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A b s t r a c t  
 

T h e  c ros s -e nt rop y  m e t h od  i s  a  ne w  a p p roa c h  t o e s t i m a t e  ra re  e ve nt  
p rob a b i li t i e s  b y  M ont e  C a rlo s i m u la t i on. Ap p li c a t i on of  t h i s  m e t h od  f or 
s t ru c t u ra l re li a b i li t y  a na ly s i s  i s  p re s e nt e d . T h e  e f f i c i e nc y  of  t h e  a p p roa c h  i s  
t e s t e d  on s om e  b e nc h m a rk  p rob le m s  t y p i c a l f or re li a b i li t y  a na ly s i s . 
 
K e y w o r d s :  re li a b i li t y  a na ly s i s , s i m u la t i on, M ont e  C a rlo M e t h od  
 
Z astosow ani e ad ap tac yj nyc h  m etod  
sym u l ac yj nyc h  w  anal i zi e ni ezaw od noś c i  

 
S t r e s z c z e n i e  

 
M e t od a  w z a j e m ne j  e nt rop i i  ( a ng . c ros s -e nt rop y )  j e s t  now ą  m od y f i k a c j ą  
m e t od  M ont e  C a rlo s ł u ż ą c ą  d o os z a c ow a ni a  p ra w d op od ob i e ń s t w a  
rz a d k i c h  z d a rz e ń . W  p ra c y  p rz e d s t a w i ono z a s t os ow a ni e  t e j  m e t od y  d o 
roz w i ą z a ni a  z a g a d ni e ni a  a na li z y  ni e z a w od noś c i . J e j  e f e k t y w noś ć  j e s t  
oc e ni ona  na  p rz y k ł a d a c h  c h a ra k t e ry z u j ą c y c h  s i ę  t ru d noś c i a m i  t y p ow y m i  w  
a na li z i e  ni e z a w od noś c i . 
 
S ł o w a  k l u c z o w e :  a na li z a  ni e z a w od noś c i , s y m u la c j a , m e t od a  M ont e  C a rlo 
 
1 .  I ntrod u c ti on 
 
E v a lua tio n o f the pr o ba bility  o f fa ilur e is a n essentia l pr o blem 

in a  str uctur a l r elia bility  a na ly sis.  P r o ba bility  o f fa ilur e is d efined  
a s the integ r a l o f pr o ba bility  d ensity  functio n o v er  the r eg io n in 
the r a nd o m v a r ia ble spa ce, fo r  w hich fa ilur e o ccur s [ 5 ] .  D ue to   
a  usua lly  hig h number  o f r a nd o m v a r ia bles in r ea l life 
a pplica tio ns, numer ica l integ r a tio n is inefficient fo r  this pr o blem.  
I n pr a ctice, fir st o r  seco nd  o r d er  a ppr o x ima tio n metho d s 
( F O R M / S O R M  [ 5 ] )  a r e o ften used  to  ev a lua te the pr o ba bility  o f 
fa ilur e.  H o w ev er , a pplica bility  o f these metho d s is limited  o nly  to  
pr o blems sa tisfy ing  cer ta in co nd itio ns.  A n a lter na tiv e is the M o nte 
C a r lo  integ r a tio n.  S ince a  fa ilur e ev ent is usua lly  r a r e, it is 
co mmo n to  a pply  impo r ta nce sa mpling  in o r d er  to  fa cilita te 
ca lcula tio ns.  S o me w ell d ev elo ped  a lg o r ithms fo r  str uctur a l 
r elia bility  a r e a v a ila ble, ho w ev er  a ll o f them ha v e cer ta in 
limita tio ns.  T hus, the a utho r s fo und  it inter esting  to  inv estig a te 
efficiency  o f the cr o ss-entr o py  a ppr o a ch a pplied  to  str uctur a l 
r elia bility  a na ly sis pr o blems.  T he cr o ss-entr o py  metho d  is  
a  r ecently  pr o po sed  a ppr o a ch fo r  simula tio n o f r a r e ev ents [ 6 ] .  I ts 
a pplica tio n fo r  str uctur a l r elia bility  a na ly sis is v er y  simple a nd  
r eq uir es o nly  a  str a ig htfo r w a r d  fo r mula tio n o f the pr o blem.  
B a sica lly  the cr o ss-entr o py  metho d  is a  fo r m o f impo r ta nce 
sa mpling .  I t is inter esting  beca use it is ba sed  o n a  v er y  eleg a nt a nd  
efficient a ppr o a ch to  selectio n o f the sa mpling  d istr ibutio n by  
a d a ptiv e simula tio n w itho ut need  o f a ny  a d d itio na l o ptimisa tio n 
a lg o r ithm.  T he r esults o f numer ica l ex per iments pr esented  in the 
pa per  sho w  tha t a pplica tio n o f the cr o ss-entr o py  metho d  seems to  
be a  r ea so na ble a ppr o a ch to  so lv ing  str uctur a l r elia bility  pr o blems.  
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2 .  Stru c tu ral  rel i ab i l i ty anal ysi s b y 

i m p ortanc e sam p l i ng  
 
T he time inv a r ia nt str uctur a l r elia bility  pr o blem is usua lly  

d efined  a s fo llo w s [ 5 ] .  U ncer ta in str uctur a l pa r a meter s a r e 
r epr esented  by  a  r ea l-v a lued  r a nd o m v ecto r  ( )nXXX ,,, 21 …=X , 
w ith j o int pr o ba bility  d ensity  functio n ( )xf .  S tr uctur a l 
per fo r ma nce w ith r espect to  r a nd o m pa r a meter s is r eflected  by  a  
limit sta te functio n ( )xg .  T he limit sta te functio n is d efined  to  
ta k e neg a tiv e v a lues fo r  pa r a meter s fo r  w hich fa ilur e o ccur s.  T hus, 
the limit sta te functio n d efines a  subset in the r a nd o m v a r ia ble 
spa ce ca lled  the fa ilur e d o ma in ( ){ }0: ≤=Ω xx gf .  F ina lly , the 
pr o ba bility  o f fa ilur e is d efined  a s 
 

 ( )∫
Ω

=

f

fPf xx d                                  ( 1 )  

 
fP  ca n be estima ted  by  mea ns o f  M o nte C a r lo  integ r a tio n.  S ince 

fo r  eng ineer ing  str uctur es a  sma ll pr o ba bility  o f fa ilur e is d esir ed , 
the cr ud e M o nte C a r lo  metho d  is inefficient fo r  such pr o blems.  
T her efo r e, a pplica tio n o f v a r ia nce r ed uctio n techniq ues, lik e 
impo r ta nce sa mpling , is usua lly  a ttempted .  T he fo r mula  fo r  
impo r ta nce sa mpling  in ev a lua tio n o f fP  is ba sed  o n ( 1 )  r ew r itten 
a s fo llo w s 
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w her e ( )xh  is a n impo r ta nce sa mpling  pr o ba bility  d ensity , ( )⋅I  is 
the ind ica to r  functio n o f the fa ilur e d o ma in, a nd  hE  d eno tes the 
ex pecta tio n o per a tio n w ith r espect to  the d ensity  ( )xh .  H a v ing  n 
ind epend ent sa mples ( )kX , ni ,,1…=  fr o m the d istr ibutio n w ith 
d ensity  ( )xh , the ex pecta tio n in ( 2 )  ca n be estima ted  fr o m 
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T he o ptima l d ensity  functio n ( )xh  tha t minimiz es v a r ia nce o f 

this estima to r  ha s the fo llo w ing  fo r m 
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However, this formula is rather theoretical, since generation of 
indep endent random variab les req uires the k nowledge of  the term 
of interest fP . I n p ractice, the distrib ution, from which samp les 
are p roduced, is usually  chosen to resemb le the distrib ution with 
density  ( )x∗h . 
 
3. A d a p t i v e  I m p o r t a n c e  s a m p l i n g  
 
I n real life ap p lications, the choice of the samp ling distrib ution 

is usually  reduced to a p arametric family  of distrib utions for which 
it is easy  to generate indep endent random samp les. M oreover,  
a common p ractice is to emp loy  the family  ( ){ } Vf ∈= vvx ,,F  
( v  is a vector of p arameters)  including the distrib ution of the 
random vector X  for which the reliab ility  p rob lem is defined. T he 
p rob ab ility  density  function of X  will b e denoted b y  ( )0, vxf . 
O b viously , the p arameters v  should b e selected to facilitate the 
estimation of p rob ab ility  of failure b y  the formula (3 ) . 
I n general, the p arameters of the samp ling distrib ution can b e 

ob tained b y  minimiz ing variance of the imp ortance samp ling 
estimator. T his p rob lem can b e formulated as follows 
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or alternatively  b y  
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T he ab ove op timisation p rob lem can b e solved using the 

following estimate of the exp ectation 
 
 ( )( ) ( )( )

( )( )
( )( )
( )( )



 ∑

=
Ω∈

n

i S
i

i

i

i
i

Vv f
f

f
fIn f

1

00

,
,

,
,1min

vX
vX

vX
vXX ,      (7 )  

 
where ( )Sf vx,  is the p rob ab ility  density  of the random samp le 

( )iX , ni ,,1…= . 
A  simp le adap tive algorithm for estimation of failure 

p rob ab ility  b ased on  the formula (7 )  can b e formulated as 
follows:  
1 . T ak e ( ) ( )0,, vxvx ff S = . G enerate the samp le ( ) ( )nXX ,,

1
…  with 

density  ( )Sf vx,  and solve the op timiz ation p rob lem (7 ) . D enote 
the solution as ∗v̂ . A ssume ∗v̂  as the estimate of the op timal 
p arameter vector ∗v . 

2 . E stimate the p rob ab ility  of failure with (3 )  tak ing ( ) ( )∗= vxx ˆ,fh . 
I n order to ob tain more accurate estimate of ∗v , tak e ∗

= vv ˆS  
and rep eat the first step  of the algorithm. 
 
4. T h e  C r o s s -E n t r o p y  m e t h o d  
 
A n alternative method for selection of the imp ortance samp ling 

distrib ution p arameters can b e formulated using the cross-entrop y  
[ 6 ] . T he cross-entrop y , k nown also as the K ullb ack -L eib ler 
distance, of two p rob ab ility  distrib utions with densities ( )xf  and 
( )xg  is defined as 

 ( ) ( ) ( )
( ) x
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x
x dg

ffgfD ∫= ln, .                           (8 )  

 
I t should b e mentioned that the cross-entrop y  is not a distance 

in the formal sense, since for instance, it does not satisfy  the 
sy mmetry  req uirement ( ) ( )fgDgfD ,, ≠ . 

T he cross-entrop y  of the distrib ution ∗h  given b y  (4 )  and the 
distrib ution ( ) Ff ∈vx,  can b e exp ressed as follows 
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B ecause the distrib utions ∗h  and ( )vx,f  should b e similar, it 

seems reasonab le to req uire the cross-entrop y  of distrib utions ∗h  
and ( )vx,f  to b e minimal. T hus the op timal p arameter ∗v  
according to the cross-entrop y  criteria is the solution of the 
following p rob lem 

 ( ) ( )( ){ }vxx ,,min fhD
Vv

∗

∈
,                   (1 0 )  

 
or alternatively  [ 4 ]  
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T he solution of the p rob lem (1 0 )  can b e ap p roximated b y  means 

of imp ortance samp ling 
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T he p rob lems (1 1 )  and (6 )  aim at the same goal;  finding 

p arameters of the imp ortance samp ling distrib ution which are 
op timal in some sense. B ecause the variance of the estimate is 
minimiz ed in (6 ) , it seems that considering the p rob lem (1 1 )  is 
p ointless. However the cross-entrop y  method is b ased on a much 
nicer op timisation p rob lem, which can b e solved even analy tically  
in some cases [ 2 ] . M oreover, according to [ 4 ] , the p roof can b e 
found that the solutions of b oth p rob lems are eq uivalent for 
p rob ab ility  of failure going to z ero. T hus, the ap p lication  of the 
cross-entrop y  method is j ustified if only  savings b y  solving of the 
easier op timisation p rob lem comp ensate the use of the sub -op timal 
samp ling density . 
B ecause for ty p ical p rob lems the function D  in (1 1 )  is convex 

and differentiab le with resp ect to v , the solution of (1 2 )  can b e 
found b y  solving the following sy stem of eq uations:  
 

( ) ( )( ) ( )( )
( )( ) ( )( ) 0vX

vX
vXXv =∇=∇ ∑

=
Ω

n

i

i

S
i

i
i

n ff
fInD f

1

0 ,ln,
,1ˆ . (1 3 )  

 
T he ab ove sy stem of eq uations tak es very  simp le form for 

indep endent random variab les. F or instance consider a set of 
indep endent normal variab les with j oint p rob ab ility  density  
functions given b y  
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where { }nµµ ,,1 …=µ  are mean values and { }nσσ ,,1 …=σ  are 
standard deviations of the comp onents. T he gradient of the 
logarithm of the p rob ab ility  density  has elements of the following 
form 
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Thus, the following set of equations for optimal parameters of 
( 1 4 )  can be obtained  by  substituting formulas ( 1 5 )  and  ( 1 6 )  into 
( 1 3 ) : 
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W ith the set of equations ( 1 3 ) , the algorithm proposed  for 

minimum variance criteria can be ad apted  easily  for the 
probability  of failure estimation using the cross-entropy  optimal 
parameters. 
I t should  be mentioned  that results ( 1 7 )  and  ( 1 8 )  are equivalent 

to the well-k nown approach employ ing the sampling d istribution 
with the same first or second  moments as d istribution ( 4 )  [ 1 ] . 
 
5. A d a p t i v e  a l g o r i t h m  
 
W hen the probability  of failure is vary  small the basic cross-

entropy  algorithm is inefective and  the following ad aptive 
algorithm proposed  in [ 4 ]  should  be employ ed . H ere it is 
presented  with notation used  in structural reliability  problems. 
The parameters need ed  to be specified  for this algorithm are ρ , 
1>α , 0>δ  and  n  which is the number of simulations mad e in 

each iteration. The algorithm proceed s as follows: 
1 . I nitializ ation of the algorithm. S et ρρ =0 . F or a sample 

( ) ( )nXXX ,,
1
…=  from the d istribution with probability  d ensity  

( )0, vxf , ( 00 v̂v = )  evaluate a sample quantile ρ  of the rand om 
variable ( )( )ii gY X= , and  d enote it by  0γ̂ : 

 
 ( )[ ] ,ˆ 00 ργ ≤≤XgP                                    ( 1 9 )  

 S et 1=t . 
2 . U se the same sample ( ) ( )nXX ,,

1
…  to solve the optimisation 

problem: 
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 where ( ){ }1ˆ

−
≤ tgI γx  is the ind icator function of the set for which 

( ) 1ˆ
−

≤ tg γx . 
3 . G enerate a new sample ( ) ( )nXX ,,

1
…  from probability  d ensity  

function ( )tf vx ˆ, , and  set ρρ =t . 
4 . F or the current sample ( ) ( )nXX ,,

1
… , evaluate quantile tρ  of the 

rand om variable ( )( )ii gY X=  and  d enote it by  tγ̂  
5 . I f 0ˆ ≤tγ  set 0ˆ =tγ  and  find  the estimate of the parameter ∗v  
d enoted  by  ∗

tv̂ , by  solving the following problem 
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 G o to step 7 . 
6 . I f 0ˆ >tγ  check  if there ex ist ρ  such that γ , being a ρ -quantile 
of the rand om sample ( )( ) ( )( )ii gg XX ,,… , satisfies 

{ }δγγ −≤
−1ˆ,0max t : 

 I f ρ  ex ists and  tρρ = , then set 1+= tt  and  repeat the 
iterations from step 2 ;  

 I f ρ  ex ists and  tρρ < , then set ρρ =t  and  return to the step 4 ;  
 O therwise ( for ex ample when ρ  d oes not ex ist) , increase the 
number of simulations in the step as nn α=  and  return to the 
step 3 . 

7 . E stimate the probability  of failure with importance sampling 
using the sampling d ensity  function ( )∗tf vx ˆ, . 
I n [ 4 ]  it was proven that the algorithm converges in a finite 

number of iterations to the solution of the problem ( 1 1 )  with 
probability  1 . 
 
6. N u m e r i c a l  e x a m p l e s  
 
The efficiency  of the algorithm presented  in the preced ing 

section was tested  on the benchmark  problems used  in [ 3 ]  to 
evaluate the performance of various importance sampling 
algorithms. The limit state functions used  in the benchmark  
problems were selected  in ord er to evaluate the algorithms 
with respect to d ifficulties characteristic for reliability  
analy sis. 
The following ex amples were computed  in the stand ard  normal 

space. The sampling d istributions were chosen from multivariate 
normal family  with the id entity  covariance matrix . The mean 
values of the components were ad j usted  accord ing to ( 1 7 ) . 
C ompared  to the algorithm presented  above, a slightly  mod ified  
computational scheme was used . The  parameter ρ  was k ept 
constant d uring the ex ecution of the algorithm. I n each iteration 
the simulations were performed  until d istribution parameters were 
estimated  with required  accuracy  

vê . F or each problem some 
initial runs of the algorithm were performed  in ord er to select  
a combination of ρ  and  

vê  allowing to estimate the probability  of 
failure with reasonable computational effort. H owever, the aim of 
the initial runs was the selection of a reasonable set of parameters, 
not the optimisation of them. Then, each problem was solved  
several hund red  of times and  a mean number n  of the samples 
required  for estimation of the probability  of failure with 0 .1  
coefficient of variation was calculated . S ome of the numbers 
presented  in the following may  seem to ind icate that the 
consid ered  algorithm is inefficient. H owever it should  be 
remembered  that the given number of simulations shows the total 
effort required  for solving the problem, includ ing estimation of the 
sampling d istribution parameters. 
 

Example 1. H igh number of variables and  probability  levels 
 
The aim of this ex ample is to evaluate performance of the 

algorithm for various levels of probability  and  for d ifferent 
number of rand om variables. The limit state function used  in this 
ex ample is the n-d imensional hy persurface: 
 

 ∑
=

−=

m

j
jUmg

1
1 β ,                 ( 2 2 )  

 
where jU , mj ,,1…=  are the stand ard  normal rand om variables 
and  β  is the reliability  ind ex .  
The numerical ex periments were performed  for the following 

values of the parameters: 0.1=β , 0.5=β , 0.10=β  and  2=m , 
10=m , 50=m . The results of the ex periments are presented  in 

the Table 1 . A s we can see the required  numerical effort increases 
with the number of rand om variables and  the value of reliability  
ind ex . The reported  limit ex ceed ance ( l.e.)  for 0.10=β  and  

50,10=m  means that satisfied  accuracy  of the estimate was not 
obtained  after the allowed  number of simulations. 
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Tab. 1.  A l g o r i t h m  p ar am e t e r s  an d  t o t al  n u m be r  o f  s i m u l at i o n s . E x am p l e  1 
Tab. 1.  P ar am e t r y  al g o r y t m u  i  l i c z ba s y m u l ac j i . P r z y k ł ad  1 
 

  β= 1.0  β= 5 .0  β= 10 .0  
ρ 0 .3  0 .3  0 .3  
vê  0 .0 3 8 9  0 .0 4 7 3  0 .5 5 2 7  m = 2  
n  2 3 0  8 8 4  19 12  
ρ 0 .5  0 .5  0 .4 5  
vê  0 .5  0 .5  0 .0 5  m = 10  
n  3 6 0  13 7 5  3 18 1 

16 %  l .e . 
ρ 0 .5  0 .5  0 .4 5  
vê  0 .1 0 .1 0 .0 5  m = 5 0  
n  8 8 2  2 9 6 8  8 5 6 9  

3 8 %  l .e . 
 
Example 2. N onl inearit y of  t h e l imit  st at e f unct ion and p robabil it y 
l ev el s 
 
I n t h is ex amp l e, t h e l imit  st at e f unct ion is g iv en by t h e 

f ol l ow ing  f ormul a:  
 CXg

m

j
j ∓∑

=

±=
1

2 ,                                  ( 2 3 )  

 
w h ere t h e random v ariabl es jX , mj ,,1…=  are indep endent  and 
ex p onent ial l y dist ribut ed w it h  t h e p aramet er λ . A f t er 
t ransf ormat ion t o t h e st andard normal  sp ace, t h e considered l imit  
st at e f unct ion becomes h ig h l y nonl inear 
 

 ( )( )∑
=

±−Φ±=
m

j
j CUG

1
2 ln1
λ

,         ( 2 4 )  

 
w h ere jU , mj ,,1…=  are st andard normal  random v ariabl es, and 
Φ  is t h e inv erse of  t h e normal  cumul at iv e dist ribut ion f unct ion. 
T h e p robl em w as comp ut ed f or 1=λ  and 20=m  and dif f erent  
v al ues of  C , w h ich  are p resent ed in T abl e 2 . 
F or neg at iv e v al ues of  C  t h e l imit  st at e f unct ion h as neg at iv e 

curv at ure. R esul t s p resent ed in T ab. 2  sh ow s t h at  t h e numerical  
ef f ort  g row s rap idl y w it h  increasing  v al ue of  C . I t  is due t o t h e 
f act  t h at  w h en C  is increasing , t h en t h e dist ance of  t h e f ail ure 
domain f rom t h e orig in g row s mak ing  t h e it erat ion p rocess l ong er, 
and t h e imp ort ant  reg ion of  t h e f ail ure domain sh rink s causing  
est imat ion of  t h e dist ribut ion p aramet ers more dif f icul t . T ak ing  
t h is int o account  t h e p resent ed resul t s can be considered 
sat isf ying . 
 

Tab. 2.  A l g o r i t h m  p ar am e t e r s  an d  t o t al  n u m be r  o f  s i m u l at i o n s . E x am p l e  2 
Tab. 2.  P ar am e t r y  al g o r y t m u  i  l i c z ba s y m u l ac j i . P r z y k ł ad  2 
 

C -1 6 .1 7 5  -1 1 .0 7 7  -8 .9 5 1  -7 .4 5 3  -6 .27 7  
fP  0 .20  1 0 -2 1 0 -3 1 0 -4 1 0 -5 
β 0 .8 4 1  2.3 28  3 .0 9 3  3 .7 22 4 .26 8  
ρ 0 .4 7 5  0 .3  0 .3  0 .3  0 .2 
vê
 0 .3 1 3  0 .0 24  0 .0 1 5  0 .0 1  0 .0 0 5  
n  4 9 3  6 6 8  3 0 1 4  5 5 1 2 8 5 0 5  

1 .0 %  l .e . 
fP  0 .20  1 .0 · 1 0 -2 0 .9 7 · 1 0 -3 0 .9 8 · 1 0 -4 0 .9 7 · 1 0 -5 

 
C 25 .9 0  3 1 .8 5 6  3 6 .7 20  4 1 .0 5 0  
fP  1 0 -1 1 0 -2 1 0 -3 1 0 -4 
β 1 .28 2 2.3 28  3 .0 9 3  3 .7 22 
ρ 0 .5  0 .4  0 .3  0 .3  
vê
 0 .3 9 8  0 .0 3 1 6  0 .0 5 6 2 0 .0 5 6 2 
n  1 1 0 7  1 4 0 8  8 0 20  

4 .0 %  l .e . 
1 3 9 22 

1 3 .3 %  l .e . 
fP  0 .20  1 .0 · 1 0 -2 0 .9 7 · 1 0 -3 0 .9 8 · 1 0 -4 

 
I f  C  is p osit iv e t h en t h e f ail ure surf ace h as p osit iv e curv at ure. 

I n t h is case sig nif icant  mass of  t h e p robabil it y is h ig h l y sp read. 
I mp ort ance samp l ing  based on unimodal  dist ribut ions is 
inef f ect iv e f or t h is cl ass of  p robl ems. R esul t s of  t h e ex p eriment s 
( T ab. 2 )  sh ow  t h at  cross-ent rop y met h od is not  ef f ect iv e f or t h is 

p robl ems as w el l . E st imat es w it h  assumed accueracy req uired v ery 
h ig h  number of  simul at ions, morev er some of  t h e resul t s are 
biased. T h e cross ent rop y met h od in imp l ement ed f orm sh oul d not  
be emp l oyed f or p robl ems ex ih ibit ing  simil ar p rop ert ies. 
 

Example 3. N oisy l imit  st at e f unct ion 
 
T h e l imit  st at e f unct ion in t h is ex amp l e is def ined by:  

 
( )∑

=

+−−+++=
6

1
6543213 sin001.05522

i
iXXXXXXXg , ( 2 4 )  

 
w h ere al l  random v ariabl es are indep endent  and l og -normal l y 
dist ribut ed. R andom v ariabl es 1X , 2X , 3X , 4X , h av e mean v al ues 
1 2 0 .0  and st andard dev iat ions 1 2 .0 . 5X  h as mean 5 0 .0  and st andard 
dev iat ion 1 5 .0 , and 6X  h as mean 4 0 .0  and st andard dev iat ion 1 2 .0 . 
P robabil it y of  f ail ure def ined by 3g  is 21023.1 −

⋅=fP . T h e l ast  
t erm in ( 2 4 )  int roduces smal l  p ert urbat ion, so cal l ed noise. T h e 
noisy l imit  st at e surf ace is h ig l y irreg ul ar, t h us g radient  
ap p rox imat ion met h ods l ik e F O R / S O R M  h av e l imit ed use in t h is 
case. F or t h is k ind of  p robl ems ap p l icat ion of  t h e adap t iv e 
simul at ion al g orit h ms is t h e def aul t  ap p roach . I n p ract ice, noise is 
p resent  v ery of t en, because it  occurs not  onl y due t o p rop ert ies of  
t h e p robl em but  al so as resul t  of  numerical  errors. I n t h is ex amp l e 
anal ysis w ere p erf ormed w it h  t h e f ol l ow ing  v al ues of  t h e 
al g orit h m p aramet ers:  ρ = 0 .4  and 

vê  = 0 .3 9 8 . T h e av erag e number 
of  simul at ions necessary f or est imat ion w it h  1 0 %  coef f icient  of  
v ariat ion w as 7 1 0 , of  w h ich  5 6 4  w as used f or f inal  est imat ion of  
f ail ure p robabil it y. A v erag e v al ue of  est imat ed p robabil it y of  
f ail ure w as Pf = 1 .2 1 · 1 0 -2. T h e number of  simul at ions req uired f or 
f inal  est imat ion is comp arabl e w it h  number 5 0 0  w h ich  is g iv en in 
[ 3 ] , w h il e t h e number of  1 5 0  simul at ions req uired f or est imat ion 
of  samp l ing  dist ribut ion p aramet ers seems accep t abl e. 
 
7. C o n c l u s i o n  
 
I n t h e p ap er t h e ap p l icat ion of  t h e cross-ent rop y t o est imat ion of  

st ruct ural  f ail ure p robabil it y w as out l ined. T h e p erf ormance of  t h e 
al g orit h m w as t est ed on p robl ems w it h  dif f icul t ies t yp ical  f or 
rel iabil it y anal ysis. T h e obt ained resul t s sh ow  t h at  if  t h e numerical  
ef f ort  is considered, t h e cross-ent rop y is not  an al t ernat iv e f or 
imp ort ance samp l ing  met h ods using  t h e desig n p oint  ( comp are 
w it h  resul t s in ( E ng el und &  R ack w it z  ( 1 9 9 3 ) ) . H ow ev er, f or 
p robl ems w h ere t h e desig n p oint  cannot  be f ound easil y, t h is 
met h od seems t o be a reasonabl e ap p roach . T h e numerical  ef f ort  is 
h ig h  but  st il l  accep t abl e and it  seems t h at  it  can be rew arded by 
t h e ease of  imp l ement at ion of  t h e met h od f or a sp ecif ic p robl em. 
 
T h e sup p ort  of  t h e M N iS z W  g rant  4  T 0 7 A  0 0 2  2 6  is k indl y 

ack now l edg ed. 
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