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Abstract. Fire resistance is a critical aspect which is to be considered to define the structural integrity of columns. This investigation presents the development of predictive neural network (NN) models to predict the fire resistance of reinforced concrete (RC) and concrete filled steel tubular (CFST) columns. Databases of 270 and 223 specimens were prepared for RC and CFST columns, respectively. 12 input parameters were considered for CFST columns, and 8 input parameters were considered for RC columns to train the algorithms. Eight input parameters considered for RC columns modelling are cross-sectional area of columns (mm2), specimen height (mm), compressive strength of concrete (MPa), tensile strength of reinforcement (MPa), longitudinal reinforcement ratio (%), heating rate (°C/min), test load (kN), eccentricity of applied load (mm) and 2 additional parameters were steel plate thickness (mm), and tensile Strength of Steel (MPa) for CFST columns. The models were developed with different neural architectures and most optimum models outperformed all available conventional models with correlation coefficients (R) of 0.92294 for RC columns and 0.99431 for CFST columns. Parametric studies are also done to observe and compare the effectiveness of the most important parameters on fire resistance of RC and CFST columns. The developed models encompass significant advantages for the field of fire engineering. These models can be used to evaluate and compare the performance of RC and CFST columns in the event of fire.
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1. [bookmark: _Hlk170634913]Introduction:
[bookmark: _Hlk170634944]In the context of reinforced concrete (RC) and concrete-filled steel tubular (CFST) columns), fire resistance is one of the critical factors regarding structural integrity and safety. During fire events, columns are important for supporting the loads and maintaining the stability of the structure. It is essential to understand and predict the fire resistance levels of structures to design building systems that are safer and to mitigate the risks associated with fire disasters. RF columns are common in construction industry because of their strength, durability and cost effective. Their behavior under extreme temperatures and threats has been studied extensively, resulting in the development of numerous empirical models to predict their behavior. However, these models are sometimes framed within particular bounds, and make some assumptions and simplifications which overlook the very complex relationship among many factors that affect fire resistance [1]. CFST columns are becoming more popular because of their exceptional fire resistance, ability to endure heavy loads, and the merged benefits of concrete and steel. The bond between the concrete core and the steel tube greatly improves their structural efficiency, but makes the prediction of fire resistance more complicated. [2].
The fire resistance of structural elements, particularly columns, remains a complicated issue impacted by a myriad of factors including the material’s fire-protection attributes, cross-section shape, and the fire parameters itself. It is obvious that the fire resistance of reinforced concrete (RC) columns is mainly governed by the mechanical and thermal characteristics of its constituent materials, that is, steel and concrete, the applied load, and the time duration of the fire [1].
Steel concrete filled tubes columns have attracted attention because of their enhanced fire resistance properties relative to ordinary reinforced concrete (RC) columns. The concrete filled steel tube bears the concrete core and therefore, the tube not only enhances the load bearing capacity of the concrete core but also protects against any fracture in case of a fire [2]. Empirical research has demonstrated that CFST columns possess superior fire resistance due to the collaborative interaction between the concrete core and the steel tube. Taking into account the concrete infill’s strength and the axial load’s value, several models have been created aimed at forecasting the fire resistance of CFST columns which incorporate the taper ratio of the steel tube.[3] As principal horizontal elements are the infrastructure’s sustaining pillars, there is a pressing need for prompt diagnosis, evaluation, and strengthening or modification procedures. Fire resistance is typically examined from an engineering perspective, where experimental evaluation is often performed using self-contained and sophisticated numerical models. The models developed here, which may be simplistic in nature, are intended for rapid determination of fire resistance for all the columns under conditions of fire.
[bookmark: _Hlk170635486]Machine learning (ML) algorithms are particularly useful in improving the accuracy of fire resistance predictions because they can analyze large amounts of data and identify complex relationships. Given the nature of algorithms and historical data, ML models can highlight patterns which conventional methods fail to reveal. Studies show the successful application of machine learning in diverse fields of civil engineering such as structural health monitoring, predicting material properties, and estimating the load-bearing capacity [4, 38-46]. Factors such as the geometry, material properties, and fire exposure details can be integrated into machine learning algorithms to yield accurate predictions about a structure's ability to withstand fires. From the literature review, it was found that ML tools like ANNs outperform empirical models in terms of predictive accuracy and generalization capability [4].
Fig. 1 presents the shapes of samples taken for preparing the datasets. For CFST columns, all types of shapes like circular, square, rectangular, and eclipse are considered; meanwhile, for RC columns, only square and rectangular shapes were considered during preparing datasets. No experimental research has examined how column shape affects CFST fire performance. However, circular columns may resist fire longer than square ones, as square corners receive more heat, weakening them faster. [5].
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2.  (
Fig. 
1
 Shapes in the datasets. (a) RC database (b) CFST database
)Development of Neural Network Models:
2.1. Preparation of Datasets:
To develop the ANN models for predicting the fire resistance of both CFST and RC columns, an extensive investigation is performed through the literature to note down the findings of the experimental investigations done in the past to study the fire resistance of CFST and RC columns. Eight input parameters were considered in the RC columns; 10 input parameters are considered in the CFST columns. The input parameters considered for RC columns are cross-section area of columns (mm2), specimen height (mm), compressive Strength of concrete (MPa), tensile Strength of reinforcement (MPa), longitudinal reinforcement ratio (%), hating rate (°C/min), test load (kN), eccentricity of applied load (mm) and fire resistance (mins) was noted as the target parameters for developing the NN model. To differentiate between slow and fast heating rates, a heating rate parameter was introduced for both CFST and RC columns. The heating rate is the ratio of the temperature of the furnace after 30 minutes of fire per 30 minutes duration.
On the other hand the input parameters considered for CFST columns are cross-section area of columns (mm2), specimen height (mm), compressive Strength of concrete (MPa), steel plate thickness (mm), tensile Strength of Steel (MPa), tensile Strength of reinforcement (MPa), longitudinal reinforcement ratio (%), hating rate (°C/min), test load (kN), eccentricity of applied load (mm) and fire resistance (mins) was noted as the target parameters for developing the NN model.
After thorough investigation, two datasets with a total of 270 samples for RC columns from 11 investigations Refs [1, 6-15] and 223 samples for CFST columns from 21 investigations Refs [16-36] were produced. It is essential to mention that the study focused on the non-protected CFST column.  Additionally, double-skin columns or columns incorporating various composites, such as steel fibers, were excluded from the research.
Dividing data into training, validation, and testing sets is essential for effective machine learning. As noted in Ref [36, 38-42], around 70–80% is used for training, 10–20% for validation, and the rest for testing, ensuring balanced model development and assessment. In this investigation, the data is divided automatically by MATLAB [37] into three sets, 70% of the data was kept for training, and the rest is divided into two halves of 15% for validation and testing.
2.2  Normalization of Data:
Normalization refers to a preprocessing technique applied to the input data to enhance the convergence and behavior of the model during training [37]. The efficiency of ANNs improves significantly when both input and target data values within the database are normalized. Following this normalization process, all outputs can be de-normalized for comparative analysis after training. The quality of the database directly impacts the performance of the ANN. To enhance the accuracy of the proposed NN model, all variables in the prepared datasets undergo normalization to achieve unitless parameters. Failure to conduct proper normalization and standardization of these variables results in a decrease in the processing and learning rate of the proposed NN model [43-46]. In this research, manual normalization is employed instead of utilizing MATLAB's automated normalization functions. This decision stems from the need to grant users control over the entire ANN operation process rather than relying solely on the code. All the input parameters and target values are normalized between 0.1 and 0.9 by Eq. 1. 
                               ... (1)
Whereas X shows the normalized parameter and ‘x” is the original value of the parameters. shows the deviation among the lowest value and the highest value of the parameter so ,  
2.3 Structure of proposed models:
The ANN models in the current investigation for RC and CFST columns are developed in MATLAB Toolbox. As there are no specific regulations for selecting a specific type or structure in NN modeling. Although certain guidelines are suggested in the literature, following them and through a hit and trial of different model structures, one can reach the most optimum model, giving the closest predictions. This study has done the same, and numerous models were prepared for RC and CFST columns.
The structure of a neural network greatly affects its performance. Key factors include the choice of activation functions, the number of hidden layers and neurons, and the selected learning and training algorithms.
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Table 1 Architecture of prepared models for CFST columns

3. Assessment of prepared NN models:
To choose the most optimum and accurate models for predicting the fire resistance of RC and CFST columns, all the established models were assessed using various statistical parameters like correlation factor (R), Root mean squared error (RMSE), and mean squared error (MSE). The highest value of the correlation factor and lowest values for MSE and RMSE present the most optimum model. Correlation factor (R), RMSE, and MSE are Quantifiable by Eq. 2, Eq. 3, and Eq. 4, respectively.
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whereas in above equations, N = Total Number of specimens, Xi = original values, Yi = ANN model predicted values,   and  and the same for the  and Sy. The architecture of the NN models was changed and modified to find the most accurate and best-suited model, giving the closest predicted values having the lowest error. Firstly, the best-performing single hidden layer model was identified. Then, the second hidden layer was added with varying neurons to see if there was any improvement in the overall R-value of the model.
4. Performance of the final proposed NN models
It has been established that RC1-10-10 (R =0.92, RMSE=0.35%. MSE=0.12%) and CFST1-10-10 (R =0.99, RMSE = 0.45%, MSE = 0.20%) are the proposed models to predict the fire resistance of RC and CFST columns, respectively. To observe the predicting behaviors of these models more closely, Fig. 11 shows graphical presentations of R values (Training, Validation, Testing, and overall) for RC1-10-10 (R =0.92, RMSE=0.35%. MSE=0.12%).
[bookmark: Fig11][image: ]
Fig 2. R (Training, Validation, Testing & overall) values for RC1-10-10.
Similarly, to check the performance of CFST1-10-10 (R =0.99, RMSE = 0.45%, MSE = 0.20%), the graphs of R values are plotted in Fig. 13. The Training R-value = 0.99, Validation R-value = 0.97, Testing R-value = 0.99, and Overall R value = 0.99 for model CFST1-10-10 are shown. From the data distribution, it can be observed that all the predictions are very close to the mean line.
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[bookmark: Fig13]Fig 3. R (Training, Validation, Testing & overall) values for CFST1-10-10.
Fig. 4 compares experimental and predicted fire resistance values for CFST110-10 columns. With R = 0.99, RMSE = 0.45%, and MSE = 0.20%, the model shows high accuracy, closely matching experimental results.
[image: ]
Fig 4. Comparison b/w predicted values by CFST1-10-10 and experimental values
5. CONCLUSION
The aim of this investigation was to utilize machine learning algorithms to develop neural models for the prediction of fire resistance for both RC and CFST columns and then using the developed models to evaluate and compare the effect of different parameters on the fire resistance of RC and CFST columns. The predictions of prepared models are very close to the original data collected from the literature. There is only a 0.5% difference between the average fire resistance of the collected dataset for RC columns and the predicted dataset by the RC1-10-10. The difference is 1.1% between the average fire resistance of the collected dataset for CFST columns and the predicted dataset by the CFST1-10-10.
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