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An RVM Fuzzy Model Identification Method and Its

Application to Fault Prediction
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Abstract For a dynamic system with complexity, morbidity and nonlinearity, it is significant and difficult to establish a

fault prediction model accurately in general. Instead, to construct a suitable fuzzy model may be an effective alternative.

In this paper, the inherent relationship between relevance vector machine (RVM) and fuzzy inference system (FIS) is

investigated firstly, then the uniformly approximating capability of FIS based on RVM is proved. Next, a fuzzy model

identification method based on RVM and gradient descent (GD) algorithm is presented as well. Finally, a new fault

prediction algorithm is given on the basis of the presented fuzzy model identification method. The simulation studies

illustrate that the presented fuzzy modeling method can generate a compacter model and achieve higher prediction

accuracy as well. Based on the new fault prediction algorithm, the system fault can be predicted correctly.

Key words Fault prediction, fuzzy model, system identification, relevance vector machine (RVM)�Xó§¢SXÚ5��Øä*�, XÚ�E,5!¾�Ú��5�A5ǑÅÚJp, Ïd, éÙS�5Ú��5ǑJÑ
�p���. AO´3Ê�ÊU!��ÉìXÚ!Ø>Õ�éS�5���p�+�, ��u)¯�, B¬E¤ã��ã���Ú<
ú�. �æý�´��âXÚL�Úy3�iÿ&E, ýÿ�æu)��m½ö�ä�5,��ǑXÚ´Ä¬u)�æ[1] . du�æý�EâU3�æu)�
é�U��æ�Ñ�ä, �±k�/��­�¯��u), Ï
É�
<��2�­À[2].�æý��
J´�âXÚ�*ÿ&Eïá£ÂvFÏ 2010-08-02 ¹^FÏ 2010-11-08
Manuscript received August 2, 2010; accepted November 8,

2010I[g,�ÆÄ7 (60736026, 61004069), I[#Ñ�
Ä7
(61025014) ℄Ï
Supported by National Natural Science Foundation of China

(60736026, 61004069) and National Science Fund for Distin-
guished Youth Scholars of China (61025014)
1. 1��Wó§Æ� 302 �ï¿ ÜS 710025 2. �u�ÆgÄzX �® 100084
1. Unit 302, Xi′an Institute of Hi-Tech, Xi′an 710025

2. Department of Automation, Tsinghua University, Beijing
100084

ãXÚ�æG¹�êÆ�.. ,
, éu�õêXÚ5`,  äkE,!¾�!��5�A5, DÚ�ï��{J±ïá°(�êÆ�.. �
XÚ´d�X�� “If-Then” 5K|¤�, du�±Ó�|^�ó&E!êâ&E±9y¢­.¥��
Ø(½5&E, ¿��±�B/ÀJ�©ëê±\�E£�{�Âñ, 
�2�A^uE,��5XÚï�¥, ¿��
é���J[3−4]. g 1992 
 Kosko[5]ÚWang �[6] ©Oy²
�
XÚäk��%C5±5, �
ï�Eâ�ïÄÚå
2��ïó�ö�,�. Ï~, �
ï�Ì�kü«å»[7]: 1) Äuk��£��{, ¡Ǒ “²��{”, Äud�{ïá��
XÚÏ~¡Ǒ�
;[XÚ; 2) Äuêâ��{, ¡Ǒ “êâ°Ä�{”, Äud�{ïá�
�.�L§¡Ǒ�
�.E£, Ǒ´�~^��
ï��{. ,	, Ǒk�
ÆöïÄòüö(Ü��{[8].�
�.E£�©ǑëêE£Ú(�E£üÜ©. ëêE£Ì�¢yëê�`zÆS, ~^��{Ì�kFÝeü (Gradient descent, GD) �{!���� (Least square, LS) �{!��DÂ (Back
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propagation, BP) �{±9Ù��
�U`z�{
(X¢D�{ (Genetic algorithm, GA) , âf+`z (Particle swarm optimization, PSO)) �[9]. �éuëêE£, (�E£´�
�.E£�J:ÚØ%[9]. �
�.(�E£�Ì�?Ö´�¤Ñ\ÑÑ�m�Üny©. ~��(�E£�{Ì�k:��£8ä�{[10]!�
���{[11]! ²�ä�{[12]!àa�{[13−14] ±9?z�{[15] (X GA,

PSO) �, ��gÑ�3�
"�, 3�½§Ýþ�.��zUåÚ°ÝÑØNW*.C
5, ò|±�þÅ (Support vector ma-

chine, SVM) ÚØ¼êg�KÜ��
XÚnØ¥�ïÄ, ��U?
8
ÅìÆSUå, Jp
�
�.�zUåÚï�¬�, l
�Äu SVM ÚØ¼ê��
ï��{¤Ǒ�
ï�+����#�ïÄ9:[7, 16], � SVM �{�3DÕ5Ør!O�þ�!Ø¼ê7L÷v Mercer ^��":[17].�'�þÅ (Relevance vector machine, RVM) ´d Tipping[18] JÑ��«Äu�½Ø���5ÅìÆS�{, §ÄuDÕ��dÆSnØ, Ø=äk
SVM ;�LÆS�`:, 
�3��� SVM �Ó5U�Ó�' SVM �^���Ø¼ê, �Ø¼êØI�÷v Mercer ^�, äk����zUå[19] .ò�'�þÅ�{A^u�
�.E£´�«#g´, Kim �[20] �k|^ RVM �{�E
 T-S�
ínXÚ, �é RVM ��
ínXÚ (Fuzzy

inference system, FIS) �S3éX��`², é¤�E� FIS ���%C5��nØy², ±9éXÛ|^ RVM �{�ï Mamdani .�
ínXÚ��¹��ïÄ. 8
|^ RVM �{?1�
�.E£�ïÄ���.�é±þ¯K, �©Ì�ïÄ
±eSN: Äk, l¼ê/ªþ©Û
 RVM Ú FIS �m��q5, �Ñ
Äu RVM ��
�.�¼ê/ª, ¿|^ Stone-weierstrass ½ny²
Ù��%C5; Ùg, JÑ
�«Äu RVM Ú GD ��
�.E£�{, k^ RVM �{J��
5K, ¼��.(�Úëê��©�, 2^ GD �{é�.ëê?1`z�#, ¢y�
�.�ëêE£; ?
, Äu¤ïá��
�.9ÙëêE£�{JÑ
�«#��æý��{; ��, ò¤JÑ��
�.E£�{Ú�æý��{A^uëY;ª��ì (Continuous

stirred tank reactor, CSTR) �ê��ý¢�Ú,.$é.�XÚ¥ÄNúÚ¤ (Dynamically tuned

gyroscope, DTG) �ó§¢~�¥, (JL²¤ïá��
�.äk{'��.(�Ú�p�ýÿ°Ý, U
é�æ�¹�ÑO(�ý�.

1 ¯K£ã�Ä��õÑ\üÑÑ� Mamdani .�
�., �
5K���/ª´
Rj : If x1 is Aj

1 and x2 is Aj
2 and · · · and xr is Aj

r,

Then z is Bj (1)3þª¥, Rj (j = 1, 2, · · · ,M ) L«�
5K, M´5Kê8; xi (i = 1, 2, · · · , r)L«Ñ\, r ´Ñ\�ê; z L«�
�.�ÑÑ; Aj
i Ú Bj ©OL«^�
äáÝ¼ê uA

j

i
(xi) Ú uBj(z) LÆ��ó�.eæ^�ÈínÅ!ü��
�)ì9¥%²þ�
�Øì, K���
ín¼ê�L«Ǒ

f(xxx) =

M
∑

j=1

z̄j

(

r
∏

i=1

uA
j

i
(xi)

)

M
∑

j=1

(

r
∏

i=1

uA
j

i
(xi)

) (2)Ù¥, f :Rr →R, uA
j

i
(xi) ÀǑpd.äá¼ê, z̄j´ uBj(z) 3ÑÑ�m¼�����:.�©�Ì�?Ö´�¤Xª (2) ¤«�
�.�E£, ¿òÙA^u�æý�+�, äN�©Ǒ±enÜ©:

1) (�E£Ì�?Ö´�¤�
�m�y©, (½ª (2)¥5K�ê8M ;

2) ëêE£Ì��¤ª (2) ¥äáÝ¼êëê (�)¥%Ú°Ý) ±9(Øëê z̄j ���`�O;

3) JÑ�«#�Äu�
�.��æý��{. e¡�Ñ�«|^ RVM E£�
�.��{.

RVM Ì�^5lÔöêâ¥Ä��
5K, (½�
�.(�Úëê��©�, ïE�©��
�..

2 Äu�'�þÅ��
�.e�½��õÑ\üÑÑ�Ôö��8
{(xxxk1

, tk1
), k1 = 1, · · · , n}, xxxk1

∈ R
r, tk1

∈ R, nǑÔö���ê, K RVM £8¼ê��Ǒ
f(xxx; w̃ww) =

N
∑

k2=1

wk2
K(xxx, x̃xxk2

) + w̃0 = Φ(xxx)w̃ww (3)ª¥, xxx L«Ñ\�þ, w̃ww = [w̃0, w̃1, · · · , w̃N ]T Ǒ�"���|¤��þ, x̃xxk2
(k2 = 1, · · · , N) L«�'�þ, N Ǒ�'�þ�ê, K(xxx, x̃xxk2

) L«Ø¼ê, Φ(xxx) Ǒ 1 × (N + 1) ��OÝ
, Φ(xxx) =
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[1,K(xxx, x̃xx1),K(xxx, x̃xx2), · · · ,K(xxx, x̃xxN)]. k' RVM�Ä��n��©z [18 − 21].½Â pj(xxx) =
∏r

i=1uA
j

i
(xxx)/

∑M

j=1(
∏r

i=1uA
j

i
(xxx))Ǒ�
Ä¼ê, Kª (2) ��Ǒ

f(xxx) =
M

∑

j=1

pj(xxx)z̄j = PT(xxx)Z̄ (4)ª¥, P (xxx) = [p1(xxx), · · · , pM(xxx)]T L«�
Ä¼êÝ
, Z̄ = [z̄1, · · · , z̄M ]T L«(ØëêÝ
.'�ª (3) Úª (4), �±wÑüöØ
ÎÒP{þk¤ØÓ	, äk����q5, =: Ñ�±w�´�|Ä¼ê�Ù�A����È/ª. Ïd, ,
dDÕ��dnØ��� RVM �.�±)º¤�\!��
�f��� FIS; Ó�,
d\!��
�f��� FIS Ǒ�±w�dDÕ��dnØ��� RVM �.. ù�, z��Ǒ�'�þ���êâéA�^�
ín5K, �'�þ3Ø¼ê¥���éA�
ín5K
��äá¼ê�, l
��ü«Å�KǑ�N, ùǑÄu��êâE£�
�.Jø
�«�1��{. e¡�Ñ�«|^
RVM �ï�
�.��{.Äu RVM ��
�.äkXe¼ê/ª

f(xxx) =

M
∑

j=1

z̄jK(xxx, x̃xxj)

M
∑

j=1

K(xxx, x̃xxj)

+ w̃0 (5)ª¥, K(xxx, x̃xxj) =
∏r

i=1 µA
j

i
(xi) (j = 1, · · · ,M)L«Ø¼ê, r ´Ñ\�þ�ê, M ´�
5Kê8 (�u�'�þ�ê N), µA

j

i
(xi) =

exp[− 1
2
(

xi−x̃
j

i

σ
j

i

)2] Ǒpd.äá¼ê, x̃j
i Ú σj

i ©OL«äá¼ê¥%Ú°Ý, xxx L«Ñ\�þ,

x̃xxj = [x̃j
1, · · · , x̃j

i , · · · , x̃j
r]

T L«1 j ^5K�äá¼ê¥%�þ, z̄j L«1 j ^5K�A�(Øëê, w̃0 L«�Nëê.½Â 1
[22]

. Stone �ê� Z ´��½Â3;�Ø� U þ�ëY¢¼ê�8Ü, XJ Z ÷v±e^�, K¡ Z Ǒ;�Ø� U þ��� Stone �ê.

1) Z Ǒ���ê, = Z é\{!�{ÚIþ�{´µ4�;

2) Z U©� U þ��:, =éz��xxx, yyy ∈ U ,e xxx 6= yyy, K7,�3 f ∈ Z, �� f(xxx) 6= f(yyy);

3) Z 3 U þ?¿�:Ø��, =éz��
xxx ∈ U , þ�3 f ∈ Z, �� f(xxx) 6= 0.Ún 1

[6, 22]
. Stone-weierstrass ½n

XJ½Â3;�Ø� U þ�ëY¢¼ê�8Ü
Z ´�� Stone �ê, K Z 3 U þ¤këY¢¼ê�8Ü C(U) ¥�?È�, =�±^ Z ¥���?¿%C U þ�?¿ëY¼ê g(xxx).Äu±þ Stone �ê½ÂÚ Stone-weierstrass½n, e¡�ÑÄu RVM ��
�.���%C5½n9y².½n 1. Äu RVM ��
�.��%C5½n eÄu�'�þÅ��
�. Y 8Ü�¹ª
(5) ¤£ã¼ê/ª�¤k¼ê, �o Y é;�Ø� U þ�?¿ëY¼êäk��%C5.y².�â½Â 1 ÚÚn 1, �Iy² Y Ǒ;�Ø�
U þ��� Stone �ê=�.

1) Äky² Y Ǒ���ê.b� f1, f2 ∈ Y , �±�¤
f1(xxx) =

M1
∑

j1=1

z̄j1K(xxx, x̃xxj1)

M1
∑

j1=1

K(xxx, x̃xxj1)

+ w̃01

f2(xxx) =

M2
∑

j2=1

z̄j2K(xxx, x̃xxj2)

M2
∑

j2=1

K(xxx, x̃xxj2)

+ w̃02

a) \{µ45
f1(xxx) + f2(xxx) =

M1
∑

j1=1

M2
∑

j2=1

(z̄j1 + z̄j2)K(xxx, x̃xxj1)K(xxx, x̃xxj2)

M1
∑

j1=1

M2
∑

j2=1

K(xxx, x̃xxj1)K(xxx, x̃xxj2)

+(w̃01+w̃02)

(6)

b) �{µ45
f1(xxx)f2(xxx) =

M1
∑

j1=1

M2
∑

j2=1

(w̃02z̄
j1+ w̃01z̄

j2+ z̄j1 z̄j2)K(xxx, x̃xxj1)K(xxx, x̃xxj2)

M1
∑

j1=1

M2
∑

j2=1

K(xxx, x̃xxj1)K(xxx, x̃xxj2)

+

(w̃01w̃02) (7)

c) Iþ�{µ45
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cf1(xxx) =

M1
∑

j1=1

(cz̄j1)K(xxx, x̃xxj1)

M1
∑

j1=1

K(xxx, x̃xxj1)

+ (cw̃01) (8)duäá¼ê´pd.äá¼ê, §���ÈE´pd.�, ¤±ª (6)∼ (8) �ª (5) äk�Ó�/ª, = f1(xxx) + f2(xxx) ∈ Y, f1(xxx)f2(xxx) ∈ Y ,

cf1(xxx) ∈ Y , � Y Ǒ���ê.

2) Ùgy² Y U©� U þ��:.3d, ÏL�E÷v���¼ê5y² Y U©� U þ��:.�?¿ xxx0, yyy0 ∈ U , e xxx0 6= yyy0, ��E f ∈ Y ,�� f(xxx0) 6= f(yyy0). y�O f �k 2 ^5K:

R1 : If x1 is A1
1 and · · · and xr is A1

r,Then z is z̄1

R2 : If x1 is A2
1 and · · · and xr is A2

r,Then z is z̄2b � xxx0 = [x0
1, x

0
2, · · · , x0

r]
T, yyy0 =

[y0
1, y

0
2, · · · , y0

r ]
T, ½ Â ü � � 
 8 Ü A1

i , A
2
i

(i = 1, · · · , r), Ù�A�äá¼êǑ
µA1

i
(xi) = exp[−

(xi − x0
i )

2

2
]

µA2

i
(xi) = exp[−

(xi − y0
i )

2

2
]ù�Ò½Â
 f �Ü©�Oëê, �k z̄1, z̄29 wx0, wy0 �½. Ïd

f(xxx0) =

z̄1 + z̄2
r
∏

i=1

exp

[

−(x0
i − y0

i )
2

2

]

1 +
r
∏

i=1

exp

[

−(x0
i − y0

i )
2

2

] + wx0

(9)

f(yyy0) =

z̄2 + z̄1
r
∏

i=1

exp

[

−(x0
i − y0

i )
2

2

]

1 +
r
∏

i=1

exp

[

−(x0
i − y0

i )
2

2

] + wy0

(10)ÏǑ xxx0 6= yyy0, ok,� i, � x0
i 6= y0

i , Ïd, �3 exp[−(x0
i − y0

i )
2/2] 6= 1. d�, �IÀJ

z̄1 = 0, z̄2 = 1 �À�Ü·� wx0, wy0, Ò�±��
f(xxx0) 6= f(yyy0).

3) ��y² Y 3 U þ?¿�:Ø��.

3ª (5) ¥, �IÀJ z̄j ≥ 0 (j = 1, · · · ,M),

w̃0 > 0, =��
f(xxx) =

M
∑

j=1

z̄jK(xxx, x̃xxj)

M
∑

j=1

K(xxx, x̃xxj)

+ w̃0 ≥ 0 + w̃0 > 0 (11)dþy²L§��, Y Ǒ;�Ø� U þ���
Stone �ê. Ïd, ��:Äu RVM ��
�. Y U±?¿°Ý%C;�Ø� U þ�?¿ëY¢¼ê, =éu;�Ø� Uþ�?¿ëY¢¼ê g(xxx), oUé���Äu RVM��
�. f(xxx), � f(xxx) ��%Cu g(xxx). �5 1. ª (5) ¤«�¼ê/ª�éuª (2) ¤L«��
ín�.O\
�Nëê w̃0, l
Jp
�.�NÝ, �é¼êa.vkKǑ, =ª (5) Eáu�
�..d½n 1 ��: |^ RVM �{�ï�Xª (5)¤«��
�.U±?¿°Ý%C?¿ëY¢¼ê,Ù¥, ��­��ó�Ò´�Ün`z�.ëê. Äuª (5) �¼ê/ª, e¡�Ñ�«Äu�'�þÅÚFÝeü�{��
�.E£�{.

3 Äu�'�þÅÚFÝeü�{��
�.E£
3.1 (�E£3|^ RVM �{E£�
�.�L§¥,

RVM lÔö��¥J��'�þ (Relevance vec-

tors, RVs), z��'�þéA�^5K. �±��Äu RVM ��
�.�(�E£�{ 1, �{Ú½Ǒ: Ú½ 1. Ñ\ÑÑêâý?n: (½Ñ\ÑÑCþ�ê, )¤Ôö��Úu���;Ú½ 2. XÚ�©z: �)�ëê ααα =

[α0, α1, · · · , αn]T, Ø¼ê°Ý σ2, ��Ì�gê
kmax, �ëêþ� αmax, À�äá¼êa.Ǒpd., - k = 1;Ú½ 3. O��ëêÝ
 A =diag{α0, α1, · · · ,

αn} Ú�OÝ
 Φ;Ú½ 4. O � � � � � � Ú O þ Σ =

(σ−2ΦTΦ + A)−1 Ú µ = σ−2
ΣΦTttt, ttt =

[t1, · · · , tn]T ǑÑÑ�þ, l
�Ñd�� γk3
=

1 − αk3
Σ(k3+1)(k3+1), Σ(k3+1)(k3+1) Ǒ����Æ��Ý
 Σ �1 k3 +1 �éÆ��, k3 = 0, 1, · · · , n;Ú½ 5. ÏL αnew

k3
= γk3

/µ2
(k3+1) Ú (σ2)new =

‖t − Φµ‖
2
/(n −

∑n

k3=0 γk3
) üª�#�ëêÚØ¼ê°Ý, µ(k3+1) Ǒ��þ� µ �1 k3 + 1 �;
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≥ αmax � αk3

¤éA���9Ù�AØ¼ê, �½Ù{��Ǒ�'�þ, z��'�þéA�^�
5K, �'�þéA���êâǑ (x̃xxj, z̄j) (j = 1, · · · ,M), Ù¥, M ´�
5Kê8 (�u�'�þ�ê), x̃xxj Ǒ1 j ^5K�äá¼ê¥%�þ��, z̄j Ǒ�A�(Øëê��, Ó��#��Ø¼ê°Ý σ2 Ú�� w0 ©O�Ǒäá¼ê°Ý σj
i Ú�Nëê w̃0 ���.

3.2 ëêE£e¡|^ GD �{é�.ëê?1`z�#,XJæ^pd.äá¼ê, ^ θ L«¤k��O�ëê, K θ = [z̄1, · · · , z̄M , x̃1
1, · · · , x̃M

r , σ1
1 , · · · , σM

r ,

w̃0]
T.b�¼��?�Ñ\ÑÑêâéǑ (xxxk1

, zk1
),

f(xxxk1
;θ) L«Äu RVM ��
�.ÑÑ, zk1

L«¢SÑÑ, e(θ) L«�.ÑÑ�¢SÑÑ��,

k1 = 1, · · · , n, n ǑÔöêâ�ê.�OK¼êǑ
J =

1

2

n
∑

k1=1

e2(θ) =
1

2

n
∑

k1=1

[f(xxxk1
;θ) − zk1

]2 (12)æ^ GD �{, `z J ¼�(Øëê z̄j (j =

1, 2, · · · ,M), k
z̄j(η + 1) = z̄j(η) − λ1

∂J

∂z̄j

∣

∣

∣

∣

θ=θ(η)

(13)eò K(xxx, x̃xxj) {P� Kj, - a =
∑M

j=1 Kj,

b =
∑M

j=1 z̄jKj, K z = b/a + w̃0. �o
∂J

∂z̄j
=

∂J

∂z

∂z

∂b

∂b

∂z̄j
=

n
∑

k1=1

(f(xxxk1
;θ) − zk1

)
1

a
Kj

(14)òª (14) �\ª (13), � z̄j �S�úªǑ
z̄j(η + 1) = z̄j(η)−

λ1

n
∑

k1=1

[(f(xxxk1
;θ(η)) − zk1

)
1

a(η)
Kj(η)] (15)Ón��, x̃j

i!σj
i (i = 1, 2, · · · , r) Ú w̃0 �S�úª©OǑ

x̃j
i (η + 1) = x̃j

i (η)− λ2

n
∑

k1=1

{(f(xxxk1
;θ(η)) − zk1

)×

z̄j(η) − f(xxxk1
;θ(η))

a(η)
Kj(η)

xi(k1) − x̃j
i (η)

(σj
i (η))2

}

(16)

σj
i (η + 1) = σj

i (η)−λ3

n
∑

k1=1

{(f(xxxk1
;θ(η)) − zk1

)×

z̄j(η) − f(xxxk1
;θ(η))

a(η)
Kj(η)

xi(k1) − x̃j
i (η)

(σj
i (η))3

}

(17)

w̃0(η + 1) = w̃0(η) − λ4

n
∑

k1=1

[(f(xxxk1
;θ(η)) − zk1

)]

(18)Ù¥, xi(k1) ´Ñ\ xxxk1
�1 i �, λ1 ∼ λ4 �LÆSÇ, η �LS�Úê.du|^ RVM �{?1(�E£�L§¥�±���`�ëê�©�, l
\¯
$^ GD �{éëê`z�Âñ�Ý, �ëê��
?�Ú`z.

3.3 Äu�'�þÅÚFÝeü�{��
�.E£�{o(±þ�
�.(�E£ÚëêE£�Ú½,���Äu RVM ÚGD ��
�.E£�{ 2, �{Ú½Xe:Ú½ 1. ¢�êâæ8�ý?n: æ8¢�êâ, ¿éêâ?1ý?n, )¤��êâ;Ú½ 2. �.(�E£: N^�{ 1, (½�
�.5Kê8Úëê�©�;Ú½ 3. �.ëêE£: |^ª (15) ∼ (18) éëêÔö`z, ��`z�ëê�.;Ú½ 4. �.�y: |^u����y�.�5U, XJ÷v��, K�ª(½�.; ÄK, �£Ú½
1 ­#ÆSÔö.

4 Äu�'�þÅ�
�.��æý�|^Äu RVM ��
�.?1�æý��¢�´�â®k*ÿêâE£XÚ�., ýÿLÆXÚ�æ�¹�AÆëê, l
?1�æý�. b�XÚ�Ñ\ÑÑ*ÿêâ�±L«ǑÑ\ÑÑêâé�/ª (xxx(t), z(t)). Ù¥, xxx(t) L«XÚ t �Ǒ�Ñ\�þ, d�XÚÑÑ�'�Cþ|¤, z(t) L«XÚ t �Ǒ�ÑÑCþ, ´£ãXÚ�æ�¹�A



508 g Ä z Æ � 37òÆëê. �Ä�Úýÿ�¹, ýÿ¼êäkXe/ª[23−24]:

ẑ(t) = f(xt−1, xt−2, · · · , xt−r) (19)Ù¥, ýÿ¼ê f(·) dÄu RVM ��
�.ª (5)��, ẑ(t) ǑýÿÑÑ, r Ǒ�ÑÑ�'��þ�ê.Äu RVM �
�.��æý��Ä��n´:�â t �Ǒ±
¼��k�&E (xt−1, xt−2, · · · ,

xt−r), |^ª (19) ýÿ t �Ǒ�AÆëê� ẑ(t),l
�âeª�äXÚ�5��æ�¹.

The system is normal, If |ẑ(t) − za(t)| < ε0

The system is failure, Otherwise

(20)Ù¥, za(t) Ǒ t �Ǒ�~�, ε0 Ǒýk�½�K�.Äu±þ�æý��n�©Û, ��ÑÄu
RVM Ú GD ��
�.��æý��{ 3, �{Ú½Ǒ:Ú½ 1. êâæ8Úý?n: À�LÆXÚ�æ�¹�AÆëê�ǑÑÑ z(t), ���'�Cþ�¤Ñ\�þ xxx(t);Ú½ 2. N^�{ 2 ¥Ú½ 1 ∼ Ú½ 3, E£XÚ�.ª (19), - tk = 1;Ú½ 3. À�Ñ\Cþ xxx(tk), |^�Ñ��
�.ª (19)ýÿXÚ�5��æAÆëê ẑ(tk+1);Ú½ 4. À�T��K� ε0, |^ª (20) �äXÚ3 tk + 1 �Ǒ��æ�¹;Ú½ 5. - tk = tk + 1, �£Ú½ 3.

5 ¢��©ÛǑ�y�©¤JÑ��
�.E£�{9�æý��{�k�5, ©O?1
 CSTR �ê��ý¢�Ú,.$é.�XÚ¥ DTG �ó§¢~ïÄ,¿é¢�(J�
©Û'�, �Ñ
�A(Ø.

5.1 ê��ý¢��!ò|^¤ïá��
�. (RVM-FIS) é
CSTR ù���5XÚ?1E£, E£°Ýæ^²þýéz©'Ø� (Mean absolute percentage

error, MAPE) Úþ��Ø� (Root mean square

error, RMSE) 5ïþ, òÙýÿ(J�Äu SVM��
�. (SVM-FIS) �ýÿ(J�'�. SVM-

FIS /�©z [16] �ï��ª: k^ SVM �{?1(�E£, 2^ GD �{?1ëêE£, Ù¥,

C = 60, Ø¯aXê ε = 0.5, æ^pdØ¼ê, �Ø¼ê°Ý σsvm = 0.6.

CSTR ´��õCþ��5XÚ, �AÔ3Ù

SÜu)Ø�_�9�A, �±ÏL��6²�Aì�e%J6���AÔßÝ��)���, Ù�AL§�d±e�§|5£ã:

dCA

dt
=

q

V
(CAf − CA) − k0 exp(−

E

RT
)CA

dTA

dt
=

q

V
(Tf − TA) +

−∆H

ρCp

k0 exp(−
E

RTA

)CA+

UA

V ρCp

(Tc − TA)

(21)Ù¥, �ëê�¿Â��ë�©z [25].éª (21) ?1î.lÑz, ¿�ÄXÚD(,æ��m dt = 0.2min, XÚ�©G�Ǒ: CA0 =

0.22 mol/L, TA0 = 447 K. �Aì���Ææ^
PID ��Æ[25], ��AÔ�ßÝ�±3 0.2 mol/L.�XÚ$1 100 Ú�, éXÚ����Cz, �e%J6�Udª³Cz: q(s) = q(100) − (s − 100) ×

0.2. Ù¥, s ≥ 100, �LXÚ$1Úê.b�XÚ�¹ü�Ñ\ (Ñ\eY§Ý Tc Úe%J6� q), ��ÑÑ (�Aì§Ý TA). � 300 �êâ�¤��êâ, |^
 200 �êâ?1Ôö, �
100 �êâ?1u�, �y�.�E£°ÝÚk�5. 3Ôö�ã, P¹ RVM-FIS Ú SVM-FIS )¤�
5K�^ê; 3u��ã, ^ü«�.é�Aì§Ý TA ?1ýÿ, �¤�ÚOÙýÿØ�Ú$1�m. 3Ìª 1.91 GHz, S� 1.00 GB �O�Åþ?1�ý, (JXã 1∼ 4 ¤«. ü«�
�.�ýÿ(J½þ�IXL 1 ¤«.

ã 1 Ñ\eY§ÝÚe%J6�­�ã
Fig. 1 Graphs of imported cooling water and

refrigerant flow rateǑµd�æý��O(5, �ÄD(��Å5,
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 100 gMonte Carlo �ý¢�, ©O3À��æK� ε0 Ǒ 0.03 Ú 0.05 ��¹e, éXÚ�æý��O(Ç?1
ÚO, �æý��O(Ç ζ ÏLeªO�.L 1 ü«�
�.ýÿ(J'�
Table 1 Comparison of two fuzzy models′

predicting results�{ �ª5Kê (^) MAPE RMSE ýÿ�m (s)

SVM-FIS 163 0.0134 0.1160 80.53

RVM-FIS 30 0.0122 0.1059 1.15

ã 2 ü«�
�.�Ôö!ÿÁ­�ã
Fig. 2 Training and testing graph of two fuzzy models

ã 3 ü«�
�.�ýÿ­�ã
Fig. 3 Predicting graph of two fuzzy models

ζ =

num MC
∑

m=1

num a(m)

num t

num MC
× 100% (22)ª¥, num MC L«?1 Monte Carlo �ý¢��gê, num t L«zg¢�ÿÁ:��ê,

num a(m) L«1 m g¢�¥ýÿO(�:��

ê. �¢��ÚO(JXe: ε0 � 0.03 �, ζ =

92 %; ε0 � 0.05 �, ζ= 96 %.

ã 4 ü«�
�.�ýÿØ�­�ã
Fig. 4 Predicting error graph of two fuzzy modelslã¥�±wÑ, CSTR äk�r���5, ü«�
ï��{éÙþäk���%CUå, ýÿ(J�ý¢êâ'��C, ýÿ°Ý�p, Ø���. dL 1 �½þ'��±wÑ, �Ø´MAPE �´RMSE, RVM-FIS�ýÿØ�þ' SVM-FIS�,¿� RVM-FIS �^
 30 ^5K, �.(��{ü,?1ýÿ��mǑ�^
 1.15 s, �Ý' SVM-FISk
�ÌJp. Ù�Ï´: RVM �ÔöÄuDÕ��dnØ, 3Ôö�ÏLÚ\����ëêk�©Ù, é RVM ���?1
Ôö, 3ÔöL§¥�Ü©��¬é¯ªu", �±������
5K^ê, l
�y
)�DÕ5[19]. ǑÒ´`, RVM-

FIS 3�±� SVM-FIS °Ý���
Je, �
�.�(��é�\{', l
ýÿ�m�á. d�æý�O(Ç�ÚO(J�±wÑ, ¤JÑ��æý��{äk�p��æý�O(Ç, l
�Ñ±e(Ø:

1) Äu RVM Ú GD �{��
�.E£�{´�1�, �äk�p�E£°ÝÚ�zUå;

2) �éu SVM-FIS, RVM-FIS äke�`:: �
�.(��\{ü, ýÿ�m�¯, �Ï´
RVM �{Ú\
�ëê ααα, ��
5Kê��, �.DÕ5�r, ¿�±
�p�°Ý; ØI�2O��5zëê C ÚØ¯aXê ε, l
~�
O�þ;,	, RVM Ø¼êØI�÷v Mercer ^�;

3) Äu RVM �
�.��æý��{äk����æý�Uå.Ïd, �©¤JÑ��
�.E£�{Ú�æý��{´k��. e¡òÙA^uó§¢S+�,?�Ú�yÙE£UåÚ¢SA^d�.
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5.2 ó§¢~ïÄúÚ¤´Ø%�.5ì�, §���5��KǑ�����XÚ�5U, éu�y����XÚ���59S�5äk­��¿Â, Ù¤£Ø�´LÆúÚ¤�æ�¹�­�AÆëê. ±,.$é.�XÚ¥�ÄNúÚ¤ (DTG) � 21 �ÅF¤£êâ�Ǒ��êâ, 3 �êâ|¤����, Ù
 2 ���ǑÑ\, � 1 ���ǑÏ"ÑÑ, �¤ü�Ñ\��ÑÑ�êâé. ò/¤� 19 ���©¤ü|, 
 15 ��¤Ôö��^uÆSï�, �
4 ��¤u���éTúÚ¤��æ�¹?1ý�. éu�æý�¯K, Ø%´ïá£ãXÚ�æ�êÆ�., '�´éLÆXÚ�æ�¹�AÆëê?1O(�ýÿ. ǑBu'�, ©O^Xen«�
�.?1ï�Úýÿ: 1) RVM-FIS: �©ï��{; 2) SVM-FIS:ï��{Ó CSTR~f; 3) FCM-

FIS: /�©z [26] �ï��ª: k^�
 C þ�àa (Fuzzy C-means, FCM) ?1(�E£, 2^
GD �{?1ëêE£, Ù¥, �
�ê m = 2, àa�ê c = 3. úÚ¤¤£­�Xã 5 ¤«, ½þ'��IXL 2 ¤«.

ã 5 úÚ¤¤£­�ã
Fig. 5 Chart of gyroscopic driftL 2 n«�
�.ýÿ(J'�

Table 2 Comparison of three fuzzy models′

predicting results�{ �ª5Kê (^) MAPE RMSE

SVM-FIS 4 0.0067 0.0165

FCM-FIS 3 0.0080 0.0233

RVM-FIS 3 0.0055 0.0105e�K� ε0 = 0.03, |^Äu RVM ��
�.éúÚ¤31 16∼ 19 U��æ�¹?1ý�, ý

�(JXã 6 ¤«.lã 5 ¥�±wÑ, n«�
�.ÑUéúÚ¤�¤£ª³�Ñ�ǑO(�ýÿ. �´, lL 2�½þ�I�'�þ, �±²wwÑ, RVM-FIS Ú
FCM-FIS Ñ�^
 3 ^�
5K, SVM-FIS %^
 4 ^�
5K, w, RVM-FIS Ú FCM-FIS ��.(��\{'. ,
,�Ø´MAPE�´RMSE,

RVM-FIS �ýÿØ�Ñ´���, ýÿ�J��.lã 6 ¥éúÚ¤�æ�¹�ý��±wÑ, úÚ¤31 16∼ 19 U¥?u�~G�.

ã 6 1 16∼ 19 U�úÚ¤�æý�(J
Fig. 6 Fault prediction result of gyroscope among the

16th∼ 19th daysÏLúÚ¤�ý¢���Ñ±e(Ø:

1) Äu RVM ��
�. (RVM-FIS) U
éXÚ�AÆëê�ÑO(�ýÿ, ýÿ5U`u
SVM-FISÚFCM-FIS ,��.�{', ù�CSTR~f�Ñ�(J´���;

2) Äu RVM �
�.��æý��{UO(/ý�XÚ�æ�¹.

6 (Ø�©JÑ
�«|^ RVM E£�
�.��{, �Ñ
Ù¼ê/ª, ¿ÏL Stone-weierstrass½ny²
Äu RVM ��
�.äk��%C5,?
�Ñ
�«Äu RVM Ú GD �{��
�.E£�{, ¿òÙA^u�æý�+�. ÏLnØ©ÛÚ�ý¢�, �±�Ñ±e(Ø:

1) Äu RVM ��
�.3nØþäk��%C5, 
�Äu RVM ��
�.�±Ó�|^½5�£Ú½þêâü�¡�&E, Ǒò;[²��£A^u�.E£Ú��Jø
Ä:;

2) Äu RVM Ú GD �{��
�.E£�{U
�E{'��
�., �E£°Ý�p;
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3) Äu RVM �
�.��æý��{�±éXÚ��æ�¹�ÑO(�ý�.nþ¤ã, �©¤JÑ�Äu RVM ��
�.9Ù�'�{äknØ�15Ú�½�¢SA^då, �5�ïÄó�Ì�3uXÛ¢yÄu RVM��
�.�3�(�ÚëêE£, Jp�{�°Ý±9�æý��¢�5�.

References

1 Zhou Dong-Hua, Hu Yan-Yan. Fault diagnosis techniques

for dynamic systems. Acta Automatica Sinica, 2009, 35(6):

748−758

(±Àu, �ýý. Ä�XÚ��æ�äEâ. gÄzÆ�, 2009,

35(6): 748−758)

2 Zhou Zhi-Jie, Hu Chang-Hua, Zhou Dong-Hua. Fault pre-

diction techniques for dynamic systems based on non-

analytical mode. Information and Control, 2006, 35(5):

608−613

(±�#, ��u, ±Àu. Äu�)Û�.�Ä�XÚ�æý�Eâ. &E���, 2006, 35(5): 608−613)

3 Wan Feng, Sun You-Xian. Nonlinear discrete-time system

identifications based on fuzzy models: algorithms and per-

formance analyses. Acta Automatica Sinica, 2004, 30(6):

844−853

(�¸, �`p. Äu�
�.���5lÑ�mXÚE£: �{�5U©Û. gÄzÆ�, 2004, 30(6): 844−853)

4 Liao Long-Tao, Li Shao-Yuan, Huang Guang-Bin. T-S fuzzy

model identification with growing and pruning rules for

nonlinear systems. Acta Automatica Sinica, 2007, 33(10):

1097−1100

(
97, o��, �2R. 5K�)��?}���5XÚT-S �
�.E£. gÄzÆ�, 2007, 33(10): 1097−1100)

5 Kosko B. Fuzzy systems as universal approximators. In:

Proceedings of the IEEE International Conference on Fuzzy

Systems. San Diego, USA: IEEE, 1992. 1153−1162

6 Wang L X, Mendel J M. Fuzzy basis functions, universal

approximation, and orthogonal least-squares learning. IEEE

Transactions on Neural Networks, 1992, 3(5): 807−814

7 Chen Yong-Yi. Support vector machine and fuzzy systems.

Fuzzy Systems and Mathematics, 2005, 19(1): 1−11

(�[Â. |±�þÅ�{��
XÚ. �
XÚ�êÆ, 2005,

19(1): 1−11)

8 Chen S W, Wang J, Wang D S. Extraction of fuzzy rules by

using support vector machines. In: Proceedings of the 5th

International Conference on Fuzzy Systems and Knowledge

Discovery. Washington D. C., USA: IEEE, 2008. 438−442

9 Dragan K. Design of adaptive Takagi-Sugeno-Kang fuzzy

models. Applied Soft Computing, 2002, 2(2): 89−103

10 Sugeno M, Kang G T. Structure identification of fuzzy

model. Fuzzy Sets and Systems, 1988, 28(1): 15−33

11 Jang J S R. ANFIS: adaptive-network-based fuzzy inference

system. IEEE Transactions on Systems, Man, and Cyber-

netics, 1993, 23(3): 665−685

12 Nauck D, Kruse R. Designing fuzzy neural systems networks

through backpropagation. Fuzzy Modeling: Paradigms and

Practice. Boston: Kluwer Academic Publishers, 1996.

203−228

13 Chen Jian-Qin, Xi Yu-Geng, Zhang Zhong-Jun. On-line

identification of nonlinear systems using fuzzy models. Acta

Automatica Sinica, 1998, 24(1): 90−94

(�ï�, Rü�, Ü¨d. ^�
�.3�E£��5XÚ.gÄzÆ�, 1998, 24(1): 90−94)

14 Li Shao-Yuan, Wang Qun-Xian, Li Huan-Zhi, Chen Zeng-

Qiang, Yuan Zhu-Zhi. Identification and control based on

Sugeno′s fuzzy model. Acta Automatica Sinica, 1999, 25(4):

488−492

(o��, �+l, o�z, �Or, �Í�. Sugeno �
�.�E£���. gÄzÆ�, 1999, 25(4): 488−492)

15 Chen C C. A PSO-based method for extracting fuzzy rules

directly from numerical data. Cybernetics and Systems,

2006, 37(7): 707−723

16 Huang X X, Shi F H, Gu W, Chen S B. SVM-based fuzzy

rules acquisition system for pulsed GTAW process. Engi-

neering Applications of Artificial Intelligence, 2009, 22(8):

1245−1255

17 Xu X M, Mao Y F, Xiong J N, Zhou F L. Classifi-

cation performance comparison between RVM and SVM.

In: Proceedings of the IEEE International Workshop on

Anti-counterfeiting, Security, Identification. Fujian, China:

IEEE, 2007. 208−211

18 Tipping M E. The relevance vector machine. In: Proceedings

of the 13th Annual Conference on Neural Information Pro-

cessing Systems. Cambridge, USA: The MIT Press, 1999.

652−658

19 Tipping M E. Sparse Bayesian learning and the relevance

vector machine. Journal of Machine Learning Research,

2001, 1(3): 211−244

20 Kim J, Suga Y, Won S. A new approach to fuzzy modeling

of nonlinear dynamic systems with noise: relevance vector

learning mechanism. IEEE Transactions on Fuzzy Systems,

2006, 14(2): 222−231

21 Zhang Xu-Dong, Chen Feng, Gao Jun, Fang Ting-Jian.

Sparse Bayesian and its application to time series forecast-

ing. Control and Decision, 2006, 21(5): 585−588

(ÜRÀ, �¹, pV, �Éè. DÕ��d9Ù3�mS�ýÿ¥�A^. ���ûü, 2006, 21(5): 585−588)

22 Jiadeke B K [Author], Shen Xie-Chang, Fang Qi-Qin, Lou

Yuan-Ren, Xing Fu-Chong [Translator]. Introduction to

Polynomial Universal Approximation. Beijing: Beijing Uni-

versity Press, 1989

(Jiadeke B K [Í], !Q�, �è�, £�;, 0LÀ [È]. õ�ª��%C¼ê�Ø. �®: �®�ÆÑ��, 1989)



512 g Ä z Æ � 37ò
23 Si Xiao-Sheng, Hu Chang-Hua, Zhou Zhi-Jie. Fault predic-

tion model based on evidential reasoning approach. Science

China: Information Sciences, 2010, 53(10): 2032−2046

24 Hu Chang-Hua, Si Xiao-Sheng. Real-time parameters esti-

mation of inertial platform′s health condition based on belief

rule base. Acta Aeronautica et Astronautica Sinica, 2010,

31(7): 1454−1465

(��u, i��. Äu&Ý5K¥�.5²�èxG�ëê3��O. Ê�Æ�, 2010, 31(7): 1454−1465)

25 Zhou Z J, Hu C H, Xu D L, Chen M Y, Zhou D H.

A model for real-time failure prognosis based on hidden

Markov model and belief rule base. European Journal of

Operational Research, 2010, 207(1): 269−283

26 Mitra S, Hayashi Y. Neuro-fuzzy rule generation: survey

in soft computing framework. IEEE Transactions on Neural

Networks, 2000, 11(3): 748−768��u 1��Wó§Æ��Ç. Ì�ïÄ��Ǒ��nØ�A^!�æý�!�ä���5ó§. �©Ï&�ö.

E-mail: hch6603@263.net

(HU Chang-Hua Professor at Xi′an

Institute of Hi-Tech. His research in-

terest covers control theory and appli-

cations, fault prediction, fault diagnosis

and reliability engineering. Corresponding author of this

paper.)

�îr 1��Wó§Æ�a¬ïÄ).Ì�ïÄ��Ǒ�
XÚ��æý�.

E-mail: zhaoqiangwang@126.com

(WANG Zhao-Qiang Master stu-

dent at Xi′an Institute of Hi-Tech. His

research interest covers fuzzy systems

and fault prediction.)±�# 1��Wó§Æ�ù�, Æ¬.Ì�ïÄ��ǑXÚE£!�æýÿ��`�o.

E-mail: zhouzj04@mails.tsinghua.edu.

cn

(ZHOU Zhi-Jie Ph.D., lecturer at

Xi′an Institute of Hi-Tech. His re-

search interest covers system identifica-

tion, fault prediction and optimal maintenance.)i�� 1��Wó§Æ�Ú�u�ÆÆ¬ïÄ). Ì�ïÄ��Ǒ�{Æ·�O!�æýÿ!�?���5ó§.

E-mail: sxs09@mails.tsinghua.edu.cn

(SI Xiao-Sheng Ph.D. candidate at

Xi′an Institute of Hi-Tech and Ts-

inghua University. His research interest

covers remaining life estimating, fault

prediction, maintenance and reliability engineering.)


