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Artificial Intelligence (AI) has demonstrated to be an effective method for predicting irregularities across 

various Industrial processes. In recent years, the development of predictive maintenance systems using AI 

techniques has attracted many researchers around the world. Maintenance planning has been effective 

with Remaining useful life prediction using AI in bearings. This review brings consideration to the role of 

AI in predicting the remaining useful life (RUL) of bearing components in various industrial processes. A 

systematic search was carried out in electronic databases such as Springer, IEEE, Elsevier, and the ACM 

Digital Library, with an emphasis on AI-based approaches for bearing RUL prediction. A brief summary 

of previous works is presented to show the development of technological advancement in this field of RUL 

prediction of roller bearing. Specifically, this review examines the types of bearing components studied, 

the sample sizes used for training AI models, the signal processing method and classification algorithm 

applied, and the outcomes achieved. The outcome of this review shows that hybrid approaches and deep 

learning models achieve better performance in predicting RUL in roller bearings. Finally, the review finds 

existing research gaps and provides recommendations for future improvements, aiming to guide future 

researchers toward more accurate and reliable RUL prediction models for bearings. 

Povzetek: Pregled sistematično povzema raziskave o uporabi AI za napoved preostale življenjske dobe 

(RUL) valjčnih ležajev, pri čemer ugotavlja, da hibridni pristopi in globoko učenje praviloma dosegajo 

najboljše rezultate, hkrati pa izpostavi raziskovalne vrzeli in priporočila za razvoj natančnejših ter 

zanesljivejših modelov.

1 Introduction 

An important technique in predictive maintenance is 

Remaining Useful Life (RUL), sometimes stated as 

Remaining Useful Life. It involves classifying or 

predicting how long a particular machine or component 

can be used before deteriorating completely or reaching a 

threshold [1]. An important phase of maintenance 

planning is the RUL estimation which improves 

equipment performance and reliability overall, optimizes 

maintenance strategies, minimizes downtime and lowers 

operational costs [2], [3]. Predicting or classifying a 

component or machine's RUL is mainly done to 

proactively schedule maintenance tasks according to the 

component's/ machines anticipated RUL. Maintenance 

responsibilities can be planned and done ahead of time by 

accurately estimating the RUL, ensuring that any 

necessary actions are taken before failures occur [4], [5]. 

This approach reduces the possibility of disastrous 

failures, maximizes resource use, and avoids costly 

machine downtime. Knowing the degradation state of a 

component or machine and being able to monitor its health 

are necessary for predicting its RUL [6]. The term 

"degradation state" describes how a component or a 

machine performance or health status changes over time,  

 

indicating how long it will continue to function properly 

or in other words how long a component or a machine 

function before it fails [7], [8]. Analyzing historical data,  

detecting anomalies in sensor data, or researching how 

similar components behave under constant operating 

conditions can all be used to describe these patterns. 

Monitoring a component or machine's health involves 

gathering relevant data using various sensors, including 

vibration, temperature, acoustic, and oil quality sensors 

[9], [10]. Important parameters that show the component's 

performance and overall health are continuously measured 

using these sensors. It is possible to track the degradation 

process and identify deviations from standard operating 

conditions by monitoring these parameters. Several data 

driven algorithms are used to accurately estimate the RUL 

[11], [12]. Regression models, neural networks, decision 

trees, and support vector machines are a few examples of 

machine learning algorithms that are often used to 

examine historical data, identify anomalies, and forecast 

the RUL [13], [14]. These algorithms establish 

connections between the degradation patterns and the 

anticipated RUL by using features or variables that are 

extracted from the sensor data. There are no specific 

methods or algorithms that can be used for RUL 

estimation. Data preprocessing, feature selection, model 

training, and validation are frequently employed 

https://doi.org/10.31449/inf.v50i6.1
mailto:prkmect@gmail.com


324     Informatica 50 (2026) 323–334                                                                                                                            R. Palaniappan 

 

methodology  [15]. The accuracy of RUL predictions can 

be impacted by several factors such as the availability and 

quality of data, the selection of relevant features, the 

selection of suitable degradation models, and the 

assessment of uncertainties and variability. Real time 

RUL estimation is now possible due to technological 

advancements like edge computing and the Internet of 

Things (IoT) [2], [16]. It is possible to gather real time 

data, provide RUL predictions, and continuously monitor 

the health condition of components or machines by using 

edge computing techniques and integrating sensor devices 

with IOT capabilities [17]. Condition-based maintenance 

decisions, quick maintenance interventions, and improved 

component or machine management efficiency is all made 

possible by real time RUL estimation [3], [7]. To sum up, 

estimating Remaining Useful Life (RUL) is an important 

technique in predictive maintenance. It involves 

predicting a machine's or component's RUL based on 

health condition monitoring and degradation patterns. 

Proactive maintenance planning is made possible by 

accurate RUL estimation, which also improves equipment 

performance and reliability overall, minimizes downtime, 

and lowers reactive maintenance expenses. Industries can 

optimize maintenance plans and ensure the efficient use of 

resources by employing data driven techniques and 

algorithms.  

2 Methodology  
This systematic review follows the PRISMA guidelines to 

ensure a clear and thorough approach to our research. At 

first, all related articles were identified through searches 

on various electronic databases, including Springer, IEEE, 

Elsevier, and ACM Digital Library, covering literature 

published from 2008 to 2025. The initial search applied 

the keywords "Remaining Useful Life Prediction," 

yielding many articles. A successive search was 

conducted using the keywords "Artificial Intelligence" 

and "Bearing," which resulted in 153 articles. A selection 

criterion was established, and articles were chosen based 

on the following criteria: (i) relevance to remaining useful 

life prediction, (ii) inclusion of artificial intelligence 

techniques in predictive maintenance, (iii) publication in 

English, (iv) exclusion of duplicate articles identified 

through title and author matching, (v) focus on bearing 

remaining useful life prediction, and (vi) exclusion of 

articles highlighting predictive maintenance without 

considering artificial intelligence. This process resulted in 

a total of 153 articles from the initial search. Following a 

review of titles and abstracts, 92 articles were excluded, 

and the remaining articles were examined in detail, 

leading to the exclusion of 29 additional articles due to 

insufficient information. Ultimately, 32 articles that met 

all the selection criteria were included in the final 

selection. This number was deemed sufficient to provide 

a comprehensive overview of the current state of research 

in this field, based on the saturation of themes. Data 

extraction focused on key performance metrics such as 

RMSE and accuracy, which were normalized where 

applicable to facilitate fair comparisons. Figure 1 

illustrates the flowchart of the selection criteria. 

 

 

Figure1: Selection criteria 

3 Overview of the literature search 
A summary of the 31 articles that met the selection 

criteria is tabulated in Table 1. This overview highlights 

the dataset used, preprocessing, feature engineering 

techniques and machine learning techniques utilized by 

previous researchers in predicting remaining useful life 

prediction of bearing components.  

 

Table 1: Recent works related to RUL prediction in bearing using artificial intelligence   

Reference 

Bearing 

type 

Dataset Preprocessing/ Feature 

Extraction 

Methodology Outcome 

[18] Ball 

Bearing  

Vibration signal Root Mean Square 

(RMS), Kurtosis, Crest 

Factor 

Self-organizing 

map in 

combination with 

backpropagation 

model 

Nearly 85% of the 

predictions from 

the proposed 

model fall within a 

20% margin of 

error of the actual 

bearing failure 

time. 
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[19] Taper 

roller 

bearings 

electrostatic 

wear-site and 

vibration data 

RMS data  Gaussian 

Mixture Model 

(GMM) 

Satisfactory 

results were 

obtained 

[20] FAG 

7206 B 

single 

ball 

bearings 

Vibration data discrete wavelet 

transform (DWT) 

multilayer 

perceptron 

(MLP) network 

Classification 

accuracy of 

around 85% was 

reported 

[21] Bearing  Vibration signal  Principle component 

analysis (PCA) 

Support Vector 

Machine (SVM) 

errors are less than 

4%, and the 

average error is 

3.2%. 

[22] Bearing Vibration data 

(128 samples for 

various stages of 

degradation) 

mean, rms, shape 

factor, skewness, 

kurtosis, crest factor, 

entropy estimation, 

entropy estimation 

error, histogram lower 

and upper. 

Support Vector 

Machine (SVM) 

Average 

prediction 

accuracy was 

94.4% 

[23] Bearing  Historical data 

comprising of 

age values and 

actual condition 

monitoring 

measurement 

values 

Generalized Weibull-

FR function 

Artificial Neural 

Network (ANN) 

Average 

prediction error of 

10.6 % was 

obtained   

[24] NSK 

6804DD 

bearing 

Speed and Load 

variation 

temporal, frequency, or 

time-frequency 

features 

Mixture of 

Gaussians 

Hidden Markov 

Models  

Accuracy of 

0.7874 reported  

[25] Bearing Vibration data Time–domain feature support vector 

machine 

Root Mean Square 

Error (RMSE) = 

2.2353 

[26] Bearing  

NSK 

6804RS 

Vibration data 

from 3 bearings  

Hilbert-Huang 

transform (HHT) 

support vector 

machine 

Error ranged from 

0.6 to 1.25% 

[27] Rexnord 

ZA-2115 

double 

row 

bearings 

Vibration 

measurement 

using 

accelerometers. 

Load and speed 

were also 

recorded  

RMS and Kurtosis 

Features fitted using 

Weibull distribution 

simplified Fuzzy 

adaptive 

resonance theory 

map neural 

network (SFAM) 

1 normal class and 

6 states of 

degradation were 

predicted.  With 

almost 99 % 

classification 

accuracy for 

normal class and 

with reduction of 

classification 

accuracy for the 

other states.  

[28] Gearbox 

Bearing  

Temperature 

data 10 minutes 

data 

Raw signal  ANN RMSE below 1 

reported  

[29] ball 

bearing 

(SKF 

51210) 

piezoelectric 

sensor (physical 

acoustic 

corporation type 

“PICO”) sensor 

data (totally 4 

sensors used) 

Acoustic Emission 

(AE) feature extraction 

ANN Satisfactory 

results were 

obtained  
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[30] Bearing Vibration signal  Time domain features - 

root mean square, crest 

factor, and kurtosis  

Frequency domain 

frequency spectrum 

Deep neural 

network 

RMSE achieved 

close to 0.   

[31] Bearing  Vibration signal  Restricted Boltzman 

Machine to 

automatically extract 

features 

deep learning-

based DBN–

FNN 

RMSE = 2.64 

[32] Bearing IEEE PHM2012 

Predictor 

Challenge 

experiment data 

(Vibration 

signal) 

spectrum-principal-

energy-vector 

Deep 

Convolution 

Neural Network 

RMSE of 0.119 

was obtained  

[33] Roller 

Bearing 

NASA FEMTO 

BEARING 

DATASET 

- Neural Network 

regression 

(NNR) 

Predicted score 

for NNR is 5,537 

secs 

[9] Bearing force 

lubrication, 

constant speed 

and load - IMS 

dataset and 

PRONOSTIA 

dataset 

Relative Root Mean 

Square (RRMS) and 

Inertial Relative Root 

Mean Square (IRRMS) 

SVM 98.88% 

Classification 

accracy was 

obtained  

[34] rolling 

element 

bearings 

PRONOSTIA Degradation indicator 

DEI extraction 

Convolutional 

Neural Network 

(CNN) 

NRMSE = 0.05 

[35] Bearing IEEE PHM 

2012 

PRONOSTIA 

dataset 

Statistical Feature - 

RMS values 

generative 

adversarial 

network (GAN) 

architecture 

combining the 

LSTM network 

and autoencoder 

(AE)  

NRMSE =0.0456 

[36] Bearing  NASA IMS 

dataset 

3 sigma criterion 

applied to remove noise 

and FFT applied  

followed by root mean 

square  

deep 

convolutional 

neural network 

RMSE =0.01818 

and R2 = 0.95846 

[37] Bearing Vibration signal 

(University of 

California Irvine 

dataset) 

 time domain, 

frequency domain, and 

entropy features  

Weighted K- 

Nearest Neighbor 

(K-NN) 

Almost 100 % 

accurate  

[38] Roller 

Bearing 

PRONOSTIA 

test set 

Fuzzy logic CNN  RMSEs was 

20.24% 
[13] Roller 

bearing  

Roller bearing 

dataset 

Principal component 

analysis 

KNN MAPE, MSE, 

RMSE 

95% confidence in 

predicting the 

RUL 

[39] rolling 

element 

bearing 

(REB) 

Vibration 

signals, 10,000 

data 

continuous Wavelet 

transform (CWT) and 

extraction of statistical 

features from CWT 

coefficients. 

KNN 83.3% 

Classification 

accuracy 

[40] Angular 

contact 

Acoustic 

emission signal 

Prognostic feature 

selection 

Multilayer 

Perceptron 

(MLP) and 

MLP- Mean 

Squared error 

=7.86 RBF – 
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ball 

bearing 

Radial Basis 

function (RBF) 

neural networks 

Mean Squared 

error = 2.85 

[41] Roller 

Bearing  

6180 data points  

(temperature, 

speed, load, 

dimensions of 

the inner and 

outer rings, 

width, vibration 

amplitude, 

vibration 

frequency, 

lubricant type, 

and lubricant 

viscosity) 

 

 Principal component 

analysis (PCA) 

SVM, KNN and 

Random Forest 

classifiers 

The results reveal 

that Support 

Vector Machines 

topped the charts 

with an 

impressive 

96.74% accuracy, 

while Random 

Forest came in 

second at 95.95%, 

and k-Nearest 

Neighbors 

followed with 

91.77%. 

[42] bearings  Vibration data stacked 

variational denoising 

autoencoder (SVDAE) 

bidirectional long 

short-term 

memory 

(BiLSTM) neural 

network 

Mean squared 

error = 2.2304%. 

[43] Bearing Vibration signal  peak value, RMS, 

magnitude and spectral 

partition sum 

Deep Neural 

Network 

combined with 

knn 

Maximum 

absolute error = 

0.0920 

[44] Ball 

Bearing 

dataset of 2155 

vibration signals 

mean, standard 

deviation, kurtosis, and 

root mean square 

 Extreme 

Gradient Boost 

96.61% 

[45] Rolling 

bearing  

Voltage signal Short-Time Fourier 

Transform 

 

Hybrid MLP and 

LSTM Neural 

Network 

99% accurate 

[46] Ball 

Bearing  

(Class 

6204 

2RS 

bearings) 

Vibration signal 

(27,725 records) 

of normal and 

faulty 

conditions  

Statistical and 

frequency-domain 

features followed by 

PCA  

Hybrid SVM and 

ANN  

95 % accurate  

[47] Ball 

Bearing 

Vibration data 

(Two datasets 

were used) 

global topology 

aggregation 

Dual-Channel 

Dynamic Spline 

Graph 

Convolutional 

Network 

(DDSGNet) 

Better prediction 

accuracy 

compared to 

conventional 

methods were 

reported  

The studies on RUL prediction in bearing can be classified 

into three phases namely, studies before 2012, studies 

between 2012 and 2017 and studies after 2017. Figure 2 

shows the model usage across phases in predicting Rul in 

roller bearings. The initial studies in prediction of RUL for 

bearings relied profoundly on statistical features and 

classical machine learning models. [18] extracted features 

such as RMS, kurtosis, and crest factor from vibration 

signals and used a self-organizing map with 

backpropagation algorithm in classifying RUL of bearing  

 

 

 

 

 

and achieved nearly 85% of predictions within a 20% error 

margin. Similarly, [19] used Gaussian Mixture Models 

(GMM) in classifying Rul of bearing with RMS data 

collected from taper roller bearings and reported 

satisfactory results. [20] employed discrete wavelet 

transform (DWT) based features and utilized multilayer 

perceptron networking in classifying RUL of bearing and 

achieved approximately 85% classification accuracy. [21] 

combined PCA-based dimensionality reduction with 

SVM, achieving an average error of just 3.2%.  

 

https://www.sciencedirect.com/topics/engineering/denoising-autoencoders
https://www.sciencedirect.com/topics/engineering/denoising-autoencoders
https://www.sciencedirect.com/topics/chemical-engineering/neural-network
https://www.sciencedirect.com/topics/chemical-engineering/neural-network
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Figure 2: Model usage in bearing RUL studies 

 

Between the year 2012 to 2017, research began to use 

more sophisticated statistical and time–frequency features 

with improved machine learning algorithms. [22] 

extracted a diverse set of statistical features such as mean, 

RMS, skewness, kurtosis, entropy, crest factor and applied 

SVM classifier in classifying RUL in bearings and 

achieved 94.4% accuracy. [23] modeled the degradation 

pattern in bearing with an ANN model combined with 

Weibull-FR functions and reported an average prediction 

error of 10.6%.  [24] combined Gaussians within a Hidden 

Markov Model and achieved 78.7% accuracy. [25] applied 

time-domain features with SVM classifier in classifying 

RUL in bearing which yielded an RMSE of 2.2353. Other 

notable contributions included Hilbert–Huang transform 

based feature extraction with SVM Classifier [26], error 

0.6–1.25%) and fuzzy ART neural networks [27], which 

reached approximately 99% classification accuracy for 

normal states but lower performance for degradation 

states. These studies improved accuracy compared to 

earlier studies, up to 90 to 95% accuracy but still depended 

on careful feature engineering and were susceptible to 

noise and unpredictable operating conditions. 

Since 2017, the field has been dominated by advancement 

in deep learning techniques which has reduced the 

dependence on custom extracted features. [30] combined 

feature extraction techniques from time- and frequency-

domain along with deep learning approach and achieved 

RMSE values close to zero. [31] utilized deep belief 

networks with restricted Boltzmann machines for feature 

extraction and reported RMSE value of 2.64. [32] used 

deep CNNs on PHM2012 dataset and obtained RMSE 

value of 0.119. [34] applied CNNs to PRONOSTIA 

dataset and reported NRMSE to be 0.05, while [36] 

achieved RMSE value of 0.01818 and R² = 0.95846 using 

FFT preprocessing followed by a deep CNN technique. 

Generative and hybrid approaches further advanced the 

field of RUL prediction in bearing further. [35] developed 

a GAN–LSTM–autoencoder model and tested it using 

PHM2012 dataset. They obtained NRMSE value of 

0.0456. [37] applied weighted KNN with time domain, 

frequency domain, and entropy features, obtaining nearly 

100% accuracy. [41] incorporated multimodal inputs such 

as temperature, speed, load, dimensions, and lubricant 

properties and PCA for dimension reduction. They 

reported 96.74% with SVM classifier, 95.95% with 

Random Forest classifier, and 91.77% with KNN 

classifier. Many recent approaches have used denoising 

autoencoders with BiLSTM [42] and deep neural 

networks combined with KNN [43], reporting less mean 

squared error compared to other studies. Ensemble 

learning methods also remain effective in RUL prediction: 

[44] used XGBoost to achieve 96.61% accuracy, while 

[45] reported 99% accuracy with a hybrid MLP–LSTM 

trained. This phase has consistently delivered 

advancement, with most deep learning or hybrid methods 

exceeding 95% accuracy or reporting nearly zero RMSE 

on standard benchmarked datasets. In all the phases 

mentioned above, public open-source benchmark datasets 

have played a central role. PHM2012 has been widely 

used in deep learning works, such as [32] and [35]. 

PRONOSTIA has also been a main choice, as seen in [33], 

[34], and again [35]. The NASA IMS dataset was used in 

the work of [36], while the FEMTO-ST dataset was used 

in the work of [33]. These datasets provide controlled run-

to-failure experimental data, enabling impartial method 

comparison. However, the constant load and speed limit 

generalization to real industrial conditions. To address 

this, recent works have adapted multimodal or alternative 

sensing data for RUL predictions in roller bearing. For 

example, [41] combined vibration with temperature, load, 

lubricant properties, and geometric parameters, while 

Motahari-[40] used acoustic emission signals both 

showing improved robustness beyond vibration inputs 

alone. Preprocessing phase remains vital even in the deep 

learning era. Conventional signal processing techniques 

are still widely applied: FFT has been used by [36], 

discrete wavelet transform (DWT) has been used by [20], 

and continuous wavelet transform (CWT) has been used 

by Kumar & [39]. Principal Component Analysis (PCA) 

has been employed for dimensionality reduction in the 

works of [21], [13], and [41]. More recently, denoising 

autoencoders have marked a shift toward machine 

learning based preprocessing approaches, with [42] 

applying a stacked variational denoising autoencoder with 

BiLSTM to adaptively reduce noise and improve the 

feature quality.  

 

 

Figure 3: Bar chart comparing the performance outcome 

in terms of classification accuracy 
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Figure 3 shows the classification accuracy reported by 

using various classification models in predicting roller 

bearing RUL. The comparison of outcomes from recent 

works on Remaining Useful Life (RUL) prediction for 

bearings using artificial intelligence reveals noteworthy 

distinctions in performance across various methodologies. 

The Support Vector Machine (SVM) model emerged as a 

frontrunner, achieving a remarkable classification 

accuracy of 96.74% (Reference [26]), indicating its robust 

capacity to manage complex datasets effectively. In 

contrast, the k-Nearest Neighbor (KNN) classifier 

reported a lower accuracy of 91.77%, suggesting that 

while KNN is a valuable tool, it may not match the 

predictive power of SVM in more intricate scenarios. 

Deep learning approaches also showed compelling results, 

with one model reporting a root mean square error 

(RMSE) as low as 0.01818 (Reference [20]). This 

highlights the precision that deep learning techniques can 

bring to RUL predictions. However, other models 

employing hybrid methodologies illustrated variability, 

with RMSE values ranging from 0.05 to 2.64, reflecting 

both the effectiveness and challenges involved in 

optimizing these advanced systems. Feature extraction 

methods, such as Principal Component Analysis (PCA), 

demonstrated strong performance, achieving RMSE 

values below 1 (Reference [11]). This indicates that proper 

data reduction techniques can significantly enhance the 

accuracy of predictions. Conversely, techniques like 

Gaussian Mixture Models (GMM) yielded satisfactory 

outcomes but lacked comprehensive metrics for direct 

comparison, pointing to a need for clearer measurement 

standards. Interestingly, traditional statistical methods 

also reported competitive outcomes, with accuracies 

between 83.3% and nearly 100% across specific 

applications, such as those using continuous wavelet 

transforms combined with KNN (Reference [24]). This 

suggests that while advanced methods dominate the 

discourse, simpler statistical techniques can still deliver 

reliable results, especially in less complex environments. 

In summary, the comparison of outcomes across these 

studies underscores the diversity of methodologies 

available for RUL prediction. While SVM and deep 

learning techniques consistently provide high accuracy, 

traditional methods and hybrid approaches also remain 

relevant, making a strong case for incorporating a variety 

of strategies to optimize predictive maintenance in 

engineering applications. 

Models developed for predicting the remaining useful 

life (RUL) of mechanical systems share many conceptual 

similarities with adaptive and robust control methods. 

Both aim to maintain reliable operation when the system 

is affected by uncertainty, nonlinearity, and changing 

conditions. In adaptive control, the controller 

continuously adjusts its parameters based on feedback to 

preserve system stability, even when the underlying 

dynamics are not perfectly known. In a similar way, data-

driven RUL models learn degradation patterns from 

sensor measurements and update their understanding of 

system health as new information becomes available. The 

two approaches are built on the same principles of 

learning, adaptation, and robustness, although they 

address different time scales: adaptive control manages 

short-term stability, while RUL prediction focuses on 

long-term performance and reliability. Research on 

adaptive fuzzy control and robust neural adaptive control 

has shown how intelligent models can compensate for 

nonlinear behavior and unpredictable disturbances. The 

same ideas are reflected in deep learning–based RUL 

models, which approximate complex degradation 

processes while remaining resilient to noise and missing 

data. Likewise, adaptive backstepping control methods 

used for nonlinear and flexible robotic systems share 

structural similarities with layered deep learning 

architectures such as CNN–LSTM and BiLSTM models, 

where each stage refines information and reduces 

uncertainty to improve prediction accuracy and stability. 

Bringing these two domains together offers the 

possibility of turning predictive maintenance into an 

active and self-correcting control process. Concepts from 

nonlinear optimal control and model-based predictive 

control closely mirror the goals of RUL estimation, where 

optimization seeks to minimize energy use, error, or 

component wear based on the predicted health of the 

system. In an integrated framework, the RUL predictor 

acts as a health observer that anticipates future 

degradation, while the adaptive controller serves as the 

decision-maker, adjusting parameters such as torque, load, 

or speed to prevent further damage and extend service life. 

This interaction creates a closed feedback loop in which 

prediction and adaptation work together to sustain 

performance under uncertain conditions. Embedding 

control-theoretic stability ideas, such as Lyapunov 

convergence, within RUL modeling can also provide a 

stronger theoretical foundation, allowing models to be 

assessed not only for accuracy but also for stability and 

reliability. Combining predictive modeling with adaptive 

control therefore points toward the next generation of 

intelligent maintenance systems—machines that can 

monitor their own condition, adapt their operation in real 

time, and continue functioning safely even in the presence 

of faults or changing environments. 

 

4 Discussion  
Remaining Useful Life (RUL) can be viewed in two ways: 

as a regression problem where we predict a continuous 

value, or as a classification problem when we break it 

down into specific categories. The decision to use one 

approach over the other often depends on the goals of the 

study and how researchers decide to define the problem. 

The The journey of predicting the Remaining Useful Life 

(RUL) of bearings has transformed significantly, 

especially with the emergence of deep learning. In the 

early stages, researchers depended on statistical features 

and traditional machine learning methods, which often 

struggled with noise and changing conditions. From 2012 
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to 2017, techniques like Support Vector Machines (SVM) 

and Artificial Neural Networks (ANN) began to enhance 

accuracy by utilizing more complex features, though they 

still relied heavily on manual feature engineering. Today, 

deep learning allows us to create models that can learn 

directly from raw data, resulting in impressive outcomes. 

However, this advancement also makes it more 

challenging to understand how these models arrive at their 

predictions, raising concerns about interpretability. It’s 

essential to establish a stronger theoretical framework by 

comparing these models with adaptive and robust control 

techniques like adaptive fuzzy control and robust neural 

adaptive control that effectively manage uncertainty in 

systems. Despite these advancements, several challenges 

remain. Many datasets lack the diversity needed, which 

limits how well our models can generalize to real-world 

situations. For instance, while some recent models 

perform well on benchmark datasets like PHM2012, they 

often struggle to transfer their effectiveness to real-world 

applications, where conditions can vary significantly. 

Future studies should incorporate cross-dataset 

evaluations to improve generalizability. Developing 

multimodal datasets that include various types of sensor 

data is vital for boosting robustness. Reproducibility is a 

concern due to missing hyperparameters and unclear 

preprocessing steps, so future studies should report details 

like model size, training epochs, and optimizer settings. 

We also need to standardize preprocessing techniques to 

improve reproducibility in research. Methods such as 

discrete wavelet transform (DWT) and Hilbert-Huang 

transform have been effective, but more comparative 

analyses are needed to determine the best preprocessing 

methods for different scenarios. Additionally, adopting 

probabilistic forecasting methods can help provide clearer 

insights into risks, facilitating better decision-making. 

Connecting RUL estimation to concepts like adaptive 

backstepping control and nonlinear optimal control can 

significantly enhance our predictive maintenance 

strategies. These approaches can aid in real-time decision-

making and improve fault tolerance. For example, if a 

model predicts a potential failure, adaptive control can 

adjust operational parameters or schedule maintenance in 

advance, helping to reduce downtime and ensure system 

reliability. In practical terms, lightweight models that 

maintain accuracy are crucial for real-world applications. 

Techniques like model pruning and quantization can make 

these models more feasible in industrial environments. 

Moreover, it’s important to address the risks of overfitting 

on benchmark datasets and to discuss the comparative 

weaknesses in interpretability or robustness to noise 

across different architectures. Additionally, we should 

thoroughly examine the challenges of deploying these 

models in real-world scenarios. In summary, while we've 

made great progress in RUL prediction, it’s essential to 

tackle issues like generalization, preprocessing, and 

practical deployment. Additionally, integrating control 

strategies and ensuring that our models are interpretable 

and robust will better position RUL prediction techniques 

to meet the needs of modern industry. 

5 Future direction 

Future progress in the field of RUL prediction for bearing 

depends on addressing these gaps completely. Foremost 

thing is the development dataset which includes 

multimodal sensor data with varying conditions. 

Collaborative efforts between academia and industry 

could lead to development of open-access datasets that 

capture variable speeds, loads, lubrication regimes, 

vibration, temperature and other environmental 

conditions. Extending the work of studies like [40] [41], 

which incorporated multiple sensor types, will be essential 

for building models that generalize beyond vibration-only 

signals. Such datasets should also be developed to 

overcome imbalance, ensure sufficient representation of 

various forms of failure that might occur. Secondly, the 

research of preprocessing and feature engineering should 

advance simultaneously. While deep learning reduces 

dependence on feature engineering, preprocessing is still 

important for filtering noise and enhancing the signal. 

Comparative analyses are needed to standardize 

conventional methods such as WPD and EMD against 

other alternatives such as denoising autoencoders and so 

on [37]. Preprocessing techniques implemented should be 

reported properly in publications, including denoising, 

normalization, windowing, and feature selection to 

improve reproducibility and allow fair cross study 

comparison. Thirdly, research on modeling should 

advance beyond testing with only one dataset. It’s 

important to test models with different datasets, like 

training on one benchmark (e.g., PHM2012) and testing 

on another (e.g., PRONOSTIA or NASA IMS). This 

should be standard practice to see how well models can 

work in different operating conditions. Methods such as 

domain adaptation and transfer learning can bridge the gap 

between academic research and industry with real world 

data. The model should also provide probabilistic 

forecasts instead of giving exact predictions alone. 

Methods like Bayesian neural networks, deep ensembles, 

and quantile regression can provide a wide range of 

alternatives for predictions of RUL. This helps researchers 

to compare the replacement cost of the component against 

the risks of unexpected failures. Risk aware modeling is 

especially important for applications where safety is 

critical. Fourthly, interpretability and hybrid modeling 

require more consideration. Tools such as SHAP 

(SHapley Additive exPlanations) values, attention 

mechanisms, and saliency maps can clarify which features 

or time windows influence the RUL predictions most. 

Hybrid network architectures that incorporate degradation 

models within machine learning algorithms (as seen in 

[30]) offer another way toward greater clarity and 

estimation ability. These approaches can make 

prognostics not only accurate but also explainable and 
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trustworthy to researchers. Future research should address 

the current lack of uncertainty quantification and limited 

interpretability in bearing RUL prediction. Integrating 

probabilistic methods such as Monte Carlo dropout, 

Bayesian inference, or ensemble variance can provide 

confidence intervals to improve decision reliability, while 

applying interpretability techniques like SHAP and 

attention mechanisms—as demonstrated in recent studies 

can enhance model transparency and tackle the open 

challenge of feature attribution in time-series data. Finally, 

Industrial implementation will require lightweight devices 

capable of operating in real time. To make machine 

learning models lighter and faster without losing accuracy, 

we should explore techniques such as knowledge 

distillation, quantization, and pruning. It's also important 

to test these models in various real-world conditions, like 

dealing with noisy signals, sensor failures, or missing data, 

to confirm they work consistently. When evaluating these 

models, we should look at how they affect real-world 

outcomes, like improving reliability, reducing downtime, 

and saving on maintenance costs, in addition to just 

technical performance. This approach will help us move 

these predictive models from the lab to actual industry use, 

showcasing their real value. 

A promising direction is to couple AI-based RUL 

estimation with adaptive backstepping or nonlinear 

optimal control frameworks, enabling machines to 

automatically compensate for degradation effects in real 

time. Such an integrated architecture would transform 

traditional predictive maintenance into an adaptive, self-

correcting process — improving reliability, safety, and 

operational efficiency in industrial automation. In 

summary, the reviewed studies demonstrate notable 

advances in RUL prediction of bearings, with deep 

learning and hybrid approaches achieving high accuracy 

on standard datasets. Nevertheless, the field still faces 

challenges of generalization, reproducibility, 

interpretability, and deployment readiness. By investing in 

developing diverse datasets, advancing preprocessing 

techniques, adopting probabilistic and understandable 

models, and prioritizing deployment-focused research, the 

researchers can transform promising study into reliable, 

real-world prognostic systems. 

 

6 Conclusion 

This review shows how research on predicting RUL of 

bearings has advanced over the past two decades. The 

review shows that the research on RUL of Bearing using 

AI started with the use of conventional machine learning 

methods that depend on carefully extracted vibration 

features has now moved toward deep learning and hybrid 

models capable of extracting features or patterns directly 

from raw signals itself. This change has brought 

significant improvements in predictive maintenance plan 

with early models such as SVMs and multilayer 

perceptrons generally reached only 85–90% accuracy, 

while more recent CNN–LSTM hybrids and BiLSTM 

networks regularly exceed 95%, with some reporting 

almost error-free performance on benchmark datasets. 

Approaches based on generative AI models, including 

GANs and autoencoders, have further improved the 

classification by handling challenges of noisy data and the 

shortage of samples from various failure conditions. 

Nevertheless, progress on open-source datasets does not 

fully resolve the challenges of applying these algorithms 

in real world conditions. A substantial dependance on 

PHM2012, PRONOSTIA, NASA IMS, and FEMTO-ST 

has created a testing environment that, while useful, does 

not reflect the complexity of real-world conditions, where 

load, speed, lubrication, and environmental conditions 

differ significantly. Many studies miss significant aspects, 

like the imbalance in datasets and the lack of complete 

examples of how equipment fails in real world scenario. 

The inconsistency in reporting how data is processed, 

along with different ways of measuring success, makes it 

hard to compare results across studies. There are also 

challenges with understanding how deep learning models 

work since they often act like black boxes. Plus, not 

enough focus is given to how uncertain the predictions are, 

how efficiently these models can be deployed, and the 

limitations of using them in real-time conditions. Overall, 

we see both successes and gaps. On the positive side, 

modern models show that artificial intelligence can greatly 

improve how we predict bearing failures. However, for 

these technologies to be used in the real world, we need to 

invest in diverse datasets, standardize how we process and 

evaluate data, create models that are easier to understand, 

and develop solutions that work reliably in real-time. By 

tackling these challenges, we can connect promising 

research with practical applications in industry. This 

review highlights how far we’ve come and what needs to 

be done to ensure that our tools for predicting bearing 

failures are useful, trustworthy, and scalable in real 

engineering environments. 
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