o529 B4 3 B2 Of oM B F R Vol. 29,No. 3
2026 4F 3 H JOURNAL OF BUILDING MATERIALS Mar. , 2026

XEHS:1007-9629(2026)03-0301-09
ETREFINKIERLI=BREHAR

BORM, BTt x) Y, E R
(1. =R K BRI AL A8 F S S0 %, 1k B 5 4430025 2. =R2 + AR5 E 5 2% e, Wt B
B 443002; 3. PG RTERE LR TR B, BV P9 710123)

Hi

WE L BT FNAMKIRE LG Z L TRENIUTHEILH, RESH T REHRIUATHE A 53
WA A AR A, FIaF, KN SHAP & - T 8 W 547, B = 4t B AR S AN HF 422 19
MAFRHERETREREHZRNE(DNN)HEKIRBELITZWMBAFIEL ETMEN T T XK
R, EREAN.FRXFZRE5BRAE ZRHBETEH ABRSBEREZ R ALK IEAMXE, KR
BHERE S HERKZI QAR AR IEETZRRTHS  MASIEES £ 54 ;4 126 DNN R
AL A ] Sk 2R Ao ] K SR 69 S R B H) A 0.90 A= 0.93, FRM M B & 5 ART R S0y = TR 45 M UAT
HERIEIEARZ A K T RE L BRI T AL 54709 T A4 15 38 36 ¥ 4%,

KR AR T RBE L, TREM T HELAH; T LCTMESET

RESES . TV431 XERAR SRS A doi:10.3969/].issn.1007-9629.2026.03.003

Void Structure of Hydraulic Concrete Based on Deep Learning
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Abstract : The geometric characteristics of the three-dimensional void structure in hydraulic concrete were
quantitatively characterized, and the distribution patterns and internal correlations of void geometric parameters were
systematically analyzed. In addition, interpretability analysis was performed using the Shapley additive explanations
(SHAP) method to elucidate the complex mapping relationships between the output target and input features. A
quantitative association model between void morphological features and total porosity was constructed using a deep
neural network(DNN). The results show that a strong positive correlation is observed between equivalent radius
and roundness, number of voids and entropy, as well as surface area and roundness. In contrast, a negative correlation
is found between Euler characteristic and fractal dimension. Feature importance is ranked, and input features were
reduced to five. The constructed DNN prediction model achieves correlation coefficient of 0.90 and 0.93 for the
training and testing sets, respectively, indicating high prediction accuracy. The geometric characterization system
for void structures established in this study provides a quantitative analytical tool and theoretical support for the
performance optimization of hydraulic concrete.
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Table 1 Physical performance of cement

Specific surface

Setting time/min

28 d compressive strength/

Soundness et — -~ o 28 d flexural strength/MPa
Qualified 354.2 215 278 50.4 8.9
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Table 3 Mix proportion of hydraulic concrete

Unit: kg/m’
Coarse Fine Fly .
Cement Water  Admixture
aggregate  aggregate ash
1031.0 776.0 365.0 75.0  165.0 8.1
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Fig.1 CT slice of concrete specimen
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Fig. 2 Gray square contrast image of concrete CT image
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Table 4 Geometric shape parameters of void structure

Parameter Formula Parameter Formula Parameter Formula
. . d, d,
Surface area S, Elongation ratio E. = 7 Flatness E.= j
L 1
Euler d, ‘lds X d,
. a4 =4 _ds
characteristic E, Aspect ratio T Roundness ® 7615
: . . 3InS,
Number of void N Fractal dimension (=
InV
EAR
Entropy H:_Z{P [I(f,y)]lnP[I(f,y)]} Equivalent radius rml:(T)
Ty n
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Fig. 3 Geometric dimensions of voids
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Construction of DNN multi output model
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Fig.4 Machine learning process

2 ZEREMILARESRES

i e B AT O R K () B PERESE () X 26
fiF 25 800 B A G PESEAT 43 7, % 5 T | r|=0.75
Flp<<0.01H BFHHEA S . th 55

(1) BR B Ak 555 0 B 4 0 5 BB O 6 &%
DR AL ik O 3 b 2 R SR AE 22 L o T Y A
BRI o T A3 T8 H U 7S 0 SR AT 2 AR R S
B FERE S AP TR AEBOB R | 2 B 3R T BORLAS | 45
Fy A 2 gF By o 2



%533 &

IR AR T IR A 2T K TR BE 2 BRES H BT 5T 305

(2) 50 AR BE I, 25 B 7y S 2, 28 ik (3%
i 38 T8 ) B 0, DA BRI R R
Z o I A RO D 25 A R R B IS A
FU ey, SR 1 B AR A, AT 3 SR R AR 5 L T

KIS AP S B RS, S,

(1) 75 BB 500 S i A 5 8 0 38 22 Bk
TEA SRR A, R A I [ B2 I I 22 33 X A, 24 22
B e B PG R o B A S B RO A
BTSN O AR K SR R JE I K s
WAE R X T I R TR A S B A i SR
PERNTE 71 o B30 /0 o 23 B 37 A7 A, X R (R
J¥ JEE B S A BRE 908 044 S A 1

(2) TR BE £ vh 25 B AR B9 38 2 B BOR T JROAR
U W ROR S A, T BN ERBURL > AT I AR . X
il JC P P 1 2 T 32 B A 0 B0 1 O o i A R T BR A 4
T B R L T 0 I AE R AT B (B R R I

x5 BRIESHEBMEXME

Table 5 Correlation between various characterization parameters

Feature 1 Feature 2 r i
S, 9 0.96 0
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N H 0.89 0
ool N —0.86 0
Tvol 2 0.84 0
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[ H —0.79 0
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E H 0.76 0
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