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A study on internal structure diagnosis of concrete structures incorporated

with digital hammering inspection, Al and simulation technologies
(2) Inverse problem analysis using Al
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One of the most common inspection methods for concrete structures is hammering inspection. While this
method makes it possible to quickly inspect a vast number of inspection targets, it has the problem of
lacking objectivity of judgment results and recordability. In this study, we aimed to develop a technology
to quantitatively diagnose the internal structure of concrete structures by digital hammering inspection.
The approach of the research was to build an Al trained by CNN with a database that relates the results of
digital hammering inspection to the internal structure of concrete. The constructed Al was able to estimate
the size and depth of defects with sufficient accuracy.
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Fig.1 AE digital hammering inspection system
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Fig.5 Anexample of large-scale DB construction with internal defects through machine learning trained by FEM simulations.
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4.2 BENTETIVORSE
CNN (T &L B fiRTET /L ORRGRIERE RO % Fig. 9,
Fig. 10 ("9, THIEREIIM A 15% DINTH D73, 22
TV A ZAOFHENCBI LT, YA X0V N SWIEAICREE
MRE L, NS JEOTRNCEI L CTid 50-150mm  DOHfE
“l@%%ﬁﬁ%w’eﬁféhto:®%ltbf

A DV NS TEA BRSO v 2 —
I@Eﬁﬁ@%ﬁ»@méhé_&\ik\\&DEﬁ
50-150mm DOHIFIEEFHIL, ZAud 0 HEV AR
IRTOIRENE— R & | GROA S 72 R D

BRERCH D Z ENE LD,

Z OWFEITET WV ABEAT HB IR, KifatA X
MREVEAR, KR H 2551, 7250
a7 ) — hOFPFIZBER D fEtEnE <, FD X572
FEOGEIITELLHEE L TND 2 ED, fakitEo
EWEIT IR ET A A V—= Tt & LCH
HChDHEBZD, £, HEMORLTHIXEEO AT
F X THRAMICEHETT 5 2 &, 28/t X, ZeiE
DOFEEW EDXHFCE 5 &2 5,

250 p
O Erorov 88
200 -| —— Error £15%

150 —

100 —

prediction [mm]

0 50 100 150 200 250
Size of internal defect[mm]

Fig. 9 erification of estimation results(defect size)

300 —

O Results / ’
—— Error 0% y )
250 1 Error +15% v
_— O
(= _|
£ 200 og
c
S 150 —
o
°
S 100 —
50 —
0 —]

0 100 200 300
Covering depth of internal defect [mm]

Fig. 10 \erification of estimation results(covering depth)

5. £&

AT, TV FATERERE R a7 ) — |
DIREHEE T HMRITET V2B Lz, LITICED
NIHAEZIRY &5,

1) =27V — MEEMICNERZARS A U560, =
7 ) — hRENCBT 57 VX ATk R x
FEM MRt CRMA L, 2 DFHRRER & By =2 2
LI ETT—HEYETH LT, TUXNMTER
T~z 7V — MEEW OISR Z HEE T 5 Wi
Al OF —H_R—APEETE T,

2) T HRX—AOHEEIWE, KERIREEN ST X
JATERERSERE T 286 =2—F %> b
T—7®T ML, FET—H, BT —4 & HITL
R, #WFETDZ L MERTRECTH T,

3) LT~ KMIRREL TV AT ERED 2 H—
X%z BrAI—a—T )y NT—7 CTFEESES
Z LTk FTURMTERAER RO KERIREEE
HEE T2 0T Al ZAEEE LT,

4)  WEELUTWRNT Al I, REROIZIRES L OVES 1Tt
LT, £15% THEEFTRE CTH V) | Kbt A Z/hSW g
B0, KM OWTIIREENRE R D
AL, 7ok, BImEAT2821%, Kb
YA APRREVGERR, RIS R H 2556
X S0 vy U — NOFTEITEN D fElED &
<. ZDOLD BREMFOGEITUTELHEEL TWD
Z LD, SERMEDE ETT A RRE T D A Y
J—=27lE LTAE ChH D EBZ D,



S

AN HE 2R D TR ~ 2 FE R AT S
BRRBIRRAHIEIC L 0 Eli L7z [F V2 4TERAE L Al -
Vial—va ORAIIERICEL D27 ) — R
REEZWIOFER | OFRREO—HTH D,

BEH

[1] Sk, A bths, SMLSESE, /NGO @ B
B DOFTE BN EO AT I B2 FEImF
g8, =7 U — b LGRS, Wol4l, Nod,
pp.1871-1876, 2019.7

[2] AR5, AR, Vi, /NIES— @ MR
£% ASR Hit=mr 7 U — bOHERHE, =7
U— b IEEGRDCE, Wol.26, No.d, 2004

[3] N. Gucunski, A. Imani, F. Romero, S. Nazarian, D. Yuan
and D. Kutrubes, Nondestructive Testing to Identify
Concrete Bridge Deck Deterioration, The Second Strategic
Highway Research Program, SHRP 2 Report S2-R06A-
RR-1, National Academies of Sciences, Engineering, and
Medicine. 2012.

[4] J.Ye, T. Kobayashi, M. Iwata, H. Tsuda and M.
Murakawa, Computerized Hammer Sounding
Interpretation for Concrete Assessment with Online
Machine Learning, Sensors, 2018, \0l.18, No.3, 833.

[5] J.Zhang, W.Yanand D. Cui, Concrete Condition
Assessment Using Impact-Echo Method and Extreme
Learning Machines, Sensors 2016, Vol.16, No.4, 447.

[6] J.Tong, C.ChiuandS. Liao, An Elastic-Wave-Based
Imaging Method with Synthetic Aperture Focusing
Technique for Scanning Defects inside Concrete Structure,
Journal of Applied Science and Engineering, Vol. 16, No.
1, 2013, pp. 45-50.

[7] Stoji¢ D, Nestorovi¢ T, Markovi¢ N, and Marjanovi¢ M.,
Experimental and numerical research on damage
localization in plate-like concrete structures using hybrid
approach, Structural Control and Health Monitoring 2018,
DOI: 10.1002/stc.2214.

[8] Liarakos EV, Providakis CP. Concrete damage mapping
combining laser scanning vibrometry, dynamic response
modeling, and ordinary kriging regression. Material
Design & Processing Communications 2020; DOI:
10.1002/mdp2.153.

[9] . Takahashia, S. Maeharaa, Y. Ogawab and T. Satoh,
Concrete Inspection Systems Using Hammering Robot
Imitating Sounds of Workers, 35th International
Symposium on Automation and Robotics in Construction
(ISARC 2018), 2018, pp. 214-218.

[10] HAMEF 2 ISME 7% A b U —X, fElE,
FEHIAR, 2005.

[11] R, I, KEEE BLSS, AR
T, JHEHRE - FTEREEOESRO L EMEHh O
A, EARFAEWSCE C (I T5), Wol.71, No.2
pp.108-118, 2015



