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Defect Detection in Concrete Structures through Force Signal Clustering
Based on Wavelet Transformation and t-SNE
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In this paper, we propose a new force signal clustering method for defect detection in concrete
structures. With the rapid aging of concrete social infrastructure, the maintenance and management of
concrete structures have emerged as critical challenges. An impact method that utilizes the force sig-
nals obtained from an impact hammer for detecting defects in concrete has been proposed to overcome
the noise robustness issues of hammering acoustic inspection. However, it has been reported that im-
pact method significantly underperforms in defect discrimination accuracy compared to the hammering
acoustic method. The reason for the low defect discrimination accuracy of conventional impact method
is that, compared to hammering sounds, force signals have shorter waveforms and the waveforms be-
tween healthy and defective conditions are similar. In this study, to address this issue, we introduce a
clustering framework that incorporates wavelet transformation and t-SNE, proposing an impact method
with defect detection accuracy comparable to the hammering acoustic method. Experimental results
demonstrated that the proposed impact method can discriminate defects with high accuracy.
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(a) Force signals. (b) Acoustic signals.

Fig. 1: Samples of healthy and defective signals.
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Fig. 2: Processing framework for proposed method.
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Fig. 3: Side view of concrete specimen. The green num-
bers indicate two healthy areas subjected to hammering,
whereas the red numbers identify five areas with defects.
The depths of these defects, measured from the surface,
are as follows: (D17 mm, (227 mm, (3)36 mm, (943 mm,
and (3)50 mm.

AT 2RBEOERIIE TR U TH 5729, LD
‘Z\g‘lﬁﬁﬁﬁb‘ 2 oI, HHEIC X D e O EHR» KD
ETORBEROERIEMICKON 27D THS. KL
ﬁﬁgk@@%@%@k%m B NS WERDRTEL, 250
=k E WA O BRCBATFMI N 5. ABIET
1% Wavelet ZH T ONREEEWNBEBRL TXAFIv D
LY OEINFEZET, E56D0EDKEVEHIE X 28R 2K

s 5.
2.5 Fuzzy C-means 7 7 XX 25

Fuzzy C-means 1 Dunn[12] 24ER L7227 7 2 & U ¥ FFiE
THY, &7 =XKL YV IIEBOI FARIHETES 7 7
A RRBEEROZ PR TH S, Fuzzy C-means 1&, 7
FRARFLE BT —RERA ¥ b DR E R L =IO IR
BJIeRMETEZICED, 7IRXV U ITEITS.

N C
J =33 ultllz — o, (M

i=1 j=1

ZZT, NEFT—ZR¥, Cl3772&2%, z 3iHBHOTFT—X
RAUDMN, uj lE 2z DIV TRR §ADRBE, m 7 7 I 4 %
X)\“?Xw-&, C; 37724 i @':P'D, Hzl —Cj” Fa & Cj D
-2V FERECTH 5.

WETHE LN ITHES BT & KD 2 7 5 2R 7
HRAPFEET 2 DTk, ERNRRROBEE LR, T
HIE T & 2 Rt iﬂbilﬁﬂ‘i“@% D, FATSETIE Y TR K
V) > 7D 7T Fuzzy C-means 2SHWSHNTWS [7, 13]. AHf
FETH, Fuzzy C-means IZ &> TP T AKX Y V7 &=ITW, &E
EWEFE L RO S SIZET 202 ERINCERT 5.

3 B

REFEOEIEEBAL T 2720, BHEFIE 7] & KHGERARE
ErHE T 3EBE T A VT MYy —IlkoTarsr
) — MRABMEROBAEIR e K2, BUS L2 NEEE»HK
MoBmANET 5. 2> 2V — b OREEMORERL KREEN T
B2z, ASETRENDD 2 a2 7Y — FkBEE EERICH
Wiz, SEATRRGE (7] T, FTAIMIE D & KK TWE e HINo
DRI D 729, TEWRIAMZEHBARSENKR T T3
HEIhTW3., 22T, REFKTIE Fig. 3D X 51z, fH
FEBNE 2 HAT, RMGEEIZEINE TOHRI DER B 5 e, ¥

NRT 512 [{FTOMWEHRESOY > SV EINE L T-.
ARG TIE, FTEE L FEORE CRMGRAD TEE % A
V7 MEDOBREEHN Y LTV, Fig. 4 O X 51256
Brty b7y L RE Y FRIRIE~A 7 (PCB # 377B02)
MHEREINTEBD, £ 27 b hr<— (PCB # 086C03) 12
Ko THRAELATNE R, NEESLFEICT—Zes— (MC
# DT9837B) IC & > THHF T 3. BIUA o827 METH BEEHF
FIE (7] oL e HiC, FTHRIC X 2 REGHRA e O HITS .
Y7 IREERIE T &2 e —DRFETH % 100 kHz,
ﬁﬁﬂﬁ@”%ﬁ%ﬁﬁ”fﬂkﬂb(51%m(m2ﬁyfw)
FHHEBDAMEIZ 40.96 ms (4096 ¥ > FL) & L7z, Wavelet
x@k%ﬁ%?# v x—7 L v M& Morlet Zf#\y, t-SNE T

Fig. 4: Experimental setup.

%] [%]

2150 ‘ 2150 :

€ Ground Truth € Ground Truth

& 100 [ Healthy & 100 [ Healthy

s 3 Defective 5 /\ 3 Defective

5 5 501\ :

: N Y
Tt i

2 2 800 0.25 050 0.75 1.00

Defect Probablllty
Previous (depth 17 [mm]). (b

Defect Probability
Proposed (depth 17 [mm)]).

g
=

(a

n "

2150 ‘ 2150 :

£ Ground Truth 1S Ground Truth

& 100 ] Healthy & 100 [ Healthy

° @ Defective ° \ [ Defective

5 50 5 50 :

o) Qo

E il E i

z 800 0.25 0.50 O. 75 1. 00 z 8.00 0.25 0.50 0.75 1.00

Defect Probability
(c) Previous (depth 50 [mm]).

Defect Probability
(d) Proposed (depth 50 [mm]).

Fig. 5: Histograms of clustering results.
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Fig. 7: Scatter plot of embedded signals.
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