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Bridge monitoring points similarity clustering analysis based on

pattern — shape distance

QU Bing, XTAO Ru - cheng,HAO Jia - jia
(College of Civil Engineering, Tongji University , Shanghai 200092 , China)

Abstract; The bridge monitoring system consists of a large amount of sensors, and there are likely to
be some similarities among the data collected by different sensors. To figure out the similarity rela-
tions ,a pattern — shape distance based similarity measurement approach was proposed. Firstly , the mo-
nitoring time series was divided into several patterns according to the morphological characteristics.
Secondly , similarity discrimination based on the difference of dynamic change trend of each pattern
shape was discussed, and the distance function of each discrimination result was defined. Thus, the
pattern shape distance of different monitoring points could be calculated. On this basis, similarity anal-
ysis of monitoring points on Yufeng Bridge was discussed by means of hierarchy clustering. The cluste-
ring result shows good consistence with bridge real states. The similarity analysis of monitoring points
provides the potential of deeper information mining of bridge structures and scientific basis in sensor
troubleshooting and discrimination of abnormal data.
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Fig. 1 Processing of missing data
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Fig. 2 Two—level model of pattern shape
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Fig. 3 The first discrimination of pattern—shape simi—
larity
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Fig. 4 Two curves that two-lever model cannot distinguish

2.2.2 A

iy | N s 1 = e < A i 1]
i ] BT S T — BT AR R 22 AR = k(Y k()
AkY =k - k2 I Ak, B9IE BB ROE S

ARSEA 3 UG UR, 25 RE U 2 by AR, Ak,
WUEA R B LA 5 1.

minkiy

max ki

B Rl EE
Fig 5 Classification of slope difference

®1 RERERK S

Tab. 1 Classification of slope difference

I Ju i
k;>e 0<k, <e

@) Ak, < —¢ W L

@ -—e<Ak,<e - <Ak, <k, A T

®  e<Ak<k i L5

@ Ak; > k; Sk 1Tt
ko <e -e<k <0

) Ak; > e Il T

@ <Ak <e k. <Ak, <e BT N 143

® b <Ak< -¢ - T T R

@ Ak; <ki St T

WHEARRI Ak, AR XTE 3 A1 A2 [f 53k
FREROB AR 25 —F A, WK 6,

BT s 5, 5 5,
BRI SRR S ds, . WIS EFES] Y 5 Y2 g
BN

ds(v" YY) =S d, (5)

b on O BEIIEG B ds(Y YY) =
0,ds(Y"V,¥?) =ds(Y?, ¥V ds(V" ,Y?) e
(0,17, ds( Y, Y™ ) b3 0, 15 )5 51 I 1 T 25
T RZ,IE SR, —MokUl, Y ds
(YY) <0. 15 B, AT Ak 81 L AT 2 A
eIk

2.3 RAFFRMEM

(S ) S5 P IR ] e 2 A PR 2 B g 4
T 1 ANRETR B E A D ARFIALE S, i
FIEFF VBSOS FRARAL . BRI DL T BN



it 5 R T AR O A A 222 s ) AR P SRR W5 73

| l
' igs 1T |
| 3T _

r——— — e

n__ (2 1H__ 2)' H__ 2) H__ 2 |
AO—ARD  ARO—ARD | | ARO—ARD AR — AR |

': mE—wE| [ 2h | ([ [ Zm
I sz | —70—| || otz | 35—
! [as=0 ]| (a5, =025] |I
I PR

I

I
:: ds; =025 Al2 II A2
Al-1 A2-1
e _I—::::_—_—:_I

El6 AU A
Fig. 6 The second discrimination of pattern—shape
similarity
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Fig. 7 General layout of measuring points
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Fig.9 Clustering tree of similarity of monitoring
points
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