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In statistics, Entropy is measure of time series disorder. Entropy is used in physiologic signal
analysis. In physiologic science, Entropy is used for performance analysis of body organs such as
heart and brain. Epileptic patients have been diagnosed with this technique. In this paper for the
first time, Entropy is used to determine the health condition of mechanical systems. special kind
of Entropy, namely Permutation Entropy is used for this purpose. To perform the experiment an
apparatus consisting of motor coupled with shaft has been designed and manufactured.
Vibration signals from support bearing of this system in different shaft states, namely healthy
shaft, and shafts with 3, and mm crack were gathered with vibration data analyzer. The
vibrations were taken from sensors mounted on bearing supports of the shaft. Shaft was
subjected to constant bending moment. The vibration signals were preprocessed by
permutation Entropy method. Nine different features were extracted from the Entropy signals
which are fed to an Adaptive Neuro Fuzzy Inference System (ANFIS). The designed ANFIS was
capable of classifying different shaft states with an overall precision of 96%.

Keywords:
Permutation Entropy
Time Series
ANFIS
Transverse Crack
Rotating Shaft

  

1 -   
    ...  

 .
  

 
  ... 

 . 
   

   
  

   
  .

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
94

.1
5.

7.
10

.8
 ]

 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
3-

20
 ]

 

                               1 / 9

https://dorl.net/dor/20.1001.1.10275940.1394.15.7.10.8
https://mme.modares.ac.ir/article-15-1164-fa.html


    

    

  

32  1394157  

 
  

1970 
 .1976

] 1]  .[2 .[
] 3 [

] 4[  
1987 ]5 [

  .
   

6×6 6   .
 

3×3 
  

]  6 [ 
 

 . 
 

  
 .  

  . 1 
  . 2   .

 
  

1990 -  -] 7 [
 .3 

   .
1000  .2006 

] 8 [

   . 4 
5 

 2010 
]9 [6   .

        
7  100%   

 2002 ] 10 [
  

8 9 
 .   10 

1- Entropy’s Algorithm
2- Shannon Entropy 
3- Approximate Entropy 
4- Dimension
5- Time delay Vector 
6- Multi Scale Sample Entropy
7- Adaptive Neuro Fuzzy Inference System
8- Permutation 
9- Permutation Entropy 
10- EEG

2012 ]11 [
 

 . 
  

  
  

 .   
   

2 -   
2-1- 

 
 

    .
 

11 
 ) .1(  

2-2-      
  12 4400  .

   .4 
AC4 DC   . 

  
 .

CTC  .
 

50 - 121 +  
90  ( )  .

 .1 
.  

1 

CK45(SAE1045

mm12
MPa 204000

MPa 382
  

  
1   

11- Multi scale Permutation Entropy
12- Adash 4400

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
94

.1
5.

7.
10

.8
 ]

 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
3-

20
 ]

 

                               2 / 9

https://dorl.net/dor/20.1001.1.10275940.1394.15.7.10.8
https://mme.modares.ac.ir/article-15-1164-fa.html


    

    

1394157  33  

2-3-    
 .

 ( )  
 . 

 .
2 3   

 
     

 .  4096 
 16384 30  .  

2 
  

  
  384 mm

  4kg 
  950 mm 

  29/0 mm

  3 5 7 mm

   36 mm

2  1024   

  
3 

  2010DDS 
 

  

2-4 -   
 1

29/0   .
  

 .   35 
7  12  

25/067/41 33/58  .  

3 -  
 

 
 . 

) 1 ( ]12:[

[0, )    .
)1(  )  x 

   .
  . 

    ]13,12 .[
 2  

  .
   

 
 ( )   .

  
   

  
   

 . 
 .  

  . 4 
   ]14.[  

) 2(   
       

)2(  …

)2( 
 … 

 .   
 .

  
  ] 15.[  

1- Electrical Discharge Machining (EDM)
2- Symbolic Synamical Systems

)1(  ( )/ ( ) = ( ( ), ) , (0) =

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
94

.1
5.

7.
10

.8
 ]

 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
3-

20
 ]

 

                               3 / 9

https://dorl.net/dor/20.1001.1.10275940.1394.15.7.10.8
https://mme.modares.ac.ir/article-15-1164-fa.html


    

    

  

34  1394157  

  
4   

 
) 

 , … , }   . 
 

  .
 1 ]16 [  .

  
  .2   .

2002  ]10[  

3-1- 
  

   .
 . 

     
  . 

 
 A= }  .

  3)t (4 
> 1 )3 (

)3(  
= { ( ) , ( ) , ( ) , …

… , ( ) } , = 1: ( 1)
     

1)  .1) 
   

( , … ) (0,1,2, … , 1)   
 1)  .  ) 4 (

  

)4(  ( ) < ( ) < ( ) < …
… < < .

          
)5(        ) 6 (  
)5(  ( ) = ( )

)6(  <

1 (A 12  
  

1- Takenz 
2- Sequential pattern 
3- Delay time vector 
4- Dimension 

3   
  

 (j)
  

  
  

  
 (j)  

  
  

  
1(3 0)13    (1 0)  
2(3 1)14    (1 3)  
3(3 0)15    (1 0)  
4(3 2)16    (1 2)  
5(3 2)17    (1 2)  
6(3 1)18    (1 3)  
7    (2 0)  19    (0 3)  
8    (2 1)  20    (0 1)  
9    (2 0)  21    (0 3)  
10    (2 3)  22    (0 2)  
11    (2 3)  23    (0 2)  
12    (2 1)  24    (0 1)  

  

= 0 = 2 = 4 = 5 = 10
= 8 = 1 = 3 = 2.5 = 4

t=2 d=4

) 7( 

)7(  

= 1 = (0 , 2 , 5 , 8 )
= 2 = ( 1 , 4 , 10 , 6 )
= 3 = ( ,5 , 8 , 1 )
= 4 = ( , 10 , 3 )
= 5 = (5 , 8 , 1 , 2.5 )
= 6 = (10 , 6 , 3 , 4 )

 .8 (.  
)8(  = 3 = ( , , , )

 )9( 
)9(  (= 1) < (= 2) < (= 5) < (= 8)

2 ,1 ,0 ,3( 
  )3210 (

  ) 10( 

)10(  

= 1 = ( 0 , 2 ,5 ,8 ) ( 3, 2 ,1 , 0 )
= 2 = ( 1, 4 ,1 0 , 6 ) ( 2 ,1 , 0 ,3 )
= 3 = ( , 5 ,8 ,1 ) ,1 , 0 , 3)
= 4 = ( 4, 1 , 6 , 3) (1 , 0 ,3 , 2 )
= 5 = ( 5 ,8 ,1 , 2. 5) (1 , 0 ,3 , 2 )
= 6 = (1 0 , 6, 3, 4 ) ( 0 ,3 , 2 ,1 )

  !

 !  .
12 ..!  .

)  (1  ! 
 1 4 24 
 .24  1 24 

3  .
 1 .  

  
  

24 17 17 10 10 1

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
94

.1
5.

7.
10

.8
 ]

 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
3-

20
 ]

 

                               4 / 9

https://dorl.net/dor/20.1001.1.10275940.1394.15.7.10.8
https://mme.modares.ac.ir/article-15-1164-fa.html


    

    

1394157  35  

 . 
!  

!  .
 .

 .
 ) 

 (   . 

 . 
 ! 

 .
 .

 .

 ]10 .[          
 ) 11)  (12(  :  

( ) =
#{1 ( 1) }

( 1)
)11(  = 1,2,3, … , = !

)12(  
( , ) = ( )

!

log ( )

      j    
       ( )   
   j . ) 13 ( -

)13(  0 ( , ) log ! 1

 
 .  ( ) =

!
  . 

1)14(.

)14(  0 ( =
( , )

log !
) 1

 

 )  
  ]14.[

3-2- 

 ]17 .[
 .  

)15 () 5 .(  

)15(  =
1

( )

1- Nomalize 

  
 5 

  
 6   

    .
 2  .

.  

 
1  .

6 
3 1024 

  . 
 ]11 9.[  

4 -   

  
4 5  .

 
 .

 . 
 

   .
 

2- Coarse grained 
3- White wave 
4- Mamdani  
5- Sugeno

3.2

3.7

4.2

4.7

  
  

  

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
94

.1
5.

7.
10

.8
 ]

 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
3-

20
 ]

 

                               5 / 9

https://dorl.net/dor/20.1001.1.10275940.1394.15.7.10.8
https://mme.modares.ac.ir/article-15-1164-fa.html


    

    

  

36  1394157  

. 7 
8  .xy 

 f    
1 (x A1 y B1   

f1 p1 q1 r1 
2 (x A2 y B2   

f2 p2 q2 r2 
Ai Bi } 
  

 :()   (
 . 

)  16 ( .
 . 

] 18.[

)16(  
(1)

1, = ( ) = 1,2

2, = ( ) = 1,2

  . 

 .

 . 
 .

 .
1 )17 (2)18(   

)17(  
  = exp

( )

( )

)18(    =
1

( )

) 4-4)  (4-5 ( = { } 3 
    

)   :(» «

  )19(.
)19(  (2) = ( ) ( ) = 1,2

  
 .( )  ( ) 

   
)  :20 (

)    
  

)20(  (3) =
1 + 2

)  :(
  .

 )21(.  
)21(  (4) = ( + + )

1- Gaussian function 
2- Bell function 
3- Adaptive Parameters 

 7 

 8 

)21 (= { } 4 
  . 

y x  

 :)22 (
  

)22(  
(5) =

  
 .  

  
   

 
 

 
  

5 
   

 6 
  

 
  . 
  

.  

4- Following parameters 
5- (LSE) 
6- Reduced gradient algorithm 

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
94

.1
5.

7.
10

.8
 ]

 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
3-

20
 ]

 

                               6 / 9

https://dorl.net/dor/20.1001.1.10275940.1394.15.7.10.8
https://mme.modares.ac.ir/article-15-1164-fa.html


    

    

1394157  37  

 ]19.[  

5 - 
5-1-   

 .3 
 )4  (20 

 . 
1000 

 ]8 .[1024 
16384 . 9 

 . 
   :1 -2-1 3- 2 4- 

3 5-7-4 8- 5 9- 
6 .4  .

9  .
  .

15 15  .
9   .

   ) 7 20 
5(  

  

 4   
    

T = (x )   1  

T = max(x ) 2  
T = min(x ) 3  

T =
(x )
n

4  

T =
1
n

(x T ) 5  

T =
(x T )

T
6  

T =
(x T )

T
7  

T =
1
n

(x ) 8  

T = (x )   9  

 5   
        

  7  13  1  
3   7  13  2  
5   7  13  3  
7   7  13  4  

1- Minimum
2- Mean 
3- Geomean 
4- Root mean square (RMS) 
5- Skewness
6- Kurtosis 

5-2- 

 .  
» «7 »3«8 

»«94 
 .  

4  .  .
 . 9   .

 
 

10 
  

 .)23 (
 ] 20.[  

)23(  =
1

( ) =
1

( )

  
 10 11 

3094/0  12 
 .

  
 .

 .) 4  -
 . 

 
   

5-3-   
11  6 

   M 
M×M 

  

  
9 

7- Fuzzy C-means clustering 
8- Generate fuzzy nference system (gen is 3) 
9- Anfis
10- Root mean square error (RMSE) 
11- Confusion Matrix 

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
94

.1
5.

7.
10

.8
 ]

 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
3-

20
 ]

 

                               7 / 9

https://dorl.net/dor/20.1001.1.10275940.1394.15.7.10.8
https://mme.modares.ac.ir/article-15-1164-fa.html


    

    

  

38  1394157  

  
 1 2 

3  .
 ]2122.[  

  

 10   

1- Specificity 
2- Precision 
3- Sensitivity 

  
11 

 12 

1 -  : 
  

2 - :  .

3 -  :
  

7  .
 15/96 

  

6 -   
 

 .
4 

5 
 .

 .
35 7 

 
 .  

4- Soft computing 
5- Hard computing

0

1

2

3

4

1 20 40 60 80

 
 

 

Column1

4

3

2

1

-2.5

-2

-1.5

-1

-0.5

0

0.5

10 20 30 40 50 60 70 80

  

Series 2
Column1

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
94

.1
5.

7.
10

.8
 ]

 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
3-

20
 ]

 

                               8 / 9

https://dorl.net/dor/20.1001.1.10275940.1394.15.7.10.8
https://mme.modares.ac.ir/article-15-1164-fa.html


    

    

1394157  39  

6   

    
 3   

  
 5   

  
 7   

  
  12  0  0  1  

3   .0  12  0  1  
5   0  0  13  0  
7   0  0  0  13  

7 
        

  31/92%  22/97%  

15/96%  
3   31/92%  22/97%  
5   100%  100%  
7   100%  100%  

  

 .
15/96 %  

7 -   
[1] W. Mayes, W.G.R. Davies, the Vibrational behaviour of rotating shaf

system containing transverse crack, Institution of mechanical Engineers 
Conference Publication Vibration in Rotating Macninery PP. 168-176,
1976.

[2] R. Gasch, Dynamic behaviour of simple rotor ,Institution of mechanical
Engineers Conference Publication, Vibration in Rotating Machinery pp.
176-178, 1979.

[3] T. A. Henry, B. E. Okah-Avae ,Vibration in cracked shaft, Institution of 
mechanical Engineers conference Publication, Vibration in Rotating
Machinery pp. 162-176, 1976.

[4] H. D. Nelson, C. Natraraj ,The dynamics of rotor system with cracked
shaft, American Society of Mechanical Enginees Jornal of Vibration,
Acoustics, Stress, and Reliability in Design 108 pp.189- 196, 1986.

[5] L.A. Papadopoulos, A.D. Dimarogonas, Coupled Longitudinal and bending
vibrations of rotating shaft with an open crack Journal of Sound and
Vibration pp.81-93, 1987

[6] L.A. Papadopoulos, A.D. Dimarogonas, Coupling of bending and torsional
vibration of cracked Timoshenko shaft, IngenieurArchiv,pp.257-266,
1987

[7] S.M. Pincus Approximate entropy as measure of system complexity
Proc Natl Acad Sci USA 88, pp. 2297-2301, March 1991 

[8] R. Yan, R. X. Gao, Approximate Entropy as diagnostic tool for machine
health monitoring, Mechanical Systems and Signal Processing 21 pp. 824–
839, (2007)

[9] L. Zhang G. Xiong H. Liu H. Zou W. Guo Bearing fault diagnosis using
multi-scale entropy and adaptive neuro-fuzzy inference, Expert Systems
with Applications 37 pp. 6077-6058, 2010,http// www. elsevier. com/
locate/ eswa

[10] C. Bandt, B. Pompe, Permutation entropy natural complexity measure
for time series, Institute of Mathematics and Institute of Physics DOI:
10.1103/PhysRevlett.88.174102 29 April 2002.

[11] R. Yan, Y. Liu, R.X. Gao, Permutation entropy: nonlinear statistical
measure for status characterization of rotary machines, Mechanical
Systems and Signal Processing 29 pp. 474–484, 2012

[12] V. Rajagopalan, A. Ray, R. Samsi, J. Mayer, Pattern identification in
dynamical systems via symbolic time series analysis. Pattern
Recognition, Volume 40 Issue 11 pp. 2897-2907, November 2007

[13] R. Asok. Symbolic dynamic analysis of complex systems for anomaly
detection. Signal Processing 84, pp.1115–11130, 2004

[14] I. Veisi, V. Pariz, A. Karimpour, Fast and Robust Detection of Epilepsy in
Noisy EEG Signals Using Permutation Entropy, IEEE pp. 200-203, 14-17
Oct. 2007

[15] R. Badii, A. Politi, Complexity Hierarchical Structures and Scaling in
Physics Cambridge Nonlinear Science Series, vol. 6, Cambridge University
Press 1997

[16] F. Takens, Detecting strange attractors in turbulence, In D.A. Rand and
L.-S. Young, Dynamical Systems and Turbulence, Lecture Notes in
Mathematics, vol. 898, Springer-Verlag pp. 366–381, 1981

[17] X. Chen, N. Jin A. Zhao, Z.K. Gao, L.S. Zhai B. Sun, The experimental
signals analysis for bubbly oil-in-water flow using multi-scale weighted-
permutation entropy, Statistical Mechanics and its Applications pp. 230-
244, 2015,www. sciencedirect. com /science/ article/ pii/
S0378437114008267

[18] J.S.R Jang, ANFIS: Adaptive-network-based Fuzzy Inference System. IEEE
Transactions on Systems Man and Cybernetic pp. 665–685 1993

[19] E. Dogan, Reference evapotranspiration estimation using adaptive
neuro-fuzzy inference system, Journal of Irrigation and Drainage
volume 58, pp. 617-628,2008, http://onlinelibrary .wiley.com/ journal
/10.1002 /(ISSN) 1531-0361

[20] M. Rostaghi, M.N. Khajavi, Detection of size and location of crack in pipes
under fluid pressure by neural networks, mme.modares 14 pp. 35-42, 13
July 2014 

[21] R. Safdari, G. saeedi, Comparing performance of decision tree and neural
network in predicting myocardial infarction Mashhad Journal of
Rehabilitation Medicine 3 autumn winter 2014 (In Persian)

[22] E. Ebrahimi, k. Mollazade, Intelligent Fault Classification of Tractor
Starter Motor using Vibration Monitoring and Adaptive Neuro-Fuzzy
Inference System Insight Non-Destructive Testing and Condition
Monitoring 52(10) pp. 561-566, 2010

  

 [
 D

O
R

: 2
0.

10
01

.1
.1

02
75

94
0.

13
94

.1
5.

7.
10

.8
 ]

 
 [

 D
ow

nl
oa

de
d 

fr
om

 m
m

e.
m

od
ar

es
.a

c.
ir

 o
n 

20
24

-0
3-

20
 ]

 

Powered by TCPDF (www.tcpdf.org)

                               9 / 9

https://dorl.net/dor/20.1001.1.10275940.1394.15.7.10.8
https://mme.modares.ac.ir/article-15-1164-fa.html
http://www.tcpdf.org

