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Fault diagnosis of industrial processes based on
weighted k–nearest neighbor reconstruction analysis
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Abstract: The k-nearest-neighbor (k--NN) is an effective fault detection method based on data driven, which has been
widely used in industrial process monitoring. However, investigating the root causes of abnormal events is a crucial task
when the process faults have been detected, and isolating the faulty variables provides additional information for investigat-
ing the root causes of the faults. In this paper, a novel fault diagnosis method is derived using weighted k--NN reconstruction
on maximize reduce index (MRI) variables, it can effectively identify the faulty variables and locate the faulty sensors. A
numerical simulation is provided to validate the performance of weighted k--NN in the aspect of data reconstruction; it also
show that this method is suitable not only for a single sensor fault, but also with good results for multiple sensor faults
which are existing simultaneously or in propagation through variable correlation. Finally, this method is applied to TE
chemical process successfully.
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1 ÚÚÚóóó(Introduction)
ó�L§¥�æ��3Ø=¬K�XÚ�S�$

1,$�¬E¤�¬�þeü±9<
ú�. Ïd,ó
�Úè�é��L§�S�5�5�À,ó�L§
��æiÀ��äEâ�¤�ISg�+��9:

ïÄ����[1–3]. �XgÄz��XÚ�FÃE,
z,O�ÅEâÚDaìEâ���uÐ,�5�õ
�L§êâU
��;ÚA^,ù�¤�Äuêâ°
Ä��æ�äEâ�±uÐ�cJ.C
c,õCþ
ÚOL§��(multivariate statistical process control,

MSPC)�{®²��\/ïÄ���
�U�¤J,
~X:Ì�©Û(principal components analysis, PCA)!
Ü©���¦(part least square, PLS)!�q5©ÛÚ
k�C�(k–nearest neighbor, k–NN)�uÿ�{9Ù
*Ð[4–20]®²�2�/A^u¢Só�L§.

�ó�L§¥�3�æ�,�
9�¦Ù¡E�
�~ó¹,�æ��ä�£O´��. 9�½ �
æCþ,uy�æ�´�æuÿ��,��8�,
�´l��þ�Ø�æ�'�.Ù¥,�zã[21–22]�

�DÚ��æ�ä�{,®²��
2��A^.
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KourtiÚMac-Gregor[23]ò�þCþÚL§Cþ��

zã^uÏépØ$�Ýà¯L�Aì��æCþ,
²LÁ�,¦�@�ù«�{¿ØU��O(/�«
�æ�; QinÚDunia[24]JÑ�«Äu���æ

�ä�{3�æf�m¥�l�æCþ,T�{®²
�A^u��æCþ; YueÚQin[25]$^éÜÚO

�I��æuÿ�{,¿3ÙÄ:þ�\ïÄ
Äu
�z�(RBC)��æCþ£O�{,Ó�,�`²

T�{3�½§ÝþÚDÚ�zã�{��äk�

æ�ö��A.

Cc5,Äuk–NN��æuÿ�{�JÑ¿¤õ
A^uëYL§Úm�L§[17, 26–27]. ,,duT�
{�O�þ�,I��;�¥m�õ, k–NN�{éO
�Å�O��Ý��;�mk�p��¦. �
)û
ù
¯K, He�[17, 26]JÑ
PC-k–NN�{,T�{æ
^�©���Ì¤©��ï���,Qü$
O�å
l�$�þ,q!�
�;�m,�T�{�Ñ
u
)3í��m�É~&E,K�
�æuÿ�°(5.
��,H�±�[27]�<JÑ
�«ÄuA��mk�

C�(FS-k–NN)�1gL§iÀ�{,T�{(ÜA
��m�Ì�Úí��¡L«
�©êâ�k^&

E.¦+k–NN�{3�æiÀ�¡®²��
éÐ
�¤J,�3�æ�äÚ�æCþ£O�¡�kïÄ.

Ïd,�©JÑ
�«#�Äu\�k–NN�©
Û��æ�ä�{,T�{�uÐïá3k–NNiÀ
�{�Ä:þ,´k–NN�{3�æ�ä±9�æC
þ£O�¡�?�ÚïÄ.Äk,ÏLk–NN�æu
ÿ�{éL§?1iÀ,�½L§¥´Ä�3�æ;
Ùg,�XÚ¥k�æ�3�,æ^\�k–NN��
{�z��Cþ¿O�������I,�gé
¦���I~����Cþ?1O�,S�����
I3�����S.T�{�8�´ÏéÚåL§u
)�æ�¤kCþ. T�{äk±eü�`³:

1) éêâA5vk��,�±k�/A^u�p
d!��5!õó¹êâ;

2) Ø==·^uü�Daì�æ,éõ�Daì
Ó��æÓ�k�,U
£O�¤ku)�æ�Da
ì;éuÌ��æCþÚÏCþ�'5Úå�Ù§�
æCþ,T�{�U�â�æu)��Ú���I~
�üS�ÑÐÚ�)º. �©��æ^ê��ý�y

T�{U
k�/é�æDaìê�?1�,¿
�ÏLTEL§é¤J�{?1
¢�,�y
�{�
k�5Ú��5.

2 ÄÄÄ���nnnØØØ(Basic theory)
2.1 k–NNÄÄÄ���555KKK(Basic rule of k–NN)

k–NNC�{,q¡k–NN©a{,§´�«�±
ýÿ��a½I\��ëêiÒ©a�{,éu��

©ÙÚ���©Ù�êâ8�±¼��p�©aO

(Ç,äkèF5r!Vg�ßÚ·^�pd!��5
êâ�Ãõ`:[27]. be����3A��m¥
�k���q(ål�C)���õêÑáu,��a
O,Kd���áuù�aO;�k�#����Ù
3Ôö���ck��C��ål�ÑaOá5�,
¡T���Ôö��äk���É.8c,Tg�®
²�A^uó�L§�æiÀ.

2.2 ÄÄÄuuuk–NN555KKK������æææuuuÿÿÿ (Fault detection
based k–nearest neighbors rule)
Äu�C�{�L§É~uÿ´��|^�~^

�e�L§êâ©Ù�C�A�?1À��C�ê

â��ïáL§ÚO�.,J��~���m��C
�ålA�þ,ïáÚO���.Ù��g�´É~
����~��¤áaØÓ,É~���ï�êâ¥
�~����C�ål¬�u�~���m��C

�ål,�±L«�

min df > min dn, (1)

Ù¥: min df´É~���Ôö���m��C�å

l; min dn´�~���Ôö���m��C�å

l[27]; k–NN�æï��uÿÚ½�ã1.

ã 1 k–NNï��uÿL§6§ã

Fig. 1 Flow chart of k–NN modeling and fault detection

�[�ï��uÿ�[Ú½Xeµ

1) æ8�~L§êâ¿IOz?n,òÙ=z�
"þ�,ü IO��Ý
.

2) �âª(2)O���m�ålÚOþ,¿æ^î
¼ålO�z��Ôö���Ù¦Ôö���m

�k��Cål²�ÚD2
k(xi),

D2
k(xi) =

k∑
j=1

‖xi −Nj(xi)‖2, (2)
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Ù¥: k = 3, Nj(xi)�Lxi�1j��C���.

3) ÏL�¥%k�©Ù(½ÚOþ�~©Ù�
&Ý�99%����δLimit

[16, 27–28].

4) éu#æ8��¢�êâ,æ^ï���þ�
9IO�?1IOz?n.

5) ¦�Ù�Ôö���ck��C��ål¿O

�ÚO�ID2
k(xnew)(k��C�ål²�Ú).

6) D2
k(xnew)��~ÚOþ���δLimit'�,X

J�u���,KL«T���~;��,L§É~.

3 \\\������k–NN���©©©ÛÛÛ���{{{ (Weighted
k–NN reconstruction method)
�ÚO�I�u����,XÚk�æ�3,�


(���U
¡E��~G�,�éÚå�æ��
´7��. Ïd,é�æ?1½ ,E£u)�æ�C
þ½Daì´�æ�ä�8�,�´�©�ïÄ:.

ÄkéA�ÎÒÚ��?1Xe½Â:

1) xtestL«uÿ���æ��. x′testL«��

xtest�KI���Cþ��eCþ|¤���,ë
�ã2.

2) nj(x′test)L«x′test3x′n×(m−1)¥�1j��C

���I\,Ù¥j = 1, 2, · · · , k.

3) w���,L«ÿÁ���ï�����q§
Ý,�����qÝ��;��K��.

�æCþ£OÚ½((Üã2):

1) �11�Cþ,�âª(2)é�x′n×(m−1)¥

x′test�k��C���,I\�nj(x′test)(j =1, 2, · · · ,

k),¿IPåld1, d2, · · · , dk.

2) �âª(3)O���w,Ù¥
k∑

j=1

wj = 1,?�Ú

�âª(4)�11�Cþ:

wj =
1
dj

/
k∑

l=1

1
dl

, (3)

v′1 =
k∑

i=1

wi(xni(x′test))1, (4)

Ù¥: (xni(x′test))1L«x′test3x′n×(m−1)¥1i�C�

I\e�x�11�Cþ�, v′1L«���xtest¥

11�Cþ�.

3) O��11�Cþ��ÚO�Id′1.

4) �âþã�{,�g�xtest¥�¤kCþ,
¿O����ÚO�Id′1, d

′
2, · · · , d′m.

5) ò�z�Cþ��ÚO�IUl���ü
S,b�üS�Xã3¤«,Ïé�I~���(max-
imize reduce index, MRI)�Cþ,�I��,`²�'
�æ���I~���õ.

6) 3ã3¥Äkò�I~����Cþ(xtest¥�

Cþ1)O�����v′1,¿O����ID1,�ä

´Ä�����,e�u���,ò���v′2O�

xtest¥�Cþ2,O����ID12,l���^S�
gS�,�����I�u���;b�

xt1 = [v′1 v2 · · · vm], xt12 = [v′1 v′2 · · · vm],

D1ÚD12�O��{Xª(5)–(6)µ

D1 =
k∑

j=1

‖xt1 −Nj(xt1)‖2, (5)

D12 =
k∑

j=1

‖xt12 −Nj(xt12)‖2. (6)

7) b�XÚ¥�kü�Cþ(Cþ1Ú2)u)É
~,��ã3(Ø,�æCþ£O(å.

ã 2 Cþ�[!ã

Fig. 2 The detail of variable reconstruction

ã 3 �æCþ£OL§6§ã

Fig. 3 Flow chart of fault variable identification

4 CCCþþþ���������æææ���äää¢¢¢~~~ïïïÄÄÄ(Case study
of variable reconstruction and fault diagno-
sis)

4.1 êêê������ýýý(Numerical simulation)
ê��ý¢~ÄkéCþ��°Ý?1
�y,

,�l�æCþ£O��Ý?�Ú�Ñ
©Û�?

Ø:�ª�y
T�{3�æCþ£O�¡�k�5.
ê�¢~dü�dÛCþsa, sb�E�7�Cþ|¤,
�±�âª(7)��:
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x1 = 0.3217sa + 0.4821sb + e1,

x2 = 0.2468sa + 0.1766sb + e2,

x3 = 0.8291sa + 0.4009s2
b + e3,

x4 = 0.7382s2
a + 0.0566sb + e4,

x5 = 0.3972s2
a + 0.8045s2

b + e5,

x6 = 0.6519sasb + 0.2071sb + e6,

x7 = 0.4817sa + 0.4508sasb + e7,

(7)

Ù¥: e1–e7´þ��",IO��0.01�D(, sa´

l−10�−7�m��Åê, sbÑlN(−15, 1).

�âþª)¤500�Ôö��,Ó��)500��
�y��(b�Cþx1l301�350��êâ"�).�

�y\�k–NN��{�k�5,¦^¤J�{
é"�êâ?1�Ö¿,ã4w«
�(J�¢
S��'�,²O�, 50�ê��²þØ��0.04%.

ã 4 ��êâ��©êâ�'�

Fig. 4 The comparison of reconstructed data and original data

,	,�
�y¤J�{3�æCþ£O�¡�
k�5, 500�ÿÁ����)¤,Ù¥�æXe: l
101�150��éx1\\Ì��8%����æ;l
401�450��©Oéx2Úx7\\10%Ú5%����
æ. ã5�Ñ
éÿÁ���uÿ(J,�±²w/w
�©O3101 ∼ 150Ú401 ∼ 450��XÚÑk�æ
u). du3���æ�, 101 ∼ 150��==Cþ1
V\
�æ,�Cþ1���,Xã6¤«,���I
®²�u���,Ïd3101 ∼ 150��,£OÑXÚ
¥�k���æCþ�x1.

Ón,éu401 ∼ 450����æ,)öÄk�Ñ
Xã7(a)–7(g)¤«��z��Cþ��uÿ(J,
�±wÑ,ã7(a), 7(c)–7(f)uÿ(JÄ�vkCz,
Ú�æ�����I��,7(b)Ú7(g)�3���
�É,ÏL'�kd′2 <d′7 <d′1 <d′6 <d′3 <d′5 <d′4.d

�)ö�Ñ�æ�U�Cþ2Ú7,=x2Úx7. �==
�x2Úx7�,���uÿ(J�ã7(h),d���
�I®²?u�����S.Ïd,�±(½401
∼ 450����æCþ�x2Úx7.

ã 5 ÿÁêâ��æuÿ(J

Fig. 5 Fault detection results of test data

ã 6 �Cþ1��uÿ(J

Fig. 6 The detection results after reconstructing variable 1

(a) �x1��(J

(b) �x2��(J
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(c) �x3��(J

(d) �x4��(J

(e) �x5��(J

(f) �x6��(J

(g) �x7��(J

(h) �x2Úx7��(J

ã 7 �Cþ��iÀ(J(l401–450)
Fig. 7 Monitoring results of reconstructed data from

401 to 450 samples

4.2 TELLL§§§AAA^̂̂ïïïÄÄÄ(Application research on TE

process)

TE(Tennessee Eastman)L§´Äu¢Só�L§

��ýY~,d{ITEzÆúiL§���|�

J.J.DownsÚE.F.Vogelu1993cJÑ[29]. TEL§·Ü

uïÄL§��Eâ!L§i�!�æuÿ��ä�

��.TL§dØ Å!©lì!�Aì!evìÚð

J©5�Ì��ö�ü�|¤,�)A–H8«¤©,L

§¥k41�ÿþCþÚ12���Cþ,�[�ó²6

§ãXã8¤«.

�©À�Ù¥�22�ÿþCþ(�L1)��iÿ
Cþ,êâÏL�ý^�¼�[30]. TL§�k21«�
æ�±Ú\,�©=±�æ1(�æa.���,6Ä
�A/C?�6þ'u)Cz,|©B¹þ�±ØC)�
~5?1�ýÁ�. �~ó¹�960���ægL§
²$1G�,�æó¹c160����Ã�æ��,
�800�����æ��.
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ã 8 TEzóL§6§ã

Fig. 8 Flow diagram of the Tennessee Eastman chemical process

L 1 TEL§iÿCþ
Table 1 Monitoring variables in the TE process

No. Cþ¶¡ No. Cþ¶¡

1 Ô�A6þ 12 ©lì� 

2 Ô�D6þ 13 ©lìØå

3 Ô�E6þ 14 ©lì.Ü6þ

4 Ô�AÚC6þ 15 )Û©� 

5 Ì�6þ 16 )Û©Øå

6 �Aì?�6þ 17 )Û©.Ü6þ

7 �AìØå 18 )Û©§Ý

8 �Aì�  19 )Û©�ð6þ

9 �Aì§Ý 20 Ø ÅõÇ

10 ���Ç 21 �Aìe%YÑ�§Ý

11 ©lì§Ý 22 ©lìe%YÑ�§Ý

Äk, k–NN�æuÿ�{�A^u�æ1,l
ã9�Ñ�iÀ(J�±���æÚ\�m�161
��,��½�æ���Ó.,	,�â���I~
�����±��,Cþ1ÚCþ4u)�æ�@,
¿��æÌ���,ùü�Cþ�U��æ�(�
Ú\�æ�Î).3�æÚ\ÐÏ�180�300��,
duCþ�m��'5,���IÑy
é��Å
Ä,�����Éé�;�ÏduXÚ�gN!õ
U,Nõ�±g1¡E�L§�æCþ®²£8�
~,�����Ik
�½§Ý�£á;3L§
"ÏE,vk¡E�~�Cþ�±@�´L§�æ

��.

ã 9 �æ1��æuÿ(J

Fig. 9 Fault detection results of fault 1

�
£O�)�æ��¿é�u)�æ�C

þ,|^�©JÑ�\�k–NN��{éz��
Cþ?1�,��Uì���I~�l���
(MRI)�^Sü�Cþ,Xã10¤«(ôÚ��,�
I�~�ÌÝ��),lã10¥�±w�,Cþ1(Ô
�A6þ)l�æÚ\��m©Ò®²u)É~
(�Ú\�æ�Î),��L§(å. �Cþ1�,ã
11w«Ñ���Ik²weü,�E,�u���.
�g�Ù¦~��I���Cþ,�Cþ1Ú4,
�Cþ1, 4, 18Ú19��uÿ(J©OXã12–13
¤«,���Ik²w�~�. ¢�±951�960�
��~,3ùã����XÚ®²��?u�~
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G�. Ïd,d�ã�æCþ�Cþ1, 4, 18Ú19,¤
éA�Cþ©O�Ô�A6þ,Ô�AÚC�6þ,
)Û©§ÝÚ)Û©�ð6þ,�ó²6§ÚÚ\
�æ©Û��.�L§¥¤k��æCþÑ��
��,�æuÿ(JXã14¤«,z������
�Iþ3�����S,XÚ¥¤k��æþ�é
�.

ã 10 ���I~�üSã

Fig. 10 The ordering of control index

ã 11 �Cþ1��uÿ(J

Fig. 11 The detection results after reconstructing variable 1

ã 12 �Cþ1Ú4��uÿ(J
Fig. 12 The detection results after reconstructing

variables 1 and 4

ã 13 �Cþ1, 4, 18Ú19��uÿ(J
Fig. 13 The detection results after reconstructing

variables 1, 4, 18 and 19

ã 14 �¤kCþ��uÿ(J

Fig. 14 The detection results after reconstructing all variables

5 (((ØØØÚÚÚ???���ÚÚÚ���óóó���(Conclusion and future
works)
3k–NN�æuÿ�Ä:þ,�©ÄgòT�{

A^u"�êâÖ¿ÚCþ�,JÑ�
«#�
Äu\�k–NN�©Û��æ�ä�{,T�{
�8I´°(/£OL§¥¤k�É~Cþ. ©Ù
©O¦^ê��ýÚTE¢~�y
\�k–NNêâ
��°(5ÚõCþ�æ£O�k�5. e�Ú
Oy3�©Ä:þ?�Ú&?ëêké�°Ý�

K�,¿^ê¼ål�Oîªål,ÏLnØ©Û
(Ü¢��ý`²üö��ä�J±9��«O.
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