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Abstract

In the context of industry 4.0 and digital transformation, the predictive maintenance (PdM) approach plays an important role in the
efficiency of maintenance, as breakdowns and over-maintenance. Remaining Useful Life (RUL) is the main part of the prognostic
aspect of maintenance. RUL is also one key piece of information that feeds the PdM and needs to be dynamically readjusted in a
global approach and procedure. In this paper, a new methodology for the prognostic aspect of PdM, and a dynamic RUL estimation
method have been proposed. In this way, general methodologies and processes of prognostics have been presented that outline a
more coherent vision toward RUL estimation. Within the dynamic RUL method, it is proposed to use from Prophet prediction
model in a dynamic algorithm to better estimation of RUL based on the Health Indicator (HI) trends updates. The applicability and
efficiency of the proposed procedure and method have been applied and validated in the conveyor chains of an automotive company
which their failure results in production stoppages and significant damages. The performance of the prediction method has been
presented with a comparison to deep learning and statistical prediction methods. Following the dynamic RUL estimation, a
maintenance strategy has been proposed for the studied case to improve maintenance planning.
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1. Introduction

One of the essential aspects of Industry 4.0 deals with the availability and usage of real-time data. Prescriptive
decision-making and predictive Maintenance are some of the applications of Industry 4.0. The general idea of PdM is
to increase the efficiency and productivity of the production system. This is typically followed in the objectives of
increasing the availability of production machines by minimizing the production machine failures and reducing the
excessive corrective and preventive maintenance activities. Sensor data through Industrial Internet-of-Things (l110T)
or condition monitoring through embedded systems serve as the basis toward achieving the new system of maintenance
management. The application of PdM is being largely used in various types of industries, and researchers are trying to
find the solutions for the PAM projects. However, there is still a long way to go ahead, and we are merely at the
beginning of the fourth industrial revolution.

One key point of PAM concerns the initial step as it is not cost-efficient to employ the PdM approach for the whole
production machines, as the criticality levels of the machines are different, and resources are limited. Moreover, the
PdM approach could be primarily implemented in the most critical equipment or machines when real-time data is
present. However, in a critical machine, sometimes, it is unfeasible to install the sensors and monitor all the
components of the machine with real-time data. Once the critical equipment and components are identified and
connected to the IloT platform, a general process should be followed to propose a dynamic maintenance planning
system. In this paper, a new realistic approach of dynamic prognostic is proposed and presented. Dynamic prognostic
represents a subset of decision support systems that helps in prescriptions for the decision-makers.

In this approach, which will be detailed further, we can find the methods to employ real-time data and identify Hl
and then RUL. In the literature, Statistical and Deep Learning (DL) methods are developed for RUL estimation mostly
in a static manner. However, in the industrial condition, calculating the static RUL can not be helpful because of the
dependency of RUL to the operational condition. Furthermore, the model design, tuning, precision, and interpretability
of the RUL estimation models should be taken into account. In this paper, we propose a new dynamic RUL estimation
method by considering the mentioned elements and industrial exigencies and limitations, which have been less
considered in the literature. This is one of the important contributions of this paper, followed by presenting and
applying this method in an industrial case. It has been used from sensor data for maintenance of conveyor chains
equipment in FPT Industrial Company, These sensor data is used in the experimentation phase of our dynamic RUL
method. In continue, through the benchmark study of prediction methods, the more appropriate methods for industrial
cases are selected and used in the validiation phase of our proposition.

The rest of this paper is organized as follows: Section 2 describes the last research works and our contribution;
Section 3 the dynamic prognostic approach and RUL methodology; section 4 presents the case study and results;
Section 5 presents conclusions and perspectives of future works.

2. Literature Review

Some international standards and references have been developed relating to predictive maintenance. These norms
are well categorized by [1] [2]. The International Standard Organization (ISO), the Institute of Electrical and
Electronics Engineers (IEEE), the Machinery Information Management Open Standards Alliance (MIMOSA), and
some other organizations have presented the standards in the field of Condition-based Maintenance (CBM) and
Prognostic and Health Monitoring (PHM) [1]. Regarding the data processing, diagnostic and prognostic it can be
referred to as 1SO 13374 [3], ISO 13379, 1SO 13381, and OSA-CBM [4].

Data processing steps as defined in the standards begin with data acquisition, and then data manipulation, state
detection, health assessment, prognostic assessment, and advisory generation or decision support [3] [4].

Fig. 1 depicts the prognostic approach that is mainly referred to in the literature. Although this is quite a general
overview, it is perceived that there is a lack of concise procedures and methods for the prognostic (prediction) and
maintenance management system [2] which are the most important element in PdM.
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Fig. 1. The main prognostic approaches in the state of art [5]

2.1. RUL estimation methods

In general, RUL methods in the literature are based on physical model-based, data-driven, or a combination of both
(Hybrid models) [6]. Finding the failure function is usually followed in physical model-based approaches by studying
physical failure mechanisms. This is highly differentiated case by case and depends on a variety of parameters [7].
However, in data-driven methods, pre-targeted time series data and signals are collected and processed that could
represent the degradation or healthy state of the equipment or component. In this way, time-series data processing
should result in Health Indicators (HI) construction [8] as HI is an essential and key element for RUL estimation [9].
This is the main applicable approach to most of the cases that initially identify the health state (whether categorial
classes or continuous trend-based) and then predict the future trend until the failure or near to failure state. However,
there is another approach that is called pattern matching or similarity-based approach [10] [11] when there are already
available run-to-failure data sets. The degradation is checked and classified to the closest degradation profile and
found the RUL based on the identified pattern [12].

As it will be explained in the presented prognostic procedure of this paper, RUL methods in the majority of cases
in state-of-art are obtained using statistical prediction models [13], DL [14], and a mix of them [7] [15].

Several types of regression methods have been used for the RUL estimation such as Support Vector Regression on
the Turbofan (C-MAPSS) dataset that is largely used in the literature [16]. Gaussian Process Regression was applied
on the lubrification oil remaining useful life [17]. [18] have used an exponential degradation model based on the
random coefficient statistical method for health state prediction. The triple exponential smoothing method has been
used for RUL estimation of the cyclic process by [19]. The Autoregressive Integrated Moving average (ARIMA)
method has been adopted by [20] on the rotor test rig for the state prediction purpose.

Deep learning methods are widely used in image processing and voice recognition applications and less in the RUL
estimation domain [14]. However, researchers are attempting to find solutions for RUL estimation by configuring
input, hidden and output layers in different formats to provide a NN that adapts to each kind of problem.

Artificial Neural Network (ANN) as a feed-forward NN [21] has been deployed on the historical and vibration data
of a rotatory pump. Vibration data is also used in a Multilayer Perceptron (MLP) Neural Network for the RUL
estimation of rolling-element bearing [22]. Convolution Neural Network (CNN) is been applied in the famous turbofan
data set [23]. These methods utilize forward direction which means the process is started from input layers, then
hidden, and finally output layer. Moreover, the seasonality changes are not captured in these methods. While,
Recurrent Neural Network (RNN) is another DL method that has feedback connections between hidden and output
layers, and it is said to be more pertinent for the prediction of sequential data as time series data. Long Short-term
Memory (LSTM) is a type of RNN that has been proposed by [24] to expose the hidden pattern of sequential data.
LTSM was used by [22] to predict the failure time and consequently the RUL of rolling bearing with vibration data.

Although deep learning methods are developed and applied in time series data, other aspects of interpretability and
complexities should be considered. The black-box nature of deep learning methods may be complex for parameter
indications and interpretation [15]. On the other side, statistical methods such as ARIMA may not capture the
seasonality patterns (long fitting time or hard tuning of autoregressive parameters) and imply large trend errors.
However, the Prophet prediction method has shown the capability of self-adjusting and tracing long trends and
seasonality patterns for large data sets [25].



Concerning the contribution of this paper, a new dynamic prognostic procedure is proposed to estimate the RUL
in dynamic mode as the new real-time data are acquired. Then, for the dynamic RUL estimation, it is proposed to use
the open-source prophet prediction package. A dynamic method based on the prophet algorithm has been presented
that can self-tune and predict continuously. The presented method can be regarded as a new approach for dynamic
RUL estimation when there is a reliable Health Indicator.

3. Methodology
3.1. Dynamic Prognostic Procedure

For the RUL estimation, the target must be identified priorly. This target could be the remaining life before arriving
the failure for a component, equipment, or a specific failure mode in whole equipment [26]. Based on this target,
condition monitoring data are identified and achieved through 10T platforms. These real-time data are normally stored
dynamically in data lakes or databases. Based on the presented approach in Fig. 2 health state indicators are defined
at the current time of data acquisition. They could be presented in the form of categorical classes or continuous values
such as a percentage. Here, specific knowledge of the equipment, and the targeted failure mode plays an important
role in finding the right health indicators, as there are highly case-dependent parameters.

In terms of methodology, HIs are determined with the help of Feature Extraction, Clustering, Classification, or
Reinforcement Learning methods. There are three main approaches in feature extraction as 1- Time domain, 2-
Frequency domain, and 3- Time-Frequency domain approaches [27]. In the case of high-volume data, fusing methods
such as Principal Component Analysis (PCA) could be implemented using multiple real-time data [28]. In this way,
the interdependency between the data and the aggregated indicator could be found. Clustering methods are used when
there is a lack of knowledge in the correlation of real-time data and failure. Hence, the clusters (which corresponds to
the real conditions of targeted failure mode or equipment) can be obtained and regarded as the featured data containing
sensible information. Once the features are set, machine learning algorithms such as K-Nearest Neighborhood (KNN)
[29], or reinforcement learning should be used to classify or identify the current health state right as the new data are
received. The obtained health indicator model is a basis for the health assessment and monitoring of the machine, or
equipment. This is illustrated in Fig. 2 at the left bottom of the figure.
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Fig. 2. Dynamic Prognostic Procedure

In the HI determination phase, we are in the actual instant without any prediction for the upcoming events during
the next hours, days, etc. We can simply maintain health monitoring when we are at the normal state, while at the
risky state the RUL estimation becomes more important. As it is seen on the right side of the figure, this risky period
depends also on the risky threshold of spare part replenishment lead time and the needed time for the intervention of
the maintenance team.
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For the prognostic aspect, the RUL estimation model should take the HI trend to find the failure time and calculate
the RUL. The RUL unit can be the calendar units as days or production cycles as the number of produced parts. As
explained in the literature section, the most pertinent methods are statistical, deep learning, or a combination of both
that could find the learning function of the HI trend. As seen on the right side of Fig. 2, this is not the same approach
that is presented in [5], as the classification methods could help in identifying the current state and not the future state.
While prediction and statistical methods widely help in trend prediction which is suitable for the predictions and RUL
estimations.

For the dynamic aspect of the prognostic, an interval of readjustment should be identified depending on the
criticality of the case and its parameters. In each of these intervals, new real-time data are achieved and processed to
update the RUL value. This is because the RUL value is highly dependent on the operational usage of components or
equipment. It could be extended or decreased as it is depicted in the schematic example at the bottom of the figure in
the time epochs.

3.2. Dynamic RUL method

Regarding the literature analysis of the pros and cons of different prediction methods, the applicability of the
methods, and the ease of use in real cases, the Prophet method [25] has been chosen for RUL estimation. Prophet uses
a decomposable time series model that is seen in (1). This model aside from trend prediction function g(t) considers
the periodic s(t) variations (as daily and weekly changes) and irregular events effects h(t) as holidays. These last two
features are less considered in the other prediction models. The &, represent the peculiar changes supposed to be
normally distributed.

Y(©) =g@) +s() +h(t) +& 1)
Regarding the trend function, Prophet mainly uses linear piece-wise growth functions (2).
g(@®) =(k +a(®)"6:)t + (m + a(t)"y) @

Trend changes are incorporated in the growth function by defining changepoints §; j = 1, ..., S and §; responds to
the change rate happened in changepoint j. Where k is the basic growth rate, a(t) 7 8, is the change rate at time t. m is
the offset parameter, a(t) Ty is the offset adjustment at time t. Automatic changepoint detection is based on (2) with a
sparse prior on &; ~Laplace (0, T) that impacts the growth rate model.

Seasonality and periodic change effects are obtained based on (3) by inspiring from Fourier series:

s(t) = Ziv:l(al cos (2%}1:) + b; sin (Z%H:)) (3)

Where P is the regular period value based on days, 2N is the number of parameters to be estimated that best fits the
prediction problem. Equation (3) can be written in the form of s(¢) = X(¢t) * 8 as B = [ay, by, ..., an, by]. TO impose a
smooth prior B is considered as Normal (0,c2).

Effect of the event in the daytime as b, on the past and future days are considered by an indication function to check
if date t is in the events or not, and a seasonality prior scale of k~Normal (0, v?).

Three main components are most important to avoid overfitting and underfitting as 1- Changepoint scale (T), 2-
Seasonality scale (o) and 3- Predictable events (like holiday) scale (v).

The best Prophet prediction parameters can be identified using a cross-iterated table of changepoint, and seasonality
prior scale values. The performance metrics as Root Means Square Error (RMSE) Mean Absolute Percentage Error
(MAPE) or Tracking signal can be obtained to identify the best prediction parameters where y; is the actual value, and
9; is the predicted value. In this problem, we have used RMSE as it punishes the large errors, and it has the y units.
MAPE is an appropriate metric when we have datasets at different scales. The tracking signal is the managerial metric
that presents the error volume and if RUL is estimated sooner or later than its actual failure.

As in PdM, we are dealing with real-time data, dynamic models must provide the last updated prediction based on
the evolution of health indicator’s trend. As it is depicted in Fig. 3, in the first step of the proposed dynamic RUL
method, a set of historical real-time data are obtained. Then, health indication values would be identified based on the
HI method pertinent to each case. Next, the best-tuned prediction parameters are achieved with the cross-validation



function that has the minimum performance error. RUL of the case is obtained and will be sent to the decision-maker
or maintenance planning system.
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Fig. 3. Dynamic RUL methodology

This algorithm works continuously to self-adapt based on the last obtained real-time data in a predefined updating
interval.

4. Case Study and Results

FPT Industrial Company is a brand of CNH industrial and one of the leading world players in the development,
and production of on-road, off-road, marine, and power generation engines. In their assembly line, 5 conveyor chains
are leading the engines produced in several assembly lines into the painting station. In this study, one of the critical
conveyor chains (see Fig. 4 left) is considered for the prognostic and RUL study.

These conveyor chains are driven by a motor and two gears. There is also a tensioner system with the help of 6 bar
jack that keeps the tension of the chain and maintains the equilibration. These chains are degraded until they are broken
or stretched enough to cause production stoppages. There are male and female I1-Beam chain links that are connected
in series. The principal causes of degradation are due to the weight of lifted engines as well as the ups and downs of
the conveyor chain path (causes the elongation of the chain). The whole chain behavior is monitored based on the
position of the tensioner system. Concerning the experimentation of the proposed prognostic approach and dynamic
RUL, it is targeted to estimate the dynamic RUL of the whole chain. This has been put into action using an ultrasonic
sensor that measures the position of the tensioner system in real-time per second and is registered in the cloud Data
Lake. The information of failure threshold is available in this case.

Raw sensor data
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Fig. 4. Left: Conveyor chain system and its elements, Right: Raw sensor data and Health Indication data
To find the RUL of the whole conveyor chain, as described in the dynamic prognostic procedure, a Hl is obtained
based on a statistical approach for this case. As Root-Mean Square (RMS) [18] has been selected for identifying the
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health state. RMS is calculated in a regular period (P) that can keep the degradation characteristics. therefore, RMS
of period j is obtained by (4) which pj is the starting time of period j and N is the total number of periods in the dataset.

1 P+p) .
RMS; = —Z xZ, j={1,..,N} 4)
P Ly,

Fig. 4 (right) illustrates raw data without health indicator (the top chart) and the data after HI transformation (the
bottom chart). Based on the replenishment, time to intervention, and criticality of the case, the risky period is identified
as 14 days. If the model at the running time is in a risky period, then the prediction parameters are tuned, and RUL is
obtained. This will continue in every updating interval as the new data are achieved. The result of the prediction model
and RUL estimation is illustrated in the following Fig. 5:

N,

N 12 days
—

It is clearly seen that the periodic changes are well captured in and based on the failure threshold the obtained RUL
is well achieved from the health indicator data points. The performance of the Prophet method has been compared
with ARIMA [20], Holt-winter (Triple exponential smoothing) [19], and LSTM method Fig. 6. The idea is to compare
the results with statistical, exponential, and deep learning methods. For the comparison, 80% of the dataset has been
considered as a train set (in blue) and 20% for the test (the orange part) of the prediction model. The green points are
the prediction values of each method.

Fig. 5. HI, Prediction, and estimated RUL
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Fig. 6. ARIMA (a), Triple Exponential Smoothing (Holt-Winter) (b), LSTM (c), and Prophet (d) prediction results

It is observed that the prophet and Holt-Winter’s model can provide mid-term prediction, however, the ARIMA
and LSTM methods give better predictions for small horizons rather than long horizons. In fact, despite their right
training, for instance, LSTM worked well in less than 10 periods, but the number of periods increased, it worked with
less accuracy. This is probably due to the sequential nature of LSTM that gives predictions in different iterations based
on the trained model. On the contrary, we observe that Holt-Winter can trace the seasonality, but not as good as the
Prophet model. Concerning performance metrics, RMSE and Tracking signal of the four models are obtained in Table
I, which Prophet method works better among them. Although Prophet is created for business time series, we observed
that it can also work well for the RUL estimation. It can provide a prediction for the data with a non-fixed interval of
periods, while other mentioned methods need a fixed interval between the periods.



Table I. Performance metrics of prediction methods

Prophet ARIMA  Halt-Winter LSTM

RMSE 5.5101 15.4380 8.4070 6.5881
Tracking signal 368.179 -473.690 384.265 369.341

With the help of the presented method, the RUL of the whole chain is obtained continuously that runs in a local
Edge system. The next step of this study is adopting an applied maintenance strategy based on RUL information.
When the RUL is identified in the risky period, the maintenance team controls the length of 10 chain links randomly.
If the lengths of the chains are quite equal (homogenous degradation), two chain links should be removed to keep the
equilibration of the whole chain. If not, the degradation is not homogenous and fault localization of most degraded
chain links should be identified and changed.

5. Conclusion

RUL estimation is one of the key elements in Predictive Maintenance strategy, as it helps to better planning of
maintenance activities and reduce breakdowns and over maintenance at the same time. Yet, a prognostic approach
and procedure are required to determine RUL. In this paper, a comprehensive procedure is presented to conceptualize
the path of estimating RUL from the raw inputs, and the general methodologies of calculating Health Indicator and
RUL of the targeted failure type, component, or machine. Following this procedure, a dynamic RUL estimation
method has been proposed to obtain RUL dynamically based on continuous real-time data.

The proposed approach and dynamic RUL are implemented and proved in conveyor chains of FPT Industrial
Company. The health indicator of the whole chain degradation is obtained based on RMS calculation. The Prophet
prediction method has been found interesting for the RUL estimation, based on the study of prediction methods in
state-of-art, which is rarely considered for RUL estimation to the best of our knowledge. In this problem, deep learning
methods, like LSTM, may increase the complexity in parameter tuning that results in a long training time. LSTM and
ARIMA models do not perform well in mid/long-term predictions. On the other hand, the triple exponential smoothing
model can provide better predictions, but still, it requires the identification of the seasonality period. While, Prophet
model self-detects the changepoints and seasonality periods, and it captures the seasonality and irregular events better
than the triple exponential smoothing method. Its performance is proved by comparing with ARIMA, triple
exponential smoothing, and LSTM methods that can provide more reliable predictions and hence RUL estimation.
Regarding industrial problems, triple exponential smoothing, or the Prophet method may be sufficient for RUL
estimation that depends on the desired level of prediction exactitude.

The proposed dynamic RUL method self-tunes the model parameters and re-estimates the RUL following the new
real-time data in the time epochs. The efficiency of computational time and needed resources for applying in an
industrial environment (as in, Edge, Fog, or Cloud) can be studied in future research.

RUL determination remains a part of the information that must be served for maintenance strategy identification
and maintenance planning. Future research could be the development of mathematical maintenance planning methods
based on an optimization approach that considers the RUL information and the other maintenance-related parameters,
to identify the best intervention schedule. The optimization approach can be mainly cost-based that can consider
maintenance dependencies between multi-component equipment, or machines.
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