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Nonlinear Fault Reconstruction Based

Fault Prognosis for Rotating Machinery

MA Jie1 LI Gang2 CHEN Mo1

Abstract It is an engineering problem of great application

value to monitor the rotating machinery online and perform

fault prognosis. A fault prognosis method is proposed for ro-

tating machinery based on kernel principal component analysis

and nonlinear fault reconstruction. First, kernel principal com-

ponent analysis is used to build a model of rotating machinery

and perform process monitoring. By describing the fault magni-

tude quantificationally, an optimal fault estimation is obtained

with an optimization method. At last, a multi-layer hierarchical

forecasting method is adopted to predict the fault magnitude

evolution. The flue gas turbine of Beijing Yanshan Petrochem-

ical Corporation is used to demonstrate the effectiveness of the

proposed method.

Key words Rotating machinery, nonlinear fault reconstruc-

tion, kernel principal component analysis, multi-layer hierarchi-

cal forecast
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Äz��u�, é�Ý!Nþ!�ÇÚ��5��¡kX�5�p�I�[1]. 8
, �+3^=Å���æuÿÚ�äïÄ�¡��
Nõ¤J, �´ÿ�3�
J:¯Kk�?�ÚïÄ[2], X�æýÿ¯K�[3−9].yk�^=Å��æýÿ�{Ì��)ÄuDÚ��5©Û�ýÿ�{!Äu¢�G�iÿ�ýÿ�{Úüö�·Ü�{[3]. Ù¥, ÄuDÚ��5©Û�ýÿ��{ (X%Ù�©Ù!�ê©Ù�) ´|^�����m��Å©Ù�., ·Üu�þÓ1g"���?ûü¯K, %�{�OÚýÿ,�äN^=Å���
èxG�. Ïd, |^¢�G�iÿ�ýÿ�{�5���<��­À.yk�G�iÿ�.�±©ǑÄuÅn�ýÿ�.ÚÄuêâ�ýÿ�.üa[10]. Ù¥, ÄuÅn�ýÿ�.�)Äu Paris �n��«O��.[11]!»�*Ñ�©9u��.[12]!ÄufÝ�»��.[13] �. duØÓ���Ån�.k²w�É, 
�J±¥ä����~$15E£����., ÏdÄuÅn�.�ýÿ�{3�õêó�y|¿Ø¢^. ��, Äuêâ�ýÿ�{du=I����~$1��êâ, �±3ØZ6��$1�
Je, é��?1¢�iÿÚ�æýÿ.~^�Äuêâ�ýÿ�{�){üª³ýÿ!�mS�ýÿ[14]!<ó ²�äýÿ!Ûê��Åýÿ[15]!ÄuXÚE£��{�. |^¢��iÿêâǑ,U
�N����
G�, ��{k�|^���òzÚO&E, Ïd�{?1�Ïýÿ. (Ü����
&EÚ{¤ÚO&E, <�JÑ
8¤�
G�ÚÚO©Ù��.. X'~ºx�.[16]!'~�Cþ�.[17]!�ÅÈÅ�.[18]!òz*Ñ�.[19] Úòz�B�.[20] �. �C, Si �[21] éÄuÚOêâ°Ä��{Æ·ýÿ�{?1
nã, �Ñ
�
�ïÄ9:ÚJ:¯K, �)�éõÿþCþe��æýÿ¯K. Wei �[22] �éõ�Daì&E, JÑ
�«Äuòz�BL§��æýÿ�..þãó��Ñb½�N��òz�Cþ´���ÿ�,½´ÏL��{ü�*ÿ�§��ÿCþéXå5. �´éu�
XÚ�U*ÿ��
m�Cþ, 
òzL§´Û¹3XÚ�*ÿCþ¥. 3b�XÚ�.®��
Je, Xu�[23] |^âfÈÅì¢y
�5ª³�æ��OÚýÿ.
�XÚ�.���, Li �[24] ò�5Ì�©Û (Principal

component analysis, PCA) �.^uÛ¹òzL§��æ�OÚýÿ, ¿��
�½¤J.du^=Å�$1��G�ÿþäk��5A5, k7��^��5�êâ�.. �©±�.^=Å�ëíÓÅǑïÄé�, Äu��5�.Ú�'��æ­�Eâ, é�aÏ5Uòz
����C�æ?1�ÏuÿÚ�O,¿éÙª³?1ýÿ. ��, ±¥I�z�®ÿì©úi�¢S$1�æêâ?1
�{�y. (JL², JÑ��{U
k�/�OÑ��5L§��æÌ�, ¿?1ýÿ.

1 ÄuØÌ�©Û�.��æuÿ
1.1 ØÌ�©Û�.Ø¼êÌ�©Û�. (Kernel principal component

analysis, KPCA) ´éÌ�©Û�.���5*�, 1998
d Schölkopf �[25] ÄgJÑ, 2004 
 Lee �[26] ¤õ/òØÌ�©ÛA^uL§i�. ØÌ�©Û«OuÌ�©Û´Ú\
��5Ø¼êN�, |^Ø¼êrÑ\êâN��p�AÆ�m, ,�3p��m¥, Uì�5Ì�©Û�.?



2046 g Ä z Æ � 40ònêâ. ��, ÏLÚ\Ø¼ê, Ò�±ò�©ÿþ�m¥E,���5¯K=zǑAÆ�m¥��5¯K.b� xxx1,xxx2, · · · ,xxxn ∈ R
m ´øØÌ�©ÛÆS� n �

m ����þ��. ���5N�Ǒ φ, �©�mR ÏL φN��p�AÆ�m F high ¥�. �©êâ xxxi 3N��m
F high ¥��Ǒ φ(xxxi), P Φ = [φ(xxx1), φ(xxx2), · · · , φ(xxxn)]T.

KPCA �Xe�AÆ�©)[21]:

Cφvvv =
λvvv

n
(1)Ù¥, Cφ = ΦTΦ/n ǑAÆ�m��êâ φ(xxxi) �Æ��Ý
. ½ÂK = ΦΦT, ααα = ΦTvvv, Kk

Kααα = λααα (2)Ù¥, ØÝ
K = (kij) ¥���UXe½Â:

kij = k(xxxi,xxxj) = φ(xxxi)
Tφ(xxxj) (3)¼ê k(·) =ǑØ¼ê. ~^�Ø¼êk»�ÄØ¼ê!õ�ªØ¼ê!Sigmoid Ø¼ê�. �©æ^�´»�ÄØ¼ê:

k(xxxi,xxxj) = e−
‖xxxi−xxxj‖2

c (4)éª (2)�)��AÆ�ÚAÆ�þ (λi,αααi), �âþª��:

vvvi = λ−1ΦTαααi (5)Ǒ
�y vvvi ´ü �þ, I�é αααi ?18�z?n:

αααi =
√

λiααα
o
i (6)Ù¥, αααo

i L«ª (2) ¥���ü �Ý�AÆ�þ. -
Pf = [vvv1, · · · ,vvvl] =Ǒ KPCA �1ÖÝ
, Ù¥ l ǑÌ��ê, d\O���zÇ(½[27]. éu��#�� xxx, �±O�Ù��5Ì�Xe:

ttt = PT
f φ(xxx) = Λ−

1

2 PTk(xxx) (7)Ù¥, k(xxx) = [k(xxx1,xxx), · · · , k(xxxm,xxx)]T, P = [ααα1, · · · ,αααl],

Λ = diag{λ1, · · · , λl}. ª (7) �Ñ´�±O��þ, Ïd�±^uiÿ.

1.2 ÄuØÌ�©Û��æuÿ�I�æuÿÏ~�^ü«�I�äXÚ�ó¹G�, =
Hotelling T 2 ÚOþÚ²�ýÿØ� (Squared prediction

error, SPE). 3 PCA �.¥, Hotelling T 2 ÚOþïþCþ3Ì�f�m�Cz, SPE �Iïþ���þ3í�f�m�ÝKCz. 3 KPCA �.¥, ü«uÿ�IÑ�±r�æ:¤õuÿÑ5, �éu�5 PCA 
ó, KPCA �·Ü��5�'�L§iÿ. 3KPCA �.¥, T 2!SPE �±©OO�Xe[26]:

T 2 = k(xxx)TPΛ−2PTk(xxx) ≤ T 2
α (8)

SPE = k(xxx,xxx) − k(xxx)TPΛ−1PTk(xxx) ≤ δ2
α (9)�ü«�I©O�L
�g�����, Òy²L§êâ¥Ñy
É~; e3���S, Ky²L§êâ�~.

1.3 8�zØÝ
þãí�´b�3AÆ�m F ¥∑n

i=1 φ(xxxi) = 0, 
¢S�¹¥∑n

i=1 φ(xxxi) 6= 0, �ÄkI�é φ(xxxi) ?1þ�¥%z?n:










φ(xxxi) = φ(xxxi) − 1

n

n
∑

i=1

φ(xxxi)

kij = φ(xxxi)Tφ(xxxj)

(10)Kþ�¥%z��ØÝ
K L«Xe:

K = K − 1n×nK − K1n×n + 1n×nK1n×n (11)ª¥, 1n×n Ǒ n × n Ý
, Ý
��Ǒ 1/n. 
K ¥���
kij �L�ǑXe/ª:

k̄(xxxi,xxxj) = k(xxxi,xxxj) − k(xxxi)
T111n−

k(xxxj)
T111n + 111T

nK111n (12)ª¥, 111n Ǒ n ��þ, �þ��Ǒ 1/n. 8�z�� k(xxx) �±�Ǒ:

k̄(xxx) = (I − 1n×n)(k(xxx) − K111n) (13)Ù¥, I Ǒü Ý
.

2 Äu��5�æ­���æ�O
2.1 �æ­��Ä��n�æ­�Ò´­#�E�Ø
�æ&E�L§êâ, ��æÏ�éTêâS�~Ü©�KǑ~���, l
�EÑ�~G�e�êâ; �æ�OÒ´�æ­�¤õ�, �OÑ�æ���. ­�Eâ®²3�æ�ä+�k
�
ïÄ¤J[27−28].b��~^�e�ÿþêâ^ xxx∗ L«, �æe�ÿþêâ^ xxx L«, fff L«�æÌ����, Ξ L«�æ���.����æêâ�deªL«[27]:

xxx = xxx∗ + Ξfff (14)e� SPE �Ǒ­�uÿ�I, K�æ�O�8I´ÏéXe8I��`)[28]:

min
fff

SPE(φ(xxx − Ξfff)) (15)þª´­��Cþ��æuÿ�I,ÏL�`z�{é��T8I¼ê��z��æ, �O fff Ò�±�­�����uÿ�I£��~����S.

2.2 �æ���J�e�æ����, I�l{¤êâ¥J��æ��. -
Xf = [xxx1,xxx2, · · · ,xxxnf ]T �L�æ�� Ξ e��æêâ,

Ξ ∈ R
m×d. du��5�æêâ xxx∗

i ´"þ��, ¤±æ^wÄ²þÈÅ{�ØÙé xxxi �KǑ. ÈÅ�,

XT
f = Ξ[fff1,fff2, · · · ,fffnf ] (16)é�æêâÝ
?1ÛÉ�©), ��[24]:

XT
f = UDV T (17)Ù¥, òéÆ
 D ��"ÛÉ�UìüSü�, À Ξ = U .¢SA^¥, d ���´���æ���­�uÿ�I?u�~������.
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2.3 ��5�æ­�9�OǑ� fff ���, Iò�Né fffT � �, 3 0 :?¼�4�. ë�©z [28], yr­����~êâb�Ǒ zzz

zzz = xxx − Ξfff (18)òª (9) ?�Úz{Xe:

SPE = k̄(zzzi, zzzi) − k̄(zzzi)
TMk̄(zzzi) (19)Ù¥, M = PΛ−1PT. ò SPE é fffT � �,

∂ SPE

∂fffT
=

∂k̄(zzz,zzz)

∂fffT
− ∂[k̄(zzz)TMk̄(zzz)]

∂fffT
(20)Ù¥, k̄ ´8�z��ØÝ
��. ²í�, ª (20) �Òm>1 1 ���Ǒ:

∂k̄(zzz,zzz)

∂fffT
= −2

[

111T
n

∂k(zzz)

∂fffT

]

(21)þª¥�þé�æÌ�� �, �±O�Xe:

∂k(zzz)

∂fffT
=

∂k(zzz)

∂zzzT

∂zzz

∂fffT
(22)duÀJ�Ø¼ê´»�Ä¼ê, ÏdéÙ� �Xe:

∂k(xxxi, zzz)

∂zzzT
=

2

c
k(xxxi, zzz)(−xxxT

i + zzzT) (23)

∂zzz

∂fffT
=

[ ∂zzz

∂f1
,

∂zzz

∂f2
, · · · ,

∂zzz

∂fd

]

= −Ξ (24)Ïd, ª (22) ��¤
∂k(zzz)

∂fffT
= −2

c
[B(zzz)Ξ − k(zzz)fffT] (25)Ù¥

B(zzz) =















k(xxx1, zzz)(xxx − xxx1)T

k(xxx2, zzz)(xxx − xxx2)T

...

k(xxxn, zzz)(xxx − xxxn)T















(26)ª (20) �Òm>1 2 ��z{Ǒ:

∂[k̄(zzz)TMk̄(zzz)]

∂fffT
= 2k̄(zzz)TMs

∂k̄(zzz)

∂fffT
(27)òª (27) �\ª (20) ��:

∂ SPE
∂fffT =

4

c
[111T

n + k̄(zzz)
T
M(I − 1n×n)]×

[B(zzz)Ξ − k(zzz)fffT]
(28)-þª�u"�þ, ���O��æÌ�Ǒ

fffT =
[111T

n + k̄(zzz)TM(I − 1n×n)]B(zzz)Ξ

[111T
n + k̄(zzz)TM(I − 1n×n)]k(zzz)

(29)�þª©1ØǑ 0 �, �æ�±��O; e©1Ǒ 0, K�æÌ��{��O.

dª (29) ��, Ì��{����, I�ÏL4í��ª(½. éáª (18) Úª (29), ��4íúªXe:

fff (j+1) =
ΞTB(xxx − Ξfff (j))

T
[111n+(I − 1n×n)Mk̄(xxx − Ξfff (j))]

k(xxx − Ξfff (j))
T
[111n + (I−1n×n)Mk̄(xxx − Ξfff (j))]

(30)Ù¥, þI)ÒS� j �LS��gê.

3 Äuõ�4���æýÿ�{�é�mS��õ�4��{��©Ǒ 2 �Ú½: 1) éõ�4��.��Cëê?1�O; 2) é�©��mS�?1ýÿ. duõ�4��{�Ä
XÚ��CA5, Ïdý�°Ýk¤J,[29].b� {y(k)} ´���mS�, �éÙ²­5vk��.Äk´ïáù��mS���
 1 Úýÿ�.
y(k) = a1(k)y(k − 1) + · · · + ap(k)y(k − p) + e(k) (31)ª¥, p Ǒ�.��ê, e(k) Ǒ�ÅD(. -

ϕ(k) = [y(k − 1), y(k − 2), · · · , y(k − p)]T

β(k) = [a1(k), a2(k), · · · , ap(k)]T (32)Kª (31) q�±�Ǒ:

y(k) = ϕT(k)β(k) + e(k) (33)^4í������{5�O[30]:

β̂(k) = β̂1(k) +
y(k) − ϕT(k)β̂1(k − 1)

‖ϕ(k)‖2
ϕ(k) (34)Ù¥,

β̂1(k) = β̂1(k − 1) + [y(k) − ϕT(k)β̂1(k − 1)]M(k)

M(k) =
1

λ + ϕT(k)P (k − 1)ϕ(k)
P (k − 1)ϕ(k)

P (k) =
1

λ
[I − M(k)ϕT(k)]P (k − 1) (35)XJ�ÅS� {β(k)} ´��õ��²­�S�, K β(k) �±�¤ β(k) = β + V (k) �/ª. Ù¥, β ´��C�½~�þ, {V (k)} ´"þ��²­�ÅS�. d��±A^õ�²­S��ï��{, ïáå'u {β(k)} ¤÷v��., =g£8wÄ²þ�. (Auto-regressive and moving average

model, ARMA). Xd�±ïáå��mS��Xê¤÷v��mS��.. XJ {β(k)} ,�©þØ´²­�, KUìþã�{ïá#������O¼��A�XêS�. þãï�L§²LeZgS�, ��¤kS��ï�í�Ǒ"þ�ÕáÓ©Ù��ÅS�; ,�|^���ãïá��.,l� 
�gýÿe�Ú½õÚ��mS��,���(J�Ǒþ�Ú�XêS�, �ª����mS���Ú½õÚýÿ(J.

4 A^ïÄ�©¤�^��yêâ5g¥I�z�®ÿì©úiëíÓÅÅ| 4 �Ï�Daì (YT-7704A!YT-7704B!YT-

7706A!YT-7706B) æ8��Û¹�æL§��Ä £êâ.
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LÆ�Ä�¯aÏf—�Ä�Ý�; ,�, 2^ØÌ�©Û�{éõ��'�Ä�Ý�?1L§iÿ.ã 1[30] Úã 2 ©OL«�^ KPCA Ú PCA �.?1�æuÿ�(J, �^ SPE uÿ�I5�ä�æ. lã 1 Úã 2 �±wÑ, 3 KPCA �.e�±r�æ:¤õuÿÑ5, ��31 31 : �; 
 PCA �.Ǒ,ǑUuÿÑÜ©�æ:, �´¬k�õ���. Ïd, KPCA �·Ü��5êâ�L§iÿ. Äud�� 30 ��æêâ, �^�©�{?1��5�æ­�, ^±�O�æÌ�. �â{¤êâJ�Ñ5��æ���þǑ:

ΞKPCA = [−0.4999,−0.5001,−0.5002, −0.4998]T�æ��êǑ��. d���æ´ëÅý�É~$1��Ï.u?P¹Xe: 2006 
 6 � 30 F 21:06 ©, 
e�6í, uy�!�?·�¡Ú�!�?Ä�¡��, ,���?Ä�¡�\�ä�. duëíÓÅ�p�^=, ä���¡Eþ
Ù��ä��¡, E¤ê¡·�¡É�, 
�?Ä�¡ÑÑy
�m £��¹, ÏdÅ|�Ä�!¶ £�â¬:ìþ,, ��ëíÓÅÑy�æ. 
ëÅ�¡3�Ï��~G�^=eÚå
áÆ��Nä�, ´�¡ä��Ì��Ï.u?Ü���
¤k=fþk�«� 19 ��?Ä�¡, ­#���?·�¡, u?ëíÓÅ�¶�9�ÜÜ , )Nu�Ù�/�. ^ SPE �Iu� KPCA �.e­���êâ, Xã 3 ¤«, ­��� SPE �Ñ3����e, `²Äu KPCA �.e�­��{U��/­�Ñ#��~êâ,�æ­��OÑ�æÌ�´�±�É�.

ã 1 ÄuKPCA ��æuÿ(J
Fig. 1 Monitoring results based on KPCAã 4 ´|^��5­��O����æÌ�. du�©êâ´���êâ, ��^õ�4�ý��{é�æÌ��ª³?1ýÿ. Xã 4 ¤«, =ýÿ�5 7 U�Ì��¹, ýÿÚêǑ 1 Ú, =J
�U?1�æÌ��ýÿ. lã 4 �±wÑ, ýÿ°Ý��, �±ÎÜ��.

5 (Ø�©�é�kÛ¹òz�æ���5L§, JÑ
ÄuØÌ�©Û�.��æ­�9ýÿ�{. T�{ïá3��{ü��æ£ãþ, |^®k��æuÿµe, ���A��æ­�(J, ¿O(�OÑ�æ�Ì�. duT�æÌ�

´�æéL§�nÜKǑ, J±¼�ÚO©Ù, Ïd�·Üêâ°Ä��{?1áÏýÿ. �©|^�é�CL§�õ�4��{\±áÏýÿ, ,�±�®ÿì�zëíÓÅÅ|ǑY~, �y
JÑ�­�Úýÿ�{�k�5.

ã 2 Äu PCA �.��æuÿ(J
Fig. 2 Monitoring results based on PCA

ã 3 KPCA �.e, �æ­�
�� SPE

Fig. 3 SPE before and after reconstruction based on KPCA

ã 4 Äuõ�4��{��æÌ��ª³ýÿ
Fig. 4 Fault prediction based on multi-level recursive model
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