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Abstract

Prognostic Health Management aims to predict the Remaining Useful Life (RUL) of degrading compo-
nents/systems utilizing monitoring data. These RUL predictions form the basis for optimizing maintenance
planning in a Predictive Maintenance (PdM) paradigm. We here propose a metric for assessing data-driven
prognostic algorithms based on their impact on downstream PdM decisions. The metric is defined in as-
sociation with a decision setting and a corresponding PdM policy. We consider two typical PdM decision
settings, namely component ordering and/or replacement planning, for which we investigate and improve
PdM policies that are commonly utilized in the literature. All policies are evaluated via the data-driven
estimation of the long-run expected maintenance cost per unit time, relying on available monitoring data
from run-to-failure experiments. The policy evaluation enables the estimation of the proposed metric. The
latter can further serve as an objective function for optimizing heuristic PdM policies or algorithms’ hyper-
parameters. The effect of different PdM policies on the metric is initially investigated through a theoretical
numerical example. Subsequently, we employ four data-driven prognostic algorithms on a simulated turbo-
fan engine degradation problem, and investigate the joint effect of prognostic algorithm and PdM policy on
the metric, resulting in a decision-oriented performance assessment of these algorithms.

Keywords: PHM, predictive maintenance, data-driven prognostics, RUL, performance metrics, CMAPSS

1. Introduction

Prognostics is primarily concerned with the prediction of the time instance when the system at hand,
or a component thereof, becomes no longer functional [1]. In the context of an on-line monitoring strategy,
this typically implies the use of a prognostic model, which furnishes estimates of the Remaining Useful
Life (RUL) on the basis of available measurements of the system’s response [2]. The subsequent task of
optimal maintenance planning informed by the prognostic model output is known as health management.
Prognostic Health Management (PHM) [1–3] is the umbrella term used to define this procedure. Multiple
sources of uncertainty enter the prognostics process, which motivates the adoption of a stochastic approach
to the estimation of the RUL [4]. Consequently, the associated maintenance planning can be defined as a
sequential decision problem under uncertainty [5–9].

In a high-level classification, one can distinguish between model-based and data-driven prognostic meth-
ods [1]. A recent review paper [10] classified prognostic approaches into four distinct categories: physics
model-based approaches, statistical model-based approaches, artificial intelligence (AI) approaches and hy-
brid approaches. An overview of recent literature reveals the increasing popularity of data-driven AI ap-
proaches [11–13], owing amongst other factors, to their applicability in case where the degradation pattern
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cannot be easily represented a-priori via physics-based or statistical models [10, 14]. On the downside, it
is often not straightforward to capture the uncertainty in machine learning (ML) predictions [4, 15]. The
task of quantifying such an uncertainty, that is inherent in RUL predictions, is essential for subsequent
maintenance planning tasks.

The PHM community has established various experimental and numerical prognostic datasets, which
typically contain multivariate time series data obtained from continuous monitoring of run-to-failure exper-
iments on deteriorating components/systems, such as rolling bearings [14], batteries [16], turbofan engines
[17] and industrial machines [18]. Several of these datasets have been made publicly available by the NASA
Prognostics Center of Excellence [19]. The availability of such datasets has paved the way for the develop-
ment and training of a multitude of data-driven prognostic algorithms. These are reviewed in [10, 20–22].
Most of the available literature focuses on the RUL prediction task [11, 12, 23–29], and does not consider
the subsequent health management task.

For the task of health management on the basis of RUL predictions, the predictive maintenance (PdM)
paradigm stands out [30–32]. PdM tasks usually relate to planning intermittent inspections and mainte-
nance [33, 34], and planning maintenance actions informed via continuous monitoring [35–38]. PdM can be
classified as either model-based PdM or data-driven PdM [32, 37]. The former is based on the assumption
that a physics-based model, e.g., the Paris-Erdogan law for fatigue crack growth [39], or a statistical process
model, e.g., a Gamma process [40] or a Wiener process [41], is available for describing the deterioration
process. The performance of model-based PdM depends on the adopted model. Most PdM studies to date
either employ model-based PdM [33, 36, 38, 42–46], or simplistically consider hypothetical models of the
prognostics information and only focus on the maintenance decision optimization [47, 48]. End-to-end data-
driven PdM frameworks (from data-driven prognostics to data-driven PdM planning) have recently been
introduced and applied on prognostic datasets [35, 37, 49, 50]. The data-driven PdM framework relies on
availability of a sufficient amount of monitoring data from run-to-failure experiments. These are required
both for the training of data-driven prognostic algorithms as well as for the data-driven evaluation of PdM
policies.

Given the diversity of prognostic models, the definition of metrics for assessing and comparing the
performance of prognostic algorithms can be of defining importance in decision making [14, 51–57]. Recent
papers review such metrics [10, 58]. The prognostic metrics introduced by Saxena et al. [52] are the
most established ones. The exponential transformed accuracy score function has been used to evaluate
prognostic algorithms in different PHM competitions [14]. Most of these metrics only implicitly account for
the subsequent health management task in their design, e.g., how early the algorithm allows for prediction
[14, 52]. Our conjecture is that the choice of a performance metric should be guided by the type of PdM
decisions that are to be triggered by the algorithms’ outcome.

The current paper proposes a metric for assessing the efficacy of data-driven prognostic models based on
their impact on downstream PdM decisions. We clarify the role that PdM policies play in the definition of
this metric. The metric can be applied within any given decision setting. In this paper, two PdM decision
settings are considered, namely i) component replacement planning and ii) component ordering-replacement
planning, which are fairly common for industrial components. We thoroughly investigate some PdM policies
of different complexity that are utilized in the literature. These dynamically receive as input the RUL
prediction from prognostics and opt for the actions that should lead to an optimal balance between the
predicted risk of failure/risk of late order for a new component, and the benefit of extending the life-cycle of
a component/not keeping a spare component in the inventory, respectively. Alternatives and improvements
to these PdM policies are proposed. We evaluate these in terms of the estimation of the long-run expected
maintenance cost per unit time [33, 59], upon applying the policies on a run-to-failure dataset. The proposed
metric is evaluated on the basis of this estimation.

The paper is organized as follows. Section 2 introduces the proposed decision-oriented metric and
discusses its data-driven estimation via samples of run-to-failure experiments. Subsequently, the metric
is described within the context of two typical PdM decision settings, for which specific PdM policies are
presented and discussed. Section 3 introduces a virtual RUL simulator, which serves as an initial test-bed for
investigating different aspects of optimality/sub-optimality of the presented PdM policies and their effect
on the metric. Section 4 contains numerical investigations on an actual case study related to degrading
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turbofan engines, by use of the well-known CMAPSS prognostic dataset [17]. Four different data-driven
prognostic algorithms, three classifiers and one regression model, are implemented and compared on the
basis of the proposed decision-oriented metric. The interplay between RUL prediction algorithm and PdM
policy on the metric is also investigated. Finally, Section 5 discusses and concludes this work.

2. Predictive maintenance decision policies on the basis of RUL predictions

To evaluate the quality of different prognostic algorithms that deliver RUL predictions, we compare
their performance on subsequent PdM decision making. To evaluate the RUL-based decisions, policies
are introduced [60]. A policy is a rule that determines the action to take at time t, based on the available
information up to that time, i.e., past monitoring data and performed actions. For example, a policy answers
the following question: “Preventively replace the component?” {yes, no}. In this work, we consider only
decision settings in which the policy is the same at all times, and we refer to this stationary policy [5] as
the PdM policy.

2.1. Decision-oriented metric for prognostics performance evaluation

Towards the goal of providing a formal decision-oriented framework for assessing the performance of prog-
nostic algorithms, this section proposes a metric that quantifies the optimality of the resulting maintenance
decisions triggered by the algorithm’s RUL predictions within any given decision setting.

2.1.1. Data-based evaluation of a generic PdM policy

The long-run expected maintenance cost per unit time (over an infinite time horizon) is typically the
quantity of interest when evaluating a PdM policy. According to renewal theory [33, 59, 61], specifically the
renewal-reward theorem, the long-run expected maintenance cost per unit time corresponds to the ratio:

E[Cm]

E[Tlc]
, (1)

where E[Cm] is the expected maintenance cost induced within one life-cycle of the component when following
a certain PdM policy, and E[Tlc] is the expected length of one life-cycle. This result is valid without
discounting; for a renewal theory with discounting, see, e.g., [62]. It allows evaluating the above expectations
for a PdM policy by applying it on n independent single life-cycles. In the vast majority of the literature, this
evaluation is done with the aid of a model, with which a large number of life-cycle realizations is simulated
[33]. In cases where data from multiple run-to-failure experiments are available, the expectations in Eq. (1)
can be evaluated based on the data. More specifically, a PdM policy can be applied on n independent
components of the same type (e.g., n engines of the same type in the CMAPSS dataset [17]) and the cost of
maintenance Cm and the lifetime Tlc (also known as a renewal cycle in the context of renewal theory [61])
of each component can be evaluated. The expectations in the numerator and denominator of Eq. (1) can
then be approximated as:

E[Cm]

E[Tlc]
≈ R̂ =

1
n

∑n
i=1 C

(i)
m

1
n

∑n
i=1 T

(i)
lc

, (2)

where C
(i)
m and T

(i)
lc are the cost of maintenance and the lifetime of the i-th component, respectively. The

lifetime T
(i)
lc is the time to failure or replacement of the component.

With finite n, the estimate of the PdM policy evaluation provided by Eq. (2) is uncertain. A first-order
approximation of the variance of the estimator in Eq. (2) is given as [63]:

Var[R̂] ≈ 1

n

[
Var[Cm]

E[Tlc]2
+

E[Cm]
2 ·Var[Tlc]

E[Tlc]4
− 2 · E[Cm] · Cov[Cm, Tlc]

E[Tlc]3

]
. (3)

It is noted that occasionally in literature the expectation of the ratio E

[
Cm

Tlc

]
is evaluated, instead of

the ratio of the expectations of Eqs. (1) and (2). This, however, is only an approximation, which can be
poor if the variance of the denominator is large.
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2.1.2. Data-based evaluation of the perfect PdM policy

As a reference, we consider the hypothetical scenario of perfect prognostics, in which the time to failure
is known exactly. Perfect prognostics would lead to perfect PdM decisions for each component. Based on
the n run-to-failure experiments, the long-run expected maintenance cost per unit time of the perfect PdM
policy can be estimated via Eq. (4):

E[Cm,perfect]

E[Tlc,perfect]
≈ R̂perfect =

1
n

∑n
i=1 C

(i)
m,perfect

1
n

∑n
i=1 T

(i)
lc,perfect

, (4)

where C
(i)
m,perfect and T

(i)
lc,perfect are the optimal cost of maintenance and length of the first life-cycle of the

i-th component, respectively.

2.1.3. Proposed metric

To specify the decision-oriented metric for assessing prognostic algorithms, we evaluate the long-run
expected maintenance cost per unit time that is achieved with a prognostic algorithm in combination with
a PdM policy. The long-run expected maintenance cost per unit time achieved with a specific prognostic
algorithm can then be compared with the one obtained from perfect prognostics. We define a scalar metric
M as the relative difference between the two, based on which the performance of a prognostic algorithm can
be assessed with respect to the PdM decisions that are triggered by its outcome:

M =

E[Cm]

E[Tlc]
− E[Cm,perfect]

E[Tlc,perfect]

E[Cm,perfect]

E[Tlc,perfect]

. (5)

Based on the n run-to-failure experiments, the metric M can be estimated as:

M̂ =
R̂− R̂perfect

R̂perfect

. (6)

M = 0 is the optimal result, while the larger the value of the metric M , the worse the performance of the
prognostic algorithm. M cannot assume a negative value. In a loose, mathematically non-rigorous sense, a
connection can be identified between the metric M and the Value of Information (VoI) metric [59, 64] from
Bayesian decision theory [65].

The estimate of Eq. (6) for the metric M is subject to uncertainty. Assuming that the variance of the
long-run expected maintenance cost per unit time provided by perfect prognostics is negligible, the variance
of M̂ is quantified as:

Var[M̂ ] ≈ Var[R̂]

R̂2
perfect

(7)

Due to the assumption that the variance of R̂perfect is negligible, the covariance of the two terms in the

numerator is neglected. Hence this formula leads to an overestimation of the true variance of M̂ .
The decision-oriented metric M can further serve as an optimization objective function for different

purposes, e.g., for optimizing PdM policies, or for optimizing the training process of prognostics algorithms
(e.g., hyper-parameter tuning, see Eq. (29)) directly with respect to subsequent PdM decision-making. These
will be demonstrated in the numerical investigations of Sections 3 and 4.

The metric M is generally applicable in any given decision setting in conjunction with a PdM policy.
The sections that follow scrutinize metric M within two fairly common decision settings.
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2.2. PdM decision settings

In this paper, we consider and discuss two PdM decision settings that are typical for industrial assets. In
the first basic setting (Section 2.3), the only decision that has to be taken is when to replace a component. In
the second setting (Section 2.4), we additionally consider a decision on ordering and keeping a replacement
component in the inventory. Both considered decision settings have the following characteristics:

• We study single component problems.

• Continuous monitoring of a component is available.

• The monitoring data is employed to derive a probabilistic RUL prediction.

• Inspections are not considered.

• Decisions on maintenance actions can only be made at discrete points in time, defined by tk = k ·∆T ,
for a fixed time interval ∆T and integer k = 1, 2, . . . , N . The choice of ∆T is problem-dependent. For
example, in the case of aeroengines, a value of ∆T = 5− 10 flight cycles might be deemed realistic.

• Two types of replacement actions are considered:

1. Preventive replacement with cost cp.

2. Corrective replacement with cost cc, which occurs upon component failure before a preventive
replacement. Corrective replacement induces a larger cost than preventive replacement, which
also accounts for longer downtime: cc > cp.

• A replacement is assumed to be a perfect replacement, bringing the component back to a pristine
state. Replacement at t leads to the end of one life-cycle of the component, and the component starts
deteriorating anew. The stochastic deterioration process starting at time t is a probabilistic copy of
the process starting at time 0. These assumptions allow for use of renewal theory [61]. Within renewal
theory, the time interval between two successive replacements defines a renewal cycle.

• Maintenance is a viable decision, i.e., it is possible to assume remediative action within the decision
horizon.

• It is assumed that failure is self-announcing.

• We do not include discounting of future costs.

2.3. Predictive maintenance (PdM) planning for replacement

We first consider the simple dynamic PdM decision setting, in which one determines at each time step
tk whether a component should be preventively replaced or not. The assumption here is that the new
component is readily available when a preventive replacement is decided or a corrective replacement is
imposed.

2.3.1. Metric for prognostic performance evaluation with respect to PdM planning for replacement

Following a certain PdM policy for planning replacement (specific PdM policies are introduced in Sec-

tions 2.3.2 to 2.3.4), each i-th component life ends with a preventive replacement informed at time T
(i)
R ,

or a corrective replacement in case of component failure at time T
(i)
F . A preventive replacement can only

be performed at discrete points in time, i.e., T
(i)
R lies in the set {tk = k · ∆T, k = 1, 2, . . . }. A corrective

replacement is performed immediately upon failure at T
(i)
F . The (non-discounted) cost of the replacement

action for the i-th component is

C(i)
rep =

{
cp, if T

(i)
R < T

(i)
F

cc, else.
(8)

Replacement (preventive or corrective) leads to the end of one life-cycle of a component. The length of the

life-cycle of the i-th component is thus T
(i)
lc = min[T

(i)
R , T

(i)
F ]. In this setting, the cost of maintenance for

the i-th component is equal to the cost of the replacement action, i.e., C
(i)
m = C

(i)
rep.
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Within the current decision setting, the perfect PdM policy would not lead to any corrective replacement,
as this is more costly, or any early preventive replacement, as this leads to shortening of the component

life-cycle. Thus, the perfect PdM policy is a preventive replacement with cost C
(i)
m,perfect = cp at the optimal

time step tk = k·∆T directly before T
(i)
F

1. This is denoted by T
(i)
R,perfect. The long-run expected maintenance

cost per unit time of the perfect PdM policy is evaluated via Eq. (4).
Eventually, the decision-oriented metric proposed in Eq. (5), in particular in conjunction with a PdM

policy for replacement, is estimated as:

M̂ =

1
n

∑n
i=1 C

(i)
rep

1
n

∑n
i=1 T

(i)
lc

− cp
1
n

∑n
i=1 T

(i)
R,perfect

cp
1
n

∑n
i=1 T

(i)
R,perfect

. (9)

2.3.2. PdM policy 1: simple heuristic PdM policy for preventive replacement

The first PdM policy that we consider is a simple heuristic policy, similar to [37]. Heuristic policies employ
simple and intuitive decision rules that are easily understood by engineers and operators [8]. Specifically, at
each time step tk = k ·∆T , the policy determines the action arep,k to take as:

arep,k =

{
DN, if Pr(RULpred,k ≤ ∆T ) < pthres

PR else,
(10)

where DN denotes the do nothing action, PR denotes the preventive replacement action, RULpred,k is
the RUL prediction estimated at time tk from the employed prognostic algorithm, and pthres is a variable
heuristic threshold. In [37], a value of pthres = cp/cc has been used. The PR action is associated with
a cost cp, while the DN action entails the predicted risk of component failure within the next time step,
Pr(RULpred,k ≤ ∆T ) · cc. The reasoning behind pthres = cp/cc is that the PR action is performed at time
tk only when the associated cost is smaller than the predicted risk of component failure in the next time
step. This is a simplification, as it does not account for the future time steps; after a replacement, one has a
new component with - on average - lower maintenance costs. Hence the heuristic policy leads to suboptimal
decisions. An improvement of this heuristic policy can be reached by optimizing the heuristic threshold
pthres, as we demonstrate in the numerical investigations of Sections 3 and 4.

The simple heuristic PdM policy requires the predicted probability of RUL exceedance within the next
decision time step, Pr(RULpred,k ≤ ∆T ), as sole input from the prognostics, in order to evaluate the DN
versus PR decision at each time step. Different prognostic algorithms operate in distinct manners, and thus
use different methods for deriving this probability. This can be specified as the probability of the RULpred,k

belonging to a certain class (corresponding to RULpred,k ≤ ∆T ) in the case of a prognostic classifier [37]. For
the case of prognostic regression models, uncertainty quantification in the RUL predictions is a prerequisite
for obtaining this probability.

Eventually, this heuristic PdM policy informs the replacement decision for each i-th component, leading

to C
(i)
rep and T

(i)
lc . The long-run expected maintenance cost per unit time associated with this heuristic PdM

policy can then be evaluated via Eq. (2).

2.3.3. PdM policy 2: PdM policy for preventive replacement on the basis of the full RUL distribution.

We consider a second PdM policy for preventive replacement, which determines at each time step tk the
action arep,k to take as:

arep,k =

{
PR, if tk +∆T ≥ T ∗

R,k

DN else,
(11)

1In extreme cases, where cc is very close to cp, the optimal action may be to allow the component to fail at T
(i)
F with a cost

C
(i)
m,perfect = cc.
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tk
TR,k

PPR

Figure 1: Optimization of TR,k. PPR corresponds to the probability of a preventive replacement for a fixed TR,k, which appear
in the objective function of Eq. (12)

where T ∗
R,k is the optimal time to replacement found through solving an optimization problem at each time

step tk. A preventive replacement is thus decided when T ∗
R,k is smaller or equal to tk + ∆T , where ∆T

defines the time interval until the next decision.
The most commonly employed objective function for finding the optimal T ∗

R,k in RUL-based PdM [38,
59, 66] is presented in this section. It can be employed when the full distribution of the RUL prediction at
each time step tk is available, denoted by fRULpred,k

(t). The distribution of the predicted time to failure
(TF ) at time step tk is fTFpred,k

(t) = fRULpred,k
(t− tk), and is bounded below at tk. The objective function

for the optimization problem at each time step tk is:

f(TR,k) =
E[Crep(TR,k)]

E[Tlc(TR,k)]
=

PPR · cp + (1− PPR) · cc

PPR · (TR,k) +
TR,k∫
t

t fRULpred,k
(t− tk) dt

, (12)

where:

PPR =

∞∫
TR,k

fRULpred,k
(t− tk) dt (13)

denotes the probability that the component will be preventively replaced at TR,k, whereas (1 − PPR) is
the probability that the component will fail before TR,k with an induced cost cc. These probabilities are
graphically represented for a fixed TR,k in Fig. 1.

The objective function in Eq. (12) makes use of renewal theory and evaluates the long-run expected
maintenance cost per unit time, in order to determine the optimal time for preventive replacement for a
single component. The implicit underlying assumption when using this objective function for optimizing
replacement for a single component is that the predicted distribution of the time to failure of the component,
fTFpred,k

(t), corresponds to the underlying distribution of the time to failure of the whole population of
components. This (incorrect) assumption has not been clarified in the literature that uses this policy.

Eventually, this PdM policy optimizes the replacement decisions for each i-th component leading to C
(i)
rep

and T
(i)
lc . The long-run expected maintenance cost per unit time of this PdM policy can then be quantified

via Eq. (2).

2.3.4. PdM policy 3: modified PdM policy for preventive replacement on the basis of the full RUL distribution

In this section we propose a modification of the objective function defined in Eq. (12) to overcome the
implicit assumption pointed out above. The resulting PdM policy 3 makes use of the distribution of the
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time to failure of the population of components, denoted here by T̄F, which can be estimated in advance
(e.g., from run-to-failure data). The proposed objective function for finding the optimal T ∗

R,k at each time
step tk is:

f(TR,k) = PPR · cp + (1− PPR) · cc +
∞∫

TR,k

(t− TR,k) ·
ET̄F

[Crep]

ET̄F
[Tlc]

fRULpred,k
(t− tk) dt, (14)

where PPR is defined in Eq. (13). The first two terms of Eq. (14) correspond to the numerator of the objective
function in Eq. (12). The integral that we introduce in the last term of Eq. (14) quantifies the additional
expected maintenance cost that is associated with an “early” replacement at TR,k, utilizing availability of the

estimated distribution fT̄F
of the population of components within the term

ET̄F
[Crep]

ET̄F
[Tlc]

. This term quantifies

the long-run expected maintenance cost per unit time with respect to fT̄F
. Three options are considered for

setting a value to this term:

1. For an assumed case without monitoring, renewal theory can be used to find the optimal time for

preventive replacement with respect to fT̄F
. Then

ET̄F
[Crep]

ET̄F
[Tlc]

can be set equal to the corresponding

optimal value of the long-run expected maintenance cost per unit time. This choice delivers an upper
bound to the value of this term, causing early preventive replacements to be penalized more, and
consequently delivers a less conservative PdM policy.

2. For an assumed “perfect” monitoring case, replacement of every component will be a preventive one,
and the expected life-cycle length of the population of components will be equal to the mean µT̄F

of

the distribution fT̄F
. Therefore, one can set

ET̄F
[Crep]

ET̄F
[Tlc]

=
cp
µT̄F

. This choice yields a lower bound to the

value of this term, leading to a more conservative PdM policy.

3. A value for
ET̄F

[Crep]

ET̄F
[Tlc]

between the upper bound of option 1 and the lower bound of option 2 can be

chosen, e.g., the average.

2.4. Predictive maintenance (PdM) planning for component ordering and replacement

In the first decision setting of Section 2.3, it is assumed that the new component will always be available
for replacement. In this section, we consider a second decision setting, which includes ordering and replace-
ment decisions. A deterministic lead time L is assumed from the time of component ordering Torder to the
time of component delivery. We implicitly assume that L is a multiple of ∆T .

2.4.1. Metric for prognostic performance evaluation with respect to PdM planning for ordering & replacement

Following a certain PdM policy for component ordering and replacement (one specific policy is introduced
in Section 2.4.2), different costs will be induced. The cost of the replacement action for the i-th component
is given by Eq. (8).

The cost related to a late ordering of a component for replacement (preventive or corrective) is:

C
(i)
delay = max

(
T

(i)
order + L− T

(i)
lc , 0

)
· cunav, (15)

where cunav is the system unavailability cost per unit time, related to necessary operation shutdown from

T
(i)
lc until the time of component arrival, upon which a replacement can be performed.
The cost related to an early ordering of a component, i.e., the holding inventory cost, is:

C
(i)
stock = max

(
T

(i)
lc − (T

(i)
order + L), 0

)
· cinv, (16)

where cinv is the holding inventory cost per unit time for a component.
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The total maintenance cost, excluding the cost of the new component, is:

C(i)
m = C(i)

rep + C
(i)
delay + C

(i)
stock (17)

The long-run expected maintenance cost per unit time that is achieved with a PdM policy is evaluated
by applying the PdM policy on n independent components via Eq. (2).

In this second decision setting, the perfect PdM policy would replace the i-th component at T
(i)
R,perfect,

which is the time step k ·∆T directly before T
(i)
F , and order a component at T

(i)
order,perfect = T

(i)
R,perfect − L.

Therefore, the costs induced when applying the perfect PdM policy to the i-th component are C
(i)
stock,perfect =

0, C
(i)
delay,perfect = 0, and C

(i)
rep,perfect = cp, resulting in C

(i)
m,perfect = cp.

Eventually, the decision-oriented metric for component ordering and replacement is estimated as:

M̂ =

1
n

∑n
i=1(C

(i)
rep + C

(i)
delay + C

(i)
stock)

1
n

∑n
i=1 T

(i)
lc

− cp
1
n

∑n
i=1 T

(i)
R,perfect

cp
1
n

∑n
i=1 T

(i)
R,perfect

. (18)

2.4.2. Simple heuristic PdM policy for component ordering and preventive replacement

At each time step tk (as long as no replacement component has been ordered previously), the policy first
determines based on the prognostics input whether a replacement component should be ordered (O), or not
(NO). The considered simple policy determines the action to take as:

aorder,k =

{
O, if Pr(RULpred,k ≤ w +∆T ) ≥ porderthres

NO else,
(19)

where w =

⌈
L

∆T

⌉
· ∆T is the ordering lead time adjusted for the discrete time steps. porderthres is a variable

heuristic threshold.
The reasoning behind the condition of Eq. (19) is the following: a lead time L is required for the

component to become available upon ordering it. Therefore, if a component is ordered at time step tk, the
earliest future decision time at which the component will be available for replacement is tk +w. The simple
policy assumes that the critical threshold for the O-NO decision is based on the predicted probability that
a preventive replacement will be necessary at time tk +(w+∆T ). Once a component has been ordered, the
O-NO decision is no longer relevant until a replacement action is performed.

At each time step tk, the policy further determines whether the component is preventively replaced (PR)
or nothing is done (DN). This applies independent of whether or not a new component is in stock, which, as
discussed in Section 4.4, is not an optimal choice. Similar to Section 2.3.2, the policy determines the action
to take arep,k as:

arep,k =

{
DN, if Pr(RULpred,k ≤ ∆T ) < prepthres

PR else.
(20)

A value of prepthres = porderthres = cp/cc has been used in literature [37]. The values of the two heuristic
thresholds may be optimized, leading to an improvement of this heuristic policy, as we demonstrate in
Section 4.4.

The advantage of this heuristic PdM policy lies in its simplicity and universal applicability – it can be
applied as long as the RUL prediction provides the probabilities in Eqs. (19) and (20). Other, more complex
and possibly more optimal heuristic policies, or even algorithms such as partially observable Markov decision
processes (POMDP) [6, 9], can be investigated, but we leave this for future work.
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3. Numerical investigations on a virtual RUL simulator

This section investigates the proposed metric and the PdM policies presented in Section 2.3 in a hypo-
thetical setup. For this purpose, a virtual RUL simulator serves as a test-bed, which enables the assessment
and evaluation of PdM policies for varying data availability. The aim of this section is to investigate and
quantitatively assess the performance and optimality of the three PdM policies for replacement and their
effect on metric M , and eventually propose a set of directives towards optimizing decision heuristics.

3.1. Virtual RUL simulator

Our goal in this section is to introduce a virtual RUL simulator, i.e., to establish a model with which
to generate RULpred,k distributions over time, conditional on given underlying “true” realizations of the
failure time of a component, emulating uncertain RUL predictions provided by a prognostic algorithm in a
realistic setting.

We assume that the uncertain time to failure (expressed in cycles to failure) of a hypothetical population
of mechanical components follows a normal distribution, specifically TF ∼ N(µ = 225, σ = 40), where N
denotes the Gaussian probability density function (PDF) with mean µ and standard deviation σ. We draw
samples from this distribution, each representing one underlying “true” realization of the failure time of a
component.

We define a PdM planning problem, wherein it is assumed that the maintenance actions can only be
performed at discrete points in time tk, defined by tk = k ·∆T , for fixed ∆T = 10 cycles and k = 1, . . . , N .
The predicted time to failure, yielded as an output of a prognostic algorithm at time step k, is denoted
by TF,pred,k. Eq. (21) defines in logarithmic scale the modeled discrepancy between the prognostic RUL
prediction at time step k, RULpred,k = TF,pred,k − tk, and the underlying “true” RUL value at time step k,
RULk = TF − tk:

ln (RULpred,k) = ln(RULk) + ln(ϵk), (21)

where ϵk is the prognostic prediction error. We assume the following probabilistic model for the random
vector containing the logarithm of the prediction errors over time

[ln(ϵ1), . . . , ln(ϵn)] ∼ MVN(0,Σ) , (22)

where MVN() denotes the multivariate normal distribution with mean vector 0 and covariance matrix Σ,
which is constructed as

Σ = D ·R ·D, (23)

where D is a diagonal matrix containing the standard deviation of the prediction errors σln(ϵk) in the
diagonal, and R is a correlation coefficient matrix. The prediction errors over time are assumed to be
correlated according to an exponential correlation model with correlation length l:

R = [ρij ], where ρij = exp

(
−|ti − tj |

l

)
(24)

With this model, the distributions fRULpred,k
are obtained as follows:

• Sample the mean values µln(RULpred,k) of the different ln (RULpred,k) predictions via Eq. (25) by draw-

ing a sample [ln(ϵ
(i)
1 ), . . . , ln(ϵ

(i)
n )] from the MVN distribution of Eq. (22).

µ
(i)
ln(RULpred,k)

= ln(RUL
(i)
k ) + ln(ϵ

(i)
k ) (25)

• ln (RULpred,k) then follows the normal distribution with mean equal to the value sampled in Eq. (25)

and standard deviation σln(ϵk), i.e., ln (RULpred,k) ∼ N
(
µ = µ

(i)
ln(RULpred,k)

, σ = σln(ϵk)

)
.
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Figure 2: Demonstration of the virtual RUL simulator. Generated RULpred,k distributions conditional on an underlying true

realization T
(i)
F = 247 cycles.

For an underlying “true” realization T
(i)
F = 247, a sampled realization of means of the different RULpred,k

distributions over time and the 95% credible intervals (CI), are plotted in Fig. 2. For generating these
distributions, we have assumed σln(ϵk) = 0.4 and correlation length l = 50 cycles in the definition of the
prediction errors.

The useful feature of this virtual RUL simulator is that one can generate a large number of virtual run-to-

failure experiments via a Monte Carlo simulation (MCS). Each of these consists of a T
(i)
F sample representing

an underlying true realization of the time to failure of a component within a population and associated
RULpred,k distributions, assumed to be obtained via fusion of monitoring data with a prognostic algorithm,
simplistically simulating realistic PHM settings. Using these samples, the ratio in Eq. (2) can be evaluated
for quantifying the long-run expected maintenance cost per unit time for a PdM policy. Subsequently, the
metric M corresponding to a decision setting can be estimated via Eq. (6). Introducing this virtual RUL
simulator allows the generation of a large number of samples, with which we investigate the performance of
the three different PdM policies for replacement of Section 2.3 and the uncertainty in estimating the metric
M via Eq. (9) in function of the number of available run-to-failure experiments.

3.2. First decision setting: PdM planning for replacement

To investigate the first decision setting, we generate n = 2 · 103 samples of TF ∼ N(µ = 225, σ = 40)
and corresponding RULpred,k distributions (generated for σln(ϵk) = 0.4). These correspond to n = 2 ·
103 hypothetical components, for which run-to-failure monitoring data, as well as predicted RULpred,k

distributions provided by means of a prognostic algorithm, are assumed available. We employ all three PdM

policies presented in Section 2.3, and for each component we compute the C
(i)
rep and T

(i)
lc for each of the three

policies, for different cost ratios cp/cc. Subsequently, for each policy we evaluate the long-run expected
maintenance cost per unit time via Eq. (2), and estimate the metric M via Eq. (9). In Fig. 3a we plot
the value of M̂ and the associated uncertainty, represented with 95% credible intervals (CIs), in function
of the cost ratio. The red line corresponds to the values of M̂ when using the heuristic PdM policy 1 with
pthres = cp/cc. The blue line corresponds to use of the PdM policy 2, whereas the purple line corresponds

to the PdM policy 3, where option 1 has been chosen for the value of
ET̄F

[Crep]

ET̄F
[Tlc]

. Finally, the green line

corresponds to the optimized heuristic PdM policy 1, wherein the heuristic threshold has been optimized.
The optimal threshold p∗thres is found as the argument that minimizes the metric M , when estimating it

using Eq. (9), with C
(i)
rep and T

(i)
lc found by applying the heuristic PdM policy 1 on each of the n = 2 · 103

components. The values that p∗thres assumes for the different cost ratios are plotted in Fig. 3b. It is noted
that for all cost ratios, the optimal value of p∗thres is smaller than cp/cc.
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Figure 3: Results from virtual RUL simulator with n = 2 · 103 sampled components for σln(ϵk)
= 0.4.

Various conclusions can be drawn from the results of this numerical investigation. For most cost ratios,
the PdM policies 2 and 3, which operate on the basis of the availability of the full RUL distribution, lead
to better performance than the heuristic PdM policy 1 and to reduced uncertainty. For the relatively large
level of prognostic uncertainty considered here (σln(ϵk) = 0.4), the PdM policies 2 and 3 tend to be more
conservative than the heuristic PdM policy, leading to earlier preventive replacements (for some components
significantly earlier) in order to reduce the risk of corrective failure, but also reducing the life-cycle of the
components, especially for low values of cp/cc. The heuristic PdM policy 1 instead informs later preventive
replacements, which is favorable for many components, but at the same time leads to corrective replacements
for some components, even for cases when cc is significantly large. The latter is the reason for its seemingly
worse performance and its associated increased uncertainty in the evaluation of the metric M . Naturally, as
the ratio cp/cc increases, corrective replacements become less critical, and all three policies do lead to some
corrective replacements. It is noted that even with a relatively large number of samples, the evaluation of all
considered PdM policies with Eq. (2), and the estimation of M with Eq. (6), seem to entail non-negligible
uncertainty.

The PdM policy 3 that we propose in Section 2.3.4 proves somewhat less conservative, and thus delivers
better results than the PdM policy 2, which is the one most widely used in literature. Optimizing the
heuristic PdM policy leads to a policy that delivers the best performance among all policies for all cost
ratios. The PdM policy 1, and its optimized version, are characterized by simplicity, fast evaluation, and
universal applicability - as long as the prognostics provide the Pr(RULpred,k ≤ ∆T ). Thus, when enough
training data are available to optimize the heuristic threshold, this simple PdM policy can outperform other
more involved policies. However, in reality, one is typically bounded by the availability of only a limited
number of training data, which involves a rather large uncertainty in the estimation of the long-run expected
maintenance cost per unit time and the metric M . This consequently complicates the task of finding a p∗thres
value that will be optimal also for future components.

The uncertainty in the RUL prognostics is propagated to the subsequent PdM planning task. It is
expected that reduced uncertainty in the RUL predictions given by a prognostic algorithm leads to enhanced
PdM policy performance, and thus to lower values for M . This can easily be shown in the context of the
virtual RUL simulator. Assuming a smaller value of σln(ϵk) corresponds to less uncertain prognostics. Fig. 4a

plots the uncertainty in M̂ that we find with each of the employed PdM policies for the same n = 2 · 103
sampled components as in Fig. 3, but for RUL predictions generated with σln(ϵk) = 0.15. It is clear that

the values of M̂ are significantly reduced compared to the ones reported in Fig. 3. With less uncertain
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(b) The probability threshold that is used as a heuristic decision
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Figure 4: Results from virtual RUL simulator with n = 2 · 103 sampled components for σln(ϵk)
= 0.15.

prognostics, the heuristic PdM policy 1 leads to fewer corrective replacements than in the case with larger
prognostic uncertainty. At the same time, both PdM policies 2, 3 become less conservative compared to the
case with larger prognostic uncertainty. However, they can lead to corrective replacements even for cases with
large cc values, as does the heuristic PdM policy 1. This explains the increased uncertainty in quantifying
the metric M with these two policies, when compared to Fig. 3. For small prognostic uncertainty, all three
PdM policies lead to comparable results. The optimized heuristic PdM policy 1 again leads to superior
performance, further showcasing the benefit of optimizing decision thresholds within simple heuristic PdM
policies. Fig. 4b plots the optimal heuristic threshold p∗thres.

4. Case study: predictive maintenance of degrading turbofan engines

In this section we investigate the proposed metric in conjunction with the different PdM policies for com-
paring different RUL prediction algorithms on a PHM benchmark problem, which involves the degradation
simulation of a turbofan engine [17]. The data set is publicly available through the NASA Ames Prognostics
Data Repository [19].

4.1. CMAPSS dataset

Performance degradation histories of a turbofan engine due to wear and tear were numerically generated
using the simulator C-MAPSS [67]. The engine is simulated under different flight conditions and the effect of
performance degradation is introduced in one of the engine modules in the form of an exponential degradation
model. The data consists of 14 input variables, which specify the configuration parameters of the simulation,
21 output variables, which provide a measurement snapshot of the response of the system during or after each
flight, and 3 variables that describe the operation modes of the engine. The simulations are performed for
a number of engine units and they are randomized in the sense that different initial conditions, degradation
and noise parameters are selected for each scenario. The dataset contains four data subsets which have been
generated with different simulation settings.

At the start of each unit simulation, the engine is normally operating and a fault is introduced in
a certain time instance, with the parameters controlling the direction of the failure evolution trajectory
randomly selected. The reader is referred to the paper describing the benchmark problem for further details
[17]. The simulations and the corresponding datasets are split into two parts: i) a training set that contains
simulation data, wherein the fault grows in magnitude up to system failure, and ii) a test set that contains
simulation data up to a point before system failure. It should be noted that this benchmark dataset has
been developed for prediction purposes, with the aim of challenging the development of RUL predictors that
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are to be evaluated on the test set. However, this study is concerned with the decisions towards optimal
PdM planning and as such, the results reported in this section are derived using the FD001 training set,
which contains simulation data up to system failure and therefore offers the possibility of exploring the
entire decision space. The original training set is split into a training and a test subset, with the former
used for the training of prognostic models, as described in the following section, and the latter used for the
evaluation of these models with the PdM policies.

For the purpose of the investigations in this paper, the task of PdM planning for each engine unit is
simplistically considered as a problem for planning order and replacement actions for a single component.
Turbofan engines are complex machinery systems, whose maintenance is in practice planned by taking
multiple system-level considerations and logistic constraints into account (e.g., shop loading, parts lead time,
consolidated repair planning, etc.). These are not reflected in the simple PdM decision settings considered
in this section, but may form part of future investigations.

4.2. Prognostic models

Data-driven prognostic models can be considered as mapping functions from a set of input parameters
x ∈ Rnx , which represent the available system response information, to a set of output quantities of interest
y ∈ Rny , so that F : x → y. This mapping can be expressed by the following mathematical model

y = FH (x,p) , (26)

where p denotes a set of model-specific parameters, which can be estimated from the training data and are
used to configure the structure of the underlying model, and H is the vector of model hyperparameters that
are external to the model, and whose values are not estimated through the training process. The output
quantity of interest (QoI) y is either some health indicator, which is used for inference of the RUL, or the
RUL itself. Prognostic regression models predict the output as a continuous variable, whereas prognostic
classifiers predict the class to which the output belongs, among certain user-defined classes. For the latter,
with the RUL being the output QoI, in this case study the training data are labeled according to decision-
relevant intervals ∆T . For example, a class may be defined that corresponds to RUL ≤ ∆T .

The PdM policies considered in this paper, as presented in Section 2, rely on the availability of a
probabilistic output FH (x,p) from prognostics. Specifically, the heuristic PdM policies defined in Eqs. (10),
(19) and (20) require at each time instant tk queries on the general model of Eq. (26) in the form of the
conditional probability

zk = Pr (y ≤ ȳ|x = xk) , (27)

which essentially enables the evaluation of the probability of the output variable y reaching a limit point ȳ,
conditional on the current sensing information xk of the input variables x. On the other hand, evaluation
of the PdM policies described by in Sections 2.3.3 and 2.3.4 requires the model output to be delivered in
the following form

zk = fy,k(y, t|x = xk), (28)

where the conditional PDF fy,k(y, t|x = xk) at tk is a function of the output variables y and time t.
The training process of data-driven models aims at finding the optimal values of the model specific

parameters p that minimize an appropriate error metric using the available training set of input and output
data points. In this work, the error metric is chosen as the mean squared error (MSE) for regression models
and the log loss function for classification models [68].

The selection of hyperparameters H for each type of model is typically carried out through an optimiza-
tion step that minimizes the prediction error evaluated on a set of test or validation data points that are not
seen during training. In this work, we instead propose a decision-oriented optimization of hyperparameters:

H∗ = argmin
H

M (Zk) , (29)

which aims at extracting the optimal hyperparameter configuration that minimizes the proposed metric M ,
which is defined in Eq. (5), and depends on the model output sequence Zk = [z1 z2 . . . zk] as well as the
corresponding decision setting and adopted PdM policy.

14



Figure 5: Flowchart of the adopted data-driven predictive maintenance decision process

For the current case study, four different data-driven models are implemented for delivering RUL pre-
dictions. Firstly, a Long Short-Term Memory (LSTM) network classifier is constructed in the Keras Python
library with the adopted architecture identical to the one proposed in [37]. The network consists of an input
layer, that receives as input a sequence of features, two hidden layers and an output layer, that delivers the
label of the estimated RUL with an associated probability. The second model is a Gaussian naive Bayesian
(GNB) classifier, whereby the RUL prediction is again treated as a classification problem [69]. In this case, a
parent node is used to model the RUL, which can have a healthy or close-to-failure label that is determined
on the basis of the conditional probabilities of each sensor signal. In order to optimize the classification
performance, only a subset of the available sensor channels is used, which is constructed from the signals
with the highest monotonicity. A similar feature selection step is applied to the third adopted model, a
Decision Trees (DTs) classifier [70], which is estimated using a maximum depth of four so as to prevent
overfitting. Finally, the fourth model implements Bayesian filtering of an exponential degradation (EXP)
model for performing regression tasks. The EXP regression model relies on the fitting of an exponential
model to the first principal component of the sensor data [25]. The EXP model parameters are initially
extracted by fitting the model to each of the training run-to-failure data sequences, and the sample-based
statistical properties of the parameters are used as priors in the prediction phase. Thereafter, the model pa-
rameters are sequentially updated upon availability of new sensor measurements, using a Bayesian filtering
algorithm [71], which delivers the particle-based RUL distribution at each step.

It should be mentioned that the scope of this case study is not the comparison of predictive capabilities of
the specific modeling approaches, but the investigation of the metric M and the associated decision policies
as a means to compare/evaluate different prognostic algorithms. For the sake of brevity, and due to the fact
that all examined models are widely studied in the literature, the reader is referred to the corresponding
sources [29, 37, 69, 70, 72, 73] for further information on the mathematical background and the theoretical
assumptions of each model.

The adopted steps for PdM planning using all four models are highlighted in Fig. 5. Concretely, the
available data from all sensing channels are initially passed through a preprocessing layer, which essentially
consists of i) a normalization step, so that all variables are scaled to a standardized range, ii) the labeling of
RUL values for the case of classification models, and iii) a smoothing step, which is equivalent to filtering.
Thereafter, the features of data to be used as inputs for each model are selected and the training phase is
carried out using the training dataset. The remaining data are then used to evaluate the algorithms through
the proposed metric M . As such, the data-driven prognostic models are trained using an 80% partition of
the FD001 dataset, which contains run-to-failure monitoring data from 100 units, i.e., from 100 different
degrading engine modules. For the purpose of our investigations, as explained above, this training set is
split into data from 80 units that we use for the training, and data from the remaining 20 units that we
employ for the evaluation of the different PdM policies and the metric M.

4.3. First decision setting: PdM planning for replacement

For the first decision setting, it is assumed that preventive replacement actions can only be performed
at discrete points in time tk = k ·∆T , for ∆T = 10 flight cycles. The heuristic PdM policy 1 requires the
probability Pr(RULpred,k ≤ ∆T ) as input from the prognostics (see Eq. (10)). During the training process
of the LSTM, GNB and DT prognostic classifiers, the output RUL data are labeled into two distinct classes,
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one corresponding to RUL > ∆T and the other to RUL ≤ ∆T . In this way, the trained classifiers directly
output Pr(RULpred,k ≤ ∆T ) as the associated class probability. With the exponential model, at each time
step tk, the RULpred,k is directly given as output in the form of a vector x of np weighted samples with a
corresponding vector of weights w, obtained via particle filtering [74, 75]. The required probability is then
queried as

Pr(RULpred,k ≤ ∆T ) =

np∑
i=1

L0/1

(
x(i) ≤ ∆T

)
· w(i), (30)

where L0/1 denotes the 0-1 loss function [68].
On the other hand, the PdM policies 2 and 3 require prognostic input in the form of the full PDF

fRULpred,k
(t). To this end, for all considered prognostic models, some additional post-processing is required.

In the case of the exponential model, one simply has to fit the parameters of an appropriately chosen
distribution type to the weighted samples x. In the case of the LSTM, GNB, DT prognostic classifiers,
given the training routine that we describe in the previous paragraph, the sole prognostic output is the
Pr(RULpred,k ≤ ∆T ), i.e., a single evaluation of the cumulative distribution function (CDF) of RULpred,k.
Fitting the CDF of a chosen distribution type to a single available CDF value is challenging. To tackle this
problem, for each classifier type, we choose to simultaneously train two classifiers. Let us, for illustration
purposes, consider the LSTM model. We train one LSTM model which outputs the Pr(RULpred,k ≤ ∆T ),
and a second LSTM model which outputs another probability, e.g., the Pr(RULpred,k ≤ 2 · ∆T ). In such
a manner, two values of the CDF are obtained, which enables fitting a chosen distribution type with two
parameters. In all models, the lognormal distribution is chosen to model fRULpred,k

(t).
Fig. 6 plots the results for the metric M computed via the four employed prognostic models for different

assumed cp/cc cost ratios. Specifically, Fig. 6a plots the results obtained with each model when employing
the heuristic PdM policy 1, whereas Fig. 6b corresponds to the results obtained when employing the here
proposed PdM policy 3, which we found to perform better on this dataset compared to the PdM policy 2,
which also operates on the basis of the full RUL distribution as input. We thus choose not to include the
results obtained with PdM policy 2 in the plot. An initial observation is that, for this specific case study,
and for the specific prognostic models, the PdM policy 1 leads to better decisions than the PdM policy 3 for
all prognostic models, with the exception of the DT classifier, for which the results are comparable. This
result might appear inconsistent with the results obtained in the theoretical investigations of Section 3.

Due to the large uncertainty involved in estimation of M with limited data, a general statement should
be made with care. In the current case study, we are limited to 80 available units for training and 20 units
for evaluation, which implies presence of significant variability in the results. In particular, evaluation of M
on 20 units via Eq. (6) is subject to significant statistical uncertainty. Even though the results in Fig. 6b
appear rather worse than the results in Fig. 6a, this difference occurs even if the decisions triggered by the
two distinct policies are in effect not so different. As an example, let us consider the LSTM model, and the
cost ratio cp/cc = 0.1. With PdM policy 1 we find M̂ = 1.62%. This corresponds to preventive replacements
informed at TR=[230, 200, 290, 260, 180, 260, 170, 200, 210, 150, 130, 330, 150, 250, 280, 330, 190, 150, 180,
190] cycles for the 20 evaluation units and no corrective replacement. Correspondingly, with PdM policy
3 we obtain M̂ = 4.76%, which corresponds to preventive replacements informed at TR=[220, 200, 280,
250, 170, 250, 160, 200, 200, 140, 130, 330, 150, 240, 270, 320, 190, 150, 170, 180] cycles. Comparing the
two vectors shows that the difference in M̂ originates from the fact that PdM policy 3 informs preventive
replacement one decision time step earlier than the PdM policy 1 for some components.

The metric M provides a formal decision-oriented metric, on the basis of which one can assess and
compare the performance of different prognostic models within the context of a given decision setting and
a fixed PdM policy. The results in Fig. 6a reveal that the LSTM prognostic classifier delivers the best
performance among all four prognostic models with respect to PdM planning for replacement. The other
three models seem to deliver comparable performance. A practitioner could interpret the difference in the
results obtained via the different prognostic models in Fig. 6 as the percentage of cost savings that using
algorithm x for PdM planning could provide compared to using algorithm y. Naturally, the metricM entirely
depends on the choices related to the decision problem, such as, e.g., the values assigned to the costs cp, cc.
Using M as a performance metric has various advantages. Typically, most widely used performance metrics,
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Figure 6: Evaluation of the metric M in conjunction with a prognostic model and a PdM policy for planning replacement, as
a function of different cp/cc cost ratios. The LSTM prognostic classifier gives the best performance with respect to M .

such as the ones in [14, 52], or standard metrics such as the MSE of predictions, rely upon a regression
type of prognostic outcome. They can therefore not easily compare, e.g., the performance of prognostic
regression models directly against prognostic classifiers. This is not the case when using metric M , with
which any two models can be compared, as long as their prognostic output can be provided as input in the
fixed PdM policy. Furthermore, ideally the performance of a prognostic algorithm should be appraised at
later prediction stages, when the decisions for preventive replacements actually become relevant, which is
what metric M does. Testing a prognostic algorithm with respect to how well it can predict the exact RUL
value at an early point in time might provide impractical conclusions.

In Section 2.3.2 we discussed optimizing the heuristic threshold in PdM policy 1, and in Section 3.2 we
showed that this can lead to a significant improvement in the PdM decision-making, quantified with respect
to metric M . This process is also performed in the context of the current case study within the training
phase. Specifically, we employ the heuristic decision rule of Eq. (10) and we search for the optimal value
p∗thres that leads to minimization of M̂ when evaluating the PdM policy 1 on the 80 training set units. We

then employ the heuristic decision rule of Eq. (10) with the optimal value p∗thres for evaluating M̂ on the

remaining 20 test set units. The values that the metric M̂ assumes for each prognostic model with the
corresponding optimized heuristic PdM policy 1 are plotted in Fig. 7a, demonstrating the non-negligible
improvement in the decision-making.

The optimal values of p∗thres found for different cp/cc ratios are plotted in Fig. 7b. It may appear
surprising that p∗thres assumes a large and constant value along the whole cp/cc axis for most of the models.
The reason is that the specific models considered here seem to deliver an overestimation of the classification
or regression probabilities. p∗thres assumes a large value in order to correct for this bias. Furthermore, the
fact that the optimization of pthres is performed on a limited number of units is the reason for which p∗thres
assumes constant values over the cp/cc axis for most models.

It should be noted that despite the improvement in the decision-making performance upon optimizing
pthres, a risk always exists in terms of introducing an over-relaxation in the probability space, which can
lead to corrective replacements. This might be acceptable for large cp/cc cost ratio values (e.g., see Fig. 8b),
however, it can lead to significantly poor performance at small cost ratios, where a single corrective replace-
ment is strongly weighted. An illustrative example of such a case is shown in Fig. 8a. For this studied case,
the optimal threshold p∗thres = 0.85 is found, which is the value that best accounts for the probability bias
that is present in the employed LSTM model. This value results in no triggering of corrective replacements
when employing this PdM policy on the 80 training units, and is also the value for which early preventive
replacements are minimized. However, a small increase in pthres (changing its value to 0.9) leads to a very
large increase in the value of M . This occurs as 2/80 components fail, inducing the very large cc cost.
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Figure 7: Optimizing the heuristic decision threshold for the heuristic PdM policy 1 within the training process.
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Figure 8: Risk associated with optimizing pthres in the heuristic PdM policy 1

4.4. Second decision setting: PdM planning for component ordering and replacement

In this section, along with the considerations of Section 4.3, we further consider that a component is
readily available for replacement only if it was ordered on time. A component should be ordered at a time
informed by the heuristic PdM policy of Section 2.4.2. A deterministic lead time L = 2 · ∆T = 20 cycles
is assumed, which is the time from component ordering to delivery. The heuristic PdM policy requires the
probabilities Pr(RULpred,k ≤ w + ∆T ) (see Eq. (19)) and Pr(RULpred,k ≤ ∆T ) (see Eq. (20)) as input
from the prognostics. To this end, during the training process, the output RUL data are labelled into three
distinct classes, and the considered prognostic classifiers are trained as multiclass classifiers.

Fig. 9a plots the results for the metric M computed via the four employed prognostic models for varying
cc cost, fixed costs cp = 100, cunav = 10, cinv = 1 and heuristic threshold values prepthres = porderthres = cp/cc.
The LSTM prognostic classifier delivers the best performance with respect to PdM planning for component
ordering and replacement, with the other three models delivering comparable performance. For all four
models, the metric M assumes significantly higher values than those of Fig. 6a, owing to the additional
costs related to late ordering and holding inventory of a component. Naturally, the magnitude of M strongly
depends on the chosen cp, cc, cunav, cinv costs.

The heuristic decision rule of Eq. (20) determines the PR versus DN action without taking into account
whether or not a new component is in stock. This proves to be a suboptimal choice, especially when the
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Figure 9: Evaluation of the metric M in conjunction with a prognostic model and the heuristic PdM policy of Section 2.4.2 for
planning component ordering and replacement. M̂ is plotted as a function of cc values varying in the range [120, 5000]. The
remaining costs are fixed: cp = 100, cunav = 10, cinv = 1.

cunav value is non-negligible. Let us take the LSTM model and the engine unit with ID=100 (with true
failure time at 200 cycles) as an example, for cc = 1000. The heuristic PdM policy informs component

ordering at T
(i)
order = 170 cycles, and a preventive replacement already at the next decision time step, i.e., at

T
(i)
R = 180 cycles with component unavailability, which based on Eq. (15) induces C

(i)
delay = 100. Hence, this

simple heuristic PdM policy should be improved in the future.
For the LSTM model, we additionally perform an optimization of the two heuristic thresholds on the

training data. We then employ the heuristic PdM policy with the optimal values porder
∗

thres = 0.11 and

prep
∗

thres = 0.5 for evaluating M̂ on the test set units. The results plotted in Fig. 9b demonstrate that this
threshold optimization leads to a significant improvement of the policy.

5. Concluding remarks

In this paper, we introduce a decision-oriented metric M for assessing and optimizing data-driven prog-
nostic algorithms. The proposed metric assesses and optimizes algorithms by accounting for their effect on
downstream predictive maintenance (PdM) decisions that are to be triggered by their predictions (outputs).
Hence, it is defined in association with a specific decision setting (context) and a corresponding PdM policy,
which informs the maintenance actions based on input uncertain Remaining Useful Life (RUL) predictions.
Here, we specifically define and discuss the metric within two common PdM decision settings: i) compo-
nent replacement planning and ii) component ordering-replacement planning. We numerically investigate
the metric with the aid of: 1) a hypothetical virtual RUL simulator and 2) an application case study re-
lated to turbofan engine degradation, for which a run-to-failure dataset is readily available (the CMAPSS
dataset). For the latter case study, four data-driven prognostic models for classification and regression are
employed. We tune the hyperparameters of these algorithms and assess their performance on the basis of
the decision-oriented metric M .

For component replacement planning, we discuss two PdM policies of varying complexity that are most
commonly used in the PHM literature. The first policy is a simple heuristic policy, which informs replace-
ment via imposing a heuristic threshold on the probability of RUL exceedance at the next decision time
step. A significant improvement to this policy occurs when optimizing the value of the heuristic threshold.
The optimal value is found as the argument that minimizes the metric M estimated on n run-to-failure
experiments contained in the training dataset. The second policy operates on the basis of the availability of
the full RUL distribution, and searches for the optimal future time to replacement. This is done with the
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aid of a renewal-theory based objective function. This objective function, which is derived from assump-
tion adopted in state of the art literature, incorrectly assumes that the predicted distribution of the time
to failure of the component corresponds to the underlying distribution of the time to failure of the whole
population of components. We here clarify this, and propose an alternative objective function that refrains
from this assumption, which is shown to lead to an enhanced performance. For the CMAPSS case study, the
Long Short-Term Memory (LSTM) network classifier is shown to deliver the best performance with respect
to PdM for replacement planning.

For component ordering-replacement planning, we restrict ourselves to one simple heuristic PdM policy,
which informs ordering and replacement via heuristic thresholds on the probability of RUL exceedance
in future decision time steps. For the CMAPSS case study, the LSTM classifier outperforms the other
implemented prognostic models. We show that optimizing the value of the heuristic thresholds leads to a
considerable improvement of this PdM policy.

The availability of monitoring datasets from run-to-failure experiments is essential to a data-driven
evaluation of the proposed metric. This could potentially free the analyst altogether from the need of a-
priori defining a stochastic model describing the deterioration process. Availability of only a limited amount
of such data, however, poses a bottleneck for this evaluation, as it leads to an estimate with fairly large
variability. For instance, in the CMAPSS case study, we see that 20 run-to-failure samples are not sufficient
for obtaining a reliable estimate of the metric M .

A promising avenue of future research relates to training of prognostic algorithms to directly output a
decision within a certain decision setting. This idea deviates from what is presented in the PdM policies
in this paper, where a prognostic algorithm is bounded to output RUL predictions that are subsequently
used as an input for RUL-based PdM policies. Instead, prognostic algorithms could be trained to receive
monitoring data as input, and directly output decisions, whereby the PdM policy can be learnt during the
training process, e.g., via deep reinforcement learning [76, 77]. Such advanced policies will typically need
to be calibrated to the specifics of the cost model, deterioration processes and monitoring data, and would
require the availability of a large amount of training data.
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