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Abstract—This paper describes a decision support system
(DSS) for use in operational decision making with PHM-
specific data. Challenges arise from the large amount of
different information pieces upon which a decision maker
has to act. Conflicting information from on-board and off-
board PHM modules, seemingly contradictory and
changing requirements from operations as well as
maintenance for a multitude of different systems within
strict time constraints make operational decision-making a
difficult undertaking. The DSS will enable the user to make
optimal decisions based on his expression of rigorous trade-
offs between different prognostic and external information
sources. This is accomplished through guided evaluation of
different optimal decision alternatives under operational
boundary conditions using user-specific and interactive
collaboration. We present some preliminary results of the
use of such a DSS for post-prognostics decision-making.
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INTRODUCTION
Prognostics and Health Management (PHM) is a
requirement for advanced military aircraft such as the JSF.
PHM systems provide two functions:  firstly, sensor-based
diagnostics detect impending faults and trigger prognostic
algorithms to determine remaining component life;
secondly, health management systems determine
appropriate maintenance actions in response to prognostic
predictions,.

Short-term in-flight and on-board prognostics evaluate the

impact on the ongoing mission and support actions
required to maximize success of current mission as well as
aircraft and crew safety.  In contrast, Off-Board PHM
(OBPHM) algorithms take a larger, system-wide view,
beyond immediate mission success. Additionally, the
design of all these systems should be in the context of, at
least, two operational modes -wartime and peacetime- each
of which has a different set of priorities and primary
drivers. The ideal and eventual goal is for all of the
information to quickly propagate throughout the logistics
infrastructure, ultimately leading to mission success,
enhanced flight safety, increased sortie generation rate,
eliminated false alarms, optimal supply chain management
and reduced life cycle costs.

PHM promises significant benefits through decreased
downtime, and reduced operational and maintenance
logistics footprints [Littles and Buczek, 2004].  However,
these benefits are also strongly tied to the decision-making
that follows the assimilation and interpretation of
prognostics information.  Determining the best course(s) of
action based on the convoluted set of information to address
the goals described above is a non-trivial task. This is
because of the large volume of information from different
sources that exists and which could be partially conflicting.
Additionally, there might be a need to address uncertainty
associated with the pieces of information. Thus, attending
to the pieces of information before their application in
operational decision-making process can itself be a
challenging task; it minimally entails the management of
multiple sources, uncertainty, inaccuracy and inconsistency.

Also, the presence of conflicting performance metrics for
the evaluation of individual courses of action can
potentially result in a large possible set of actions. Choice
from this potentially large set of actions requires the further
application of factors like human insight based on prior
experience, knowledge of prevailing conditions, many of
which are too dynamic or situational to automate within the
OBPHM without human intervention.
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However, even the most proficient human decision makers
are limited in their cognitive capacity to assimilate and
analyze large quantities of information.  Faced with a large
and complex problem space, such as that described above,
humans have been traditionally [Tversky, 1969] known to
simplify the decision-making process in ways that are not
guaranteed to result in the choice of a globally optimal
course of action. Hence, the mere introduction of an human
expert in the information-rich world of operational
decision- making does not ensure good quality decisions; a
systematic approach that supports the elicitation of human
preferences, information querying and information load-
sharing is essential to the optimal course of action being
selected from the potential ones.

In other words, what is needed is a  decision support system
that  also ensures that the users of the OBPHM system  will
make “sound” decisions despite their limited cognitive
capacity in handling large quantities of information. Such a
decision support system will also provide a mechanism for
the discovery and evaluation of optimal decision
alternatives subject to operational boundary conditions. It
will  enable the elicitation and application of various kinds
of user preferences and constraints to a large space of
multicriterially evaluated scenario-alternatives in order to
find optimal alternatives that best satisfy those preferences.
Also, it needs to do this while taking into account different
prognostic and information sources, equipment status, other
variables and constraints related to system logistics,
maintenance, and operations. Because of its interactive
nature, the decision support system will allow the OBPHM
user to collaborate in the decision-making process while
driving the selection and evaluation of operational
scenarios and plans.

Post-prognostic operational decision making entails making
use of prognostic information from both these systems in
the evaluation of actions within various logistics platforms,
including maintenance, supply chain management, mission
planning and mission allocation. The ideal goal of such
decision making is the optimal use of all available
information in the discovery of the set of actions across the
various logistics platforms such that global, system-wide
metrics like lifecycle costs, mission success rate,
turnaround times, safety are optimized.  This involves
having to deal with a number of analytical complexities:
potential interactions between operation and scheduling of
multiple aircraft, interactions between different subsystems
(airframe, vehicle systems and mission systems) within an
aircraft and, process and resource interactions that exist
between maintenance, operations, supply chain
management, and life management.

The problem we are tackling involves answering the
following question: given that we have reliable algorithms

to perform asset-level prognostics, what is the process by
which one uses this information to influence logistics
across a fleet of assets? This is a critical problem since
prognostics by itself only produces information which
enables the making of logistical decisions that actually
address the global goals of improving metrics like
availability, costs, reliability etc. across the fleet. We show
that this decision-making problem has its own subtleties
and complexities and describe our approach to tackle the
decision problem.

DSS FOR POST-PROGNOSTIC OPERATIONAL
DECISION MAKING

Figure 1 shows the process flow and modules that are
envisioned for the human centered DSS: As numerous
heterogeneous data arrive from the On-board PHM, models
from the OBPHM, and supporting information, the
information gets processed in the Prognostics Decision
Support Mechanism (PDSM) which consists of two
modules – the Information Processor (IP) that processes the
information to make it more usable for decision-making,
and a multi-objective decision support system (MODSS).
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Figure 1 - Decision Support System for OBPHM

The IP further consists of modules that aggregate redundant
and partially redundant information, check for consistency,
and deal with the inherent uncertainty  present in the
information. The MODSS module explores the space of
competing operational scenarios and plans in order to select
the optimal set of actions from within these competing
alternatives, given the set objectives along which to
optimize. The two central elements of MODSS are the
Operational Simulator module (OpSIM), and the
evolutionary multiobjective optimization module (EMOO).

The Operational Simulator allows us to model the impact of
hypothetical operational decisions on other operational and
prognostic variables thereby allowing the performance
evaluation of the corresponding operational decisions or
actions. The EMOO module, on the other hand, performs
an efficient search of the potentially huge space of
actions/decisions that would be expensive to search
exhaustively. The EMOO module uses the performance
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evaluation produced by the OpSIM module to rate the
fitness of a generated decision or course of action. By using
this fitness as means to eliminate the consideration of
inferior decisions, the EMOO module in conjunction with
the OpSIM module produces only the subset of superior
courses of operational actions with highly desirable values
for the multiple objectives.

Finally, the information is represented to the user through a
human-centered HMI. Whereas, we emphasize the
criticality of the two peripheral modules of the DSS shown
in Figure 1, namely the IP and the HMI modules, our focus
for the current paper remains on the MODSS module since
it is the core module dealing with the decision-making
functionality of the overall system.

The premise of this paper is that prognostic information –
remaining useful component life – ultimately needs to be
used as the basis for decision making. As indicated earlier,
the decision making spans a wide range of different areas
from mission planning to maintenance. In that context, it
has to be recognized that remaining life is really expressed
as a distribution with which one can associate some user-
defined lower and upper bounds as illustrated in Figure 2a.
Using a fictitious sequence of missions k through k+l (each
one with its own uncertainty due to unknown exact
duration and speed/load requirements) a mission reliability
can be expressed as shown in Figure 2b. While we do not
claim to be able to precisely express the
reliability/remaining life relationship at this point (and
while it is probably not linear), we will in the following
take advantage of this conceptual relationship in the
decisioning process.

time

remaining li fe

mission k mission k+1  mission k+l

lower uncertainty bound

upper uncertainty
bound

uncertainty

mission reliability

time

remaining li fe

mission k mission k+1  mission k+l

lower uncertainty bound

upper uncertainty
bound

uncertainty

mission reliability

Figure 2 – Relationship between remaining life uncertainty
and mission reliability

MULTIOBJECTIVE DECISION SUPPORT
The MODSS module uses the information created by the
Information Processor (IP) module to support the end-user
in the exploration and evaluation of competing operational
scenarios and plans, and in the selection of the optimal set
from within these competing alternatives. Since, we expect
for the competing alternatives to be evaluated along more
than a single performance criterion, we refer to this module
as the Multiobjective Decision Support System (MODSS).
As stated previously, the MODSS module is composed of
two modules: the Operational Simulator module (OpSIM),
and the evolutionary multiobjective optimization module
(EMOO).

Figure 1 shows the MODSS module as a part of the PDSM
module in the overall architecture for prognostic decision
support. The simulator module models different operational
scenarios and produces evaluations for the performance
objectives along which each solution or alternative scenario
is to be evaluated. For a given flight schedule assignment
and its associated maintenance plan, the EMOO module
then conducts evolutionary search to find solutions that are
optimal in the sense of being non-dominated according to
the stated performance objectives. We next describe each of
the two modules of MODSS in greater detail.

Operational Simulation

The Operational Simulator allows us to model the impact of
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operational decisions on other operational and prognostic
variables. Some inputs that the simulator will operate on
include:

1. Prognostic inputs from the OBPHM for
components related to aircraft systems like the
airframe, safety systems, and mission capability
systems,

2. Maintenance capabilities including repair
resources, costs and times

3. Mission profile, sorties rates, and other field
variables, and

4. Decision thresholds on mission readiness,
capability, and safety.

Some outputs produced by the simulator would be:
assessment of mission capability and readiness, flight
safety, health status, resource availability, requirements of
cost, time, and space, evaluation of what-if scenarios with
indications of confidence and uncertainty.

The operational simulator could have the following specific
capabilities:

1. Prognostic simulation: This simulation produces
posterior prognostic information under
assumptions of a given set of inputs including
mission profile.

2. System simulation: This simulation can be used
to simulate operational events pertaining to the
entire system like operational scheduling,
maintenance scheduling, supply chain scheduling,
repair actions, and various maintenance events in
order to study their impact on variables like space,
time, cost, and availability. These studies can be
used to further drive decision-making towards
optimizing the above variables.

3. User-driven simulation: This simulation will
have the added capability of allowing the decision-
maker to schedule various “what-if” scenarios by
changing variables like cost, reliability, capability
in order to study the impact of those on operational
variables of interest to him. He could potentially
use such a simulation to perform a cost-benefit
analysis while comparing two scenarios with
different variable settings in order to help him
distinguish the impact of one from the other.

Many of these simulation capabilities are exemplified by
the work described in [Iyer, Aragones, Hansen, 2002a] and
in [Iyer, Aragones, Hansen, 2002b]. Any or all of these
simulation capabilities will allow a given flight schedule
assignment and maintenance plan to be evaluated along
potentially many objectives. The EMOO module can then
perform a multiobjective search along these objectives to

find the best solution. Each added capability of the above
kind makes the simulator more powerful.

An additional dimension along which the power and
realism of the simulator can be measured is the level of
detail or complexity of the simulator. We identify three
levels of resolution that would impart additional realism
and power to the operational simulator:

Low Resolution: A simulator with low resolution will
capture the main system dependencies such as system-
subsystem decomposition, static and deterministic
relationships, which is sufficient enough to coarsely reflect
the primary interactions and relationships between various
events and variables of the system respectively. An example
of such a simulator would be a script that executes a simple
and deterministic set of rules on a given set of inputs to
produce deterministic outputs.
Medium Resolution: A simulator with medium resolution
will be able to additionally address the uncertainty
associated with both its inputs and its outputs. Also, it will
have the capability to handle modifiable external
parameters like mission tempo, weather, etc.

High Resolution: A high-resolution simulator will also
include stochastic elements and dynamic behavior related
to the variables and processes in the system.

In general, as the level of resolution increases, the fidelity
of the model improves and we expect the results to be
reliable not only qualitatively but also in terms of their
relative quantitative differences. By initially using a low-
resolution simulator, one can exercise the primary
requirements, from beginning to end, and ensure that one
has captured the essence of the decision criteria.
Subsequently more details can be added thereby increasing
the resolution of the simulator and resulting in more
realistic evaluations. It is to be noted that there is no a
priori reason to categorize the various levels of fidelity as
above; rather, this categorization is motivated by
considerations of how difficult it is to introduce the various
elements of fidelity like stochasticity, dynamic behavior,
uncertainty modeling.

As mentioned earlier, the operational simulator is only one
piece of the MODSS that allows for various alternative
operational plans to be modeled and evaluated along
multiple criteria of interest to the decision-maker. An
additional module is needed that will make use of these
evaluations to locate the plans that are optimal along
different objectives of interest to the decision maker. This
module is the EMOO module that performs multiobjective
search to find the best solutions, and is described next.

Evolutionary Multiobjective Optimization (EMOO)
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Many real-world problems are often characterized by
multiple measures of performance, all of which need to be
satisfied simultaneously.  The task facing a decision-maker
(DM) is typically one of finding an alternative that best
satisfies his preferences along all objectives of interest to
him For instance, a DM might be asked to generate and
assess the design for a new product according to the
following (conflicting) objectives: 1) minimize production
cost; 2) reduce cycle time; 3) maximize reliability and
quality.  Since, the objectives are potentially conflicting, the
selection of the alternative that best satisfies the decision-
maker involves the elicitation of various kinds of
preferential information (like the expression of tradeoffs
between the criteria, and other preferences like aggregation
along the multiple criteria, and so on) from the decision-
maker, and in their application to the decision-making
process. Depending upon the temporal relationship between
elicitation of user preferences and their application to the
potential set of alternatives, [Horn, 1997] identifies the
following three models of decision-making:

• All of the decision-maker’s preferences are elicited
a priori before applying them to search the
decision space.

• All of the decision-maker’s preferences are applied
after obtaining the set of alternatives. This second
approach postpones tradeoffs until large numbers
of inferior, dominated solutions are eliminated and
the efficient Pareto frontier has been identified.

• The search for the best solution and the elicitation
and application of user preferences occurs
iteratively. This third approach starts with a
multi-criteria search that provides the DM with a
preliminary idea of possible tradeoffs.  The DM
can then make multi-criteria decisions, limiting
the search space dimensionality.  A new search is
then performed in this region of the solution space.

In all of the three cases, we need to perform a search in the
objective(s) space and we need to elicit user preferences.

For PHM, the goal is to support the decision-maker(s) in
exploring the multiple alternatives that apply, given the
operational requirements and constraints, in evaluating
them, and in further selecting the optimal operational
decisions. The primary issue in searching through a space
of numerous alternatives is the combinatorial complexity
involved in considering all, or most, of them in the quest to
find the optimal ones. The computational complexity of this
search becomes a crucial factor when we consider the fact
that for each such alternative, we might be required to run a
simulation in order to assess the “goodness” of the
alternative. An additional complexity arises due to the
potential non-linearity and discontinuity of the search space
(incremental changes to inputs can produce significantly
different outputs); it rules out the application of traditional,

gradient-based optimization techniques. What is required is
a search mechanism that can efficiently search through the
multidimensional, potentially non-linear and discontinuous,
space of numerous alternatives. Evolutionary Algorithms
or EAs are known to be best suited for a searching such
spaces.

For multiobjective problems, EAs are typically used
towards generating the alternatives that lie on the Pareto
frontier of the objective values. For a 2-dimensional
problem dealing with Yield and Quality as the performance
objectives, Figure 2 indicates the notion of optimality in the
sense of belonging to the Pareto frontier. Alternatives that
belong to the Pareto frontier are also equivalently referred
to as non-dominated alternatives.

In accordance with the three models of decision-making
identified above, a decision-making technique may obtain
alternatives in the Pareto frontier before, after, or during
the time that the decision-maker expresses preferences
related to which criteria matter to him, and what specific
region of the Pareto frontier satisfies his subjective
requirements the best. One approach, as exemplified in
[Josephson et al., 1998], involves the interactive elicitation,
expression, and application of tradeoff preferences, between
different objectives, by the decision-maker after having
obtained alternatives lying on the Pareto frontier
(independent of how the search space was sampled).

For an EMOO-based search, one could use the power of
EAs to create a well-sampled representation of the Pareto
frontier and then use trade-off preferences of the decision-
maker to further rank or select alternatives lying on the
frontier.

Quality

Yield
Pareto Frontier

Quality

Yield
Pareto Frontier

Figure 3 - Indicating the idea of a Pareto (non-dominated)
frontier along two dimensions



6

EMOO in Prognostics Decision Support

The use of EMOO will always lead to the identification of
alternative flight schedules and maintenance plans that are
non-dominated and therefore logically superior to the other,
dominated counterparts considered. Figure 4 shows a
hypothetical example-display of non-dominated, alternative
operational plans for a group of 8 aircraft, generated by
running EMOO, with the simulator evaluating each
generated plan. Each point in the 2-D scatter-plot indicates
the percent-availability and the aggregated mission-
capability numbers for a generated operational plan. The
aggregated mission-capability number for a plan can be
obtained from the individual mission-capability status of
each of the individual aircraft for that plan as evaluated by
the simulator.

As seen in the set of non-dominated operational plans,
some plans result in good percent-availability; however
they can result in very few aircraft being fully mission
capable (indicated as FMC as opposed to PMC which
represent partially mission-capable aircraft).  Conversely,
certain other operational plans can result in lot more
capable aircraft but with low availability numbers.
Depending upon present and future requirements, the end-
user can potentially use such a plot to select the operational
plan that best meets his field requirements. We expect that
the user will indicate preferences for the various tradeoffs
to rank the alternatives and inspect the results through the
HMI following the ranked order. Alternatively the user
could filter the original Pareto frontier using constraints
and imprecise preferences, and select a subset of
alternatives (neighbors in a region of the Pareto) for an
iterative selection process. We also foresee the user
selecting a portion of a solution (for instance 4 out of 12
tail numbers assigned to a flight schedule) and asking the
PDSM system to find alternative selections for the
remaining portion of the problem (e.g., the other 8
platforms).

Mission
Capability

Percent Availability

8FMC

6FMC, 2PMC

2FMC, 6PMC

Figure 4 - Example showing Multiobjective Trade-Offs
in PHM

The EMOO will re-run a reduced version of the problem,
with smaller degrees of freedom, to represent a solution
that incorporates the user’s handpicked selections. If there
are feasible non-dominated solutions, the EMOO will
generate the corresponding Pareto Frontier and complete
the assignments. This interactive method would also allow
the user to play “what-if” situations.  This will permit the
user to manually test the robustness of the solution, thus
increasing user’s acceptability of the overall system.  In
addition, many elements of decision-making in an
operational environment like interactions between user and
the system, state representation and awareness, preference
elicitation, query answering, uncertainty representation are
all better addressed by means of an interactive module.

PRELIMINARY EXPERIMENTS

In this section, we present some preliminary results
showing some of the features of a DSS that helps in
decision-making following the assimilation of diagnostic
data. In the future, we plan to extend this system to be able
to additionally support the use of prognostics information
as well. The essential features of the DSS remain fairly
similar, which is why we consider the preliminary round of
results as sufficient to exemplify the primary aims of the
paper.

Problem Formulation

For our initial experiments, we formulated the post-
prognostics decision problem as the following one:
For a time horizon T at a given instant t,
Suppose,
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MT(t) ={m1,m2,m3…} is a set of Missions to be satisfied in
time horizon T where,

mi = (ri,ci, Ci) where,
 ri is desired Mission Reliability,
ci is the Mission Capability and
Ci is a set of constraints related to the time within

which mission mi is to be met

A={a1,a2,a3…} is a set of available assets where,
 aj={p1j, p2j,p3j…} where pij is part i in asset j

P(t)={ (p1,n1,c1,t1), (p2,n2,c2,t2), (p3,n3,c3,t3), …} is an
inventory of parts available at time t for use in repair
where,

(pk,nk,ck,tk) is the current inventory with nk units
of availability of the part pk with of cost of each part being
ck and repair or replacement time associated with part
being tk

Then the post-prognostics decision problem is:

What is the best set of assignments from
P → A (we refer to this as part allocation)
A → MT(t) (we refer to this as asset allocation)

such that
MT(t) is maximally satisfied

while minimizing total cost, part usage, and total time to
repair?

Input Data

The input data for our preliminary experiments comprises
of probabilistic evaluations of expected mission reliability
obtained from using an asset based on its current state of
health. The current state of health of a given asset is tied to
the state of health of its individual parts for which
diagnostic information is available. This diagnostic
information indicates the reliability of each part of an asset
at the current point in time. Since asset reliability is
available on a part-by-part basis, overall asset reliability is
computed by probabilistic aggregation of the reliabilities of
the individual parts taking into account the repair actions
conducted on the asset.

We contend that an optimal solution to the post-prognostics
decision problem is one which solves both the part
allocation problem and the mission allocation problem
globally, since both these are inter-related in terms of their
impact on overall performance metrics for the fleet of
assets. We do this by exhaustively considering all possible
combinations of parts-to-asset and asset-to-mission while
making sure that all considered parts-asset allocations are
constrained by the number of available parts of each kind.
Similarly, we make sure that each asset is allocated to one

and only one mission.

As stated in Section  2, a genetic search could easily replace
the need to consider the exhaustive set of allocations for a
given problem. However, we plan to use a GA for our next
round of experiments; the use of exhaustive search for a toy
problem of two assets, two missions and seven parts per
asset is a means to explore the potential of our approach
theoretically.

Results

After generating all3 possible allocations going from
available parts to assets and assets to missions, we evaluate
each global allocation or plan in terms of mission
satisfaction metrics like reliability, capability etc. by using
asset reliability figures aggregated from the diagnostic
information. Other metrics like posterior state of the repair
shop, of the inventory can also be used. When prognostic
information related to the times that we expect currently
flying assets to visit the repair-shop becomes available, the
global plan will also need to take the future parts
requirement and supply chain management into account.

We provide two modes of decision-support in allowing a
decision-maker to choose from the generated set of
allocations. For a 2-asset, 2-missions, 7 maximum parts per
asset problem, with only one available part on the
inventory, we find that only 4374 (of the total 32768)
allocations are feasible within part availability. The goal of
the DSS is to allow the decision-maker to choose an
appropriate allocation plan from the above set. Clearly, this
can be a daunting task given that each of these 4374 plans
are feasible.

Constraint-Based Preference Expression

In this mode, the decision-maker expresses desired levels of
performance metrics across each of the current missions
like maximum time within which to dispatch mission,
minimum reliability required to fly mission and so on. The
DSS looks through the feasible set of allocations to find the
ones that satisfy the specified constraints and presents them
to the decision-maker.

In the absence of any allocation that satisfies the
constraints, the DSS additionally tries to find a currently
infeasible allocation that could potentially satisfy the
expressed constraints. Upon finding such an allocation, it
indicates to the decision-maker the infeasible allocation as
well as the requirements in terms of additional parts that
would make this allocation feasible. Thus the DSS
translates currently unattainable goals of the decision-
maker into a set of actions for the decision-maker by virtue

3 For a 2 asset, 2 mission, 7 maximum parts per asset problem, the exhaustive
space of global allocations is 32768.
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of which those goals could be attained. If none of the
infeasible plans can satisfy the currently expressed
constraints, then the DSS indicates that to the decision-
maker and communicates the need to weaken some of the
constraints.

Interactive Decision Preference Expression

In this mode of decision-making, the decision-maker is not
in a position to express exact constraints on the
performance metrics. In such a case, the decision-maker is
presented with all of the available feasible allocations in an
interactive fashion that allows him to identify the levels of
performance that are attainable across multiple missions
simultaneously.

Figure 5 - Indicating the decision problem for selection of
a plan with the prognostic ability to translate each plan into
expected mission reliability.

Figure 5 shows an instance of how prognostic information
related to expected mission reliability (translated from
prognostic health of the asset assigned to the mission)
culminates into a decision-making problem, where the
decision space is comprised of actions in some logistics
platform. In the figure, each point represents a potential
plan that prescribes the repair actions to be performed on
each asset in the repair-shop, as well as the asset to be
allocated to a mission. Each such plan is feasible only if the
repair actions are constrained by the part availability in the
shop (for example, if only one unit of part Pb is available in
the shop, a plan that allocates Pb to more than one asset is
infeasible4).

The plot of Figure 5 shows the intrinsic trade-offs present
in the real-world when trying to satisfy multiple missions (i
and j in this case) which compete for the same resources

4 Of course, such infeasible plans can still be considered and translated into a
set of part replenishment actions that can be feasibly executed within the
mission time constraints.

(parts, time, man-power). The plot shows that repair-plans
with very high values of predicted reliability for a mission i
are also plans that result in low predicted reliability values
for competing mission j in the deck of missions to be
satisfied (and vice-versa). Presenting actors in the logistics
platforms with such plots confronts them with the need to
understand the competing nature of the metrics they are
trying to simultaneously maximize, and thereby presents
them also with the opportunity to locate feasible plans that
can potentially optimize along all such metrics
simultaneously. For example, the set of plans labeled inside
the ellipse represent one within which each plan can be
expected to result in fairly superior predicted reliability for
both competing missions5.

Figure 6 – Distribution of Points Selected in Figure 5
across additional dimensions

This gives the decision-maker an opportunity to identify
what is globally attainable in the space of feasible
allocations/plans.  For example, by seeing that there are
feasible allocations that allow a reliability metric of at least
0.7 for mission 1 and 0.55 for mission 2, he might discover
this subset of allocations to be sufficient based on the
mission profiles. By using interactive features like cross-
linked plots as in [Josephson et al., 1998], heatmaps and
other interactive tools, the user can further explore
allocations of interest in the set of visible plots and use this
visual exploration to drive his choice of the best plan to
implement. The 1D plots6 shown in (Figure 6) are like
range plots that show the evaluation of the individual plans
along single dimensions or variables each of which
characterize a plan. Such painting and brushing tools are

5 It is to be noted that interior points in the above plot are not to be interpreted
as dominated points since the above plot is only a 2D projection of the overall
metric or objective space.
6 Several licensed visualization tools provide this capability
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available in many interactive tools in the market today.
Since any selection made by the user in a single plot is
correspondingly indicated in the other open plots, the user
is able to see the global evaluation of a plan along all
dimensions of importance even if he is making selections
on a projected space or set of axes. In summary, either by
concrete expression of his preferences or by looking at the
available options in an interactive environment, the
decision-maker can be empowered to drive the decision-
making so as to meet all his global performance metrics.

SUMMARY AND CONCLUSIONS
The ideal goal of PHM is for all of the relevant prognostic
information to quickly propagate throughout the logistics
infrastructure, ultimately leading to mission success,
enhanced flight safety, increased sortie generation rate,
reduced false alarms, and reduced life cycle costs. OBPHM
promises significant benefits through decreased downtime,
and reduced operational and maintenance logistics
footprints.  However, these benefits can only be realized if
actions are taken subsequent to proper assimilation and
interpretation of prognostics information.

In the end, any PHM system will rely on the human
decision-makers to provide the insight necessary to make
the right operational decisions, based on prior experience
and knowledge of conditions that systems like OBPHM
cannot observe. However, the complexity of information
that needs to be processed will by far exceed the cognitive,
information processing capacity of human decision-makers
thereby leading to the potential of making suboptimal
decisions. In response, we propose a human-centered
decision support system that enables and aids users of the
OBPHM to make “good” decisions. Such a decision support
system will provide direct aiding in the discovery and
evaluation of optimal decision alternatives subject to
operational boundary conditions and user preferences. We
indicate the need for mechanisms that perform information
fusion, uncertainty management, decision generation,
evaluation, and optimization as crucial and necessary to the
success of an effective PHM decision support system. We
envision these modules to complement each other inside a
robust decision support system for prognostic decision
making that will simultaneously guide and allow the
OBPHM user to collaborate in the decision-making process
while driving the selection and evaluation of operational
scenarios and plans that are optimal. We presented
preliminary results of a DSS architecture modeled around
supporting post-prognostics decision-making.
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