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Automated Defect Detection Using AdaBoost in Hammering Test

Hiromitsu FUJIT*!, Atsushi YAMASHITA*! and Hajime ASAMA*!

*I Department of Precision Engineering, School of Engineering, The University of Tokyo
7-3-1 Hongo, Bunkyo-ku, Tokyo 113-8656, Japan

Automated diagnosis systems are necessary for maintenance of social infrastructures
which have superannuated. This paper presents an automated classification method in order to
detect defects of different materials using acoustic signals in hammering test. The approach
consists of two steps. The first step is extraction of features using Short-time Fourier Transform
(STFT) and the second one is training of classifiers based on AdaBoost which is a kind of
boosting algorithm. In the experiments, we discriminate between woody and metal materials
by different methods of hammering test, which are tapping and rubbing. We also show the
crack which is imitated artificially can be accurately detected from woody materials.
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Fig. 2 Proposal method to detect defects
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Fig. 3 Boosting algorithm

ALK STV S Viola 507 LTy X 28%
AWVTWn3.

AdaBoost TIHHIET — # K51 x 1253 2 imadkn 4
Hx) %, XD opkoricksns.
T
H(x) = sign[z atht(x)} : (1)
t=1

ZIZT, h(x) it FB ORI TH Y, T L5575
RO TH D, ap DNFEEY TN T D340 s
HRE SN DN OEEETHY, >0 ThH 5.

ARWFFEEDOXKFTFEEE T, LT Q) TEEND
IEHEEBE S (AL x) Z VT L— b~y T T
BITHZ &T, FIZOMEIC X > TENT D EEDIH

WIRTE LR, o TNTF—=EZDRr—1) 7Tkt
L CHEEERHEZT-> TV D.
S(Ayx) = 2kerc(As(k) — Ap)(x(k) — %) Q)

VEkeac (Ar(k) = A2 S kesc(x(k) — X)2

ZIT, A IFEEY NN DOEMAR T FLINS RS
DEEAT T tIWIBTFDET T L— X7 FLTH
D, A, BLUOXFZENEN A, BLOEH~T L x
DEFMETH . F2, KiIgk+ 77— kX
7 RVOAERRIZHW D R RTH 5.

B9k EROHHNEX ) 1T~ TITH. 0 13R
THHEDZODOEETH 5.

if S,A",x)-S,Af x)>0

1
X) = s 3
(%) {—1 otherwise )

TTATBIUANIE, ThenEmEe rtﬁ%%
@ﬁé EHY TN ESNDT T L— XS By
ThY, @) TERINDLHILE Y TR ETZ)#
VINMZONWTEBY N xD OFEE 2T Tt
BIF2ER W 2 ZELTEHEIND.

Ajt =y wixOk)
ieNt

Al =" wx D),

ieNF

“)



Metal board

Fig. 4 Experimental environment
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Fig. 5 Spectrum examples
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Table 1 Learning samples of tapping test

Class Learning sample Number
of samples
class 1 tapped sound of stainless 2.996
board
class 0 tapped sound of plywood 3770
and environmental sound
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Fig. 6 Result of detecting metal by tapping test
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Fig. 7 Rubbing test (four to-and-fro motions)
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Table 2 Learning samples of rubbing test

Class Learning sample Number
of samples
class 1 rubbed sound of stainless 3.020
board
class 0 rubbed sound of plywood 2.904
and environmental sound

0 1000 2000 3000 4000 5000 6000 7000 8000 9000

¥

time [ms]
l—) time [ms]
frequency }'F %F :;’F‘ };F‘
(H] # b v &
B B § o

|
|

Fig. 8 Result of detecting metal by rubbing test
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Pseudo crack (3mm wide)

Fig. 9 Experiment to detect pseudo crack
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Table 3 Learning example to detect pseudo crack

Class Learning sample Number
of samples
class 1 rubbed sound at the moment 2.939
of passing on the crack
rubbed sound of
class 0 | plywood and stainless board, 3,592
and environmental sound
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Fig. 10 Result of detecting crack in woody materials
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