%38 % 524 Aok X F F R (B KR HAF RKR) Vol.38,No.2
2017 % 2 A Journal of Northeastern University ( Natural Science) Feb. 2017

doi: 10.3969/j. issn. 1005 —3026.2017.02. 028

B T3 /1#8 40 F0 Bayes 1Rl & BT R 43 {712 7

ok, RE H,FE W, F A
(AR WIR S KR TR 2:Be, 107 JLBH 110819)

i . MR A RN BT R L R G AR DR TR AR — Bl L T Bayes 3
BT R4S O R 0 . 0 W T FON e AR i S A0 03 s L TEN S5 300 1 B R P8 43, T SR Bayes 232X
RlA VA — A B AR 80, AT L B IR AR BOR Ui Ak i 3 1 T8 SUF i Bayes IS TR A5 Y S
MRS TR IR 5 R 3. 3 3 05 S P BB A I8 UE T % 07 ik B R A e etk | 0 L BB A8 Xt /N5 403 i i
A7, X R 2 S /N R b 4 T 43 2.

x # W BRIBUGIUN; Bl RS0 B AL G Bayes P45 ; IR

hESES. U 441.4; TB 123 XEARER . A XEHE: 1005 -3026(2017)02 - 0290 - 05

Identification of Bridges’ Damage by Dynamic Fingerprints and
Bayes Data Fusion
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Abstract: Using a single index to evaluate bridge safety is likely to draw a false conclusion due to
the effect of measurement noise. Thus, an identification method of bridge damage based on the
Bayes theory was proposed, which includes location identification and degree identification. First,
the Bayes formula was used to fuse the normalized dynamic fingerprints and identify the damage
locations. Then, only the fingerprints of damaged locations were extracted to construct the
Bayesian network and the conditional probability of every node was calculated in order to identify
the damage degrees. By simulating a simple beam, the result shows that the proposed method has
a good anti-noise performance, especially can accurately locate tiny damages and distinguish the
damages with slight differences.
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Fig. 1 Flow chart of structural damage identification

3 KT Bayes Fos A rY 45 4 1 )
AQIER N

3.1 EXRHIRGEE

TE ANSYS 7 — 8] 32 R 1 A RO T
SRR A RS E O MR E = 3.25 x
10* MPa, % p =2 600 kg/m’ , JAA L w =0. 167 ,
ZEPSEE 1=20 m, Wi RS b x h =0.8m x 1. 7m.
AT AV beam3 , 2 H40] 5328 20 4~ HL5T 21
AT AT, 2 R 045 3 1 BT W R B ke s B
W E R 10 S5O0 H ANSYS HAY Lanczos £5
AT IEPEEUET 3 B R RS 1 AR A T i I
— AR E .
30101 MRS RIS IS £ s A Ak

TESEPR TR 3R 48 b A5
TR F 8 b A0 22 21 I X PR B 1 AR K% . A SOff
I 528 7 A R 75 58— BN A v S A 1Y)
F R MRS SCHR[ 10 ], 6 F T 0 — fh P A, Mg
AT h

¢ =¢;,(1+y;pd,, /100). (12)

Ko, ¢, IR R I HUEF | IRBYER j >0
Ty, HIEDN 0 90720 1 WBENLEL b, N ER
PRA b, LaXHET RN 31 5 p K.

A B AL B R FE X 10 20 5 W S A R A
B AT- S (B 9 7 3 R AR 75 1Y) 52 )
3.1.2 i E R

IR 75 K - R 5% , 10 5 BA T3 105 B
5% ,ME(3) F(5) A= (9) TR R R
f) MFC /i 3 [y CMSD H1 ULSCD, #5453 i1
FZERA NI 2 ~ B 5 08 5 4 sh S s 8ok
A — A i R Rk e a3k 1 R, 153 3

Bayes fill & 75 ZL 10 5 AL B HE. B & T
E(i=1,2,--,10) By 45 Jc 5 8 R A1 45, B
P(E,) =1/10 (i=1,2,--,10). @& 5 50507
EHIRBE R IE 6.

2.5

2.0F
1.5F

Al
\

A 6vy”*’°”

MFC x 10"

-0.5
-1.0

-15 : : : :
0 5 10 15 20 25
TRS
B2 MCFiRBI&R
Fig. 2 Identification results by MCF
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Fig. 5 Identification results by ULSCD Fig. 6 Identification results by the Bayes fusion method
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Table 1 Fusion results of dynamic fingerprints by Bayes method
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4 0. 022 442 0. 008 300 0.029 811 0. 002 844 0.027 313 3.21E-06
5 0. 025 825 0. 052 545 0. 020 351 0.022 376 0. 028 242 1.30E - 04
6 0. 044 754 0. 020 998 0. 003 699 0. 024 604 0.049 913 3.17E -05
7 0.034 410 0. 003 148 0. 130941 0.038 517 0. 036 356 1.48E - 04
8 0. 068 902 0.114 421 0.051 155 0. 058 947 0.076 298 1.35E-02
9 0. 067 366 0. 030 343 0. 082 996 0. 079 703 0. 068 456 6.88E -03
10 0.154 32 0. 098 242 0.162 784 0. 160 223 0.130 51 0.383 63
11 0.224 051 0. 170 995 0. 055 269 0.177 131 0.202 575 0. 564 82
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21 0 0 0 0 0 0

SRFEABLA AL, A6 A% 057 B T AAR W] 2 b\ B
ik, B2 5% S RERy /M7, o AT LR JC 1

RAEA  BFFRIIE SR 4 Fh T 37242 400 A4S
ZRFEA AN 400 ANIRAEA.

HiRU R DT AT 20 3t it 1 (o B —FE b i
LR AL
3.1.3  HitnAREEH G

T BIE Bayes W28 5SS d AE 40 0 A 2 UM
5 T AT 0 | W KB 2% ,5% ,10% ,15%
05 T00 R 4 F B 10 5 BT o il R A 5%
8% ,10% ,12% B340 ; B THLREHL™ A= 200 4>
D50 , 15 100 MERYIZRFEAS ) J5 100 A4~

WP 49 o R A B U 483 0 67 TR R 1)
J7 ik —FE  (BREA HRHAE R - A R BT O[], 4n
REFT— L A& PN S E 10 55Tk A4
W05, WAL 10 5 11 535 589 MFC, /i 3 B
Ay CMSD #l ULSCD ff, 331 10 4~ @ o, #y &
Bayes P45 50 225 A&l 7 7. B AR B 1) B B
A 3K FHk-means B2 007, B 8 B 0 4 7%,
FHECAE I i 0 e 2t 5 A R S v 1 S A



294 AR FFR(ARAFIR)

% 38 A

WURE %

| MCF_i | [cmsD1_i|[cmsp2_ifcmsp3_i[uLscp_] [MCE_j|[cmsD1_j|cMsD2_jcmsDs_uLsco_j

1059 K3 4R A

115 R BII1EL

E7 RBFHBEEIRE Bayes W45 EKas
Fig. 7 Bayesian network classifier for identifying damage degrees

PR B UM S5 2R W3R 2. RS KA R
T 5% B B A 0 R BE LT AT LGk BI0RS 1 1E
I CEME ORISR LT UM R A T T
W 5 W 75 7K - h 109% B, T3 — T30 e 463 4
JEH IR B G W 75 K P 3R B 15% B, R 1Y
PRI R AH AR E A 22 18] (4 A A 43, LU 3 o Ay
RAE 85% LA b B4 i A& 4545 288 0 1 22 BE A
2% 3% 2oy, AT RIAE MR S BRI O T, B fefE
PRI 2B/ N B0 250, 1 F Bayes 432545
RESCERIE #4325,

®2 MGREERNER

Table 2 Identification results of damage degrees
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