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Experimental design and intelligent classification neural network research
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Abstract

The operation of many machines requires the rotation of shafts to transmit power to start and operate the machines. In
this process, the shaft provides structural support and plays a vital role in energy transmission, allowing the mechanical
system to operate effectively. This power-rotating mechanism's prolonged use results in unanticipated damage from vibration
and torsion, which is expensive and time-consuming to repair. For the abnormal diagnosis of power rotating
mechanisms—which presents a challenge for real-time analysis—finite element analysis is typically employed. Therefore,
this study conducts an experimental design and study of the rotational vibration of the ship's stern shaft. Based on three
factors: the crack depth, the crack pattern, and the crack position of the shaft, the amplitude changes in time region are
measured. The variation of the observed values of z, y, and x-axis vibration completes the combination table of the
experiment. Understand the contribution of each factor and the interaction between each factor, using self-organizing feature
map neural network (SOFM) and learning vector quantization neural network (LVQ), combined with probabilistic neural
network (PNN), by deep Learning the frequency domain classification of vibration signals of power rotating mechanisms
and construct intelligent identification models, which can perform real-time diagnosis and analysis.
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Vibration classification

Source 53 & MS F Fpos  Pevalue $§  Contibution
A 2319 1 2349 031 53 OO0I9MET 23342 3.50%
B 69573 1 69973 G048 53 SIINECS 686 1090%
AB 28165 1 28168 MM 53 0MIM0M 2700 4.28%
c 33.8017 1 BA7 0003 53 LIGBE0T 33680 5337%
AC 31308 1 31304 705 53 0000821005 30047 1.78%
BC 70038 1 70038 T 5M SIWSIE0S 60N 10%4%
ABC | 6074 1 50744 5250 53 SMIE0S 59517 Sd4%
Emor | 090% [} 01157 S= 03402 17356 2758
Total 63,1197 15 At least 95% confidence 63,1197 100.00%
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Source sS df MS F Foos Pvalue S8 Contribution
A 610995 1 60995 212 532 00657296 54305 147%
B 6,525 1 6.5 1021 532 00L2MBEIL 616 507%
AB 133728 1 133728 1995 532 Q0008496 127038 1045%
c 396108 1 396108 5921 532 STA2EQS 389419 3200%
AC 28570 1 28570 1478 5327 QO0doleeds 92180 758%
BC 122887 1 122887 1837 532 00026858 116197 955%
ABC | 231830 1 28,1820 4213 532 0000189996 275130 2.62%
Error 53519 3 06550 S= 08179 100347 825%
Total 1216226 15 *At least 95% confidence 1216235 100.00%

N
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525 8 5 B & (ANOVA) - x J5 @ §E ) (pooled)

Source 33 df MS F Foos P-value 88" Contribution
A 377239 1 377239 32.08 512 BOBGSECE 372643 1943%
B 244870 1 244870 5328 512 L5EMTECS  MCOH 1253%
AB 13,017 1 180174 3930 312 00C0M47EE  1755TE 915%
c 563044 1 G604 14405 512 TEEMSEOR 57448 34.28%
AC 386460 1 386460 .08 312 TIVICECS  3AET 1991%
BC [20M9314014732 (1 — — — — — —

ABC 2595 1 258656 563 312 004ITEAE2 21270 L11%

Error 41362 9 0459 S= 06779 68937 | 359%

Total 1918004 15 At least 95% confidence 191.8024 100.00%

Outputs vs. Targets, R=1
9
Data Points

=8 Best Linear Fit b
- Y=T
$
o 7
=
2
ful
—
=6
1]
=
s
.
(]
g
S 4
>
£3
=%
=
3

2

1

1 2 3 4 5 6 7 8
Targets T

[3 LV Qi H (B #5348 H AR AR BRAME S A

06 ogu
20
§ ot §7°
5 ) @5
> 8
$ e
o1 3 @10
L
3 o
®
24
15 22
z-direction variation
y-direction variation
@4 z,y,x BHEIHREN ST & FFA S
Classification of Feature Maps
8r (] [}
7r L] L ]
6 o o
ps5F @ ]
=
E
O4t ° °
3t (o] o
2r [} L]
1 @ @
0 2 4 6 8 10 12 14 16
No. of Data
[i@l5 [KF- /K Y5(HE 2 LVQIREE /3K
(FTfiklEl6 ., [@72 /)
Vibration classification of LvQ network
el o
20
§ ¢ 8
5 2
T 154 o
: s
5
$ © .’
E 10 o6 o
5 o
X
5 5l
25
e 4 30
20 28
26
24
15 2
z-direction variation
y-direction variation

liEl6 LV QIS EHREN i 5 FF{E /A




= o r
= o =]

x-direction variation

na
oh o

Test data validation of LVQ classification ability

© Rawdata
B Clustercenter o m '!P
L Testdala A
o £3
m2
0 42
54 5
° 8 Al
A.aﬁ ‘l 8
® 8
]
6]
5l

z-direction variation

y-direction variation

&7

AELE EAIHIEE BT TLV QR S BE 2L ARE
papa: i

Confusion Matrix

.2 ° ° ° 0 [ 0 o | 100%

12.5% | 0.0% | 0.0% | 0.0% | 0.0% [ 0.0% | 0.0% | 0.0% | 0.0%

S| ® 2 ° ° 0 o 0 o | 100%

0.0% | 12.5% | 0.0% | 0.0% | 0.0% | 0.0% [ 0.0% | 0.0% | 0.0%

° ° 2 ° 0 o 0 o | 100%

0.0% | 0.0% [125% | 0.0% | 0.0% | 0.0% [ 0.0% | 0.0% | 0.0%

A ° ° 2 0 [ 0 o | 100%

2% 00% | 00% | 0.0% |12.5% [ 0.0% | 0.0% [ 0.0% | 0.0% | 0.0%
[

24 @ ° ° ° 2 0 0 o | 100

3 °| 00% | 0.0% | 0.0% | 0.0% |12.5% | 0.0% [ 0.0% | 0.0% | 0.0%
=
3

S| o ° ° ° 0 2 0 o | 100%

0.0% | 0.0% | 0.0% | 0.0% | 0.0% |12.5% | 0.0% | 0.0% | 0.0%

o ° ° ° 0 (] 2 o | 100%

0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% [12.5% | 0.0% | 0.0%

sl © ° ° ° 0 (] 0 2 | 100%

0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% [ 0.0% | 12.5% | 0.0%

100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100%

0.0% | 0.0% | 0.0% [ 0.0% | 0.0% [ 0.0% | 0.0% | 0.0% | 0.0%

[N G s > @ @ A £

(&8

Outputs ¥, Linear Fit: Y={1)T+(3.3e-16)

Target Class
LV Qi H 70 B> B AR S MR et

Outputs vs. Targets, R=1

O Data Points

Best Linear Fit

o

=~

=2}

o

IS

[

38

4 5
Targets T

&9

PN 5358 AR EAOFERRTE AT

F=TAEPRERERE TEAISERNERRRERS

Bl1r

SRR RS AL REE TR & May 18-19, 2024

Classification of Feah.l;e Maps

8-
ir ] L]
61 o] o]

w5 @ ]

]

%)

=

Oyt ® L ]
3r o] o]
2+ e L ]

1 I I o 1 I I ° I
0 2 4 ] 8 10 12 14 16
No. of Data
(@10 K-k AR & 2 PNNZREE /3 H4
(FTHLE L1, [BI122H )
Vibration classification of PNN network
el 4
20
§ P &
k] 2
€15 ¢
: s
5
§ ° .
E=]
g 10 o6 ]
g L
X
i
%5 °
e 4 30
20 28
26
24
15 22
z-direction variation
y-direction variation
fi 11 PN HS RN 8 5% . Rp {554
Test data validation of PNN classification ability
At
a1
2 @ 1A 'g
s xE
8 A2
E 15 ®2 AS
3 0 8
3 .’
E 10 @% @
g %
*

24

z-direction variation
y-direction variation

[ 12 FHACERE A IR L BhEEF TPN N8 S i 7 b

GIEVARA &



Confusion Matrix

12.5% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0%

Jo oo f2] 0|00
2% 00% | 0.0% | 0.0% [12.5% | 00% | 0.0% | 0.0%
©
o ) o | o 0 z | o 0
3| 00% | 0.0% | 00% [ 00% [12.5% | 0.0% | 0.0%
g
3
6 | o | o |0 | 0o | o | 2|0 o]

o | 100%
0.0%

Target Class
[ 13 PNNE# i o0 B AR 2 Sy JRIR AR
fie

=l ]

AVGEHLVQ, PNNERE A N 3 FarAY, (K] 2
il%:g\%ﬁﬁpxp+2l%7kﬁﬁ’3fﬂé\%ﬁﬁ£w ;S
e, AR E SRR AR, B T LA TR R, W]
PANELVQ., PNNATERE F b R HEREE 7 1 5 A R
IR B,

25 SRk
1 A. E. Tompkins., Marine Engineering, LEGARE
STREET PR, 2022.
2. Singiresu S. Rao, Mechanical Vibrations, Pearson,
2018.

3. Babak Eftekharnejad, A. Addali, D. Mba, Shaft
crack diagnostics in a gearbox, Applied Acoustics,
Vol. 73, Issue 8, 2012

4. EI-Shafei, A., Measuring Vibration for Machinery

Monitoring and Diagnostics, The Shock and
Vibration Digest, pp. 3-14, 1993.

5. Thomas, R. A., Vibration Monitoring on A Coolant
Pump - A Case Study, Noise Vibration Worldwide,
pp. 18-23, 1991.

6. Thomas, R. A., The Development of Vibration
Analysis Using Contact Transducers Applied to
Periodic Machine Condition Monitoring, The Shock
and Vibration Digest, Vol. 28, pp. 8-13, 1996.

7. BUEM, HEEEMENE AT AFTE, fE R
R B TRERF SRR, 1995

8. Brigham, E. O., The Fast Fourier Transform and Its
Applications, Prentice - Hall, N.J.1988.

9. http://zh.wikipedia.org/zhhk/%E5%BF%AB%E9%80
%9F%ES5%82%85%E9%87%8C%ES5%8F%B6%ES5%
8F%98%E6%8D%A2 (2012.3.12)

10, SR EE, MR IRBIE 2B BT 2 B IS, AE A
3, B R EL IR B T ELBE it TRRAFZEAT, Pk
2005,

11.  Romberg et al., A Comparison of Traditional Fourier
and Maximum Entropy Spectral Methods for
Vibration Analysis, Proc. of the ASME 9th Bien.
Conf. On Mech. Vib., Dearborn, MI., pp.63-67, Sept.

F=TAEPRERERE TEAISERNERRRERS
UL SRR RORER MM RO T2 & May 18-19, 2024

1983.

12. http://djj.ee.ntu.edu.tw/Tutorial HHT%20for%20

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Acoustics.pdf (2012.3.12)

Li, B., Zhang, C. L., Hilbert-Huang Transform and
Its Application to Crack Identification for Start-Up
Rotor, Adv. Mech. Eng. Vol. 12, pp. 459-473, 2013.
Sk, MRS SRR G, ek
AT, HHIB, BRSNS S, 5
142-149H, 1993,

Sabnavis G., Kirk R. G., Kasarda M., and Quinn D.,
Cracked Shaft Detection and Diagnostics: A
Literature Review, The Shock and Vibration Digest,
Vol. 36, pp. 287-296, 2004.

Allen, J. W. and Bohanick, J. S., Cracked Shaft
Diagnosis and Detection on Reactor Recirculation
Pumps at Grand Gulf Nuclear Station, International
Exhibition and Conference for the Power Generation
Industries — Power-Gen, May—June, Houston, TX
Vol. 5-6, pp. 1021-1034, 1990.

Arthur W. Lees,Vibration Problems in Machines:
Diagnosis and Resolution, CRC press, 2015.

Werner, F., The Ratio of 2X to 1X Vibration — A
Shaft Crack Detection Myth, Orbit, Vol. 14, pp. 11,
1993.

Adewusi S. A., Al-Bedoor B. O. “Experimental
Study on The Vibration of An Overhung Rotor with
A Propagating Transverse Crack,” Mechanical
Engineering Department, King Fahd University of
Petroleum and Minerals, P. O. Box 841, Dhahran
31261, Saudi Arabia.

Saavedra, P. N., Cuitino, L. A., Vibration Analysis of
Rotor for Crack Identification, Journal of Vibration
and Control, Vol. 8, pp. 51-67, 2002.

Azeem, N., Yuan, X., Raza, H., Urooj, I,
“Experimental condition monitoring for the detection
of misaligned and cracked shafts by order analysis,”
Adv. Mech. Eng. Vol. 11, No.5, pp.1-11, 2019.
Amirzadegan, S., Rokn-Abadi, M., Firouz-Abadi,
R.D., Mehralian, F., Nonlinear responses of
unbalanced flexible rotating shaft passing through
critical speeds, Meccanic, Early Access 2021.
Dimarogonas, A. D., Papadopoulos, C. A., Coupled
Vibrations of Cracked Shafts, Journal of Vibration
and Acoustics, Vol. 114, pp. 461-467, 1992

Li, WH., Huang, R.Y,, Li, J.P., Liao, Y.X., Chen,
Z.Y. He, G.L., Yan, R.Q., Gryllias, K., A perspective
survey on deep transfer learning for fault diagnosis in
industrial scenarios: Theories, applications and
challenges, Mechanical Systems and Signa Process
Vol. 167, Article No.: 108487, 2022.

Adewusi, S. A., Al-Bedoor, B. O., “Detection of
Propagating Cracks in Rotors Using Neural
Networks,” American Society of Mechanical
Engineers, Pressure Vessels and Piping Division,
Vancouver, Canada Vol. 447, pp. 71-78, 2002.
Rieger, N., El-Shafei, A., Automated Diagnostics of
Rotating Machinery, in IGTI 2003, Atlanta, GA,
Paper No. GT2003-38453, 2003.

B, MR 2 RO, R
N ERBEbR TRRAITIIPTAR L 5C, 2004,

W, SO IRENME R SR, H s
RO SRR TARRAIF 22T, 2004,

SRR, MRS 2 R RIS IERS, PR
X, hERREHMTIEBEAT, 2005,


http://djj.ee.ntu.edu.tw/Tutorial_HHT%20for%20

