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ARTICLE INFO ABSTRACT

Keywords:
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For many maintenance organizations, on-condition maintenance tasks are the most important source of spare
part demand. An uneven distribution of maintenance tasks over time is an important cause for intermittency in
spare parts demand, and this intermittency complicates spare parts inventory control severely. In an attempt to
partially overcome these complications, we propose to use the maintenance plan, i.e. the planned maintenance

tasks, as a source of advance demand information. We propose a simple forecasting mechanism to estimate the
spare part demand distribution based on the maintenance plan, and develop a dynamic inventory control
method based on these forecasts. The value of this approach is benchmarked against state-of-the art time series
forecast methods, using data from two large maintenance organizations. We find that the proposed method can
yield cost savings of 23 to 51% compared to the traditional methods.

1. Introduction

Spare parts demand forecasting is essential to controlling spare parts
inventories and avoiding high spare part shortage and holding costs.
Time series methods estimate demand based on history (see e.g. [27]),
and as such they may work well when the historical situation is com-
parable with the future. They respond reactively to unprecedented
factors and cannot predict the timing of sudden peaks in demand. This
is especially problematic for spare parts demand because of its inter-
mittency and lumpiness [18].

Advance demand information (ADI) is information on demand, ei-
ther perfect or imperfect, that is available ahead of the actual demand
occurrence (see also [30]). This concept has been widely used in var-
ious industrial settings outside of the spare parts context, e.g. the de-
mand forecasting of e-commerce [17], customized products [9,13],
construction industry [35]. To overcome the limitations of time series
methods in dealing with spare part demand intermittency and lumpi-
ness, in this paper we propose to use planned maintenance tasks as a
source of ADI for spare parts inventory control.

We focus on maintenance tasks that prescribe to inspect a part of the
asset, and depending on the condition of the part, it is then either im-
mediately replaced by a spare part, or it may remain in the asset. Such
on-condition maintenance tasks are a cost-effective tool for ensuring that
parts continue to meet their functional and safety requirements, and
they therefore constitute an important part of modern maintenance
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policies for aircraft, trains, and other capital assets.

The resources that enable maintenance, e.g. mechanics and a
maintenance hangar, need to be planned ahead of the actual main-
tenance. To enable this maintenance logistics planning, companies
specify which on-condition maintenance tasks will be performed some
time periods into the future (see Section 3 for a detailed discussion). It
is this maintenance logistical plan that we propose to use as a source of
ADI in this paper. We need to overcome two complications when using
this form of ADI to control spare parts inventories. First, on-condition
maintenance tasks are a form of imperfect demand information: Only
upon inspection does it become clear whether an on-condition main-
tenance task constitutes a spare part demand. So using the maintenance
plan involves dealing with this inherent uncertainty. Second, while the
need for logistics planning forces companies to plan on-condition
maintenance tasks ahead of time, this plan is only available and reliable
a few months into the future.

We contribute to literature by proposing a new approach for joint
forecasting and inventory control based on the maintenance plan. The
approach endogenously links maintenance tasks to parts usage based on
maintenance data. Moreover, our approach integrates the demand
forecasting model with an inventory control model. The natural ap-
proach for this would be to somehow extrapolate the demand forecast
for the first few months, but this leads to myopically ordering too many
parts when demand is forecasted to be high, which is very costly for
slow moving parts. We contribute a method to overcome this: We

E-mail addresses: sha.zhu@kuleuven.be (S. Zhu), W.L.v.Jaarsveld@tue.nl (W.v. Jaarsveld), rdekker@ese.eur.nl (R. Dekker).

https://doi.org/10.1016/j.ress.2019.106600

Received 21 January 2019; Received in revised form 2 July 2019; Accepted 9 August 2019

Available online 12 August 2019
0951-8320/ © 2019 Published by Elsevier Ltd.


http://www.sciencedirect.com/science/journal/09518320
https://www.elsevier.com/locate/ress
https://doi.org/10.1016/j.ress.2019.106600
https://doi.org/10.1016/j.ress.2019.106600
mailto:sha.zhu@kuleuven.be
mailto:W.L.v.Jaarsveld@tue.nl
mailto:rdekker@ese.eur.nl
https://doi.org/10.1016/j.ress.2019.106600
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ress.2019.106600&domain=pdf

S. Zhu, et al.

extend the demand forecast using a hybrid forecasting approach, and
we propose a forward-looking inventory procedure that explicitly takes
into consideration the risk that parts stay in inventory for a long time
after procurement. The hybrid forecasting approach combines an ADI-
based approach for the first few periods with a regular forecasting ap-
proach for the remainder of the horizon. The forward-looking inventory
policy solves in each period a stochastic dynamic program based on the
latest demand forecasts over the horizon.

The forecasting element of our approach is conceptually related to
spare parts forecasting models that use the delay-time model (e.g.
[41]), but unlike those approaches our approach does not need the
delay-time distribution of each component as input, but it estimates
from data all parameters needed to arrive at forecasted demand dis-
tributions. Other approaches improve forecast accuracy at the expense
of increasing the difficulty, the effort and the operational cost to predict
demand, e.g. investing in a condition monitoring system [33], see also
[7]. In particular, while our method needs more data than typical time-
series methods, we need considerably less data and information than
approaches based on the delay-time model (e.g. [20,41]) or on system
monitoring systems [15,33]. This reduction in the data requirements
constitutes an important step towards enabling the application of ADI-
based approaches in practice, and in particular towards rolling out such
approaches over entire spare parts assortments.

We illustrate this by assessing the potential value of implementing
our approach for inventory control based on data for thousands of parts
of two companies, and compare it to a state-of-the-art time series
forecasting approach (viz. [26]). We find that optimizing inventory
using the maintenance plan yields a very substantial cost reduction of
23-51%, compared to the benchmarks. To our knowledge, this is the
first proof that an ADI-based approach yields value in a practical set-
ting, where all parameters need to be estimated from data.

The remainder of this paper is organized as follows. The next section
gives an overview of the relevant literature. In Section 3 we discuss the
availability of planned on-condition maintenance tasks in practice. In
Section 4 we discuss our approach. Section 5 gives the setup and results
of our experiments using two sets of real company data. The final
conclusions are presented in Section 6.

2. Literature review

Spare parts demand can either be forecasted based on historical
data, advance demand information or a combination of both [7]. Since
our ADI-based method represents an alternative to time-series fore-
casting methods for intermittent spare parts demand, we first briefly
review literature those latter methods (for a more detailed review see
[38]). Time series forecasting methods for intermittent demand include
parametric and nonparametric methods. Croston’s method [5] is an
early example of a parametric method. Recent works analyze and im-
prove this method [24-27,32] and propose alternative parametric
methods [8,11,23,42]. For insightful discussions regarding parametric
methods refer to [3] and [22]. Non-parametric methods construct em-
pirical distributions of demand, see e.g. [21,38,43,45].

We next review contributions that apply ADI in demand forecasting
and inventory control. ADI may take different forms (e.g. service con-
tract, sensor data from machines, part age, etc) and topics in literature
include how to derive demand from different forms of ADI and how to
respond to ADI. ADI literature can be divided into two streams: perfect
ADI refers to situations where the quantity and timing of demand is
known in advance, and imperfect ADI refers to cases where some in-
formation regarding demand is known, but not the exact quantity and
timing.

Hariharan and Zipkin [12] study where customers place their orders
in advance (i.e. a demand leadtime), and show that this form of perfect
ADI is mathematically equivalent to a reduction in the supply leadtime.
Gallego and Ozer [9] also study perfect ADI and show that state-de-
pendent (s, S) policies are optimal in the periodic review model for
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positive set-up cost. The study gives a lower bound to its extension to a
distribution system, which is studied in [17]. Gallego and Ozer [10]
consider perfect ADI in a multi-echelon system. They find that the value
of ADI on each echelon is influenced by the lead time of that echelon,
and prove the optimality of state-dependent, echelon base-stock po-
licies. The key finding for perfect ADI is that the inventory position
should include outstanding demand.

We now discuss papers with imperfect ADI. Tan et al. [30] study an
inventory problem with ADI that might either be realized as demand,
wait in the system one more period or leave the system without demand
realization with given probabilities. They show that the optimal policy
is of order-up-to type, with the order-up-to level depending on the ADI
information. Tan et al. [31] consider imperfect ADI in an ordering and
rationing problem with two demand classes. ADI is used to make a
better rejection decision to lower class demand.

In addition to the above papers utilizing ADI to obtain (optimal)
inventory policies, [1] and [29] apply ADI in demand forecasting.
Abuizam and Thomopoulos [1] propose a Bayesian method to update
the expected amount of orders. However, Bayesian updates might fail in
some problems as they rely on the distribution assumption, give one
sided updates and fail to consider customer patterns [cf. 29]. Therefore,
[29] combines expert judgmental prediction and demand estimation
from ADI. ADI are subject to change in time and orders are partially
materialized. Historic record is used to model the order changing be-
havior. Van der Auweraer et al. [34] review the forecasting methods in
which ADI takes the form of installed base information. Forecasting
methods are evaluated either in forecasting accuracy or in the in-
tegrated inventory system. [28] and [4] stress on the importance of
considering inventory metrics rather than standard forecasting accu-
racy measures in evaluating the forecasting method. Simulation is the
most widely used in evaluating the forecasting method and inventory
performance, e.g. [20,41,44].

Using the imperfect ADI concept for improving spare parts in-
ventory control could potentially aid practitioners to overcome the
difficulties posed by spare part demand intermittency and lumpiness,
and a few researchers have developed approaches in this general di-
rection. Deshpande et al. [6] track the age of parts in aircraft and use
this information as ADI to improve spare parts inventory control. Pince
et al. [19] consider a manufacturer with contractual obligations to
provide parts to its customers, and study the drop in demand rate re-
sulting from contract expiration. Their proposed policy reduces the base
stock level ahead of actual contract expiry. Basten and Ryan [2] con-
sider a single stocking point that satisfies demands resulting from cor-
rective and preventive maintenance, and assume that perfect ADI is
available for preventive maintenance. They propose heuristics for order
and inventory allocation decisions, and find that the joint inventory
requirement will be reduced due to the effect of risk pooling. Ro-
meijnders et al. [23] develop a two-step method that makes use of the
component repairs in spare parts demand forecasting. They focus on
comparing various time series forecasting methods without ADI, but
mention that ADI in this setting can considerably increase forecast ac-
curacy.

[15,20,33,41] pioneer new approaches towards spare parts in-
ventory control driven by planned/foreseen maintenance, and as such
they are arguably most closely related to our present work. These works
are conceptually based on delay-time degradation models. To our
knowledge, this key idea was introduced in [41], in the context of a
block-based inspection policy. They assume that distributions for both
the initial and the delay-time of the delay-time model are known. They
focus solely on forecasting, and develop a forecasting model by com-
puting the conditional probabilities of parts needing replacement
during inspection and between the inspection intervals. They find that
this model can reduce the forecast error substantially. Topan et al. [33]
consider an asset monitored by a real-time condition monitoring system
that generates imperfect warnings that may indicate that a part is
failing. They develop effective spare parts inventory control policies in
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this situation. Poppe et al. [20] consider an asset monitored by a real-
time condition monitoring system, and investigate the impact of
adopting a condition based maintenance policy on inventory control,
where they use corrective maintenance and periodic maintenance as
benchmarks. In contrast, [15] investigate the value of condition mon-
itoring systems for spare parts inventory control without changing the
maintenance policy, and find that it may be substantial.

All these approaches rely heavily on component degradation in-
formation, in the form of real-time condition monitoring and/or com-
plete distributional information on the degradation process. In contrast,
our approach needs no such information. Instead, we propose to di-
rectly estimate the probability that a part needs replacement in an on-
condition maintenance task from data. This greatly simplifies applying
our approach in practice. In addition, we are the first to use real data to
test the value of ADI approaches for spare parts inventory control. Note
that our tests involve assessing the value of the model for inventory
control, and as such they contribute to an understanding of the po-
tential value of our approach in practice.

3. On-condition maintenance tasks as advance demand
information

We first discuss the on-condition maintenance concept versus other
maintenance concepts, and explain how planned on-condition main-
tenance tasks constitute ADI. We then discuss in more detail how in-
formation regarding planned on-condition maintenance tasks arises in
practice. The discussion is based on the experience of the authors
working closely with two maintenance organizations (cf. Section 5).
The second author has been working with these two companies for over
10 years. The first author conducted site visits to these and other
maintenance organizations to verify the validity of the idea using
maintenance plan for spare parts demand forecasting. The third author
has worked with many industrial partners and accumulated deep in-
sights to the maintenance industry. Finally, we note that [7] bring up a
similar discussion based on in-depth interviews with a wide range of
maintenance organizations. (Unlike us, they do not develop forecasting
methods.)

The simplest form of maintenance is perhaps break-down main-
tenance, i.e. run-to-failure. In contrast, preventive maintenance en-
compasses a wide range of maintenance strategies aimed at preventing
failures, and we discuss such strategies next. In time-based maintenance
a part or component is replaced periodically, e.g. after a fixed amount
of time (e.g. every 6 months) or usage (e.g. every 20,000 landings of an
aircraft). Time-based maintenance can be planned ahead easily, and no
condition information is needed to apply it, but it has the disadvantage
that the useful life of the replaced parts may be poorly used. Therefore,
when it is economically feasible to do so, companies inspect parts of the
asset before deciding upon replacement; the part is then only replaced if
degradation is above some threshold, hence the term on-condition
maintenance task. This approach is typically motivated using a delay
model for part degradation [39,40]. Arguably, on-condition main-
tenance tasks are an example of condition-based maintenance, but most
scholars reserve this latter term for situations where the condition is
real-time monitored. In practice, the prevalence of real-time condition
monitoring systems is still low because of their high associated cost
[33].

In this paper, we propose to use planned (but not necessarily peri-
odic) on-condition maintenance tasks as spare parts ADIL This generic
idea is broadly applicable across a wide range of maintenance organi-
zations. The key and only requirements of the proposed approach are
that on-condition maintenance tasks are known beforehand (e.g. 1
month into the future), and that information on past on-condition
maintenance tasks and resulting spare parts usage is stored. In typical
high-tech asset maintenance settings, the first requirement is satisfied in
the sense that a broad range of on-condition maintenance tasks can be
accurately foreseen beforehand, and data collection is often compulsory
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because of traceability requirements. Indeed, asset maintenance must
be planned ahead of time to organize availability of the asset, qualified
mechanics, tools, maintenance hangar, etc. The scope of asset main-
tenance is typically also known beforehand. Therefore, for those assets
which have a big ratio of planned maintenance, using information on
the on-condition maintenance task is very beneficial from cost per-
spective. Moreover, increasing adoption of maintenance management
software has made data on the maintenance plan available in formats
useful for automatic decision making, which has increased the potential
of and need for the approach we propose. In the following, we explain
in more detail the applicability of the approach for modularly designed
assets. Modularly designed assets contain many line-replaceable units
(LRUs) that can be removed during asset maintenance. Examples in-
clude aircraft, trains, trams, and many other high-tech machines. LRUs
are typically removed periodically in order to inspect them. In parti-
cular, each LRU has an associated inspection interval and inspection
scope. This scope consists in the on-condition maintenance tasks on
parts of the LRU that together constitute the inspection. Both inspection
intervals and degradation limits for on-condition tasks are typically
prescribed by the manufacturer of the LRU, which bases its prescrip-
tions on quantitative analysis in so-called reliability-centered/risk-
based maintenance studies, see e.g. [14,16]. The inspection of LRUs
after removal from the asset is typically carried out in specialized repair
shops. Therefore, parts of the LRU that are replaced depending on their
condition are typically referred to as shop-replaceable units (SRUs).
Example: the manufacturer may specify that the rear servomotor (=LRU)
of a certain type of aircraft must be removed for inspection every 8000 flight
hours. Moreover, the manufacturer specifies that if, during inspection, it is
found that the coil (=SRU) of the servomotor shows any signs of corrosion,
it must be replaced.

Asset maintenance is clustered in order to efficiently satisfy the
component safety requirements prescribed by manufacturers. E.g. in
aviation it is common practice to define maintenance with several
depth levels, e.g. a, B, c and » level maintenance. In A-level maintenance
the scope is small, while p-level maintenance encompasses the removal
and inspection of a wide range of LRUs. The various levels of asset
maintenance and their frequency are designed such that inspection
intervals of individual LRUs are guaranteed. As a consequence of this
careful design of the various checks, the work scope of such checks is
typically specified beforehand, i.e. it is known which LRUs will be re-
moved for inspection in which check. Moreover, maintenance organi-
zations make detailed plannings of the maintenance of their fleet, in
order to align availability of bottleneck resources such as maintenance
hangars, mechanics and tooling, and moreover to ensure that the op-
erational capabilities of the fleet remain at a sufficiently high level.
Example (continued): The fleet maintenance plan of an operator specifies
that in the upcoming four weeks, each week two aircrafts of a specific type
will undergo c-level maintenance, which includes removal and inspection of
the rear servomotor installed in those aircraft.

The main idea of this paper is then to use the maintenance plan, and
in particular the on-condition maintenance tasks that can be derived
from the plan, as input to forecast spare parts demand. Maintenance
plans may be made years in advance, but the plan is not reliable far into
the future. This may for example be a consequence of cumulative
forecasted usage (e.g. flight hours/km) deviating from actual cumula-
tive usage, or changes in the plan, etc. However, on the short term (e.g.
a few months into the future instead of years) cumulative usage can be
more accurately forecasted, making such deviations rare. Another
reason for the plan to be more reliable on the short term is that de-
viations on the short term cause operational disruptions as well as
unavailability and/or idle time of bottleneck resources. We propose to
base ADI on this reliable time horizon, and we develop a method that
reverts to time-series forecasting for periods beyond this horizon.
Example (continued): The coil in the rear servomotor has historically
been replaced in one out of three repairs. Based on two planned removals of
the rear servomotor per week, an expected demand of 2/3 = 0.67 coils per
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week is forecasted for the next four weeks.

To some extent, the approach can help to predict peaks in demand.
Example (continued): Suppose that an operator decides to inspect all
servomotors in the fleet in April, to avoid any problems in the busy summer
months. As a consequence, there will be 18 inspections per week for the
month April. Based on this, expected demand of coils suddenly grows to 6
per week, or about 24 per month, and using the maintenance plan would
enable to predict the sudden demand hike. However, note that there would
still be considerable remaining variability in coil demand because of varia-
tions in actual coil replacement rates.

We emphasize that while maintenance plans and tasks are nowa-
days increasingly available in maintenance management systems, such
systems are not ubiquitous, and even if an investment in such systems is
made, it is not necessarily trivial to extract information from such
systems in a format usable for spare parts decision making. Apart from
developing methods to use on-condition maintenance plans for spare
parts inventory control, one of the goals of this paper is testing their
potential value in practice using data from companies in aerospace and
train maintenance that were able to extract the necessary data from
their system. We believe this assessment may help in driving business
cases for the proposed approach.

4. Methods

Our approach is applicable in general for maintenance organizations
that perform on-condition maintenance tasks. For concreteness, in what
follows we adopt terminology of a repair shop. We focus on one specific
LRU/component that is regularly inspected by the repair shop, which is
an establishment specialized in repairs of line-replaceable units (cf.
Section 3). Inspection consists of determining the condition of parts of
the component: if a part is degraded beyond some acceptable level, then
it must be removed and discarded, and replaced by a spare part. So for
the repair shop, each component repair corresponds to a number of on-
condition maintenance tasks: one for each part in the component.

To complete repairs quickly, the repair shop keeps a local inventory
of spare parts, and our focus is on inventory control of one specific
spare part that may be used in the component. In case the part is needed
but out of stock, an emergency order is placed, and after the emergency
leadtime the repair continues. Emergency orders are a common way to
avoid very long and costly delays of maintenance, and the emergency
order leadtime is understood to be much shorter than the regular
leadtime. Note that placing an emergency order is (mathematically)
equivalent to a lost sale, and we take this latter perspective. We con-
sider the penalty costs for the lost sale to be c., where c, includes
emergency order cost and costs of delaying the repair. Note that de-
laying a component repair may be costly as it requires the mechanic to
store the inspected component, and to later retrieve it, which is time-
consuming. As is customary in industry (cf. [23]), inventory is reviewed
periodically, resulting in a periodic-review, single-item, lost-sales in-
ventory system. We denote periods by ¢ € {1, .., T}. Here, T is the last
period before the end of the horizon.

We consider a constant lead time L for a regular order. Parts ordered
at the start of period t arrive at the start of periodt + L. We let L = 1,
which corresponds to a situation where parts ordered one period are
available in the next period. This is reasonable because repair shop
inventory is replenished from a central warehouse every period.
Moreover, since many SRUs are relatively inexpensive, it is affordable
to avoid stock-outs in this central warehouse. More importantly, fo-
cusing on this assumption avoids very technical inventory models and
allows us to focus on the exposition of the key ideas regarding the in-
tegration of ADI and inventory control. For the same reasons, we as-
sume no economies of scale in ordering. Inventory has holding cost h
per part per time unit, and since we work with a finite horizon, leftover
inventory at the end of period T is penalized with cost s per part. This
penalty may either reflect the cost of scrapping the inventory (in case
this is really the end of the horizon in which the part is used), or it may
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reflect the cash tied up in inventory at the end of the horizon, which
causes a potential loss of opportunity, cf. Section 4.2.

As described in Section 3, we focus on cases where the repair shop
knows the number of on-condition maintenance tasks (component re-
pairs) that will be carried out some periods in advance. In particular, at
the start of period t, the repair shop knows the number of on-condition
maintenance tasks for periods ¢, t + 1, ...,t + T,,, where T}, corresponds
to the number of periods that tasks are known in advance. Note that the
spare part demand for period t is only revealed during period t: only
upon inspection does it become clear whether a part needs replacement.
Also, we assume that the repair shop keeps track of past on-condition
maintenance tasks and the resulting spare parts demand. (This is often
required for quality assurance reasons anyhow.)

4.1. Forecasting

The goal of this section is to arrive at a demand forecast for up-
coming periods that can serve as a basis for inventory control. Note that
for this latter purpose, a demand distribution forecast rather than a point
estimate is needed. Let d, denote the actual spare part demand in period
t, and let A, denote the number of maintenance tasks in period t. At the
start of period t, we know the values d,,; and A,; for i < 0, because
those periods are in the past. We also know A,; for 0 < i < T,;: this is
the ADI.

Conceptually, an on-condition maintenance task results in a spare
part demand with some (failure) probability p. In practice, such a
probability needs not not be stationary; it may be subject to change as
the components age, and as their usage pattern changes, etc. Moreover,
the precise value of this probability is unknown. We therefore suggest
to estimate the value of this unknown probability from data, by up-
dating the forecasted failure probability p, in every period t as follows:

1- “)1/7\:—1 ta

di— .
T ifAL >0 )

by ifA,_; =0 )

A

b =

Here, a is a smoothing factor. p could be initiated as 0, or using the
first few months of the demand history.

To forecast demand more than T,, periods in advance (that is, d;,;
where i > T,;,) in our proposed method, we revert to standard time-
series methods to forecast the average demand per period, which will
be denoted by A, We opt for the well-studied Syntetos-Boylan ap-
proximation (SBA) [26], which is an improvement to Croston’s method

[51:

A= (1 - %)f—‘
k, 3)

A
Here, o is a smoothing parameter. The estimated demand size S; is
updated by

o _ A=)+ adiy fordia> o0 )
=
§¢_1 ford,_, =0 (5)

and the estimated demand interval I/c\, is updated by

a- a’)llc\t_l + a'k,_y ford,_, >0 (6)

k
LR N
ki_1 ford,_;,=0 @)
At the start of period t, to arrive at a forecasted demand distribution
DA,,HZ- for some upcoming period ¢ + i, we distinguish between the cases
i> T, and i < Ty, For i < T, the spare parts demand has a binomial
distribution with A,; trials and success probability p. Since p is un-
known, we substitute the estimated value ﬁt to obtain for 0 <i< Ty, :
DAM” ~ B(Atyi, ﬁt), where B(n, p) denotes a binomial distribution with
parameters n and p. For i > T,,, A,.; is not available. Because the
Poisson distribution is a good fit on spare part demand in general, for
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i > T,, we forecast the demand distribution as DA[,M ~ poisson(//l\t).

We note that there are substantial difference between using
B(As4i,s 1’)\[) for forecasting, versus using poisson(//l\,). Most importantly,
B(Asi,s f)\t) reacts immediately to a large number of planned main-

tenance tasks, while poisson(/f,) only changes after the maintenance
tasks have been executed. Secondly, using the binomial distribution
B(A:4i, ,) has the advantage that we explicitly know an upper bound
on the number of replacements, which may help reduce the stock in
certain situations.

4.2. Inventory optimization

We develop an approach for determining the amount x, of spare
parts to order in some arbitrary period t. Since demand is non-sta-
tionary, x, should not myopically depend on the forecasted demand
during leadtime alone, but it should be forward looking. This is easily
seen based on an example: Let T,, = 1 and consider two situations at time t:
1) p, =024 =001, A =10, Ay = 10; 2) p, = 0.2, A, = 2, A, = 10,
As+1 = 10. In both cases, demand on the short term is likely around 2 since
D Air1 = 2, but in the first case, demand is expected to go down to 0.01 in
subsequent periods, while in the second case, demand is expected to remain
around 2. That means that any items remaining at the end of period t + 1
will likely stay in stock longer in the first case than in the second case, which
should be reflected in the order decision.

To arrive at a forward-looking policy, in each period t we solve a
stochastic dynamic program (SDP) over periods ¢t + i € {t, ...,T}. This
SDP uses the demand distributions over said periods, but the exact
demand distribution is unknown. Instead, it is natural to use the fore-
casts constructed in period t: ﬁm”. In the following, we briefly sum-
marize the steps that occur in each period, and we subsequently give
the SDP used to determine the order quantity x, in each period t. For
summarizing the steps, we introduce y; and y/ to denote the on hand
inventory at the beginning and the end of period t, respectively. Here, y,
is understood to include the items that arrive in period t.

In each period, first the order placed in the previous period arrives.
Thus y; =y, + X;_1. Then the order amount x, is decided. Next, spare
part demand D, happens. Demand is satisfied by on hand inventory y,.
Thus at the end of period t we have on hand inventory
¥ =0, — D)t =, + x-1 — D)*. The holding cost h-y’ and emer-
gency ordering costs c.-(D; — y,)t are incurred. Subsequently, the next
period starts.

To arrive at an SDP equation for deciding x;, let f; ,,; (3;,;) denote the
optimal total discounted cost from period ¢ + i until the end of the time
horizon T, when the starting inventory in that period is y,;, and based
on the forecasts obtained in period t. Then f ,; satisfies the recursive
equation:

. - AY
fsi0)=  min }hZP<Dt,[+z-=dxyt+i—d>+
d=0

xt+i€{0,1,...
ke AN
+¢o 25 P(Dyis = d)(d = 3, )
d=0
& A
+ Z P(DMH' = d)j;,t+i+1(yt+i+1)
d=0
(©)]
= min (i
x,ﬂ-e{o,l,m]g[’”l( 1) 9)
where y,;,; = (0 —d) +x, and with the boundary condition
fir41 = —S-Yr4,- This boundary condition reflects that, in our approach,

we assume that at the end of the horizon, inventory must be scrapped.
This is in line with assumptions in our numerical experiment. However,
even in situations where the end of the horizon does not necessarily
correspond to part obsolescence, it may be wise to add a penalty to
ending the last period with inventory, since this may avoid large pro-
curements near the end of the horizon because of the end-of-horizon
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effect. So we believe that having this penalty is wise, even if not all
inventory would be scrapped at the end of the horizon. Note that (9)
implicitly defines g, ,,;(x;+;). We then obtain the amount to order in
period t as x, € arg minyg, (x). Note that f; ;0;,;) corresponds to esti-
mated costs based on the forecast constructed at the start of period t.
Hence, after updating the forecast, at the start of each period a new SDP
is constructed to arrive at x,.

We next discuss the computational effort required to solve the SDP
defined in (8) using backward induction. A practical upper bound for
the maximal planned optimal on-hand inventory (i.e. ), + x;) can be
obtained by using a very high percentile of the demand distribution,
because it cannot be optimal to order an amount that will only be used
with negligible probability. In particular, a Poisson random variable
with mean 1 exceeds U(1) = 1 + 10 + 10y with almost vanishing
probability for the Poisson case; for the Binomial case we could use the
natural bound A, y, can then be bounded by 2U (1). Then backward
induction for each inventory decision involves computations over
T — t + 1 periods, with 2U (1) states for each period. Computing the
value for each state involves at most a constant times U (1) computa-
tions, so computation time for each decision (i.e. solving the SDP) can
be bounded by some constant times U (1)°T. For the experiments that
we report in Section 5.2, computation time was (much) less than a
second for each decision.

5. Assessment of potential value of the method

In this section we use data from two maintenance companies in
order to quantify the potential value of the ideas and methods devel-
oped in this paper. In Section 5.1 we discuss the data and the setup of
the experiments. Section 5.2 gives the results.

5.1. Data and experimental setup

We first briefly describe the two companies and their data, and then
discuss the experimental setup. The first company is Fokker Services
(FS). FS provides comprehensive in-house component maintenance,
repair and overhaul support to aircraft operators in dedicated repair
shops. Components are typically delivered to FS according to the air-
craft operator maintenance plan. FS subsequently determines the con-
dition of parts during initial inspection. Failed parts generate demand
for spare parts, which are delivered from a warehouse next to the repair
shop. (The warehouse is replenished from a central warehouse in the
Netherlands, but this replenishment is left out of the scope of this
study.)

Repair data over a period of 134 months are available. Data are
cleaned by removing some parts which are not applicable in our model,
e.g. if the bill of material coefficients are larger than one for the part/if
the part is used in a quantity larger than one in a single repair. Each
type of component and each type of spare part has a unique serial
number. In our analysis, we use the following information that is
gathered about component repairs: Period in which the component
arrived at the repair shop, component serial number, which spare parts
(serial numbers) were used in the repair operation. As a component
might generate demand of different spare parts types, we call the
component and each corresponding type of spare part as one spare part-
component pair. The data set includes 24,455 different spare part-
component pairs.

We designate the first 84 months as the training set. Within this
training set, we use the average of the first 48 months to arrive at an
initial estimate for the model parameters. We then use the approach
discussed in Section 4.1 to update the parameters (e.g. parts failure
probability) for the remaining 36 months in the training set. The test set
contains the last 50 months of data, i.e. months 85-134. In the test set,
we keep updating the parameters, and we record performance statistics
such as holding costs and emergency ordering costs.

Real SRU prices are not available. In the experiment, we consider
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Fig. 1. The effect of parameters on the value of maintenance planning (Fokker Service).

the following 4 parameters as the experimental factors: (i) holding cost
per item per time unit h, (ii) emergency shipping cost c,, (iii) scrapping
cost at the end of horizon s, (iv) maintenance plan lead time T,

For the base case, we use the following parameters. At 24% holding
costs per year, a typical low part price of 5 euros amounts to h = 0.1
euros/month. Costs for scrapping parts at the end of the horizon are set
at s = 5 euros, because the costs of scrapping are dominated by the lost
investment. Regarding the emergency costs, we found in discussions at
various repair shops that delaying repairs is inconvenient because it
typically requires the mechanic to temporarily store the component,
and to later retrieve it. Additionally, even relatively short repair delays
may harm customer satisfaction. As a consequence, we set the penalty
costs for an emergency shipment as c, = 20 euro. Finally, we set T, = 3.
We design our experiments around these base case parameters, and a
sensitivity analysis is conducted to explore the effect of changes to the
base case.

Since each component constitutes an on-condition maintenance task
that may result in usage of the part, we can directly apply our methods
for each spare part-component combination. Our method is used to
determine the replenishment quantity in each period. Subsequently, we
simulate the dynamics of the system using the real demand and main-
tenance data (cf. Section 4.2), and obtain holding, emergency shipping,
and scrapping costs for all parts. To assess the value of ADI, we will use
as a benchmark a method that does not use ADI. Like the method
proposed in this paper, the benchmark uses the recursive approach
(8)-(9) to set spare parts orders. However, the benchmark uses the time
series forecast ll)\,,mﬂ ~ pois(//l\,) for all future periods, including those
with 0 <i < T,. Note that the value of A; is not needed for the
benchmark, and note that the Syntetos—Boylan approximation is used to
determine A, So the benchmark represents the state-of-the-art time-
series method.

Note that our experiments compare holding, emergency shipping,
and scrapping costs for both the proposed approach and the benchmark.
Thus costs for performing the actual on-condition maintenance tasks
(i.e. labor costs & downtime of equipment) are not considered in either
approach. This is reasonable, since the latter costs are exogenous to the

model, and should be considered as sunk costs.

We also test our approach at another company: the Netherlands
Railways (NS). NS is by far the largest operator of passenger railway
transport in the Netherlands. The maintenance department of NS tracks
the repair actions of main components of trains over 35 months, and we
obtained that data. The history covers information over 138,347 repair
actions on main components. At NS components may either be replaced
as part of the maintenance plan, or upon unplanned failure. The former
covers 2727 types of components and 749 types of parts, and the latter
covers 3935 types of components and 1485 types of spare parts. Ideas in
this paper are applicable to the former case, and we only use that data.
We designate the first 25 months of demand as training data, and the
last 10 months as test data. Out of the training set the first 20 periods
are used for initialization of forecast parameters, and the last 5 for
updating those parameters. The other settings are the same as in the FS
case.

We mainly evaluate the proposed approach and benchmarks using
inventory control metrics, but to provide a broader perspective, we also
assess the performance of the proposed forecast approach in isolation
using the root-mean-square-error (RMSE) and mean-absolute-deviation
(MAD). In evaluating the forecasting accuracy we use the point forecast
of demand rather than the demand distribution. Therefore, we consider
the mean of the binomial distribution estimated in Section 4.1 and the
benchmarks include moving average (MA), exponential smoothing
forecast (ES), Croston’s forecast method (CR), Syntetos-Boylan ap-
proximation (SBA) and forecasting method of Teunter et al. [32] (TSB).
The length of moving periods in the MA method is set to be 12. The
smoothing constant in ES is 0.2. We give 0.2 to both the smoothing
constant of the demand size and that of the demand interval in CR and
its modification SBA. The smoothing factors of the demand size and the
probability in TSB is set to be 0.2 and 0.1 respectively. The initial
forecast in the benchmarks is made over the first 48 months in the
Fokker case and 20 months in the NS case.
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Fig. 2. The effect of parameters on the value of maintenance planning (NS).

5.2. Results

We compare the total cost of all spare parts of our proposed ap-
proach to the costs of the benchmark that only uses time-series fore-
casts. Fig. 1 shows the relative cost reduction of all the spare parts at
Fokker Services, in the Total Costs (TC), Holding Costs (HC), Emer-
gency Costs (EC), and Scrapping Costs (SC). Fig. 2 does the same for NS.
Each column in Figs. 1 and 2 represents a single setting of parameters:
For each case the base values of parameters are h = 0.1, p = 0, ¢, = 20,
s =5, T, = 3. Figs. 4 and 5 show the forecasting performance measures
for the Fokker Service and the NS respectively. Average over all types of
spare parts are given.

As the FS case has a relatively long demand history, we can make a
relatively accurate categorization of spare parts based on the number of
months with positive demand during the training period (84 months) to
explore the value of the maintenance plan on each category. The three
categories are very-slow moving (1-5 months with positive demand),
slow-moving (6-20 months), and fast moving (21-84 months). We have
24,455 types of part - component combinations in total. Very-slow
moving includes 21,011 combinations, slow moving covers 2846
combinations and relatively fast moving has 598 combinations. Fig. 3
shows the cost reduction in each category. We have the following ob-
servations.

e We observe that our approach reduces the total cost compared to the
benchmark by 48% and 23% in average for Fokker Services and NS,
respectively. This illustrates that the value of the maintenance plan
is very high in inventory control. In eight out of ten instances in the
FS case and in nine out of ten instances in the NS case, our approach
outperforms the benchmark with regard to all three cost compo-
nents. Cost reductions are mainly driven by reductions in emergency
shipping cost, followed by the holding cost and scrapping cost. The
emergency shipping cost contributes 89% to the total saving in the
Fokker case and 68% in the NS case. Note that since many spare
parts are very reliable, and since components have a life cycle of
5-20 years, scrapping costs may be a substantial part of total costs

because even with low stocks there is always a risk of leftovers (cf.
[36]). This explains the substantial costs of scrapping for the cases.
However, note that the scrapping costs difference between the ADI
method and the benchmark is minimal, which implies that the as-
sumption of scrap costs is not essential for our results. Finally, we
note that the cost reduction for Fokker Services is higher than the
cost reduction for NS. This is mainly due to the fact that the main-
tenance plan is more stable for NS, which reduces the value of ADI,
cf. Section 4.1.

The holding cost rate h has more effect on our method than the
benchmark while the emergency shipping cost c, has larger impact
on the benchmark. When h is increased from 0.1 to 0.5, the cost of
our approach is increased by 59% while 34% for the benchmark in
the Fokker case. For h from 0.5 to 1, it’s 28% for our approach and
14% for the benchmark. The effect of h is monotonic in general. For
¢ from 15 to 20 and to 30, the cost of our approach is increased by
13% and 17% respectively, while for the benchmark it’s 16% and
24%. Therefore, we can conclude that our approach on average
orders more than the benchmark as to have less penalty and holding
cost. The method apparently orders at the right moment. When h/c,,
is large enough, the value of the maintenance plan vanishes since
the optimal policy under both methods does not place any order.
When c,,/h is large, both of the methods have larger stocks.
However, using the maintenance plan yields an upper bound for the
spare parts demand while the benchmark does not have access to
such an upper bound. In addition, the benchmark might place an
order in the period when there is no component arrivals as it only
uses the history demand in forecasting. Again, the ADI method
places timely orders. This is verified by the observation of the in-
crease in the holding cost reduction with the increase of c,, in both
Figs. 1 and 2.

The value of maintenance plan is not sensitive to T;,. In the Fokker
case, obtaining the maintenance plan one lead time ahead achieves
46% in cost reduction, while obtaining it 5 lead times ahead
achieves a 52% cost reduction. In the NS case, the cost reduction
increases from 20% to 24% by increasing T,, from 1 to 10. The
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Fig. 4. RMSE and MAD for the Fokker Service.

marginal benefit decreases dramatically with the increase of T,
Therefore, we conclude that it is necessary to obtain the main-
tenance plan in advance as it brings substantial cost saving.
However, obtaining the maintenance plan one lead time ahead
contributes the most to the inventory cost. It is not very cost effec-
tive to invest more in order to obtain the maintenance plan much
earlier.

Fig. 3 shows that costs reductions are substantial over all categories,
and relative cost reductions increase only slightly for faster moving
categories. The biggest absolute contribution to the total cost savings
is made by the very slow moving parts: 53% (averaged over the
various cost parameter settings). This is because the very-slow
moving category accounts for a large proportion of the parts. It is
interesting that our approach performs well for the very-slow
moving category, because that category is very hard to forecast
using traditional techniques. Note furthermore that the very-slow

Fig. 3. The effect of parameters on the value of maintenance planning, for the part categories very slow moving (VSM), slow moving (SM), and fast moving (FM)
(Fokker Service).

0.4 T
03l |
0.2 s
0.1 s

\
ADI ES MA CR SBA TSB
Fig. 5. RMSE and MAD for the NS.

moving category is less sensitive to the holding cost rate h than the
other two categories in both the ADI method and the benchmark.
This is because holding cost accounts for a smaller proportion of the
total cost for very-slow moving items.

In addition to the inventory metrics, our ADI-based forecasting ap-
proach also performs better comparing to the time series methods in
the evaluation of forecasting accuracy. The method ADI has an ad-
vantage over all other time series approaches in both RMSE and
MAD in each case, shown in Figs. 4 and 5. Note that as we update A,
for Poisson distribution by SBA in Section 4.1, the point forecast by
SBA method in evaluating forecasting accuracy is exactly the mean
value of the Poisson distribution used in the inventory control
system. Therefore, our approach which considers ADI leads to less
cost in the inventory system and a better forecasting accuracy than
the benchmark in which demand is estimated to be Poisson dis-
tributed and its corresponding point forecast.



S. Zhu, et al.

e The results are consistent with an intuitive interpretation. The
proposed method can better take into account the time interval
between positive demands. Therefore, it prevents the system from
keeping redundant stocks. This leads to less inventory holding cost,
as we observe in both cases. The proposed approach differentiates
spare part demand forecasts in different time periods by building the
dependence between spare part demand and its origin, component
arrivals. By responding to the maintenance plan, our approach
makes the spare part demand forecasting more accurate and the
inventory decisions more appropriate. As a result, we have less
penalty cost for emergency shipment and less scrapping for leftover
stocks at the end of time horizon. In this way, our approach can
better achieve the goal of having the right amount of stocks at the
right moment. We expect the value of our approach in practice to be
highest for the very slow moving items, because especially such
items are notoriously difficult to control for human decision makers.

6. Conclusions and future research

Spare parts demand forecasting is essential to spare parts inventory
control but difficult as the demand has the feature of irregularity and
lumpiness. We proposed and tested ideas to apply ADI, in the form of
planned on-condition maintenance tasks, to improve spare parts in-
ventory control under these circumstances. Incorporating this form of
ADI into forecasting makes the demand forecast nonhomogeneous over
the forecast horizon. Accordingly, as argued in this paper, the inventory
control must become forward looking, and we propose an inventory
optimization approach to reflect this. We determined the potential
value of the combined forecasting and inventory optimization approach
using industry data, and found that potential savings are very sub-
stantial: 51% for the aerospace maintenance case, and 23% for the train
maintenance case.

Some comments are needed to put these figures into perspective.
First of all, while aircraft component maintenance typically results from
checks planned by the operator, this information is currently only
shared on an ad hoc basis, e.g. maintenance organizations inform the
repair shop in advance when they expect a substantial number of re-
movals of a specific component in a short time interval. This is mainly
in their own interest: If the repair shop is prepared, then spare part
shortages are rare. The present research solidifies these findings and
underlines the economical value of such information sharing in the
supply chain. Moreover, the study provides compelling evidence that
investing in a more structured sharing of information, e.g. in the form of
a data platform, can simultaneously reduce inventory and increase part
availability. Train maintenance organizations likewise inform the re-
pair shop typically on an ad hoc basis. The present study shows that it
would be better to more structurally organize this, as structural sharing
of information would allow for a substantial reduction in the mismatch
between spare parts demand and supply. Finally, it is interesting to note
the rather marked difference in cost reduction for Fokker Services and
NS, though in both cases cost reductions are substantial. We believe
that this is caused by a more uneven maintenance pattern in the aircraft
industry compared to train maintenance.

Our approach focuses on the most common case: If parts are used in
an on-condition maintenance task, they are used in quantity 1. While
this holds for the vast majority of parts, one could generalize it to si-
tuations where multiple parts of the same type may be replaced in a
single maintenance task [37]. Another direction for future research is
related to our forecast method: Suppose many on-condition main-
tenance tasks are upcoming, i.e. A,;; is high. This will likely increase
future demand, so future demand is likely to be higher than //1\,. It would
perhaps be interesting to adapt the forecasting method for //1\[ such that
it already responds to expected changes in demand. Finally, any ex-
perience on a broad implementation of the ideas pursued in this paper
would likely teach us valuable lessons that cannot be learned from this
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preliminary study alone.
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