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Abstract: This paper presents an evidential reasoning (ER)-based method of fault diagnosis by combining uncertain
information of various fault features collected from multiple sources for fault decision-making. A normalization approach
is applied to acquire diagnosis evidence from the likelihood function of fault feature samples gathered from information
sources (sensors). A novel method is proposed to calculate evidence reliability according to sensor accuracy specifications
and the differences of capabilities in recognizing fault modes through different fault features. A bi-objective optimization
model is presented to train evidence weights to reflect the relative importance of evidence. The ER rule is then applied
to combine multiple pieces of diagnosis evidence, which are regulated by their weights and reliability factors, and fault
decision-making can thus be conducted on the basis of the combined results. The proposed ER-based fault diagnosis method
inherits the main features of Dempster-Shafer evidence theory in uncertainty modelling, while providing a systematic
process for explicitly taking into account the reliability and importance of evidence, thereby enabling rigorous inference
and robust decision making. Finally, a diagnosis experiment on a rotor test bed is conducted to show the effectiveness of
the proposed ER-based fault diagnosis method.
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1 ÚÚÚóóó(Introduction)
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Shafer(DS)yânØ�&EKÜ�{,ÏL&Ý©
Ù(�äyâ)5£ã�æA�é�«�æ�ª(·
K)�|±§Ý,|^Dempster|Ü5KKÜõ�
äyâ,l�¼���°(�KÜ(J,¿^Ù?
1�æûü[2–5]. DSyânØ¥��Ñ
yâò��
{,ÏL��yâò�Ïf5£ãDaì½ÙJøy
â���5½�5[6–7]. �´yâ���5Ú�
5äkØÓ�Ôn¿Â,®k�ò��{¿�òü
�Vg\±«©[8]. d	,ò�yâ¤����{&
Ý�D�/����0,½=��E£µe(¤?Ø·
K��8),ù<�O\
ü�yâ��°(5,¿l
��þUC
�kyâ�VÇA�,½=AÉ5
(specificity),l��²Dempster5KKÜ���y
â��°(5Ø=<�/��
¿��ý
. ��î
�´þãò�Ïf�{¦�Dempster5K��

Ù/î�VÇínL§0���A5,ÏdØU��
��d(Bayes)5K3¤?Ø·K��8�m�î�
*Ð[8].
#Cuy�yâín(ER)5K,®²¤õA^u

��+�[9–12],§²(/«©
yâ��5Ú�5
�Vg,d	,Äu��Ú½n�Ñ�ER5K,´�
�î��VÇínL§,3z�yâÑ������
¹e, Dempester5K¤�§��«AÏ�¹[8]. ©
z[13]¥?�Ú�Ñ
ÄuêâÚOÚq,¼ê8�
z�yâ)¤�{,ØÓuÄu�
��! ²�ä
�<ó�U�yâJ��{[1–4],§ØI�é�æA
�Cz5Æ±9A���æ�ª�m�N�'X�

Ñ?Ûb�,´Äu��ÚO�êâ°Äyâ)¤�
{. �©�éõØ(½5�æA�&EKÜûü¯
K,�ÑÄuER5K��æ�ä�{. ÄkÄu�æ
A���q,¼ê8�z��{¦��Daì(&E
)��äyâ;lDaìØ�±9�æA�é��æ
a.EOUå��ÉÑu,�Ñ¼��äyâ��5
Ïf��{;�ÑV8I`z�.Ôö���äyâ
��5�,��|^ERKÜ5KKÜ²��5Ï
fÚ�5�?����äyâ,|^KÜ(J?
1�æûü. T�{U«
DSyânØ?nØ(½
5&EKÜ¯K�`:,Ó��Ñ
§3¢SA^¥
Ã{«©yâ��5Ú�5�Øv;T�{¥�ä
yâ�KÜ´�«VÇínL§,l¦��äL§
Ø=î���*!�&. ��,ÏL3õõU>Å=
fÁ��þ��æ�ä¢�,�y
¤J�{�k�
5.

2 yyyâââííínnn (ER)555KKK (Evidential reasoning
(ER) rule)
-Θ = {h1, h2, · · · , hN}´dN�üüp½�b

��¤�8Ü,§�¹
¤k�U�·K½b�,¡
T8Ü�E£µe. dΘ9Ù¤kf8|¤�8a¡

��8,P�P (Θ)½2Θ. �^yâ�L«�ª(1)¤
«�&Ý©Ù

ej = {(θ, pθ,j)|∀θ ⊆ Θ, Σθ⊆Θpθ,j = 1}, (1)

Ù¥: (θ, pθ,j)´yâej���,L«ej|±·Kθ�

§Ý�pθ,j ;d�, pθ,j=½Â�&Ý¼ê½&Ý©Ù,
ùpθ��P (Θ)¥Ø
�8�	�?���,ek
pθ,j > 0,K¡(θ, pθ,j)´ej���.
3ER5K¥,½Â
yâej���5ÏfrjÚ

�5�wj
[8]. ��5ÏfrjNy
)¤ej�&E

U
é�½¯KJø°(µ�½)��Uå,§´y
â��kA5;�5�wj½Â
ej��uÙ¦y

â��é�5,§�ûu�o��yâë�KÜ!
dX5¦^ù
yâ±9yâ¦^�äN|Ü[8–12].
��,�wj��â±þ�äN�¹Ì*(½,Ù¿
ÂØ�½�Óuyâ���5. ¹k��5ÏfÚ
�5��&Ý©Ù¼ê½ÂXª(2)¤«:

mj = {(θ, m̃θ,j)|∀θ ⊆ Θ; (P (Θ), m̃P (Θ),j)}, (2)

Ù¥: m̃θ,j��Ä��5ÏfÚ�5��yâej

é·Kθ�|±§Ý,½ÂXª(3)¤«[8]:

m̃θ,j =





0,

crw,jmθ,j,

crw,j(1− rj),

θ = ∅,

θ ⊆ Θ, θ 6= ∅,

θ = P (Θ),
(3)

Ù¥: mθ,j = wjpθ,j , crw,j=1/(1+wj − rj)´8�z
Ïf,Ù�y
Σθ⊆Θm̃θ,j + m̃P (Θ),j = 1¤á,¿k
Σθ⊆Θpθ,j = 1. �'uShaferJÑ�yâò��{[7],
ER5K¥ò�Äyâ��5�����{&Ý½Â
�Tyâ�Ø��5(1− rj),Ø´òÙýk©��
Θ�?Ûf8,´3yâKÜcòÙ6P3�8
P (Θ)�¶e,½=T&Ý�U|±�8Θ9Ù?Û

f8,Ø´�U|±Θ. ù�´Ï�pΘ,j´ej�SÜ

A5,AT�Ù¦θ��é�,�Écrw,j�Ó�ò�.
ù��Ò�±�± ejÚmjäk�Ó�(VÇ)A
�[7–8]. Äuþã½Â,,�yâ��{&Ý�N
T
yâ�Ø��§Ý.Ïd,yâ��{&ÝATXÛ
©�Ø´�ØUdTyâ��û½,´�ûu�Ù
KÜ�Ù¦yâ�&Ý©Ù.
XJü|yâe1Úe2´�pÕá�,@o�|^

ERKÜ5Ké§�?1KÜ[8],��e1Úe2éÜ|±

·Kθ�&Ý¼êpθ,e(2),Xª(4)¤«:



pθ,e(2) =





0, θ = ∅,
m̂θ,e(2)∑

D⊆Θ

m̂D,e(2)

, θ ⊆ Θ, θ 6= ∅,

m̂θ,e(2) = [(1− r2)mθ,1 + (1− r1)mθ,2]+∑
B∩C=θ

mB,1mC,2, ∀θ ⊆ Θ.

(4)

Túª�±48/^uõ^yâ±?¿^S�KÜ.
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3 yyyâââííínnn (ER)���æææ���äää���{{{ (Evidential
reasoning (ER) fault diagnosis method)

3.1 ÄÄÄuuu���æææ������qqq,,,¼¼¼êêê888���zzz������äääyyyâââ¼¼¼

������{{{(Diagnosis evidence acquisition method
based on normalized likelihood function of fault
feature samples)
��æ8ÜΘ = {F1, · · · , Fi, · · · , FN}, Fi�L

�æ8ÜΘ¥�1i��æ, i = 1, 2, · · · , N,N��

æ�ª��ê. �x´U
�N�æ8ÜΘ¥z��

æFi��æA�Cþ,TA�Cþ���d,&E
(Daì)Jø. �z��æFiu)�¼�x�δ�ÿ

þ��,§��¤�8Ü�V x
i ={vx

i,1, v
x
i,2, · · · , vx

i,δ},
©O�Ù¥����Ú�����xL

iÚxR
i ,K��

�CþxéuFi���Cz«m[xL
i , xR

i ],�O�±�
�N�«m[xL

1 , xR
1 ], [xL

2 , xR
2 ], · · · , [xL

N , xR
N ]. òùN

�«m�2N��mà:Uìl����^SüS,
|¤¹k2N�:�S�S = {s1, s2, · · · , s2N},Ù
¥sj ∈ {xL

1 , xR
1 , xL

2 , xR
2 , · · · , xL

N , xR
N}, j = 1, 2, · · · ,

2N ,Uìsj�üS,)¤x'u�æ8ÜΘ�2N − 1
���Cz«m Ix

1 = [s1, s2), Ix
2 = [s2, s3), · · · ,

Ix
2N−1 = [s2N−1, s2N). 3N«�æ©Ou)�,�¼
�N«�æ�ÿþ��8Ü�

V x
1 = {vx

1,1, v
x
1,2, · · · , vx

1,δ},
V x

2 = {vx
2,1, v

x
2,2, · · · , vx

2,δ},
...

V x
N = {vx

N,1, vx
N,2, · · · , vx

N,δ};
d	,e�kδ′�ÿþ��éA��æ�ª��,K�
ò§��¤�8ÜP�V x

Θ ={vx
Θ,1, v

x
Θ,2, · · · , vx

Θ,δ′}
(L«¢S¥�,¼�x��
��,�´�U�äÑ
Ù�N��æ�ª),@o�O�¼(Nδ + δ′)���,
¿�¤x�o��8�

V x = {V x
1 , V x

2 , · · · , V x
N , V x

Θ}. (5)

ÚO§�3�«m¥�Ý:�ê,��EÑA�C
þxÚ�æF1, F2, · · · , FN±9�8Θ�m�Ý:Ý


,XL1¤«,Ù¥: l = 1, 2, · · · , 2N − 1���C
z«m��ê, ailL«�æFi�A�Cþx���

3 [sl, sl+1)¥�Ý:�ê,¿k δ =
2N−1∑
l=1

ail, δ′ =

2N−1∑
l=1

aΘl, ηl�[sl, sl+1)¥���Ý:�ê�oÚ,¿

kηl=
N∑

i=1

ail + aΘl.

�âL1,�¼���æFiu)½Ã{�äÛ«�

æ(Θ)u)�, x���á\«m[sl, sl+1)�q,¼ê
�

c(Ix
l |Fi) =

ail

δ
, c(Ix

l |Θ) =
aΘl

δ′
. (6)

L 1 �æA�Cþx�Ý:Ý
L

Table 1 The casting matrix of fault feature variable x

�æA�x���Cz«m

Ix
1 · · · Ix

l · · · Ix
2N−1

oO

[s1, s2) · · · [sl, sl+1) · · · [s2N−1, s2N )

F1 a11 · · · a1l · · · a1(2N−1) δ
...

...
. . .

...
. . .

...
...

�æ Fi ai1 · · · ail · · · ai(2N−1) δ

a.
...

...
. . .

...
. . .

...
...

FN aN1 · · · aNl · · · aN(2N−1) δ

Θ aΘ1 · · · aΘl · · · aΘ(2N−1) δ′

oO η1 · · · ηl · · · η(2N−1) Nδ+δ′

òª(6)¥�q,¼ê?18�z,¼��x��

�á\«mIx
l �,�æFi½Θu)�&Ý�[13]





px
i,l =

c(Ix
l |Fi)

N∑
i=1

c(Ix
l |Fi)+c(Ix

l |Θ)
,

px
Θ,l =

c(Ix
l |Θ)

N∑
i=1

c(Ix
l |Fi) + c(Ix

l |Θ)
,

(7)

¿k
N∑

i=1

px
i,l+px

Θ,l=1,Kd�¼���äyâ�

ex
l = [px

1,l, p
x
2,l, · · · , px

N,l, p
x
Θ,l]. (8)

�½��A�Cþx���,Ù7,á\Ix
1 , Ix

2 , · · · ,

Ix
2N−1¥�,��,d�T«m¤éA��äyâ

ex
1 , e

x
2 , · · · , ex

2N−1¥�,���-¹,K�±�-¹
�yâ��ê�2N − 1,L2�Ñ
�A�yâÝ
.

L 2 �æA�ëêx�yâÝ
L

Table 2 The evidence matrix of fault feature variable x

�æA�x��äyâ

ex
1 · · · ex

l · · · ex
2N−1

Ix
1 · · · Ix

l · · · Ix
2N−1

F1 px
1,1 · · · px

1,l · · · px
1,2N−1

�
...

...
. . .

...
. . .

...
æ Fi px

i,1 · · · px
i,l · · · px

i,2N−1

a
...

...
. . .

...
. . .

...
. FN px

N,1 · · · px
N,l · · · px

N,2N−1

Θ px
Θ,1 · · · px

Θ,l · · · px
Θ,2N−1

3.2 yyyâââ������555ÏÏÏfff���¼¼¼������{{{(The method of
calculating evidence reliability )
3�©¥,)ö�Ä
K�yâ)¤�ü�¡Ï

�.11�Ï�´¤y©�yâ«méu���æ�
ª9�8Θ�E£Uå, ex

lé,��æ�ª�E£U

å�r,Ò¿�X§éuT�æ�ª�&ÝD�Ò�
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�,éÙ¦�æ�ª�&ÝD���. XJex
lé��

�æ�ª9Θ�D�þ�(1/(N + 1)),@o`²ex
lé

�äØUJø?Ûk^�&E.¤±½Â/Ã&E&
Ý�þ0�γ =[1/(N+1), 1/(N + 1),· · ·, 1/(N+1)],
K�±¦�ex

l�γ�m�î¼åldE(ex
l , γ)^uÝ

þex
l�E£Uå

Rfx
l = dE(ex

l , γ) ∈ [0, 1]. (9)

w,, Rfx
l ��`²ex

l�ªCuγ,KÙ¹k�&Eþ
��,KE£�æ�Uå�f,��K�r.

12�Ï��9�^uæ8A�Cþx�Da

ì(&E)�����5. Daì���5,�±dÙ
*ÿØ�¤û½. yâ8ÜEx ={ex

l |l=1, 2,· · ·, 2N

− 1}´Äu��Cz«mIx
l )¤�. 3¢S¼�ÿ

þ���L§¥,êâ�Ö�  ��X±∆%�*
ÿØ�,Ïd,3lDaì¼����,éz���V
\∆%½−∆%�6Ä,O�ù
¹k6Ä���Ø
2á\Ix

l ��ê,P�σl,¿kσl 6ηl. σl ��,`²
Ý:L§��5$,@o�A)¤�yâex

l��Ø�

�.@o�±½ÂdDaìØ�Ú��«mÝ:Ø�
Úå�ex

l��5Ïf�

Rnx
l =

ηl − σl

ηl

∈ [0, 1]. (10)

��,yâex
l�nÜ��5Ïfrx

l�dª(9)Úª(10)
Ü¤��:

rx
l = Rfx

l ×Rnx
l ∈ [0, 1]. (11)

w,, rx
l��,K)¤�yâex

l���.

3.3 ÄÄÄuuuVVV888III`̀̀zzz���...���yyyâââ���555���ÔÔÔööö

���{{{(The method of training evidence weights
based on a bi-objective optimization model)
b��|^Daì¼�3«�æA�Cþx1, x2,

x3���,E£8ÜΘ = {F1, · · · , Fi, · · · , FN}¥�
�æ. 3db�e,`²XÛ�ï`z�.¼�yâ
��5�. d3.1!Jø��{�)¤3|yâ8
ÜEk ={ek

l |l = 1, 2,· · ·, 2N−1}, k=1, 2, 3L«�
æA���ê,@oI�Ôö�yâ�5��

W = {wk
l |l = 1, 2, · · · , 2N − 1, k = 1, 2, 3}. (12)

òdª(5)¼��ÿþ��8Ü�Ü�'ux1, x2, x3

�Ôö���þ

V = {[v1
j , v

2
j , v

3
j ]|vk

j ∈ V xk , j = 1, 2, · · · , (Nδ +

δ′), k = 1, 2, 3}.
éuÔö��8Ü¥�,�����þ,§7½

-¹,��äyâ|Ü,~X/ex1
3 , ex2

4 , ex3
2 0. Ïd,

¤k�U�-¹�yâ|Ü�oê�Q=(2N−1)3.

|^ER5K�±��1q|yâ|Ü�KÜ(

J,P� eq,e(3) = [pq
1,e(3) pq

2,e(3) · · · pq
N,e(3) pq

Θ,e(3)],
q = 1, 2, · · · , Q,K�±½Âeq,e(3)�¢Su)��

æ�ª�m�ål�

Do(W ) =
Q∑

q=1

(n1,qD1,q + n2,qD2,q + · · ·+

nN,qDN,q + nΘ,qDΘ,q), (13)

Ù¥: ni,qL«1 q|yâ|Ü¥,�Fiu)�éA

�Ôö���þ��ê,¿k δ =
Q∑

q=1

ni,q, δ′ =

Q∑
q=1

nΘ,q,¤±L1¥�(Nδ + δ′)�Ôö��Ñë�


Do(W )�$�:{
Di,q = dE(Pq,e(3), αi),

DΘ,q = dE(Pq,e(3), αΘ),
(14)

Ù¥: αi´1i����1Ù¦���0�N + 1��
þ, αΘ´1N + 1����1,Ù¦���0��þ.
αiÚαΘ´ë��þ,L«�æFi½Θý¢u),éÙ
�&ÝD��1. dEL«KÜ(J�ë��þ�m�

îªål,§Ýþ
Pq,e(3)Úý¢u)��æFi½Θ

�m�ål. Do(W )nÜÝþ
Q«|Ü¤�KÜ(

J|±ý¢u)�æ�§Ý. Do(W )��K�æ(�
Ç�p,��K�$.

==ÏL��zDo(W )���`ëê8W´Ø

�¡�,Ï�=¦éAuwk
l�ek

lk�p���5,¡
¡/��zDo(W )�U¬ÚåTwk

l ∈ W�C��

�0,��/,�ek
l��5�$�,E¬Úåwk

l ∈ W

�C���1,lÑyk�~n�wk
l��.�
;�

ù«�¹,Ú\,�ål,�wk
lÚÙë��w̄k

l �

m�ål

Dr(W ) =
K∑

k=1

dE(W k, W̄ k), (15)

Ù¥: W k =[wk
1 , w

k
2 ,· · ·, wk

2N+1], W̄ k =[w̄k
1 , w̄

k
2 ,· · · ,

w̄k
2N+1],�ö´cö�ë��.ùp�½ë��w̄k

l

= rk
l ,Ï�l��5Ïfrk

l�¢S¿Â�±wÑ,�
,�yâ���5puÙ¦yâ�,3KÜL§¥§
ATäk�p��5�.

@o,Ò�±òª(13)Úª(15)ü«ÝþIO�(
Ü,�¤��/Xª(16)�V8I`z�.

minW (a×RCo + (1− a)×RCr). (16)

ÏL��zþª���é��`��5�8

ÜW ,Ù¥: 06wk
l 6 1, RCo =

Do −D−
o

D+
o −D−

o

, RCr =

Dr −D−
r

D+
r −D−

r

, RCoÚRCr© O ´Do(W )ÚDr(W )�

�éCz�. Ð�a ∈ [0, 1]Ú(1− a)�±^5N
�3ØÓA^�µeRCoÚRCrü�µd�I�3
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nÜ�I¥�'. ÏLòwk
l = rk

l�\ª(13)�¼
�Do����D+

o ,d�D−
r = 0. Do����D−

o

´30 6 wk
l 6 1��åe,ÏL��zDo(W )¼�,

,�òD−
oéA�W�\ª(15)=�¦��A�D+

r .
�`�W�ÏLÄuFÝ�|¢�{½ö��5`

z^��(XMATLAB^�`zóä¥�fmincon¼
ê)¦�. 3¼��`�W��,=�|^ERKÜ5
KO�ÑKÜ(JPq,e(3) = [pq

1,e(3)p
q
2,e(3) · · · pq

N,e(3)

pq
Θ,e(3)],,�,Äu±eûüOK5�Ñ�ä(J:

OOOKKK 1 XJ

max(pq
1,e(3) pq

2,e(3) · · · pq
N,e(3)p

q
Θ,e(3)) = pq

i,e(3),

@o�æA��þéA�KÜ(J���æa.Fi;

OOOKKK 2 XJ

max(pq
1,e(3) pq

2,e(3) · · · pq
N,e(3)p

q
Θ,e(3)) = pq

Θ,e(3),

@o�æA��þéA�KÜ(J��/�æ�U

´Θ¥�?Û��0,½=Ã{�Ñûü.

|^±þOK¼��ûü(J,�±�EÑX
L3¤«��æûü· Ý
.

L 3 KÜ�ä�æûü�· Ý

Table 3 The confusion matrixes of fused diagnosis

decision-making

KÜ�æ�ä(J

F1 · · · Fi · · · FN Θ
oO

F1 n1,1 · · · n1,i · · · n1,N n1,Θ δ

�
...

...
. . .

...
. . .

...
...

...
æ Fi ni,1 · · · ni,i · · · ni,N ni,Θ δ

a
...

...
. . .

...
. . .

...
...

...
. FN nN,1 · · · nN,i · · · nN,N nN,Θ δ

Θ nΘ,1 · · · nΘ,i · · · nΘ,N nΘ,Θ δ′

L3¥, ns,t(s, t = 1, 2, · · · , N,Θ)L«ý¢�æ
a.�Fs½ö��Θ,Ôö��éA�KÜ(J|
±��æ�ªFt½Θ��ê,�s = t�,KL²�æ
����(�ä.

�¦^ª(16)�V8I`z�.¼��`�W

�,I��½ Ð��a. a�ÀJA�Ì/�(�

ä�Ôö���êRc = n1,1 + n2,2 + · · ·+ nN,N +
nΘ,Θ(· Ý
é�����Ú)��z0�OK.Ä
ud�±ÏL±eÚ½5¼��` Ð��a:

1) -�wk
l������[0, 1],�Ð��1,2

|^ª(13)Úª(15)¦�D+
o , D−

o , D+
r , D−

r ;

2) ±0.2�Ú�30�1�mH{a���,?1V
8I`z�¼�a = 0.2, 0.4, 0.6, 0.8��· Ý
,
�ìcã�5K,ÀJÙ¥�Z�a;

3) ±Ú½2)¥À��a�¥%�E�°(�#|

Ï«m,¿± 0.2/2n�Ú�EÚ½2), n�Ú½2)�
Egê,���c«m¥¤k Ð�aéA�·

 Ý
Ñ�Ó,K�À�T«m�¥:½?¿�:�
��` Ð�a���.

4 333>>>ÅÅÅ===fff���æææ���äää¥¥¥���¢¢¢������yyy(A
diagnosis experiment on a motor rotor test
bed)

4.1 >>>ÅÅÅ===fff¢¢¢���������(The experimental setup of
motor rotor)
�©±>Å=f�æ�ä�~�y�©�{�k

�5. ¢����ZHS–2.õõUR5=fÁ��,
ò�Ä £DaìÚ\�ÝDaì©OS�3=f

| ��Y²ÚR���æ8=f�Ä&Ò,²HG–
8902æ8�ò&ÒDÑ�O�Å,,�|^Labview
�¸e�HG–8902êâ©Û^���=f�Ä\�
ÝªÌ±9���Ä £²þÌ����æA�&

Ò[1, 4].

©O3Á��þ��±e4«;.�æ�ª: �~
$1F1,=fØ²ïF2,=fØé¥F3,Ä�tÄ
F4. ÏLé�þ¢�êâ�©Û��,ÚuÉ~�Ä
��æÑ¬�)�½ªÇ¤©��ÄÌ�O\½

~�[1]. Ïd,ùpÀ�1X ∼ 3X�ª±9���Ä

 £²þÌ����æA�Cþ. �½=f=��
1500 r/min,KÄª1X�25 Hz, n�ªnX , n = 1, 2,

3, · · · ,�(n× 25) Hz. òª��1X ∼ 3X��ÄÌ

�±9���Ä £4«A�&E?1nÜ�Ñûü.
¢�¥,¤À���ÄDaì�*ÿØ��∆ =
±1%.

4.2 ¦¦¦������äääyyyâââ999ÙÙÙ������555ÏÏÏfff(Calculating
diagnosis evidence and reliability)
|^13.1!��{,Äk�(½�¢�¥��æ

E£µe�Θ = {F1, F2, F3, F4}. éu1X, 2X, 3X

�Ì�Ú���Ä £²þÌ�ù4�A�Cþ,©
O34«�æ�ªe,±�mm�∆t = 16 sëYæ
8δ = 500gÿþ�,=�¼�2000�ÿþ(Ôö)�
�,^uïá�æA�Cþ'u4«�æ�2N−1=
7���Cz«m,@o�±��4«A�Cþé
A4«�æ,�4|28���Cz«m,�A�Ý:Ý

XL4−7¤«. I�5¿�´,Ï�ù
�æêâ
Ñ´3�æ¢�¥¼�,Ø�3��éA�æ�ª�
���¹,¤±�8Θ3��«m¥vkÝ:��.
Ù¥:

I1X
1 = [0.0681, 0.1517), I1X

2 = [0.1517, 0.1567),

I1X
3 = [0.1567, 0.1602), I1X

4 = [0.1602, 0.1706),

I1X
5 = [0.1706, 0.2006), I1X

6 = [0.2006, 0.2050),

I1X
7 = [0.2050, 0.2176);
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I2X
1 = [0.0403, 0.1422), I2X

2 = [0.1422, 0.1478),

I2X
3 = [0.1478, 0.1571), I2X

4 = [0.1571, 0.1621),

I2X
5 = [0.1621, 0.1865), I2X

6 = [0.1865, 0.2010),

I2X
7 = [0.2010, 0.2147);

I3X
1 = [0.0446, 0.1179), I3X

2 = [0.1179, 0.1327),

I3X
3 = [0.1327, 0.1365), I3X

4 = [0.1365, 0.1707),

I3X
5 = [0.1707, 0.1754), I3X

6 = [0.1754, 0.2096),

I3X
7 = [0.2096, 0.2718);

I £1 = [3.6010, 3.9090), I £2 = [3.9090, 4.0004),

I £3 = [4.0004, 4.2900), I £4 = [4.2900, 4.3850),

I £5 = [4.3850, 4.8510), I £6 = [4.8510, 5.0673),

I £7 = [5.0673, 5.2160).

L 4 'u�æA�Cþ1X�Ý:Ý


Table 4 The casting matrix of fault feature variable 1X

�æA�1X���Cz«m

I1X
1 I1X

2 I1X
3 I1X

4 I1X
5 I1X

6 I1X
7

oO

F1 494 4 1 1 0 0 0 500
�

F2 0 53 107 318 21 1 0 500
æ

F3 0 0 10 66 417 6 1 500
a

F4 0 0 0 0 332 102 66 500
.

Θ 0 0 0 0 0 0 0 0

oO 494 57 118 385 770 109 67 2000

L 5 'u�æA�Cþ2X�Ý:Ý


Table 5 The casting matrix of fault feature variable 2X

�æA�2X���Cz«m

I2X
1 I2X

2 I2X
3 I2X

4 I2X
5 I2X

6 I2X
7

oO

F1 498 0 1 0 1 0 0 500
�

F2 0 3 6 35 455 1 0 500
æ

F3 0 0 0 6 359 134 1 500
a

F4 0 0 7 1 69 297 126 500
.

Θ 0 0 0 0 0 0 0 0

oO 498 3 14 42 884 432 127 2000

L 6 'u�æA�Cþ3X�Ý:Ý


Table 6 The casting matrix of fault feature variable 3X

�æA�3X���Cz«m

I3X
1 I3X

2 I3X
3 I3X

4 I3X
5 I3X

6 I3X
7

oO

F1 480 19 1 0 0 0 0 500
�

F2 0 0 0 0 0 499 1 500
æ

F3 0 0 0 159 24 177 140 500
a

F4 0 214 104 181 1 0 0 500
.

Θ 0 0 0 0 0 0 0 0

oO 480 233 105 340 25 676 141 2000

L 7 'u���Ä £²þÌ��Ý:Ý

Table 7 The casting matrix of fault feature variable

/displacement0

�æA�/ £0���Cz«m

I £1 I £2 I £3 I £4 I £5 I £6 I £7

oO

F1 386 113 1 0 0 0 0 500
�

F2 0 0 0 2 497 1 0 500
æ

F3 0 9 88 73 290 37 3 500
a

F4 0 0 0 0 319 180 1 500
.

Θ 0 0 0 0 0 0 0 0

oO 386 122 89 75 1106 218 4 2000

�âÔö���Ý:Ý
,�±ÏLª(6)���
A�q,¼ê,¿^ª(7)éq,¼ê8�z��y
âex

l =[px
1,l, p

x
2,l, p

x
3,l, p

x
4,l, p

x
Θ,l],ùp�æA�x∈

{1X, 2X, 3X, £}, l=1, 2,· · ·, 7,XL8−11¤«.

L 8 'u�æA�1X�yâÝ


Table 8 The evidence matrix of fault feature 1X

�æA�1X��äyâ

e1X
1 e1X

2 e1X
3 e1X

4 e1X
5 e1X

6 e1X
7

F1 1 0.0702 0.0085 0.0026 0 0 0
y F2 0 0.9298 0.9068 0.8260 0.0273 0.0092 0
â F3 0 0 0.0847 0.1714 0.5416 0.055 0.0149
e1X
l F4 0 0 0 0 0.4312 0.9358 0.9851

Θ 0 0 0 0 0 0 0

L 9 'u�æA�2X�yâÝ


Table 9 The evidence matrix of fault feature 2X

�æA�2X��äyâ

e2X
1 e2X

2 e2X
3 e2X

4 e2X
5 e2X

6 e2X
7

F1 1 0 0.0714 0 0.0011 0 0
y F2 0 1 0.4286 0.8333 0.5147 0.0023 0
â F3 0 0 0 0.1429 0.4061 0.3102 0.0079
e2X
l F4 0 0 0.5 0.0238 0.0781 0.6875 0.9921

Θ 0 0 0 0 0 0 0

L 10 'u�æA�3X�yâÝ


Table 10 The evidence matrix of fault feature 3X

�æA�3X��äyâ

e3X
1 e3X

2 e3X
3 e3X

4 e3X
5 e3X

6 e3X
7

F1 1 0.0815 0.0095 0 0 0 0

y F2 0 0 0 0 0 0.7382 0.0071

â F3 0 0 0 0.4676 0.96 0.2618 0.9929

e3X
l F4 0 0.9185 0.9905 0.5324 0.04 0 0

Θ 0 0 0 0 0 0 0
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L 11 �æA�/ £0�yâÝ

Table 11 The evidence matrix of fault feature

/displacement0

�æA�/ £0��äyâ

e £1 e £2 e £3 e £4 e £5 e £6 e £7

F1 1 0.9262 0.0112 0 0 0 0

y F2 0 0 0 0.0267 0.4494 0.0046 0

â F3 0 0.0738 0.9888 0.9733 0.2622 0.1697 0.75

e £l F4 0 0 0 0 0.2884 0.8257 0.25

Θ 0 0 0 0 0 0 0

3¼�yâÝ
�Ä:þ,©O^ª(9)Úª(10)
O���5ÏfRfk

l ÚRnk
l ,,�dª(11)¼��&

E�nÜ��5Ïfrk
l ,¦�(J©OXL12−

15¤«.

L 12 'u�æA�1X���5Ïf
Table 12 The reliability indices of fault feature 1X

I1X
1 I1X

2 I1X
3 I1X

4 I1X
5 I1X

6 I1X
7

Rf1X
l 0.8944 0.8182 0.7934 0.7153 0.5291 0.8239 0.8778

Rn1X
l 0.9939 0.4737 0.0847 0.6260 0.8610 0.0459 0.7313

r1X
l 0.8890 0.3876 0.0672 0.4477 0.4556 0.0378 0.6420

L 13 'u�æA�2X���5Ïf
Table 13 The reliability indices of fault feature 2X

I2X
1 I2X

2 I2X
3 I2X

4 I2X
5 I2X

6 I2X
7

Rf2X
l 0.8944 0.8944 0.4886 0.7179 0.4857 0.6074 0.8857

Rn2X
l 0.9980 0.3333 0.7857 0.2619 0.8948 0.7685 0.6850

r2X
l 0.8926 0.2981 0.3839 0.1880 0.4346 0.4668 0.6067

L 14 'u�æA�3X���5Ïf
Table 14 The reliability indices of fault feature 3X

I3X
1 I3X

2 I3X
3 I3X

4 I3X
5 I3X

6 I3X
7

Rf3X
l 0.8944 0.8064 0.8838 0.5496 0.8504 0.6430 0.8865

Rn3X
l 0.9938 0.7897 0.2476 0.8765 0.3200 0.9615 0.9007

r3X
l 0.8888 0.6368 0.2189 0.4817 0.2721 0.6183 0.7985

L 15 'u�æA�/ £0���5Ïf
Table 15 The reliability indices of fault feature

/displacement0

I £1 I £2 I £3 I £4 I £5 I £6 I £7

Rf £l 0.8944 0.8145 0.8819 0.8649 0.3923 0.7146 0.6519

Rn £l 0.7047 0.1803 0.6067 0.1067 0.8373 0.4220 0.2500

r £l 0.6303 0.1469 0.5351 0.0923 0.3284 0.3016 0.1630

4.3 ¦¦¦���yyyâââ���(Acquiring evidence weights)
�
|^ª(16)�V8I`z�.¦��`yâ

�W = {wx
l |l = 1, 2, · · · , 7},ÄkI�¼�Ü·

� Ð�a,Ïd,(Ü13.3!¥�Ñ��{5À
J�` Ð��a,L§Xe:

1) -wx
l������[0, 1],Ð©��1,¿�é

þ!¥¼��Ôö��êâ,|^ª(13)Úª(15),¦
ÑD+

o = 604.2229, D−
o =344.3431, D+

r = 4.7363,

D−
r = 0.

2) 30�1�m,±0.2�Ú�H{¤k3a���,
�âª(16)�V8I`z�.,=���a=0.2, 0.4,

0.6, 0.8��· Ý
,©OXL16ÚL17¤«. w,,
a = 0.4��· Ý
(���æ��êþ�õ,=k
���é����ÚRc,Ïd, a = 0.4´§�¥�Z
� Ð��.

3) ±a=0.4�¥%�ï#�|Ï«m[0.2, 0.6],
¿3d«mS±0.2/2�Ú�E12)Ú,O����
�Z Ð��aE�0.4.

4) EL§3)���°(�|Ï«m,Ó�ÅÚ
 �Ú�,3�A«mS|Ï�`� Ð��a,�
��Ú� á�2/24��|Ï«m¥¤ka�éA�

)�· Ý
Ñ´�Ó�,d��T«m�¥:
a = 0.4���ª��` Ð��.

L 16 a = 0.2, 0.4��· Ý

Table 16 The confusion matrixes when a = 0.2, 0.4

KÜ�æ�ä(J

(a = 0.2)
KÜ�æ�ä(J

(a = 0.4)

F1 F2 F3 F4 Θ F1 F2 F3 F4 Θ

F1 500 0 0 0 0 500 0 0 0 0
�

F2 0 485 12 3 0 0 486 10 4 0
æ

F3 0 3 475 22 0 0 4 474 22 0
a

F4 0 0 20 480 0 0 0 19 481 0
.

Θ 0 0 0 0 0 0 0 0 0 0

L 17 a = 0.6, 0.8��· Ý

Table 17 The confusion matrixes when a = 0.6, 0.8

KÜ�æ�ä(J

(a = 0.6)
KÜ�æ�ä(J

(a = 0.8)

F1 F2 F3 F4 Θ F1 F2 F3 F4 Θ

F1 500 0 0 0 0 500 0 0 0 0
�

F2 0 499 1 0 0 0 499 1 0 0
æ

F3 0 93 345 62 0 0 120 325 55 0
a

F4 0 2 16 482 0 0 2 27 471 0
.

Θ 0 0 0 0 0 0 0 0 0 0

�½a = 0.4�,N¹LA1�Ñ
�-¹�yâ|
Ü,±9ÄuÐ©�ÚÔö��KÜ�ä(J,
N¹LA2�Ñ
ÄuÐ©�ÚÔö��KÜ�
äyâ. Ð©�ÚÔö�e¼��· Ý
X
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L18¤«,��æA�éAyâ�Ôö�wx
l��X

L19¤«.

L 18 KÜ�ä�· Ý

Table 18 The confusion matrixes of fused diagnosis

KÜ�æ�ä(J KÜ�æ�ä(J

(ÔöW ) (Ð©W ) oO

F1 F2 F3 F4 Θ F1 F2 F3 F4 Θ

F1 500 0 0 0 0 500 0 0 0 0 500
�

F2 0 486 10 4 0 0 498 2 0 0 500
æ

F3 0 4 474 22 0 0 91 354 55 0 500
a

F4 0 0 19 481 0 0 0 11 489 0 500
.

Θ 0 0 0 0 0 0 0 0 0 0 0

L 19 Ôö���`�W
Table 19 The trained optimal weights W

E1X e1X
1 e1X

2 e1X
3 e1X

4 e1X
5 e1X

6 e1X
7

w1X
j 0.8925 0.3977 0.1642 0.2764 0.0098 0.0772 0.6462

E2X e2X
1 e2X

2 e2X
3 e2X

4 e2X
5 e2X

6 e2X
7

w2X
j 0.8976 0.3099 0.3813 0.1284 0.0010 0.0010 0.6601

E3X e3X
1 e3X

2 e3X
3 e3X

4 e3X
5 e3X

6 e3X
7

w3X
j 0.8898 0.6500 0.3843 0.0010 0.3143 0.0010 0.9321

E £ e £1 e £2 e £3 e £4 e £5 e £6 e £7

w £j 0.6318 0.0010 0.5760 0.2096 0.0010 0.1504 0.1591

lN¹LA1¥�±wÑØ/�~�ªF10�	,
Ù¦3«�æa.�mØ�;�/�3XØÓ§Ý�
· ,�´ÏLÔöL§�±²w/ü$· §Ý.
N¹LA1¥çNi�yâ|Ü¥Ð©WÚÔöWe

�KÜ�ä(J´ØÓ�,~Xyâ|Ü1608th¥,
�ä(Jd�æF2(�ê��|±)UC��æF3(õ
ê��|±),yâ|Ü1640th¥,�ä(Jd�æ
F4(Ã��|±)UC��æF3. Ó�/,Ù¦çNi
�yâ|Ü1214th, 1643th, 1651th�Ny
ÔöW

å��aq�^. Ïd,ÔöW�¼��· Ý
²

w`uÐ©We�· Ý
,=Ôö���· Ý

¥é�����ÚRc²w�uÐ©We�· Ý
.

4.4 ��� {{{ ÿÿÿ ÁÁÁ ��� ©©© ÛÛÛ (Test and analysis of the
method)
��V8I`zL§�¤,�òN¹LA1¥�

1−5�Ú110�,±9N¹LA2¥�2−6�#|Ü
�¤/KÜXÚûüL0. ?¿�|�æA�1X,

2X, 3X ,/ £0���Ñ¬-¹ûüL¥�,�«
yâ|Ü,@o�ä(JÒ�ÏL�ÎûüL���
�. ^�¼�Ôö��Ó���{,2ÏL¢�¼
�1200|��5ÿÁ/KÜXÚûüL0��ä�
J,Ù¥�æF1, F2, F3, F4�300|��. �L�¼�
�ÿÁ���· Ý
XL20¤«.

L 20 ÿÁ���· Ý

Table 20 The confusion matrixes of testing samples

KÜ�æ�ä(J KÜ�æ�ä(J

(ÔöW ) (Ð©W ) oO

F1 F2 F3 F4 Θ F1 F2 F3 F4 Θ

F1 300 0 0 0 0 300 0 0 0 0 300
�

F2 0 280 12 8 0 0 300 0 0 0 300
æ

F3 0 4 274 22 0 0 43 219 38 0 300
a

F4 0 5 16 279 0 0 0 11 289 0 300
.

Θ 0 0 0 0 0 0 0 0 0 0 0

lL20¥�±wÑ, Rc |Ð©W=1108<Rc |ÔöW

= 1133. ÔöcÚÔö��',�ö3F2ÚF4(��

ê�þü$�cJe�ÌO\
éF3�(��ê. Ï
d,ÄuER5KÔö���KÜXÚloNþk�
/ü$
��æa.�m�· §Ý.

5 ooo((((Conclusions)
�©�éõØ(½5�æA�&EKÜûü¯

K,�ÑÄuER5K��æ�ä�{. ÄkÄu�æ
A���q,¼ê8�z��{¦��Daì(&E
)��äyâ;lDaìØ�±9�æA�é��æ
a.EOUå��ÉÑu,�Ñ¼��äyâ��5
Ïf��{;�ÑV8I`z�.Ôö���äyâ
��5�,��|^ERKÜ5KKÜ²��5Ï
fÚ�5�?����äyâ,|^KÜ(J?
1�æûü.
T�{U«
Dempster-ShaferyânØ?nØ(

½5&EKÜ¯K�`:,Ó��Ñ
§3¢SA^
¥Ã{�Äyâ��5Ú�5�Øv,Ù`:3u:
1)¤J�{´êâ°Ä��{,ØI�é�æA�C
z5Æ±9A���æ�ª�m�N�'X�Ñ?

Ûb�; 2)�{¥�yâ��5!yâ�5Vg²
(,é§��¦��{Ôn¿Â²(,Bu¢Só§
Eâ<
�n)±9é#�{�A^í2; 3)�äy
âî�/ÏLÄu���ÚOín¼�,ØI�<�
�½�äyâ,~�
d;[Jøyâ¤Úå�yâ
Ø°(ÚØ��; 4)��¼�/KÜXÚûüL0,�
���ä(J�L=���,ØI�E$�.
d	,�©�Ñ�¢�~f¥,¿�é�8(��

��)D�&Ý,¢S¥(¢¬�3�,���æ�
�,�Ã{½�U(½Ù¤|±��æ½�æf8�
�¹,�5�ïÄ¥,�±ÒT�¡é¤J�{?1
?�Ú��y�í2. éuØÓ�Daì(�9��,
±9ØÓ�KÜ�ä¿ã,��±?�Ú?Øyâ�
�5ÏfÚyâ��Ù¦¼��{,l¦�¤J
�{�±A^u�õ��¹Ú+�.
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NNN¹¹¹ (Appendix)

L A1 �-¹�yâ|Ü9KÜ�ä(J
Table A1 The activated evidential combinations and the fused diagnosis result

yâ|Ü Ý:ê KÜ�ä(JFi
?Òqth

e1X
l e2X

l e3X
l e £l F1 F2 F3 F4 ÔöW Ð©W

1 1 1 1 1 368 0 0 0 1 1
2 1 1 1 2 103 0 0 0 1 1
3 1 1 1 3 1 0 0 0 1 1
8 1 1 2 1 14 0 0 0 1 1
9 1 1 2 2 5 0 0 0 1 1
16 1 1 3 2 1 0 0 0 1 1

100 1 3 1 2 1 0 0 0 1 1
197 1 5 1 1 1 0 0 0 1 1
344 2 1 1 1 3 0 0 0 1 1
345 2 1 1 2 1 0 0 0 1 1
579 2 5 6 5 0 52 0 0 2 2
580 2 5 6 6 0 1 0 0 2 2
688 3 1 1 2 1 0 0 0 1 1
873 3 4 6 5 0 24 0 0 2 2
880 3 4 7 5 0 0 1 0 3 3
922 3 5 6 5 0 83 0 0 2 2
929 3 5 7 5 0 0 9 0 3 3
1031 4 1 1 2 1 0 0 0 1 1
1167 4 3 6 5 0 2 0 0 2 2
1214 4 4 6 3 0 0 1 0 3 2

1216 4 4 6 5 0 5 0 0 2 2
1221 4 4 7 3 0 0 3 0 3 3
1264 4 5 6 4 0 1 1 0 2 2
1265 4 5 6 5 0 309 1 0 2 2
1266 4 5 6 6 0 0 2 0 2 2
1270 4 5 7 3 0 0 14 0 3 3
1271 4 5 7 4 0 0 4 0 3 3
1272 4 5 7 5 0 0 30 0 3 3



1 9Ï M¡T�: Äuyâín5K�&EKÜ�æ�ä�{ 1179

(YLA1)

yâ|Ü Ý:ê KÜ�ä(JFi
?Òqth

e1X
l e2X

l e3X
l e £l F1 F2 F3 F4 ÔöW Ð©W

1273 4 5 7 6 0 0 9 0 3 3
1274 4 5 7 7 0 0 1 0 3 3
1314 4 6 6 5 0 1 0 0 2 2
1461 5 2 6 5 0 2 0 0 2 2
1496 5 3 4 5 0 0 0 6 4 4
1504 5 3 5 6 0 0 0 1 4 4
1509 5 3 6 4 0 1 0 0 4 3
1510 5 3 6 5 0 3 0 0 4 2
1538 5 4 3 5 0 0 0 1 4 4
1558 5 4 6 4 0 0 1 0 3 3
1559 5 4 6 5 0 6 0 0 2 2
1580 5 5 2 5 0 0 0 9 4 4
1581 5 5 2 6 0 0 0 12 4 4
1587 5 5 3 5 0 0 0 5 4 4
1588 5 5 3 6 0 0 0 7 4 4
1592 5 5 4 3 0 0 8 0 3 3
1593 5 5 4 4 0 0 5 0 3 3
1594 5 5 4 5 0 0 61 11 3 3
1595 5 5 4 6 0 0 7 11 4 4
1599 5 5 5 3 0 0 2 0 3 3
1600 5 5 5 4 0 0 3 0 3 3
1601 5 5 5 5 0 0 10 0 3 3
1606 5 5 6 3 0 0 15 0 3 3
1607 5 5 6 4 0 0 26 0 3 3
1608 5 5 6 5 0 9 86 0 3 2
1609 5 5 6 6 0 0 1 0 4 3
1610 5 5 6 7 0 0 1 0 3 3
1613 5 5 7 3 0 0 6 0 3 3
1614 5 5 7 4 0 0 22 0 3 3
1615 5 5 7 5 0 0 31 0 3 3
1616 5 5 7 6 0 0 3 0 3 3
1617 5 5 7 7 0 0 1 0 3 3
1629 5 6 2 5 0 0 0 91 4 4
1630 5 6 2 6 0 0 0 37 4 4
1636 5 6 3 5 0 0 0 33 4 4
1637 5 6 3 6 0 0 0 14 4 4
1640 5 6 4 2 0 0 8 0 3 4
1641 5 6 4 3 0 0 19 0 3 3
1642 5 6 4 4 0 0 7 0 3 3
1643 5 6 4 5 0 0 24 8 3 4
1644 5 6 4 6 0 0 12 10 4 4
1648 5 6 5 3 0 0 5 0 3 3
1649 5 6 5 4 0 0 1 0 3 3
1650 5 6 5 5 0 0 1 0 3 3
1651 5 6 5 6 0 0 2 0 3 4
1654 5 6 6 2 0 0 1 0 3 3
1655 5 6 6 3 0 0 8 0 3 3
1656 5 6 6 4 0 0 3 0 3 3
1657 5 6 6 5 0 0 30 0 3 3
1664 5 6 7 5 0 0 6 0 3 3
1678 5 7 2 5 0 0 0 26 4 4
1679 5 7 2 6 0 0 0 10 4 4
1685 5 7 3 5 0 0 0 8 4 4
1686 5 7 3 6 0 0 0 10 4 4
1692 5 7 4 5 0 0 0 16 4 4
1693 5 7 4 6 0 0 1 6 4 4
1811 6 2 7 5 0 1 0 0 3 3
1923 6 5 2 5 0 0 0 5 4 4
1930 6 5 3 5 0 0 0 2 4 4
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yâ|Ü Ý:ê KÜ�ä(JFi
?Òqth

e1X
l e2X

l e3X
l e £l F1 F2 F3 F4 ÔöW Ð©W

1938 6 5 4 6 0 0 0 1 4 4
1972 6 6 2 5 0 0 0 18 4 4
1973 6 6 2 6 0 0 0 2 4 4
1979 6 6 3 5 0 0 0 18 4 4
1984 6 6 4 3 0 0 6 0 3 3
1986 6 6 4 5 0 0 0 9 4 4
1987 6 6 4 6 0 0 0 7 4 4
2021 6 7 2 5 0 0 0 3 4 4
2028 6 7 3 5 0 0 0 2 4 4
2029 6 7 3 6 0 0 0 2 4 4
2035 6 7 4 5 0 0 0 11 4 4
2036 6 7 4 6 0 0 0 21 4 4
2037 6 7 4 7 0 0 0 1 4 4
2273 7 5 3 5 0 0 0 1 4 4
2280 7 5 4 5 0 0 0 5 4 4
2315 7 6 2 5 0 0 0 1 4 4
2322 7 6 3 5 0 0 0 1 4 4
2327 7 6 4 3 0 0 1 0 4 4
2329 7 6 4 5 0 0 0 27 4 4
2330 7 6 4 6 0 0 0 21 4 4
2378 7 7 4 5 0 0 0 2 4 4
2379 7 7 4 6 0 0 0 8 4 4

L A2 ²ERKÜ�¤��äyâ
Table A2 The combined diagnosis evidence by ER

KÜ�äyâ(ÔöW ) KÜ�äyâ(Ð©W )
?Òqth

pq
1,e(4)

pq
2,e(4)

pq
3,e(4)

pq
4,e(4)

pq
Θ,e(4)

pq
1,e(4)

pq
2,e(4)

pq
3,e(4)

pq
4,e(4)

pq
Θ,e(4)

1 1 0 0 0 0 1 0 0 0 0
2 1 0 0 0 0 1 0 0 0 0
3 1 0 0 0 0 1 0 0 0 0
8 1 0 0 0 0 0.99 0 0 0.01 0
9 0.98 0 0 0.02 0 0.99 0 0 0.01 0

16 0.99 0 0 0.01 0 0.99 0 0 0.01 0
100 1 0 0 0 0 0.99 0 0 0 0
197 1 0 0 0 0 1 0 0 0 0
344 1 0 0 0 0 1 0 0 0 0
345 0.99 0.01 0 0 0 0.99 0.01 0 0 0
579 0.07 0.93 0 0 0 0 0.86 0.12 0.02 0
580 0.05 0.7 0.04 0.2 0 0.01 0.76 0.15 0.09 0
688 1 0 0 0 0 0.99 0 0 0 0
873 0 0.88 0.11 0.01 0 0 0.88 0.1 0.02 0
880 0 0.07 0.93 0 0 0 0.37 0.6 0.03 0
922 0.01 0.9 0.09 0 0 0 0.81 0.16 0.03 0
929 0 0.04 0.96 0 0 0 0.27 0.7 0.03 0
1031 0.99 0 0 0 0 0.99 0.01 0 0 0
1167 0.04 0.64 0.07 0.25 0 0.01 0.84 0.09 0.07 0
1214 0.01 0.29 0.7 0 0 0 0.66 0.34 0 0

1216 0 0.84 0.15 0.01 0 0 0.88 0.1 0.02 0
1221 0 0.05 0.95 0 0 0 0.13 0.87 0 0
1264 0 0.56 0.44 0 0 0 0.66 0.34 0.01 0
1265 0 0.82 0.17 0 0 0 0.82 0.16 0.02 0
1266 0 0.58 0.18 0.25 0 0 0.72 0.2 0.08 0
1270 0 0.04 0.96 0 0 0 0.09 0.91 0 0
1271 0 0.07 0.93 0 0 0 0.13 0.86 0 0
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KÜ�äyâ(ÔöW ) KÜ�äyâ(Ð©W )
?Òqth

pq
1,e(4)

pq
2,e(4)

pq
3,e(4)

pq
4,e(4)

pq
Θ,e(4)

pq
1,e(4)

pq
2,e(4)

pq
3,e(4)

pq
4,e(4)

pq
Θ,e(4)

1272 0 0.08 0.92 0 0 0 0.28 0.69 0.02 0
1273 0 0.08 0.89 0.03 0 0 0.19 0.74 0.07 0
1274 0 0.07 0.92 0.01 0 0 0.14 0.85 0.02 0
1314 0 0.82 0.17 0 0 0 0.65 0.22 0.13 0
1461 0 0.96 0.02 0.02 0 0 0.69 0.22 0.09 0
1496 0.07 0.41 0.02 0.5 0 0.01 0.13 0.29 0.57 0
1504 0.03 0.19 0.35 0.42 0 0.01 0.07 0.39 0.53 0
1509 0.05 0.31 0.27 0.36 0 0.01 0.34 0.47 0.18 0
1510 0.07 0.42 0.02 0.5 0 0.01 0.51 0.24 0.24 0
1538 0.01 0.2 0.05 0.75 0 0 0.26 0.23 0.51 0
1558 0 0.34 0.63 0.03 0 0 0.4 0.53 0.06 0
1559 0 0.75 0.19 0.07 0 0 0.61 0.29 0.11 0
1580 0.08 0 0.01 0.91 0 0.01 0.15 0.24 0.59 0
1581 0.06 0 0.02 0.92 0 0.01 0.05 0.17 0.77 0
1587 0.01 0 0.02 0.97 0 0 0.2 0.32 0.48 0
1588 0.01 0 0.06 0.93 0 0 0.08 0.24 0.68 0
1592 0.01 0 0.98 0.01 0 0 0.04 0.82 0.13 0
1593 0 0.03 0.94 0.03 0 0 0.06 0.75 0.19 0
1594 0 0.09 0.51 0.4 0 0 0.15 0.53 0.32 0
1595 0 0.01 0.2 0.79 0 0 0.06 0.44 0.5 0
1599 0.01 0 0.98 0.01 0 0 0.04 0.92 0.04 0
1600 0 0.01 0.96 0.03 0 0 0.06 0.87 0.07 0
1601 0 0 0.94 0.06 0 0 0.16 0.69 0.14 0
1606 0.01 0 0.98 0.01 0 0 0.21 0.74 0.05 0
1607 0 0.04 0.93 0.03 0 0 0.3 0.64 0.06 0
1608 0 0.17 0.48 0.35 0 0 0.5 0.4 0.11 0

1609 0 0.02 0.2 0.78 0 0 0.34 0.42 0.24 0
1610 0 0.02 0.72 0.26 0 0 0.3 0.6 0.1 0
1613 0 0 1 0 0 0 0.02 0.97 0.02 0
1614 0 0.01 0.99 0 0 0 0.03 0.95 0.02 0
1615 0 0.01 0.99 0 0 0 0.08 0.86 0.06 0
1616 0 0.01 0.96 0.04 0 0 0.04 0.84 0.12 0
1617 0 0.01 0.98 0.01 0 0 0.03 0.93 0.04 0
1629 0.08 0 0.01 0.91 0 0.01 0.03 0.14 0.82 0
1630 0.06 0 0.02 0.92 0 0.01 0 0.09 0.91 0
1636 0.01 0 0.02 0.97 0 0 0.05 0.21 0.75 0
1637 0.01 0 0.06 0.93 0 0 0 0.13 0.87 0
1640 0.05 0.02 0.49 0.44 0 0.08 0 0.39 0.52 0

1641 0.01 0 0.98 0.01 0 0 0 0.71 0.29 0
1642 0 0.03 0.93 0.04 0 0 0 0.61 0.39 0
1643 0 0.05 0.5 0.45 0 0 0.04 0.39 0.57 0

1644 0 0.01 0.2 0.79 0 0 0 0.27 0.72 0
1648 0.01 0 0.98 0.01 0 0 0 0.87 0.13 0
1649 0 0.01 0.96 0.03 0 0 0 0.81 0.19 0
1650 0 0 0.94 0.06 0 0 0.05 0.61 0.34 0
1651 0 0 0.7 0.3 0 0 0 0.49 0.51 0

1654 0.05 0.1 0.47 0.38 0 0.1 0.19 0.43 0.28 0
1655 0.01 0 0.98 0.01 0 0 0.1 0.75 0.15 0
1656 0 0.03 0.93 0.04 0 0 0.14 0.65 0.2 0
1657 0 0.13 0.48 0.4 0 0 0.27 0.41 0.32 0
1664 0 0.01 0.99 0 0 0 0.03 0.81 0.16 0
1678 0.02 0 0 0.97 0 0.01 0.02 0.05 0.92 0
1679 0.02 0 0.01 0.97 0 0 0 0.03 0.96 0
1685 0 0 0.01 0.99 0 0 0.03 0.08 0.88 0
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KÜ�äyâ(ÔöW ) KÜ�äyâ(Ð©W )
?Òqth

pq
1,e(4)

pq
2,e(4)

pq
3,e(4)

pq
4,e(4)

pq
Θ,e(4)

pq
1,e(4)

pq
2,e(4)

pq
3,e(4)

pq
4,e(4)

pq
Θ,e(4)

1686 0 0 0.02 0.98 0 0 0 0.05 0.95 0
1692 0 0 0.01 0.99 0 0 0.03 0.2 0.77 0
1693 0 0 0.03 0.97 0 0 0 0.12 0.87 0
1811 0 0.09 0.89 0.01 0 0 0.25 0.6 0.14 0
1923 0.07 0 0 0.92 0 0.02 0.16 0.11 0.72 0
1930 0.01 0 0.01 0.98 0 0 0.22 0.15 0.63 0
1938 0 0.01 0.14 0.85 0 0 0.07 0.25 0.68 0
1972 0.07 0 0 0.92 0 0.01 0.03 0.06 0.91 0
1973 0.06 0 0.02 0.93 0 0.01 0 0.03 0.96 0
1979 0.01 0 0.01 0.98 0 0 0.04 0.08 0.87 0
1984 0.01 0 0.93 0.06 0 0 0 0.52 0.48 0
1986 0 0.02 0.07 0.91 0 0 0.04 0.21 0.75 0
1987 0 0.01 0.14 0.86 0 0 0 0.13 0.86 0
2021 0.02 0 0 0.98 0 0.01 0.02 0.01 0.96 0
2028 0 0 0.01 0.99 0 0 0.03 0.02 0.95 0
2029 0 0 0.01 0.98 0 0 0 0.01 0.99 0
2035 0 0 0.01 0.99 0 0 0.03 0.09 0.88 0
2036 0 0 0.02 0.98 0 0 0 0.05 0.95 0
2037 0 0 0.08 0.92 0 0 0 0.14 0.86 0
2273 0 0 0.01 0.99 0 0 0.13 0.09 0.78 0
2280 0 0 0.02 0.98 0 0 0.13 0.22 0.66 0
2315 0.02 0 0 0.97 0 0.01 0.02 0.03 0.95 0
2322 0 0 0.01 0.99 0 0 0.02 0.04 0.93 0
2327 0 0 0.42 0.58 0 0 0 0.35 0.65 0
2329 0 0 0.02 0.98 0 0 0.02 0.12 0.86 0
2330 0 0 0.03 0.97 0 0 0 0.07 0.93 0
2378 0 0 0.01 0.99 0 0 0.02 0.05 0.94 0
2379 0 0 0.01 0.99 0 0 0 0.03 0.97 0
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