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Machine learning prediction and parameter sensitivity analysis for lateral
capacity of corroded RC columns
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Abstract; To achieve rapid lateral capacity prediction of corroded RC columns without specific failure modes under
seismic action, residual lateral capacity of corroded rectangular RC columns has been investigated based on
machine learning (ML) methods. First, the input parameters for the ML model were determined, the dataset of
corroded rectangular RC column was reorganized and correlations among the input parameters were analyzed. Then,
six typical ML algorithms, including SVM, KNN, ANN, CNN, RF and CatBoost, were selected to establish the
ML models for lateral capacity of corroded RC columns, and the hyper-parameters of ML, models were optimized and
determined using grid search or trial-and-error methods as well as 5-fold cross-validation. Finally, the predictive
accuracy of the six ML models was evaluated based on four widely-used regression evaluation metrics (Ey,, Eqys,
E\,» and R*) and testing set, and the importance ranking of input parameters and parameter sensitivity analysis
were carried out based on the excellent ML models. Results show that the predictive performance of neural network
models is generally better than that of ensemble models or other single models, in which ANN model is more
satisfactory, and the mean and standard deviation of the ratio of its predicted result to experimental value are 1.01
and 0. 14, respectively. Shear-span ratio has the highest and significant effect on the lateral capacity of corroded
rectangular RC columns, with an importance of up to 35%. The lateral capacity of rectangular RC columns
decreases with the increase of shear-span ratio, the ratio of stirrup spacing to section effective height and corrosion
level, but increases at first and then tends to stabilize or decrease with the increase of axial load ratio.
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Tab.1 Representative applications of ML methods in RC columns
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Tab.2 Statistical information for the corroded rectangular RC column dataset
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Fig.1 Correlation coefficient matrix of input parameters
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Fig.2  Framework of ML-based lateral capacity prediction of
corroded rectangular RC columns
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Tab.3 Hyper-parameter configuration of ML models
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Fig.4 Hyper-parameter optimization of ML models
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Fig.5 Comparison between prediction results of ML models and testing set

4 BT RN TR PR E 45 1 T 4% ML AR
AU TN AR B2, 6 Fiv ML A5 AL (%) T 000 R0 I 2545 B 22
EHE /N, 22 B 25 B R 7E I 2 5k A vh 45 210 38 B UL
Horbr ANN BEAIENNASE T E By T E s TH AT
SR 12.19 kN 10. 44% F1 18. 16 kN,R*# 0. 97, 1
AR B 1L ; CatBoost 1 CNN A5 HY (1) T 0 455 B 5

£4 ML ASEKTF A TAREE T

Tab.4  Accuracy evaluation of ML models for lateral capacity prediction
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G ) n 0/ % p/% /hq f,/MPa__ f/MPa _ f./MPa /% /%

Cl 1~5(1.76) 0.1~0.5(0.10)
€2 1~5(3.95) 0.1~0.5(0.33) 1.37 0.52 0.2~1.0(0.40)  525.0 390.0 33.8  0~20(0)
€3 1~5(2.28) 0.1~0.5(0.20) 1.42  0.44 0.2~1.0(0.26)  382.0 449.0 36.9  0~20(0)

2.05 0.93  0.2~1.0(0.16) 550.0 300.0 32.2 0~20(0) 0~50(0)

0~50(0)
0~50(0)

T ARSI BOAE, 0 C1 i, X 2808 BEATIBURE TS  n s/hy o, Al Z350HC 0.10.0. 16 .0 F1O,

500 1o 500
e ~o- LatBoa; Cl 8,0_04):9:8:8:8:3:8:8:0:8:0—0—0—0—0{»0—0
400 ->- CatBoost_C2 400 Pa s \w%:
Z -#- CatBoost_C3 zZ t=e i D
= - = 300 —~ANN_C1 ™" CatBoost_CiMHHM
Z 300 o — ANN C2 > CatBoost_C2
@ % 200 —+ ANN_C3 " CatBoost_C3
200 - ANN_Cl1 0 ] RR > ->-D>-D>-D>
—ANNC2 e 100 2 2 e EES
—~+ ANN _C3 RS
100 0
1 2 3 4 5 0.1 0.2 0.3 0.4 0.5
A n
(a) BB L (b) HhELL
500 -~ ANN_C1 -o- CatBoost_Cl1 500 -o- CatBoost C1
= ANN_C2 ->- CatBoost_C2 ->- CatBoost_C2
400 lg22<_~* ANN_C3 -+ CatBoost_C3 400 -+~ CatBoost_C3
Z Nt b0 z —
& Ny ~0-0-0-0-0-0-0-0-0-0-0-0-0-0 )
@ o! ; -~#¢~ @
= 300 A = 300 ~ ANN_CI
59 = -— ANN_C2
200 & 200 —— ANN_C3
pep-E B i o = NN NN =
100 — 100
0.2 0.4 0.6 0.8 1.0 0 5 10 15 20
s/h, n,/%
(c) #i 757 17] 2E 5 R TH A7 2800 B EL (OEN T3S
7 BT MLERNSEHRESH

Fig.7 Parameter sensitivity analysis based on ML models
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