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Abstract

:

This research discusses the viability of the next-generation novel materials, e.g., titanium alloy bars (TiABs) and ultra-high-performance concrete (UHPC) that have potential to be utilized in civil infrastructures, e.g., bridges, in combination with machine learning (ML) techniques. Since UHPC and TiABs have been demonstrated to be a realistic alternative to traditional construction materials for civil infrastructures, it is important to characterize bond performance of reinforcing, i.e., TiABs embedded in UHPC. The research utilizes improvement of ML techniques, e.g., transfer learning (TL) to predict the bond strength of TiABs in UHPC.
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1. Background


TiABs are currently just limited to aerospace industry but becoming popular for applications in concrete structures because of their exceptionally outstanding advantages. Compared to conventional reinforcing, the advantages that TiABs offer include but are not limited to higher strength, superior fatigue performance, high strength-to-weight ratio, lighter weight, lower modulus of elasticity, reduction in rebar congestion, smaller inelastic residual deformation, and excellent corrosion resistance [1]. Similarly, UHPC offers numerous advantages critical for bridge application such as exceptionally higher compressive strength, superior mechanical properties, and excellent durability compared to conventional or high-strength concrete [2]. However, both UHPC and TiABs have not been widely used to date in structural elements due to the lack of knowledge of their structural behavior and failure mechanism. They can be considered for building a new structure and repairing of existing structures. However, it is important to characterize properly the bond performance of reinforcing, i.e., TiABs embedded in UHPC for the safety of UHPC structures. The cost, nevertheless, plays a huge role in the ability of researchers to carry out experimental studies, and identifying an alternative way to model the behavior of these materials which would be a key challenge.



Machine learning (ML) methods are currently used widely, including applications to concrete structures, e.g., compressive strength of concrete by Chopra et al. [3], compressive strength of FRP-sheet-confined cylindrical specimens by Naderpour et al. [4], shear capacity of concrete beams/slabs by Hoang and Ashour et al. [5,6]. Researchers (Dahou et al., Golafshani et al., Mousavi et al., Liang, Farouk et al.) have also utilized ML in predicting the bond behavior of reinforcing with concrete [7,8,9,10,11]. Despite these advancements, it is still challenging to develop data-driven models for materials such as UHPC and TiABs, where experimental data are scarce. This paper presents the description of collected dataset, utilization, and a framework to develop an explainable, data-driven model (based on ensemble learning) to accurately predict the ultimate bond strength between UHPC and TiABs.




2. Description of Dataset


An experimental dataset from the existing literature was collected to train ML models. A total of 350 experimental tests were collected, which include six input parameters (compressive strength, f’c; yield strength, fy; tensile strength, fu; bar diameter, d; embedment length,   l  ; and concrete cover, c) and one output parameter (ultimate bond strength, τ). The input and output parameters are selected based on the availability of data from the existing literature.




3. Transfer Learning Methods


Transfer learning (TL) is the improvement of a learning ML model in a new task through the transfer of knowledge from a related task that has already been learned. Here, a model developed for a task is reused as the starting point for a model on a second task [12]. Figure 1 explains the transfer learning with the dataset used in the study. The entire dataset is first split into two different sets. The first set of data includes all the collected data for normal steel–normal concrete specimens and/or normal steel–UHPC specimens. The second set of data includes all the collected data for titanium-alloy-reinforced ultra-high-performance concrete (TARUHPC). Boundary condition in identifying the TARUHPC specimen is with the yield strength of TiABs (fy: 130 ksi) and compressive strength of UHPC (f’c: 18 ksi). Both A and B datasets are trained separately and then the knowledge is transferred for a new task. Two major TL methods were selected for this study: (a) Domain-Weighted Support Vector Transfer Regression (DW-SVTR) and (b) Two-stage TrAdaBoost.R2.



3.1. Domain-Weighted Support Vector Transfer Regression (DW-SVTR)


Domain-weighted support vector transfer regression (DW-SVTR) is a novel regression-based transfer learning (TL) model which is a variant of least squares support vector machines for regression (LS-SVMR), coupling LS-SVMR with two weight functions [13]. Both weight functions have different effects. The first weight is obtained using kernel mean matching (KMM) to balance the source and target domains which offers more weight to source domain points that are relevant to target domain points. The second weight is a function of residuals to further reduce the negative interference of irrelevant source domain points corresponding to outliers for the target domain training sample. In short, the model first applies KMM to balance the source and target domains, then performs data augmentation to increase the number of training examples, and finally trains a weighted LS-SVMR model using the augmented training set. It then uses the trained model to predict the target values of the test set. The predicted target values are returned as the output.




3.2. Two-Stage TrAdaBoost.R2


Two-stage TrAdaBoost.R2 is a transfer learning (TL) model for regression problems modified by Paroe and Stone [14] from the existing boosting-based classification TL model TrAdaBoost [15]. For the prediction of bond strength, the model is obtained by implementing the Two-stage TrAdaBoost.R2 algorithm to train a decision tree regressor on a source domain and adapting it to a target domain. Best hyperparameters for transfer learning are then obtained. The model is then trained on the source domain data and a set of adapted models for each transfer learning step is produced. Finally, the adapted model is used to predict the target domain data to produce the predicted target value using the adapted model.





4. Results


The dataset was used to train and test the TL model in the target domain, i.e., TARUHPC specimens. The predicted bond strength from both DW-SVTR and TwoStage TrAdaBoost.R2 was then compared against the target bond strength that was obtained from the experimental results (Figure 2). The figure also presents the predicted output obtained from the empirical equations from ACI 318-19 (Equation (1)) [16] and Harajli (Equation (2)) [17]. It is evident from the plot that the empirical equations from ACI 318-19 and Harajli cannot accurately predict the bond strength of TARUHPC. However, the TL models can predict the bond strength more accurately for TARUHPC.


  τ = 5.91     f ′  c    d   ,  



(1)






  τ =   f ′  c  [ 1.2 + 3   c   d   + 50   d   l   ] .  



(2)







DW-SVTR, TwoStageTrAdaR2, ACI-318 and Harajli obtained an R2 score (coefficient of determination) of 0.807, 0.809, −9.35 and −5.52, respectively. The R2 score simply measures the amount of variance in the predictions explained by the dataset. Similarly, the MARD score (mean absolute relative deviation) was 0.0471, 0.0497, 0.722 and 0.570, respectively. MARD is interpreted as the average percentage error of the model in predicting the target variable.




5. Discussion


Titanium alloy bars (TiABs) and ultra-high-performance concrete (UHPC) are considered to be novel materials for civil infrastructures, e.g., bridges. The advantages associated with these materials are the main cause for them to be considered in sustainable infrastructure. TiABs is currently being studied by various researchers as a replacement of traditional steel reinforcing for concrete structures (beam and columns) and being utilized by various DOTs (Departments of Transportation) in the United States. UHPC as well are being studied and utilized as a replacement of traditional normal concrete for bridges, buildings and more. However, the combination of these two novel materials is yet to be studied. This research aimed to successfully predict the ultimate bond strength of TiABs with UHPC, which is an important factor in safety of concrete structures, e.g., structural load-bearing capacity, stiffness, or crack control. This research utilized two major TL techniques, DW-SVTR and TwoStageTrAdaR2, which very closely predicted the bond strength of TiABs with UHPC. On the other hand, empirical equations (ACI-318 and Harajli) need to be modified to successfully predict the bond strength of TiABs with UHPC. The research at Idaho State University is ongoing to accurately define the bond–slip relationship between TiABs and UHPC.
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Figure 1. Transfer learning split of dataset. 
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Figure 2. Comparison between target and predicted output for different models. 
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