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Background	  
Ø ProbabilisCc	  Physics-‐of-‐Failure	  (PPoF)	  

approach	  is	  a	  powerful	  method	  of	  
component	  reliability	  analysis	  because	  
it	  relies	  on	  understanding	  the	  
underlying	  physical	  processes	  

Ø Taking	  PPoF	  approach	  to	  the	  modeling	  
of	  a	  complex	  dynamic	  system	  is	  
challenging,	  due	  to	  the	  complexity	  of	  
system	  logic	  and	  system	  dynamics,	  
specifically	  dependencies	  of	  failure	  
modes	  and	  mechanisms	  under	  variable	  
operaConal	  condiCons.	  	  

Ø TradiConal	  techniques	  of	  system	  
reliability1	  including	  dynamic	  
techniques2	  oXen	  do	  not	  provide	  a	  
structured	  framework	  for	  
incorporaCon	  of	  PPoF	  models	  of	  
system	  components	  and	  for	  capturing	  
dynamic	  behavior	  of	  complex	  system.	  

Motivation	  
Ø New	  methodology	  of	  system	  
reliability	  modeling	  is	  required	  to	  
make	  a	  paradigm	  shiX	  away	  from	  
the	  analysis	  methods	  solely	  driven	  
by	  field	  and	  test	  data	  and	  towards	  
physics-‐of-‐failure	  (PoF)	  methods.	  

Ø Physics-‐of-‐Failure	  (PoF)	  based	  
modeling	  technique,	  needs	  to	  be	  
expanded	  for	  applicaCons	  to	  
reliability	  modeling	  of	  complex	  
engineering	  systems.	  	  

Ø The	  new	  methodology	  should	  be	  
capable	  of	  modeling	  :	  
•  InteracCon	  and	  interdependency	  of	  

failure	  mechanisms	  of	  complex	  	  systems	  	  
•  Dynamics	  of	  environmental	  condiCons	  

and	  operaConal	  inputs	  from	  other	  
components	  

•  Degraded	  states	  of	  the	  system	  

1	  Fault	  Trees,	  Event	  Trees,	  Reliability	  Block	  Diagrams	  
2	  Markov	  Chains,	  StochasCc	  Petri	  Nets,	  Dynamic	  Event	  Trees,	  	  	  
	  	  other	  dynamic	  techniques	  
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•  “Agent	   Autonomy”	   concept	   used	   as	   a	   soluCon	   method	   for	   PPoF	  
system	  modeling.	  	  

•  Originated	   from	   ArCficial	   Intelligence	   (AI)	   as	   a	   leading	   intelligent	  
computaConal	  inference	  in	  modeling	  of	  MulC	  Agents	  Systems	  (MAS).	  	  

•  In	  agent-‐oriented	  approach	  each	  agent	  has	  the	  following	  capabiliCes:	  	  
•  Sense	  the	  environment	  and	  collect	  criCcal	  informaCon;	  
•  Define	   state	   evoluCon	   autonomously	   and	   without	   interference	   of	  
environment	  or	  other	  agents;	  

•  Share	  properCes	  and	  the	  current	  state	  with	  other	  agents.	  
•  The	   concept	  of	   agent	   autonomy	   in	   the	   context	  of	   system	   reliability	  
modeling	  was	  first	  proposed	  by	  Azarkhail	  [1].	  	  

•  The	   current	   research	   extends	   Azarkhail’s	   approach	   to	  make	   agents	  
autonomous	  with	  beber	  learning	  capabiliCes.	  

Research	  Approach	  	  

[1]	  Azarkhail,	  M.,	  “Agent	  Autonomy	  Approach	  to	  Physics-‐Based	  Reliability	  Modeling	  of	  Structures	  
and	  Mechanical	  Systems”,	  PhD	  thesis,	  University	  of	  Maryland,	  College	  Park,	  2007.	  
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•  Introduce	   a	   new	   agent	   classificaCon	   to	   beber	   account	   for	  
degradaCon	  and	  failure	  processes.	  

•  IdenCfy	   agent	   properCes	  within	   the	   scope	   of	   system	   evoluCon	   in	  
Cme.	  

•  Introduce	   agent	   learning	   and	   agent	   autonomy	   as	   the	   main	  
properCes	  of	  intelligent	  agents.	  
•  The	  autonomous	  agents	  are	  able	   to	  acCvate,	  deacCvate	  or	  completely	   redefine	  

themselves	  during	  the	  analysis.	  	  
•  Agent	  autonomy	  makes	   this	   approach	   fundamentally	  different	   from	  all	   exisCng	  

methods	  of	  PoF-‐based	  reliability	  modeling.	  

•  Present	   an	   example	   of	   agent-‐oriented	   PPoF	  modeling	   of	   complex	  
engineering	  system	  to	  demonstrate	  the	  methodology.	  

Research	  Approach	  (cont.)	  	  

[1]	  Azarkhail,	  M.,	  “Agent	  Autonomy	  Approach	  to	  Physics-‐Based	  Reliability	  Modeling	  of	  Structures	  
and	  Mechanical	  Systems”,	  PhD	  thesis,	  University	  of	  Maryland,	  College	  Park,	  2007.	  

COPYRIGHT © 2013, M. Modarres



Concept	  Description	  
• Each	  system	  may	  be	  decomposed	  to	  failure	  mechanisms	  of	  its	  components	  

(parts)	  .	  Failure	  mechanisms	  are	  described	  by	  PoF	  relaConships.	  	  
• Consider	  complex	  mulClevel	  interdependency	  of	  failure	  mechanisms	  of	  the	  

dynamic	  system	  gives	  a	  specific	  example.	  
• The	  agent-‐oriented	  PoF	  approach	  provides	  a	  structured	  formalism	  of	  

modeling	  this	  type	  of	  interdependency	  via	  two-‐way	  interacCons.	  

SystemSystem

Part 1
Mechanism 1

Part 1
Mechanism 1

Part 2
Mechanism 2

Part 2
Mechanism 2

Part 3
Mechanism 3

Part 3
Mechanism 3

€

T =min
i, j
(Tpim j

)

Stress or Strength vs. Life: 
Mechanistic or Physics of Failure 
Life Model, for Failure Time or 
Time to Degradation

Probabilistic Life: Probabilistic
Life Model (Mechanistic or 
Physics of Failure)

Stress-Strength Variables:  
Relationships for Stress variables 
Causing Degradation or Failure 
when Strength is exceeded

Enablers: Relationships 
Connecting Coupling Factors to 
Stress-Strength Variables

Coupling Factors: Intra Factors -
Environmental / Operational 
Variables (External to the Part)

Coupling Factors: Inter Factors -
Operational Variables (Internal to 
the Part)
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Concept	  Description	  (Cont.)	  

Design Specs (Material, Surface roughness, Surface defects, Geometrical Tolerances, other), 
Operating Speed (V), Lubricant oxidation & degradation properties (L)

Coupling Factors:
Describing Inter 
Environments

Enablers:
Relationships Connecting 
Coupling Factors To 
Stresses 

Stresses: 
Relationships for Stress 
Agents Causing Overload 
or Damage when Strength 
is exceeded
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Stresses & Strength vs. 
Life: Mechanistic or 
Physics of Failure Model, 
for Failure Time or Time to 
Degradation

Probabilistic Life: 
Mechanistic or Physics 
of Failure Life Model

€

π(N;n,κ,σ |Data)∝L(Data |N;n,κ,σ)•π(n,κ,σ)

Probabilistic-Mechanistic Life Model of Ball Bearing for the Rolling Contact 
Fatigue - Wear Mechanism (Fatigue Cracking and Formation of Flake-like Wear Particles)

Duty Cycle / Operating Profile (OP), External Ambient Temperature (T0), Maintenance (M),
Operating Vibration (Grms)

Coupling Factors:
Describing Intra 
Environments

Finite Element Model
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DeHinition	  of	  Agents	  
•  Agent	  considered	  as	  a	  computer	  replica	  of:	  

•  Parameter,	  characterisCc	  or	  feature	  of	  a	  hardware	  component	  or	  system;	  
•  Environmental	  or	  operaConal	  parameters;	  
•  Parameter,	  characterisCc	  or	  feature	  of	  soXware	  program;	  	  
•  CharacterisCc	  or	  feature	  of	  human	  element.	  

•  This	  computer	  replica:	  
•  contains	  all	  properCes	  of	  the	  respecCve	  parameter,	  characterisCc	  or	  

feature,	  	  
•  mimics	  how	  it	  changes	  over	  Cme,	  and	  	  
•  is	  able	  to	  communicate	  with	  other	  agents	  by	  sharing	  necessary	  informaCon.	  
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Agent	  ClassiHication	  

•  The	  agent	  structure	  combines	  the	  agents	  of	  several	  types	  to:	  	  
•  OpCmize	  use	  of	  available	  data	  and	  informaCon,	  and	  	  
•  Allow	  bidirecConal	  communicaCon	  between	  agents	  when	  required	  to	  model	  

complex	  interdependencies.	  	  

•  Three	  types	  of	  agents	  are	  proposed:	  	  
•  Type	  I	  Micro-‐Agents,	  	  
•  Type	  II	  Macro-‐Agents,	  	  	  
•  Type	  III	  Monitoring	  Agents.	  	  

•  Each	  variable	  of	  ProbabilisCc-‐MechanisCc	  Life	  Models	  is	  assigned	  
with	  an	  agent	  of	  a	  certain	  type,	  for	  example:	  

•  Type	  I	  Micro	  Agents	  are	  assigned	  to	  Coupling	  Factors	  (Inter	  and	  Intra),	  such	  as	  T0,	  
V,	  Grms,	  L,	  M.	  

•  Type	  II	  Macro	  Agents	  are	  assigned	  to	  Enablers,	  Stress	  and	  Strength	  variables	  P,	  T,	  
S,	  N.	  

•  Type	  III	  Monitoring	  Agent	  is	  assigned	  to	  the	  system	  state	  variable	  T	  as	  Cme	  to	  
the	  arrival	  of	  the	  earliest	  failure.	  
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Agent	  ClassiHication	  (Cont.)	  
•  Type	  I	  Micro-‐Agents	  is	  the	  highest	  granularity	  of	  agent	  autonomy	  

represenCng	  single	  independent	  variables.	  

COPYRIGHT © 2013, M. Modarres



Agent	  ClassiHication	  (Cont.)	  
•  Higher	  abstracCon	  level	  are	  called	  Type	  II	  Macro-‐Agents	  are	  defined	  as	  a	  

combinaCon	  of	  two	  or	  more	  Micro-‐Agents	  via	  PoF	  based	  relaConship.	  	  
•  More	  complex	  Macro-‐Agent	  may	  combine	  several	  Micro-‐	  and	  Macro-‐Agents	  in	  

the	  similar	  manner.	  	  
•  Example:	  Type	  II	  Macro	  Agent	  represents	  faCgue	  life	  N	  as	  a	  funcCon	  of	  cyclic	  

stress,	  where	  the	  model	  parameters	  K	  and	  m	  are	  internal	  abributes	  of	  this	  Type	  
II	  agent,	  and	  stress	  amplitude,	  ΔS,	  is	  the	  input	  abribute	  represented	  by	  Type	  I	  	  
Micro-‐Agent:	  
	  	  

•  Type	  III	  Monitoring	  Agents	  collect	  informaCon	  about	  the	  status	  of	  each	  part,	  
component	  and	  the	  system	  by	  aggregaCng	  informaCon	  from	  Type	  I	  and	  Type	  
II	  agents	  into	  part	  level	  status,	  then	  further	  into	  component	  level	  status	  and	  
finally	  into	  the	  status	  of	  the	  system.	  
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Main	  Properties	  of	  Agents	  
• Learning	  

• The	  ability	  of	  agent	  to	  learn	  from	  the	  new	  data	  and	  previous	  
experiences. 	  	  

• Learning	  Property	  of	  Type	  I	  and	  Type	  II	  agents	  can	  be	  formalized	  by	  the	  
means	  of:	  	  

• Bayesian	  Inference,	  	  
• Bayesian	  Fusion	  approach	  (for	  example,	  Kalman	  filter,	  extended	  Kalman	  

filter),	  	  
• Machine	  Learning	  methods	  (for	  example,	  Gaussian	  Process	  Regression	  

model),	  	  
• Time	  Series	  and	  Trend	  Analysis,	  
• Bayesian	  Belief	  Network	  (BBN).	  	  

• Type	  III	  Monitoring	  Agents	  learn	  and	  update	  themselves	  by	  aggregaCng	  
informaCon	  from	  Type	  I	  and	  Type	  II	  agents.	  

• Autonomy	  in	  AcCon	  
• Self-‐acCvaCon	  /	  deacCvaCon	  capability	  is	  another	  key	  property	  of	  

autonomous	  agents	  providing	  then	  an	  ability	  of	  intelligent	  reasoning	  
about	  their	  current	  state	  and	  further	  parCcipaCon	  in	  system	  evoluCon.	  
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Main	  Properties	  of	  Agents	  (Cont.)	  
•  Learning	  

Difference	  in	  learning	  property	  of	  three	  types	  of	  agents	  using	  a	  simple	  
example	  of	  faCgue	  life	  Type	  II	  Macro-‐Agent.	  Learning	  property	  of	  this	  agent	  
was	  developed	  by	  means	  of	  Bayesian	  inference.	  

Posterior 
Distribution of 

PoF Model 
Parameters

f (θ{K,m} | Data)

Test Data
- Collected during Accelerated Life Test
- Load values were recorded during the 
test for each system

Prior Distribution of 
Internal Parameters f0(θ)
θ = {K,m}

Likelihood
L (Time-to-Failure Data | θ)

Bayesian Inference

Statistical Model of 
Time-to-Failure Data

K

m

m

Expected Probability 
Distribution of 

Stress Amplitude 
f (ΔS)

Probability 
Distribution of 

Remaining 
Cycles to Failure 

at Time t
f (Nt)

Simulation over 
PoF Equation
N = K(ΔS)m

Field Use Load Data

Prior Distribution of 
Internal Parameters f0(θ)
θ = {µ,σ}
ΔS = LN (µ,σ)

Likelihood
L (Load Data | θ)

Bayesian Inference

Statistical Model of Load Data
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Monitoring Agent:	  Remaining Cycles	  to	  FailureDistribution of Stress 
Amplitude: ΔS = LN (µ,σ)

PoF Model of Life Cycles 
to Failure: N = K(ΔS)m
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Case	  Study	  

Reliability	  Model	  of	  Gas	  Turbine	  Structures	  
ObjecCve:	  	  
•  Develop	  agent-‐oriented	  PoF	  reliability	  model	  for	  structural	  components	  of	  high	  pressure	  

turbine	  of	  a	  turboprop	  engine:	  turbine	  disks,	  shaX	  and	  roller	  bearings.	  

Data	  collecCon:	  
•  In-‐test	  monitoring	  and	  inspecCon	  	  	  

PoF	  input:	  	  
•  Wear	  and	  faCgue	  failure	  mechanism	  of	  high-‐pressure	  components	  were	  considered;	  
•  Interdependency	  of	  failure	  mechanisms	  acCng	  on	  several	  components	  was	  idenCfied	  	  

(for	  example,	  wear	  and	  faCgue	  in	  the	  bearings	  affect	  progression	  of	  faCgue	  mechanism	  in	  the	  shaX).	  	  
•  PoF-‐based	  relaConships	  developed	  for	  the	  high-‐pressure	  turbine	  bearings	  from	  the	  first	  

principles	  and	  considering	  bearing	  funcConality	  under	  applicable	  operaConal	  stresses.	  
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Case	  Study	  (Cont.)	  
PoF	  input:	  	  
•  PoF	  equaCons	  for	  roller	  bearings:	  	  

Model	  output:	  	  
•  Remaining	  Useful	  Life	  (RUL)	  has	  been	  chosen	  to	  represent	  reliability	  of	  system	  of	  

high-‐pressure	  turbine	  components	  considered	  in	  the	  case	  study..	  
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Case	  Study	  (Cont.)	  
Agent	  hierarchy:	  	  
•  The	  agents	  were	  assigned	  to	  the	  inputs	  and	  outputs	  of	  physical	  model	  of	  failure.	  

Some	  examples	  of	  Type	  I	  Micro-‐Agents	  and	  Type	  II	  Macro-‐Agents	  
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Case	  Study	  (Cont.)	  
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Summary	  and	  Conclusions	  

• Developed	  an	  agent	  classificaCon	  to	  allow	  representaCon	  of	  all	  levels	  of	  
system	  component/part	  interacCons	  and	  degradaCon.	  	  

• Agent	  representaCon	  is	  based	  on	  PoF	  model	  of	  the	  piece	  parts,	  
components	  and	  the	  system	  according	  to	  the	  first	  principles	  of	  physical	  
failure	  mechanisms.	  	  

• The	  agents	  are	  defined	  as	  intelligent	  and	  autonomous	  enCCes,	  due	  to	  
their	  learning	  ability,	  reasoning	  capability	  and	  self-‐acCvaCon	  /	  
deacCvaCon.	  	  

• Several	  methodologies	  of	  probabilisCc	  agent	  learning	  were	  proposed,	  
including	  Bayesian	  inference	  and	  Bayesian	  Fusion	  (via	  Kalman	  filter	  or	  
extended	  Kalman	  filter).	  	  

• Methods	  such	  as	  sensiCvity	  analysis	  is	  used	  to	  support	  self-‐acCvaCon	  /	  
deacCvaCon	  property	  of	  intelligent	  agents.	  	  

• Agent-‐oriented	  PPoF	  modeling	  of	  a	  complex	  hardware	  system	  was	  
demonstrated.	  	  
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