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Estimation of Concrete Porosity Using Image Segmentation Method

Hyun-Joon Jeongl, Hoseong Jeongz, Jae Hyun Kim’, Kang-Su Kim""

Abstract: In this study, an image segmentation model that can evaluate surface porosity based on concrete surface images was derived. Three types
of concrete specimens with different water-cement ratios (w/c = 54, 35, and 30%) were prepared, and 2,729 surface images were obtained using an
optical microscope. Benchmarking tests, parameter optimization, and final model derivation were performed using the surface images, and an image
segmentation model with 97% verification accuracy was obtained. The model was verified by comparing the porosity obtained from the model and
X-Ray Microscope (XRM). The model provided similar porosity to that of XRM for the specimens with a high water-cement ratio, but tended to give
lower porosity for specimens with a low water-cement ratio.

Keywords: Concrete, Porosity, Image segmentation, Machine learning, Deep learning

1.M B Hol7] wjZoll, A& vl-8o] =1 IAFY= HAIE AY
AT Torres-Luque et al., 2014).
AREAS 30 0] 2 I E AT E FE2E(CISRC T g4} By ZAFE 7} o|u)x] U)o AAE A o)

28)0] 7Rl e FrBel WP 7R fAR] 2ol UnaEe s, ofE, AsFd U a4 5T
it ARSI Alo] FobA|al ok AEE FAIEE] AF Sk 4k HololA &-8F| 3 THHofimarcher et al., 2019;
(Ministry of Land, Infrastructure and Transport, 2022)°1| 4] RC Wang et al., 2018; Dogan et al., 2017; Jang et al., 2019; Yang et

Z=o| FR T8 B7IEES Bst ol L AskE A al, 2020). W BEVIHE 1A ool T2 - AEe
Foltt sl Bl sk AR SR TAE FFEC] ZEFgkoH, ol ¥ BAd 285 uE R AT

FoHdeE F7187] W2l RC 7229 w742 227 A = 5 AATHDung, 2019). ©] 23 G2 & 2}7]%‘&

E 355 & 9%& W=t Chang & Chen, 2006). 355 TIE o2 eI, Y T2E =0 A=
< T8 57N, 7F=F2 8 Xeray Microscope (XRM) & B3 4 9)8 Ao = 7|gHT)

= o AISE o AT T T (KS F 2385, 2018)2 2 whehA, B AT g Bay|WL shgste] 237
FAYES| F7H TEFS B3 35S Hrlshs ol EO ZZEL o =314} sk} 27| A= B AL A &
™, 7hAaF A S W5 el F2hE 7)A Fel| 7]Hksted 28 2} B3} ALR AH)S 27081, 3l A= o
TFES T3k oItk Xeray Microscope (XRM) = #lA] 45, 35& 74]2 5 mdstEo) AR RS Ae
X-rays F3l W5 vAlTE=E 7HAI3shs RolH, 3akd }911:} 4730l = A7 AaE sofsilon, sAelM= &
©° 2 F= Y EL F(Pore network) S &8 4= Y= A Fol A2 2 gokslat)

o] JTHLu et al., 2006). T4, o]# 3 SHAHEL 93] A|g

2. Y BYIIY X B

AR, A58 ~ntEA S F, At
A e Aista, AEFet ~nlEAEGEAE, T . =
e st, %8, v YF D72 G Fol AAE st HA T =
SR, A gn AEAH R, 25 AAE RS 71elth 2719 9 E7IHL AAG
*Correspondin author: kangkim@uos.ac.kr
#3516 gonstrfction Buildir%g lég@Seoulsiripdae-ro, Dongdaemun-gu, Seoul < g8kal YAIRE 71FEOR ov|x| o] AAE E5FstA

=

02504, Korea WHOtsu, 1979), H|s=gE A2-& FRSIst] AAE &
o2 =5l T3 B2) 52023\ 3Y 319714 83 2 Bu|FEA 20231 42 =
ol meshE A AE o N © (Dhanachandra et al, 2015)3}9th. ol2i@ WA S 2FHA

Copyright © 2023 by The Korea Institute for Structural Maintenance and Inspection. This is an Open Access article distributed under the terms of the Creative Commons Attribution
Non-Commercial License (http://creativecommons.org/licenses/by-nc/3.0)which permits unrestricted non-commercial use, distribution, and reproduction in any medium,
provided the original work is properly cited.

30



Bk RIA, Aol Geld 71l F4% B
O|FRA BE RS Kol 4k B/ mdlSo) o
& A

21 E2id 78 PN 2o

2.1.1 Fully Convolutional Network (FCN)
Fig. 18} 20] FCN& o]u] A o) A thite] EA L F&8H=
&A1& (Down-sampling) 43} thde] 9X]& F=

e r

TP

Fig. 1 Structure of FCN
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Fig. 3 Structure of U-net
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Table 1 Summary of concrete mix-proportion

Type water cement fine aggregate coarse aggregate

Typel 175 325 910 921

Type2 162 460 785 970

Type3 177 600 681 902
@9 : kg/m?
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Fig. 8 Surface images extracted by microscope



g3igom, Urix 2,500%] o]l A I 8 BHES
B7kshe dl ALERIT o714 % FFE-S 2 olvlA)
w2 F FFo] AXSHe WA o) W& AU Fig. 8
(2) 2 (b)= 212} Boben) g 0.2 Bow @A) o] E o]

9} v}27] H o] M| A& Lehaic,

7¥stazl, XRM 2 i Fr S &85t 3552 AlSst
Ak 2z wig ' APAE 10x10x10 mm’ F7] 2 HTs}e]
XRM A& 81819 .0, Fig, 95 XRM (X-Ray Microscopy)
< Bl F9E A 3R =5 725 YERIY ol &
= T3+ Dragonfly Pro2] ThresholdE 2431 =&

skal 23 Zlolth AR S H2EA7E HolA| =
R oJH|AE v O R o F FSES APES] Wl &
=323 999 XRM 2HE &85t 4 F

Moo H
({3
)
N

BA
=& 2Hgskath
FHB ZM(Ahnetal, 2013) 0.8 2559 243517 98t
o] AHAH S 100°C SHF A 241 AZEHH, 179755
of] Fof A@A ol o] FT&3] T2 T UA ST o] %

AgA o] Msld TS B3l TTE(PS
Viat (WS_ WD)/’YW
A M
o= Agslolon, o714, P MEEE Uehd A9 F
FE, V5 TS AR A5 11, v, = A5 2,
was N8 55, we AR AXRFTH, 4,5 29

A EE TFER AT ZABA S 2t tAIA ol =2

Fig. 9 3-Dimensionalized X-ray images (Type 1)

Z(Kumar et al., 2003), CTS(¥]Z] A&, Nitto, 2009)2}
Universal Testing Machine(UTM, 33 A&, KS F 2405,
2022) &83te] ZITES ASAEE SHSA A=
7= 542 Type B = 242} 2501 100 mm©] 1, 52171200
mm¢&l 53 FAIA 3710l el AAFHAS CTSE &8
785, A FAIAE 203] EFE st 22 v A = ghol)
7Rkt A EE AT

35 REskE

3.5.1 37} (Augmentation)

AFE] HIH L oA & FA| gt ARGSIEE, 34, wF
2 g e A E T AA 2 Q12 = k. o]l w2k
o|n]| 2|9} 3] A3 vEH, gl 59 Hloly S S T3l
7} o|u| A& R 3L, Shegol] F-88kith B3 o] theF
g 27] 2 SRS onAE &8  IEE A
(generator) S A A o|n]R| ] F7])Z 256x256 0.2 HME Y
o}, o] & AnbA Rl R =&AL Fig. 109 =24]31515 .

352 2d Y

Sholl AH8-2 HA 9] Hel'd E@(Deep Learning Model)
S E=&3}7] 913+ FCN, MobileNet, DeepLab v3+ 2 U-net
S &85t MiA vl B AEE F33tAnh Wi nka g2
EojlA 7} melo] gg5oll= default parameter”} AR5 10
), 30789 o|u| A& &85l Shgo] 3= AT Table 2+
WX vt B 2~ E A AE vepd Zlolt

B ~E Ay} 8k AIZHE MobileNeto] 71 Wokom, &

Table 2 Result of benchmark test

Models FCN MobileNet  DeepLab v3+ U-net
Time 1.1h 0.3h 0.7h 0.5h
Accuracy  93.0% 89.2% 96.1% 95.8%
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Fig. 10 Flowchart for model derivation
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Table 3 Grid search Table 4 Measured porosity
Parameter Value Parameter Value Methods Type 1 Type 2 Type 3
Input shape (256,256,3)  *Number of layers 3 XRM 9.26 % 3.96 % 2.20%
Batch norm True Number of classes 1 Water absorption 20.90 % 16.67 % 16.15 %
; . . U-net 9.28 % 3.10 % 1.75 %
Up-sampling mode Deconvolut-ion Dropout type Spatial
Attention True Dropout rate 0.5 Table 5 Predicted porosity using image data
*Filters 17 Activation of output Sigmoid
Type 1 Type 2 Type 3
Optimizer Adam Epochs 1000 Average 928 % 3.10 % 1.75 %
*Batch size 2 Shuffle True Median 9.22% 2.65 % 1.53 %
* Parameters for grid search P-value 1.79e-12 3.99e-26 3.23e-22
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Table 6 Sample size

Confidence level Marginoferror Typel  Type2  Type3
2% 9 3 1
90% 1% 34 9 4
0.5% 136 36 15
2% 12 4 2
95% 1% 49 13 5
0.5% 193 51 21
2% 21 6
99% 1% 84 22 9
0.5% 333 87 35
Table 7 Compressive strength of specimens
Type 1 Type 2 Type 3
CTS 35.1 MPa 66.9 MPa 82.2 MPa
UT™M 38.9 MPa 77.2 MPa 86.4 MPa
100 -
0 . «UTM
Fs + CTS Hammer
~ 80 n e
=" ¥
-.g'n 60
E 50
_— g
]
30 B
20
0 2 4 6 8 10
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Fig. 11 Relationship between porosity and strength
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