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Abstract

Modern assets are continuously monitored by sensors. As a result, large datasets on the health condition
of these systems are often available. Using supervised machine learning, recent studies have leveraged such
data to generate remaining useful life (RUL) prognostics. Here, the focus of the machine learning regressors
is on achieving prognostics of high accuracy. Once obtained, in a second stage, these prognostics are usually
integrated into maintenance planning optimisation models. However, aiming for high accuracy prognostics
in a first stage does not guarantee that the maintenance costs are also minimized in a second, maintenance
planning stage. To address this, we propose an end-to-end, dynamic framework for the predictive main-
tenance problem that integrates the planning stage into the prediction stage. For this, the maintenance
costs are directly estimated from sensor data, instead of being derived based on RUL prognostics. We apply
our end-to-end framework for the maintenance planning of a fleet of electric Vertical Take-Off and Landing
(eVTOL) aircraft equipped with Lithium-ion batteries. We show that, when compared to state-of-the-art
prognostics-based maintenance planning, the proposed framework reduces the number of battery failures by
24% and the total maintenance costs by 9.4%. Overall, our framework proposes an effective, data-driven
paradigm for an end-to-end predictive maintenance planning.

Keywords: predictive maintenance planning, end-to-end maintenance, electrical Vertical Take-off and
Landing aircraft, prognostics, predict-and-optimize

1. Introduction

Modern assets are continuously monitored by an increasing number of sensors that generate large amounts
of data. Think of monitoring emerging technologies, for example, wind turbines, high-speed railway systems
and trains, or aircraft [1, 2]. Such data is used to foresee faults and failures, or to obtain Remaining
Useful Life (RUL) prognostics. This information enables the optimization of maintenance planning of assets
[3, 4, 5, 6]. This is often referred to as predictive maintenance planning.

Recent studies on predictive maintenance propose two-stage approaches where the RUL prognostics
and maintenance planning are decoupled [7, 8, 9, 10, 11, 12]. In the first stage, condition monitoring
measurements are used to estimate the Remaining Useful Life (RUL) of each individual asset using, for
example, supervised machine learning [11]. The RUL prognostics are typically estimated as a point values,
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for example for turbofan engines using a convolution neural network [13, 11]. More recent studies have also
focussed on developing probabilistic estimates of the RUL, by e.g. [4]. In the second stage, these RUL
prognostics are integrated into maintenance planning for a set of assets, with limited maintenance capacity.
This is implemented as e.g., a threshold-based approach [9], an integer linear program [11], a Markov
Decision Process [14, 15], a Model Predictive Control [16], a Reward-Renewal process [17]. The advantage
of such a two-stage approach is that is allows for a modular combination of data-driven, asset-specific RUL
prognostics and advanced maintenance planning models.

In the first stage of such approaches, the focus is on obtaining RUL prognostics with a high accuracy
such that the difference between the actual RUL and the estimated RUL is minimal. However, in the second
(planning) stage, an improvement in the accuracy of RUL estimates does not guarantee an improvement in
the maintenance planning decisions and the associated costs. The performance gap in terms of these costs
is measured by the decision regret: the difference between the true cost obtained with an optimal decision
based on perfect RUL prognostics (Oracle) and the true cost obtained with decisions based on the data-
driven generated RUL estimates. The reason behind this gap is the fact that the RUL prognostics, even
when their accuracy is high, are obtained with machine learning models that are oblivious of the objectives
of the maintenance planning models. Overcoming this problem requires feedback from the maintenance
planning model (second stage) towards the RUL regressor (first stage).

For general optimization problems with uncertain variables, end-to-end frameworks have been recently
introduced to account for the shortcomings of two-stage planning approaches [18, 19, 20]. This class of
problems is referred to as Predict-Then-Optimize (PTO) problems. In end-to-end optimization, similar to
the two-stage approaches, a machine learning regressor is trained to estimate the model parameters from
measured data. In such end-to-end approaches, however, the regressor is trained with knowledge of the
optimization problem itself. This is performed by integrating the decision regret in the training of the
regressor. Several end-to-end algorithms have been developed for this, such as the Smart Predict-then-
Optimize (SPO+) loss [21, 22, 23], the differentiable black-box solver [24], and the differentiable perturbed
optimizer (DPO) [25]. For an overview of end-to-end optimization frameworks, see Tang and Khalil [26].

In this paper, we propose an end-to-end framework for data-driven, dynamic predictive maintenance
planning of a set of assets. Our approach uses health-monitoring measurements to estimate maintenance
planning costs, while incorporating the decision regret into a loss function which expands the existing SPO+
loss. This approach is distinct from existing studies on predictive maintenance that use a two-stage approach
where data is used in the first stage to estimate the best possible RUL estimates, while these estimates
are further used for maintenance planning in a second stage [4, 11, 13]. In this paper, instead, decision
regret-minimizing prognostics are made. Compared to standard end-to-end optimization frameworks, our
approach differs in two ways. Firstly, we consider the case when the sensor measurements are uncorrelated
across assets. This is a relevant consideration in practice, where assets (in our case, batteries) are used
independently of each other. This consideration is leveraged by designing and training the machine learning
algorithm to generate maintenance costs for each asset separately. This approach, however, is different
from conventional end-to-end frameworks, where all unknown parameters are estimated by a single machine
learning model, allowing faster training. Secondly, we assume that the maintenance planning decisions can
be re-evaluated over time. This is leveraged by formulating the problem as a rolling horizon model, instead
of the conventional single stage decision problem used for end-to-end optimization frameworks. Lastly, for
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every stage in the rolling horizon, we formulate the maintenance planning problem as an Integer Linear
Program (ILP).

To the best of our knowledge, this is an innovative approach for maintenance planning problems specifi-
cally designed for predictive maintenance. When compared with a Markov Decision Process, this approach
scales well for a larger number of assets, and does not require the formulation of states and transition prob-
abilities. Compared to an end-to-end unsupervised learning approach to optimize maintenance planning,
such as reinforcement learning [27], the model requires less data to be trained on, and provides more robust
maintenance policies. Concluding, this approach offers a method to perform predictive maintenance for
applications with large instances, with limited training data, and without the need to artificially construct
states and transition probabilities. Additionally, the use of an ILP provides transparency to the overall
planning approach.

We illustrate our approach for battery maintenance of a fleet of electric Vertical Takeoff and Landing
(eVTOL) aircraft. These aircraft are an emerging technology considered for passenger transport, delivery,
or emergency support. We compare our approach with conventional two-stage maintenance planning ap-
proaches, which make use of RUL prognostics. The results show that our end-to-end framework leads to a
21% reduction in the total number of unforeseen Li-ion battery failures when compared to the (best-case)
two-stage maintenance planning framework. In this context, we also show that our approach reduces the
decision regret (of maintenance costs) by 30%.

The main contributions of this paper are:

• We develop an end-to-end, dynamic framework for predictive maintenance of a set of assets, where
the health condition measurements of the assets are directly informing the maintenance scheduling
model. This is in contrast with the majority of studies on predictive maintenance that use a two-stage
approach where in the first stage data-driven RUL estimates are obtained, which are informing the
maintenance scheduling model in a second, independent stage [28, 9, 11].

• We show that predictive maintenance planning for a set of assets can be formulated as a general end-to-
end optimization problem [26]. Distinct from general end-to-end optimization problems, we decompose
the end-to-end optimization problem into identical maintenance planning problems for each individual
asset. This is enabled by the fact that the sensor measurements are uncorrelated across assets.

• We apply our framework to plan maintenance for Li-ion batteries of a fleet of eVTOL aircraft. We show
that this method increases the reliability of the maintenance schedules while reducing costs compared
to a two-stage predictive maintenance approach.

The remainder of the paper is structured as follows. In Section 2, the maintenance planning problem
for a set of assets is introduced. In Section 3 we discuss the predictive maintenance planning model formu-
lation. We discuss the conventional two-stage predictive maintenance planning models, based on estimates
of the Remaining Useful Life of the assets. After this, we introduce our proposed end-to-end predictive
maintenance planning framework. This method is compared with other stochastic predictive maintenance
planning frameworks. In Section 4, we apply our framework for the case of maintenance planning of Li-ion
batteries of a fleet of eVTOL aircraft. The results of this case study are presented in Section 5. Conclusions
are given in Section 6.
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2. Predictive maintenance planning for a set of assets

We consider a set A of assets and a maintenance planning horizon of days D. The state-of-health of
each asset degrades over time until an asset failure (the end-of-life is reached). When this occurs, the asset
is immediately maintained to a good-as-new condition and a large penalty cunscheduled is incurred.

Each asset is continuously monitored by sensors: let xa ∈ Rn denote the measurements of asset a ∈ A at
the start of day d ∈ D, where n denotes the number of sensor measurement features. These measurements
provide information on the health condition of the assets.

To avoid failures, this data may be leveraged to preemptively maintain assets. The costs of preventive
maintenance are creplace ≪ cunscheduled. At most H assets can be replaced per day. For both working and
failed assets, maintenance takes an entire day.

At the start of the current day d0 ∈ D, maintenance is planned for days d0 + 1, d0 + 2, .... Maintenance
that needs to be performed exactly on the current day d0 is fixed. Next, we shift to the new current day
d0 + 1 and the maintenance planning horizon d0 + 2, d0 + 3, ....

We are interested in determining which assets should be scheduled for replacement by leveraging the
measurements (xa)a∈A. We aim to determine an optimal replacement day for each assets such that (1)
failures are avoided due to high failure costs, while (2) assets are used as long as possible, or equivalently
the wasted life of the assets is minimized.

3. Predictive maintenance planning model formulation

In this section we introduce four modeling paradigms for the dynamic predictive maintenance planning
problem from Section 2. Firstly, we consider the maintenance planning model for the idealized case in which
the actual RUL of each asset is known in advance (an oracle perspective). We next consider the same
planning problem, but for the case when the RUL is not known in advance (the realistic perspective). For
this, we propose three algorithms where: (i) only a point estimate of the actual RUL of the assets is obtained
at various moments in time based on the sensor measurements of these assets; these estimates then become
the input of a maintenance planning model (Section 3.2.1), (ii) the distribution of the actual RUL of the
assets is obtained at various moments in time; these estimated distributions then become the input of a
maintenance planning model (Section 3.2.2), and (iii) the sensor measurements are directly used to estimate
the cost coefficients of the same maintenance planning model (Section 3.3) without the intermediate step
of estimating the RUL of the assets. This section concludes with a conceptual comparison between this
method and other stochastic predictive maintenance planning methods.

Algorithm 1 shows the rolling horizon predictive maintenance framework. We consider planning main-
tenance of a set A of assets. At the start of the current day d0 ∈ D, the (unknown) Remaining Useful
Life (RUL), i.e., the days until the end-of-life, of asset a is denoted by ra. The assets which failed on
d0 − 1 and the assets which are scheduled for maintenance on d0 are denoted by Af and As, respectively.
At the start of the current day d0 we plan replacements of the assets a ∈ A′ = A \ (Af ∪ As) within
a time window Dd0 = {d0 + 1, ..., d0 + k} , k ≥ 1. The replacements planned exactly on d0 are fixed.
After planning and performing maintenance, we shift to the next day d0 + 1, the next planning window
Dd0+1 := {d0 + 2, ..., d0 + k + 1}, and re-compute the maintenance schedule, see also Figure 1.
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Figure 1: Illustration of the maintenance planning time window at current day d0, with k = 20, Dd0 = {d0 +1, d0 +2, ...d0 +20}.

For maintenance planning, we consider a linear programming formulation. At d0, the decision variables
considered are:

yad =

1, if maintenance for asset a is scheduled on day d0 + d,

0, otherwise,
(1a)

ypostpone
a =

1, if maintenance for asset a is not scheduled in Dd0 ,

0, otherwise,
(1b)

with d ∈ {1, ..., k}. For any asset a ∈ A′, let ya = (ya1, ..., yak, ypostpone
a )T . Let y = (ya)a∈A′ denote the

vector of all decision variables.

Algorithm 1: Rolling horizon predictive maintenance planning for a set of assets.
Data: Set of assets A, days of operations D, hangar capacity H, maintenance costs cunscheduled and

creplace.
Result: Maintenance schedule at total cost C

1 Initialize C = 0;
2 Initialize scheduled maintenance days for assets for a ∈ A: da ← None ;
3 for days d0 ∈ D do
4 Obtain the condition measurements xa from the assets a ∈ A;
5 Obtain the failed assets Af ⊂ A, and the to-be-maintained assets As = {a ∈ A : da = d0};
6 Set A′ = A \ (Af ∪ As);
7 Plan maintenance for assets A′, obtain the decision variables y and ypostpone (Section 3.1, 3.2,

3.3) ;
8 for asset a ∈ A′ do
9 Set da ← d0 + d if yad = 1 or da ←None if ypostpone

a = 1;
10 end
11 Use assets A′ for operations;
12 Perform maintenance on assets Af ∪ As;
13 Set C ← C + cunscheduled|Af |+ creplace|As|;
14 end

3.1. Oracle maintenance planning

We first consider the situation in which the actual RUL of the assets is known in advance. As before,
let ra denote the actual RUL of asset a ∈ A′ at d0. We aim to determine an optimal maintenance schedule
for all assets a ∈ A′. Clearly, the optimal moment to replace asset a is at d0 + ra. The cost to maintain an
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asset a ∈ A′ in d days such that d + d0 ∈ Dd0 , given RUL ra is:

c(d, ra) = creplace

L
(ra − d)+ + cunscheduled − creplace

L
(ra − d)−, (2)

where creplace and cunscheduled are the costs of a planned replacement, and of an unscheduled replacement
due to a failure, respectively (see Section 2). Also, L denotes a nominal useful life of the assets. In case the
replacement is postponed to the next planning window, the following cost cpostpone is incurred:

cpostpone(ra) = cunscheduled − creplace

L
(ra − k − 1)−. (3)

For any asset a ∈ A′, let:

ca = h(ra) := (c(ra, 1), ..., c(ra, k), cpostpone(ra))T ∈ Rk+1, (4)

Let c = (ca)a∈A′ denote the vector of all maintenance costs.
We consider the following optimization model to plan maintenance for the set A of assets:

min
y

cT y, (5a)

s.t. 1
T ya = 1 ∀a ∈ A′, (5b)∑

a∈A
yad ≤ H ∀d ∈ {1, ..., k}, (5c)

ya ∈ {0, 1}k+1 ∀a ∈ A′. (5d)

Here, equation (5a) gives the cost of the planned maintenance. Constraints (5b) ensures that for each asset,
maintenance is planned or postponed, where 1 denotes the all-ones vector. Constraints (5c) ensure that the
hangar capacity is not exceeded. Last, constraints (5d) ensure that the variables take binary values.

3.2. Two-stage algorithms for the predictive maintenance problem

The RUL ra of an asset a ∈ A is in fact not known in advance. By extension, the cost vector ca is also
unknown. What is often available are sensor measurements xa continuously recorded for an asset a. As such,
predictive maintenance planning is a Predict-Then-Optimize (PTO) problem [26]. Many studies leverage
this data xa, using for example machine learning regressors g(xa, θ) to estimate the RUL of asset a ∈ A′.
Subsequently, the estimated RUL is considered in maintenance planning models to generate maintenance
cost estimates ĉ [11]. We note that this approach is a two-stage PTO approach in the sense that the
training of the machine learning regressors for RUL estimation, and the generation of the RUL estimates is
performed independent of the maintenance planning models and without knowledge of creplace, cunscheduled,
and the average asset lifetime at the moment of RUL generation.

In the following, we distinguish between i) a two-stage maintenance planning where g generates a point
estimate of the RUL (2S-P algorithm, Section 3.2.1), and ii) a two-stage maintenance planning where g

generates a distribution of the RUL (2S-D algorithm, Section 3.2.2). All algorithms are summarized in
Table 1.
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Table 1: The Oracle, the two-stage maintenance planning with RUL Point estimates r̂a (2S-P, Sec. 3.2.2), the 2Stage main-
tenance planning with RUL Distribution estimates p̂a (2S-D, Sec. 3.2.2), and the End-to-end Maintenance (E2E-M, Sec. 3.3)
planning for asset a in a rolling horizon framework. Here, xa is the sensor data of asset a, g, and f are machine learning
regressors with parameters θ, and h are cost functions.

Oracle Two-stage planning E2E-M planning2S-P 2S-D

Data-driven esti-
mated variable

n.a. RUL point
estimate r̂a

RUL distribution
estimate p̂R

a

Maintenance cost
coefficients ĉa

RUL estimate actual RUL ra r̂a = g2SP(xa, θ2SP) p̂R
a = g2SD(xa, θ2SD) none

(first stage) (first stage)
Maintenance costs ca = h(ra) ĉa = h(r̂a) ĉa = h2SD(p̂R

a ) ĉa = f(xa, θE2E)
estimate (second stage) (second stage)

3.2.1. Two Stage predictive maintenance planning with RUL Point estimates (2S-P)
Conventionally, a two-stage approach for the predictive maintenance problem uses RUL point estimates

(a 2S-P approach) [5]. Figure 2 shows such an 2S-P approach.

Stage 1:
A machine learning regressor g2SP with parameters θ2SP generates point estimates of the RUL of an asset

a ∈ A′: r̂a = g2SP(xa, θ2SP), where xa are sensor measurements. It estimates the RUL by minimizing a loss
function L2SP, given by the 2-norm:

L2SP(r, r̂) = ∥r − r̂∥2. (6)

We note that the training g is performed independently from the subsequent maintenance planning prob-
lem. The model g is both trained and tested in this phase.

Stage 2:
After g2SP is trained, it is deployed for maintenance (Algorithm 1, line 7). First, the regressor g2SP

generates RUL point estimates r̂a for asset a ∈ A′ based on the current asset measurements xa. These RUL
estimates are now integrated in the maintenance planning model, by applying h(·) to the RUL estimates
(see also Eq. (4) in the Oracle planning model where the actual RUL ra is assumed known):

ĉa = h(r̂a). (7)

The combined cost estimates for all assets are denoted by ĉ := (ĉa)a∈A′ . We now consider the mainte-
nance problem miny ĉT y subject to the constraints (5b)-(5d). Let y∗(ĉ) denote the optimal maintenance
decisions for this problem:

y∗(ĉ) = (y∗
a(ĉ))a∈A′ := arg min

y
ĉT y s.t. (5b)− (5d). (8)

With these maintenance decisions y∗(ĉ), maintenance is planned in the next step of Algorithm 1.
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Training data
xv, RUL rv

RUL regressor g2SP
loss function L2SP

RUL estimate
r̂a = g2SP(xa, θ2SP)

ra r̂a

maintenance
cost estimate

ĉa=
h(r̂a)

maintenance
planning
Eq (8)

Maintenance
schedule

y∗(ĉ) = arg miny ĉT y

Point estimate RUL prognostics

(a) 2S-P framework

Training data
xv, RUL rv

RUL regressor g2SD,
loss function L2SD

RUL pdf
p̂R

a = g2SD(xa, θ2SD)

ra

maintenance
cost estimate

ĉa=
h2SD(p̂R

a )

maintenance
planning
Eq (8)

Maintenance
schedule

y∗(ĉ) = arg miny ĉT y

Probabilistic RUL prognostics
(b) 2S-D framework

Figure 2: Two-stage approach for predictive maintenance planning problem, using RUL point estimates (2S-P) or probabilistic
estimates (2S-D). A machine learning (ML) regressor is trained on a dataset D of sensor measurements to predict the RUL by
minimizing a loss function L2SP or L2SD. After training, the RUL estimates are used to specify a maintenance cost function
h(ĉa) to be minimized.

3.2.2. Two Stage predictive maintenance planning with RUL Distribution estimates (2S-D)
More recent studies have explored the possibility of using probabilistic RUL prognostics for maintenance

planning, i.e., the distribution of the RUL is estimated in the first phase [8]. This approach is also shown in
Figure 2.

Stage 1:
Instead of generating RUL point estimates, a machine learning regressor g2SD is trained to generate a

probability density of the RUL of an asset a ∈ A′. This model has parameters θ2SD, and the estimated RUL
probability density is denoted by p̂R

a = g2SD(xa, θ2SD) for an asset a. The model is trained to minimize a
loss function L2SD. This loss function depends on the used model, an example of L2SD being the negative
log-loss function [29].

Stage 2:
In the second stage, after training the model, g2SD is applied in maintenance planning (Algorithm 1, line

7). The regressor generates for an asset a ∈ A′ the pdf of its RUL p̂R
a for the current measurements xa.

Using p̂R
a , the expected maintenance costs ĉa are computed. To perform maintenance on day d0 + d, the

associated cost estimate is given by:

ĉdist(d, p̂R
a ) =

∑
r≥0

c(d, r)p̂R
a (r), (9)
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where c(d, r) is given in Equation (2), r denotes the RUL, and p̂R
a (r) is the probability that the RUL of asset

a is r days. The expected costs of postponing maintenance are given by:

ĉpostpone
dist (p̂R

a ) =
k∑

r=0
cpostpone(r)p̂R

a (r), (10)

where cpostpone(r) is given in Equation (3). The estimated maintenance costs ĉa are given by:

ĉa = h2SD(p̂R
a ) := (ĉdist(1, p̂R

a ), ĉdist(2, p̂R
a ), ..., ĉdist(k, p̂R

a ), ĉpostpone
dist (p̂R

a ))T . (11)

Using these cost ĉa, the maintenance planning problem in (8) is considered and maintenance decisions
y∗(ĉ) are obtained. With these maintenance decisions y∗(ĉ), maintenance is planned in the next step of
Algorithm 1.

3.3. End-to-end predict-and-optimize predictive maintenance planning (E2E-M)

The merits of the two-stage approaches for maintenance planning in Sections 3.2.1 and 3.2.2 have been
discussed in detail in several studies such as Consilvio et al. [11] and Lee et al. [28]. However, these
two-stage approaches do not guarantee that the estimates ĉ are as close to c as possible, or that the actual
maintenance cost is minimized. Specifically, these approaches do not optimize for the decision regret, i.e.,
the cost gap between the true optimal solution and the one acquired using ĉ, which is defined as:

Lregret(ĉ, c) =
∑
a∈A

cT
a y∗

a(ĉ)− cT
a y∗

a(c), (12)

with

y∗(ĉ) = (y∗
a(ĉ))a∈A′ := arg min

y

{
ĉT y s.t. (5b)− (5d)

}
,

y∗(c) = (y∗
a(c))a∈A′ := arg min

y

{
cT y s.t. (5b)− (5d)

}
.

To address this, we propose a novel, end-to-end PTO algorithm to address the rolling horizon predictive
maintenance problem by directly minimizing the actual maintenance costs based on the sensor measurements,
without the need to generate RUL estimates. As opposed to the two-stage approaches 2S-P and 2S-D, the
machine learning regressor in this framework is trained to minimize the decision regret Lregret(ĉ, c).

Figure 3 shows the proposed end-to-end framework. During training, the regressor f(xa, θE2E) generates
maintenance cost estimates. Using these estimates, the model receives feedback on the decision regret
from the maintenance planning problem. Based on the feedback on the regret, the parameters θE2E of the
regressor f are updated. We note that this feedback loop is not present for the 2-stage approaches, where
after the RUL is estimated in the first stage, there is no further feedback between the first stage and the
second, planning stage.

We note that the regressor generates maintenance cost estimates for a single asset ĉa, instead of being
trained on the ILP with multiple assets (5a)-(5d). As only a subset of the ILP is considered, this potentially
limits the performance of this approach. This choice is motivated by two reasons. First, developing these
regressors poses tractability issues. During training, the number of possible scenario’s for which it needs to
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be applied increases exponentially with the number of assets. For a larger number of assets, training the
regressor thus becomes intractable. Additionally, the fact that the number of assets A′ which need to be
scheduled for maintenance varies in size between days d ∈ D. Thus, generating maintenance cost estimates
for multiple assets requires training separate regressors for each possible size of |A′|. As such, even though
training the regressor on the ILP with multiple assets should generate better cost estimates, we develop the
method for a single-asset cost regressor.

Sensor data
xv, RUL rv

regressor f

ĉa= f(xa, θE2E)

∂L̃single
regret

Single asset
maintenance

planning

ra days

ca
ĉa

input for

maintenance
planning
Eq (8)

Maintenance
schedule

y∗(ĉ) = arg miny ĉT y

Training

Figure 3: End-to-end maintenance framework for the predictive maintenance planning problem. A machine learning regressor
f is trained on sensor data, with regret of the maintenance planning problem in a feedback loop. f generates maintenance cost
estimates, using the loss function L̃single

regret, a proxy for Lregret. After training, the cost estimates are used to plan maintenance.

Training the maintenance cost regressor
A machine learning regressor f with parameters θE2E is trained to generate estimates for the maintenance

costs for a single asset a: ĉa = f(xa, θE2E). We consider the following maintenance problem for a single
asset:

y∗,single
a (ca) = arg min

ya

cT
a ya s.t. ya ∈ Bk+1 := {ya : 1T ya = 1, ya ∈ {0, 1}k+1}. (13)

We note that eq. (5c) in the maintenance model is not mentioned here since we consider a single asset.
To train f , information of the decision regret of this problem is received in a feedback loop, with the

regret for a single asset being defined as:

Lsingle
regret(ĉa, ca) = cT

a y∗,single
a (ĉa)− cT

a y∗,single
a (ca), (14)

where y∗,single
a (ĉa) and ys∗

a (ca) denote the optimal decisions for (13) for the estimated and true costs,
respectively.

The model f is trained by applying the gradient descent algorithm to Lsingle
regret , see Algorithm 2. However,

Lsingle
regret is not differentiable. To use the gradient descent algorithm, Lsingle

regret is substituted by an approximation
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L̃single
regret (ĉa, ca) introduced in Elmachtoub et al. [21]:

Lsingle
regret (ĉa, ca) ≈ L̃single

regret (ĉa, ca) := − min
ya∈Bk+1

{(2ĉa − ca)T ya}+ 2ĉT
a arg min

ya∈Bk+1

{cT
a ya} − min

ya∈Bk+1
{cT

a ya},

(15)

= −min{2ĉa − ca}+ 2ĉT
a arg min

ya∈Bk+1

{cT
a ya} −min{ca},

which is differentiable w.r.t. ĉa, convex and has the following subgradient:

2 arg min
ya∈Bk+1

{cT
a ya} − 2 arg min

ya∈Bk+1

{(2ĉa − ca)T ya} ∈
∂L̃single

regret(ĉa, ca)
∂ĉa

, (16)

which can easily be evaluated. This subgradient is substituted in:

∂Lsingle
regret(ĉa)
∂θE2E

≈
∂L̃single

regret(ĉa)
∂ĉa

∂ĉa

∂θE2E
,

such that the gradient descent algorithm (Algorithm 2) can be used.

Algorithm 2: Batch gradient descent algorithm for training the machine learning regressor used
in the E2E predict-and-optimize maintenance framework.

Data: Machine learning algorithm f , batched dataset of RUL-labeled sensor data (xa, ra), number
of iterations i, learning rate α

Result: Trained f
1 Initialize parameters θE2E;
2 for iterations i do
3 for batch of data {(xa, ra)} do
4 Sample data (xa, ra) from the batch;
5 Compute the cost coefficients ca = (c(ra, 1), ..., c(ra, k), cpostpone(ra))T (Eq. (2) and (3));
6 Predict the cost coefficients ĉa = f(xa, θE2E);
7 Determine y∗

a(ca) and y∗
a(ĉa);

8 Compute ∂L̃single
regret /∂θE2E using Eq. (16);

9 Let θE2E ← θE2E − α ∗ ∂L̃single
regret/∂θE2E;

10 end
11 end

Maintenance scheduling
Once regressor f is trained, it is deployed for maintenance planning (Algorithm 1, line 7). The estimated

costs ĉa are computed for each asset from the measurements xa. The combined estimates are denoted by
ĉ := (ĉa)a∈A′ . Using these cost estimates, the maintenance planning problem Eq. (8) is solved and mainte-
nance decisions y∗(ĉ) are obtained. With these maintenance decisions y∗(ĉ), maintenance is planned in the
next step of Algorithm 1.

Relation to alternative stochastic maintenance planning methods
The method described above has a number of advantages when compared to other stochastic predictive
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maintenance frameworks, besides the two-stage approaches, such as Markov Decision Processes (MDPs)
Reinforcement Learning (RL).

Markov Decision Processes have been applied in the context of predictive maintenance [14, 15], and have
been found to be well-suited for low-dimensional problems. However, the method becomes impractical when
considering a large number of states. Additionally, using an MDP requires the specification of the states
and transition probabilities with limited connection to the actual degradation process of the asset once the
system becomes more complex. Formulating a regressor f to generate maintenance cost estimates does not
require model simplifications to define these transition probabilities.

Reinforcement Learning has also been successfully used in the context of predictive maintenance [27, 30],
where it is noted that the algorithm works well in partially observable systems. However, it is noted that RL
requires to be trained on large datasets with a variety of failure paths to obtain robust results. This limits
the number of applications for which it can be used. By including the optimization model (13) during the
training phase of the algorithm, we provide structure to the optimization model, requiring smaller training
datasets. Additionally, by training and deploying the regressor f on a single asset, the proposed model also
scales well.

Overall, the approach presented in this section offers a method to perform predictive maintenance for
applications with large instances, with limited training data, and without the need to artificially construct
states and transition probabilities.

4. Case study: predictive maintenance planning for eVTOL Lithium-ion batteries

In this section, we will apply our end-to-end predictive maintenance planning framework to a fleet of
electric Vertical Take-Off and Landing (eVTOL) aircraft.

eVTOLs are short-range electric aircraft which fulfill a need for greener and quieter flights and address
increasing concerns about urban traffic congestion. These aircraft are designed to carry a payload up to 800
kg over a distance of up to 100 km. Currently, several legacy manufacturers as well as start-ups are developing
eVTOLs [31]. Envisioned applications are (among others) on-demand urban passenger transportation and
emergency response services [32, 33, 34].

Battery health management is one of the most important obstacles for eVTOL operations [35]. Currently,
Lithium-ion batteries are the most frequently considered batteries for eVTOLs, due to their relatively good
performance and affordability. However, due to the high performance requirements for eVTOL operations,
these batteries are prone to quick degradation, which may lead to safety concerns. As such, monitoring the
health of the battery in combination with predictive maintenance scheduling, as we propose, is crucial.

4.1. Dataset on condition monitoring of Li-ion batteries of eVTOLs

We consider the condition dataset for the Sony-Murata 18650 VTC-6 Li-Ion batteries [36]. These batteries
are cycled through an eVTOL mission simulation in the A3 Vahana eVTOL, designed by Acubed/Airbus.
Each mission consists of a charging phase and a flight phase. The charging phase consists of: constant
current charging (CC), constant voltage charging (CV) and a rest period. The flight phase consists of: the
takeoff, cruise and landing phase.

A total of 22 batteries are considered. Each battery is cycled though missions with different parameters,
referred to as the mission profile (MP) or Vahana (VAH). The parameters of these profiles can be seen in
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Table 2. Three of these batteries are cycled according to the baseline mission profile (MP1, MP13, and
MP14). The other mission profiles cover a wide range of operational conditions, with varying cruise time,
battery power during the different flight stages, charging rates, and battery surface temperature.

Table 2: Mission profile characteristics of the Sony-Murata 18650 Li-ion batteries used for Vahana operations simulation [36].

Cruise Power Power Power #Capacity
time Take-off Cruise Landing CC CV Temperature Vahana #Missions tests

MP1 800s 54W 16W 54W 1C 4.2V 25◦C VAH01 847 17
MP2 1000s 54W 16W 54W 1C 4.2V 25◦C VAH02 625 13
MP3 800s 90% of 54W 90% of 16W 90% of 54W 1C 4.2V 25 ◦C VAH05 1615 29
MP4 800s 54W 16W 54W 0.5C 4.2V 25◦C VAH06 9290 20
MP5 800s 54W 16W 54W 1C 4V 25◦C VAH07 339 6
MP6 800s 54W 16W 54W 1C 4.2V 20◦C VAH09 8527 27
MP7 800s 54W 16W 54W 1C 4.2V 30◦C VAH10 1431 28
MP8 800s 80% of 54W 80% of 16W 80% of 54W 1C 4.2V 25 ◦C VAH11 2249 45
MP9 400s 54W 16W 54W 1C 4.2V 25◦C VAH12 2349 46
MP10 600s 54W 16W 54W 1C 4.2V 25◦C VAH13 1042 20
MP11 1000s 54W 16W 54W 1C 4.2V 25◦C VAH15 554 11
MP12 800s 54W 16W 54W 1.5C 4.2V 25◦C VAH16 559 11
MP13 800s 54W 16W 54W 1C 4.2V 25◦C VAH17 1002 20
MP14 800s 54W 16W 54W 1.5C 4.2V 25◦C VAH20 611 12
MP15 1000s 54W 16W 54W 1C 4.2V 25◦C VAH22 579 11
MP16 800s 54W 16W 54W 1C 4V 25◦C VAH23 697 14
MP17 800s 54W 16W 54W 0.5C 4.2V 25◦C VAH24 801 16
MP18 800s 54W 16W 54W 1C 4.2V 20◦C VAH25 554 11
MP19 600s 54W 16W 54W 1C 4.2V 25◦C VAH26 1164 23
MP20 800s 54W 16W 54W 1C 4.2V 25◦C VAH27 587 12
MP21 800s 90% of 54W 90% of 16W 90% of 54W 1C 4.2V 25◦C VAH28 1182 23
MP22 800s 54W 16W 54W 1C 4.2V 35◦C VAH30 919 18

4.1.1. Sensor measurements
During the missions, the battery is monitored with a number of sensors. Every 10 seconds, the following

are recorded: the cell voltage, the current, the energy and charge supplied during the charging phase, the
energy and charge supplied by the battery during the flight phase, and the surface temperature.

Over time, the charge capacity of the batteries decrease. However, the true capacity cannot be measured
without fully discharging the battery. In order to do this, a capacity test is performed every 50 missions.
During this test, the battery is discharged until the voltage drops below 2.5V. This is followed by a cooldown
period. After this, the battery is recharged until it is at full capacity.

The eVTOL batteries can only be used if its charge capacity is high enough. We say that the battery
reaches its end-of-life (EOL) once its capacity is 85% of the original capacity.

Figure 4 shows an example of how the battery capacity decreases with each mission (on MP1/VAH01).
The total capacity drops from 3000 mAh on the first capacity test/mission to 2450 mAh on the 17th capacity
test (800th mission). The battery EOL is reached at the 12th capacity test (750th mission).
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Figure 4: Battery capacity for batteries VAH01, VAH10, and VAH12. The values measured at the capacity tests are shown as
dots. Batteries VAH01, VAH10, and VAH12 have a useful life of 600, 600, and 750 cycles, respectively.

4.1.2. Feature engineering
The sensor measurements have been processed into 33 features. Let F = {MP1, MP2, ..., MP22} denote

the set of mission profiles. For each mission profile f ∈ F , let Mf denote the number of missions performed
by f . For each f ∈ F and mission number 1 ≤ m ≤Mf , we consider the following features:

Charging phase features. We store the amount of charge supplied Qcrgf,m, the duration of each charging
segment (CC, CV, Rest) ∆tsegment,f,m, and the last measured charge capacity Qlastf,m.

Flight phase features. For each mission segment during flight (take-off, cruise, and landing), we store the
duration ∆tsegment,f,m. Additionally, we store the maximum, minimum, mean, and variance of the battery
voltage in each phase, denoted by V segment,f,m

max , V segment,f,m
min , V segment,f,m

mean , and V segment,f,m
var , respectively.

Additionally, we store the maximum, minimum, and variance of the extracted charge during each segment,
denoted by Qdissegment,f,m

max , Qdissegment,f,m
min and Qdissegment,f,m

var , respectively. Last, for each segment, we
record the maximum cell temperature T segment,f,m

max .
Time feature. Finally, for each mission, we store the number of cycles since the last capacity test ∆Cf,m.

This measures the uncertainty within the difference between the current capacity and the last measured
capacity Qlastf,m.

4.1.3. Feature selection
From the generated features, we select the most important half to generate prognostics for maintenance

planning. This is done based on the Shapley values [37], which are given in Table 3. The features V take−off
min

through Qdistake−off
max are selected.

Last, these features are subjected to normalization. This is done with z-score normalization, which scales
the data to a mean of 0 and a variance of 1 [38]. In order to capture the degradation of the batteries, the
features from the current mission, as well as 50 missions (1 capacity test) back are used. This is the data
that shall be used in order to perform predictive maintenance for the eVTOL batteries.

4.2. Predictive maintenance planning for a fleet of eVTOLs

In this section, we illustrate the predictive maintenance planning for eVTOL batteries using (i) machine
learning to predict point estimates of the battery RUL, and integrate this in a integer linear program to
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Feature Shapley

V take−off
min 95.4

V take−off
mean 94.7

Qlast 93.4
V take−off

var 92.4
V cruise

max 87.8
Qcrg 87.1
∆CV 86.5
V cruise

min 78.8
V cruise

mean 63.8

Feature Shapley
V landing

var 59.3
V landing

mean 57.4
V take−off

max 57.2
∆C 56.1
V landing

min 51.6
Qdistake−off

var 47.7
Qdistake−off

mean 46.5
Qdistake−off

max 45.9

Feature Shapley
Qdiscruise

max 45.9
T cruise

max 45.4
T landing

max 41.1
T take−off

max 38.8
∆rest 36.5
V landing

max 35.5
∆take−off 23.4
∆cruise 19.7

Feature Shapley
∆landing 19.4
∆CC 12.9
Qdiscruise

var 3.5
Qdislanding

max 2.4
Qdiscruise

mean 2.3
V cruise

var 2.2
Qdislanding

var 1.4
Qdislanding

mean 1.2

Table 3: SHAP values (importance) for the 33 considered features; top 50% of the features are selected for maintenance planning
prognostics (in bold).

plan maintenance (2S-P), (ii) machine learning to predict the distribution of the battery RUL, and integrate
this in a integer linear program to plan maintenance (2S-D), and (iii) machine learning to directly estimate
the maintenance cost coefficients of an integer linear program that plans maintenance (E2E-M).

4.2.1. Parameters of the eVTOL fleet operations and maintenance
We consider maintenance planning for a fleet of eVTOLs A. Each eVTOL is equipped with one of the

batteries from Section 4.1. The fleet consists of 25 eVTOLs. Each eVTOL performs 10 trips per day, five
round trips to and from the hub, such that a capacity test is performed every five days.

Each eVTOL battery is monitored by a number of sensors, from which 17 features are deduced, as
described in Section 4.1. Based on this battery health data, maintenance may be planned. Replacing a
battery costs creplace = 100. To perform scheduled battery maintenance, H = 1 hangar is available. When a
breakdown occurs, at the EOL, the eVTOL battery is immediately replaced at a cost of cunscheduled = 1000.
As described in Section 2, maintenance takes one day and may be planned one day in advance. We use a
rolling horizon of k = 10 days to plan maintenance. A total planning horizon of D = 10 years is considered.

A six-fold cross validation is used to train and test the regressors. For each fold, six eVTOLs are randomly
used for testing, while ensuring that one baseline mission profile (VAH01, VAH17 or VAH27) is used. The
other eVTOLs are used for training. The testing eVTOLs for each fold are given in Table 4.

Table 4: eVTOL batteries in the test set of each fold.

Fold Testing baseline battery Testing other batteries
1 VAH01 VAH02, VAH13, VAH20, VAH28, VAH30
2 VAH01 VAH05, VAH06, VAH13, VAH15, VAH16
3 VAH17 VAH19, VAH11, VAH22, VAH23, VAH25
4 VAH17 VAH02, VAH06, VAH20, VAH26, VAH30
5 VAH27 VAH05, VAH12, VAH15, VAH16, VAH24
6 VAH27 VAH10, VAH12, VAH22, VAH24, VAH25

4.2.2. Two stage predictive maintenance planning with RUL point estimates (2S-P)
For the 2S-P algorithm, as in Section 3.2.1, we use a Long Short-Term Memory (LSTM) regressor

g2SP(·, θ2SP) to generate RUL point estimates of the eVTOL batteries. As before, θ2SP denotes the param-
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Figure 5: LSTM architecture for the RUL regressor used in the two-stage predict-then-optimize algorithm for predictive
maintenance planning. It is used i) without random dropout during testing, to obtain RUL point prognostics g2SP, and ii)
with random dropout during testing, to obtain probabilistic RUL prognostics g2SD.

eters of the LSTM.
The LSTM is a recurrent neural network (RNN), capable of learning long-term dependencies [39]. The

LSTM solves the vanishing and exploding gradient problems by adding a memory cell and gate mechanism.
A generic architecture of the LSTM and the architecture of a LSTM unit can be found in Yu et al. [40].
This architecture has been shown to be particularly well suited for identifying the degradation over time
and estimating the RUL for Li-ion batteries [41].

Figure 5 shows the architecture of our LSTM network. The input of the network consists of the normalized
battery sensor measurements from the current mission m and fifty missions m− 50 (one capacity test) ago.
This data (see Section 4.1) is fed through L layers of 2 LSTM units. To avoid overfitting, a Monte Carlo
dropout layer is added after every LSTM layer except the last. After this, a fully connected layer is applied,
which outputs the RUL point estimates of the batteries. The loss function of the network minimizes the
deviation from the true RUL (Eq. (6)).

4.2.3. Two stage predictive maintenance planning with RUL distribution estimates (2S-D)
To obtain RUL distribution estimates for the 2S-D algorithm, as in Section 3.2.2, we use two regressors:

a LSTM with Monte Carlo dropout in the testing phase [42], and a Mixture Density Network (MDN) [29].

LSTM with Monte Carlo dropout in the testing phase:
The LSTM network from Section 4.2.2 with Monte Carlo dropout in the testing phase is used to estimate

the distribution of the RUL of the batteries (probabilistic RUl prognostics).

Mixture Density Network:
Mixture Density Networks (MDNs) are feed forward neural networks that generate the distributions of

non-Gaussian unknowns [29]. The MDN estimates the RUL distribution as a linear combination of several
Gaussian distributions. We have trained an MDN to obtain probabilistic RUL prognostics, as shown in
Figure 6. Specifically, the sensor measurements xa are fed through L fully connected hidden layers. After
this, it is fed through an MDN output layer to J normal distributions, consisting of a three-fold output. These
are the means µj(xa, θ2SD), the standard deviations σj(xa, θ2SD) and the mixture coefficients αj(xa, θ2SD),
with j = 1, ...J . The probability density of the output (RUL) is given by:
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p̂R
a (ra|xa, θ2SD) =

J∑
j=1

αj(xa, θ2SD)ϕ(ra|µj(xa, θ2SD), σj(xa, θ2SD)), (17)

where ϕ denotes the pdf of a normal distribution. The network is trained on the loss function:

LMDN (rv, xv) = − log p̂R
a (rv|xv, θ2SD), (18)

which is the negative log-likelihood of rv given the probability density function p̂R
a .

Figure 6: MDN architecture for the RUL regressor used in the two-stage predict-then-optimize algorithm for predictive main-
tenance planning with probabilistic RUL prognostics, g2SD.

4.2.4. End-to-end predictive maintenance planning (E2E-M)
For the E2E-M algorithm, see Section 3.3, we directly obtain estimates of the maintenance costs in the

planning model using an LSTM regressor. This LSTM f(·, θE2E) has parameters θE2E, see also Figure 5.
The architecture is similar to the network used for the 2S-P algorithm, but has a different output layer, i.e.
the cost coefficients of the maintenance planning ILP model.

Figure 7: LSTM architecture used for the end-to-end maintenance framework.

4.3. Hyperparameter tuning

A hyperparameter tuning has been performed on each algorithm from Section 4.2. A grid-based search
was used to perform this.
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For the LSTM used to obtain point estimate and probabilistic RUL prognostics (Section 4.2.2, 4.2.3),
the following parameters are used. We consider L = 4 hidden LSTM layers. The layers have 176, 126, 116,
and 110 units, respectively. During training and testing, a dropout rate of 0.5 is applied after the second
layer. The LSTM is optimized using the RMSprop algorithm [43] with a learning rate of 0.01.

For the MDN used to obtain probabilistic RUL prognostics (Section 4.2.3), the following parameters
are used. We consider L = 6 dense hidden layers. The layers have 24, 122, 116, 116, 90, and 38 units,
respectively. The first five layers use the ReLu activation function, and the last one a tanh activation
function. The output of the MDN consists of a mixture of J = 3 normal distributions. The MDN is
optimized using the RMSprop [43] algorithm with a learning rate of 0.01. Figure 8a shows the results of
the hyperparameter tuning grid search. It shows the CRPS (Continuous Ranked Probability Score), for the
different configurations of the MDN during this phase.

For the LSTM used to obtain maintenance cost estimates (Section 4.2.4), the following parameters are
used. We consider L = 5 hidden layers. The size of the output of each hidden layer, including the last, is
64 units. As the LSTM architecture is relatively large compared with the number of batteries, overfitting of
the model is avoided by using a dropout rate of 0.2 during the testing phase. The LSTM is optimized using
the Adam algorithm [43] with a learning rate of 0.005. Figure 8b shows the results of the hyperparameter
tuning grid search, expressed as the decision regret. The figure shows a large decision regret for 6 and 7
hidden layers, indicating that this region is prone to overfitting.
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Figure 8: Results of the hyperparameter tuning grid search for the MDN used to obtain RUL estimates, and the LSTM used
to obtain maintenance cost estimates.

5. Results

5.1. Comparing end-to-end (E2E-M) and two-stage (2S-P, 2S-D) maintenance planning algorithms

Each algorithm (Oracle planning, two-stage with RUL point (2S-P) and distribution (2S-D) estimates,
and end-to-end maintenance (E2E-M)) has applied to 100 simulations for eVTOL fleet maintenance planning
for a planning period of D = 10 years. Table 5 shows the average results of each algorithm over all 100
runs. It shows the number of batteries replaced as well, the lifetime of the batteries once they were replaced,

18



and the accompanying costs. The used batteries and costs have been split into scheduled and unscheduled
maintenance.

Table 5: Maintenance performance indicators for the planning algorithms and regressors. The number of maintained batteries
(on-time, broken down, and total) are given, together with the average used lifetime of the batteries, the maintenance costs,
and the maintenance cost regret w.r.t. the Oracle.

Method Maintained batteries (#)
Regressor on time broken down total Battery lifetime used [%] costs regret [%]

Oracle - 1659.9 4.5 1664.4 97.9 170490.0 0
2S-P LSTM 1125.2 594.6 1719.8 94.8 707120.0 315
2S-D LSTM 1692.9 107.7 1800.6 88.9 276990.0 62
2S-D MDN 1740.1 79.2 1819.3 90.2 253210.0 49
E2E-M LSTM 1699.7 60.2 1759.9 91.2 230170.0 35

Table 5 shows that the Oracle planning algorithm requires (on average) 1664.4 batteries during the 10
years of operations. Of these, only a small number is not replaced before breakdown (4.5), leading to a
total maintenance cost of 170490. It shows that form the other PTO methods, the End-to-End Maintenance
algorithm leads to the fewest breakdowns (60.2) and the lowest regret: 35%. The two stage method with
RUL distribution prognostics leads, with both the MDN and LSTM, to a larger number of breakdowns,
with a corresponding regret of 49% and 62%, respectively. The two stage method with RUL point estimates
uses the lowest amount of batteries (with a 94.8% utilization) but incurs a large number of breakdowns.

To explain the results, we use the preferred maintenance day. The preferred maintenance day for an
eVTOL, d∗ is defined as the day with the lowest maintenance costs:

d∗ =

arg mind ĉad, if mind ĉad ≤ ĉpostpone
a

post else,
(19)

such that d∗ ∈ {1, ..., k − 1, post}, where ‘post’ corresponds to recommending postponing maintenance. For
the 2S method with point distributions d∗ is given by the RUL estimate.

Figure 9 shows the preferred maintenance days for three PTO algorithms: 2S with LSTM point estimates
(9a), 2S with MDN distribution estimates (9b), and E2E with LSTM estimates (9c). Each figure shows the
target maintenance days as a function of the RUL. The target maintenance days are shown for all eVTOLs
of all six folds. For each RUL between 0 and 20, the average target maintenance day is given, as well as the
25 and 75 percentile values. The dashed line indicates the actual RUL value.

For the End-to-End Maintenance algorithm (Figure 9c), the figure shows how conservative the target
maintenance days are. The 75-percentile value is almost never larger than the actual RUL (shown as a
dashed line). Furthermore, the effect of the capacity tests can be seen, with large changes around RUL
values 5, 10, and 15. Below a RUL of 5 days, the target maintenance day is almost always 1 (recommending
immediate replacement of the batteries).

Figures 9a and 9b show the target maintenance days for the 2S methods. It can be seen that the former
gives target days closest to the actual RUL, but does quite often overestimate the RUL. On the other hand,
the target days of the latter are still close to the actual RUL, but they are almost always smaller than the
RUL. When compared to the End-to-End Maintenance method with LSTM, there is a notable difference
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Figure 9: Maintenance target days d∗ for different RUL values over all battery types (Table 6). The average target day
(triangles), as well as the 25th and 75th percentile (shaded area) are given. The true target day, or the actual RUL, is given
by a dashed line.

in the last five days before EOL, as the End-to-End Maintenance algorithm almost always recommends
immediate maintenance, whereas the two stage algorithm proposes to wait another day.

Overall, we observe that the target days of the 2S-P algorithm are very aggressive, risking a large number
of failures. We also observe that when the actual RUL is low (smaller than 5), the target days recommended
by the E2E-M algorithm are more conservative than for the other algorithms. This reduces the time the
batteries are used, but also reduces the risk of a battery failure.

These target days are translated into the utilization of the batteries, which is shown in Figure 10. The
figure shows a histogram of the RUL of the batteries at the moment they were maintained (and restored
to as-good-as-new condition). It can be seen that the RUL of the batteries is larger for the End-to-End
Maintenance method, which are sometimes replaced 10 days in advance. For the two stage method with
RUL point estimates, there is a large number of batteries with either 1 or 0 days of RUL left.
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Figure 10: Histogram of the RUL (in days) of the maintained batteries at the moment of their maintenance.
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5.2. Results for the End-to-End Maintenance (E2E-M) planning algorithm

For the remainder of the section, we shall discuss the results of our variant of the End-to-End Maintenance
algorithm.

Table 6 gives the performance of the LSTM for each fold. It gives the average Root Mean Square Error
(RMSE) of the maintenance costs as well as the regret for single eVTOL maintenance planning. The results
show that the typical regret is around 40%.

Table 6: Performance of the End-to-End Maintenance algorithm. For each fold, the average RMSE of the cost estimates and
the decision regret (Equation 12) are given.

Fold# RMSE Lregret
[-] [%]

1 9.82 31.6
2 12.90 29.1
3 6.21 48.6
4 10.61 42.9
5 5.92 49.2
6 4.31 38.2
ALL 8.29 39.9

5.2.1. Analysis of the E2E-M performance
As shown in Section 5.1, integrating the decision regret into the training of the regressor provides an

increase in performance when compared to the two-stage algorithms, even though the regressor is not trained
on the ILP with multiple assets (as discussed in Section 3.3). This can be explained by the fact that, even
while training on a single asset, enough of the structure of the problem is conserved.

First, training on a single asset does still ensure that the regressor explicitly learns the costs of under-
and overestimating the RUL. This is not affected by the omission of the interaction between assets during
training. The regressor also learns the true costs of maintenance, instead of using an estimated RUL
as a proxy-indicator (as in the two-stage algorithms). Second, the inclusion of the hangar capacity H

and constraints (5c) during maintenance planning, which was omitted during training, does not affect the
priorities with which assets are scheduled to be maintained. These priorities are still based on the risk of an
asset reaching its end-of-life before a given date. As such, the E2E-M algorithm maintains the advantages
of the end-to-end predict-and-optimize framework.

5.2.2. E2E-M predict-and-optimize maintenance cost estimates
Using the trained LSTM networks, the maintenance costs of each eVTOL for each RUL have been

estimated. These estimates are discussed in this section.
Figure 11 shows three examples of the estimated maintenance costs: VAH01 in fold 1 (11a), VAH10 for

fold 3 (11b), and VAH24 for fold 5 (11c). The figure shows a heatmap of the maintenance costs ĉad and
ĉpostpone

a for each value of the actual RUL (horizontal, from 40 to 0) and maintenance options (vertical):
repairing in d = 1 up to d = 9 days, and postponing maintenance. The costs are normalized for each RUL,
with dark colours corresponding to low costs, and light colours to high costs.
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(a) VAH01, fold 1
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(b) VAH10, fold 3
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(c) VAH24, fold 5

Figure 11: Heatmap of the maintenance cost estimates obtained by the End-to-End Maintenance algorithm (E2E-M) with the
LSTM network (Section 4.2.4) for three batteries. The estimates are shown from a RUL of 40 days (400 cycles) to the EOL.
The vertical axis gives the maintenance options: repairing in d = 1 up to d = 9 days, and postponing maintenance. The
estimates shown are normalized for each RUL value.

In Figure 11, the target day is shown as a white dot. This target maintenance day is defined, as in Figure
9, as the day with the lowest estimated costs given the current RUL.

The cost estimates for VAH01 are more conservative than those for VAH10 and VAH24: the target
maintenance day starts converging to 1 around a RUL of 16 days (160 cycles). Furthermore, for VAH01, the
target maintenance day is already imminent, 10 days before the end-of-life. Last, one can notice the effects
of the capacity tests every 5 days on the estimated costs for VAH01 and VAH10, where distinct differences
are visible around 15, 10, and 5 days of RUL. This can be explained by the fact that at every capacity test,
a new capacity measurement (from which the RUL is derived) is performed, which the LSTM takes into
account when estimating the maintenance costs.
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5.2.3. End-to-End predict-and-optimize maintenance - example maintenance schedule
Last, we show an illustrative example where the estimated maintenance costs are integrated into main-

tenance planning. Figure 12 shows how a maintenance schedule evolves over six days. Figures 12a, 12b, and
12c show the schedules at days 50, 51, and 53, respectively. From day 45, battery maintenance is planned
for eVTOLs 2, 4, 6, 8, 10, 15, 20 and 23 shown as rows in each figure. For each eVTOL with planned
maintenance, we show the EOL (red cross), target maintenance (yellow arrow) and scheduled maintenance
(green square) days. In case maintenance is planned before the EOL, a green solid line is shown. In case it
is planned after the EOL, a red dashed line is shown.
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(a) current day 50
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(b) current day 51
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(c) current day 53

Figure 12: Illustration of the evolution of the maintenance schedule, generated with the End-to-End Maintenance algorithm
(E2E-M), for three days (51, 53, and 53). Days 40 through 65 and eVTOLs which have an EOL within this window are shown.
For each eVTOL, the EOL is shown as a (red) cross, together with the current target day as a (yellow) triangle. The current
scheduled maintenance day is shown as a (green) square, connected to the EOL day.

Using the rolling horizon approach, the maintenance decisions of the previous days are performed on
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the next day. Before the start of day 50, maintenance has already been performed on eVTOLs 10 (on day
48) and 15 (on day 49). At the start of day 50, maintenance is planned for eVTOL 6 on day 51. This is
performed on day 51, 6 days before the EOL, while the other maintenance decisions are reevaluated.

At the start of day 51, a conflict arises between eVTOLs 4, 8, and 20. Using the latest available SOH
data, the target days for all three eVTOLs have been set to 52. Maintenance for these three eVTOLs is
scheduled for the next three opportunities, at days 52, 53 and 54. Because of this, maintenance for eVTOL
23 cannot be planned before its target day, 53, and is scheduled for day 55. This issue is resolved in the next
iteration, at the start of day 53, when the target days of all eVTOLs are reevaluated. The target days for
eVTOLs 4 and 20 have been updated to day 54. Using this information, maintenance for the two eVTOLs
is planned for the next two available slots and is performed on these days.

5.2.4. Computational performance
Table 7 shows the total computational time required to obtain the optimized maintenance schedules for

D = 10 years of operations. These results have been obtained with the Gurobi Optimizer 13.0, using an
AMD Ryzen 7 4800H. Here, eVTOL fleet sizes varying from 5 to 250 aircraft have been considered, with
hangar capacity scaling linearly. Additionally, we have considered a k = 20 day horizon. For a 10 day
horizion and fleet of 250 aircraft, the maintenance schedule is obtained in 1566.7 seconds, corresponding to
0.429 seconds per day of operations. For a 20 day horizon, the schedule is obtained in 4200 seconds, or 1.15
seconds per day of operations.

Number of eVTOLs 5 10 25 50 75 100 150 200 250
Hangar capacity H 1 1 1 2 3 4 6 8 10
10 day horizon [s] 40.3 76.0 176.0 313.3 453.3 526.7 700.0 1153.4 1566.7
20 day horizon [s] 107.4 188.8 443.0 812.0 1266.4 1524.1 1624.2 3349.2 4200.6

Table 7: Running time of the maintenance schedule optimization in the E2E-M framework, for various fleet sizes. A period of
10 years of operations is considered.

6. Conclusions

This paper proposes an end-to-end, dynamic framework for the maintenance planning problem for a set
of assets. Sensor continuously monitor the state of health of the assets. Based on these sensor measurements,
maintenance for each asset is planned, with the objective of planning maintenance as close near the end-
of-life of the asset as possible. For this, a limited maintenance capacity is available. In case the asset
fails unexpectedly, a large penalty is incurred. Using an End-to-End Maintenance framework, we train
a machine learning regressor to generate estimates for the costs of maintaining the assets. Compared to
existing studies on end-to-end approaches for general predict-then-optimize problems, we leverage the fact
that the health measurements of different assets are uncorrelated. By assuming this, we are able to estimate
the maintenance costs for each asset separately, allowing for faster and more effective training. Secondly,
we incorporate the dynamic aspect of the maintenance planning problem by developing a rolling horizon
algorithm. Thirdly, when compared to unsupervised learning algorithms, our method is more suited for
applications where limited datasets are available, and scales more effectively to larger instance sizes. Also,
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compared with the majority of studies on predictive maintenance, which make use of two-stage approaches,
our approach proposed a way of planning maintenance by including feedback from the maintenance planning
problem while training the maintenance cost estimation regressor. When compared to MDPs, which can be
used in this two-stage framework, our model does not require the specification of the states and transition
probability matrix, limiting the scalability of the MDP framework.

The proposed framework is applied in a case study for a fleet of 25 electric vertical take-off and landing
(eVTOL) aircraft. These perform round trips to and from a hub airport. Each eVTOL is equipped with a
battery which degrades across time. A dataset of sensor measurements related to the temperature, voltage,
and the current of the batteries is used to inform the maintenance planning of the batteries and associated
costs [36]. The proposed End-to-End Maintenance framework is implemented with a Long-Short Term
Memory (LSTM) regressor. When compared with the optimal maintenance decisions obtained by using a
RUL-Oracle, 35% extra maintenance costs are incurred, with only 6 battery failures per year (3.6%). This
is a significant improvement when compared to a conventional two-stage maintenance planning model. In
this case, 49% extra maintenance costs are incurred, with 8 battery failures per year.

Overall, this study lays the groundwork for data-driven, end-to-end, dynamic predictive maintenance for
a set of assets. As future work, we plan to extend our proposed end-to-end framework for the case of more
complex maintenance planning cases, with increasing more dependencies between the maintenance needs
of the assets and the operational practices specified for these assets. Additionally, future research could
be dedicated to extending the maintenance cost regressor to be trained on multiple assets simultaneously,
and comparing the results to using a single-asset cost regressor. Last, the E2E-M algorithm can be further
validated by applying it to a variety of state-of-health datasets, in combination with using different network
types.
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