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Development on Machine Learning for Durability Prediction of Concrete Materials
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Abstract: The durability evaluation of concrete materials based on the related experiments has a low economic efficiency ratio. The
prediction accuracy of the conventional empirical formula for durability is restricted and the proportions of concrete mix cannot be
calculated according to the performance. It is thus necessary to develop a novel and efficient material quality control and performance
prediction tool. In this review, the process of building machine learning models was stated. The basic working flow and advantages of
common algorithms, as well as the durability index prediction algorithms based on machine learning were summarized. Its
application effects and development direction were discussed. This review can provide a basis for the in-depth development and
application of machine learning technology in the field of concrete.
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Table 1 Concrete proportioning design and optimization index

Water- Mix proportion/(kg-m™)

) w(Compound o
binder . . Optimization objective Ref.
" Cement Fly ash Slag Fine aggregate Coarse aggregate  superplasticizer)/%
ratio
0.30 420 72 670 1081 0.92 Chloride ion permeability coefficient; [50]
relative dynamic elastic modulus; cost
0.40 357.64 62.46 816.00 1115.27 4.95 Chloride ion permeability coefficient; [51]

relative dynamic elastic modulus; cost

w is mass fraction.
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Table 2 Summary of recent research on durability prediction based on machine learning
Durability . Statistical ~Dataset
. Algorithm Input Output . Training/% Validation/% Testing/% Ref.
index Index size
Anti-chloride SVM; ELM; C3A; w/b ratio; cement; Chloride R 127 70 30 [38]
ion KNN; GB; fly ash; GGBFS; silica diffusion RMSE;
penetration Light GBM; fume; aggregate; water; coefficient MAE;
XGB; RF; specific surface MAPE
AdB
LSSVM-NSGA Water-binder ratio; cement; Chloride ion Rz; 100 80 20 [50]
1I fly ash; slag; fine aggregate; permeability RMSE
coarse aggregate; compound coefficient;
superplasticizer relative dynamic
elastic modulus
Carbonation GBRT Weighted density; water Carbonation R 713 70 30 [63]
resistance absorption of gravel; water depth RMSE;
absorption of RCA; blast MAE
furnace slag; metakaolin; fly
ash; cement; silica fume;
water; w/b ratio; sand;
gravel; exposure time;
recycled aggregate;
superplasticizer; compressive
strength; CO, concentretion;
SVM-PSO; Cover binder; fly ash; time of Carbonation Rz; 50 80 20 [65]
SVM-GWO; exposure; relative humidity; depth MSE;
SVM-SOA; CO, concentration; w/b ratio MAE;
SVM-CSO VAF
Frost ANN; GPR; Water; cement; sand; gravel; Durability Rz; 142 80 20 [68]
resistance MARS RCA; fly ash; RCA replacement factor RMSE;
ratio; water absorption; RCA MAPE
treatment method;
air-entraining type
Resistance to ANN; SVM; Cement; water; volume Durability Rz; 143 80 20 [74]
sulfate attack DT, GPR; replacement ratio of RA; RA factor RMSE;
XGB; RF; water absorption; initial MAPE
GB; AdB compressive strength before
sulfate attack; type of cation;
solution concentration;
maturity under a wet state;
maturity under a dry state;
number of cycles
Resistance to RF; KNN; Cement; limestone powder; Corrosion Rz; 80 85 15 [76]
corrosion of ANN; SVM water; coarse aggregate; fine potential RMSE

reinforcement

aggregate; exposure time
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