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Recycled concrete from construction waste used as road material is a current sustainable approach. To provide feasible suggestions for civil engineers to prepare recycled concrete with high flexural strength (FS) for the road pavement, the present study proposed three hybrid machine learning models by combining support vector machine (SVM), decision tree (DT) and multiple linear regression (MLR) with the firefly algorithm (FA) for the computational optimization, named as SVM-FA, DT-FA, and MLR-FA, respectively. Effective water-cement ratio (WC), aggregate-cement ratio (AC), recycled concrete aggregate replacement ratio (RCA), nominal maximum recycled concrete aggregate size (NMR), nominal maximum normal aggregate size (NMN), bulk density of recycled concrete aggregate (BDR), bulk density of normal aggregate (BDN), water absorption of RCA (WAR) and water absorption of NA (WAN) were employed as the input variables. To determine the predicting results of varying hybrid models, root mean square error (RMSE) and correlation coefficient (R) were used as performance indexes. The results showed that the SVM-FA demonstrated the highest R values and the lowest RMSE values, and the fitting effect of the predicted values and the actual values of the FS of recycled concrete is the best. All the above analysis proving that the SVM optimized by FA hyperparameters has the highest prediction accuracy and SVM-FA can provide engineers a more accurate and convenient tool to evaluate the FS of recycled concrete. The results of sensitivity analysis showed that WC has the most significant influence on the FS of recycled concrete, while RCA has the weakest influence on the FS, which should be noticed when engineers apply recycled concrete to road design in the future.
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1 INTRODUCTION

As the urbanization process enters the era of accelerated development, the construction industry has achieved new heights in the process of development (Arumugam et al., 2018; Corches and Popa, 2018; Albuquerque et al., 2022). In order to adapt to the needs of urban development, residential buildings, infrastructure, roads and bridges and other facilities are constantly updated, a large number of old infrastructures have been dismantled, resulting in a huge amount of construction waste (Dong et al., 2018; Faruqi and Siddiqui, 2020). At present, the main way to deal with construction waste is centralized stacking or landfill, but due to the characteristics of concrete is difficult to degrade, the above treatment will cause environmental pollution and land waste, not in line with the theme of sustainable development (Hassan et al., 2018; Luangcharoenrat et al., 2019; Kim, 2021). At the same time, the construction of new infrastructure has a large demand for concrete, and the preparation of concrete will use natural sand and other non-renewable resources, the exploitation of these resources has caused serious damage to the ecological environment (Vilventhan et al., 2019; Nunes and Mahler, 2020; Yin, 2021; Xiao et al., 2022). Therefore, the recycling and utilizing of construction waste can not only avoid the environmental pollution and ecological damage brought by it, but also reduce the mining and utilizing of natural sand and stone, which is of great significance in practical engineering application and social and economic benefits (Wang et al., 2020a; Wang et al., 2020b). In recent years, in order to promote the recovery and utilization of construction waste, civil engineers put forward the method of making recycled concrete from construction waste into recycled aggregate (Chi and Pei, 2018; Liang et al., 2019; Li et al., 2020; Hasanipanah et al., 2021). Recycled concrete refers to a new type of concrete formed by recycled aggregate which is partially or completely replaced by natural aggregate after the waste concrete is processed by a specific technology (Liu et al., 2019; Lin et al., 2020; Pacheco et al., 2021; Shmlls et al., 2022). Recycled concrete is not only beneficial to reduce the pollution caused by construction waste to the environment, but also to relieve the burden of resource exploitation to the environment. The cost of recycled concrete with the same strength is lower than that of ordinary concrete (Qiao et al., 2018; Weglorz et al., 2018; Xiong et al., 2018; Pani et al., 2020).
The road surface is in direct contact with the external environment and bears the driving load, meanwhile, it is also subjected to the rain erosion and the temperature change of freezing-thawing alternation, which puts forward higher requirements for the performance of concrete (Liu et al., 2019; Hoai-Bao and Quoc-Bao, 2021). FS is an important index to measure the quality of recycled aggregate concrete, and many researchers have carried out research on it. Xiao et al. (2013) used the laboratory test method to study the relationship between the compressive strength as well as the residual FS of recycled aggregate concrete with different recycled aggregates (0%, 30%, 50%, 70%, and 100%) and temperature, and the results showed that, both the residual compressive strength and the residual FS of recycled aggregate concrete increase with the increase of temperature, and they are affected by the replacement rate of recycled aggregate. In order to evaluate the feasibility of recycled aggregate concrete made of crushed clay brick and concrete block as recycled aggregate for filling wall materials, Chen et al. (2018) used orthogonal experiment method to study the influence of recycled brick particle content, water-cement ratio, lime content, aggregate cement ratio, aggregate replacement rate on the FS and compressive strength of recycled aggregate concrete, and used multiple regression analysis to analyze the relationship between recycled aggregate concrete and various factors. Kachouh et al. (2021) analyzed the effects of the replacement rate of recycled aggregate and steel fiber content on the FS of recycled aggregate concrete and desert dune sand by using three- and four-point bending tests, and proved that the replacement rate of recycled aggregate has a greater effect on the compression performance and steel fiber has a greater effect on the FS. Guan et al. (2022) evaluated the effects of steel fiber volume fraction, recycled aggregate replacement rate and concrete strength on the flexural properties of steel fiber reinforced recycled aggregate concrete beams using a combination of test and finite element method. The results showed that all specimens were broken in the compression zone, and the FS of steel fiber reinforced recycled aggregate concrete beams increase with the increase of the volume fraction of steel fiber and the strength of concrete, while the increase of the replacement rate of recycled aggregate decreases the FS of steel fiber reinforced recycled aggregate concrete beam. Yuan et al. (2022) proposed using gradient boosting and random forest to evaluate the compressive strength and FS of recycled aggregate concrete, and confirmed that the random forest model the predicted performance of random forest on recycled aggregate concrete better than gradient boosting by evaluating the error parameters and fitting parameters of the two machine learning models.
However, the above methods used to evaluate the flexural strength of recycled aggregate concrete has disadvantages as follow:
Laboratory testing involves casting, curing and testing samples, which requires a large amount of cost, substantial effort and time (Jamei et al., 2021), especially considering the influence of multiple factors on the flexural strength of recycled aggregate concrete, the amount of work will increase exponentially.
Some researchers have realized that the prediction effect of hybrid machine learning models is better than that of single machine learning models (Guo and Wang, 2017; Wang et al., 2019; Zhu et al., 2021; Hasanipanah et al., 2022), and studied the evaluation effect of hybrid machine learning models, but it is necessary to compare the evaluation effect of different hybrid machine learning models and select the model with higher prediction effect.
In order to compare the prediction effect of different hybrid machine learning models on the FS of recycled concrete, and select the model with high prediction accuracy for engineers as an environmentally friendly tool to evaluate the FS of recycled concrete, this study proposed to use the SVM-FA, DT-FA and MLR-FA to predict the FS of recycled concrete. There are many factors affecting the FS of concrete, and the influencing mechanism is also relatively complex (Shariati et al., 2020; Zhang et al., 2022). Research and analysis showed that the strength of concrete is mainly affected by the raw material quality, mix proportion of concrete and other factors (Jiang et al., 2019; Wang et al., 2021; Xie et al., 2022). In order to analyze the effect of the mix proportion of concrete and aggregate quality on the FS of recycled concrete, this study selected WC, AC, RCA, NMR, NMN, BDR, BDN, WAR and WAN as the input variables and collected 51 data sets from the previous published literatures. RMSE values, R values and the fitting effect between predicted values and actual values were used to evaluate the prediction accuracy of the models, and analyzed the sensitivity of recycled concrete to different input variables. The framework of this study is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Frame flow chart.
2 MATERIALS AND METHODS
2.1 Data collection
In this study, relevant data on the FS of recycled concrete were collected from the previous published literatures, and a reliable database was formed to verify the prediction effect of different machine learning models on the FS of recycled concrete. WC, AC, RCA, NMR, NMN, BDR, BDN, WAR, WAN are the input variables, FS is the output variable in this database. The distribution and statistical analysis of data sets are shown in Figure 2; Table 1. It can be seen from Figure 2; Table 1 that the coverage of data sets is wide, the mean and median are close, and the standard deviation and variance are small, proving the distribution of data sets is reasonable.
[image: Figure 2]FIGURE 2 | The data distribution of input variables [(A): WC, (B): AC, (C): RCA, (D): NMR, (E): NMN, (F): BDR, (G): BDN, (H): WAR, (I): WAN].
TABLE 1 | Statistical analysis of input variables data.
[image: Table 1]2.2 Correlation analysis
In order to ensure that the prediction effect of the models on the FS of recycled concrete is not affected by the high correlation between the input variables, the correlation between the nine input variables is analyzed before the models training, and the results are shown in Figure 3. It can be seen from the figure that the correlation coefficient of the same input variable is 1. Between different variables, the correlation coefficients between WAN and NMR (0.833), WAR and BDR (0.699) are the largest, but the correlation coefficients between other input variables are lower, less than 0.6. Overall, the correlation between input variables is low. Therefore, the prediction effect of the models will not be affected by the multicollinearity of the input variables, using them as input variables to verify the prediction effect of the models on the FS of recycled concrete.
[image: Figure 3]FIGURE 3 | The correlation analysis of input variables.
2.3 Algorithm
2.3.1 Firefly algorithm (FA)
Firefly algorithm can not only optimize single-peak function and multi-peak function, but also has strong local search ability to find the optimal solution in a small area. Compared with other optimization algorithms, firefly algorithm has the advantages of convenient operation, simple implementation, fewer parameters, and less influence of parameters on the algorithm (Arora and Kaur, 2022). In nature, fireflies communicate with each other through their own fluorescence and will be attracted by fireflies with higher brightness than themselves and move towards them, thus completing the position update. FA needs to comply with the following three conditions: firstly, all fireflies are gender-neutral, and each firefly is attracted to the other; Secondly, the attraction between fireflies is only related to brightness and distance, and is directly proportional to brightness and inversely proportional to distance (Rezaei and Rezaei, 2022). The fireflies with weaker brightness move to the fireflies with stronger brightness, while the fireflies with highest brightness move randomly (Huang et al., 2020); Finally, the brightness of fireflies is affected by the objective function. For the maximization problem, the brightness of fireflies is proportional to the objective function, while for the minimization problem, the brightness of fireflies is inversely proportional to the objective function (Huang et al., 2021). The code for the FA is shown in Table 2.
TABLE 2 | The code of FA.
[image: Table 2]2.3.2 Support vector machine (SVM)
SVM is a common classification method suitable for solving small sample and non-linear problems (Huang et al., 2021; Li and Lv, 2021; Gupta et al., 2022). Based on the principle of structural risk minimization, SVM compresses the original data set into the support vector set, gives the rules of support vector determination in the process of learning new knowledge with subsets, and obtains the upper bound of learning error probability (Ahmad et al., 2021). The linear classification plane is defined as:
[image: image]
In the formula, [image: image] is the weight vector of the classification plane, [image: image] is the classification threshold, and can be obtained by any support vector or by any pair of support vectors of the two classes. Through normalization of the discriminant function, all samples meet [image: image], namely:
[image: image]
In the formula [image: image], [image: image] is the category mark of the sample. If the sample belongs to class C, then [image: image], otherwise [image: image], [image: image] is the corresponding sample. The design goal is to minimize the interval value. According to the above analysis, Lagrange function is defined as:
[image: image]
In the formula, [image: image], [image: image] is Lagrange multiplier, solve partial differential equations of [image: image] and [image: image] , and set them to 0. The original problem is transformed into a duality problem, with constraints:
[image: image]
Solve for [image: image] that maximizes the value of the following function:
[image: image]
If [image: image] is the optimal solution of the above formula, then:
[image: image]
The weight coefficient vector of the optimal classification surface is obtained. Calculate the following classification functions:
[image: image]
If [image: image], D belongs to this class, otherwise, D does not belong to this class.
The schematic diagram of SVM is shown as Figure 4.
[image: Figure 4]FIGURE 4 | The schematic diagram of SVM.
2.3.3 Decision tree (DT)
DT is a common classification method consisting of a set of branching decision test groups (Bonsignori et al., 2021; Azad and Moshkov, 2022). When DT is used to predict the category of the new sample, the corresponding attributes are tested starting from the root node, and the prediction results are obtained when the leaf node is reached. The process of learning of DT is usually a recursive equation (Keikes et al., 2021). In each step, a partition attribute is selected for the formulated data set, and the subset of the data set is determined according to the partition of the attribute, each subset is regarded as the next data set, and the partition of the attribute is selected until the end condition bit is satisfied (Wei et al., 2021; Panhalkar and Doye, 2022). The flow chart of DT is shown in Figure 5.
[image: Figure 5]FIGURE 5 | The flow chart of DT.
2.3.4 Multiple linear regression (MLR)
MLR is a common quantitative analysis method, which is widely used in the field of economics due to its superior performance, and is usually used to explain the relationship between variables affected by multiple variables (Korkmaz, 2021; Rossi Salamanca-Neto et al., 2021; Sibyan et al., 2022), and its general form is:
[image: image]
Where Y is the dependent variable, X are the independent variables, k is the number of explanatory variables, [image: image] is the regression coefficient, and m is the random interference term. As can be seen from the above equation, dependent variables are affected by multiple independent variables. During model construction, independent variables with greater influence on dependent variable should be selected and corresponding coefficients of each independent variables should be determined. Then, after judging the fitting effect of the model on actual data, whether the model is suitable for prediction should be further confirmed (Pallardy, 2022; Peng et al., 2022). MLR needs to satisfy the following four assumptions:
• The independent variables are fixed and there is no high correlation.
• The mean and homoscedasticity of m are zero, and no sequential correlation, that is, the expected value of m is zero.
• X is independent of m.
• The random interference term m satisfies normal distribution.
The flow chart of MLR is shown in Figure 6.
[image: Figure 6]FIGURE 6 | The flow chart of MLR.
Among the four machine learning models, FA is used to tune the hyperparameters of SVM, DT and MLR, while SVM, DT and MLR are used to predict the FS of recycled concrete. The hyperparameters of the three algorithms tuned by FA and the required ranges or values corresponding to the hyperparameters are shown in Table 3.
TABLE 3 | Hyperparameters of the machine learning models tuned by FA.
[image: Table 3]3 RESULT AND ANALYSIS
3.1 Hyperparameters tuning
In order to improve the accuracy of the model, it is necessary to optimize the hyperparameters of the models before the model training. In this study, FA was used to optimize the hyperparameters of SVM, DT and MLR and the relationship between the number of iterations and RMSE values is shown in Figure 7. It is obviously that with the increase of the number of iterations, the RMSE values of both SVM and DT decrease firstly and then tend to be stable, while the RMSE values of MLR remain basically unchanged. In other words, FA has a higher hyperparameter tuning effect on SVM and DT (Qi et al., 2018), but a poorer hyperparameter tuning effect on MLR.
[image: Figure 7]FIGURE 7 | The relationship between the number of iterations and RMSE values.
In order to compare the hyperparameters tuning effects of FA on SVM, DT and MLR, and then select the optimal hyperparameters of the three models, this study selected 10-fold cross-validation method to optimize the hyperparameters of the three models. The relationship between the number of iterations and RMSE values is shown in Figure 8. The figure shows that the RMSE values of SVM is the smallest on the whole, that is, the hyperparameters tuning effect of SVM is the best. The minimum RMSE values of SVM, DT and MLR are obtained at the fourth, sixth and third iterations respectively, that is, the optimal hyperparameters of SVM, DT and MLR are obtained at the fourth, sixth and third iterations respectively.
[image: Figure 8]FIGURE 8 | RMSE values of different folds.
3.2 Evaluation of the model
Model evaluation is an important step to verify the accuracy of model prediction. The fitting effect of SVM-FA, DT-FA and MLR-FA on the predicted values and actual values of the FS of recycled concrete in the training set and test set is shown in Figure 9. It is clearly that among the SVM-FA, DT-FA and MLR-FA, the SVM-FA has the best fitting effect on the FS of recycled concrete of the predicted values and actual values, proving that SVM-FA is the best model for the prediction on the FS of recycled concrete among the three hybrid machine learning models.
[image: Figure 9]FIGURE 9 | The fitting effect of the predicted values and the actual values of the FS of recycled concrete by the machine learning models [(A): SVM-FA, (B): DT-FA, (C): MLR-FA].
In order to further verify that among the three hybrid machine learning models of SVM-FA, DT-FA and MLR-FA, SVM-FA has the best prediction effect on the FS of recycled concrete, this study further analyzed the prediction effect of the three models. The box diagram of residual results of SVM-FA, DT-FA and MLR-FA is shown in Figure 10 it can be seen from the figure that the residual error of SVM is the smallest among the above three machine learning models, that is, SVM-FA is the model with the best prediction effect.
[image: Figure 10]FIGURE 10 | Box plot of prediction error of different models.
Figure 11 shows the radar diagram of R values and RMSE values in the testing set of the three hybrid machine learning models. As can be seen in the figure, The RMSE value of SVM-FA is about 0.5 and the R value is about 0.95. On the whole, SVM-FA has the higher R value and the lower RMSE value, which proves that SVM-FA has the best prediction effect, among the three hybrid machine learning models.
[image: Figure 11]FIGURE 11 | Radar plots of R values and RMSE values of different hybrid machine learning models.
The analysis of R values and RMSE values of SVM-FA, DT-FA and MLR-FA is shown in Figure 12. As shown in the figure the SVM-FA has the lowest RMSE value and the highest R value in both the training set and the test set, which again verifies that the SVM in the training set and the test set has the best prediction effect on the FS of recycled concrete among the above three models.
[image: Figure 12]FIGURE 12 | The R values and RMSE values of different hybrid machine learning models [(A): R values, (B): RMSE values].
3.3 Importance of variables
Sensitivity analysis is helpful to judge the influence of input variables on the FS of recycled concrete. According to the evaluation of effect of models, SVM-FA is the model with the best prediction effect on the FS of recycled concrete among the three intelligent optimized models in this study. Therefore, the importance score of input variables were extracted from SVM-FA, shown as Figure 13. It is obvious that WC and WAR are the most sensitive variables of the FS of recycled concrete (Xu et al., 2020; Yuan et al., 2022), and the importance score are 0.839 and 0.784 successively, while the importance score of RCA is 0.136 ranking the lowest. Although RCA has the lowest score for the importance of the FS of recycled concrete, which does not mean that RCA can be excluded from the influencing factors when researchers study the FS of recycled concrete and civil engineers prepare the recycled concrete with high FS. It only means that according to the database of this study (Li et al., 2022), RCA has the lowest score for the importance of the FS of recycled concrete.
[image: Figure 13]FIGURE 13 | The importance scores of the input variable.
4 CONCLUSION
Three intelligent optimization models (SVM-FA, DT-FA, MLR-FA) were proposed to predict the FS of recycled concrete. In order to compose a reliable database for the training and validation of the models, 51 datasets were collected, with nine variables (WC, AC, RCA, NMR, NMN, BDR, BDN, WAR, and WAN) as input variables. Before the training of models, the distribution of input data sets and the correlation of input variables were analyzed, and the results showed that the distribution range of data sets of input variables were wide, and there was no high correlation between different input variables, which proved that using the database to evaluate the prediction accuracy of the models, used to predict the FS of recycled concrete was reasonable.
In this study, the prediction accuracy of the models for the FS of recycled concrete was verified by analyzing the R values, RMSE values and the fitting effect of the predicted values and the actual values. The results showed that compared with DT-FA and MLR-FA, the predicted values and the actual values of SVM-FA have better fitting effect, and have higher R value and lower RMSE value, proving that SVM-FA is the most suitable model for predicting the FS of recycled concrete among the three intelligent optimization models. The sensitivity of each input variable was analyzed, and the ranking of importance of the influenced variables was WC (0.839), WAR (0.784), WAN (0.757), AC (0.460), NMR (0.435), the BDR (0.417), BDN (0.374), NMN (0.159), and RCA (0.136). The above ranking of importance is based on the data set of this study, so the lowest ranking of importance of RCA does not mean that civil engineers can ignore RCA when designing the recycled concrete with high FS.
The research results formed in this study can be used in practical engineering. Engineers can use the model (SVM-FA) obtained in this study to reliably predict the FS of recycled concrete, which can be used as the basis for road design, but the developed model is only suitable for the assessment of FS of recycled concrete. Hence, in future research, a multi-objective optimization design should be proposed, considering the objectives of mechanical properties, economical and carbon emissions.
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