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Abstract !

A radial basis hybrid neural network (RHNN) is presented for an on-line detection
of machine condition change. Two-phase modeling by RHNN is designed for deseribing
a machine condition process end for predicting future signal. A moving block procedure
is olso designed for detecting a process change. A fast on-ling learning algorithm, the
recursive least square estimation, is introduced. Experimental results showed the RHNN

could be utilized efficiently for on-line machine condition monitoring.

L A . B o] FLUE AFEo sl AFTHA]
sk AMAde] g2 #ile] meix)m gich
AL AAREES} HFEH g T3 Asstd Al 2golA 7AW Ml o]
AR AN = Qlzte] d@tga gele AR A FAo] QS ml ARt o]
/’174]9% AFE7 B2 28-S g F99 o A At HEg ol AE $ 9l
ok ololme} AA#HE e 71A Hp)9) of o} £ ojct,
S AN s 2D 24 AXd 9 it oz A|Ag)e] Adn dEe Fi
stod dAziel] FHE AEE Bosle] Alx A F& ol E HE B mydoy

Yolrtidn ekt
2 4T7E oFrtgE m a7y A oste 8 5y



o] st F¥stA ¢ E‘Eﬂjﬁ Lﬂoﬂ
A BH 7hsstd Aladd i of &2 3
iy, 2eu, Alade] Exdsty HEHe
7ol AXA dojFl A Sl gk »Y
P FHe Ao oy B3 nd 7x
7h ¥ Fee vHE PE AAY BF
22 o] ddel g Al o] B4 mg
Gola Ztzre]l A= FAuwdl (reference
mode )2 T3 AYL 7Hed o
2 AR AHAFH BRE FHo] FHLeR
Habe] o)y EFAHoz e 4
Foll Az ofg]g EA] Bejch

olfl EAEE FE3A F&AH] A=Y
9] AR AYA 2SS A7) HAHE
AAZ AR B8 7348 AT #AE
&8st 4A 2REEF e Ee] a7
"), 18 2g S 7FEE o] 48 dE 1l
g U4 ez FAE oA o= A
A-g e Fol iz Ashd o dlde 3
Aol R AT glg Aole 53
o gto g fAkgh gl 39 stden A
g3t 40E EHE T UARE 24 9
AUQ E5AA7E s sk

Aulut gl JelE 2ERRloE A
(Monitoring )3H= HPE2 Aol o#7HA] &
B2 d7Hgth 7Exd Wge g
2L 7HAR 9984 otk AR E, 54
Mol ofsted X\ Ae AJE7h o] Aok
EAZ, 238 ATEY FFES 48
AAZ, 2NE N5 FFPo2HE ALY
A& Agsic)h, 1Y 12 YubAd ZIAR
Auidal & Aol 2% AR st 3

g U= 22 :L%C’i vl

-h~
;0
_i;j_

oﬁk
=3
wonk 2 oo ot -

£ AFola= 4 dste He
AMef 23t ’Sﬁlfl Vedse
Eot dnde g vepds e o
&3 e o)l FASHA ‘Iﬂ
AA AL x5t g A A1g), 3]z
ulof| o] 4ol HrASIG &) Fx)she 43*
Ztztel ARl E ceRRlez RYHse
HEe A3AQ shyHAe] skt 29
9 rdg <4ig]EoF  Recursive Least
Square Estimations ©]-8-3F Radial gell &
A% B39 A7%(Radial basis hybrid

neural network )< AA] 3},

I‘ulﬂl

)
o, ™

il

td

.

)

J

2. Aol 2l8h Aawl ZHe

o
> e

Aol 2dd Jee B F8d
£3E Bjon [78]11] 53] Hd= A
A9 A23E M AY [121{ Time delay neural
network) S AAste] R H¥S H 3
Aot 53] ASHY AT 73: FAExe o
2 A9 499 NoiseZS 47 §4
AMgste A2l mER o 78‘5”5 A
7 AL FE &9 &} [13]. 234 A&
o] Walz A= ] HALES A=
2% Ao mdg 3o} Off-linedl A g
71 olgth =y stue BH2 dske

Nedg AesE A 299s e
T4 AR otk wEbA] Aol Al&we]
drasiy) ZARS vE] gAste AL A2
799 2d7EY RUUSE ARS B
a5l RAEE 20 AQ Aol TF 4
ﬁuc}-o]] 213 palEa) )J-o]?‘s]- ndg .—TL_Ll,ﬂ__%L
ouM Aue FEEEE A Aol o

l“ii e



1A dals 2o SxE)5] 9% Radial Basis slel¥als R ES2 vy 115

{Process Qutput) { Computer )
. I s s !
| Machine —r——>|Analog >|Data Acquisition}—>]Signal Processing|
| Operation Filter [Signals |Systen | |
' 1 1 i J
|
| 1
Diagnosis %! Feedback |< | Modeling and |¢J
L / Learning |
U |

Figure 1. An Overview of Machine Condition Monitoring System
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Figure 2. Radial Basis Hybrid Neural Network Scheme
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Figure 4.3 2-phase Radial Basis Neural Network
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Table 1.1 Statistical Analysis of One-step Prediction Errors Box-Jenkins Method
Training Data Test Data
Model Structure| Mean Standard- MAD §SE Mean Standard- MAD SSE—_
Deviation Deviation
AR(4) -0.0028 0.9892 0.635 150.1 | -0.0056 1.0520 0754 . 170.2
ARMA(2,1) -0.3085 0.9623 1.124 3042 -0.3164 1.4764 1.152 308.2
Noniinear 0.0532 1.5837 . 2419 1321.4 . 0.6450 1.8443 2'963__. 14211
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Table 1.2 Statistical Analysis of One-step Prediction Errors 1-Phase RHNN Modeiing

! Training Data Test Data
Mode! Struciure . fdean Standard- MAD | SSE Mean | Standard | MAD SSE
Deviation Deviation
ARi4) 0.0131 0.9921 0.712 725 | 0123 1.0421 0.823 185.1
ARMARY) | 0.4472 11212 1.511 213 [ 03621 16381 1836 ¢ 4011
Noniinear 0.0724 1.9211 2732 | 4322 | 07260 19342 300t | 15012

Table 1.3 Statistical Analysis of One-step Prediction Errors 2-Phase RHNN Modeling

Training Data Test Data
Model Structure Mean Standard- MAD SSE Mean Standard- MAD 85E |
Deviation Deviation
AR(4) 00112 09432 0687 158.2 0,106 10419 0.712 178.3
ARMARY) | 03133 09812 171 1 2.2 | -0 14821 1412 3021
Nonlinear 0.0467 1.4911 2476 11233 0.3185 1.9231 2912 13215 |
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Deviation)2] Z2Z7F & 39 250 i}
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Table 2. ABMA Prediction Model

Machine I ARMA Mode! Structure and Parameters !
Condition : {B denotes Backshift Operator)
Normal ’ {1-0.91B**(1)-0.59B**(2) + 0.84B**(3)-0.15B**(4)) ¥,
Condition ={1-0.861B*{1)-0.711B**{2) + 0.777B**{3)) ¢,
Outer (1 - 0.14094B**(1) - 0.7498B**(2) - 0.10917B*(3)) y,
Race =(1 - 0.21667B**{1} - 0.77942B**{2)}e,
Inner {1+0.218B**{1)-0.522B**(2)-0.03358**(3)} v,
Race ={1 + 0.19239B**(1) - 0.58471B**{2)) ¢,
Ball {1-0.135B**(1)-0.8048**(2)-0.060B™*{3)) y,
={1-0.143B**{1)-0.853B**{2)) e,
Looseness (1-0.298B**{1)-0.537B**(2) + 0.075B™*{3)) ¥,
= {1-0.1838"*(1)-0.50931B**(2)) e,
Unbalance {1+0.27B**{1)-0.998**(2}-0.30B>*(3)) + 0.13B**(4))
= {1+0.3458**(1}-0.911B"*{2)-0.355B**(3)} ¢,

Example:(1+0.2B** (1) + 1.48**(2))y,~y, + 0.2y, + 1.4y,,

Mode! order and parameters are obtained by PC-SAS(Statistical Analysis System Inc.) ver 6.4 using iterative

procedure.

Table 3. Statistical Analysis of One-step Prediction Errors

Test Data
RHNN Modeling ARMA Modeling
Machine Condition Mean Standard- MAD Mean Standard- MAD
Deviation Deviation
Normal 0.0021 0.0282 0141 -0.0058 0.0520 0.153 |
Cuter Race 0.0185 0.8123 0.593 0.0754 5.4764 1.309
Inner Race 0.01328 0.5837 0.419 0.1450 33443 1.018
Ball -0.0621 1.3994 0.674 0.1527 8.0023 1.655
Leoseness -0.0105 0.0875 0.207 0.0497 0.5607 0.471
Unbalance -0.0171 0.0404 0127 00179 0.2800 0.314
b zdge) A85st 339 2SS 8 o Flngd 23 2051 Uge B F

@S HHvh 2% 13-13 15 RHNNE
dAE mdyge] FUEE B].ﬂﬁ‘}‘ﬁ‘:}. =g
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A zdgd Il 197 E@Ege! ol Z-of] 2]
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Figure 6. BOX-JENKINS ONE-STEP PREDICTION {Normal Condition}
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Figure 7. ONE-STEP PREDICTION BY TWO-PHASE RHNN (Normal Condition)
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Table 4. Detection Performance

Machine Condifion | Detection | Change Je:::; ;
Change Time Time ' Delay
Normal— Quier Race 1026 1025 1
Normal-=+ Inner Race 1027 1025 2
Normal— Ball 1028 1025 0
Normal-* Looseness 1027 1025 2.
Normal— Unbalance 1028 1025 3
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