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Abstract: The mechanical properties of concrete under external loads are influenced by its mesoscale compo-
nents. Due to their heterogeneity, experimental and numerical methods struggle to reveal the impacts of me-
soscale structures on the macroscopic mechanical behaviors of concrete. To effectively predict the peak stress

of a 3-phase (aggregate, mortar and voids) mesoscale model of concrete under uniaxial compression, a frame-
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work for mesoscopic concrete was established with PYTHON and ABAQUS, to generate a dataset of models

with varying aggregate volume fractions, porosities and peak compressive stresses. The sure independence

screening and sparsifying operator ( SISSO) machine learning algorithm, combined with the K-fold cross valida-

tion for hyperparameter optimization, was employed to derive a formula describing the effects of the aggregate
volume fraction and the porosity on the peak stress. The formula accurately describes the peak stress variation

gression; peak stress

— .

trend, thereby achieving precise predictions and offering physical interpretability. Compared to traditional ma-
=]

fering new insights for multiscale mechanical analyses of composite materials.

chine learning algorithms, the SISSO demonstrates advantages of maintaining precision while reducing computa-
tion costs and improving interpretability. It overcomes the “black box” limitations of conventional methods, of-
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Fig. 1 Different types of meso-scale concrete
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Table 1 Mechanical parameters of aggregate and mortar

compressive density dilatancy elasticity Poisson’ s
eccentricity/ ( % ) stress ratio
strength/MPa /(kgrem™) angle/ (°) modulus/GPa ratio
aggregate - 2.67 - 43 - - 0.23
mortar 35 2.40 38 25 0.1 1.16 0.2

I 2cgregate
[ mortar
[ porosity

150 mm

/////////////
rigid plane

B2 LR A R
Fig. 2 The mesoscopic concrete finite element model
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Table 2 Experimental parameters for uniaxial compression tests on concrete!*®]

parameter symbol/unit value
concrete compressive strength F. /MPa 35.46
water-cement ratio w/c 0.37
coarse aggregate particle size d /mm 5~20
specimen size [ /mm 150x150%300
cement density p./( grem™) 3.1
coarse aggregate density P,/ (grem™) 2.71
mortar elasticity modulus E, /GPa 23
concrete elasticity modulus E. /GPa 32.4
mortar Poisson’ s ratio v, 0.2
coarse aggregate Poisson’ s ratio v, 0.2
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Fig. 3 Stress-strain curves of concrete microscopic models under different microstructural compositions
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Fig. 5 Performances of the SISSO model with different values of feature complexity and dimension
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Table 4  Descriptors identified through 10-fold cross validation with 3-feature complexity
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Fig. 8 The surface of the peak stress formula
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Table 6 Computational environment and hardware/software parameters

parameter value
central processing unit Intel(R) Core(TM) i7-9750H CPU @ 2.60 GHz
memory RAM 8 GB
graphics card NIVIDA GeForce GTX 1650
system Windows 10
environment PYTHON 3.8 Scikit-learn 0.23.2 NUMPY 1.22.4

1.0

09832 0978  0.9682 0.9663

SISSO SVR RF DT GBDT LR
machine learning model

B9 REFRIEMIKE LK R St
Fig. 9  R? values and computation durations of different algorithms on the test set
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