physical knowledge. Deep learning-stochastic ensembles have been linked to 
predictive-maintenance scheduling and dynamic mission-abort policies [13], while RUL-aware 
physics-informed Bayesian digital twins connect probabilistic prognostics with safety-constrained 
control [14]. Deep ensembles have also been used for dynamic burn-in optimization with precise 
lithium-ion battery RUL prediction [15]. In parallel, explainable RUL frameworks increasingly 
incorporate degradation physics and attribution mechanisms: Kim et al. developed a physics-
informed explainable RUL framework [16], and Zhang and Wang combined rolling-bearing RUL 
uncertainty prediction with SHAP-based interpretation [17]. These developments show that 
explain ability is no longer limited to post-hoc visualization. Against this background, the present 
work addresses a narrower and deliberately transparent question: whether a compact set of 
physically interpretable time-domain vibration indicators can support temporal RUL prediction 
while providing a directly inspectable feature-level explanation on an open bearing benchmark. 

Related studies also address interpretable intelligent fault diagnosis in rotating machinery [18], 
explainable predictive maintenance [19], general condition-monitoring RUL modelling [20], 
predictive maintenance for multi-rotor systems [21], explainable Industry 4.0 fault detection [22], 
and explainable aero-engine RUL estimation [23]. Work on tool-wear RUL prediction [24] and 
degradation-start detection [25] further illustrates the breadth of prognostics and interpretability 
research. Together with the recent studies above, this literature motivates transparent prognostic 
modelling while leaving room for a compact, feature-level analysis on an open rolling-bearing run-
to-failure benchmark. 

1.2 Research Objectives and Primary Contributions 

The study is intentionally confined to the NASA IMS 1st_test run-to-failure bearing dataset and does 
not claim a universally superior neural architecture or direct validation for vehicle duty cycles. Its 
contribution is a compact and reproducible workflow that links physically interpretable vibration 
indicators, temporal RUL regression, and feature-attribution checks. The central question is 
whether a small set of established degradation indicators can provide useful RUL information while 
retaining an inspectable basis for late-life warnings. 

Data and features. The analysis uses the IMS 1st_test records at their native acquisition resolution; 
no artificial up sampling is applied. Bearing 3 is selected because an inner-race defect was reported 
at the end of this run, and Channel 5 is used as the primary vibration measurement. Each one-
second record contains 20,480 samples. It is divided into twenty non-overlapping 1024-sample 
windows, and four time-domain indicators—RMS, Peak-to-Peak, Kurtosis, and Crest Factor—are 
computed for each window and averaged to form one chronological feature observation. 

Prediction model and baselines. Ten consecutive four-feature observations are organized as a 
temporal input sequence. A lightweight GRU regressor is used as the proposed sequence predictor 
and is compared with 1D-CNN and LSTM reference models under the same chronological 
70%/30% split. All three models use the same feature sequences, training portion, RUL targets, 
optimization budget, and evaluation metrics. Results are repeated across five random 
initializations to expose sensitivity to model initialization. 
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Explain ability. The numerical RUL estimate is complemented by feature-level attribution. Gradient 
sensitivity is used as the primary local explanation and is cross-checked with Integrated Gradients, 
SHAP, permutation sensitivity, and a feature-deletion test. Explanations are evaluated across early-
middle-, and late-life stages and across five random initializations. The attribution scores are 
interpreted as predictive sensitivity of the trained model rather than as causal proof of a physical 
damage mechanism. 

1.3 Chapter Arrangement 

Section 2 describes the IMS data, signal preprocessing, RUL target and sequence construction, 
prediction models, attribution methods, and chronological evaluation protocol. Section 3 reports 
predictive performance, a data-driven degradation-onset check, feature-deletion results, and 
attribution robustness. Section 4 discusses engineering interpretation and generalization 
limitations, and Section 5 concludes the study. 

2. Materials and Methods 

2.1 Data Source and Study Scope 

RUL model development requires observations spanning healthy operation through late-life 
degradation. The NASA IMS bearing run-to-failure dataset provides a controlled public benchmark 
with complete vibration histories and is therefore used for reproducible method evaluation. The 
present study does not treat IMS as a surrogate for vehicle duty cycles. Instead, it uses the dataset 
to examine the prediction-and-explanation workflow under fixed operating conditions; transfer to 
variable-speed or vehicle environments remains outside the validated scope of this work. 

In IMS Test 1, four Rexnord ZA-2115 double-row roller bearings are mounted on a common shaft 
and operated at 2000 RPM under a 6000 lb radial load. Each vibration file contains 20480 samples 
acquired over approximately one second, and 2156 chronological files are available from the run. 
Bearing 3 developed an inner-race defect by the end of Test 1; therefore, Channel 5, one of the two 
vibration channels associated with Bearing 3, is used as the primary signal in this study. The first 
70% of the chronological observations are reserved for model training and the final 30% are held 
out for testing. The experimental configuration and data-acquisition procedure are summarized in 
Fig. 1.  

 
Fig. 1. Schematic diagram of the experimental test rig and data acquisition system 

2.2 Signal Preprocessing and Degradation Feature Engineering 

The 2156 IMS files are ordered by acquisition time. No temporal resampling or artificial up 
sampling is performed. For each file, Channel 5 is divided into twenty non-overlapping windows of 
1024 samples. Four time-domain indicators are calculated in every window and then averaged 
across the twenty windows to obtain one four-dimensional feature observation for that acquisition 
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time. This preserves the chronological degradation trend while keeping the sequence model 
compact. Four features are computed for each 1024-sample window: 

• Root Mean Square (RMS) measures the overall vibration-energy level in the analyzed 
window. Progressive wear, looseness, or increasing dynamic interaction can raise the RMS 
level, although RMS is also sensitive to operating-condition changes. 

• Peak-to-Peak amplitude is the difference between the maximum and minimum signal values 
within the window. It is sensitive to extreme excursions and therefore provides 
complementary information on intermittent impacts and transient vibration events. 

• Kurtosis quantifies the impulsiveness and non-Gaussianity of the amplitude distribution. 
High kurtosis is commonly associated with isolated high-amplitude events and can therefore 
respond to localized contact or surface damage. 

• Crest Factor (CF) is the ratio between the absolute peak amplitude and RMS. It indicates how 
large the strongest peak is relative to the overall vibration-energy level and therefore 
complements the scale-sensitive RMS indicator. 

• The four indicators jointly represent vibration energy (RMS), amplitude range (Peak-to-
Peak), impulsiveness (Kurtosis), and peak-to-energy ratio (Crest Factor). Their chronological 
evolution is shown in Fig. 2. A data-driven degradation-onset check is superimposed for 
descriptive analysis; it is not used to construct the RUL target. 

 
Fig. 2. Normalized degradation-feature trends and data-driven change point for IMS Test 1, 

Bearing 3, Channel 5 

2.3 RUL Target and Sequence Construction 

To remove dependence on an arbitrarily selected first-prediction-time boundary, the revised RUL 
target is defined directly from elapsed life rather than by imposing a healthy plateau followed by a 
manually selected decay stage. Let t denote the chronological observation index and T the final 
observation index. The normalized RUL target is 

𝑦𝑡 =
𝑇 − 𝑡

𝑇
, 0 ≤  𝑡 ≤  𝑇 (1) 

This definition gives 𝑦𝑡=1 at the beginning of the observed run and 𝑦𝑡=0 at its end. The former fixed 
70% FPT label rule is therefore no longer required. A separate data-driven change-point analysis 
is used only to characterize when the vibration health trajectory changes most strongly; it does not 
alter the RUL target. 

At each observation t, the four-feature vector is 𝑥𝑡 = [𝑅𝑀𝑆𝑡 , 𝑃2𝑃𝑡, 𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠𝑡 , 𝐶𝐹𝑡]𝑇. To include 
recent degradation history, ten consecutive feature vectors are concatenated as 𝑋𝑡 =
[𝑋𝑡−9, ⋯ , 𝑋𝑡] ∈ ℝ10×4. 
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Feature-wise Min-Max scaling is fitted using only the first 70% training portion and then applied 
unchanged to the held-out 30% test portion. This prevents future test information from entering 
the preprocessing stage. 

2.4 Sequence-Based RUL Prediction Model 

The proposed sequence predictor is a lightweight gated recurrent unit (GRU) regression network. 
Each normalized 10×4 input sequence is passed to a single GRU layer with 32 hidden units. The 
final hidden state is mapped through a fully connected layer with 16 ReLU units and a single 
sigmoid output neuron that produces the normalized RUL estimate 𝑦𝑡̂ ∈ [0,1]. 

ℎ𝑡 = 𝐺𝑅𝑈(𝑋𝑡; 𝜃𝑔) (2) 

𝑧𝑡 = 𝑅𝑒𝐿𝑈(𝑊1ℎ𝑡 + 𝑏1) (3) 

𝑦𝑡̂ = 𝜎(𝑊2𝑧𝑡 + 𝑏2) (4) 

The model is trained by minimizing mean squared error, ℒ𝑅𝑈𝐿 =
1

𝑁
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑁
𝑖=1 . Adam 

optimization is used with an initial learning rate of 1×10-3, a batch size of 128, and 150 training 
epochs. To quantify initialization sensitivity, all reported predictive results are repeated over five 
random initializations. For comparison, the LSTM baseline contains one 32-unit LSTM layer 
followed by a sigmoid regression output. The 1D-CNN baseline uses two temporal convolution 
layers with 16 and 32 channels (kernel size 3), ReLU activations, adaptive average pooling, and a 
sigmoid regression output. The baselines use the same four-feature sequences, optimizer, 
training/test split, and RUL target. 

2.5 Feature Attribution and Robustness Validation 

The primary local explanation uses input-gradient sensitivity. For feature j, sensitivity over a 

sequence of length L is defined as 𝐴𝑗 =
1

𝐿
∑ |

𝜕𝑦𝑡̂

𝜕𝑥𝜏,𝑗
|𝐿

𝜏=1 . The four sensitivities are normalized as 𝜔𝑗 =

𝐴𝑗

∑ 𝐴𝑘
4
𝑘=1

, so that ∑ 𝜔𝑗 = 14
𝑗=1 . These weights quantify model-level predictive sensitivity and are not 

interpreted as causal contributions to physical bearing damage. Gradient sensitivity is cross-
checked using three complementary methods: Integrated Gradients with a zero baseline in the 
scaled feature space, SHAP expected-gradient attribution using background sequences from the 
training portion, and permutation sensitivity obtained by permuting one feature trajectory across 
sequences while retaining the others. A deletion check additionally replaces each feature by its 
training-set mean and records the resulting change in test MAE. Attribution results are aggregated 
over early life (RUL > 0.66), middle life (0.33 < RUL ≤ 0.66), and late life (RUL ≤ 0.33), and over five 
random model initializations. The complete prediction and feature-attribution framework is 
summarized in Fig. 3. 

 
Fig. 3. Architecture of the proposed explainable remaining useful life prediction framework 
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2.6 Experimental Protocol and Evaluation Metrics 

To avoid future-information leakage, the 2156 chronological observations are split without 
random shuffling: the first 70% form the training set and the final 30% form the held-out test set. 
Min-Max scaling is fitted only on the training portion. The GRU, 1D-CNN, and LSTM models are 
trained under the same split and repeated across five random initializations. The test portion is not 
used for parameter fitting. 

Prediction performance is evaluated using Mean Absolute Error (MAE) and Root Mean Squared 
Error (RMSE) on normalized RUL. MAE reports the average absolute prediction error, whereas 
RMSE penalizes larger errors more strongly. Results are reported as mean ± standard deviation 
across five initializations. 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑦𝑖 − 𝑦𝑖̂|

𝑁

𝑖=1

 (5) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑦𝑖 − 𝑦𝑖̂)2

𝑁

𝑖=1

 (6) 

For the degradation-onset robustness check, a 31-observation rolling mean is applied to the four 
feature trajectories, followed by robust scaling and one-dimensional principal-component fusion. 
A two-segment least-squares change point is then selected by minimizing within-segment squared 
error over candidate locations between 40% and 90% of observed life. This change point is 
reported descriptively and is not used to create the RUL labels. 

3. Results and Discussion 

3.1 Model Predictive Performance Baseline Comparison 

All predictive results use the held-out final 30% of IMS Test 1. Across five random initializations, 
the proposed GRU model obtains an MAE of 0.329 ± 0.084 and an RMSE of 0.351 ± 0.098. The 1D-
CNN baseline obtains 0.348 ± 0.128 MAE and 0.393 ± 0.149 RMSE, while the LSTM obtains 0.363 ± 
0.011 MAE and 0.386 ± 0.013 RMSE. Thus, the GRU gives the lowest mean error under the common 
protocol, although the standard deviations also show that initialization affects the GRU and 1D-CNN 
more strongly than the LSTM. 

Table 1. RUL prediction performance over five random initializations 

Model Mean Absolute Error (MAE) 
Root Mean Squared Error 

(RMSE) 
1D CNN 0.348 ± 0.128 0.393 ± 0.149 

LSTM 0.363 ± 0.011 0.386 ± 0.013 
Proposed GRU explainable model 0.329 ± 0.084 0.351 ± 0.098 

 

The comparison is intended to establish that the compact sequence model is competitive on the 
controlled benchmark rather than to claim universal architectural superiority. The difference 
between the GRU and the two baselines should be interpreted together with the single-run 
experimental scope and the observed variation across random initializations. 

Late-life prediction remains the most demanding region because the test set contains RUL values 
below those observed during much of training. RMSE is therefore reported together with MAE so 
that occasional large late-life errors are not hidden by average absolute error. No conclusion is 
drawn from these results regarding performance under variable speed, load, temperature, or 
vehicle duty cycles. 



Wang / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx 
 

7 

3.2 Degradation-Onset and Feature-Deletion Checks 

The former manuscript imposed a 70% first-prediction-time boundary on the RUL target. In the 
revised protocol this manual boundary is removed: normalized RUL decreases continuously with 
elapsed life, while degradation onset is examined independently. The data-driven two-segment 
change-point analysis identifies the strongest transition at approximately 85.2% of the observed 
life (file timestamp 2003.11.22.17.16.56). The difference between this data-driven location and the 
former 70% assumption confirms that a fixed FPT should not be treated as a known physical 
degradation onset. 

Feature deletion provides an additional check on whether the attribution ranking corresponds to 
predictive dependence. Averaged over five GRU initializations, replacing Kurtosis by its training-
set mean increases test MAE by 0.0249, compared with increases of 0.0045 for Peak-to-Peak and 
0.0015 for RMS; replacing Crest Factor changes MAE by -0.0019 on average. Kurtosis therefore 
produces the largest degradation in predictive performance when removed, consistent with its top 
ranking in the attribution analyses. 

The deletion result should not be interpreted causally: a feature can be important to the trained 
predictor because it is correlated with the degradation trajectory. Nevertheless, agreement 
between feature deletion and multiple attribution methods provides a more robust basis for 
interpreting model dependence than gradient magnitude alone. 

Because the RUL label is now independent of a manually specified FPT, model accuracy is no longer 
conditioned on choosing 60%, 70%, or 80% as a label breakpoint. The change-point result is 
retained only as an independent description of when the measured vibration indicators exhibit 
their strongest distributional transition. 

3.3 Explainable Attribution Analysis 

Feature attribution is evaluated using Gradient sensitivity, Integrated Gradients, SHAP, and 
permutation sensitivity. Across the early-, middle-, and late-life stages, all four methods rank 
Kurtosis as the most influential feature on average. Inter-method Spearman rank agreement is 0.77 
in early life and 0.90 in both middle and late life. Across the five random initializations, mean 
pairwise rank correlations range from 0.64 to 1.00 depending on the method and life stage, 
indicating moderate-to-high explanation stability rather than a single-seed result. 

In late life (RUL ≤ 0.33), the mean normalized Kurtosis importance is 0.762 for Gradient sensitivity, 
0.723 for Integrated Gradients, 0.731 for SHAP, and 0.536 for permutation sensitivity. Peak-to-Peak 
is generally the second most influential feature, especially under permutation sensitivity. Figure 4 
summarizes the late-life attributions, and Table 2 reports the corresponding values. 

 
Fig. 4. Late-life feature attribution/sensitivity comparison across four explanation methods; 

error bars show variation across five GRU initializations 
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The attribution pattern is physically plausible but should be interpreted as predictive association. 
Kurtosis measures impulsiveness and departure from a Gaussian amplitude distribution; its 
dominant late-life ranking is consistent with increasingly pronounced impact-like events as 
localized surface damage develops. Peak-to-Peak captures extreme amplitude excursions and 
therefore complements Kurtosis when intermittent impacts become stronger. RMS represents 
overall vibration energy and is useful for monitoring broad energy growth, while Crest Factor 
expresses the peak amplitude relative to RMS and can distinguish isolated peaks from a general 
rise in vibration level. 

The result differs from the original single-gradient interpretation in which RMS appeared 
dominant. The revised analysis averages explanations over multiple observations and random 
initializations and cross-checks them with independent attribution mechanisms. The consistent 
ranking of Kurtosis, together with the feature-deletion result, indicates that the trained model 
relies strongly on impulsive information in the selected IMS channel. This does not establish that 
Kurtosis is a universal bearing-health indicator or a causal damage mechanism. 

For predictive-maintenance use, these explanations provide context for a low-RUL estimate: an 
impulse-dominated warning suggests a different signal pattern from one driven primarily by 
broadband energy growth. Such context can support engineering review, but the attribution does 
not identify a specific fault location by itself. Frequency-domain or envelope features would be 
required for more direct differentiation of inner-race, outer-race, and rolling-element fault 
mechanisms. 

Table 2. Mean late-life normalized feature attribution/sensitivity over five GRU initializations 

Method RMS Peak-to-Peak Kurtosis Crest 
Factor 

Gradient 0.043 0.126 0.762 0.069 

Integrated Gradients 0.083 0.134 0.723 0.060 

SHAP 0.065 0.123 0.731 0.081 

Permutation 0.069 0.207 0.536 0.187 
 

4. Discussion and Engineering Generalization Limitations 

The revised results support two conclusions within the controlled IMS benchmark. First, compact 
time-domain features retain sufficient information for a sequence model to follow the observed life 
trajectory, although initialization variability is non-negligible. Second, explanation robustness 
improves when gradient sensitivity is considered together with Integrated Gradients, SHAP, 
permutation sensitivity, and feature deletion rather than being treated as a stand-alone causal 
measure. 

Generalization beyond this experiment has not been established. IMS Test 1 operates at a constant 
2000 RPM and a constant 6000 lb radial load, whereas automotive bearings experience speed and 
torque transients, start-stop operation, temperature variation, lubrication changes, structural 
transmission paths, and road-induced disturbances. Accordingly, the title and claims of the revised 
manuscript refer to rolling-bearing benchmark validation rather than validated vehicle-bearing 
prognosis. Additional IMS runs and datasets with variable speed/load conditions are required 
before deployment-oriented conclusions can be made. 

The explanation is also limited by the selected feature space. RMS, Peak-to-Peak, Kurtosis, and Crest 
Factor distinguish broad energy and impulsive behaviour but do not directly identify the physical 
fault location. Attribution values therefore indicate which measured statistics the predictor relies 
on, not why a particular physical defect formed. More complete diagnostic interpretation would 
require frequency-domain, envelope, or order-related information together with validation across 
naturally occurring faults and multiple operating conditions. 



Wang / Research on Engineering Structures & Materials x(x) (xxxx) xx-xx 
 

9 

5. Conclusions 

This study develops a compact explainable RUL workflow for the open-source NASA IMS rolling-
bearing benchmark. Vibration records from Bearing 3, Channel 5 are represented using RMS, Peak-
to-Peak, Kurtosis, and Crest Factor, arranged into ten-step temporal sequences, and mapped to 
normalized RUL using a lightweight GRU regressor. The arbitrary 70% FPT label rule used in the 
previous manuscript has been removed; normalized RUL is defined directly from elapsed life, while 
a separate data-driven change-point analysis characterizes degradation onset without controlling 
the target labels. 

Under a chronological 70%/30% train-test split and five random initializations, the GRU achieves 
an MAE of 0.329 ± 0.084 and an RMSE of 0.351 ± 0.098. The corresponding 1D-CNN values are 
0.348 ± 0.128 and 0.393 ± 0.149, and the LSTM values are 0.363 ± 0.011 and 0.386 ± 0.013. These 
results indicate competitive predictive performance on the selected run but do not establish 
architectural superiority beyond this benchmark. 

Explainability is evaluated using four complementary approaches rather than gradient sensitivity 
alone. Gradient, Integrated Gradients, SHAP, and permutation sensitivity all rank Kurtosis as the 
most influential feature on average in late life, and the deletion test produces the largest average 
MAE increase when Kurtosis is removed. The attribution pattern is physically consistent with 
stronger impulsive activity during advanced degradation, but it is interpreted as model-level 
predictive dependence rather than physical causality. 

The present evidence is limited to a single fixed-speed, fixed-load IMS run. The framework should 
therefore be regarded as a transparent benchmark-oriented RUL workflow, not a field-validated 
vehicle prognostic system. Validation on additional run-to-failure bearings and under varying 
speed, load, temperature, lubrication, and vehicle duty cycles is required before deployment. 
Future work may also add frequency-domain and envelope indicators to connect RUL explanations 
more directly to specific bearing fault mechanisms. 
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