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SYSTEMIS AND METHODS FOR 
PREDICTING ASSET SPECIFIC SERVICE 

LIFE IN COMPONENTS 

BACKGROUND 

0001. The field of the disclosure relates generally to 
methods for formulating an accurate service life model. 
More specifically, the present disclosure relates to probabi 
listic service life models and techniques with automatic 
built-in quality checks to ascertain model quality. 
0002 Any system, especially one involving specifically 
engineered components and/or a complex combination of 
parts, is subject to anticipated and potentially accelerated 
wear and a decrease in service life, including component 
failure. For example, an engine may be rendered inoperable, 
where a major Subcomponent unexpectedly reaches the end 
of its service life. Other components simply deteriorate over 
time, e.g., brake pads on an automobile, eventually render 
ing them unusable. Component failure can result in signifi 
cant financial loss. As such, a user of any component or 
system may wish to know when the component is likely to 
reach the end of its service life, or at least the degree of 
deterioration it is experiencing. 
0003. However, known models for predicting decreases 
in service life often are limited by techniques that require 
large datasets. For example, Some known predictive models 
employ linear regression, or logarithmic regression. Com 
ponent users frequently do not have a dataset large enough, 
i.e., sufficient numbers of parts at their end of service life 
that would enable the abovementioned techniques to provide 
reliable predictions. Often, users have only sparse datasets 
available to them. Accordingly, known models are unable to 
provide satisfactory predictability. Also, users are notable to 
determine with any precision the missing datasets that would 
improve predictability. Even where nontrivial data are avail 
able, large variability exists in the dataset, worsening pre 
dictability. Other non-linear data-driven approaches, e.g., 
Gaussian process modeling are similarly unable to extrapo 
late in time and even interpolate without having a large 
dataset as input. 

BRIEF DESCRIPTION 

0004. In one aspect, a system for determining a decrease 
in service life to a target component is provided. The system 
includes a service life modeling (SLM) computing device in 
communication with a memory device and a processor. The 
SLM computing device is configured to identify a physics 
variable for a test component, where the physics variable 
represents a measure of service life decrease. The SLM 
computing device is also configured to a set of physical 
measurements for the test component in the memory device. 
The SLM computing device is further configured to generate 
at least one likelihood function for the physics variable, 
where the SLM computing device is further configured to 
generate the at least one likelihood function by incorporating 
the physics variable. The SLM computing device is also 
configured to apply one or more probabilistic techniques to 
the set of physical measurements of the test component in 
conjunction with a set of coefficients, where each coefficient 
of the set of coefficients corresponds to at least one physical 
measurement of the set of physical measurements. The SLM 
computing device is further configured to generate a hybrid 
service life model for the test component, where the hybrid 
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service life model is specific to the test component and 
where the hybrid service life model includes the at least one 
likelihood function. The SLM computing device is also 
configured to calibrate the hybrid service life model for the 
test component, based at least in part on an output of the one 
or more probabilistic techniques. The SLM computing 
device is further configured to apply the hybrid service life 
model to a target component that shares at least one char 
acteristic with the test component. The SLM computing 
device is also configured to identify at least one predictive 
metric for a target component, based on the service life 
model, output the at least one predictive metric. The SLM 
computing device is further configured to direct an operator 
to initiate a logistics process to modify a maintenance plan 
for the target component at least partially based on the at 
least one predictive metric. 
0005. In another aspect, a method for determining a 
decrease in service life to a target component is provided. 
The method is implemented using a service life modeling 
(SLM) computing device in communication with a memory 
device and a processor. The method includes identifying, by 
the SLM computing device, a physics variable for a test 
component, where the physics variable represents a measure 
of service life decrease. The method includes storing a set of 
physical measurements for the test component in the 
memory device. The method also includes generating, by the 
SLM computing device, at least one likelihood function for 
the physics variable, where the SLM computing device is 
further configured to generate the at least one likelihood 
function by incorporating the physics variable. The method 
further includes applying, by the SLM computing device, 
one or more probabilistic techniques to the set of physical 
measurements of the test component in conjunction with a 
set of coefficients, where each coefficient of the set of 
coefficients corresponds to at least one physical measure 
ment of the set of physical measurements. The method also 
includes generating, by the SLM computing device, a hybrid 
service life model for the test component, where the hybrid 
service life model is specific to the test component and 
where the hybrid service life model includes the at least one 
likelihood function. The method further includes calibrating, 
by the SLM computing device, the service life model for the 
test component, based at least in part on an output of the one 
or more probabilistic techniques. The method also includes 
applying, by the SLM computing device, the service life 
model to a target component that shares at least one char 
acteristic with the test component. The method further 
includes identifying, by the SLM computing device, at least 
one predictive metric for a target component, based on the 
service life model. The method also includes outputting the 
at least one predictive metric. The method further includes 
directing, by the SLM computing device, an operator to 
initiate a logistics process to modify a maintenance plan for 
the target component at least partially based on the at least 
one predictive metric. 
0006. In yet another aspect, a computer readable medium 
that includes computer executable instructions for determin 
ing a decrease in service life to a target component is 
provided. When executed by a Service Life Modeling 
(SLM) computing device including a processor, the com 
puter executable instructions cause the SLM computing 
device to identify a physics variable for a test component, 
where the physics variable represents a measure of service 
life decrease. The computer executable instructions also 
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cause the SLM computing device to store a set of physical 
measurements for the test component within a memory 
device. The computer executable instructions further cause 
the SLM computing device to generate at least one likeli 
hood function for the physics variable, where the SLM 
computing device is further configured to generate the at 
least one likelihood function by incorporating the physics 
variable. The computer executable instructions also cause 
the SLM computing device to apply one or more probabi 
listic techniques to the set of physical measurements of the 
test component in conjunction with a set of coefficients, 
where each coefficient of the set of coefficients corresponds 
to at least one physical measurement of the set of physical 
measurements. The computer executable instructions further 
cause the SLM computing device to generate a hybrid 
service life model for the test component, where the hybrid 
service life model is specific to the test component and 
where the hybrid service life model includes the at least one 
likelihood function. The computer executable instructions 
also cause the SLM computing device to calibrate the hybrid 
service life model for the test component, based at least in 
part on an output of the one or more probabilistic techniques. 
The computer executable instructions also cause the SLM 
computing device to apply the hybrid service life model to 
a target component that shares at least one characteristic 
with the test component. The computer executable instruc 
tions further cause the SLM computing device to identify at 
least one predictive metric for a target component, based on 
the service life model. The computer executable instructions 
also cause the SLM computing device to output the at least 
one predictive metric. The computer executable instructions 
further cause the SLM computing device to direct an opera 
tor to initiate a logistics process to modify a maintenance 
plan for the target component at least partially based on the 
at least one predictive metric. 

DRAWINGS 

0007. These and other features, aspects, and advantages 
will become better understood when the following detailed 
description is read with reference to the accompanying 
drawings in which like characters represent like parts 
throughout the drawings, where: 
0008 FIG. 1 is a simplified block diagram of an exem 
plary service life modeling (SLM) computing device 
coupled with other computing devices; 
0009 FIG. 2 is a simplified block diagram of an exem 
plary configuration of a server system, including the SLM 
computing device shown in FIG. 1; 
0010 FIG. 3 is an exemplary process flow showing how 
a service life decrease model is developed by the SLM 
computing device using test components; 
0011 FIG. 4 is a flowchart of an exemplary method of 
combining multiple likelihood functions into a single model 
that is developed for a particular component, using the SLM 
computing device shown in FIG. 1; 
0012 FIG. 5 illustrates a calibration process for a service 

life model using synthetic values for coefficients as received 
from a plurality of components; 
0013 FIG. 6 shows a plurality of exemplary graphs 
illustrating prediction values for a component over time; 
0014 FIG. 7 shows a plurality of exemplary graphs 
illustrating future predictive values for a component; 
0015 FIG. 8 shows an exemplary method for predicting 
decreases in a service life of components; and 
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0016 FIG. 9 is an exemplary configuration of a database 
within SLM computing device 10, (shown in FIG. 1), along 
with other related computing components, that are used to 
predict service life decrease in a component. 
0017. Unless otherwise indicated, the drawings provided 
herein are meant to illustrate features of embodiments of the 
disclosure. These features are believed to be applicable in a 
wide variety of systems including one or more embodiments 
of the disclosure. As such, the drawings are not meant to 
include all conventional features known by those of ordinary 
skill in the art to be required for the practice of the 
embodiments disclosed herein. 

DETAILED DESCRIPTION 

0018. In the following specification and the claims, ref 
erence will be made to a number of terms, which shall be 
defined to have the following meanings. 
(0019. The singular forms “a”, “an', and “the include 
plural references unless the context clearly dictates other 
wise. 
0020 “Optional or “optionally’ means that the subse 
quently described event or circumstance may or may not 
occur, and that the description includes instances where the 
event occurs and instances where it does not. 
0021 Approximating language, as used herein through 
out the specification and claims, may be applied to modify 
any quantitative representation that could permissibly vary 
without resulting in a change in the basic function to which 
it is related. Accordingly, a value modified by a term or 
terms, such as “about”, “approximately, and “substan 
tially', are not to be limited to the precise value specified. In 
at least some instances, the approximating language may 
correspond to the precision of an instrument for measuring 
the value. Here and throughout the specification and claims, 
range limitations may be combined and/or interchanged, 
Such ranges are identified and include all the Sub-ranges 
contained therein unless context or language indicates oth 
erwise. 
0022. As used herein, the term “computer-readable 
media” is intended to be representative of any tangible 
computer-based device implemented in any method or tech 
nology for short-term and long-term storage of information, 
Such as, computer-readable instructions, data structures, 
program modules and Sub-modules, or other data in any 
device. Therefore, the methods described herein may be 
encoded as executable instructions embodied in a tangible, 
non-transitory, computer readable medium, including, with 
out limitation, a storage device and/or a memory device. 
Such instructions, when executed by a processor, cause the 
processor to perform at least a portion of the methods 
described herein. Moreover, as used herein, the term “com 
puter-readable media' includes all tangible, computer-read 
able media, including, without limitation, computer storage 
devices, including, without limitation, Volatile and nonvola 
tile media, and removable and non-removable media Such as 
a firmware, physical and virtual storage, CD-ROMs, DVDs, 
and any other digital source Such as a network or the 
Internet, as well as yet to be developed digital means, with 
the sole exception being a transitory, propagating signal. 
0023. As used herein, the terms “processor and “com 
puter and related terms, e.g., “processing device', 'com 
puting device', and “controller are not limited to just those 
integrated circuits referred to in the art as a computer, but 
broadly refers to a microcontroller, a microcomputer, a 
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programmable logic controller (PLC), an application spe 
cific integrated circuit, and other programmable circuits, and 
these terms are used interchangeably herein. In the embodi 
ments described herein, memory may include, but is not 
limited to, a computer-readable medium, Such as a random 
access memory (RAM), and a computer-readable non-vola 
tile medium, Such as flash memory. Alternatively, a floppy 
disk, a compact disc-read only memory (CD-ROM), a 
magneto-optical disk (MOD), and/or a digital versatile disc 
(DVD) may also be used. Also, in the embodiments 
described herein, additional input channels may be, but are 
not limited to, computer peripherals associated with an 
operator interface Such as a mouse and a keyboard. Alter 
natively, other computer peripherals may also be used that 
may include, for example, but not be limited to, a scanner. 
Furthermore, in the exemplary embodiment, additional out 
put channels may include, but not be limited to, an operator 
interface monitor. 
0024. As used herein, the term “Bayesian inference' is 
used to denote a method of probabilistic inference in which 
Bayes theorem is used to update the probability for a 
hypothesis as evidence is acquired. 
0025. Also, as used herein, the term “hybrid model 
refers to a probabilistic model that combines physical mea 
surement data (also referred to herein as “component data' 
and “component test data”) with notional data about how a 
component is Supposed to operate, e.g., component limita 
tions such as maximum operating temperature, component 
size, and the like. 
0026. Further, as used herein, the term “likelihood func 
tion” denotes a function of the parameters of a probabilistic 
model. That is, the likelihood of a set of parameter values, 
0, given outcomes X, is equal to the probability of those 
observed outcomes given those parameter values. 
0027. As used herein, the terms “software” and “firm 
ware' are interchangeable, and include any computer pro 
gram stored in memory for execution by devices that 
include, without limitation, mobile devices, clusters, per 
Sonal computers, workstations, clients, and servers. 
0028 Computer systems, such as the service life model 
ing computing device are described, and Such computer 
systems include a processor and a memory. However, any 
processor in a computer device referred to herein may also 
refer to one or more processors where the processor may be 
in one computing device or a plurality of computing devices 
acting in parallel. Additionally, any memory in a computer 
device referred to may also refer to one or more memories, 
where the memories may be in one computing device or a 
plurality of computing devices acting in parallel. 
0029. As used herein, a processor may include any pro 
grammable system including systems using micro-control 
lers, reduced instruction set circuits (RISC), application 
specific integrated circuits (ASICs), logic circuits, and any 
other circuit or processor capable of executing the functions 
described herein. The above examples are example only, and 
are thus not intended to limit in any way the definition and/or 
meaning of the term “processor.” The term “database' may 
refer to either a body of data, a relational database manage 
ment system (RDBMS), or to both. A database may include 
any collection of data including hierarchical databases, 
relational databases, flat file databases, object-relational 
databases, object oriented databases, and any other struc 
tured collection of records or data that is stored in a 
computer system. The above are only examples, and thus are 
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not intended to limit in any way the definition and/or 
meaning of the term database. Examples of RDBMSs 
include, but are not limited to including, Oracle(R) Database, 
MySQL, IBMR, DB2, Microsoft(R) SQL Server, SybaseR), 
and PostgreSQL. However, any database may be used that 
enables the systems and methods described herein. (Oracle 
is a registered trademark of Oracle Corporation, Redwood 
Shores, Calif.; IBM is a registered trademark of Interna 
tional Business Machines Corporation, Armonk, N.Y.: 
Microsoft is a registered trademark of Microsoft Corpora 
tion, Redmond, Wash.; and Sybase is a registered trademark 
of Sybase, Dublin, Calif.) 
0030 The present disclosure relates to a Service Life 
Modeler (SLM) computing device that is used for modeling 
the predicted decrease in service life of a component. The 
SLM computing device predicts when a component 
approaches the end of its service life. More specifically, the 
SLM computing device is configured to apply a Bayesian 
inference framework to build physics-based hybrid lifing 
models. Bayesian inference provides the capability to com 
bine physics knowledge and field data, and to account for 
uncertainty due to model form and measurement error. A 
physics-based lifing model differs from a traditional data 
driven lifing model in that a physics-based model requires a 
much smaller dataset and is still able to provide a meaning 
ful prediction of for example, how an end of service life 
may be accelerated with the usage of a component. In 
addition, the physics-based models provide reliable fore 
casting capability that is not available in data-driven tech 
niques. The SLM computing device is configured to develop 
an individualized model for every component and asset and 
leverage the collection of individualized models to make 
them predictive on a much broader set. The SLM computing 
device enables the development of probabilistic service life 
decrease models using a components complete operational 
history and also the design intent behind use of the compo 
nent. The SLM computing device creates a “hybrid likeli 
hood that combines: a) the physics of service life decrease, 
e.g., physics-based evaluations or equations providing 
knowledge of how a component's service life may decrease 
given specific circumstances; and b) actual inspections and 
observations in the field of the component while in use. The 
SLM computing device automatically checks its generated 
models for quality by comparing generated predictive data 
against actual data for the component or for similar com 
ponents. The SLM computing device uses Bayesian and 
other inference methods (including but not limited to) to 
estimate model parameters by combining design data, opera 
tional data, data generated from its hybrid likelihood models 
and field inspection/observation of service life decrease. The 
SLM computing device is further configured to update the 
asset specific model coefficients when new observations 
become available and is also configured to automatically 
assess the quality of the model predictions. 
0031. In one embodiment, the SLM computing device 
uses a Bayesian hybrid modeling (BHM) framework to 
develop service life models. The BHM framework imple 
ments several algorithms including but not limited to an 
adaptive “Metropolis-within-Gibbs' algorithm. A stand 
alone Markov chain Monte Carlo (MCMC) code is also 
used. The features of this standalone MCMC code include 
that: (1) users are allowed to directly set up constraints on 
model parameters, (2) users can construct a likelihood 
function using their own computer model, and (3) an intel 
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ligent search for step size can be performed by optimizing 
the acceptance ratio using burn-in samples. In the simplest 
case, components are measured, physical observations are 
recorded, and a graph may model the physical measure 
ments. Similarly, a probability density function may model 
the physical measurements. However, engineered compo 
nents contain multiple parts and commonly give rise to 
multiple physical observations that must be accounted for. 
The SLM computing device is configured to incorporate 
multiple physical measurements into a likelihood function 
that, in Some embodiments, uses probability density func 
tions, cumulative distribution functions, and the like, to 
generate predicted values for the physical measurements. 
0032. In at least some implementations, a decrease in 
service life is calculated as a function of observed physical 
measurements for the component in association with one or 
more coefficients. For example, service life decrease, e.g., 
and without limitation, crack size of an engine fan blade in 
a test component may be calculated as the Sum of the 
ambient temperature and pressure on a component each 
multiplied by a certain coefficient, e.g., 0.1. However, 
observed deterioration in other components may correspond 
to coefficients of temperature and pressure that are not 0.1. 
Once a service life model is developed, the SLM computing 
device applies the model to a target component, e.g., and 
without limitation, by inputting physical measurements and 
other specifications of a target component to extrapolate the 
target component's service life decrease over time. In at 
least some implementations, the SLM computing device 
outputs a probability distribution for each coefficient, based 
on the BHM framework. These probability distributions 
provide a predictive metric for service life decrease in target 
components. 

0033. If modeling a target component requires data that is 
not available from the service life model developed using 
the test component, the SLM computing device is able to 
indicate the specific data points that would be required, or 
provide a certainty factor with its output, indicating a level 
of confidence in the model-based prediction, in light of the 
unavailable data. The SLM computing device also performs 
preprocessing on the test component data in order to account 
for outliers and reduce uncertainty in parameter prediction. 
0034 FIG. 1 is a simplified block diagram of an exem 
plary service life modeling (SLM) computing device 
coupled with other computing devices. SLM computing 
device 10 is in communication with one or more component 
testing computing devices 20, and at least one user comput 
ing device 40. Component testing computing devices 20 are 
also coupled to a plurality of components 30. In one embodi 
ment, component testing computing devices 20 are embed 
ded with various physical components including, and with 
out limitation, engine computers, machine sensors, 
embedded processors, and the like. In another embodiment, 
Such component testing computing devices 20 are separate 
from the actual component to be tested, but receive and 
record testing data for each component including, and with 
out limitation, temperature data, crack length data, and the 
like. Components 30 include test components, i.e., those 
used to develop service life models, target components, i.e., 
those to which service life models are applied in order to 
issue predictions for the target components, and validation 
components, i.e., those that are used to validate the service 
life models. 
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0035. In one embodiment, SLM computing device 10 
receives component data from component testing computing 
devices 20 and develops service life models. User comput 
ing device 40 sends a prompt or signal to SLM computing 
device 10 to develop a service life model, request compo 
nent data, or issue a prediction for a component. SLM 
computing device 10 develops and applies a service life 
model, generates predictions regarding the future service life 
of a component, and transmits the prediction(s) to user 
computing device 40. 
0036 FIG. 2 is a simplified block diagram of an exem 
plary configuration of a server system, including SLM 
computing device 10 (shown in FIG. 1). Server system 101 
includes a processor 105 for executing instructions. Instruc 
tions are stored in a memory area 110, for example. Pro 
cessor 105 includes one or more processing units, e.g., and 
without limitation, in a multi-core configuration for execut 
ing instructions. The instructions may be executed within a 
variety of different operating systems on the server system 
101, such as UNIX, LINUX, Microsoft Windows.(R), and the 
like. The algorithms can also be executed on massively 
parallel infrastructure such as Hadoop and Spark. More 
specifically, the instructions may cause various data manipu 
lations on data stored in storage 134, e.g., and without 
limitation, create, read, update, and delete procedures. It 
should also be appreciated that upon initiation of a com 
puter-based method, various instructions may be executed 
during initialization. Some operations may be required in 
order to perform one or more processes described herein, 
while other operations may be more general and/or specific 
to a particular programming language, e.g., and without 
limitation, C, C#, C++, Java, or other Suitable programming 
languages, and the like. 
0037 Processor 105 is operatively coupled to a commu 
nication interface 115 such that server system 101 is capable 
of communicating with a remote device Such as a user 
system or another server system 101. For example, commu 
nication interface 115 receives communications from user 
computing devices and test computing devices via the 
Internet. 

0038 Processor 105 is also operatively coupled to a 
storage device 134. Storage device 134 is any computer 
operated hardware suitable for storing and/or retrieving data. 
In some embodiments, storage device 134 is integrated in 
server system 101. In other embodiments, storage device 
134 is external to server system 101. For example, server 
system 101 may include one or more hard disk drives as 
storage device 134. In other embodiments, storage device 
134 is external to server system 101 and may be accessed by 
a plurality of server systems 101. For example, storage 
device 134 may include multiple storage units such as hard 
disks or solid state disks in a redundant array of inexpensive 
disks (RAID) configuration. Storage device 134 may include 
a storage area network (SAN) and/or a network attached 
storage (NAS) system. 
0039. In some embodiments, processor 105 is operatively 
coupled to storage device 134 via a storage interface 120. 
Storage interface 120 is any component capable of providing 
processor 105 with access to storage device 134. Storage 
interface 120 may include, for example, an Advanced Tech 
nology Attachment (ATA) adapter, a Serial ATA (SATA) 
adapter, a Small Computer System Interface (SCSI) adapter, 
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a RAID controller, a SAN adapter, a network adapter, and/or 
any component providing processor 105 with access to 
storage device 134. 
0040 Memory area 110 may include, but are not limited 

to, random access memory (RAM) Such as dynamic RAM 
(DRAM) or static RAM (SRAM), read-only memory 
(ROM), erasable programmable read-only memory 
(EPROM), electrically erasable programmable read-only 
memory (EEPROM), and non-volatile RAM (NVRAM). 
The above memory types are exemplary only, and are thus 
not limiting as to the types of memory usable for storage of 
a computer program. 
0041 FIG. 3 is an exemplary process flow showing how 
a service life decrease model is developed by SLM com 
puting device 10 (shown in FIG. 1) using test components, 
i.e., components with existing operational use and service 
life decrease that are used to build a model. The example of 
a fan blade for an aircraft engine will be used to illustrate the 
process flow. SLM computing device 10 receives remote 
monitoring and diagnostics (RMD) data 210 (also called 
asset specific operational data) and design data 212. In one 
embodiment, RMD data 210 refers to physical data gener 
ated by regular operation of the fan blade, e.g., and without 
limitation, operational temperature data, operational air 
pressure data, and the like. In one embodiment, design data 
212 refers to design specifications such as dimensions, 
materials used for construction, maximum operating tem 
peratures. 
0042. Both RMD data 210 and design data 212 are input 
into cumulative model 214. Model parameters 216 are also 
inherent to the cumulative model 214. Model parameters 
216 refer to a selection of particular physical constants that 
will be the subject of the model, i.e., will be part of 
likelihood functions that are later generated. Model param 
eters 216 may include fan blade temperature coefficient, 
stress concentration, stress intensity factors, and the like. 
Inspection data 220 includes physical observations that 
indicate a degree of service life decrease to the component. 
Inspection data 220 may refer to observational data regard 
ing the fan blade, e.g., and without limitation, crack length 
data, Surface wear data, radial deflection data, Scrap rates 
and the like. Each of RMD data 210, design data 212, and 
inspection data 220 are in the form of various physical 
variables as mentioned. As such, operational temperature 
data takes the form of a temperature variable, crack length 
data takes the form of a length dimensional variable, scrap 
rates are measured in percentage and the like. 
0043 Cumulative model 214 issues a service life predic 
tion 218. The predictions can take several forms including 
but not limited to deterministic output, probability density 
functions, probabilistic samples and the like. SLM comput 
ing device 10 processes prediction 218 and inspection data 
220 using a likelihood function 222 that in turn generates a 
model parameter prior distribution 226 for each physical 
variable. Model parameter distribution 226 is, in one 
embodiment, a probability density function describing the 
relative likelihood of the physical variable having a particu 
lar value. One distribution is generated per physical constant 
per component per asset. If data from 20 engines are used to 
develop the service life decrease model, then 20 probability 
density functions will be generated for each physical con 
stant (coefficient), e.g., for thermal effectiveness. 
0044) Model parameter prior distribution 226 is further 
refined using prior distributions 224. Prior distributions 224 
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represent expert knowledge of what values each physical 
variable is likely to have. This expert knowledge is intro 
duced into the model by way of informative priors. For 
example, the range of each physical variable is tested against 
a prior knowledge of the possible maximum and minimum 
value for each physical variable. In one embodiment, SLM 
computing device 10 detects correlations between physical 
variables using the output of the likelihood function 222. For 
example, physical variables for operational temperature and 
thermal stress may be related Such as temperature rises, so 
does thermal stress on the engine fan blade. Accordingly, 
likelihood function 222 will generate posterior distributions 
226 that may show a high level of correlation between data 
for the two variables. SLM computing device 10 is config 
ured to use posterior distributions 226 to generate an asset 
specific model parameter distribution 228 for each physical 
variable. This model parameter distribution 228 will serve as 
a source of data points for a combined distribution that will 
be used to predict service life decrease in a target compo 
nent, e.g., a new engine fan blade. 
0045 FIG. 4 is a flowchart of an exemplary method of 
combining multiple likelihood functions into a single model 
that is developed for a particular component, using SLM 
computing device 10 (shown in FIG. 1). In one embodiment, 
SLM computing device 10 receives component data from 
component testing computing devices 20 and feeds that 
component data into one or more probabilistic routines. For 
example, SLM computing device 10 takes temperature data 
for a component, e.g., temperature inside a running engine 
and input that into a temperature equation 202. SLM com 
puting device 10 takes stress data for the component, e.g., 
shearing forces applied to engine fan blades and input that 
into a stress equation 204. SLM computing device 10 may 
take decline accumulation data for the component, e.g., 
crack length for a fan blade inside an engine and input that 
into a decline accumulation equation 206. For example, 
temperature could be related to air flow through an expo 
nential law, e.g., T-C*p*exp(v*vo) and stresses can be a 
combination of centrifugal and thermal stresses given by 

O = b : G : a k - + c + p co’, 2 

service life decline could be related to stress and temperature 
by a cumulative model given by Xfexp(o’*T)*cos(h'T'') 
where T is temperature, p and p, represent density, v is 
rotational velocity, () is angular velocity, G is the gravita 
tional constant, a is stress, a is a thermal constant, and a, b 
c., f and hare model coefficients that need to be estimated for 
each asset. 

0046. In one embodiment, SLM computing device 10 
inputs data into its relevant equation to determine one or 
more coefficients. In FIG. 2, these are denoted by a, b, c, f 
and h. These coefficients may together be termed physical 
component data D. D is used to infer the probability distri 
bution of unknown parameters in the service life model. In 
one embodiment, the timing of a certain event, e.g., and 
without limitation, a certain amount of decline in a compo 
nent, a certain crack length in an engine, and the like, is an 
unknown value that will be predicted using the estimated 
coefficients a, b, c, fand g that could be thermal efficiency, 
stress concentration factors respectively. Accordingly, SLM 
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computing device 10 generates a likelihood function of the 
unknown parameter (time) given the outcome D, i.e., the 
physical component data. 
0047 Using one or more likelihood functions as 
described above, SLM computing device 10 is configured to 
create one or more posterior probability density functions. 
These probability density functions are designed to generate 
priors for the coefficients a, b, c, fandh. In one embodiment, 
SLM computing device 10 is configured to input the priors 
into a Markov Chain Monte Carlo (MCMC) set of sampling 
algorithms. In one embodiment, SLM computing device 10 
uses output from the sampling algorithms to generate pre 
dicted values for specific outcomes. 
0048 FIG. 5 illustrates a calibration process for a service 

life model using synthetic values for coefficients as received 
from a plurality of components. In one embodiment, these 
synthetic values are fed into the MCMC sampling algo 
rithms in order to generate predicted values. As shown in 
graphs 302, 304, 306, and 308, a number of statistics are 
determined per coefficient for each component. As shown in 
graph 302, value 310 is the minimum value for a for the first 
component. Value 320 is the 25th percentile value for do for 
the first component. Value 330 is the median value for a for 
the first component. Value 340 is the 75th percentile value 
for do for the first component. Value 340 is the maximum 
value for a for the first component. Each of the other 
components in graph 302, has corresponding statistics cal 
culated for a. Similarly, graphs 304, 306, and 308 show 
statistics calculated for b, c, f and h. Values for the coefli 
cients are generated based on the synthetic values. More 
over, once predicted values are generated by the MCMC 
sampling algorithms, these predicted values are compared to 
actual values from test components that have undergone a 
comparable level of service life decline, in order to calibrate 
the model. For example, actual component data is received 
from an engine with significant decline in service life (a test 
component). This component data is compared to predicted 
life using the estimated coefficients are in the likelihood 
function. FIG. 6 shows a plurality of exemplary graphs 
illustrating prediction values for a component over time, 
using radial deflection in a component as an example data 
point. FIG. 6 includes a graph 402 that includes a unitless 
y-axis 403 representing deflection in millimeters and a 
unitless X-axis 405 showing time elapsed in hours. Graphs 
404, 406, 408, 410, 412, 414, and 416 include y- and x-axes 
substantially comparable to y-axis 403 and x-axis 405 as 
included in graph 402. FIG. 6 also shows a key 420 denoting 
the meaning of the lines on each graph shown on FIG. 6. 
Graph 402 shows prediction values using a components 
own data only. Graph 404 shows prediction values for the 
same component but after similarity analysis being per 
formed on the component data using data from a plurality of 
other components that share at least one characteristic with 
the component. Together, 402 and 404 represent a “worst 
case over-prediction' scenario. 
0049 Similarly, graph 406 shows prediction values using 
a component's own data only. Graph 408 shows prediction 
values for the same component but after similarity analysis 
being performed on the component data using data from a 
plurality of other components that share at least one char 
acteristic with the component. Together, 406 and 408 rep 
resent a “worst-case under-prediction' scenario. Addition 
ally, graph 410 shows prediction values using a components 
own data only. Graph 412 shows prediction values for the 
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same component but after similarity analysis being per 
formed on the component data using data from a plurality of 
other components that share at least one characteristic with 
the component. Together, 410 and 412 represent a “best-case 
over-prediction” scenario. Graph 414 shows prediction val 
ues using a component's own data only. Graph 416 shows 
prediction values for the same component but after similar 
ity analysis being performed on the component data using 
data from a plurality of other components that share at least 
one characteristic with the component. Together, 414 and 
416 represent a “best-case under-prediction” scenario. 
0050. In graph 402, a pair of lines 430 represents the 95% 
Zone of uncertainty for the predicted value, and line 440 
represents the predicted value over time. Graphs 402, 404, 
406, 408, 410, 412, 414, and 416 display lines substantially 
similar to lines 430 and 440. Point 450 on the vertical line 
represents the actual observed value for the turbine. As 
shown by the graphs, even in the worst-case scenarios of 
over-prediction or under-prediction, the systems and meth 
ods are able to predict the observed value with 95% cer 
tainty. 
0051 FIG. 7 shows a plurality of exemplary graphs 
illustrating future predictive values for a component. FIG. 7 
shows not validation but the methods being applied to an 
actual component with service life decline. Graph. 502 charts 
radial deflection in a component over time, with the upper 
and lower enclosing lines representing the 95% Zone of 
uncertainty for the predicted value. The middle line repre 
sents the predicted value over time. The dot on the vertical 
line represents the actual observed value for the turbine. 
Graph. 504 shows actual predictive values for the turbine 
with future use. In graph. 504, predictive values are plotted 
on a continuous scale, showing the progression of the 
service life decline. Graph. 504 also shows an actual obser 
vation using the dot on the vertical line, which is well within 
the 95% zone of uncertainty and follows the trend of service 
life decline plotted on the graph. Similarly, graph 506 
illustrates probability of repair and scrap using lines 506a 
and 506b respectively. As shown, both probabilities inevi 
tably approach 1 over time, but graph. 506 is able to show the 
progression of both over time, showing distinct changes in 
trends, based on physical data received from the component 
that has been processed using the likelihood-function-based 
service-life model. 
0.052 FIG. 8 shows an exemplary method for predicting 
decreases in a service life of components. SLM computing 
device 10 (shown in FIG. 1) identifies 602 a physics variable 
for a test component, where the physics variable represents 
a measure of service life decrease, further including storing 
a set of physical measurements for the test component in the 
memory device 134 (shown in FIG. 2). SLM computing 
device 10 generates 604 at least one likelihood function for 
the physics variable, where SLM computing device 10 is 
further configured to generate the at least one likelihood 
function by incorporating the physics variable. SLM com 
puting device 10 applies 606 one or more probabilistic 
techniques to the set of physical measurements of the test 
component in conjunction with a set of coefficients, where 
each coefficient of the set of coefficients corresponds to at 
least one physical measurement of the set of physical 
measurementS. 

0053 SLM computing device 10 generates 608 a hybrid 
service life model for the test component, where the hybrid 
service life model is specific to the test component and 
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where the hybrid service life model includes the at least one 
likelihood function. SLM computing device 10 calibrates 
610 the service life model for the test component, based at 
least in part on an output of the one or more probabilistic 
techniques, further including performing an individualized 
calibration for the test component. SLM computing device 
10 applies 612 the service life model to a target component 
that shares at least one characteristic with the test compo 
nent. SLM computing device 10 identifies 614 at least one 
predictive metric for a target component, based on the 
service life model. SLM computing device 10 directs 616 an 
operator to initiate a logistics process to modify a mainte 
nance plan for the target component at least partially based 
on the at least one predictive metric. In one embodiment, an 
operator is any individual responsible for maintenance, 
Supervision, or control of a target component. An operator 
may receive the direction at 616 via user interface coupled 
to SLM computing device 10. In another embodiment, the 
operator may operate a separate user computing device 
communicatively coupled to SLM computing device 10 and 
receive the direction at 616 via the user computing device or 
user interface connected to the user computing device. SLM 
computing device 10 is configured to issue the direction at 
616 in a format compatible with an operator computing 
device. 

0054. In one embodiment, the logistics process may 
involve modifying a maintenance plan for the target com 
ponent, or even removing the target component from Ser 
vice. The maintenance plan may be a computer-based pro 
cess involving multiple defined steps geared to the target 
component, stored on computer-readable storage media. 
Accordingly, SLM computing device 10 may issue the 
direction at 616 in the form of an input to the computer 
based maintenance plan. For example, the maintenance plan 
may be a usage-based lifing plan for a component involving 
automatically scheduled steps slated for the target compo 
nent, e.g., accelerate use, change use of target component, 
observe blackout dates, perform maintenance during main 
tenance dates, etc. The direction at 616 is configured to 
cause the maintenance plan, e.g., running on an operator 
computer device or even a computing device connected to 
the target component itself, to change in light of the direc 
tion. For example, where significant service life decrease is 
indicated, the direction at 616 may be to remove the target 
component from service entirely. In Such a case, while the 
maintenance plan may be to issue computer-based instruc 
tions to continue use of the target component, the direction 
at 616 will automatically modify the maintenance plan to 
terminate, e.g., at a scheduled date, and notify all affected 
users, e.g., via electronic alerts, that the target component is 
or will be out of service at a scheduled date. The direction 
at 616 may further direct a target component computing 
device to disconnect from other computing devices or com 
ponents in light of the direction to terminate service life of 
the target component. 
0055 FIG. 9 is an exemplary configuration of a database 
within SLM computing device 10 (shown in FIG. 1), along 
with other related computing components, that are used to 
predict service life decrease in a component. In some 
embodiments, computing device 710 is similar to SLM 
computing device 10. User 702 (such as an owner of a 
component) accesses computing device 710 in order to 
predict the service life decrease for a component. In some 
embodiments, database 720 is similar to storage device 134 
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(shown in FIG. 1). In the exemplary embodiment, database 
720 includes component data 722, prediction data 724, and 
model data 726. Component data 722 includes data regard 
ing each component, e.g., and without limitation, component 
identifiers, service life stage, component owner(s), associ 
ated service model identifier, and the like. Prediction data 
724 includes data about predictions for each component, 
e.g., and without limitation, predicted repair date, predicted 
scrap date, probability density functions, and the like. Model 
data 726 includes likelihood function data, component test 
ing data, calibration data, and the like. 
0056 Computing device 710 also includes data storage 
devices 730. Computing device 710 also includes analytics 
component 740 that processes component data received 
from various component testing computing devices and 
from user computing devices at least in order to generate 
service life models. Computing device 710 also includes 
display component 750 that receives prediction data from 
analytics component 740 and converts it into various for 
mats in order to provide predictions compatible with a 
variety of user computing devices. Computing device 710 
also includes communications component 760 which is used 
to communicate with user computing devices and compo 
nent test computing devices using predefined network pro 
tocols such as TCP/IP (Transmission Control Protocol/In 
ternet Protocol) over the Internet. 
0057 The methods and systems described herein may be 
implemented using computer programming or engineering 
techniques including computer software, firmware, hard 
ware, or any combination or subset thereof, where the 
technical effects may be achieved by performing at least one 
of the following steps: (a) identifying, by the SLM comput 
ing device, a physics variable for a test component, where 
the physics variable represents a measure of service life 
decrease, further including storing a set of physical mea 
Surements for the test component in the memory device, (b) 
generating, by the SLM computing device, at least one 
likelihood function for the physics variable, where the SLM 
computing device is further configured to generate the at 
least one likelihood function by incorporating the physics 
variable and coefficients, (c) applying, by the SLM comput 
ing device, one or more probabilistic techniques to the set of 
physical measurements of the test component in conjunction 
with a set of coefficients, where each coefficient of the set of 
coefficients corresponds to at least one physical measure 
ment of the set of physical measurements, (d) generating, by 
the SLM computing device, a hybrid service life model for 
the test component per asset, where the hybrid service life 
model is specific to the test component and where the hybrid 
service life model includes the at least one likelihood 
function, (e) calibrating, by the SLM computing device, the 
service life model for the test component, based at least in 
part on an output of the one or more probabilistic techniques, 
further including performing an individualized calibration 
for the test component, (f) applying, by the SLM computing 
device, the service life model to a target component that 
shares at least one characteristic with the test component, (g) 
identifying, by the SLM computing device, least one pre 
dictive metric for a target component, based on the service 
life model, (h) outputting the at least one predictive metric, 
and (i) directing, by the SLM computing device, an operator 
to initiate a logistics process to modify a maintenance plan 
for the target component and asset at least partially based on 
the at least one predictive metric. 
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0.058. The above-described service life decrease model 
ing systems and methods overcome a number of deficiencies 
associated with known systems and methods of modeling 
service life decrease. Specifically, the above-described sys 
tems and methods enable an individualized modeling for 
each operational component that is then applied to a target 
component whose future service life is to be modeled. 
Unlike Some known methods, each operational component 
and asset is individually modeled, and probability distribu 
tions predicting future values for multiple physical variables 
are processed by a service life modeling computer device 
that then predicts service life decrease for a target compo 
nent at an asset specific level, e.g., a new component. 
0059 An exemplary technical effect of the methods, 
systems, and apparatus described herein includes at least one 
of: (i) enabling built-in model quality assessment, allowing 
a service life decrease model to be calibrated and updated 
dynamically; (ii) ability to quantify how inaccurate or uncer 
tain the model is; (iii) ability to determine how predicted 
service life decrease is impacted if values for specific 
variables (e.g., physical data) are altered; (iv) a Scalable 
model that can be deployed to large fleets due to computa 
tional efficiency; (V) accurately predicting service life 
decrease even for a newer component with little or no 
operational history; and (vi) predicting trends in service life 
decrease, e.g., time intervals in which service life decrease 
is higher or lower than other time intervals. Moreover, 
unlike traditional models that can be updated only when new 
failure data is observed, these asset specific hybrid physics 
models constantly evolve with only operational data as 
input. This is a huge benefit compared to the state-of-the-art 
methods in use today. 
0060 Exemplary embodiments of service life modeling 
computer systems for modeling service life decrease in a 
component are described above in detail. The service life 
modeling computer systems, and methods of operating Such 
systems are not limited to the specific embodiments 
described herein, but rather, components of systems and/or 
steps of the methods may be utilized independently and 
separately from other components and/or steps described 
herein. For example, the systems and methods may also be 
used in combination with other systems requiring modeling 
of service life decrease for a component, and are not limited 
to practice with only the facilities, systems and methods as 
described herein. Rather, the exemplary embodiment can be 
implemented and utilized in connection with many other 
modeling applications that are configured to model and 
predict service life decrease for a component. 
0061 Some embodiments involve the use of one or more 
electronic or computing devices. Such devices typically 
include a processor, processing device, or controller. Such as 
a general purpose central processing unit (CPU), a graphics 
processing unit (GPU), a microcontroller, a reduced instruc 
tion set computer (RISC) processor, an application specific 
integrated circuit (ASIC), a programmable logic circuit 
(PLC), a field programmable gate array (FPGA), a digital 
signal processing (DSP) device, and/or any other circuit or 
processing device capable of executing the functions 
described herein. The methods described herein may be 
encoded as executable instructions embodied in a computer 
readable medium, including, without limitation, a storage 
device and/or a memory device. Such instructions, when 
executed by a processing device, cause the processing 
device to perform at least a portion of the methods described 
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herein. The above examples are exemplary only, and thus are 
not intended to limit in any way the definition and/or 
meaning of the term processor and processing device. 
0062. This written description uses examples to disclose 
the disclosure, including the best mode, and also to enable 
any person skilled in the art to practice the disclosure, 
including making and using any devices or systems and 
performing any incorporated methods. The patentable scope 
of the disclosure is defined by the claims, and may include 
other examples that occur to those skilled in the art. Such 
other examples are intended to be within the scope of the 
claims if they have structural elements that do not differ 
from the literal language of the claims, or if they include 
equivalent structural elements with insubstantial differences 
from the literal languages of the claims. 
What is claimed is: 
1. A system for determining a decrease in service life to 

a target component, said system comprising a service life 
modeling (SLM) computing device in communication with 
a memory device and a processor, said SLM computing 
device configured to: 

identify a physics variable for a test component, wherein 
the physics variable represents a measure of service life 
decrease; 

store a set of physical measurements for the test compo 
nent in said memory device; 

generate at least one likelihood function for the physics 
variable incorporating the physics variable; 

apply one or more probabilistic techniques to the set of 
physical measurements of the test component in con 
junction with a set of coefficients, wherein each coef 
ficient of the set of coefficients corresponds to at least 
one physical measurement of the set of physical mea 
Surements; 

generate a hybrid service life model for the test compo 
nent, wherein the hybrid service life model is specific 
to the test component and wherein the hybrid service 
life model includes the at least one likelihood function; 

calibrate the hybrid service life model for the test com 
ponent based at least in part on the application of the 
one or more probabilistic techniques; 

apply the hybrid service life model to the target compo 
nent that shares at least one characteristic with the test 
component; 

identify at least one predictive metric for the target 
component, based on the service life model; and 

direct an operator to initiate a logistics process that 
modifies a maintenance plan for the target component 
at least partially based on the at least one predictive 
metric. 

2. The system in accordance with claim 1, wherein the 
service life model is one of a plurality of service life models, 
and wherein said SLM computing device further configured 
to hybridize the service life model with at least one other 
service life model to identify the predictive metric. 

3. The system in accordance with claim 1, wherein said 
SLM computing device further configured to apply the one 
or more probabilistic techniques using a hybrid physics 
based framework, wherein the one or more probabilistic 
techniques include Bayesian inference. 

4. The system in accordance with claim 1, wherein the one 
or more probabilistic techniques include Gaussian mixture 
modeling, Metropolis-within-Gibbs sampling (MWGS), and 
a Markov-Chain-Monte-Carlo (MCMC) method. 
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5. The system in accordance with claim 1, wherein, to 
calibrate the hybrid service life model, said SLM computing 
device further configured to generate synthetic values for the 
set of coefficients from at least one other test component, 
including using at least one synthetic value for input into the 
service life model. 

6. The system in accordance with claim 5, wherein, to 
calibrate the hybrid service life model, said SLM computing 
device further configured to compare, using similarity analy 
sis, the output from the one or more probabilistic techniques 
for the test component with the output for at least one other 
test component. 

7. The system in accordance with claim 1, wherein, to 
output the at least one predictive metric, said SLM comput 
ing device further configured to output a probability distri 
bution for the set of coefficients. 

8. A method for determining a decrease in service life to 
a target component, said method implemented using a 
service life modeling (SLM) computing device in commu 
nication with a memory device and a processor, said method 
comprising: 

identifying, by the SLM computing device, a physics 
variable for a test component, wherein the physics 
variable represents a measure of service life decrease; 

storing a set of physical measurements for the test com 
ponent in said memory device; 

generating, by the SLM computing device, at least one 
likelihood function incorporating the physics variable; 

applying, by the SLM computing device, one or more 
probabilistic techniques to the set of physical measure 
ments of the test component in conjunction with a set 
of coefficients, wherein each coefficient of the set of 
coefficients corresponds to at least one physical con 
stant of the set of physical measurements; 

generating, by the SLM computing device, a hybrid 
service life model for the test component, wherein the 
hybrid service life model is specific to the test compo 
nent and wherein the hybrid service life model includes 
the at least one likelihood function; 

calibrating, by the SLM computing device, the service life 
model for the test component based at least in part on 
an output of the one or more probabilistic techniques 
applying, by the SLM computing device, the service 
life model to a target component that shares at least one 
characteristic with the test component; 

identifying, by the SLM computing device, least one 
predictive metric for the target component, based on the 
service life model; and 

directing, by the SLM computing device, an operator to 
initiate a logistics process to modify a maintenance 
plan for the target component at least partially based on 
the at least one predictive metric. 

9. The method in accordance with claim 8, wherein the 
service life model is one of a plurality of service life models, 
said method further comprising hybridizing the service life 
model with at least one other service life model to identify 
the predictive metric. 

10. The method in accordance with claim 8, further 
comprising applying the one or more probabilistic tech 
niques using a hybrid physics-based Bayesian inference 
framework. 

11. The method in accordance with claim 8, wherein the 
one or more probabilistic techniques include Gaussian mix 
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ture modeling, Metropolis-within-Gibbs sampling 
(MWGS), and a Markov-Chain-Monte-Carlo (MCMC) 
method. 

12. The method in accordance with claim 8, wherein 
calibrating the hybrid service life model comprises gener 
ating synthetic values for the set of coefficients from at least 
one other test component, comprising using at least one 
synthetic value for input into the service life model. 

13. The method in accordance with claim 8, wherein 
calibrating the hybrid service life model further comprises 
comparing, using similarity analysis, the output from the one 
or more probabilistic techniques for the test component with 
the output for at least one other test component. 

14. The method in accordance with claim 8, wherein 
outputting the at least one predictive metric further com 
prises outputting a probability distribution for the set of 
coefficients. 

15. A computer readable medium having computer-ex 
ecutable instructions embodied thereon for determining a 
decrease in service life to a target component, wherein when 
executed by at least one processor, the computer-executable 
instructions cause the at least one processor to: 

identify a physics variable for a test component, wherein 
the physics variable represents a measure of service life 
decrease; 

store a set of physical measurements for the test compo 
nent within a memory device coupled to the at least one 
processor, 

generate at least one likelihood function for the physics 
variable, wherein the at least one processor is further 
configured to generate the at least one likelihood func 
tion by incorporating the physics variable; 

apply one or more probabilistic techniques to the set of 
physical measurements of the test component in con 
junction with a set of coefficients, wherein each coef 
ficient of the set of coefficients corresponds to at least 
one physical measurement of the set of physical mea 
Surements; 

generate a hybrid service life model for the test compo 
nent, wherein the hybrid service life model is specific 
to the test component and wherein the hybrid service 
life model includes the at least one likelihood function; 

calibrate the hybrid service life model for the test com 
ponent, based at least in part on an output of the one or 
more probabilistic techniques; 

apply the hybrid service life model to a target component 
that shares at least one characteristic with the test 
component; 

identify at least one predictive metric for a target com 
ponent, based on the service life model; and 

direct an operator to initiate a logistics process to modify 
a maintenance plan for the target component at least 
partially based on the at least one predictive metric. 

16. The computer readable medium in accordance with 
claim 15, wherein the service life model is one of a plurality 
of service life models, and wherein the computer-executable 
instructions further cause the at least one processor to 
hybridize the service life model with at least one other 
service life model to identify the predictive metric. 

17. The computer readable medium in accordance with 
claim 15, wherein the computer-executable instructions fur 
ther cause the at least one processor to apply the one or more 
probabilistic techniques using a hybrid physics-based 
Bayesian inference framework. 
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18. The computer readable medium in accordance with 
claim 15, wherein the one or more probabilistic techniques 
include Gaussian mixture modeling, Metropolis-within 
Gibbs sampling (MWGS), and a Markov-Chain-Monte 
Carlo (MCMC) method. 

19. The computer readable medium in accordance with 
claim 15, wherein the computer-executable instructions fur 
ther cause the at least one processor to generate synthetic 
values for the set of coefficients from at least one other test 
component, including using at least one synthetic value for 
input into the service life model. 

20. The computer readable medium in accordance with 
claim 15, wherein the computer-executable instructions fur 
ther cause the at least one processor to compare, using 
similarity analysis, the output from the one or more proba 
bilistic techniques for the test component with the output for 
at least one other test component. 

21. The computer readable medium in accordance with 
claim 15, wherein the computer-executable instructions fur 
ther cause the at least one processor to output a probability 
distribution for the set of coefficients. 

k k k k k 


