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Abstract

High Performance Concrete (HPC) plays a crucial role in enhancing the sustainability and reliabil-
ity of buildings and infrastructure. Machine learning techniques have been widely applied to pre-
dict various performance indices of concrete. This study introduces the use of Gaussian Process
(GP) models to predict the elastic modulus of normal and high-strength concrete based on com-
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pressive strength. To optimize the predictive accuracy of the GP model, this research employs
Kalman Filtering and Smoothing (KF/KS) techniques to reduce the impact of data dispersion. The
results demonstrate that the GP model can effectively utilize physical models, showing good pre-
diction and generalization capabilities. The performance of the model is further improved by
processing data through KF/KS techniques. With high accuracy and stability, the model promises
to be a fast, robust, and low-cost tool for estimating the elastic modulus.
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JrrEtERe s 1Bk [1] [2] [3] [4]-
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Figure 1. Procedure of the cross validation
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Table 1. Calculation models for concrete compressive strength and elastic modulus
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TS A SCHR
GB/T 50010-2010 E = L [23]

2.2+34.7/1,
ACI Committee 318-14 E, =4730,/f, [24]
ACI Committee 363-10 E, =3320,/f, +6900 [25]
Association Francaise de Genie Civil (AFGC) E, =9500f" [26]
Eurocode 2 E, =22000( f, /10)"" [27]
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CSA A23.3-04 E, = 4500,/f, [28]
CEB-FIP E, = 21500( f, /10)" [29]
Norwegian Standard NS 3473 E, =9500f°° [30]
Alsalman E, =8010f % [31]

Ma E, =21902( f,/10)" [32]

Sritharan E, = 4150/, [33]
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Figure 2. Relationship between concrete compressive strength and elastic modulus: (a) Norms; (b) Reference
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Table 2. Kernel functions
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7 :m(x*)+K(x*,x)K(x,x)fl(Ec(x)—m(x)) (6)
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Table 3. Evaluation metrics for prediction of the models
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Figure 3. GP model prediction results: (a) Model 1; (b) Model 2; (c) Model 3; (d) Model 4
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Figure 4. Results of different evaluation indicators: (a) Model 1; (b) Model 2; (c) Model 3; (d) Model 4
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