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A b s t r a c t  
 

R a i l w a y ’ s  s u r f a c e  d e f e c t s  b e l o n g  t o  s o m e  k i n d  o f  r a i l w a y ’ s  f l a w s  n o t  b e e n  
d e t e c t e d  b y  t r a d i t i o n a l  u l t r a s o n i c  m e t h o d  a n d  t h e r e f o r e  t h e y  p o s e  a  m a j o r  
t h r e a d  t o  t h e  s a f e t y  o f  r a i l w a y  t r a f f i c .  Pa p e r ’ s  a i m  i s  t o  p r e s e n t  t h e  M e t h o d  
o f  M e t a l  M a g n e t i c  M e m o r y  a l o n g  w i t h  S V M  n e t w o r k  a l l o w i n g  f o r   
d e t e c t i o n  o f  s u r f a c e  d e f e c t s .  S i g n a l s  c o m i n g  f r o m  t h e  d e v i c e  w h o s e  
o p e r a t i o n  i s  b a s e d  o n  t h i s  m e t h o d  a r e  g i v e n  t o  w a v e l e t ’ s  p a c k e t  b l o c k  
e x t r a c t i n g  t h e  m o s t  i m p o r t a n t  f e a t u r e s  c h a r a c t e r i z i n g  s u r f a c e  d e f e c t s ,  
f o l l o w e d  b y  S V M  n e t w o r k  o p e r a t i n g  a s  a  c l a s s i f i e r .  
 
K e y w o r d s :  M e t h o d  o f  M e t a l  M a g n e t i c  M e m o r y ,  w a v e l e t ’ s  t r a n s f o r m ,  
S V M  n e t w o r k s .  
 
Sie ć  SV M  w  k l a s y f ik a c j i u s z k od z e ń  s z y n   
k ol e j ow y c h  

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

 
W  a r t y k u l e  p r z e d s t a w i o n o  p r ó b ę  w y k o r z y s t a n i a  m e t o d y  m a g n e t y c z n e j  
p a m i ę c i  m e t a l u  w r a z  z  k l a s y f i k a t o r e m  o p a r t y m  o  s i e ć  S V M  ( S u p p o r t  
V e c t o r  M a c h i n e s )  d o  w y k r y w a n i a  w a d  p o w i e r z c h n i o w y c h  w y s t ę p u j ą c y c h  
w  s z y n a c h  k o l e j o w y c h .  W a d y  t e  s ą  n i e w y k r y w a l n e   p r z e z  t r a d y c y j n e  
m e t o d y  o p a r t e  n a  u l t r a d ź w i ę k a c h  a  p r z e z  t o  s t a n o w i ą  p o w a ż n e  z a g r o ż e n i e  
d l a  b e z p i e c z e ń s t w a  r u c h u  p o c i ą g ó w .   
 
S ł o w a  k l u c z o w e :  M e t o d a  M a g n e t y c z n e j  Pa m i ę c i  M e t a l u ,  t r a n s f o r m a t a  
f a l k o w a ,  s i e c i  S V M .  
 
1 .  In trod u c tion  
 
M o s t  met h o ds  us ing  t o  det ec t  ra ilw a y ’ s  def ec t s  a re b a s ed o n 

ult ra s o nic .  U lt ra s o nic  met h o d det ermines  t h e p o s it io n o f  def ec t s  in 
ra ilw a y  o n t h e b a s is  o f  t h e mea s urement  o f  ret urn dura t io n o f  
ult ra s o nic  ra y s  emit t ed b y  ult ra s o nic  h ea d.  S urf a c e def ec t s  o c c ur 
in t h e up p er la y er o f  ra ilw a y ’ s  h ea d w h a t  ma k es  t h e mea s urement  
o f  ret urn t ime p ra c t ic a lly  imp o s s ib le.  O n t h e o t h er h a nd,  t h es e 
def ec t s  lef t  unc o nt ro lled p o s e a  la rg e t h rea d t o  t h e s a f et y  o f  
ra ilw a y  t ra f f ic .  T h ere w ere s ev era l da ng ero us  ra ilw a y  c ra s h es  
inc luding  t ra ins  dera iling  c a us ed b y  s uc h  def ec t s .  C o s t  o f  ea c h  
c ra s h  rea c h es  ma ny  b illio ns  o f  z lo t y ,  w h a t  ma k es  t h e p ro b lem v ery  
c ruc ia l.   S urf a c e def ec t s  c a n b e div ided int o  s ev era l c a t eg o ries :  
h ea d-c h ec k ing ,  s q ua t ,  a nd s h elling .  U nf o rt una t ely ,  p res ent ed 
s o lut io n a llo w s  f o r t h e det ec t io n o nly  h ea d-c h ec k ing  def ec t s .  I t  
exp lo it s  M et h o d o f  M et a l M a g net ic  M emo ry  a lo ng  w it h  w a v elet ’ s  
p a c k et s  a nd S V M  net w o rk .   Bec a us e o f  it ,  it  c o uld b e us ed a s   
a  c o mp lement a ry  met h o d t o  ult ra s o nic  met h o d.   
 

2 .  M e th od  of  M e ta l  M a g n e tic  M e m ory  
 
I n o rder t o  rec o g niz e ra ilw a y ’ s  s urf a c e def ec t s ,  M et h o d o f  

M et a l M a g net ic  M emo ry  h a s  b een ut iliz ed.  T h is  met h o d exp lo it s  
t h e ma g net o -ela s t ic  ef f ec t  [ 1 ,  2 ] .  I f  t h e c y c lic  f o rc e is  p res s ed o n 
s o me p o int  a nd t h ere exis t s  ext erna l ma g net ic  f ield f o r exa mp le  
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ea rt h  ma g net ic  f ield,  t h en res idua l ma g net is m o f  t h is  p o int  
inc rea s es  p erma nent ly .  M a t eria l def o rma t io n a ris ing  during  s uc h  
lo a d is  es t ima t ed b y  t h e mea s urement  o f  c o mp o nent s  o f  s t ra y  
ma g net ic  f ield H p nea r t h e s urf a c e o f  exa mined o b j ec t .  Ba s ing  o n 
[ 1 ] ,  it  c a n b e a rg ued,  t h a t  t h ere exis t s  t h e f o llo w ing  rela t io ns h ip  
b et w een s t ra y  ma g net ic  f ield H p a nd t h e s t res s  σ∆ o c c urring  in t h e 
ma t eria l:   
 σλµ ∆≈ THpH ,
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is  t h e s ens it iv it y  o f  ma g net o -ela s t ic  p h eno mena  a t  t h e c o ns t a nt  
ma g net ic  f ield H  a nd t emp era t ure T .  A ddit io na lly  µ0 a nd ∆B mea n 
ma g net ic  p ermea b ilit y  o f  a ir a nd induc t io n c h a ng e o n ∆X  int erv a l  
res p ec t iv ely .   
S t ra y  ma g net ic  f ield H p dep ending  o f  ma t eria l def o rma t io n c a n 

b e mea s ured w it h  t h e us e o f  ma g net o met er o f  t y p e T S C -1 M -4 .  
T h is  dev ic e is  f it t ed w it h  f o ur h ea ds ,  ea c h  o f  t h em is  a b le t o  
indep endent ly  mea s ure t w o  c o mp o nent s  o f  s t ra y  ma g net ic  f ield – 
t a ng ent ia l a nd no rma l.  T h e p o rt a b le dev ic e rec o rds  s ig na ls  c o ming  
f ro m mea s uring  h ea ds .  T h es e rec o rds  c a n b e f urt h er do w nlo a ded 
t o  p ers o na l c o mp ut er t h ro ug h  R S 2 3 2  int erf a c e.  R ec o rded s ig na ls  
a re s up p o s ed t o  b e c la s s if ied b y  t h e int ellig ent  s ig na l-p ro c es s ing  
unit .   
 
3 .  Ov e ra l l  Stru c tu re  of  Su rf a c e  D e f e c t’ s  

D e te c tor 
 
T h e t a s k  o f  s urf a c e def ec t ’ s  det ec t o r is  t o  rec o g niz e t h e t y p e o f  

def ec t  o n t h e b a s is  o f  t h e s ig na ls  b eing  rec o rded b y  ma g net o met er.  
M a g net o met er h a s  f o ur mea s uring  h ea ds ,  ea c h  o f  t h em is  
res p o ns ib le f o r s c a nning  o f  c o rres p o nding  s lic e o f  ra ilw a y ’ s  h ea d.  
Bec a us e ma g net o met er rec o rds  eig h t  s ig na ls  ( f o ur mea s uring  
h ea ds ,  ea c h  rec o rding  t a ng ent ia l a nd no rma l s t ra y  ma g net ic  f ield’ s  
c o mp o nent s ) ,  t h eref o re def ec t ’ s  det ec t o r w ill c o ns is t  o f  eig h t  
indep endent  c h a nnels ,  ea c h  c o nnec t ed t o  t h e c o rres p o nding  s ig na l.  
E a c h  c h a nnel is  t o  rec o g niz e t w o  g ro up s  o f  s ig na ls :  t h e f irs t  
c o rres p o nding  t o  no rma l s t a t e o f  s c a nning  s lic e a nd t h e s ec o nd 
c o rres p o nding  t o  h ea d-c h ec k ing  def ec t .  F ig .  1  s h o w s  t h e s t ruc t ure 
o f  s urf a c e def ec t  det ec t o r a lo ng  w it h  c h a nnels ,  w h ic h  c o ns is t  o f  
f ea t ure ext ra c t ing  b lo c k  f o llo w ed b y  c la s s if ier’ s  b lo c k .  Bec a us e 
c la s s if y ing  s ig na ls  a re t ra ns ient  a nd no n-s t a t io na ry ,  it  is  nec es s a ry  
t o  ext ra c t  s o me uniq ue f ea t ure s et  a llo w ing  f o r dis c rimina t io n 
b et w een t w o  g ro up s  o f  s ig na ls .  A f t er ext ra c t ing ,  f ea t ures  a re g iv en 
t o  c la s s if ier b lo c k ,  w h o s e t a s k  is  t o  rec o g niz e t o  w h ic h  g ro up  t h e 
s ig na l b elo ng s .   W a v elet ’ s  p a c k et  h a s  b een us ed a s  a  f ea t ure 
ext ra c t o r a nd S V M  net w o rk  a s  a  c la s s if ier.  
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F i g .  1 .   S t r u c t u r e  o f  s u r f ac e  d e f e c t ’ s  d e t e c t o r  
R y s .  1 .   S t r u k t u r a  u k ł ad u  d e t e k t o r a w ad  p o w i e r z c h n i o w y c h  
 

 
4. F e a t u r e  e x t r a c t o r  
 

D is t inct ion of  s ig na l s  b el ong ing  t o t w o a f orement ioned g rou p s  
( cl a s s es )  is  not  ea s y  t a s k .  F ig .  2  p res ent s  ex emp l a ry  s ig na l s  
corres p onding  t o norma l  s t a t e of  ra il w a y  a nd F ig .  3  p res ent s  
ex emp l a ry  s ig na l s  corres p onding  t o h ea d-ch eck ing  def ect  [ 3 ] .   

 
 

  
F i g .  2 .   E x e m p l ar y  s i g n al s  c o r r e s p o n d i n g  t o  n o r m al  s t at e  o f   r ai l w ay   
R y s .  2 .   P r z y k ł ad o w e  s y g n ał y  o d p o w i ad aj ą c e  n o r m al n e m u   s t an o w i  s z y n y   
 
 

  
F i g .  3 .   E x e m p l ar y  s i g n al s  c o r r e s p o n d i n g  t o   h e ad -c h e c k i n g  d e f e c t   
R y s .  3 .   P r z y k ł ad o w e  s y g n ał y  o d p o w i ad aj ą c e   w ad z i e  t y p u  „ h e ad -c h e c k i n g ”  

 
F ea t u re s et  a l l ow ing  f or t h e dis crimina t ion b et w een t w o g rou p  

of  s ig na l s  s h ou l d b e a s  s ma l l  a s  p os s ib l e [ 4 ,  5 ] .  T h is  req u irement  
s u p p res s es  t h e inf orma t ion redu nda ncy ,  w h a t  in t u rn s p eeds  u p  t h e 
l ea rning  p roces s  of  cl a s s if ier.  A s  it  ca n b e s een f orm F ig .  2 ,  3 ,   
t h es e s ig na l s  a re t ra ns ient  a nd non-s t a t iona ry .  F or t h es e s ig na l s  t h e 
t ime-f req u ency  a na l y s is  is  u s u a l l y  ca rried ou t .  T w o f a ct ors  a re 
cru cia l  in t h is  a na l y s is  – t emp ora l  a nd f req u ency  res ol u t ions .  I n 
t h e F ou rier t ra ns f orm,  f req u ency  res ol u t ion increa s es  w it h  t h e 

l eng t h  of  F ou rier w indow .  H ow ev er,  a n increa s e in f req u ency  
res ol u t ion ca u s es  a  decrea s e in t emp ora l  res ol u t ion.  T h e t ra de-of f  
b et w een t emp ora l  a nd f req u ency  res ol u t ions  is  of t en neces s a ry  in 
t h e a na l y s is .  W a v el et  t ra ns f orm is  a  t ech niq u e,  w h ich  a l l ow s  t h e 
des ig ner t o ch oos e t h e t ra de-of f  [ 6 ] .  T h e w a v el et  p a ck et ’ s  
decomp os it ion is  a n ex t ens ion of  w a v el et  t ra ns f orm,  w h ich  
ca l cu l a t es  l ev el  b y  l ev el  t ra ns f orma t ion of  s ig na l  f rom t ime 
doma in t o f req u ency  doma in [ 7 ] .  A t  ea ch  l ev el  of  decomp os it ion  
a  decrea s e in t emp ora l  res ol u t ion a nd a n increa s e in f req u ency  
res ol u t ion t a k e p l a ce.  L et  h ( n)  a nd g ( n)  b e f init e imp u l s e res p ons e 
l ow -p a s s  a nd h ig h -p a s s  f il t ers  res p ect iv el y ,  w h ere t h e D a u b ech ies  
1 4 -p oint s  f il t er a re u s ed f or w a v el et  p a ck et  decomp os it ion.  L et  
x ( n)  b e orig ina l  s ig na l ,  w h os e l eng t h  is  eq u a l  t o N ,  w h ere N  is  
p ow er of  2 .  D ecomp os it ion cons is t s  in p erf orming  conv ol u t ion of  
x ( n)  w it h  h ( n)  a nd g ( n)  f ol l ow ed b y  a  decima t ion b y  t w o.  L et  x s( n)  
a nd x d( n)  b e s eq u ences  res u l t ing  f rom l ow -p a s s  f il t er decima t ion 
a nd h ig h -p a s s  f il t er decima t ion res p ect iv el y ,  t h en it  ca n b e w rit t en:  
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D ecima t ion ca u s es  t h a t  ea ch  of  s eq u ences  h a s  h a l f  a s  ma ny  

s a mp l es  a s  x ( n) .  D ecomp os it ion cons is t s  in p erf orming  f ormu l a  
( 3 )  in t h e recu rs iv e ma nner.  F ig .  4  p res ent s  ex emp l a ry  
decomp os it ion s h ow ing  in t h e t ree f orm f or x ( n)  of  l eng t h  4 .  E a ch  
b ra nch  of  t ree ca l l ed t h e b in v ect or cont a ins  dis cret e s eq u ence.  
T h e b ot t om b in v ect ors  h a v e onl y  one el ement .  

 
 

  
F i g .  4 .   W av e l e t  p ac k e t  d e c o m p o s i t i o n  f o r  s i g n al  x ( n )  o f  l e n g t h  4  
R y s .  4 .   S p o s ó b  d e k o m p o z y c j i  n a p ac z k i  f al k o w e  s y g n ał u  x ( n )  o  d ł u g o ś c i  4  

 
T h e q u es t ion s h ou l d b e p os ed,  h ow  ou t comes  of  w a v el et  p a ck et  

decomp os it ion ca n b e t u rned int o t h e p l a u s ib l e f ea t u re s et .  I n order 
t o g et  rid of  inf orma t ion redu nda ncy ,  t h e f ea t u re s et  s h ou l d 
cont a in a s  f ew  el ement s  a s  p os s ib l e.  I n ou r a p p roa ch  t o f ea t u re 
ex t ra ct ion,  a n a v era g e energ y  is  ca l cu l a t ed f or ea ch  b in v ect or [ 8 ] .  
I f   ey denot es  a v era g e energ y  of  b in v ect or y of  l eng t h  N ,  t h en:   

 

                                    yyTy N
e 1

=                                        ( 4 )  
 

F u rt h er,  t h e energ y  v ect or e cont a ining  a v era g e energ y  of  ea ch  
b in v ect or is  crea t ed in t h e f ol l ow ing  ma nner:  

  
                         ][ 21 yMyy eee K=e                              ( 5 )  

 
w h ere M  is  t h e nu mb er of  b in v ect ors  in w a v el et  p a ck et  
decomp os it ion.  I n order t o p erf orm w a v el et  p a ck et  decomp os it ion,   
1 5 0  s a mp l es  of  s ig na l s   corres p onding  t o norma l  s t a t e a nd 3 0  
s a mp l es  of  s ig na l s  corres p onding  t o h ea d-ch eck ing  def ect  h a s  
b een ch os en  a t  ra ndom.  F u rt h er,  ev ery  s a mp l e w a s  div ided int o 
f ra mes  of  cons t a nt  l eng t h  5 1 2  p oint s .  E v ery  f ra me is  p roces s ed b y  
w a v el et  p a ck et  decomp os it ion,  f ol l ow ed b y  ca l cu l a t ion of  a n 
a v era g e energ y  of  ea ch  b in v ect or a nd crea t ion of  energ y  v ect or e .   
T h e s ig na l  corres p onding  t o h ea d-ch eck ing  def ect  h a s  t w o 
comp onent s ,  f irs t  ca rry ing  rel ev a nt  t o h ea d ch eck ing  def ect  
inf orma t ion a nd s econd h a v ing  irrel ev a nt  inf orma t ion – ca l l ed t h e 
b a ck g rou nd nois e.  I f  b ot h  comp onent s  a re u ncorrel a t ed,  t h en h ea d 
–ch eck ing ’ s   s ig na l  is  t h e s u m of  t h es e comp onent s .  I n order t o 
enh a nce dif f erences  b et w een s ig na l s  b el ong ing  t o t w o g rou p s  t h e 
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following normalization for every element i of energy vec tor e of 
every frame for every grou p  is p erformed [ 8 ] : 
 

aveyi

yi
yi
e

e
e

,

ˆ =                                        ( 6 )  
 
wh ere: 

∑
=

=

R

j

n
yijaveyi e

R
e

1

)(
,

1                                  ( 7 )  
 

is an average energy  of  th e noise  for i-th  element of energy 
vec tor e ,  )(n

yije  is   th e i-th  element of j-th  frame energy vec tor of   signal belonging to th e grou p  c orresp onding to normal state of 
railway and R  is th e nu mber of all frames of signals belonging  
to th is grou p . I n nex t step ,  th e P rinc ip al C omp onent A nalysis 
( P C A )  is p erformed. I ts goal is to redu c e th e dimension of energy 
vec tor e. P C A  is th e statistic al meth od defining th e linear 
transformation of th e form [ 9 ] : 
 

Wxy =                                           ( 8 )  
 

transforming data NR⊂x  into vec tor KR⊂y  u sing th e matrix  
KxNR⊂W  in su c h  a way,  th at th e ou tp u t sp ac e y of th e redu c ed  dimension K < N  p reserves th e most imp ortant information of th e 

inp u t sp ac e x. L et x be th e random vec tor of zero mean and Rxx 
th e c orrelation matrix  of all vec tors xi. T h e c orrelation matrix  is 
symmetric al and non-negative defined. I t means th at all 
eigenvalu es of Rxx are real and non-negative. L et th e orth ogonal 
eigenvec tors assoc iated with  iλ  be denoted by wi. W e arrange th e 
eigenvalu es in dec reasing order,  Nλλλ ≥≥≥ K21  and in similar way th e eigenvec tors wi assoc iated with  th em,  th en th e c orrelation 
matrix  Rxx c an be rec onstru c ted as: 
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  A t orth ogonal vec tors wi th eir c ontribu tion to th e c orrelation 

matrix  is measu red by th e valu e of th e c orresp onding eigenvalu es 
iλ . I n most of th e p rac tic ally imp ortant c ases only small frac tion 

of eigenvalu es are large enou gh  to c ontribu te signific antly to th e 
rec onstru c tion of Rxx.  T h erefore for K < N  most imp ortant 
eigenvalu es th e rec onstru c tion of original vec tor x denoted h ere by 
x̂  c an be written [ 9 ] : 
 

T
K

T ][,ˆ ,2,1 wwwWyWx K==                    ( 1 0 )  
 
 P C A  transformation was ap p lied to eac h  grou p  of data. S even 

eigenvec tors h aving th e largest eigenvalu es h ave been c h osen.  
F ig. 5  p resents distribu tion of data belonging to normal state of 
railway ( inner p art)  and data belonging to h ead-c h ec k ing defec t 
( ou ter p art)  for two most imp ortant eigenvec tors. 
 
 

  
F i g .  5 .   D i s t r i b u t i o n  o f  t w o  g r o u p  d a t a  f o r  t w o  m o s t  i m p o r t a n t  e i g e n v e c t o r s   
R y s .  5 .   R o z k ł a d  d w ó c h  g r u p  d a n y c h  d l a  d w ó c h  n a j b a r d z i e j  z n a c z ą c y c h  w e k t o r ó w  
 

5. C l a s s i f i e r  
 
S V M  network  h as been u sed for th e signal c lassific ation. S V M  

network  generates th e h yp erp lane sep arating two grou p  of data.  
H yp erp lane eq u ation h as th e following form [ 1 0 ] : 
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T xxwx ϕϕ              ( 1 1 )  
 

wh ere )(xϕ is th e fu nc tion transforming N -dimensional inp u t 
sp ac e into K -dimensional featu re sp ac e,  and w  is th e synap ses 
vec tor. I f th e inp u t vec tor x satisfies relation y( x) > 0  th en it 
belongs to first c lass,  oth erwise it belongs to sec ond c lass. T h e 
learning of S V M  ensu res max imization of distanc e between th e 
nearest data belonging to different c lasses and is ac c omp lish ed by 
q u adratic  p rogramming. W h en c lassifying data are linear 
insep arable th e final op timal form of h yp erp lane is [ 1 0 ] : 
 

bKdy
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wh ere N SV is th e nu mber of S u p p ort V ec tors for wh ic h  L agrange 
mu ltip liers iα  oc c u rring in q u adratic  p rogramming h ave nonzero valu es,  K ( x,  xi )  is a k ernel fu nc tion h aving p olynomial or gau ssian 
form and di  h aving  -1  if xi belongs to first c lass and + 1  if xi 
belongs to sec ond c lass.     
   4 0 0  samp les for every grou p  h ave been u sed to learn eac h  S V M  
network . A fter learning th e generalization of network s h as been 
tested on oth er grou p  of data not attending in learning p roc ess. 1 8 0  
samp les of testing data for every grou p  h ave been c h osen at 
random. L earned network s misc lassify 4 1  samp les ou t of 1 8 0  wh at 
yields 2 3 %  misc lassific ation.  
 
6 . C o n c l u s i o n  
 
B ec au se signals generated with  th e u se of metal magnetic  

memory meth od are very diffic u lt to interp retation,  obtained 2 3 %  
misc lassific ation seems to be satisfying resu lt. O btained 
c lassific ation sc ore is c omp arable with  ou tc ome c oming from 
traditional fu lly c omp u terized diagnostic  systems detec ting 
railway defec ts with  th e u se of u ltrasonic  meth od. 
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