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ABSTRACT - Maintenance has always been an important function in any manufacturing operation.
The main role of maintenance is to ensure that the manufacturing activities run at optimum condition
without any interruption. Several maintenance strategies have been introduced such as breakdown
maintenance, preventive maintenance, and condition-based maintenance. Condition-based
maintenance (CBM) has become one of the popular maintenance strategies in manufacturing
industries. CBM is a maintenance program that is triggered by the machine deterioration condition.
CBM serves two distinct purposes: diagnostic and prediction. The predictive segment largely focuses on
forecasting the remaining useful life (RUL) of components. Presently, the focus of study is primarily on
the prediction of Remaining Useful Life (RUL). A point often overlooked, the effectiveness of this
maintenance strategy depends on the quality and integrity of observation data. There have been a few
review papers on the broad scope of RUL prediction particularly in diagnostic technigues, but they lack
focus on the quality and integrity of the maintenance data. This paper provides a review on the
significance of data integrity in RUL. This review covers publications from 2005 to 2024. It offers a
categorisation of research fields or topics concerning data integrity and methods for data processing.
Deep learning neural network models especially LSTM and CNN have been used extensively to treat
data integrity issues, particularly in have also goined popularity, especially in newer publications. This
review provides evidence on the importance of data integrity in RUL prediction, and it can be useful for
new researchers in the area.

KEYWORDS: Condition Maintenance, Remaining Useful life, Data integrity, Diagnosis, Deep learning neural
network, LSTM, CNN

1.0 INTRODUCTION

Maintenance has always been an important element in the manufacturing industry.
Machine reliability to produce a constant quality product without interruption is crucial to help the
industry maintain its sustainability. Maintenance intervention can prevent unwanted failure. The
oldest approach in the maintenance system is known as breakdown maintenance. This method
only makes necessary repairs when the machine has a breakdown. As technology progresses, a
new maintenance system known as preventive maintenance is introduced. This method uses a
periodic time frame to plan the maintenance activity and can improve machine reliability.
However, this approach can lead to excessive maintenance and increase the operation cost if
not properly planned. A relatively newer approach known as condition-based maintenance (CBM)
has been introduced to overcome this limitation. CBM monitors the machine’s condition and only
performs maintenance if the machine’s condition is found to be below healthy condition. In 2006,
[1] noted that the CBM approach is more suitable for modern machines. [2] confirmed that the
significance of the CBM approach was due to the enhancement in technology. In recent years,
there has been an increasing amount of literature on CBM. Currently, CBM also has a predictive
maintenance feature, which can determine when the equipment or machine will fail. The
predictive maintenance component in CBM focuses on forecasting the Remaining Useful Life
(RUL), which denotes the remaining duration of the equipment or machine before it experiences
a failure.

The intricacy and the expense of upkeeping the equipment have significantly escalated.
Data integrity is a crucial research concern in the estimation of RUL in CBM for predictive
maintenance. Data integrity refers to the preservation of the original value or characteristics of
data, even when it has undergone different forms of modification, transmission, or disruptions.
There have been few review papers on this subject. A recent review work by [3] discussed the
data handling in CBM systems.
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The significance of maintaining data integrity in the forecast of RUL was emphasized by
the individual. The purpose of this work is to provide a comprehensive analysis of research about
data integrity in research on RUL prediction. The review presents examples of data, including the
classification and frequency of study areas, as well as the type of data and methodologies used
for data treatment. This review was conducted using journal publications spanning from 2005 to
2024. This review included a total of 72 periodicals. This work is structured into three primary
components. Section 1 provides a concise overview of Maintenance techniques, the past review
papers, and the purpose of the current review study. In section 2, the process of reviewing is
explained. The method of reviewing the article is described, beginning with the acquisition of
information, followed by the classification and analysis of the collected articles. The third section
of the article examines problems related to RUL prediction. These concerns are thoroughly
analyzed, and the data is shown in a bar chart, illustrating the frequency of each identical problem.
Furthermore, this part will examine the root causes of the most prevalent problem. In this section,
the author examined the strategies and procedures used to address data integrity challenges.

2.0 METHODOLOGY
2.1 Research Methodology

It is necessary to understand the scope and criteria that were used in the selection of
related references. Those criteria are listed and shown in Figure 1. The research on Remaining
Useful Life (RUL) prediction involves addressing several key aspects to advance the field
effectively. First, it is essential to classify the issues by analyzing and comparing the frequency
of challenges in various RUL research areas to identify the most prominent problems, such as
data quality, model accuracy, and computational constraints. Once these issues are identified, a
thorough investigation into their root causes is necessary, examining factors like noisy sensor
data, insufficiently labeled datasets, or mismatched assumptions in models, as derived from
extensive literature reviews. Subsequently, the methodologies and techniques employed in
previous studies to tackle these challenges must be critically reviewed, focusing on strategies to
improve data quality, enhance model performance, and resolve inconsistencies, such as applying
noise reduction methods, feature extraction, and advanced machine learning techniques. This
holistic approach not only highlights the disparities and commonalities in existing methods but
also provides a foundation for researchers to propose innovative solutions to overcome persistent
challenges in RUL prediction research.

* Classify issues in RUL research

* |dentifying Causes of Significant issue

* Review Methods and Tecniques to Resolve Issues

* Synthesis Findings

* Conclusions

<< <-4

Figure 1. Flowchart outlining the methodology for the review process
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3.0 RESULT AND DISCUSSION
3.1 Issues in RUL prediction research

Figure 2 depicts the typical challenges encountered in research projects related to the
prediction of RUL. Figure 2 exhibits a comprehensive collection of 17 problems, encompassing a
variety of difficulties such as engine malfunctions and health indicators. The challenges differ
across multiple study domains, encompassing automobiles, rotating machinery, battery
degradation, and others. Each of them is linked to studies focused on predicting the RUL. The
data analysis revealed that the most common challenges encountered were data integrity, which
was discussed in 52 publications, data mining, which was addressed in 15 papers, and data
correlations, which were explored in 12 articles. In addition, Table 1 displays an exhaustive
compilation of literature that is linked to problems with RUL prediction research.
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Figure 2. Overall Issues in RUL Research

According to Figure 2, the predominant concern or challenge is the quality and integrity of
data. The accuracy of prediction in developing the RUL model heavily relies on the data used.
Hence, if the data has quality issues, it will undoubtedly impact the accuracy of the predictions.
For instance, researchers [3] investigated the degradation of lithium-ion batteries and
encountered difficulties in extracting meaningful characteristics, which ultimately impacted their
ability to accurately predict the RUL of the batteries. A further study conducted by [4] on health
indicators of rotating machinery, focusing on analyzing vibration data, likewise encountered
difficulties in extracting meaningful features from the raw data. The third example of research
conducted by [5] found that the raw data contains a significant amount of noise, which has a
detrimental impact on the reliability of the RUL prediction model. The subsequent section of 3.2
will provide a detailed explanation of the factors that contribute to data quality.

Data mining is the second most prevalent topic in RUL prediction research. Data mining
is the systematic extraction of patterns, correlations, trends, and valuable insights from extensive
databases by the application of statistical, mathematical, and computer methods. Some of the
difficulties are interconnected and correlate with data quality issues. In a study conducted by [6]
on wind turbine prognostics, the researchers encountered challenges related to the limited
availability of data and the presence of high data uncertainty, which could impact the acquisition
of reliable data. In a separate study conducted by [7], researchers encountered difficulties
in data mining due to incomplete data containing missing data.
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The final example of the most prevalent difficulty in RUL research is data correlation. In
data correlations, the issue arises when one is unable to comprehend the relationship between
the provided data. Temporal data correlations are crucial in RUL predictions, as demonstrated by
[8] in their study on the prognosis of rolling bearings. In another context, as described in the paper
by [9], a distinct scenario is presented where there is diversity in the dataset obtained from several
units of equipment. This will also compromise the accuracy of the RUL prediction.

Table 1. Articles related to issues in RUL

Issues Related articles
Engine fault [10]
CBM [11],[12],[13].[14]
PM System [15],[16]
Diagnosis data [17]
Data Recovery [18],[19],[20],[21],[22]
Vibration analysis [23],[11],[24],[25],[26],[271,[14],[28]
Non-maintenance [29]
Time series forecasting [30],[31]
Sensor [32],[33],[341,[35],[36],[371,[38]
Digital signal processing [39],[15]
Data management [40],[41]

[31,[41,[42],[5],[43].[6],[44],[45],[40],[46],[47],[48],[49],[50],[41],[7],[51],[52],[2
31,[11],[53],[32],[541,[55],[33],[561,[571,[58],[59],[60],[61],[25],[34],[35],[6 2] [1

Data quality/integrity 5].[63].[64].[14].[30] [36].[28] [19].[37].[31].[18].[19].[38].[65].[21].[29] [22] [5

7],[58],[62]
Data Correlation [8],[9].[39],[11].[32],[55].[66].[33],[16],[571.[58],[62]
Data mining [31,[6].[41],[71.[8],[52],[32].[541,[55].[6 7],[66].[56],[10],[68],[31]
Patient-oriented research [65]
Radioactive industries [69]
Health indicator [57],[58]

3.2 Causes of the most significant issue

The bar chart from Figure 3 depicts the several causes concerning data quality and the
corresponding number of articles dedicated to each issue. The topic of "lack of significant feature"
has been extensively studied in 18 publications, emphasizing its crucial significance. The issue
of "missing data" is also a significant one, which is discussed in 16 articles. Both the topics of
"data recovery" and "data fusion issues" are addressed in a total of 7 articles each, which
highlights their significance in talks on data quality. The topics of "noise" and "data scarcity" are
addressed in 6 articles each, indicating a significant degree of attention. On the other hand, "data
uncertainty" is discussed in 4 articles, suggesting a modest level of worry. Finally, the topic of
"data error" has received the least amount of attention, with only 2 articles dedicated to it. This
indicates that it is perceived as a less significant concern in comparison to the other causes.

The cause of the lack of significant features was a serious challenge affecting data
integrity. In 2024, a study was undertaken on Turbofan engines, resulting in the development of
a model for predicting RUL. During this investigation, [42] encountered challenges in extracting
the significant features due to constraints in the available data. The researchers suggested
employing Long Short-Term Memory (LSTM) deep learning approaches to enhance the model's
capacity to extract valuable information. In a separate instance, a study conducted by [7]
encountered comparable concerns with a significant feature. Nevertheless, the occurrence of
data information loss during data mining has a detrimental impact on the accuracy of their
prediction model. [7], suggested utilizing baseline similarity attention and dual channel techniques
to enhance the potential of feature extraction.
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Missing data is the second most common cause of data integrity. [32], had a problem with
missing data while constructing their RUL prediction model for a piece of equipment during the
process of data mining from several sensors. Currently, several devices utilize multiple sensors,
and with the progress of the Internet of Things (loT) market, the frequency of data mining has
risen. Nevertheless, a strong data processing system was necessary to prevent any loss of data
while doing the data mining procedure. [32] utilized LSTM and Recurrent Neural Network (RNN)
to rectify errors caused by incomplete input. Whereas the second article by [70] focused on the
issue of missing data in wireless sensor networks. The absence of data will have an impact on
the accuracy of the RUL projection. To enhance the scenario, unsupervised fuzzy ART neural
networks are utilized to impute the missing data, hence enhancing the accuracy of rule prediction.

Data fusion is the third most prevalent cause of data integrity. As previously stated,
contemporary equipment relies on the integration of various sensors and accurate data fusion.
The utilization of abundant data collected from many sensors has the potential to enhance the
precision of predictions. An investigation conducted by [11] on the failure prognosis of rolling
bearings has identified a difficulty with data fusion that is hindering the production of accurate
predictions. The study was conducted on real equipment in an industrial setting, where the
working environment, noise, and failure modes of non-stationary equipment were observed. The
data collected from these varied settings has to be combined. [11] has proposed the use of LSTM,
a type of deep learning approach, to extract all the relevant characteristics needed to create an
RUL prediction model. This model combines data from various machine states and parameters.
To enhance the accuracy of predicting bearing faults and RUL, the subsequent study conducted
by [49] suggests the inclusion of additional data elements. The existing data fusion approach
was enhanced by incorporating multi-residual feature fusion and an attention mechanism. This
improvement led to enhanced data extraction and, consequently, increased accuracy in
predicting RUL.

18

Missing data Data Moise Significant Data scarcity Data Data fusion Data error
recovery feature uncertainity issues

Number of Articles
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Figure 3. Issues related to data integrity in RUL prediction research
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3.3 Techniques used by other researchers in data integrity issue

The bar chart Figure 4 presents a summary of the many methodologies utilized by
researchers to tackle data quality concerns, together with the corresponding quantity of articles
describing each methodology. The method The LSTM model is the most frequently utilized and
is mentioned in a total of seven publications. Convolution Neural Network (CNN) and
Autoregressive Integrated Moving Average (ARIMA) are subsequently mentioned, with six and
five stories respectively. Each of the techniques, Baseline Similarity, Prognostics and Health
Management (PHM), Markov, and Kernel density, is discussed in three separate articles. Two
articles examine several techniques such as the Transfer function, Expectation Maximization
(EM) Algorithm, Cubic smoothing, Gaussian Mixture Model (GMM), Health State, Statistical,
Bayesian, Self-supervised, Attention-based, Autoencoder, and Multibranch. Each article focuses
on a certain set of techniques. One article mentions several alternative methods, including LSTM,
CIS Cormack, Joint Posterior, Supervisory Control and Data Acquisition (SCADA), and Fuzzy
logic, each of which is addressed only once. This graphic demonstrates the variety of methods
that researchers employ to address data quality concerns, with a significant inclination towards
sophisticated machine learning technigques such as LSTM and CNN.

Techniques used by researcher to address data quality issues

No of articles

Tachniguss

Figure 4. Techniques used by researchers to address data integrity issues

From Figure 4, LSTM is the most popular method applied in RUL prediction specifically
related to data integrity issues. LSTM is a specialized variant of recurrent neural network RNN
that is specifically developed to effectively model sequences and capture their long-range
dependencies. LSTMs, in contrast to conventional RNNs, employ a sequence of gates (input,
output, and forget) to regulate the information flow. This enables them to preserve and modify
cell states over time, effectively resolving the issue of disappearing gradients. The architecture of
LSTM allows for the retention of crucial information over extended sequences, rendering them
highly advantageous for tasks like language modeling, speech recognition, and time series
prediction. In a study performed by [3] Predicting the RUL of a battery is a tough task due to the
complicated and nonlinear nature of battery degradation prognosis. To tackle this issue, a novel
hybrid data-driven model named PCA-CNN-BILSTM was introduced. This model combines
three different techniques: Principal Component Analysis (PCA), CNN, and bi-directional
long short-term memory (Bi-LSTM). PCA decreases the correlation between features and isolates
significant lifespan features. CNN finds local patterns and minimizes processing requirements.
Bidirectional Long Short-Term Memory (Bi-LSTM) forecasts RUL by considering both past and
future data.
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The statistical approach is the second most used technique for resolving data integrity
issues. To summarize, a statistical method offers a systematic framework for making
well-informed judgments using data. Data collection, analysis, and interpretation techniques are
combined in this process, which is supported by probability theory, to obtain valuable insights and
predictions. An example of an article that applies a statistical technique is the study by [71], which
examines the prognosis in a vibration dataset. Vibration analysis is essential for diagnosing
machine malfunctions. However, in intricate machines, vibrations from many components and
external noise might disrupt the desired signal. To tackle this issue, a study conducted by [71]
explores a super-exponential algorithm (SEA) that relies on a single-input single-output (SISO)
convolution mixing model to deconvolve the vibration signal. The paper investigates the efficacy
of skewness and kurtosis schemes in recovering signals with diverse statistical distributions by
utilizing both simulated and real industrial machine signals.

Another popular technique used by researchers is the RUL prediction model is CNN.
CNNs are a specific category of deep learning models that excel in the analysis of visual input.
Their purpose is to autonomously and flexibly acquire knowledge about spatial hierarchies of
characteristics from input images, using a sequence of layers that execute convolutions, followed
by pooling and fully connected layers. Convolutional layers utilize a collection of adaptable filters
to analyze the input image and detect specific local features, such as edges, textures, and forms.
Pooling layers decrease the dimensionality, enhancing computational efficiency and increasing
the model's resistance to minor input translations. Fully linked layers consolidate the gathered
features to generate conclusive forecasts. CNNs have demonstrated exceptional performance in
several computer vision applications, such as picture categorization, object identification, and
image segmentation. An example of a researcher applying CNN is presented in a study by [72].
The article introduces a novel attention-based Deep Convolutional Neural Network (DCNN)
architecture to enhance RUL forecasts by efficiently utilizing multivariate temporal information.
The validation conducted on a benchmark dataset demonstrates that this strategy surpasses the
performance of current methods, with a Root Mean Square Error (RMSE) of 11.81 and a score
of 223. This clearly illustrates its efficacy in accurately forecasting the RUL of turbofan engines.

4.0 CONCLUSION

This report provides a comprehensive analysis of data integrity in research relevant to
RUL prediction. The review has demonstrated that maintaining data integrity is crucial in
predicting RUL. Data integrity is essential as it directly impacts the process of decision-making.
The focus of RUL prediction research typically centers around diagnostic data acquired from
sensors. This review has demonstrated several ways, with the most widely used being the deep
learning approach, specifically LSTM and CNN. There is a commonality in the methodologies
employed, however the models given in the framework differ. The discoveries in this analysis are
likely to be valuable for novice researchers in the field. Further investigation is required to
enhance the accuracy of RUL prediction, with a specific emphasis on ensuring the integrity of the
data.
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