
AUTOMATED ENGINE DATA DIAGNOSTIC ANALYSIS  FIELD OF THE INVENTION [00011 The
present invention relates to gas turbine engines and, more  particularly, to
improved methods and apparatus for analyzing engine operational  data and
potential faults represented therein. BACKGROUND OF THE INVENTION [00021 Gas
turbine engines routinely undergo an acceptance test procedure  before being
delivered to a customer. This applies to newly manufactured gas  turbine
engines, as well as repaired or overhauled gas turbine engines.  Typically
the new, repaired, or overhauled gas turbine engine must pass the
acceptance test procedure before delivery. Generally, the acceptance test
procedure includes a performance calibration that generates data and an
acceptance test data certificate that is a quality record used to ensure
compliance  with customer specifications. 100031 In a gas turbine
production, repair, or overhaul environment, rapid  diagnostic analysis of
engine performance anomalies or faults, should they occur,  may be required
to meet stringent delivery schedules. In many cases an  experienced engineer
may not be readily available to assess the fault root cause  and provide
guidance on corrective action. Accordingly, test cell technicians may  be
called upon instead. [00041 Test cell technicians, while generally well
qualified, may not possess  the expertise or experience to perform fault
isolation and repair efforts in an  efficient and optimal manner.
Accordingly, such test cell technicians may  perform such fault isolation
and repair efforts in a manner that is inefficient and/or 2  otherwise less
than optimal, or may choose to wait for the availability of  engineering
personnel, which can result in time delays and/or other costs of time
and/or money. 



[0005] Accordingly, there is a need for an apparatus or method for enabling
such cell technicians, and/or others implementing an acceptance testing
procedure,  to better perform such acceptance testing procedures, and/or to
diagnose complex  or ambiguous testing problems, improve fault isolation
and/or repair processes,  and/or to reduce cycle time and/or test cell
occupancy time. The present invention  addresses at least this need.
Furthermore, other desirable features and characteristics of the present
invention will become apparent from the subsequent  detailed description of
the invention and the appended claims, taken in  conjunction with the
accompanying drawings and this background of the  invention. SUMMARY OF THE
INVENTION [0006] The present invention provides a method for diagnosing
potential  faults reflected in operational data for a turbine engine. In one
embodiment, and  by way of example only, the method comprises the steps of
generating a  diagnostic pattern for the operational data and comparing the
diagnostic pattern  with a plurality of historical patterns, to thereby
identify one or more likely  potential faults reflected in the operational
data. The diagnostic pattern comprises  a plurality of scalars. Each scalar
represents an arithmetic relationship between  values of the operational
data and values predicted by a baseline thermodynamic  model that represents
the average engine performance. Each historical pattern is  linked to one or
more specific faults. [0007] The invention also provides a program product
for diagnosing potential  faults reflected in operational data for a turbine
engine. In one embodiment, and 3  by way of example only, the program
product comprises a program, and a  computer-readable signal bearing media
bearing the program. The program is  configured to generate a diagnostic
pattern for the operational data, and compare  the diagnostic pattern with a
plurality of historical patterns, to thereby identify one  



or more likely potential faults reflected in the operational data. The
diagnostic  pattern comprises a plurality of scalars. Each scalar represents
an arithmetic  relationship between values of the operational data and
values predicted by a  baseline thermodynamic model. Each historical pattern
is linked to one or more  specific faults. 100081 In another embodiment, and
by way of example only, the program  product comprises a program, and a
computer-readable signal bearing media  bearing the program. The program is
configured to generate a matrix of operating  parameter perturbations to
simulate a plurality of engine faults, run the matrix  through the baseline
thermodynamic model, to thereby generate a historical  pattern for each
fault, generate a diagnostic pattern for the operational data,  compare the
diagnostic pattern with a plurality of historical patterns, to thereby
identify multiple likely potential faults based at least in part on the
comparison of  the diagnostic pattern with the plurality of historical
patterns, assign probability  values to each of the identified likely
potential faults based at least in part on the  comparison between the
diagnostic pattern and the plurality of historical patterns,  each
probability value representing a probability that the engine has a
particular  fault, and generate user instructions for further diagnosis of
the multiple likely  potential faults, based at least in part on the
assigned probability values. The  diagnostic pattern comprises a plurality
of scalars. Each scalar represents an  arithmetic relationship between
values of the operational data and values predicted  by the baseline
thermodynamic model. Each historical pattern is linked to one or  more
specific faults, and represents a deviation from the baseline thermodynamic
model resulting from the fault. Each likely potential fault has a different
historical  pattern. 4  BRIEF DESCRIPTION OF THE DRAWINGS [0004] FIG. I is a
flowchart depicting an exemplary embodiment of a  



diagnostic process for diagnosing potential faults reflected in operational
data for  a turbine engine undergoing testing; 100101 FIG. 2 is a functional
block diagram depicting an exemplary  embodiment of an automated engine
diagnostic program that can be used to  implement the diagnostic process of
FIG. 1; [0011J FIG. 3 is a functional block diagram depicting an exemplary
embodiment of a computer system that can be used in implementing the
automated engine operating program of FIG. 2, and in implementing the
diagnostic process of FIG. 1, [0012] FIG. 4 is a flowchart depicting an
exemplary embodiment of a second  diagnostic process for diagnosing
potential faults reflected in operational data for  a turbine engine
undergoing testing; 100131 FIGs. 5A-5C are flowcharts depicting an exemplary
embodiment of a  fault classification process for classifying various
potential faults that an engine,  such as the engine of FIG. 1, may be
experiencing, which can be used in  implementing the diagnostic process of
FIG. 1 and the second diagnostic process  of FIG. 2; [00141 FIG. 6 is a
flowchart depicting an exemplary embodiment of a no fault  classification
process for computing confidence values that an engine, such as the  engine
of FIG. 1, does not have any particular faults, that can be used in tandem
with the fault classification process of FIGs. 5A-5C and in implementing the
diagnostic process of FIG. 1 and the second diagnostic process of FIG. 2; 5
100151 FIGs. 7A-7D are flowcharts depicting an exemplary embodiment of a
fault severity classification process for calculating the severity of
various faults  that may be present in an engine, such as the engine of FIG.
1, that can be used in  tandem with the fault classification process of
FIGs. 5A-5C and in implementing  the diagnostic process of FIG. 1 and the
second diagnostic process of FIG. 2;  



100161 FIG. 8 depicts a main screen that can be displayed by a user
interface,  for example in the diagnostic process of FIG. 1; 100171 FIG. 9
depicts an exemplary embodiment of a performance margins  window that can be
displayed by a user interface, for example in the diagnostic  process of
FIG. 1; 100181 FIG. 10 depicts an exemplary embodiment of a diagnostic page
that  can be displayed by a user interface, for example in the diagnostic
process of FIG.  1; 100191 FIG. 11 depicts an exemplary embodiment of a
graphical display of  library diagnostic scalar fault patterns that can be
displayed by a user interface, for  example in the diagnostic process of
FIG. 1; and 100201 FIG. 12 depicts an exemplary embodiment of a maintenance
window  that can be displayed by a user interface, for example in the
diagnostic process of  FIG. 1. 6  DETAILED DESCRIPTION OF A PREFERRED
EMBODIMENT [00211 Before proceeding with the detailed description, it is to
be appreciated  that the described embodiment is not limited to use in
conjunction with a  particular type of turbine engine, or to turbine engines
in general. Thus, although  the present embodiment is, for convenience of
explanation, depicted and described  as being implemented in connection with
a turbine engine, it will be appreciated  that it can be implemented in
connection with various other devices, systems,  and/or environments. [0022]
FIG. I depicts an exemplary embodiment of a diagnostic process 100  for
diagnosing potential faults reflected in operational data 106 for a turbine
engine 102 undergoing testing. As depicted in FIG. 1, the diagnostic process
100  begins with step 104, in which the operational data 106 is generated.
The turbine  engine 102 may be undergoing testing because it has been
recently manufactured,  



repaired, or overhauled, or for any one of a number of other reasons. The
operational data 106 preferably includes measurements of multiple parameters
and/or variables reflecting engine operational conditions, and/or various
other  parameters and/or variables pertaining to the engine 102 and/or the
operation  thereof. By way of example only, the operational data 106 may
include values for  measured gas generator rotational speed, measured gas
temperature, measured  engine output torque, measured output shaft
rotational speed, measured rotor  speed, measured compressor discharge
pressure, measured compressor discharge  temperature, measured inlet
temperature, measured inlet pressure, measured  exhaust pressure, and/or
various other variables and/or parameters. 100231 Meanwhile, in step 108, a
baseline model 110 (preferably a baseline  thermodynamic model) is generated
from historical data 112. The baseline model  110 preferably reflects
expected or ideal operating conditions for an engine  without any faults or
wear. The historical data 112 preferably reflects typical or  average
measured values of various variables and/or parameters, preferably 7
similar to those represented in the operational data 106. However, the
historical  data 112 preferably represents average measured values of such
variables and/or  parameters over the operation of a large number of
engines, for example in a large  fleet of vehicles using a similar type of
engine. The historical data 112 and the  baseline model 110 will thus be
used as baseline measures, with which to compare  the operation of the
engine 102 engine being tested, as represented in the  operational data 106
thereof. 100241 Next, in step 113, engine component scalars 114 are
generated for the  engine 102 being tested, based on the operational data
106 and the baseline model  110. Each engine component scalar 114 represents
a mathematical relationship  between values of the operational data 106 and
values predicted by the baseline  model l 10 that preferably represents the
average engine performance. The engine  



component scalars 114 adjust component efficiency, component flow capacity,
and component pressure rise to match the operational data. Each component is
scaled in such a way as to capture the true physics of the engine operation
due to  the deviation of any hardware. The methodology used to scale the
components  allows for the creation of unique signatures. Step 113
preferably includes  normalization of the operational data 106 to facilitate
comparison with the  baseline model 110 and generation of the engine
component scalars 114; however,  this may vary in different embodiments.
Other diagnostic scalars may also be  used. 100251 The engine component
scalars 114 used in the diagnostic process 100,  and the diagnostic scalars
used in the various processes described herein, can  greatly improve the
accuracy of these processes, and the diagnostic tools used in  connection
therewith, for example because diagnostic scalars contain pertinent
information on component interaction and physics based on how the scalars
are  derived. Preferably, the engine component scalars 114 and/or other
diagnostic  scalars are derived by using a physics based model and scaling
each component in  that model until the model calculated parameter matches
the measured parameter. 8  In a preferred embodiment, the physics based
model maintains continuity of mass,  momentum, and energy during this
scaling process, and preferably conducts  multiple iterations using a
Newton-Raphson method to help utilize the diagnostic  component scalars to
match data. [00261 The Newton-Raphson method is a known method that can be
used to  solve partial differential equations in engine thermodynamic
models. As used in  the present invention, the Newton-Raphson method can be
conducive to the use of  diagnostic component scalars to match data. For
example, the Newton-Raphson  method allows each component to be scaled such
that the thermodynamic  calculated parameter matches the measured test
parameter while satisfying  



continuity of mass, momentum, and energy. These scalars are added to the
matrix  that Newton-Raphson solves. 100271 For the engine component scalars
114 (and/or other diagnostic scalars  used in the various processes
described herein), appropriate scalars for each  component are chosen, and
their relationship to each other is specified such that  the appropriate
physics are modeled. These scalars adjust component efficiency,  component
flow capacity, and component pressure rise to match the operational  data.
Each component is scaled in such a way as to capture the true physics of the
engine operation due to the deviation of any hardware. The methodology used
to  scale the components allows for the creation of unique signatures. An
example is  compressor scaling to match measured compressor discharge
temperature,  compressor discharge pressure, and measured inlet airflow. In
this example,  compressor efficiency at constant pressure rise based on a
component map is  scaled to match the measured temperature rise across the
compressor, the model  compressor efficiency at constant work based on a
component map is scaled to  match the measured pressure rise across the
compressor. The compressor flow  scalar is then adjusted to ensure that the
compressor is scaled along the tested  compressor operating line which is
set by the tested gas generator flow capacity. 9  The gas generator flow
capacity is then scaled to match the measured airflow  going into the engine
while accounting for all secondary cooling flows. This  example shows the
interaction of each component to match the data. It will be  appreciated
that this will vary appropriately in different examples, and using
different engine components, parameters, and/or scalars. [00281 Preferably,
at least some of the engine component scalars 114  represent multiplicative
relationships between values of the operational data 106  and values
predicted by the baseline model 110, and at least some of the engine
component scalars 114 represent additive relationships between values of the



operational data 106 and values predicted by the baseline model 110.
However,  this may vary in certain embodiments. Also, preferably at least
some of the  engine component scalars 114 represent a relationship between a
first operational  value from the operational data 106 and an expected value
of the first operational  value, in which the expected value of the first
operational value is based on a  second operational value from the
operational data 106 and a known relationship  between the first and second
operational values, based at least in part on one or  more laws of physics.
However, this may also vary in certain embodiments. As  will be discussed
further below, regardless of their exact number and makeup, the  engine
component scalars 114 will be used to help identify potential faults in the
engine 102 being tested. 100291 Next, in step 116, a diagnostic pattern 118
is generated from the engine  component scalars 114. The diagnostic pattern
118 represents a signature  belonging to the engine 102 being tested, based
on the operational data 106.  Preferably, the diagnostic pattern 118
includes at least several engine component  scalars 114 that will be used in
helping to identify potential faults in the engine  102 being tested, as
described in greater detail further below. [0030] Meanwhile, in step 122, a
matrix 124 of operating parameters is  generated for various potential
engine faults 120. For example, for testing 10  purposes only, various
faults may be selectively introduced into certain engines in  a testing
center in order to determine the matrix 124 of operating parameters for
such various faults. Other techniques, for example use of data from prior
experiments, numerical simulations in which various operating parameters are
pertubated, literature in the field, and/or from various other sources, may
also be  used in certain embodiments. Regardless of how the matrix 124 is
generated, the  matrix 124 is then, in step 126, run through the baseline
model 110, so as to  selectively introduce various faults into the baseline
model 110 in a controlled  



environment for testing purposes. [00311 Next, in step 128, historical
scalars 130 are generated, based on the  changes to the baseline model 110
after the introduction of the matrix 124 in step  126. Each historical
scalar 130 represents an arithmetic relationship between  values of the
historical data 112 and the baseline model 110. Preferably, at least  some
of the historical scalars 130 represent multiplicative relationships between
values of the historical data 112 and the baseline model 110, and at least
some of  the historical scalars 130 represent additive relationships between
values of the  historical data 112 and values predicted by the baseline
model 110. However, this  may vary in certain embodiments. [00321 Next, in
step 132, various historical patterns 134 are generated from  the historical
scalars 130. Preferably, each historical pattern 134 is linked to one
specific engine fault, for subsequent use in identifying one or more likely
potential  faults that may be reflected in the operational data 106
pertaining to the engine  102 being tested. Specifically, each historical
pattern 134 preferably includes at  least several historical scalars 130,
the combination of which can be linked to one  or more potential engine
faults. It will be appreciated that various of the steps  104-132, along
with various other steps of the diagnostic process 100, may be  conducted
simultaneously or in either order. For example, the baseline model 110, the
matrix 124, the historical scalars 130, and/or the historical patterns 134
may be generated simultaneously with, before, or after the engine component
11  scalars 114 and/or the diagnostic pattern 118, and/or various other
steps may  occur in different orders, regardless of the order depicted in
FIG. 1 or described  herein. [00331 Next, in step 136, the diagnostic
pattern 118 is compared with the  historical patterns 134, to thereby
generate a comparison 138. The comparison  138 may include, by way of
example only, a listing or ranking of which historical  



patterns 134 are closest to the diagnostic pattern 118, measures of
difference  between the diagnostic pattern 118 and the various historical
patterns 134, and/or  various other measures of comparison therebetween. The
comparison 138 is then  utilized, in step 140, to identify the most likely
potential faults 142 for the engine  102 being tested. In a preferred
embodiment the three most likely potential faults  142 are identified in
step 140. However, this may vary. [00341 The likely potential faults 142 are
then assigned, in step 144,  probability values 146, each probability value
representing a likelihood that a  particular likely potential fault 142 is
present in the engine 102 being tested. In  addition, in step 148, the
likely potential faults 142 are assigned expected severity  levels 150,
representing the likely severity of each likely potential fault 142 if  such
likely potential fault 142 is present in the engine 102 being tested. The
probability values 146 and the expected severity levels 150 are preferably
generated at least in part based on the comparison 138 generated in step
136. The  probability values 146 and the expected severity levels 150 can
then be used by a  technician or other user to appropriately further
investigate and/or address the  likely potential faults 142. 100351
Specifically, user instructions 154 are then generated in step 152, and  are
provided to the user in step 156 in the form of a graphical user interface
(GUI)  158. Preferably, the user instructions 154 and the GUI 158 provide
the user with  detailed information regarding the diagnostic pattern 118,
the likely potential 12  faults 142, and the probability values 146 and the
expected severity levels 150  thereof. 100361 Examples of various display
screens that may be displayed by the GUI  158 in an exemplary embodiment are
depicted in FIGs. 8-12. Specifically, FIG. 8  displays a main screen 160,
from which a user can select a results output file,  which contains
diagnostic results and other information, re-run test data, view  



performance margins, view diagnostics and fault patterns, and view
recommended  check and repair actions and/or other maintenance actions. FIG.
9 depicts a  performance margins window 162 that shows how much margin the
engine had to  requirement, as well as engine referred data relative to
requirement and fleet  average. FIG. 10 depicts a diagnostic page 164 that
contains a diagnostic scalar  fault pattern (displayed in this embodiment in
the lower left hand comer) as well  as a probability of fault (displayed in
this embodiment by a bar chart with a  severity value to the right of each
bar). FIG. 11 depicts a graphical display 166 of  library diagnostic scalar
fault patterns from the fault library described herein. FIG. 12 depicts a
maintenance (check and repair) window 168 that (i) provides  user
instructions on actions to take and (ii) records user actions taken and
notes  into engine database. It will be appreciated that the display screens
may vary  from those depicted in FIGs. 8-12, that different display screens
or techniques  may also be used, and/or that these display screens, and/or
variations thereof, may  also be used in connection with the other
processes, programs, and devices  described below. 100371 The GUI 158, and
the user instructions 154 and other pages and  information displayed
therein, can thus provide the user with an efficient roadmap  for diagnosing
and/or repairing any faults in the engine 102 being tested,  potentially
saving significant time and costs. It will be appreciated that the
diagnostic process 100, and/or various other processes, methods, apparatus,
and  systems described below, can be implemented in connection with various
different 13  types of turbine engines, and/or various other engines,
vehicles, devices, systems,  and/or environments. [0038] Turning now to FIG.
2, a functional block diagram is shown for an  automated engine diagnostic
program 200 that can be used to implement the  diagnostic process 100 of
FIG. 1, and the various other processes described below.  



The automated engine diagnostic program 200 includes pattern recognition
logic  202, a results database 204, and a graphical user interface trouble
shooting guide  206. ]0039] The pattern recognition logic 202 is coupled to
receive operational data  208 for an engine being tested, as well as average
diagnostic scalar levels 210 and  diagnostic scalar deviation measures 212.
The pattern recognition logic 202 is  configured to generate a diagnostic
pattern for the engine being tested. The  diagnostic pattern includes a
plurality of scalars representing the operational data  208, which are
preferably calculated based also at least in part on the average  diagnostic
scalar levels 210 and the diagnostic scalar deviation measures 212.  ]0040]
The pattern recognition logic 202 is further configured to compare the
generated diagnostic pattern with historical patterns received from a
diagnostic  fault signature library 214, using a fault pattern recognition
algorithm 216. The  resulting comparisons are stored in the results database
204. The results are  retrieved by the graphical user interface trouble
shooting guide 206, which  generates the above-described user instructions
therefrom, using software 218  (preferably a PC based software) and a
trouble shooting and maintenance database  220. [0041] Turning now to FIG.
3, an exemplary computer system 300 is  illustrated, by way of example only,
for implementing the automated engine  diagnostic program 200 of FIG. 2, and
that can also be used in implementing the  diagnostic process 100 of FIG. 1,
and the various other processes described below.  The computer system 300
illustrates the general features of a computer system 14  that can be used
in implementing the automated engine diagnostic program 200  and these
processes. Of course, these features are merely exemplary, and it should  be
understood that the computer system 300 can include different types of
hardware that can include one or more different features. It should be noted
that  



the computer system 300 can be implemented in many different environments,
such as within a particular apparatus or system, or remote from a particular
apparatus or system. Nonetheless, the exemplary computer system 300
includes,  in addition to the above-described automated engine diagnostic
program 200, a  processor 302, an interface 304, a storage device 306, a bus
308, and a memory  310. 100421 The processor 302 performs the
above-described computation and  control functions of the computer system
300, and may comprise any type of  processor, include single integrated
circuits such as a microprocessor, or may  comprise any suitable number of
integrated circuit devices and/or circuit boards  working in cooperation to
accomplish the functions of a processing unit. The  processor 302 may
comprise multiple processors implemented on separate  systems. During
operation, the processor 302 executes the programs contained  within the
memory 310 (such as the automated engine diagnostic program 200)  and, as
such, controls the general operation of the computer system 300. 100431 The
memory 310 can be any type of suitable memory. This would  include the
various types of dynamic random access memory (DRAM) such as  SDRAM, the
various types of static RAM (SRAM), and the various types of non- volatile
memory (PROM, EPROM, and flash). It should be understood that the  memory
310 may be a single type of memory component, or it may be composed  of many
different types of memory components. In addition, the memory 310 and  the
processor 302 may be distributed across several different computers that
collectively comprise the computer system 300. For example, a portion of the
memory 310 may reside on a computer within a particular apparatus or
process,  and another portion may reside on a remote computer. 15  100441
The bus 308 serves to transmit programs, data, status and other  information
or signals between the various components of the computer system  



300. The bus 308 can be any suitable physical or logical means of connecting
computer systems and components. This includes, but is not limited to,
direct  hard-wired connections, fiber optics, infrared and wireless bus
technologies.  100451 The interface 304 allows communication to the computer
system 300,  and can be implemented using any suitable method and apparatus.
The interface  304 may also include one or more network interfaces to
communicate to other  systems, terminal interfaces to communicate with
technicians, and storage  interfaces to connect to storage apparatuses such
as the storage device 306.  100461 The storage device 306 can be any
suitable type of storage apparatus,  including direct access storage devices
such as hard disk drives, flash systems,  floppy disk drives and optical
disk drives, among various other types of storage  apparatus. In the
embodiment of FIG. 3, the storage device 306 comprises a disk  drive device
that uses disks 312 to store data. 100471 During operation, the automated
engine diagnostic program 200 is  stored in the memory 310 and executed by
the processor 302. Other programs  may also be stored in the memory 310 and
executed by the processor 302. As one  example implementation, the computer
system 300 may also utilize an Internet  website, for example, for providing
or maintaining data or performing operations  thereon. 10048] It should be
understood that while the embodiment is described here in  the context of a
fully functioning computer system, those skilled in the art will  recognize
that the mechanisms of the present invention are capable of being
distributed as a program product in a variety of forms, and that the present
invention applies equally regardless of the particular type of
computer-readable  signal bearing media used to carry out the distribution.
Examples of signal  bearing media include: recordable media such as floppy
disks, hard drives, 16  memory cards and optical disks (e.g., disk 312), and
transmission media such as  



digital and analog communication links, among various other different types
of  signal bearing media. 100491 Turning now to FIG. 4, an exemplary
embodiment of a second  diagnostic process 400 is depicted, which may
contain various steps similar to the  above-described diagnostic process 100
of FIG. 1. As depicted in FIG. 4, the  second diagnostic process 400 begins
with step 402, in which an engine  acceptance test is run on an engine, such
as the engine 102 being tested as  referenced in FIG. 1, and/or a plurality
of different engines, thereby generating  data, such as the operational data
106 referenced in FIG. 1 and/or other data.  Next, in step 404, the data is
re-formatted for use by one or more diagnostic tools.  100501 Next, in step
406, a diagnostic script is invoked. A data reduction and  physics based
diagnostic tool is then called in step 408 to generate diagnostic  scalar
results pertaining to the engine (preferably using engine component scalars
such as those described above in connection with FIG. 1), which are then
stored in  step 410. These diagnostic scalar results, along with various
other referred data  and adjusted data, are then, in step 412, retrieved and
stored in a data file 413.  Select data from this data file 413 is then, in
step 414, retrieved and stored in  another file, preferably a comma
separated value (CSV) file 415, and a pattern  recognition algorithm is then
run in step 416, using the select data, thereby  generating fault
probability and severity output that is stored in a results output  file
417. The fault probability and severity output is then stored in step 418,
preferably along with the other data, on a common server, and the fault
probability  and severity output and other data are supplied to a user
interface. Steps 406 - 418 are also collectively referenced in FIG. 4 as a
collective step 420, representing  a portion of the second diagnostic
process 400 that is conducted invisible to the  user, and prior to any
display on a user interface. 17  100511 Next, the user interface reads, in
step 422, the data and output from the  



data file 413, the CSV file 415, and the results output file 417, and
displays, in  step 424, appropriate user instructions based on this data and
output. Preferably,  the user instructions include at least one potential
engine fault (if a fault is  diagnosed), along with any additional
diagnostic steps or remedial action that may  be required by the user. Next,
in step 428, the user takes appropriate action based  on the user
instructions, and then inputs the action taken into the user interface,  and
this information is stored by the user interface in step 430 for use in
future  iterations. Next, the process returns to step 416, and steps 416-430
are repeated  for different engine faults. Upon the completion of steps
416-430 for each of the  engine faults, the test may optionally be re-rerun
in step 434. Alternatively, after  the user interface has displayed the user
instructions in step 424, the user can, in  step 432, optionally re-run the
diagnostic pattern recognition, returning the  process to step 418. 100521
FIGs. 5A-5C depict an exemplary embodiment of a fault classification
process 500 for classifying various potential faults that an engine, such as
the  engine 102 being tested in FIG. 1, may be experiencing. Specifically,
FIG. 5A  shows a simplified, high-level flowchart of the steps of the fault
classification  process 500, while FIGs. 5B and 5C provide a more detailed
flowchart depicting  various exemplary sub-steps of the steps depicted in
FIG. 5A. The fault  classification process 500 may be implemented in
connection with the diagnostic  process 100 of FIG. 1 (for example, in some
or all of steps 104-144 therein), the  second diagnostic process 400 of FIG.
4 (for example, in some or all of steps 402- 418 therein), and various other
processes. FIGs. 5A-5C will be discussed together  below. 100531 The fault
classification process 500 begins in step 502, in which a  diagnostic
pattern of a plurality of diagnostic scalars (preferably engine  component
scalars such as those described above in connection with FIG. 1) for  an
engine being tested are input into a program (step 502A), and each such 



18  diagnostic scalar is subtracted by the fleet average scalar (step 502B)
and rounded  to a predetermined number of significant digits (step 502C).
Preferably, the fleet  average, along with a corresponding deviation (sigma)
value are input into the  algorithm, based on the particular type of engine
being tested. In a preferred  embodiment, the diagnostic scalars include
various multiplicative scalars  (XWCOM - compressor flow scalar, XECOM -
compressor efficiency scalar,  XPRCOM - compressor pressure rise scalar and
XWHPT - gas generator flow  scalar) each rounded to three significant
digits, various additive scalars and flow  functions (AEHPT - gas generator
efficiency adder, AELPT - power turbine  efficiency adder, GAM41 - flow
function gas generator nozzle and GAM45 - flow function power turbine
nozzle) each rounded to one significant digits, and a  measured gas
temperature bias (MGTBIAS - MGT Bias is equal to the  thermodynamic gas
generator turbine exit temperature, which is a function of  measured
airflow, fuel flow, secondary cooling flow, and work performed by the  gas
generator turbine, subtracted by the measured gas generator exit
temperature)  rounded to one significant digit. However, various other
scalars may be used, and  the number of scalars, types of scalars, and
significant digits used can vary in  different embodiments. [0054[ Next, in
step 504, a Z-score is calculated for each diagnostic scalar,  and is then
normalized, Specifically, each diagnostic scalar is divided by a
corresponding fleet sigma deviation value to bring each of the diagnostic
scalars  to a comparable scale, preferably in terms of multiples of the
sigma deviation  value (step 504A). Preferably, the diagnostic scalars are
then normalized within  the sigma-scaled pattern according to the largest
value (step 5048). The process  then loops through each of the diagnostic
scalars, and if a diagnostic scalar is  smaller, in absolute value, than the
corresponding sigma deviation value in the  diagnostic pattern, such
diagnostic scalar is set to zero in the normalized pattern  



(step 504C). Regardless of the signs of the diagnostic scalars, such signs
are  noted and/or stored for subsequent use (step 504D). 19  100551 Next, in
step 506, the diagnostic scalars are compared with respective  historical
scalars from a fault library, and measures of difference are computed
therebetween. Specifically, the processing of a main loop for such
comparison is  started through the fault library (step 506A). The index
starts at zero for all loops,  and the first historical scalar in the fault
library is therefore labeled as historical  scalar zero. The library
historical scalars are preferably stored as delta values,  representing
deviations from nominal values, and therefore there is no need to  subtract
the fleet average. However, since the fleet sigma deviation value may
change, scaling is preferably performed (step 5068). The scaled library
historical  scalars are preferably normalized by the largest scalar in the
pattern (step 506C).  This normalization step ensures that all the
historical scalars are between 1, and  brings the historical scalars to the
same severity level so that the classification  algorithm does not need to
worry about severities. The process counts the number  of diagnostic scalars
for which the scalar in at least either the diagnostic pattern or  the
library historical scalar pattern is larger than the fleet sigma (step
506D), so  that only the diagnostic scalars that contribute to the root mean
square are  included in the calculation. In addition, in step 506E, a
weighted difference is  calculated for each diagnostic scalar between the
normalized input and library  historical scalars, in accordance with
Equation 1 below: w' x (scalar o - scalar"' (1), rmoldli6rurv yuttemi
wmalizedinpw puirem in which different weights are defined for various
diagnostic scalars. For  example, in the depicted embodiment, the weights w'
are defined to be equal to 1.0  for the following diagnostic scalars: XWCOM,
XECOM, XPRCOM, AEHPT,  XWHPT and AELPT); 0.6 for the MGTBIAS diagnostic
scalar, and 0.0 for the  



GAM41 and GAM45 diagnostic scalars. These weights can be modified by the
user, and the diagnostics scalars and/or the weights assigned thereto may
vary in  different embodiments. 20  [00561 The measures of difference are
then used, in step 508, to compute a  root mean square (RMS) for the
diagnostic pattern. Preferably, the delta deviation  values computed in step
506 are squared and summed, and the result is divided by  the number of
diagnostic scalars computed in step 506D, in accordance with the  following
equation (2) (step 508A): y,Sj2 RMS = (2)  ScalarCount  The RMS between the
diagnostic pattern and pattern j in the fault library is then  calculated as
the square root of the result from Equation 2, in accordance with the
following equation (3) (step 508B): RMSJ = RMS2 (3)  [00571 Then, in step
510, the RMS value is adjusted based on the respective  directions of the
diagnostic scalars versus corresponding historical scalars in the  fault
library. Specifically, the sign of each historical scalar in the fault
library is  determined (step 51 OA) and compared with the sign of each
diagnostic scalar to  determine how many of the respective scalars have the
same sign (step 51OB).  The determination will be used to give a higher
confidence to a fault where the  largest number of scalars has the same sign
in both patterns. If a historical scalar  in the fault library is
sufficiently small (e.g., less than the fleet sigma deviation  value in a
preferred embodiment), then such historical scalar is artificially  changed
to match that of the diagnostic scalar in the diagnostic pattern (step 51
OC), to account for cases in which a library historical scalar expects a
scalar to  



be exactly zero (in which case it is not realistic for a diagnostic pattern
to always  have exactly zero for that scalar). 21  [00581 The number of
scalars that have the same sign both in the diagnostic  pattern and the
library historical pattern are then counted (step 51OD), and a score  is
generated for each historical pattern in the fault library (510E).
Preferably, the  score for each historical pattern is equal to the number of
scalars with the same  sign both in the diagnostic pattern and the library
historical pattern divided by the  total number of diagnostic scalars.
Accordingly, preferably the root mean square  value increases if a
diagnostic scalar has the same direction as a corresponding  historical
scalar from the fault library, and decreases if the respective directions
are different. Steps 510C and 510D repeat until each pattern in the fault
library  has been considered, after which the loop is exited (step 51OF) and
then the  process proceeds to step 512, as described below. [00591 In step
512, the RMS value is normalized and used to generate a level  of confidence
for each potential fault. Specifically, the RMS values obtained for  each
historical pattern in the fault library are preferably normalized by the
largest  RMS value (step 512A). The confidence for a particular fault is
then calculated to  be equal to the score for this fault multiplied by a
value of one minus the normalized RMS for this fault (step 512B), thereby
providing a value between  zero and one. A higher confidence level for a
particular fault represents a better  match between the diagnostic pattern
and the corresponding historical pattern  representing the particular fault,
and therefore represents an increased likelihood  that the engine being
tested has this particular fault. [0060] Turning now to FIG. 6, an exemplary
embodiment of a no fault  classification process 600 is depicted. The no
fault classification process 600 is  preferably conducted in tandem with,
and following, the fault classification  process 500 of FIG. 5. As such, the
no fault classification process 600 may also  



be implemented in connection with the diagnostic process 100 of FIG. 1, the
second diagnostic process 400 of FIG. 4, and various other processes.
Specifically, the no fault classification process 600 computes a confidence
value  that the diagnostic pattern does not sufficiently match any of the
historical patterns 22  in the fault library (the "no fault found confidence
value"). Accordingly, no fault  confidence values for a particular fault
calculated by the no fault classification  process 600 will be inversely
related to the confidence values for the particular  fault calculated by the
fault classification process 500 of FIG. 5. [0061] The no fault
classification process 600 begins with step 602, in which a  maximum
confidence value is determined from a plurality of confidence values,
preferably those computed by the fault classification process 500 of FIG. 5.
Next,  in step 604, a determination is made as to whether the maximum
confidence value  is greater than a first predetermined threshold. The first
predetermined threshold  is equal to 0.7 in a preferred embodiment; however,
this may vary by the user, and  may vary in different embodiments. If it is
determined in step 604 that the  maximum confidence value is greater than
the first predetermined threshold, then  the process proceeds to step 606,
in which the no fault found confidence value is  calculated to equal one
minus the maximum confidence value. [0062] Conversely, if it is determined
in step 604 that the maximum  confidence value is less than or equal to the
first predetermined threshold, then the  process proceeds to step 608, in
which a determination is made as to whether the  maximum confidence value is
less than or equal to a second predetermined  threshold. The second
predetermined threshold is equal to 0.2 in a preferred  embodiment; however,
this may vary by the user, and may vary in different  embodiments. If it is
determined in step 608 that the maximum confidence value  is less than or
equal to the second predetermined threshold, then the process  proceeds to
step 610, in which the no fault found confidence value is calculated to  



equal one minus the average of all confidence values (preferably those
obtained  from the fault classification process 500 of FIG. 5). [0063]
Conversely, if it is determined in step 608 that the maximum  confidence
value is greater than the second predetermined threshold, then the  process
proceeds to step 612. In step 612, the confidence values (preferably those
23  obtained from the fault classification process 500 of FIG. 5) are sorted
in  descending order from largest to smallest. Following this sorting, in
step 614, a  determination is made as to a plurality of the largest
confidence values that are  between the first and second predetermined
values. In a preferred embodiment,  up to ten of the largest confidence
values meeting this criteria are selected;  however, this may vary in other
embodiments. Next, in step 616, the no fault  found confidence value is
calculated to equal one minus the average of the  confidence values selected
in step 614. 100641 Accordingly, a single no fault found confidence value is
calculated for  a particular engine being tested. The single no fault found
confidence value is  calculated in either step 606, 610, or 616, preferably
based on the fault confidence  values from the fault classification process
500 of FIG. 5 and the first and second  predetermined values referenced
above in steps 604 and 608. 100651 In step 618, a user interface may then
display a message based on the  no fault found confidence value, and also
based on whether the engine being  tested has passed one or more
non-depicted performance tests. For example, if the  no-fault confidence
value is sufficiently high and the engine being tested has  passed the
performance tests, then a "healthy" engine message is displayed.  However,
if the no-fault confidence value is sufficiently high but the engine being
tested has not passed the performance tests, then a message will be
displayed to  contact an engineer. If the no-fault confidence value is not
sufficiently high, then  a message will be displayed that a fault is likely.
However, it will be appreciated  



that in various embodiments such messages and/or user displays may differ.
100661 Turning now to FIGs. 7A-7D, an exemplary embodiment of a fault
severity classification process 700 is depicted. Specifically, FIG. 7A shows
a  simplified, high-level flowchart of the steps of the fault severity
classification  process 700, while FIGs. 7B - 7D provide a more detailed
flowchart depicting  various exemplary sub-steps of the steps depicted in
FIG. 7A. The fault severity 24  classification process 700 is preferably
conducted in tandem with, and following,  the fault classification process
500 of FIG. 5 and the no fault classification process  600 of FIG. 6 and, as
such, may be implemented in connection with the diagnostic  process 100 of
FIG. 1, the second diagnostic process 400 of FIG. 4, and various  other
processes. The fault severity classification process 700 estimates the
severity of a fault after all of the confidence values have been computed
for the  various faults. Specifically, the fault severity classification
process 700 computes  the severity of the likely faults, as previously
indicated by the fault classification  process 500 based on the diagnostic
pattern of the engine being tested. Preferably,  the fault severity
determination is carried out in the fault severity classification  process
700 only for the faults that can be potentially a match as indicated by a
relatively high confidence. However, this may vary in different embodiments.
100671 The fault severity classification process 700 begins with step 702,
in  which the severity is initially set equal to zero, before a loop is
conducting  through the various historical patterns in the fault library.
Next, in step 704, a  determination is made, with respect to a particular
fault in the fault library, as to a  level of confidence that the diagnostic
pattern for an engine being tested matches a  historical pattern for that
particular fault. In a preferred embodiment the  predetermined threshold is
equal to 0.5; however, this may vary by the user and/or  in different
embodiments. If a particular fault has a level of confidence that is less
than the predetermined threshold, then such fault is considered to be very
unlikely,  



and therefore is labeled as "not to be considered." If the fault is
determined "not  to be considered", such fault will not considered in the
upcoming calculations of  706 - 712 described below, but rather the process
proceeds directly to step 714, in  which a determination is made as to
whether there are any remaining faults in the  fault library, and step 704
repeats for any such faults remaining in the fault library.  Conversely, if
a particular fault has a level of confidence that is greater than or  equal
to the predetermined threshold, then such fault pattern is considered to be
at 25  least somewhat unlikely, and therefore is labeled as "to be
considered", and will  be considered in the upcoming calculations of 706 -
712 described below. 100681 Next, in step 706, for each diagnostic scalar of
the diagnostic pattern, a  severity measure is calculated of a historical
scalar from the fault library needed to  match the diagnostic scalar
magnitude, for the particular fault being tested.  Specifically, a second
order polynomial is first solved for a particular diagnostic  scalar (step
706A). Preferably, a check is also conducted to ensure that any  solutions
obtained in step 706A do not exceed a maximum severity level from the
library for each particular fault, and any such solutions exceeding the
maximum  severity level are ignored (step 708B). Also, preferably after any
solutions  exceeding the maximum severity level are ignored, a determination
is made as to  how many real solutions remain (step 708C). There may be
zero, one, or two real  solutions for a particular pattern. 100691 A
determination is then made as to whether there are any remaining  historical
patterns in the fault library that are to be considered, and steps 704A -
704C are repeated, as appropriate, for each of the remaining historical
patterns in  the fault library to be considered for the particular fault
being tested (step 704D).  After it has been determined in step 704D that
all of the historical patterns in the  fault library that were labeled as
"to be considered" have indeed been considered,  then the process proceeds
to step 708, described below. 



(00701 In step 708, a mean severity value is determined for the fault based
on  all possible solutions needed to match the diagnostic scalar magnitudes.
Initially,  different values representing the number of historical patterns
having positive  roots, the number of historical patterns having negative
roots, and a sum of  severities are each set equal to zero (step 708A). Once
these values are set equal  to zero, the number of cases where zero roots
have been found is counted (708B),  followed by the number of cases where
only one root has been found (step 708C).  The severity values corresponding
to the cases in which only one root has been 26  found are added together
(step 708D) and, of these cases in which only one root  has been found, the
number of positive roots (step 708E) and the number of  negative roots (step
708F) are counted. [00711 A determination is then made as to whether there
were zero solutions  for all considered scalars (step 708G) and, if so, the
process proceeds directly to  the above-referenced step 714, and the next
fault from the fault library is  analyzed. Otherwise, the predominating sign
of the severities is initialized to zero  (step 708H). If the predominating
sign of the roots for the cases where only one  solution was found is
positive, then the severity sign is assigned a value of  positive one (step
7081). Otherwise, if the predominating sign of the roots for the  cases
where only one solution was found is negative, then the severity sign is
assigned a value of negative one (step 708J). The mean severity is then
computed  as the average of the severities taken into account so far (step
708K). 100721 By the completion of step 708, each of the zero and one
solution cases  have been considered, and only the two solution cases (if
any) remain to be  considered. Accordingly, next, in step 710, the process
determines which of the  two solutions to keep, and which to discard.
Specifically, it is determined how  many of the two roots have the same sign
as the severity sign computed in step  708 earlier in the process (step
710A). If it is determined in step 710A that only  



one root out of the two has the same sign as the severity sign computed in
step  708, then this root is determined to be the "correct" solution (step
710B).  Otherwise, the algorithm computes the distance of the two roots from
the mean  severity computed in step 708, specifically, the absolute value of
the root minus  the mean severity, and chooses the closest root, namely the
root with the smaller  distance (step 710C). In either case, this yields
another possible value for  severity, which is added to the previous values
(step 710D). The values are then  updated for the number of positive and
negative roots, the sign of the severity and  its mean value by repeating
steps 708E, 708F, and steps 708H - 708K (step 27  710E). The severity for
the particular scalar is then set equal to the mean severity  (step 710F).
100731 Next, in step 712, severities are then rounded. Specifically, if the
severity is between zero and positive one, then the severity is set equal to
positive  one, in order to prevent low positive severities from showing up
as zero (step  712A). Conversely, if the severity is between zero and
negative one, then the  severity is set equal to negative one, in order to
similarly prevent low negative  severities from showing up as zero (step
712B). For all other values, the severity  values are rounded to the nearest
integer value (step 712C). 100741 After the severity values are rounded, a
determination is made in step  714 as to whether steps 704 - 712 have been
conducted for each of the faults in  the fault library. If it is determined
in step 714 that one or more faults from the  fault library have not yet
been addressed, then the process returns to step 704, and  steps 704 - 712
are repeated, separately, for each of the yet-to-be addressed faults  in the
fault library. Once it has been determined in step 714 that each of the
faults  from the fault library has been addressed, then the process proceeds
to step 716, in  which a user interface message is generated. The user
interface message  preferably includes a display of the severity levels for
each of the faults with  



confidence values above the predetermined threshold as determined in step
704  above. However, this may vary in different embodiments. [00751 The
processes, programs, and systems depicted in the Figures and  described
above are exemplary in nature, and may vary. These processes,  programs, and
systems, and/or the components thereof, may vary, and/or may be  used
together in connection with one another. Moreover, these processes,
programs, and systems may be implemented or used in connection with any one
or  more of a number of different types of engines, vehicles, and/or various
other  devices, systems, processes, and/or environments. The depicted
processes,  programs, and systems depicted and described herein can be of
significant 28  potential benefit, for example in increasing efficiency and
reducing time and costs  associated with engine diagnosis, for example after
such engines require testing  following manufacture, repair, and/or
overhaul. [0076] While the invention has been described with reference to a
preferred  embodiment, it will be understood by those skilled in the art
that various changes  may be made and equivalents may be substituted for
elements thereof without  departing from the scope of the invention. In
addition, many modifications may  be made to adapt to a particular situation
or material to the teachings of the  invention without departing from the
essential scope thereof. Therefore, it is  intended that the invention not
be limited to the particular embodiment disclosed  as the best mode
contemplated for carrying out this invention, but that the  invention will
include all embodiments falling within the scope of the appended  claims. 29
CLAIMS  WE CLAIM: 1. A method (100) for diagnosing potential faults (120)
reflected in  



operational data (106) for a turbine engine (102), the method (100)
comprising the  steps of generating a diagnostic pattern (118) for the
operational data (106), the  diagnostic pattern (118) comprising a plurality
of scalars (114), each scalar (114)  representing an arithmetic relationship
between values of the operational data  (106) and values predicted by a
baseline thermodynamic model (110); and comparing (136, 138) the diagnostic
pattern (118) with a plurality of  historical patterns (134), each
historical pattern (134) linked to one or more  specific faults (120), to
thereby identify one or more likely potential faults (142)  reflected in the
operational data (106). 2. The method (100) of Claim 1, further comprising
the steps of generating a matrix (124) of operating parameter perturbations
to simulate  a plurality of engine (102) faults (120); and running the
matrix (124) through the baseline thermodynamic model  (110), to thereby
generate a historical pattern (134) for each fault (120), each  historical
pattern (134) representing a deviation from the baseline thermodynamic
model (110) resulting from the fault (120). 3. The method (100) of Claim 1,
wherein: at least one of the scalars (114) represents a relationship
between: a first operational value from the operational data (106); and an
expected value of the first operational value, determined at least in part
based  on a second operational value from the operational data (106) and a
known 30  relationship between the first and second operational values,
based at least in part  on one or more laws of physics; and each historical
pattern (134) includes a plurality of historical scalars (130),  each
historical scalar (130) representing a deviation from the baseline
thermodynamic model (110). 



4. The method (100) of Claim 1, further comprising the step of: quantifying
an expected severity (150) of the one or more potential faults  (142), based
at least in part on the comparison (138) between the diagnostic  pattern
(118) and the plurality of historical patterns (134). 5. The method (100) of
Claim 1, further comprising the steps of: identifying multiple likely
potential faults (142) based at least in part on  the comparison (138) of
the diagnostic pattern (118) with the plurality of historical  patterns
(134), each likely potential fault (142) having a different historical
pattern  (134); and assigning probability values (146) to each of the
identified likely potential  faults (142) based at least in part on the
comparison (138) between the diagnostic  pattern (118) and the plurality of
historical patterns (134), each probability value  (146) representing a
probability that the engine (102) has a particular fault (120,  142). 6. A
program product (200, 300, 310, 312) for diagnosing potential faults  (120)
reflected in operational data (106) for a turbine engine (102), the program
product (200, 300, 310, 312) comprising: (a) a program (200) configured to:
generate a diagnostic pattern (118) for the operational data (106), the
diagnostic pattern (118) comprising a plurality of scalars (114), each
scalar (114)  representing an arithmetic relationship between values of the
operational data  (106) and values predicted by a baseline thermodynamic
model (110); and 31  compare (136, 138) the diagnostic pattern (118) with a
plurality of historical patterns (134), each historical pattern (134) linked
to one or more  specific faults (120), to thereby identify one or more
likely potential faults (142)  reflected in the operational data (106); and
(b) a computer-readable signal bearing media (300, 310, 312) bearing the  



program (200). 7. The program product of Claim 6, wherein the program is
further  configured to: generate a matrix (124) of operating parameter
perturbations to simulate a  plurality of engine (102) faults (120); and run
the matrix (124) through the baseline thermodynamic model (110), to  thereby
generate a historical pattern (134) for each fault (120), each historical
pattern (134) representing a deviation from the baseline thermodynamic model
(110) resulting from the fault (120). 8. The program product of Claim 6,
wherein: at least one of the scalars (114) represents a relationship
between: a first operational value from the operational data (106); and an
expected value of the first operational value, determined at least  in part
based on a second operational value from the operational data (106) and a
known relationship between the first and second operational values, based at
least  in part on one or more laws of physics; and each historical pattern
(134) includes a plurality of historical scalars (130),  each historical
scalar (130) representing a deviation from the baseline  thermodynamic model
(110). 9. The program product of Claim 6, wherein the program is further
configured to: 32  quantify an expected severity (150) of the one or more
potential faults (142), based at least in part on the comparison (138)
between the diagnostic  pattern (118) and the plurality of historical
patterns (134). 10. The program product of Claim 6, wherein the program is
further  configured to: identify multiple likely potential faults (142)
based at least in part on the  



comparison (138) of the diagnostic pattern (118) with the plurality of
historical  patterns (134), each likely potential fault (142) having a
different historical pattern  (134); and assign probability values (146) to
each of the identified likely potential  faults (142) based at least in part
on the comparison (138) between the diagnostic  pattern (118) and the
plurality of historical patterns (134), each probability value  (146)
representing a probability that the engine (102) has a particular fault
(120,  142). 




