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Machine Learning-Based Rapid Prediction Method of Failure Mode for

Reinforced Concrete Column
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Existing reinforced concrete buildings with seismically deficient column details affect the overall behavior depending on the failure type of
column. This study aims to develop and validate a machine learning-based prediction model for the column failure modes (shear,
flexure-shear, and flexure failure modes). For this purpose, artificial neural network (ANN), K-nearest neighbor (KNN), decision tree (DT),
and random forest (RF) models were used, considering previously collected experimental data. Using four machine learning methodologies,
we developed a classification learning model that can predict the column failure modes in terms of the input variables using concrete
compressive strength, steel yield strength, axial load ratio, height-to-dept aspect ratio, longitudinal reinforcement ratio, and transverse
reinforcement ratio. The performance of each machine learning model was compared and verified by calculating accuracy, precision, recall,
F1-Score, and ROC. Based on the performance measurements of the classification model, the RF model represents the highest average
value of the classification model performance measurements among the considered learning methods, and it can conservatively predict the
shear failure mode. Thus, the RF model can rapidly predict the column failure modes with simple column details.

Key words: Reinforced concrete columns, Machine-learning, Flexural failure, Shear failure, Flexure-shear failure
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Table 1. The considered failure mode

Failure

Mode Description

Degradation occurred due to flexural deformation after yielding

Flexure of the longitudinal reinforcement

Degradation (diagonal cracks) occurred due to shear distress

Shear before yielding of the longitudinal reinforcement

Flexure- | Degradation occurred after yielding of the longitudinal
shear | reinforcement but results from shear distress
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SHEAR
42(12.7%)

FLEXURE
239(72.4%)

Fig. 1. Reinforced Concrete Column Database for Failure Mode
Classification
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Table 2. Statistics summary of experimental database used in this research
. Extreme values
Parameter Model range Nominal — -
Minimum Maximum
Concrete compressive strength 13.10 to 118.00 34.11 13.10 118.00
Steel Yield Strength 010 587.10 436.23 0 587.10
Axial Load Ratio 0.03t00.9 0.14 0.03 0.90
Slenderness ratio 1.121t0 8.67 243 1.12 8.67
Longitudinal Reinforcement Ratio 0.0009 to 0.0615 0.0073 0.0009 0.0615
Transverse Reinforcement Volumetric Ratio 0.0068 to 0.0694 0.0174 0.0068 0.0694
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Table 3. Hyperparameters for each ML algorithm

Table 4. Confusion Matrix Concept

Model Parameter Value
NumLayers 2
ANN
Activations tanh
NumNeighbors 1
KNN
Distance cityblock
MinLeafSize 1
DT
Maximum depth of the tree 177
Method AdaBoostM2
RE Maximum depth of the tree 5
NumLearningCycles 488
LearnRate 0.9274
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Table 5. Result of performance measurements of classification

models

Measure ANN KNN DT RF
Accuracy 0.8820 | 0.9045 | 0.8632 | 0.8732
Flexure 0.9365 | 0.9833 | 0.9194 | 0.9355
Procision Shear 0.3333 | 0.3333 | 0.6667 | 0.7143
Flexure—shear | 0.8333 | 0.7778 | 0.5714 | 0.8333
Overall 0.7010 | 0.6981 | 0.7192 | 0.8277
Flexure 1.0000 | 1.0000 | 0.9661 | 0.9831
Shear 0.5000 | 0.5000 | 0.6667 | 0.8333
Recall Flexure—shear| 0.4167 | 0.5833 | 0.4000 | 0.5000
Overall 0.6389 | 0.6944 | 0.6776 | 0.7721
Flexure 0.9672 | 0.9916 | 0.9421 | 0.9587
F1-Score Shear 0.1721 | 0.1681 | 04714 | 0.6205
Flexure—shear | 0.3586 | 0.4575 | 0.2425 | 0.4344
Overall 0.4993 | 0.5391 | 0.5520 | 0.6712
Flexure 0.9958 | 0.9688 | 0.9619 | 0.9905
Shear 0.9648 | 0.7218 | 0.9275 | 0.9517
AUC Flexure—shear| 0.8862 | 0.7758 | 0.9385 | 0.9185
Overall 0.9489 | 0.8221 | 0.9426 | 0.9536
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Fig. 5. Relative importance of input variables for predicting the
failure modes of reinforced concrete columns
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