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ABSTRACT: System reliability tools as a means for supporting business cases are considered. The result-
ing quantitative insights connect new technology developers with the business and management world. Recent
advances in the ability to generate (sense), collect, store, and process large amounts of data have direct impli-
cations for the reliability engineering. The long term visions of the “Industrial Internet” and the “Internet of
Things” are very attractive indeed. However, in the short term, there is a great need for incremental steps in
demonstrating the value of the associated suite of technologies. To this end, improving reliability of complex
systems and mitigating the negative impact of their failures are often listed among the short-to-medium term use
cases. The paper focuses on the desired properties of system reliability models that can quantify the benefits for
these use cases. Specifically, the models must be created relatively fast with the minimal resources and provide
a high level of transparency, so that the models can be documented in a way that makes them easily auditable
and understandable by the decision makers. To address these needs, the use of a new version of Stochastic Petri
Nets (SPNs) called Abridged Petri Nets (APN) as a candidate framework is suggested. Several specific examples
are considered. In particular, condition-based maintenance (CBM) concepts with both periodic and continuous
monitoring are investigated and compared. The utility of various performance measures for CBM are discussed,
including false positives rates and correlation between consecutive inspection success. In addition, a scenario
of introducing new technologies (such as advanced fleet-based or Big Data analytics) into the maintenance and
spares supply chain is presented.

1 INTRODUCTION

The modern capabilities for dealing with large-scale
data collection, storage, and statistical processing
have clearly become a focal point of public attention,
as testified by the popularity of buzzwords such as
“Analytics” and “Big Data” (Siegel 2013). It seems
natural to assume that these capabilities are directly
applicable for addressing the challenges of predicting
failures of complex systems. Furthermore, Amazon,
Google, and similar “New Economy” companies at
the forefront of the Big Data movement also operate
“cloud” infrastructures, and so should be interested in
preventing their failures. However, this particular ex-
ample of complex engineering systems benefits from
the feasibility of affordable and highly redundant con-
figurations, with the consequences of individual fail-
ures often negligible. This is not always the case with
other complex (e.g., safety-critical) systems.

At the same time, at least at the moment, the Big
Data embraces correlation at the expense of causa-
tion. The vast majority of modern analytics focuses
on domain-independent machine-learning methods.
They fall under the category of black-box as opposed

to white-box models (Blischke & Murthy 2000). In
this context, the key question is whether the failure
process of an entity is modeled with or without the
explicit recognition of individual constituents (com-
ponents) that comprise the entity. Here “component”
refers to an elementary building block of a white-box
(system) model, which can correspond to a lower-
level entity if models are constructed hierarchically,
or to the lowest level of the hierarchy, as determined
by practical considerations (e.g., individual modules,
such as line-replaceable units or LRU).

White-box models explicitly describe interrelation-
ships among the entities that comprise the system,
and so can be considered as a subset of engineer-
ing models. In contrast, black-box models do not re-
quire explicit modeling of the constituents, as the fo-
cus is on the best possible mapping between the in-
puts and the outputs without any attempt to analyze
the causal mechanisms that lead to the observed or
predicted mapping. As a result, such methods have
broad range of applications, and they can be very use-
ful in predicting regularly occurring events in existing
complex systems. However, they are of limited use in
predicting the behavior of new systems, the impact



of new features introduced to existing systems, or ex-
treme events affecting existing systems for which not
enough historical data exists.

The shifting balance between causation and corre-
lation is rather explicitly advocated (Siegel 2013), and
can be considered as a natural compensation for over-
reliance in the recent past on constructing causal mod-
els that were often counter-productive. As eloquently
explained by one of the living classics of psychol-
ogy, humans have clear propensity to construct causal
models even when it is not rational (Kahneman 2011),
so this current compensation brought in by the Big-
Data tide has merit. There is another important dis-
tinction, that can also explain why, from this view-
point, the subject of this paper is distinct from the
mainstream Big Data applications. Most of the cur-
rent applications of Big Data are focused on con-
sumers behavior where causal connections are tenu-
ous at best. In contrast, the application of Big Data
to engineering systems (so-called “The Internet of
Things”(L. Atzori 2010) as applied to large industrial
systems, sometimes referred to as “Industrial Inter-
net”) is fundamentally different from this perspective,
as the components and systems have been designed
(engineered) to follow certain logical relationships,
so that known causal relationships are present at least
most of the time. It is too early to tell how this in-
creased role of causality will play out in the context
of the Internet of Things. However, it is clear that the
higher consequences of errors require a more direct
reliance on engineering models, and pure domain-
independent machine learning is insufficient.

The juxtaposition between causality and correla-
tion is not a zero-sum game, and as happened many
times before in the history of science, a tool from
one field can successfully migrate into another field,
thus enhancing the recipient. The obvious near-term
benefits to the system reliability include drastic im-
provements to and automation of failure data collec-
tion, which provide better input for reliability mod-
els and allow verification of the quality of reliabil-
ity predictions. One of the promising directions lies
at the intersection of analytics and failure model-
ing and anomaly detection, where large-scale exper-
iments demonstrated the feasibility and usefulness of
automatic processing of operational data (Chu et al.
2011).

SPN is well-recognized as a flexible framework for
dynamic system reliability (i.e., “white-box”) model-
ing. However, SPN models are generally perceived as
too complicated (and even spaghetti-like) to be effec-
tive in facilitating the direct communication with the
decision makers (Bowden 2000). As a result, there
is a recent trend for using SPN as an intermediate
layer of modeling hidden from the end user (Signoret
et al. 2013). However, this approach results in the
loss of the visibility of the modeled dynamic interac-
tions. In contrast, a streamlined version of SPN called
Abridged Petri Nets (APNs) (Volovoi 2013) retains

modeling power of SPNs while enhancing the visual
modeling clarity, making the models more suitable for
the end user consumption and facilitating auditable
tool-independent self-documentation. APN in briefly
discussed next along with an application-based (as
opposed to a computer science) perspective on SPNs.

2 ABRIDGED PETRI NETS

Both Markov chains and Stochastic Petri nets (SPNs)
can be viewed as state-space representations of
stochastic processes. While each state of a Markov
chain represents a possible state of the entire mod-
eled system, Petri nets model the states of individual
components rather than the explicit states of the entire
system. Graphically, Petri nets complement Markov
chain-state diagrams with two new types of objects:
first, small filled circles (called tokens) denoting in-
dividual components are introduced, each placed in-
side of one of the larger hollow circles that denote
the potential states of those components (the latter
entities are named “places” as opposed to “states”
in Markov diagrams). Second, in order to model in-
teractions among components, the tokens are routed
among places via intermediate stops or junctures,
called transitions, which are denoted with solid rect-
angles. Any two places cannot be connected by an
arc directly; instead they must be connected through a
transition. The number of input and output arcs does
not need to coincide, enabling the merging and split-
ting of tokens and their routes.

The timing of state changes can be modeled by
specifying time delays for transition “firing”: an
atomic (i.e., indivisible) action that removes tokens
from all input places for the transition and deposits
tokens into its output places. Such Petri nets are timed
Petri nets, or, more specifically, Stochastic Petri Nets
(SPNs) (Balbo 2007, Haas 2002), when delays can be
nondeterministic and follow a specified distribution.
In simulation no limitations on the associated types
of distributions is needed. However, historically the
name SPN is often referred to models with exponen-
tially distributed delays only, so that they could be
converted to Markov chains and solved using appro-
priate techniques for the underlying differential equa-
tions.

Inhibitors provide a “zero test” capability and are
known to increase the modeling power of Petri nets to
that of a Touring machine (Balbo 2007, Haas 2002).
Both inhibitors and enablers (non-zero test arcs) are
usually considered supplementary mechanisms for
modeling interactions rather than a replacement for
fork-joining capabilities provided by transitions. His-
torically, inhibitors were viewed with a certain de-
gree of skepticism by the Petri net community, as
they make traditional analysis of structural properties
(such as reachability analysis) more complex. How-
ever, the latest view of this drawback of inhibitors
is not as straightforward as the new algorithms can



successfully handle inhibitors (Ciardo 2004). In addi-
tion, there is a sufficient number of applications (e.g.,
modeling failure and maintenance processes of com-
plex systems) where the state-space of the problem is
relatively well understood and the main utility of the
modeling consists of quantitative performance evalu-
ation of the system.

These considerations provide an impetus for rely-
ing on triggers as a sole (or at least the main) alterna-
tive mechanism for describing components’ interac-
tions. This enables direct connectivity of places, thus
disposing of the hubs (transitions) altogether. When
combined with hierarchical representation, the result
is a compact yet powerful modeling framework. It
can be shown that the combination of enablers and
inhibitors with direct transitions between places al-
lows the modeling of any system that can be mod-
eled using Petri nets with multiple inputs and out-
puts to a transition (in other words, the modeling
power is not reduced). The result is referred to as
Abridged Petri Nets (APNs) (Volovoi 2013) and re-
sembles a hybrid between traditional Markov chain-
state charts and Petri nets: transitions connect places
directly (similar to Markov chains), but tokens are
present to represent individual components of the sys-
tem (similar to Petri nets). Importantly, the tokens
have discrete labels (colors) as well as continuous la-
bels (age) (Volovoi 2004).

Transitions as the hubs or junctures of tokens’
movements (depicted as rectangles) provide an in-
genuous mechanism for modeling components’ inter-
actions in classical SPNs. The original idea of Petri
nets was conceived in the context of chemical reac-
tions (Petri & Reisig 2008), where the merging (join-
ing) and splitting (forking) of entities is quite com-
mon, which might explain the fundamental role of
transitions that provide a direct means of modeling
these processes. The merging and splitting is also im-
portant in the context of informational flows. In other
applications such events occur as well, but equally
if not more important are the changes that occur
to entities individually. In fact, there are clear com-
petitive advantages to modular structuring of com-
plex systems (Simon 2002), which might explain its
prominence in both natural and engineering systems
leading to so-called near-decomposibility (Courtois
1977). With this consideration in mind, entities that
comprise complex systems can be considered as op-
erating mainly independently of each other, with in-
teractions occurring relatively rarely. However, when
these interactions do occur, they are critical to the sys-
tem’s behavior.

APN modeling framework reflects this near-
decomposability and considers independent (paral-
lel) behavior as the default while explicitly focusing
attention on the interactions. The joining (merging)
and forking (splitting) of entities represents important
mechanisms for modeling a system’s interactions, and
for those types of interactions the use of the junctures

for routing tokens among places is appropriate. How-
ever, quite often the actual mechanisms are related to
enabling or inhibiting state transitions, while joining
and forking provide a means of modeling such mech-
anisms. The difference is subtle and often not notice-
able when tokens are indistinguishable (as in classi-
cal SPNs), but the consequences become significant
when the entities represented by tokens have distinct
identities (labels, such as colors (Jensen 1993)). Next,
specific properties of APN are briefly described.

1. An APN is defined as a network of places (de-
noted as hollow large circles) that are connected
by directed arcs (transitions). Changes in the sys-
tem’s state are modeled by transition firing: i.e.,
moving a token from the transition’s input place
to its output place. The combined position of
APN tokens at any given moment represents the
net marking and fully specifies the modeled sys-
tem.

2. Each transition has no more than a single input
and single output place (if an input place is of
the source type, it generates a new token every
time the transition fires, while the output place
can be of the sink type: upon the firing of such a
transition, a token is removed from the net).

3. The use of token junctures, that correspond
to the transitions used in regular SPNs is op-
tional. While junctures do not increase the mod-
eling power, there are situations where the use
of merging and splitting of tokens allow for
more compact models. In contrast to SPNs,
these entities are relatively rare, and analogous
to the batching and separating building blocks
in process-interaction frameworks for discrete-
event simulations (Law & Kelton 2000). These
entities are not used in the current paper.

4. Each token can have a discrete label (color) that
can change when token is fired in accordance
with the policy specified by the firing transition.
In addition, tokens have continuous labels (ages)
that can change both when tokens move, and
with the progression of time while a token stays
in the same place (the latter property is speci-
fied by the aging transition for the place, which
is not necessarily the same as the firing transi-
tion (Volovoi 2004)).

5. A transition is enabled or disabled based on the
combined marking of the input places of the as-
sociated triggers (inhibitors and enablers). In-
hibitors are depicted as arcs originating at a place
and terminating at a transition with a hollow cir-
cle. An inhibitor of multiplicity k disables a tran-
sition that it terminates at if the number of tokens
in its input place is at least k. An enabler (de-
picted as an arc originating at a place and ter-
minating at a transition with a filled circle) is



opposite to an inhibitor: a transition is disabled
unless an enabler of multiplicity k has at least
k tokens in its input place (Volovoi 2006). En-
ablers are effectively test arcs (Christensen and
Hansen 1993)), which are used in system biol-
ogy modeling (Matsuno et al. 2003), where they
are denoted with directed dashed arcs; notations
used in this paper are chosen to emphasize the
fact that enablers are the opposite of inhibitors.
It can be shown that the use of triggers allow
to fully compensate for the single-input single-
output limitation on the transition (no modeling
power is lost as a result).

6. Transitions have color- and age-dependent poli-
cies that specify the delay between the moment
when the token is enabled and when it is fired
(for example one can specify separate distribu-
tions for distinct colors, while the age can accu-
mulate as the cumulative distribution function of
the aging transition). If a token-transition pair is
enabled, a firing delay is specified based on the
combination of token and transition properties.
If the token stays enabled throughout the delay,
after this delay expires the token is fired. If there
are multiple enabled tokens in the same place,
they all can participate in the firing “race” in par-
allel. Similarly, the same token can be involved
in a race with several transitions. If a token-
transition pair is disabled, the firing is preempted
and the aging label of the token can change as
a result of being enabled for a finite amount of
time.

7. The delays can be deterministic (including zero
delay) or follow any specified random distri-
butions. The firing after a specified delay is
“atomic”: it is a single action of moving a token
from an input place to an output place (tokens
don’t dwell between places as they potentially do
in some versions of SPNs (Bowden 2000)).

8. The performance of the system is based on the
statistical properties of marking of the system.
“Sensors” or “listeners” at each place (denoted
with small filled square at the right bottom of the
place) can evaluate the chances and the number
of times a given threshold of the number of to-
kens is crossed, or evaluate the relevant statis-
tics about the number of tokens at a given place.
In the latter case the correlation matrix for all
results can be evaluated as well, providing the
mechanism for calculating the variances (in ad-
dition to the mean values) of global metrics that
aggregate the readings of individual sensors.

9. Fusing places, commonly used in hierarchical
Petri nets (see for example, (Jensen 1993)) is
employed to connect different parts of the model.
Fused places appear as distinct graphical entities
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After Detection

Failure

T6, 1 only
T7, -1 T4, 1 only

T2 +1
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T9, -1

T1

T5 +1

Figure 1: APN model for CBM with continuous monitoring

during the model construction, but represent the
same entity in simulation. This feature is not di-
rectly employed in the current paper, but it criti-
cal for creating system-level models with multi-
ple components.

3 CBM WITH CONTINUOUS MONITORING

There is a significant body of literature devoting to the
evaluating CBM performance, including the descrip-
tion of the best practices, see for example (ADS-79D-
HDBK 2013). Two types of performance measures
can be identified:

1. Diagnostic, or classification performance mea-
sures that quantify the ability to classify the en-
tities into the groups directly related to specific
maintenance guidance. In the simplest scenario,
a two-way classification (“good,” no mainte-
nance action vs. “bad,” triggering a maintenance
action) can be considered. Multi-way classifica-
tions are also possible, such as score cards de-
scribed in (ADS-79D-HDBK 2013) that color-
code the entities in accordance with the urgency
of the maintenance actions. In either case, the
classification correspond to some physical dif-
ference (fault) that can be independently verified
(e.g. presence of cracks of a certain size, pres-
ence of debris, etc.). The corresponding perfor-
mance measures (such as false positive and false
negative rates) can be evaluated based on suc-
cess/failure criteria using standard statistical pro-
cedures.

2. Prognostic or reliability performance that is di-
rectly related to the timing of a failure (or a
degradation that has direct negative economic
consequences). To this end, remaining useful life
(RUL) or P-F interval, which is characterized by
a distribution is usually discussed. The utiliza-
tion of this type of measures is significantly more
vague. While the measures for accuracy of pre-
diction of RUL have been proposed based on the



comparison between the predicted and the ac-
tual RUL, neither specific performance require-
ments for this measure, nor statistical procedures
for evaluating this measure are provided (ADS-
79D-HDBK 2013). The main difficulty of using
accuracy-based performance measures for RUL
prediction is that RUL is an intermediate indica-
tor that is further transformed into a maintenance
decision, and so the consequences of errors in
predicting RUL must be assessed in the context
of the quality of that decision (i.e., how those
errors affected the decision). If a RUL predic-
tion error followed a well-behaved distribution,
such as a normal distribution centered around
zero (so that the error shrinks as the prognostic
distance decreases), averaging the errors would
provide a consistent performance measure. How-
ever, this is not always the case, as described
next, and making this assumption can lead to in-
correct conclusions.

There is no consensus about the relationship between
the two types of metrics. For example, it is not even
clear whether RUL is sufficient on its own, or the clas-
sification measures (such as false positive and neg-
ative rates) are also needed. Theoretically, if the ac-
tual P-F interval distribution is fully known for each
entity, one can recover both the missed defects and
the false positive rates. Indeed, let us consider an en-
tity that is flagged to be in need of a maintenance ac-
tion. The actual P-F distribution can be visualized as
having a bi-modal shape: the first (larger) peak corre-
sponds to the correct identification of the fault, with
the second (smaller) peak located at larger time values
corresponds to a mistaken identification of the fault,
allowing for the possibility that RUL is quite large.
A similar bi-modal structure of P-F distribution for
a part that is deemed as normal by the CBM algo-
rithm (with the reversed order of the peaks by size:
the first smaller peak corresponds to the missed de-
fects). Depending on the nature of the features used
for fault identification, the distribution of RUL can be
more complicated. However, from the practical per-
spective, either some assumptions are made regard-
ing the shape of the underlying distribution, or first
two moments (mean and variance) of this distribution
are conveyed. As a result, classification performance
measures are often lost in translation (see for exam-
ple (Feldman et al. 2009)) and accuracy-based perfor-
mance measures are of limited use.

A pragmatic approach consists of combining both
types of performance measures, making them com-
plementary to each other. Specifically, this implies
that the resolution of RUL prediction should match
the classification groups that correspond to the spe-
cific maintenance actions. For example if there are
four groups used in a score card (ADS-79D-HDBK
2013) going from green to red, a distribution of RUL
would be estimated for the entire sup-population of
each group (without attempting to make a finer dis-

tinction of RUL within each group other than perhaps
accounting for the age (usage) of an entity). This sub-
population RUL can be then directly related to the
maintenance urgency based on the risk acceptance in
a rigorous quantitative manner. Let us next demon-
strate this approach for a two-way classification.

A model of a single component CBM with continu-
ous monitoring (Volovoi 2012) is considered and im-
plemented in APN. The resulting model is shown in
figure 1, with transition properties are provided in ta-
ble 1. A two-phase degradation is considered with the
parameters of the transitions from the “Good” state
(or place as it is referred to in Petri nets) to the “Dam-
aged” place (transition T1 in figure 1) and the transi-
tion from the “Damaged” place to the “Failure” place
((transition T8 in figure 1) provided in (Goode et al.
2000). The token color in the model represents the
outcome of the CBM technology - color 0 indicates
that the component is deemed to be normal and should
remain in operation, while color 1 indicates the dam-
aged diagnosis by CBM. Correspondingly, fast tran-
sitions T4 and T6 are only enabled for color 1. In
general, the duration of these two transitions corre-
sponds to the maintenance delay (how long does it
for the component deemed to be damaged to be re-
placed) (Volovoi 2012). In the considered example an
immediate maintenance action is modeled to facilitate
comparison with periodic inspection scenarios.

When the transition T1 fires the token, the mod-
eled component transitions to the damaged state. The
two outgoing transitions from the “Damaged” place
correspond to the probabilistic choice: the token fir-
ing by the transition T2 corresponds to the situation
when the damage is detected by the CBM technology,
and the token changes its color from 0 to 1; other-
wise, the damage is undetected, the token is fired by
transition T3, and the color of the token remains 0.
A simple way to implement this probabilistic choice
is to assign fast exponential distributions for the fir-
ing the delays for the involved transitions with the
relative rates proportional to the desired probabilities.
In the example considered, T2 and T3 are chosen to
represent 95% detection rate (see table 1). Similar ar-
rangement is made to model false positives. The scale
of T5 is chosen so that for a given component that is
a 5% chance that it will be erroneously identified as
damaged while it was in the normal state (5% false
positive rate or 95% specificity). Note, that the T5 is
chosen to follow Weibull distribution with the same
shape parameter as the T1 transition. As discussed
in (Volovoi & Vega 2012), the shape of the distribu-
tion is important for the outcome of the race between
two transitions. For example, selecting an exponen-
tial distribution for T5 with the same 19 : 1 ratio of
mean delays as compared to T1, would provide a sig-
nificantly different (in this case, larger) false positive
rate.



Name

Color 

Change

Color 

Policy Type Par 1

Value 

1000 h Par 2 Value

T1 0 0 Weibull Scale 0.526 Shape 2.91

T2 1 0 Exponential Rate 9.5E+06

1 None

T3 0 0 Exponential Rate 5.0E+05

T4 0 0 None

1 Fixed Duration 1E-06

T5 1 0 Weibull Scale 9.994 Shape 2.91

0 0 None

T6 0 0 None

1 Fixed Duration 1E-06

T7 -1 0 Fixed Duration 1E-06

T8 0 0 Weibull Scale 0.222 Shape 1.03

T9 -1 0 Fixed Duration 1E-06

T10 0 0 Fixed Duration 2E-06

T11 0 0 Fixed Duration Varies (see Table 2)

Table 1: Transition descriptions for APN of CBM model
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Figure 2: APN model with periodic inspection

4 CBM WITH PERIODIC INSPECTIONS

Next, we develop a model with periodic inspection
that is consistent with the model developed in the
previous section for continuous monitoring. Specifi-
cally, we consider a situation where the observations
occur periodically, and those observations effectively
identify a “signature” (feature or pattern) of a fault
of interest in a repeatable (and usually automated),
fashion. Since this “signature” is imperfect, there are
cases where both false positive and missing defects
error occur. However, in this model we neglect the er-
rors (“noise”) introduced by a single periodic inspec-
tion (in other words, if an inspection is repeated im-
mediately after another inspection, no additional ben-
efits are obtained). This model is appropriate for au-
tomated repeatable procedures and can be contrasted
with a model of periodic inspections where errors are
specific to a particular inspection instance (Volovoi
2007). The latter is more appropriate for indepen-
dent inspections that have individual characteristics,
for example, a visual inspection for cracks.

It must be noted that the independence of the in-
spection results must be treated with caution, espe-
cially when it is used to justify a very high overall
success rate of a procedure. For example, (ADS-
79D-HDBK 2013) considers a scenario where indi-

T11 (h) Failures Replacements

1000 12.27 2.66

500 9.96 5.99

200 6.53 11.04

100 4.28 14.39

50 2.79 16.65

20 1.75 18.25

10 1.37 18.83

0 1.00 19.40

Table 2: Expected number of failures and replacements for CBM
model

vidual probability of detection of a fault is 0.9 with
six inspections assumed to achieve six nines prob-
ability of detection. The situation is similar to the
common cause failures in redundant systems, as it is
highly unlikely that the inspections are truly indepen-
dent. Indeed, the defect location and orientation are
common factors affecting the probability of detection
(e.g., hard-to-reach location can combine with an ori-
entation that is the least detectable from the viewpoint
provided by the likely access to the inspected speci-
men).

The APN model is shown in figure 2. The model is
similar to the one for continuous inspection (figure 1),
except that two places are added in the top-right por-
tion of the model to represent the periodic inspection
schedule. The calendar token needs to be in the “Pe-
riodic Inspection” place for the transitions T6 and T4
to be enabled (see the two enablers to those transi-
tions originating in the “Periodic Inspection” place).
Transition T10 is chosen to be slow enough to make
sure that T6 and T4 are enabled long enough to fire
the component token that has color 1 (i.e., duration of
T10 is longer than the corresponding policies of those
two transitions for color 1, see table 1).

The results of 1 million Monte Carlo simulations
for τ = 10,000 hours and various inspection intervals
are shown in table 2). The last row corresponds to the
continuous monitoring results. The expected number
of replacements and failures are shown, so combining
this information with the costs of each type of events
can provide foundation for the cost benefit analysis.
To put these numbers in perspective, we note that the
mean time to failure of the modeled component is
MTTF = 688.4 hours, so the run to failure (RTF)
scenario result in m

∞
= τ/MTTF = 14.53 failures

for the modeled time duration. Accounting for the fi-
nite duration (starting with a new component and sim-
ulating τ units of time) provides a very close value
mRTF = 14.11. Finally, an age-based replacement ev-
ery 500 hours would result in ma500 = 5.34 failures
with additional 15.46 replacements.

5 UTILIZATION OF ANALYTICS

Let us consider the following scenario that demon-
strates interactions of several technologies and poten-



tial utilization of the APN capabilities. The new as-
pect, as compared to the CBM scenarios above, is that
here the feasibility of a two-phase process (similar to
what is often done in the health-care where the first a
screening test that can have potentially high false pos-
itive rates, but still serves a useful purpose). The end-
item (systems) have repairable line replaceable units
(LRU) that have unique serial numbers and upon re-
pair can be installed on an end-item that is different
from the original. A portion of the LRU population
during the operation transitions to a “bad actor” state
(we assume that it happens to 10% of the population
every operational cycle). A regular part has a mean
time to failure (MTTF) of 250 days, while a repaired
“bad actor” part has MTTF of 50 days.

We consider a population of 200 parts, the total du-
ration of the regular repair cycle is eight days (two
days retrograde shipment to the depot, five days of
repair, and one day shipment back from the depot).
A business case is considered for using a new testing
equipment that detects the bad actors. The test takes
one day, with only one item being tested at a time
(so queues are possible). The item determined to be
a “bad actor” can undergo an additional repair or re-
placement that takes two additional days (in addition
to the five days required for regular repair). Finally,
there is a fleet-level analytics that relies on the Big
Data technologies (e.g., as described in (Chu et al.
2011) ) that provide (an imperfect) means to predict
(based on the usage history and other relevant “mark-
ers”) whether the part is a “bad actor”.

The APN model is shown in figure 3 and corre-
sponding parameters are given in table 3. This pro-
cedure has 10% false positive and 10% false negative
rates (those rates can be changed by adjusting param-
eters of transitions T4 and T5). The very definition of
a “bad actor” is directly related to the results of the ad-
ditional test (the units that fail the test are designated
as the bad actors, and their performance is shown to
be inferior to the units that pass the test). Three sce-
narios are considered: the baseline when no additional
testing, the scenario where all the units are tested, and
finally, the “Analytics” scenario that allows selective
testing: only items flagged by the fleet-wide analyt-
ics are tested. The parameters in table 3 correspond to
the third scenario. In order to obtain the scenario with
no testing the right branch of the model is turned off
by turning off T5 transition for both colors. Similarly,
turning off T4 transition for both colors will route all
units through the additional testing.

There are several performance measures that can be
considered - including the costs based on the expected
number of different maintenance actions (similar to
what was considered in the previous example). For
the sake of variety we focus instead on the availability
measure given by the number of operating units. Fig-
ure 4 shows the expected number of operating units
as a function of time for the first 300 days of oper-
ation. For clarity, the durations of depot actions are

Operation: 200
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Regular Repair

Additional Test

Rep. Bad Actors

Return
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T11

T1

Figure 3: APN model of a simple repair process with a “bad
actor” sub-population

Name

Color 

Change

Color 

Policy Type Par 1

Value 

Days Description

T1 0 0 Exponential Rate 0.0036 Regular failures rate

1 Exponential Rate 0.02 Bad actor failures rate

T2 1 0 Exponential Rate 4E-04

1 None

T3 0 0 Fixed Duration 2.0 Shipment to depot

T4 0 0 Exponential Rate 9.0E+06 True negative

1 Exponential Rate 1.0E+06 False negative

T5 1 0 Exponential Rate 1.0E+06 False positive

0 0 Exponential Rate 9.0E+06 True positive

T6 0 0 Fixed Duration 1E-06 Immediate 

T7 0 0 Fixed Duration 1.0

1 None

T8 0 0 None

1 Fixed Duration 1.0

T9 -1 0 Fixed Duration 2.0

Repair/repacement of 

bad actors

T10 0 0 Fixed Duration 5.0 Regular repair

T11 0 0 Fixed Duration 1.0 Shipment from depot

Failure + conversion to 

bad actor  rate

Additional test time 

regular items

Additional test time bad 

actors

Table 3: Parameter description for the APN model of bad actor
problem

chosen to be deterministic, while in reality those dura-
tions will vary, allowing for the smoother trends. One
can observe a kink when the units start returning from
the depot and the three curves diverge. After that, the
curve with no testing continues its downward slope,
as the portion of “bad actors” in the population will
continue to increase. In contrast, both selective and
full test scenarios converge to a steady-state solution
relatively fast with the selective testing providing su-
perior performance.

For the given set of parameters there is a queue
for the additional testing that, on average, has about
1.18 units, while the selective testing has a negligi-
bly small average of units in the queue. If the dura-
tion of the additional test is increased to two days,
then the system effectively becomes unstable with the
queue length growing effectively linear with time un-
til the number of operating units becomes so small
that the system reaches an equilibrium. The selective
testing is even more beneficial in this case. The ex-
ample demonstrates how a combination of two tech-
nologies (in this case, the introduction of an additional
testing and the fleet-wide analytics) provides bene-
fits not achievable by each technology alone. One can
envision evaluating the benefits of alternative opera-
tional policies, such as testing all units but only once
per several cycles of repair, etc.
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Figure 4: APN results for the expected number of operating units

6 CONCLUSIONS

System reliability tools can rigorously support a busi-
ness case for a new technology. Quantitative evalu-
ation of value proposition provides a vital link be-
tween the technology developers and the business
and/or management world. Implementation of a new
technology, such as prognostic health management or
other changes in maintenance operations carries sig-
nificant upfront costs. As a result, providing convinc-
ing and credible assessment of the value proposition is
of great importance. A well-constructed system relia-
bility model created to support a business case clari-
fies the quantitative requirements for the performance
measures of the developed technology. This facilitates
not only obtaining the green light for the technology
implementation, but provides clear guidelines during
the implementation itself. Ideally, the original system-
reliability model gets updated, as the technology is
developed to reflect a more detailed knowledge about
the operation of the new system. To address these
needs, the use of a new version of Stochastic Petri
Nets (SPNs) called Abridged Petri Nets (APN) is sug-
gested. Several specific examples are considered. In
particular, condition-based maintenance (CBM) con-
cepts with both periodic and continuous monitoring
are investigated and compared. The utility of vari-
ous performance measures for CBM are discussed, in-
cluding false positives rates and correlation between
consecutive inspection success. In addition, a sce-
nario of introducing new technologies (such as ad-
vanced fleet-based or Big Data analytics) into the
maintenance and spare supply chain is presented. In
all examples the models are fully described in a tool-
independent fashion: the results can be reproduced
without the need of a specific software.
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