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Abstract: Reinforced concrete (RC) columns are critical load-bearing members in engineering structures. Under explosive
loading, they may sustain severe damage and potentially trigger the collapse of the entire structure. Therefore, rapid and
accurate assessment of the damage state of RC columns subjected to explosive loading is essential for ensuring structural safety

and implementing effective protective measures. Accordingly, a data-driven machine learning (ML) model is proposed to
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predict the damage indices of RC columns under explosive loading. To train the model, a comprehensive database comprising
3133 samples was established by integrating 259 samples collected from the literature and 2874 supplementary samples
generated through numerical simulations. The database includes both RC columns with uniformly spaced stirrups and those
with densified stirrups satisfying seismic design requirements. Eleven key parameters were selected as input features, with the
RC column damage index taken as the output. Six ML models were employed to predict the damage indices under explosive
loading, and their predictive performance was comparatively evaluated using four regression metrics. The results indicate that
the tabular prior-data fitted network (TabPFN) achieved the best predictive accuracy and generalization performance, with a
coefficient of determination of 0.989 on the test set and a mean absolute error and a root mean square error of 0.018 and 0.030,
respectively. The interpretability of the TabPFN model was further analyzed using SHAP (Shapley additive explanations). The
results show that charge mass, standoff distance, and column cross-sectional depth are the key features governing the damage
severity of RC columns. Notably, the volumetric stirrup reinforcement ratio contributes more significantly to improving the
blast resistance of RC columns than the longitudinal reinforcement ratio. Finally, comparison with independent finite element
simulation results confirmed that the TabPFN model exhibits good predictive stability as a surrogate model under unseen
loading conditions. In terms of computational efficiency, the proposed model achieves a single-prediction inference time of
approximately 0.5 s, representing an efficiency improvement of nearly four orders of magnitude compared with conventional
numerical simulation methods. The established model enables rapid surrogate prediction of RC column damage under
explosive loading and provides guidance for preliminary parameter analysis in blast-resistant structural optimization design.

Keywords: reinforced concrete columns; explosive loading; machine learning; damage assessment
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Table S Range of explosion parameters for reinforced concrete columns
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Table 6 Key hyperparameters in the model

e HSEL R M
max_depth (3,21) 20
min_samples_leaf (1,10) 1
DT
min_samples_split (2,10) 3
Splitter {best, random} best
n_estimators (100, 500) 500
max_depth (3,16) 16
RF
min_samples_leaf (1,10) 1
min_samples_split (2,10) 2
max_depth (3,16) 8
XGBoost learning_rate (0.05,0.3) 0.05
n_estimators (100, 1200) 700
num_leaves (6,50) 44
min_data_in_leaf (1, 10) 3
LightGBM
learning_rate (0.05,0.3) 0.05
n_estimators (100, 1000) 700
hidden_layers (1,5) 3
MLP nodes (12,24) 16
solver {adam, sgd} adam
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Fig. 11 Comparison of predicted value and actual value for six algorithms
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Table 7 Performance metrics for each machine learning model
(el Ktk R eMaE €RMSE EMedAE
Training set 0.998 0.007 0.014 0.005
DT
Testing set 0.970 0.029 0.050 0.015
Training set 0.996 0.010 0.017 0.006
RF
Testing set 0.981 0.026 0.040 0.018
Training set 0.999 0.006 0.008 0.004
XGBoost
Testing set 0.986 0.024 0.034 0.018
Training set 0.997 0.011 0.016 0.008
LightGBM
Testing set 0.984 0.024 0.036 0.018
Training set 0.984 0.026 0.036 0.019
MLP
Testing set 0.958 0.039 0.059 0.024
Training set 0.997 0.008 0.015 0.005
TabPFN
Testing set 0.989 0.018 0.030 0.011

T MRS BRIy TR B

eriar=0.006, €;,is=0.008, ey;.41z=0.004 FIK Y R=0.986, €,;,;=0.024, RMSE=0.034, €y;,41z=0.018; 3£ F
TabPFN YIIZR4E (1) R*=0.997, €,,,:=0.008, exrsp=0.015, €y;.q2x=0.005 il iX 5 1) R=0.989, e\,,,=0.018,
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Fig. 12 SHAP values for the TabPFN model
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Table 8 Geometric dimensions and explosion load parameters for six test conditions

T4 H/mm w/mm h/mm f./MPa f/MPa f/MPa /% pJ/% N, Wikg S/m
Cl 5000 400 400 45 400 335 1.57 0.97 0.3 30 1
C2 5000 400 400 45 400 335 1.57 0.97 0.1 300 5
C3 5000 450 450 45 400 335 1.50 1.30 0.4 30 1
C4 5000 450 450 45 400 335 1.50 1.30 0.4 300 5
Cs5 5000 600 600 40 400 335 1.64 1.76 0.1 30 1
C6 5000 600 600 40 400 335 1.64 1.76 0.2 300 5
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