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Abstract: Jointing Condition-Based Maintenance (CBM) with the Proportional Hazards Model (PHM),

asset-intensive industries often monitor vital covariates to predict failure rate, the reliability function,

and maintenance decisions. This analysis requires defining the transition probabilities of asset

conditions evolving among states over time. When only one covariate is assessed, the model’s

parameters are commonly obtained from expert opinions to provide state bands directly. However,

the challenge lies within multiple covariate problems, where arbitrary judgment can be difficult and

debatable, since the composite measurement does not represent any physical magnitude. In addition,

selecting covariates lacks procedures to prioritize the most relevant ones. Therefore, the present work

aimed to determine multiple covariate bands for the transition probability matrix via supervised

classification and unsupervised clustering. We used Machine Learning (ML) to strengthen the PHM

model and to complement expert knowledge. This paper allows obtaining the number of covariate

bands and the optimal limits of each one when dealing with predictive maintenance decisions. This

novel proposal of an ML condition assessment is a robust alternative to the expert criterion to provide

accurate results, increasing the expectation of the remaining useful life for critical assets. Finally,

lC‘fIlJedC:tfgsr this research has built an enriched bridge between the decision areas of predictive maintenance and

) Data Science.
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Machines 2023, 11, 418. https:// 1. Introduction

doi.org/10.3390/machines11040418 Data-driven decisions for complex equipment and its critical components are essential
for optimal system performance, thereby meeting the premise of success for asset-intensive
industries. This premise can be met through Physical Asset Management (PAM). PAM
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Among the maintenance policies, one of the most interesting is predictive maintenance,
which defines the most suitable moment for intervention for a piece of equipment to mini-

mize the probability of failure through diverse techniques. Condition-Based Maintenance
(CBM) can be used as a predictive policy to estimate equipment failure rate and reliability
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to be determined; i.e., certain ranges that define the different possible decisions should
be established.

Jointing CBM with PHM, it is possible to monitor vital signs or covariates to predict
failure rate, reliability functions, and maintenance decisions. This analysis requires defining
the transition probabilities of asset conditions that evolve over states, over time. When only
one covariate is being assessed, the model’s parameters are commonly derived from expert
opinion to provide state bands directly. However, the challenge lies in multi-covariate
problems, where arbitrary judgment is inappropriate, since the composite measurement
does not represent any physical magnitude. Moreover, selecting covariates requires more
procedures to prioritize the most relevant ones.

Currently, there is no default method that accurately and systematically calculates
the ranges or status of the equipment for different contexts and conditions. Therefore,
in this study, a model is proposed that comprises a method for calculating them using
different Machine Learning (ML) algorithms, which use historical information of equip-
ment condition, interventions, and failure. Consequently, the present work aimed to
determine multiple covariate bands for the transition probability matrix by supervised
classification and unsupervised clustering. We used ML to strengthen the PHM model and
complement expert knowledge. Furthermore, this paper allows obtaining the number of
covariate bands and the optimal limits of each one when dealing with PHM-CBM predictive
maintenance decisions.

In summary, we introduce a new contribution in terms of formulation, analytical
properties, and practice for multiple covariate problems, whose bands have a combined
measurement unit that often does not represent any physical magnitude. Therefore, to the
best of our knowledge, using non-arbitrary criteria for multi-covariate bands has yet to be
addressed in depth. Here is when our novel proposal for a CBM-ML condition assessment
comes into play, expecting to be of value to asset managers.

This work is divided as follows: In Section 2, the different concepts applied in the
model and a literature review are introduced. In Section 3, the proposed model and
methodology are presented. Section 4 addresses a case study in which the model is applied.
Then, the results of the case study are discussed. In Section 5, the conclusions of this work
are presented.

2. Literature Review
2.1. Physical Asset Management

In recent years, Physical Asset Management, or PAM, has become a key element for
asset-intensive industries. Mining, aeronautics, defense, and other capital-equipment firms
are increasingly looking for more efficient and safer methods to perform operations and
aiming for mechanisms to integrate with maintenance decisions [1-3]. The development of
PAM has been marked by the need for a comprehensive approach, optimizing equipment’s
value across its life cycle and explicitly using and implementing an Asset Management
System (AMS)—that is, recognizing value for the business, reducing risk, and reducing the
whole-life cost of assets [4].

The revolution of Industry 4.0 gives us the opportunity to manage asset costs, risks,
and performance comprehensively [5]; more than ever, industries can use advanced tools
such as predictive analysis or artificial intelligence to monitor and predict the performances
of assets and processes [6]. According to [5], the whole AMS could be developed with
these tools. Therefore, the industry requires innovative approaches to cope with these
evolving challenges.

2.2. Condition-Based Maintenance

Condition-Based Maintenance, or CBM, allows for making maintenance decisions
based on information collected through the monitoring of asset conditions [3,7]. This
preventive maintenance technique employs the monitoring multiple parameters, such as
vibration, contaminants, and temperature, to predict failure, improving the management



Machines 2023, 11, 418

30f17

of asset health and reducing the cost of their life cycles. The work of [4] proposes that
condition monitoring is one of the factors considered in the basic practices of PAM, which
is also important for the development of an AMS with a comprehensive approach.

In order to contrast the specific contributions to the present work, some recent and
relevant CBM studies are indicated as follows. The work of [8] addresses CBM schedul-
ing for a continuously monitored parallel manufacturing system with units subject to
deterioration. They use a framework with a bivariate continuous-time Markov process
(birth/birth-death process) to model the production system’s state transition. Nonetheless,
the states of units are given, and the deterioration process is equal for all. The work of [9]
states the preferences of a risk-averse decision maker for the CBM policy optimization,
so the risk tolerance is traded off with the potential outcomes of the maintenance policy
in order to optimize the CBM policy. The proposed method takes care of an engaging
problem, although the parameters and variables are deterministic. In [10], a CBM policy
with dynamic thresholds and multiple maintenance actions for a system subject to periodic
inspection is proposed; the thresholds are used to decide when to perform a particular
maintenance action. One of the most prominent aspects of this paper is incorporating
the proportional hazards model with a continuous-state covariate process to describe the
hazard rate. The dynamic limits are determined by using a semi-Markov decision process
framework. However, these thresholds are defined based on heuristic covariate bands to
discretize the Markov chain’s states, with an equal range among them.

The Proportional Hazards Model, or PHM, works as a statistical procedure for esti-
mating the failure risk of a piece of equipment based on condition-monitoring informa-
tion [11,12]. The PHM’s baseline hazard function has been widely used as a Weibull distri-
bution due to its flexibility and closed-form risk and reliability function [13,14]. Ref. [15]
presents a method for calculating reliability and remaining useful life (RUL) based on cur-
rent conditions. a single covariate. Then, data are discretized in different states, such that
various reliability functions, representative of each state, are calculated. These reliability
functions are depicted graphically, showing the differences in their die-off rates. Finally, the
authors of [12] developed software aimed at optimizing CBM for the decision-making pro-
cess of asset intervention. The software comprises multiple covariates, transition probability
matrices, PHM and the costs associated with corrective and preventive interventions.

2.3. Machine Learning Approach

One of the relevant aspects this study attempted to develop is the integration of
Machine Learning, or ML, into models aimed at establishing intervention policies, thereby
being asset management to Industry 4.0. The use of ML and data management is one of its
main pillars [16].

Generically speaking, ML can be understood as the use of algorithms that learn from
experiences as a human being would do [17]. In the case of these algorithms, experience
is directly related to data, i.e., by showing them (or not) what to search for (supervised
and unsupervised learning), or by "punishing” and "rewarding" them during learning
(reinforcement learning) [18].

Among unsupervised learning algorithms, the clustering algorithm family seeks to
group a dataset according to shared similar characteristics, making them as different as
possible from other groups or clusters [19]. There are several approaches and ways of
performing clustering. In this study, we used partitional clustering (PC) and model-based
clustering (MC). PC is characterized by algorithms with a default number of clusters being
generated, in which each observation belongs to only one cluster [20,21]. MC algorithms
first create a primary model to identify the statistical distribution parameters of each cluster,
and from them, classify observations within these clusters [20,21].

One of the most widely used PCs algorithms is k-means [20,22]. This algorithm, pro-
posed by Stuart Lloyd (1982) [23] and Edward W. Forgy (1965) [24], finds k-clusters by
minimizing the squared root of the sum of the distances from each point to the correspond-
ing centroid of its cluster [25]. It consists of two phases: first, the centroids of each cluster
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are identified, and second, each observation is classified according to its distance from
each centroid [22]. Due to its iterative optimization process, convergence is fast, which is
one of the factors that make it a popular algorithm in ML [26]. K-means has been used to
improve urban zoning for cargo logistics [27], image segmentation [22], and urban flood
risk mapping [28], among others [29].

The Gaussian mixture model (GMM) is an MC algorithm widely used in diverse areas
such as image segmentation, signal processing, and biomedical sciences [21,30]. GMM
has the capacity to make mild approximations of general functions of probability density
through weighted sums of multiple Gaussian functions [31]. In addition, GMM does
not only provide a uniform generalized distribution adjustment, but its components (or
clusters) can clearly describe multimodal density if necessary [32]. Therefore, it can be
used to predict and classify data by associating them with different components based on
probability distributions [33].

An aspect to consider in k-means and GMM is their dependence on a hyper-parameter
k that represents the number of clusters the algorithm has to generate; consequently,
the challenge in using them is to find the optimal k value [28]. In general, these problems are
solved by evaluating different k values and comparing their performances with validation
indexes [34], such as silhouette [19,27,28], the elbow method [29], the Akaike information
criterion [30,35] or the Bayesian information criterion [21,35]. They can also be solved using
visual methods [34], such as dendrograms [36]. However, the nature of the problem to be
solved should always be kept in mind.

The previous paragraph highlights a relevant element of this study; after calculating
the centroids generated through k-means and the probability distributions extracted from
GMM, states (clusters) and their covariate bands (ranges of covariate values describing a
certain state [37]) are expected to be determined. They are both necessary for the creation
of the transition probability matrix that, in turn, is required for the development of PHM.

2.4. ML Applications in CBM

In order to improve the CBM strategies, some studies have used different ML tech-
niques. For example, ref. [38] proposed a CBM strategy considering dynamic maintenance
policies. The optimization model involves a Markov decision process improved by neural
networks and Q-learning (reinforcement learning), also known as deep-Q learning (DQL).
Nevertheless, the state thresholds are defined arbitrarily. The work reported in [39] devel-
oped a semi-supervised, clustering-based framework for maintenance decision-making
based on Cox’s PHM model [11]. They used k-means to estimate the state of the system
based on its age and the values from the condition monitoring. The state-space with its
associated transition probability is defined based on clustering. This contributes to de-
veloping an innovative methodology and estimating the system’s state without expert
knowledge. However, the parameter k is randomly established, and the k-means algorithm
can have problems with robustness against outliers and edge cases.

3. Model Formulation
3.1. Data Pre-Processing

First, treating data prior to their use is critical, i.e., to ensure the absence of null,
missed, or duplicate data. Additionally, different tables are integrated in order to have all
the available information in a single document.

In turn, it is important to identify types of maintenance and classify them using a
binary system for their subsequent use in the model, in which one and zero correspond to
preventive and corrective maintenance, respectively.

The difference in days between each intervention is obtained, and NaN data are
treated, yielding two cases:

1.  Completing the NaN values with the following value if data follow a certain trend.
2. Completing NaN values with data averages.
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This generates a table with only data relevant to the development of the model,
i.e., with dates, an identifier for assets and their components if existent, the type of inter-
vention in the binary system, the difference of days between interventions and a column
for each covariate.

3.2. Parameters Estimation

The B and 57 parameters represent the stages at which the asset and its characteristic
life are, respectively. To estimate them, the reliability of all data should be estimated first.
In this case, it is obtained through the Lewis method:

_70-9)
R =[5 R, M

where ¢ is a binary variable that takes the value 1 when a censure occurs (e.g., preventive
interventions) and 0 when a failure happens. Then, reliability is calculated as a function of
time, as proposed by Jardine (1987) [13], who indicated that reliability can be model as a
two-parameter Weibull distribution through:

R(t) = e~ t/0", ©)
By linearizing the aforementioned expression, the following equation is obtained:

In(—In(R(t)) = p-In(t) — p - In(y). ®)
where B is the shape parameter (slope) and 7 is the scale parameter.

3.3. Data Division and Standardization

The following step corresponds to the division of the database into two groups: a
training group and a testing group. This division is mainly necessary for using machine
learning algorithms, as they require previous training before delivering final data. In this
way, the training data group will be used with this purpose, and the testing group will be
employed to obtain valid results from these algorithms.

There is not a single rule for the quantity of data that should be left in one group or
another, but the division of the whole database into 3/4 for the training group and the
remaining data for the testing group is customary.

In turn, before working on covariates data, it is recommended to standardized the
data. This implies re-escalating the data in such a way that they have the same order
of magnitude among them, as well as the same minimum and maximum values. This
facilitates the analysis of the weights of each covariate, as they can be compared directly,
allowing for establishing their relative importance to one another.

3.4. Covariates Weight Calculation

Before conducting the clustering of the Z(t), their corresponding v weights should be
calculated with respect to the failure rate associated with each sample from the database.
To calculate them, this work proposes using a random forest algorithm, which receives the
values of each covariate and their corresponding failure rates (obtained in the previous
step) as input parameters. With this, the algorithm delivers the relative importance of each
z with respect to its failure rate, which will be used as their respective weights.

It should be noted that, since this algorithm has diverse options in terms of hyper-
parameters to enter prior to its use, it is recommended to test different combinations of
the same and define which of them yields the best results for the database. This can be
conducted automatically with different code commands associated with machine learning.

It is noteworthy that the calculation of the weights of the different Z(t) is not the focus
of this work, and therefore this procedure is solely used to obtain values related to the
database under use and move to the following steps of the proposed model. The validity of
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the weights obtained through this algorithm has not been proven; thus, in cases of needing
to calculate them, other proven alternatives are recommended.

Once the weights are obtained, a new parameter is introduced into the database,
which will be used for cluster division. This corresponds to the sum of 7 - Z(t) of each
covariate; i.e.:

f(rz) =} riZi(t). )

i€Z

3.5. Clustering

To use the clustering algorithm, data simplification is recommended, which is—in this
case, f(vy,z)—subdivided into class intervals. Intervals will be assigned their corresponding
class mark, which reduces the quantity of data the algorithm has to work with. To determine
the number of intervals into which the database is divided, Sturges’ rule is employed, which
is based on the number of samples to define the intervals.

Afterwards, this work proposes two different clustering algorithms, one through
k-means and the other one through the Gaussian mixture model (GMM). The main hyper-
parameter that both methods require is the number of clusters into which data are hoped
to be divided. To determine this number, different numbers can be input and the results
compared to select one of them, as conducted with the random forest. Among the aspects
to consider for this choice are the different values yielded by the algorithm, such as the
silhouette index mean or Akaike values (BIC and AIC), which allow for comparing the
results to decide what number of clusters better adapts to the database. In turn, it should
be kept in mind that the selection of simpler models is always recommended; i.e., if the
difference in the adaptation between two numbers of clusters is low, the cluster that divides
data into a number of clusters much smaller is preferred. What these clusters will represent
in the analysis to be performed should also be considered, as it may provide some clues
about the most realistic number of clusters for a specific case. The number of class intervals
into which data were divided at the beginning should not be overlooked, because it is likely
that if these are divided into the same number of clusters, the results of such division may
be biased and not necessarily be the best option.

Finally, once the number of clusters is selected and the database is divided via the
algorithms mentioned above by means of their corresponding parameters, the last step
is to classify /mark each datum in the cluster to which it belongs in order to facilitate the
observation of the algorithm’s result.

3.6. Covariate Bands- Calculation
The covariate-bands calculation is performed using the following steps:

1.  Through distance to centroids: Based on the clustering by GMM and k-means, the cen-
troids of each cluster are calculated; then, the average between successive centroids
(i.e., average between 1 and 2, 2 and 3, etc.) is calculated to define these values as
limit ranges. In this way, a range value indicates in which cluster each f(-y, z) will
be found.

2. Through probabilities: Using the found clusters, the probability that each observation
belongs to this cluster is calculated to classify them. Then, the minimum values of
each value belonging to each cluster are identified, and these delimit the ranges.

3. Cluster border classification methodology: In cases where the value is close to one
of the classification borders and elucidating what cluster it belongs to is not easy,
a solution using the probabilities given by GMM is proposed. If the value has a
difference smaller than 5%, a random choice is applied using the probabilities of
belonging to each cluster, i.e., how likely it is that a certain value belongs to one cluster
or another.
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3.7. Transition Probability Matrix

Once ranges are calculated, the next step is to generate a transition probability matrix.
To this end, the state to which each database sample belongs should be identified. Then,
ordering the database chronologically, state transitions are identified, specifically how many
times one state i transited to a state j, for all possible state combinations. This value will be
identified with the parameter 1;;. Subsequently, the following parameter to be calculated is
Aj, which represents the time for which the equipment remains in state i. With these two
parameters, the transition rates are calculated based on the expressions below:

M= L] ©)
1y Al’ 7
Aij = =) Aij. (6)
i#]

Finally, transition probabilities are calculated as follows:
7'[1']' = EAij . (7)

3.8. Reliability Calculation

At this step, the quantity of iterations to conduct is first established, for which an
initial value for time and a value for the span between the initial and final value of time is
required, as the lower the value, the more precise the result will be. Then, the number of k¢
iterations performed is:

ke = (tfinal — tinitial) /A = x/A. ®)

Subsequently, the exponent value of each covariate (x;) should be obtained through:

kff(kﬁl)ﬁ)

o5i) — (071" <) ( , ©)

where 7 is the weight of each covariate and A is the approximation interval length. The val-
ues obtained through the previous equation are expressed in a diagonal matrix and then
multiplied with the transition probability matrix, which should also be expressed in a
diagonal matrix, thereby obtaining matrix Li].

The following step is to obtain the product between L[i] from the previous iteration
and the current iteration. The conditional reliability is obtained through the sum of each
row of the last matrix. This is conducted using the product-property method explained in
detail in [15], for which the failure rate matrix is first estimated through the equation:

AL, Z(t) = (B/n)(t/)P R m2ith), (10)

Using the above together with the transition probability matrix, the L[i] matrix and
L[x, t] are finally solved.

4. Case Study and Discussion

In this case study, the methodology presented in the previous section was used in a
sample of 100 machines, each of them with four components. The critical components of
interest can be assimilated as the electric motor stator of a fleet of haul trucks operating in a
mine site. The voltage, rotation, pressure, and vibration of each component were measured,
these being the covariates examined.

Regarding data pre-processing, the absence of null and duplicate data was first con-
firmed. Then, data were classified using a binary system into having preventive mainte-
nance (1) or corrective maintenance (0). Afterwards, NaN values were completed using the
following value, since, in this case, the use of data average may affect results due to data
behavior. Table 1 shows an extract of the 100-machine sample.



Machines 2023, 11, 418 8of 17

Table 1. Extract of the case study’s data.

Type of Time
Date Time Machine Compo- Type Of. In- between Voltage Rotation Pressure Vibration

ID tervention Interven-
nent .
tions

2015-01-05 1 compl 1 23 175 449 102 40
2015-01-20 1 compl 1 15 162 458 100 40
2015-03-06 1 compl 0 45 168 447 100 40
2015-03-21 1 compl 1 15 168 470 99 41

In Table 1, it is possible to appreciate that the different columns correspond to various
data related to the main groups: time and covariates. The first is the date on which the
measurement of the covariates was carried out. Next, the Machine ID identifies which
machine the analyzed component corresponds to. Then, the type of component is deter-
mined, and subsequently, the type of intervention, if it has been corrective or preventive.
The time elapsed between interventions allows for estimating how long the component
has been available, and finally, the individual measurements of the covariates. Voltage has
been measured in V, rotation in rpm, pressure in Pa, and vibration in Hz. It is important to
remember that although each covariate must work within a well-defined interval, the com-
bined effect of all of them works as an indicator to define the status of the component
and as a consequence of the corresponding machine. This last effect leads to a significant
purpose of this manuscript: the proposal of an ML condition assessment to complement
the expert criterion when dealing with multiple covariates and diverse measurement units.

In turn, to facilitate the use of data, a new table was created for each component
to address them separately. In this case, only component 2 was used because it had the
greatest amount of data, and the development of the other components is analogous to
this one. Subsequently, as mentioned in Section 3.2, parameters B and # were estimated,
obtaining the values presented in Table 2.

Table 2. Parameters  and 7 for each component.

Component B i
1 2.025 151
2 1.632 131
3 2.033 189
4 2.075 161

To confirm that such values are correct, reliability was calculated by Equation (2),
where t is now a test time interval; in this case, time intervals that increase in 10 units were
used. The value of 77 should match with the time interval in which reliability is approx. 37%.

The next step after confirming the results was data division and standardization.
In this case, as mentioned during formulation, the database was divided into a training
group, which was composed of 572 samples, and a testing group with 191 data points.
Then, covariates were standardized in a 0.01-0.1 range, selecting these values to avoid zero
and negative numbers, as these could alter the results. Subsequently, the weights of the
covariates were calculated (rotation, pressure, voltage, and vibration) with respect to the
failure rate using the random forest algorithm, obtaining the f(v,z) parameters through
Equation (4).

In addition, data was divided into class intervals by means of Sturges’ rule, which
yielded 11 intervals. After the above procedure, the two clustering methods of k-means and
GMM were employed to define the number of clusters that better adapt to the database.
In both cases, the result is 3, which was obtained from the results shown in Figures 1 and 2.
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Figure 1. Evolution of silhouette indexes’ means for different cluster numbers of the k-means method.
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Figure 2. Akaike values (BIC and AIC) for different cluster numbers of the GMM method.

The figures above show that the results of methods are similar for this database.
In this way, the limits of each cluster were generated, which in turn define the states of the
component. Different methods are proposed to achieve this.

The first one is through the centroids of each cluster. The limits between two clus-
ters are defined as the medium points between both centroids, which are presented in
Figures 3 and 4, for each k-means and GMM, respectively.
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K-means clustering results
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Figure 4. Number of clusters obtained through GMM.

From this point, only the GMM method was employed. Table 3 specifies the numerical
limits for data training, and the results of Table 4 were used for data testing.

Table 3. States/clusters with training data.

State Lower Limit Upper Limit
1 0 0.035
2 0.035 0.068
3 0.068 0.100

Table 4. States/clusters with testing data.

State Lower Limit Upper Limit
1 0 0.036
2 0.036 0.059
3 0.059 0.100

The second method for calculating the ranges of each state was based on the probabili-
ties delivered by the GMM method. These can be graphically observed in Figure 5.
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Figure 5. Sum of -z over time and its probability density distribution of the complete model.

In this case, limits are defined as the lowest point of the probability of belonging to a
cluster, which is depicted as darker areas in Figure 6. In Figure 7, the two lowest points
that will define these limits are also clearly observed.

Regarding the results for range calculation, both methods reached similar yet not
equal results. This work does not focus on analyzing the advantages or disadvantages of
one method over another. From this point, the calculations continued based on the range
results obtained by probability.

When classifying each sample into its corresponding state, 557 data points were
obtained that belonged to state 2 (central cluster), 12 to state 3 (upper cluster), and 3 to state
1 (lower cluster).

As an alternative result, it is considered that probabilities of belonging to one cluster
or another are less clear for points close to the limit between clusters; therefore, a reliability
range around this limit is proposed such that if the differences in probabilities of belonging
between clusters is smaller than 5%, a point within this range is randomly classified into
another cluster with equal probabilities of belonging to this limit. In this way, the quantity
of data for this cluster becomes:

e gstate1l =3 data
e gstate 2 =550 data
. state 3 =19 data

Subsequently, the probability transition matrix—in Tables 5 and 6 for training and
testing data, respectively—was calculated using the results obtained with this last method.

Table 5. Probability transition matrix with training data.

State 1 2 3
1 97% 3.3% 0%
2 0.0092% 99% 0.046%
3 0% 4.4% 96%

Table 6. Probability transition matrix with testing data.

State 1 2 3
1 93% 6.8% 0%
2 0.084% 99% 1.0%

3 0% 5.6% 94%
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Figure 6. Distribution of f(v, z) over time and its discrete probability of belonging to a cluster of the
complete model.
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Figure 7. Sum of yz over time and its discrete probability distribution of belonging to a cluster of the
complete model.

Finally, the conditional reliability function is estimated through the steps described in
Section 3.8. In this case, it is established that t;,i5 is 360 and A is 1. Then, reliability with
respect to time was obtained for both training and testing data. Figures 8 and 9 present the
corresponding conditional reliability functions using the probability transition matrices as
input to the aforementioned product-property method.

These figures show that, for both cases, the reliability behavior for each state was
similar. Specifically, it can be determined, based on the same, that state 3 corresponds
to the state in which the component exhibited the highest reliability, followed by state 2
and then state 1, which presented the lowest reliability over time. This agrees with the
quantity of data present in each state. This data analysis consisted of 100 machines with
four components each and was aimed at defining the limit ranges of multiple covariates.
The results obtained after pre-processing data to establish the treatment of NaN, null,
or duplicate data were the estimates of parameters 5 and 5 using the Lewis and Jardine
methods. Since the quantity of data associated with component 2 was larger, this was
the selected component (considering that each piece of equipment has this component),
obtaining B = 1.632 and 1 = 131 (days).
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Conditional reliability function, A =1
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Figure 8. Conditional reliability function with training data.
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Figure 9. Conditional reliability function with testing data.

Once these parameters were obtained, data were divided, allocating 3/4 of them—
572 data points—to the training of machine learning algorithms and 1/4—191 data points—
to validation using those algorithms. In addition, data points were re-escalated so all of
them had the same order of magnitude, thereby facilitating further analyses. Subsequently,
the weight associated with each covariate—in this case, vibration, rotation, pressure, and
voltage—was calculated via the random forest algorithm, yielding the relative importance
of these with respect to the failure rate to then calculate the f (v,z), which corresponds to
the sum of each covariate multiplied by its associated weight.

Defining the above, two clustering algorithms (k-means and GMM) were used to
calculate the number of clusters that better adjusts to the database, which is three in both
cases. To know the limits of these groups, ranges associated with each were defined through
two methods. First, ranges were calculated based on the average between the distance from
the centroids of two successive clusters. As a result, cluster 1 ranged between 0 and 0.035,
cluster 2 ranges between 0.035 and 0.068, and cluster 3 between 0.068 and 0.100. In turn,
ranges were defined based on the probabilities generated by the GMM method, defined
as the lowest point of probability of belonging to a cluster. This method was selected as
its ranges do not significantly differ from the first one, allowing for better observation of
the clusters obtained. The results indicate that 3 data points belonged to cluster 1, 557 to
cluster 2, and 12 to cluster 3. In connection, the classification procedure for values close to
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the cluster limit was also defined. As a result, 3 data points were classified into cluster 1,
550 into cluster 2, and 19 into cluster 3. With this information, the transition matrix was
obtained for both training and testing data. Afterwards, the conditional reliability function
was calculated for each cluster, indicating that cluster two had the highest reliability and
cluster one the lowest over time. In this way, the objective of this study was accomplished,
as the cluster bands for all covariates involved in the data used were defined in a coherent
and reliable way.

For predictive purposes and using the estimated conditional reliability functions as
inputs, Figures 10 and 11 show the remaining useful life (RUL) for the training and testing
data, considering the evolution of the clustered covariate data throughout the states. It is
observed that Cluster-State 3 can be regarded as the best condition, since its decay from the
maximum RUL presents smooth behavior. On the other hand, State-1 is the worst clustered
condition, since its decline was the most aggressive over the working age. Although this
effect could be expected, the novelty of the present proposal remained as aforementioned.
Namely, experienced knowledge input could be straightforward when separating band
limits for one covariate, since it has only one measurement unit. Nevertheless, it is difficult
for an expert to deliver a band-limit value when dealing with diverse covariates, especially
when the combined measure unit does not represent a physical magnitude to evaluate
directly. Hence, the proposed ML method complements expert knowledge under a novel
condition assessment.

Remaining expected useful life, A=1
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Remaining Life (days)
(= - N N w w
o w o w o w

w

0 20 40 60 80 100
Working Age (days)

Figure 10. Remaining useful life with training data.

Now that the effect of the condition has been explained, the other component of
the predictive PHM model (Equation (10)) is the contribution of age to the hazard rate.
The values of 8 and 7 are all consequences of their interpretation in the conditional reliability
and RUL from Figures 8-11. All the § values in Table 2 are higher than 1, indicating the
wear-out stage in the asset life cycle. It means that the components under study were
aging throughout the period. The characteristic life 77 agrees with the values of the working
age as well. However, it is interesting to note that in the earlier stage of the life cycle,
the impact of the clustered condition was far more significant than the effect of age; that is,
the difference in RUL across the states was more notorious. On the other hand, due to the
PHM model, the RUL differences became shorter at the later stage of the asset life. This
means that at elevated working ages, the effect of time is overcome because the overall
condition of the asset is so degraded when reaching an advanced operating span.
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Figure 11. Remaining useful life with testing data.

Finally, the proposed ML condition assessment adds innovative knowledge about the
clustered covariate process. Namely, it handles several vital signs with diverse sources
and measurement units, thereby enabling a holistic approach. When implementing a
predictive policy, this novel condition assessment allows a better understanding of the
asset’s operational health to intervene at the exact moment (in contrast to a fixed-age
replacement policy), thereby maximizing the assets” RULs. It is demonstrated that this
novel ML approach to address maintenance policies can provide significant results as an
alternative or complement to the expert criterion, offering advantages, especially when
dealing with more than one covariate, and ultimately increasing the expectation and
precision of the remaining useful life for the critical assets.

5. Conclusions

This paper has introduced a model for defining the optimal covariate bands in condi-
tion assessment when dealing with PHM-CBM predictive maintenance decisions. A Ma-
chine Learning method has been provided to assess multiple asset conditions and comple-
ment expert knowledge, especially when the combined measure unit does not represent a
physical magnitude that can be assessed directly. The results of this research do indeed lead
to predictive maintenance decisions for different failure scenarios on different parameters,
such as voltage and rotation, present in a variety of operational contexts. Using supervised
classification and unsupervised clustering, this novel model sets the numbers of bands for
the probability matrix and the optimal limits of each one, thereby strengthening the PHM
model under realistic scenarios.

The cluster ranges for all covariates involved in the data under study are defined
coherently and reliably. A proper transition matrix was obtained for both training and
testing data. Afterward, the conditional reliability function was estimated for each cluster,
thereby enhancing further CBM-predictive analyses. The procedure to conduct such an
assessment has been developed.

We have demonstrated that this novel ML approach to address maintenance policies
can provide significant results as an alternative or complement to the expert criterion,
offering advantages, especially when dealing with more than one covariate, ultimately
increasing the expectation and precision of the remaining useful life for the critical assets.
As further work, there is an expectation of directly obtaining the transition probability
matrices using GMM, an ML algorithm that allows for obtaining cluster membership
probability surfaces. Finally, we built an enriched bridge between the decision areas of
predictive maintenance strategy and Data Science.
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