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Abstract


In recent years, the rapid development of underground engineering projects has driven a significant increase in the variety and quantity of excavation equipment. The wear of excavation tools significantly increases construction costs and reduces construction efficiency. The wear rate of excavation tools is closely related to the abrasiveness of the rock. The Cerchar abrasivity index (CAI) is the most widely used index for estimating rock abrasiveness. The primary objective of this paper is to develop a novel prediction model for CAI, which is established based on the mechanical properties and petrographic parameters of rocks. These parameters include uniaxial compressive strength, Brazilian splitting strength, quartz content, equivalent quartz content, average quartz size, brittleness indices, rock abrasive index, and Schimazek’s F-abrasiveness. Correlation analysis was used to conduct a preliminary analysis between CAI and single-influence parameters. The results indicated that a single factor is not suitable for directly predicting CAI. In addition, multiple linear regression (MLR) and a non-linear algorithm, gene expression programming (GEP), were used to establish new prediction models for CAI. A statistical comparison was conducted between the prediction accuracy of the GEP-based model and the MLR-based model. In comparison to the MLR-based model, the GEP-based model demonstrates higher accuracy in predicting CAI.
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1. Introduction


With the growing demand for underground space construction projects such as metro tunnels, water conveyance tunnels, and oil extraction tunnels, the types and quantities of tunneling boring machines (TBMs), rock drilling tools, and sawing equipment increase year by year [1,2,3]. During the construction of projects, a large number of rock-breaking tools are expended due to wear and tear [4], which significantly increases construction costs and reduces construction efficiency. Tool wear depends in part on the tool material and operating conditions, but the most important factor is the abrasiveness of the rock. Rock abrasiveness is defined as the inherent capacity of the rock to cause material loss in contacting material [5]. In tunneling and mining engineering, the Cerchar abrasivity index (CAI) test [6], Gouging abrasion test [7], Laboratoire des Ponts et Chaussées (LCPC) abrasivity test [5], and Norwegian University of Science and Technology (NTNU) test [8] are four commonly used tests to evaluate rock abrasivity. Among them, the CAI test is the most widely used method due to its simple, low-cost, fast test procedure [9].



The CAI test was developed in the 1970s by the Cerchar Institute for evaluating the abrasiveness of coal-bearing rocks [10]. There are two types of test apparatus in use today, which are the original test device and West test apparatus [5]. The test specification is sliding a stylus (HRC 55 ± 1) with a 90° conical tip on the rock sample surface for 10 mm under a constant load of 70 N. The diameter of the worn stylus tip is observed, and the CAI value of the rock sample is 10 times the wear flat diameter [11]. With the promotion and application of the CAI test, scholars have conducted a number of studies on CAI. Some scholars focus on studying the impact of test specification on CAI. Yaralı et al. [10] measured CAI values at different scratch lengths and suggested that it was suitable to use a 15 mm scratch length when conducting the CAI test. Aydm [12] analyzed the effect of test parameters on CAI and indicated that the rock sample surface conditions and the hardness of the stylus significantly influence the value of CAI. Michalakopoulos et al. [13] studied in detail the effect of the stylus hardness on CAI and gave the conversion formula between CAI values under different stylus hardness. Zhang et al. [5] investigated the relationships between CAI and several abrasive parameters, such as test force and scratching specific energy, based on a new test device. Other scholars explored the relationship between CAI and the intrinsic properties of rock [14]. Ko et al. [15] used single and multiple linear regression (MLR) analysis methods to study the relationship between CAI and rock geomechanical properties. The results showed that a single parameter alone is not suitable for predicting CAI and that quartz content has little effect on CAI. Yaralı et al. [16] studied the relationships between CAI and petrographic properties. It was found that the quartz content and cement type affect the CAI. And a strong correlation between CAI and average quartz grain size was found. Alber et al. [17] proposed a novel test device to research the effect of situ stresses and demonstrated that the CAI is stress-dependent. Moradizadeh et al. [18] analyzed the effect of the equivalent quartz content (EQC), point load index, and water absorption on CAI with bivariate and multivariate regression methods. The results showed that the main effect factors are different for different rock types, and the main factors are point load index and EQC for sandstone, while the main factor is EQC for igneous. Er et al. [19] studied the empirical relationships between petrographical characteristics and CAI with the regression analysis method. Zhang et al. [1] indicated that the EQC and uniaxial compressive strength (UCS) significantly affect CAI based on univariate regression analysis results. Most of the aforementioned studies rely primarily on regression analysis methods, which fail to deeply explore the intrinsic relationship between CAI and the inherent parameters of rocks.



With the development of machine learning (ML), various algorithms have been proposed for analyzing the relationships between parameters, such as neural networks, ant colony algorithms, and genetic algorithms. Compared to traditional regression analysis methods, it exhibits higher advantages in predicting the accuracy of parameter relationships. Perez et al. [8] developed an artificial intelligence (AI) model to estimate CAI. The results showed that the acoustic emission, UCS, quartz content (QC), Young’s Modulus, and pin hardness are the optimum input parameters for predicting CAI. Elbaz et al. [20] developed a hybrid model for predicting the life of disc cutters by coupling a group method of data handling (GMDH)-type neural network (NN) and a genetic algorithm (GA), which has high prediction accuracy. Qi et al. [21] proposed an abrasive index prediction model, and the model was optimized with metaheuristic optimization algorithms (MOAs). The results reveal that the quartz content significantly impacts the abrasive index. Houshmand et al. [22] utilized supervised ML models to predict rock hardness by rock geophysical and geochemical features. Geng et al. [23] compared the differences in the accuracy of disc cutter force prediction between four ML models and theoretical and empirical prediction formulas. The results indicated that four ML models consistently achieved high prediction accuracy. Shin et al. [24] proposed an ensemble model to forecast disc cutter wear, which combines the advantages of random forest (RF) and extreme gradient boosting (XGB). Tripathy et al. [25] described an artificial neural networking (ANN) prediction methodology to evaluate the CAI using geomechanical properties as input parameters and confirmed the effectiveness of the ANN-based model. Onifade et al. [26] developed a reliable model which combines a shallow neural network (SNN) and a deep neural network (DNN) to predict the abrasive index of coal samples. The results indicated that the ML method demonstrated superior performance in prediction, and the ash content is the most important parameter compared to volatile matter, fixed carbon, and calorific value. Although the abovementioned studies have achieved good prediction accuracy using ML, they cannot provide a clear and simple prediction equation, which is more convenient to use in the mining industry and excavation projects.



To develop a multi-parameter, visual, and accurate model for predicting the value of CAI, this paper developed a new mathematical predictive model for predicting CAI based on gene expression programming (GEP). A comprehensive database consisting of 81 typical samples was collected include various rock types. Ten parameters of rock, such as average quartz diameter, UCS, and EQC, Brazilian splitting strength, quartz content, brittleness indices, rock abrasive index, and Schimazek’s F-abrasiveness were selected as input features to estimate CAI. The database is divided into a training group and a testing group for model iteration training and prediction accuracy validating. In addition, the MLR method was also adopted to analyze the database and propose MLR-based models. The accuracy of prediction between the different models was compared based on multiple evaluation metrics.




2. Database Creation and Statistics Analysis


2.1. Database Creation


Many studies have focused on the relationship between CAI and rock properties. They measured CAI and various rock properties parameters, and the summary results are shown in Table 1. According to the results of previous studies, the rock performance parameters that affect the value of CAI are mainly divided into two categories. The first category is the mechanical property parameters of rocks, such as UCS, Brazilian splitting strength (BTS), direct shear strength, and point load index. Compared to other mechanical parameters, UCS and BTS are widely studied and show good correlation with CAI in specific rocks [9,15]. Therefore, they are selected as mechanical input parameters in this study. The other category is the petrographic properties of rocks, such as QC, EQC, and average quartz size (D). A large number of scholars have shown that petrographic parameters significantly affect the value of CAI [16,18,19]. Hence, QC, EQC, and D are selected as petrographic input parameters for predicting CAI. According to the selected input parameters, 81 rock datasets containing all necessary input parameters were selected from the literature, as shown in Appendix A. It is worth noting that the dataset includes different rock types. The different rock types have different mineral compositions, quartz sizes, and mechanical properties. Among the input parameters selected above, EQC and QC can reflect the influence of mineral composition, while UCS and BTS can capture the impact of mechanical properties, and D is able to represent the influence of quartz size. Hence, these input parameters can reflect the influence of rock type to a certain extent, and it is reasonable to treat different rock types as a single group.



In addition, some rock property indices can be calculated from the above input parameters, such as brittleness index, rock abrasive index (RAI), and Schimazek’s F-abrasiveness (SF-a). Brittleness is usually considered an important geomechanical parameter of rock, which significantly influences the CAI in some rock types [15]. There is no standardized calculation formula for rock brittleness [15]. Based on the UCS and BTS of rock, Hucka [36] and Altindag [15] proposed three different formulas to reflect the brittleness index of rock. The three brittleness indices B1, B2, and B3 are calculated as follows:


   B 1  =     σ c     σ t     ,  



(1)






   B 2  =     σ c  −  σ t     σ c  +  σ t     ,  



(2)






   B 3  =       σ c   σ t   2     ,  



(3)




where    σ c    is the uniaxial compressive strength, and    σ t    is the Brazilian tensile strength.



Similarly, the RAI [1] and SF-a [29] can preliminarily reflect the abrasiveness of rocks. Those two parameters are determined by comprehensively considering the influence of mineral contents and mechanical parameters. And the formulas can be defined as follows:


  R A I =    E Q C × U C S   100    ,  



(4)






  SF-a =    E Q C × D × B T S   100    ,  



(5)







These derived parameters preliminarily consider the effects of mechanical parameters and petrographic properties, which are intrinsically related to CAI [1,15,29]. Using derived parameters as input parameters during GEP research can decrease the complexity of the proposed model [37]. Hence, it is reasonable to use these derived parameters as input parameters to predict the value of CAI.




2.2. Statistics Analysis


The value of CAI represents the abrasiveness of rocks. A high CAI value indicates that the rock is highly abrasive, which leads to more rapid wear of excavation tools. A low CAI value indicates that the rock is less abrasive, which leads to a longer tool life. According to the classification proposed by the International Society for Rock Mechanics (ISRM) [14,33], the rock abrasiveness is divided into seven levels based on the value of CAI.



The quantity distribution of collected data on 81 rocks in different abrasiveness levels is shown in Figure 1. As can be seen from Figure 1, when the CAI value is between 0.1 and 0.4, the rock abrasiveness is at an extremely low level, and the collected rock data does not include extremely low abrasive rock. In addition, 7 of the collected rocks have very low abrasivity (8.6%), 26 rocks have low-abrasivity (32.1%), 18 rocks have medium abrasivity (22.2%), 13 rocks have high abrasivity (16%), 6 rocks have very high abrasivity (7.4%), and 11 rocks are extremely highly abrasive (13.6%). Except for the extremely low abrasiveness level, the rock data collected basically covers different abrasiveness levels.



As mentioned in Section 2.1, the CAI is the output parameter that can evaluate the abrasiveness of rock. And the UCS, BTS, QC, EQC, and D are assigned as the input parameters, which have been measured in the literature. Simultaneously, the brittleness index, RAI, and SF-a were also assigned as the input parameters, which can be calculated based on mechanical and petrographic properties. The statistical properties of the database samples are summarized in Table 2. In the database samples, the value of rock UCS ranges from 11.04 MPa to 313.2 MPa, the BTS ranges from 0.48 MPa to 18.65 MPa, the QC ranges from 0.01% to 85%, the EQC ranges from 2.03% to 89.7%, and the average quartz size ranges from 0 mm to 2.5 mm.



The Pearson correlation coefficient reflects the linear relationship [24] between two parameters, where 1 represents a complete positive correlation, and −1 represents a complete negative correlation. And there is no linear relationship between the two parameters when the value is 0. The Pearson correlation coefficient r can be calculated as follows:


  r =      ∑  i = 1  n      x i  −  x ¯       y i  −  y ¯            ∑  i = 1  n        x i  −  x ¯     2          ∑  i = 1  n        y i  −  y ¯     2         ,  



(6)




where n is the sample size of the database,    x i    and    y i    represents the i-th sample point indexed, and   x ¯   and   y ¯   denotes the mean value of sample parameters.



In order to preliminarily observe the correlation between input parameters. The Pearson correlation analysis was adopted to examine the relationship between different input parameters, as shown in Figure 2, where p is the value of statistical significance. The Pearson correlation matrix indicates that the value of r for most parameters was always between −0.5 to 0.5 [21]. Hence, these parameters are strongly independent and have minimal information redundancy. It is worth noting that the UCS was significantly positively correlated with the BTS (r = 0.66, p < 0.01), and the QC was significantly positively correlated with the EQC (r = 0.94, p < 0.01). Although there is a strong linear relationship between UCS and BTS and QC and EQC, previous studies have shown that their effects on CAI vary depending on the type of rock [1,15,29].



The linear relationships and 95% fitting confidence band between CAI and the original input parameters are depicted in Figure 3. It can be noted that the determination coefficient R2 between CAI and QC, UCS, BTS, EQC, and D are 0.028, 0.16, 0.31, 0.004, and 0.24, respectively. The results show that the UCS, BTS, and D are positively correlated with CAI. As the strength increases, the hard particles within the rock are less likely to spall off during the CAI test, resulting in a two-body abrasive wear between the stylus and the rock surface. When the strength is low, the detached hard particles can form three-body abrasive particles. These particles roll between the stylus and the rock, thereby reducing both the relative slip and the CAI value. Likewise, an increase in the average quartz size will produce larger and deeper scratches, leading to an increase in CAI. The results also indicated that there are no linear correlations between CAI and EQC and QC.



The linear relationship and 95% fitting confidence band between CAI and the calculated input parameters are shown in Figure 4. The results show that the B3, SF-a, and RAI are positively correlated with CAI. The indices RAI and SF-a have both been proposed to describe the abrasiveness of rocks. Hence, the positive correlation between RAI, SF-a, and CAI is reasonable. On the contrary, the B1 and B2 are negatively correlated with CAI. As can be seen from Figure 4a–c, the determination coefficient R2 of CAI and three different brittleness indices B1, B2, and B3 are 0.016, 0.021, and 0.26. Compared to the brittleness indices B1 and B2, the linear correlation is best between CAI and B3. Figure 4d,e show the determination coefficient R2 of CAI with RAI and SF-a are 0.103 and 0.023, respectively.



Overall, UCS, BTS, D, B3, and RAI had the better predictive effects and were positively correlated with CAI, with coefficients of determination R2 of 0.16, 0.31, 0.24, 0.26, and 0.10, respectively. The greatest value of R2 between CAI and different original input parameters is 0.31, and the greatest value of R2 between CAI and different derived input parameters is 0.26. Hence, it is not suitable to predict CAI with a single input parameter [15].





3. Gene Expression Programming


3.1. Overview of GEP Algorithm


Based on the concepts of natural selection and genetics, Ferreira [38] proposed the GEP algorithm based on genetic programming (GP). GEP is a type of genetic algorithm that uses artificial intelligence to automatically generate mathematical models [39]. It screens the population based on individual fitness and introduces genetic operators to perform gene mutations, ultimately finding the optimal individual. The population individuals in GEP are chromosomes of fixed length, and the chromosomes are composed of multiple genes (characters representing corresponding input parameters and operators) [40]. The schematic diagram of the GEP algorithm operation process is shown in Figure 5. First, a chromosome population is randomly generated based on the given input parameters and operator symbols. The chromosome individuals in the initial population are expressed as a corresponding mathematical model using a parse tree model. The fitness of each individual is calculated using a fitness calculation method. Then, based on roulette wheel method, the initial generation of individuals is selectively inherited, and the inherited individuals are mutated through mutation techniques such as gene mutation, recombination, and transposition. The individuals with the highest fitness are selected and combined with the inherited/mutated individuals to form the next-generation chromosome population. The process of inheritance and mutation removes individuals with low fitness and makes the population evolve towards high fitness. Finally, the algorithm terminates when the termination condition is met.



The population individual expression method based on the parse tree is shown in Figure 6. The parse tree expresses the mathematical model contained in the individual in a structured and hierarchical way. The original chromosome gene of an individual is +.sqrt.ln.−.+.×.b.c.2.a.c, and the parse tree is shown in Figure 6a. The pink genes in the figure represent mathematical operation symbols, and the yellow genes represent input parameters. After gene mutation, the mutated chromosome genome becomes +.sqrt.ln./.a.×.b.c.2.a.c, and the parse tree is shown in Figure 6b. The red genes in the figure represent mutated genes, and the gray genes represent genes that are not expressed. After the gene mutation, gene c and gene 2 become recessive genes. The mathematical model expressed by the chromosome individual gene before and after the mutation is shown in Equation (7).


    a × c − b   + ln ( c + 2 ) ⇒   a × c / b   + ln ( a )  



(7)








3.2. GEP Algorithm Parameters


During the GEP process, the dataset needs to be divided into a training set and a test set. The training set is used to learn and iterate the mathematical model using GEP. The test set is used to validate the mathematical model proposed by the training set. The test set can prevent overfitting during GEP iterations. For the mechanical learning process, the optimal ratio between the test set and the training set is 0.4 [40]. Therefore, this paper randomly selected 80% of the data (65 data points) as the training set and the remaining 20% of the data (16 data points) as the test set.



Previous studies have shown that hyperparameters such as the number of chromosome genes and gene length can affect the prediction accuracy of iterative models [37]. In this study, a trial-and-error approach [37] was used to investigate the impact of these hyperparameters on the model’s performance. When the number of chromosome genes exceeded 3 and the gene length exceeded 13, the optimal fitness of the GEP model after iteration did not significantly improve. The addition operator (+) was used to link genes on different chromosomes [37,38]. Furthermore, the proposed algorithm allows genes to randomly select integers from the range (−10, 10) as input parameters, which expands the model’s spatial search capabilities [37]. The aim of research is proposing a conceptual prediction model. Hence, in addition to the regular function symbols, exponential and trigonometric functions are also selected as symbols [37]. Table 3 shows the parameters and hyperparameters used in the GEP.




3.3. Fitness Evaluation Method


In this study, the GEP algorithm was used to evaluate the relationship between CAI and mechanical parameters and petrographic properties. In order to obtain the best mathematical prediction model, the coefficient of determination R2 was used to detect the fitness of the individual during the training stages. To further assess the model’s prediction accuracy, this article will also use the root mean square error (RMSE), mean absolute percentage error (MAPE), and mean absolute error (MAE) to evaluate the model’s prediction results. And the calculation equations of the four parameters are as follows:


   R 2  = 1 −      ∑  i = 1  n        x i  −  y i     2        ∑  i = 1  n        x i  −  x ¯     2       ,  



(8)






  R M S E =        ∑  i = 1  n        x i  −  y i     2     n     ,  



(9)






  M A P E =   1 n          ∑  i = 1  n      x i  −  y i          ∑  i = 1  n    x i       · 100   ,  



(10)






  M A E =      ∑  i = 1  n      x i  −  y i       n   ,  



(11)




where n is the sample size of the database,    x i    is the experimental data,    y i    is the predicted value, and   x ¯   denotes the mean value of the experimental value.





4. Results and Discussion


4.1. GEP-Based Model


During the iterative training of the GEP, the coefficient of determination R2 is used to evaluate the accuracy of the mathematical model. Figure 7a shows the determination coefficient of the optimal mathematical model in each generation on the training sets. At the 1722nd generation, the R2 reaches its maximum value and remains constant after this. Figure 7b–d show the prediction performance of the optimal model on the training set, test set, and all data, respectively. The results show that the coefficients of determination of the optimal model prediction results with the training set, test set, and all data are 0.911, 0.907, and 0.906, respectively. The R2 values are all greater than 0.9, indicating that the model has good prediction performance. In addition, the coefficient of determination of the training set and the test set is not much different, indicating that the model is not overfitting.



Figure 8 shows the parse tree diagram of the optimal individual iterated by GEP. Each chromosome consists of three genes, and different genes are connected by the ‘+’ function. And the corresponding mathematical model is as follows:


  C A I =  B 2  + D + exp (  B 2  ) + tan ( D ) +    ( E Q C +  B 3  − B T S − Q C )    B 1  + Q C /  B 3     − 3 ,  



(12)








4.2. Multiple Linear Regression Model


The multiple linear regression method is adopted to analyze the relationships between CAI and input parameters. Considering that this study selected a large number of dependent variables, this paper used stepwise multiple linear regression for analysis. Stepwise multiple linear regression is a statistical method for feature selection. During the analysis process, independent variables are gradually added or deleted through an iterative process based on their impact on the dependent variable, thereby constructing a simple and effective regression model [1]. The general form of the multiple linear regression equation is as follows:


  Y =  α 0  +  α 1   X 1  +  α 2   X 2  + ⋯ +  α p   X p  + ε ,  



(13)







According to the principle of multiple linear regression, the CAI was set as the dependent variable, and the QC, UCS, BTS, EQC, D, B1, B2, B3, RAI, and SF-a were used as independent parameters. The results of stepwise multiple linear regression are shown in Table 4 and Table 5.



The results of the analysis of variance (ANOVA) of different models are shown in Table 4. The F hypothesis test is used to verify the overall utility of different models. The null hypothesis (H0) states that there is no correlation between the dependent variable and the independent variable of different models. The alternative hypothesis (Ha) is the opposite of the null hypothesis. When F(model) > F(critical), the null hypothesis is rejected and the alternative hypothesis is accepted. According to the F distribution table, the critical F values of the four models are F0.05(1,79) = 3.96, F0.05(2,78) = 3.114, F0.05(3,77) = 2.723, and F0.05(4,76) = 2.492, respectively. It can be seen from Table 5, F(model 1) > F(critical) = 3.96, F(model 2) > F(critical) = 3.114, F(model 3) > F(critical) = 2.723, F(model 4) > F(critical) = 2.492. Hence, the alternative hypothesis is accepted, which indicates that a correlation exists between independent parameters and dependent parameters in different models. In addition, the P values of different models were all less than the significance level of 0.05. This shows that at the 95% confidence level, all four models are statistically significant.



Table 5 shows the regression results for the independence parameter coefficients of the four models. As can be seen in Table 5, the dependent variables in all four models are all initial input variables. The calculated input variables are all calculated from the initial input variables and have no significant effect on CAI compared to the initial input variables [18]. Therefore, all derived input variables are excluded from the stepwise regression. Similarly, the UCS was excluded from the stepwise regression analysis. The correlation analysis between the UCS and BTS in Figure 2 shows a significant correlation between the two parameters. Rock surface damage in the CAI test is significantly affected by the BTS, so it is reasonable to consider the BTS in the model while excluding the UCS. The determination coefficient R2 of the four regression models was 0.31, 0.58, 0.62, and 0.75, respectively. The determination coefficient increases as the dependent variable increases. Model 4 has the largest R2 and a better prediction accuracy. The four different regression models are as follows:


  C A I = 0.19 B T S + 1.13 ,  



(14)






  C A I = 0.2 B T S + 2.06 D + 0.26 ,  



(15)






  C A I = 0.18 B T S + 2.37 D − 0.01 Q C + 0.84 ,  



(16)






  C A I = 0.16 B T S + 1.57 D − 0.07 Q C + 0.07 E Q C + 0.16 .  



(17)








4.3. Models’ Goodness of Fit


The prediction performance of the GEP-based model was compared with MLR-based models. And the four performance indices of R2, RMSE, MAPE, and MAE were calculated in the different models. The results are shown in Table 6.



For the GEP-based model, values of R2, RMSE, MAPE, and MAE obtained are 0.906, 0.46, 0.18, and 0.37, respectively. For the MLR-based model 1, values of R2, RMSE, MAPE, and MAE obtained are 0.31, 1.20, 0.48, and 1.00, respectively. For the MLR-based model 2, the values of R2, RMSE, MAPE, and MAE obtained are 0.58, 0.94, 0.38, and 0.79, respectively. For the MLR-based model 3, the values of R2, RMSE, MAPE, and MAE obtained are 0.62, 0.90, 0.36, and 0.75, respectively. For the MLR-based model 4, the values of R2, RMSE, MAPE, and MAE obtained are 0.75, 0.73, 0.28, and 0.58, respectively. As can be seen from the table, among the MLR-based models, model 4 has higher prediction accuracy. Compared with the R2, RMSE, MAPE, and MAE indices values in the MLR-based model 4, the values based on the GEP model changed by 0.16, −0.26, −0.10, and −0.21, respectively. The results indicated that the GEP-based model outperforms the MLR-based model in all indicators. Based on machine learning theory, the optimal mathematical model generated by the GEP algorithm has higher accuracy in predicting CAI. The displayed mathematical model is not only convenient for engineers to use directly in the field, but also facilitates further research by scholars.




4.4. Limitation


Compared with the multiple linear regression model, although the model proposed based on GEP can accurately predict CAI, it is not universal due to its limitations. The limitations of the prediction model developed in this paper are mainly reflected in the following aspects:



(1) Previous studies have shown that factors such as stylus hardness, rock surface, and testing equipment can affect the test value of CAI. The dataset in this paper contains CAI test results from different studies, which may have used different test programs. The data from different studies should be normalized appropriately.



(2) There are only 81 samples in the dataset, which lead to a limitation in the coverage of the data. In addition, the dataset covers different rock types, the dataset should either be divided according to rock type or categorical variables related to lithology should be included in the model.



(3) Although using derived parameters as input parameters can reduce the complexity of the model, using both direct and derived parameters simultaneously can cause collinearity issues and may lead to biases in the analysis.





5. Conclusions


Cerchar abrasivity index (CAI) is an important index for assessing rock abrasiveness. Accurately predicting CAI is crucial for reducing tool wear and estimating tool replacement time. This study proposed different models for predicting CAI using the Gene Expression Programming (GEP) algorithm and the multivariate linear regression (MLR) algorithm. A total of 81 rock datasets were collected from the studies. The values of CAI were used as the output variable, and parameters such as quartz content (QC), uniaxial compressive strength (UCS), Brazilian splitting strength (BTS), equivalent quartz content (EQC), average quartz size (D), brittleness indices, rock abrasive index (RAI), and Schimazek’s F-abrasiveness (SF-a) were used as input variables. Further investigating the predictive performance of different models, the following main conclusions were drawn:



(1) The predictive effects of different input parameters on CAI were studied using a univariate linear regression method. Among them, UCS, BTS, D, B3, and rock abrasive index had the better predictive effects and were positively correlated with CAI, with coefficients of determination R2 of 0.16, 0.31, 0.24, 0.26, and 0.10, respectively. The optimal R2 is 0.31 when using a single parameter to predict CAI. Hence, it is not suitable to predict CAI with a single input parameter.



(2) Four prediction models were proposed using stepwise multiple linear regression. The model’s prediction accuracy increased with the number of independent variables. The coefficient of determination of the optimal model was 0.75. At the same time, the F-test results showed that there was a correlation between the independent variable parameters and CAI.



(3) The prediction performance of the GEP-based model and the MLR-based model was compared using four indicators. For the GEP-based model, R2, RMSE, MAPE, and MAE obtained are 0.906, 0.46, 0.18, and 0.37, respectively. For the optimal MLR-based model, R2, RMSE, MAPE, and MAE obtained are 0.75, 0.73, 0.28, and 0.58, respectively. The GEP-based model was found to be superior to MLR-based models.
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Table A1. Datasets collected from the literature.






Table A1. Datasets collected from the literature.





	No.
	Rock Type
	QC/%
	UCS/MPa
	BTS/MPa
	EQC/%
	D/mm
	B1
	B2
	B3/MPa
	SF-a/N/mm
	RAI
	CAI





	1
	Granodiorite [19]
	25.10
	110.00
	14.88
	44.01
	0.56
	7.39
	0.76
	28.61
	3.67
	48.41
	5.22



	2
	Monzogranite [19]
	21.10
	95.00
	11.28
	38.63
	0.42
	8.42
	0.79
	23.15
	1.83
	36.70
	5.06



	3
	Monzogranite [19]
	19.30
	98.00
	11.34
	39.15
	0.48
	8.64
	0.79
	23.57
	2.13
	38.37
	5.03



	4
	Monzogranite [19]
	28.40
	124.00
	16.41
	47.40
	0.72
	7.56
	0.77
	31.90
	5.60
	58.78
	5.67



	5
	Monzogranite [19]
	25.20
	115.00
	15.64
	44.89
	0.57
	7.35
	0.76
	29.99
	4.00
	51.62
	5.34



	6
	Granodiorite [19]
	18.90
	110.00
	14.50
	40.73
	0.42
	7.59
	0.77
	28.24
	2.48
	44.80
	5.29



	7
	Monzonite [19]
	6.80
	105.00
	12.19
	30.87
	0.35
	8.61
	0.79
	25.30
	1.32
	32.41
	5.12



	8
	Granodiorite [19]
	21.70
	94.00
	11.25
	42.61
	0.45
	8.36
	0.79
	22.99
	2.16
	40.06
	5.10



	9
	Monzonite [19]
	5.60
	102.50
	12.02
	31.59
	0.25
	8.53
	0.79
	24.82
	0.95
	32.38
	4.65



	10
	Monzogranite [19]
	29.10
	105.00
	12.68
	46.73
	0.52
	8.28
	0.78
	25.80
	3.08
	49.07
	5.14



	11
	Granodiorite [19]
	34.80
	141.50
	17.45
	53.37
	0.75
	8.11
	0.78
	35.14
	6.98
	75.51
	5.82



	12
	Monzonite [19]
	5.20
	95.00
	10.64
	26.29
	0.16
	8.93
	0.80
	22.48
	0.45
	24.97
	5.07



	13
	Dolerite [29]
	5.00
	214.50
	6.76
	37.39
	0.22
	31.73
	0.94
	26.93
	0.57
	80.19
	3.24



	14
	Dolerite [29]
	7.00
	199.30
	9.82
	40.96
	0.23
	20.30
	0.91
	31.28
	0.91
	81.63
	3.54



	15
	Granite [29]
	74.00
	83.81
	3.37
	81.86
	1.10
	24.87
	0.92
	11.88
	3.04
	68.61
	4.61



	16
	Granite [29]
	73.00
	231.99
	18.65
	82.06
	0.39
	12.44
	0.85
	46.51
	5.91
	190.38
	3.59



	17
	Granite [29]
	24.60
	44.80
	2.30
	58.85
	2.50
	19.48
	0.90
	7.18
	3.38
	26.37
	3.90



	18
	Migmatite [29]
	70.01
	56.76
	2.27
	79.58
	1.22
	25.00
	0.92
	8.03
	2.19
	45.17
	4.32



	19
	Andesite [29]
	10.01
	231.46
	14.07
	36.42
	0.18
	16.46
	0.89
	40.35
	0.92
	84.30
	3.53



	20
	Diorite [29]
	20.01
	171.20
	5.30
	49.16
	0.48
	32.30
	0.94
	21.30
	1.25
	84.16
	3.65



	21
	Granite [29]
	67.00
	53.90
	2.23
	78.45
	1.19
	24.12
	0.92
	7.76
	20.00
	42.28
	3.907



	22
	Phyllite [29]
	50.00
	54.33
	4.10
	53.95
	0.14
	13.25
	0.86
	10.55
	22.00
	29.31
	1.433



	23
	Dolomite [29]
	2.00
	144.43
	11.96
	7.04
	0.05
	12.08
	0.85
	29.39
	30.00
	10.17
	2.223



	24
	Sandstone [16]
	75.00
	85.54
	7.93
	75.09
	0.58
	10.79
	0.83
	18.42
	3.45
	64.23
	2.45



	25
	Sandstone [16]
	80.01
	77.45
	6.29
	81.69
	0.78
	12.31
	0.85
	15.61
	4.01
	63.27
	3.05



	26
	Sandstone [16]
	70.01
	87.36
	8.71
	70.40
	0.36
	10.03
	0.82
	19.51
	2.21
	61.50
	1.60



	27
	Sandstone [16]
	60.01
	77.05
	6.28
	60.70
	0.33
	12.27
	0.85
	15.55
	1.26
	46.77
	1.50



	28
	Sandstone [16]
	55.00
	116.20
	8.60
	56.01
	0.38
	13.51
	0.86
	22.35
	1.83
	65.08
	1.50



	29
	Siltstone [16]
	70.01
	61.51
	8.63
	70.33
	0.06
	7.13
	0.75
	16.29
	0.38
	43.26
	1.15



	30
	Siltstone [16]
	30.01
	73.20
	8.20
	31.02
	0.06
	8.93
	0.80
	17.32
	0.15
	22.71
	1.00



	31
	Siltstone [16]
	40.01
	70.10
	7.30
	44.25
	0.06
	9.60
	0.81
	16.00
	0.20
	31.02
	1.25



	32
	Siltstone [16]
	50.01
	62.50
	7.18
	52.80
	0.05
	8.70
	0.79
	14.98
	0.19
	33.00
	0.80



	33
	Mudstone [16]
	10.01
	44.65
	5.89
	10.00
	0.04
	7.58
	0.77
	11.47
	0.02
	4.47
	0.80



	34
	Mudstone [16]
	10.01
	45.86
	5.89
	10.00
	0.04
	7.79
	0.77
	11.62
	0.02
	4.59
	0.70



	35
	Sandstone [16]
	75.01
	123.21
	7.42
	75.45
	0.52
	16.61
	0.89
	21.38
	2.91
	92.96
	1.90



	36
	Sandstone [16]
	70.01
	103.40
	6.74
	71.03
	0.54
	15.34
	0.88
	18.67
	2.59
	73.45
	2.00



	37
	Sandstone [16]
	65.01
	89.79
	9.24
	65.12
	0.40
	9.72
	0.81
	20.37
	2.41
	58.47
	1.65



	38
	Sandstone [16]
	45.01
	78.65
	7.84
	51.90
	0.40
	10.03
	0.82
	17.56
	1.63
	40.82
	1.72



	39
	Siltstone [16]
	40.01
	83.20
	7.20
	41.45
	0.06
	11.56
	0.84
	17.31
	0.19
	34.49
	0.70



	40
	Sandstone [16]
	80.01
	76.33
	8.32
	80.35
	0.92
	9.17
	0.80
	17.82
	6.15
	61.33
	2.92



	41
	Sandstone [16]
	65.01
	56.93
	5.73
	68.60
	0.40
	9.94
	0.82
	12.77
	1.57
	39.05
	2.22



	42
	Sandstone [16]
	65.01
	96.40
	8.20
	68.47
	0.42
	11.76
	0.84
	19.88
	2.36
	66.01
	1.50



	43
	Sandstone [16]
	55.01
	126.60
	10.80
	58.70
	0.60
	11.72
	0.84
	26.15
	3.80
	74.31
	2.60



	44
	Sandstone [16]
	50.01
	66.92
	8.70
	53.72
	0.55
	7.69
	0.77
	17.06
	2.57
	35.95
	2.30



	45
	Sandstone [16]
	70.01
	98.64
	9.86
	71.95
	0.58
	10.00
	0.82
	22.05
	4.11
	70.97
	2.44



	46
	Siltstone [16]
	40.01
	58.31
	7.03
	42.45
	0.05
	8.29
	0.78
	14.32
	0.15
	24.75
	0.50



	47
	Siltstone [16]
	45.01
	64.81
	6.84
	49.13
	0.07
	9.48
	0.81
	14.89
	0.24
	31.84
	1.20



	48
	Sandstone [16]
	40.01
	72.14
	6.21
	42.29
	0.25
	11.62
	0.84
	14.97
	0.66
	30.51
	1.10



	49
	Sandstone [16]
	80.01
	85.56
	8.32
	81.75
	0.75
	10.28
	0.82
	18.87
	5.10
	69.95
	2.67



	50
	Siltstone [16]
	45.01
	56.37
	6.05
	49.05
	0.07
	9.32
	0.81
	13.06
	0.21
	27.65
	0.55



	51
	Sandstone [16]
	85.00
	128.40
	10.60
	85.23
	0.75
	12.11
	0.85
	26.09
	27.00
	109.44
	3.1



	52
	Siltstone [29]
	22.01
	57.88
	9.02
	36.31
	0.15
	6.42
	0.73
	16.15
	0.50
	21.02
	2.22



	53
	Sandstone [29]
	68.01
	39.80
	1.85
	72.27
	0.41
	21.56
	0.91
	6.06
	0.55
	28.77
	1.78



	54
	Sandstone [29]
	67.01
	41.55
	0.48
	77.51
	0.24
	86.56
	0.98
	3.16
	0.09
	32.20
	0.62



	55
	Sandstone [29]
	64.01
	127.60
	6.38
	79.36
	0.59
	20.00
	0.90
	20.18
	2.98
	101.26
	3.92



	56
	Sandstone [29]
	78.01
	26.73
	1.45
	84.26
	0.39
	18.47
	0.90
	4.40
	0.48
	22.52
	1.41



	57
	Sandstone [29]
	62.31
	44.00
	2.84
	76.63
	0.51
	15.50
	0.88
	7.90
	1.12
	33.72
	3.04



	58
	Sandstone [29]
	70.11
	109.73
	6.03
	89.70
	0.72
	18.20
	0.90
	18.19
	3.87
	98.43
	3.30



	59
	Sandstone [29]
	67.51
	61.51
	7.32
	89.69
	0.11
	8.40
	0.79
	15.00
	0.70
	55.17
	2.03



	60
	Sandstone [29]
	55.51
	11.04
	1.31
	69.31
	0.41
	8.43
	0.79
	2.69
	0.38
	7.65
	1.43



	61
	Sandstone [29]
	78.01
	29.04
	1.87
	84.47
	0.59
	15.53
	0.88
	5.21
	0.93
	24.53
	2.32



	62
	Sandstone [29]
	75.01
	16.69
	0.70
	76.91
	0.45
	23.84
	0.92
	2.42
	0.24
	12.84
	1.39



	63
	Sandstone [29]
	73.01
	21.18
	2.05
	82.43
	0.58
	10.33
	0.82
	4.66
	0.98
	17.46
	1.95



	64
	Sandstone [29]
	55.01
	27.09
	1.61
	64.62
	0.24
	16.82
	0.89
	4.67
	0.25
	17.50
	1.62



	65
	Sandstone [29]
	77.01
	46.40
	1.60
	85.33
	0.27
	29.00
	0.93
	6.09
	0.37
	39.59
	1.64



	66
	Sandstone [29]
	72.51
	17.07
	0.86
	83.90
	0.43
	19.85
	0.90
	2.71
	0.31
	14.32
	1.26



	67
	Sandstone [29]
	78.01
	69.04
	6.10
	84.26
	0.09
	11.32
	0.84
	14.51
	0.46
	58.17
	1.94



	68
	Dolomite [29]
	1.01
	61.84
	6.54
	6.01
	0.05
	9.46
	0.81
	14.22
	0.02
	3.71
	2.12



	69
	Dolomite [29]
	2.51
	99.93
	12.53
	7.32
	0.35
	7.98
	0.78
	25.02
	0.32
	7.32
	2.45



	70
	Dolomite [29]
	10.01
	132.70
	6.65
	17.77
	0.18
	19.95
	0.90
	21.01
	0.21
	23.57
	2.50



	71
	Limestone [29]
	0.01
	95.78
	4.60
	2.60
	0.00
	20.80
	0.91
	14.85
	0.00
	2.49
	1.10



	72
	Limestone [29]
	0.01
	80.70
	5.62
	3.44
	0.00
	14.36
	0.87
	15.06
	0.00
	2.77
	1.48



	73
	Limestone [29]
	0.01
	66.45
	5.39
	2.03
	0.00
	12.33
	0.85
	13.38
	0.00
	1.35
	0.96



	74
	Limestone [29]
	0.01
	92.75
	7.89
	2.22
	0.00
	11.75
	0.84
	19.13
	0.00
	2.06
	1.16



	75
	Tuff [32]
	70.00
	313.20
	16.00
	84.34
	0.47
	19.58
	0.90
	50.06
	5.00
	264.15
	3



	76
	Sandstone [32]
	48.00
	118.80
	4.60
	50.44
	0.10
	25.83
	0.93
	16.53
	7.00
	59.92
	1.62



	77
	Mudstone [32]
	8.00
	22.50
	1.60
	12.75
	0.06
	14.06
	0.87
	4.24
	10.00
	2.87
	1.39



	78
	Sandstone [32]
	35.00
	105.40
	5.10
	54.63
	0.22
	20.67
	0.91
	16.39
	11.00
	57.58
	2.95



	79
	Sandstone [32]
	25.00
	206.70
	10.23
	28.62
	0.09
	20.21
	0.91
	32.52
	13.00
	59.16
	2.43



	80
	Sandstone [32]
	70.00
	163.83
	7.19
	73.31
	0.75
	22.79
	0.92
	24.27
	14.00
	120.10
	3.78



	81
	Sandstone [32]
	15.00
	119.46
	3.56
	17.93
	0.12
	33.56
	0.94
	14.58
	16.00
	21.42
	1.75
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Figure 1. The CAI distribution of collected data. 
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Figure 2. The correlation analysis of the database parameters. 
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Figure 3. The relationships between CAI and original input parameters: (a) QC, (b) UCS, (c) BTS, (d) EQC, and (e) D. 
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Figure 4. The relationships between CAI and calculated input parameters: (a) B1, (b) B2, (c) B3, (d) SF-a, and (e) RAI. 
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Figure 5. Schematic representation of GEP. 
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Figure 6. GEP chromosome tree: (a) original, (b) mutation. 
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Figure 7. GEP model results: (a) generation process, (b) R2 of train set, (c) R2 of test set, (d) R2 of all data. 
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Figure 8. Tree diagram of the optimal individual. 
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Table 1. Summary of CAI prediction literature.






Table 1. Summary of CAI prediction literature.





	
Researchers

	
Year

	
Analysis Method

	
Rock Properties




	
QC

	
EQC

	
UCS

	
BTS

	
Is50

	
D

	
N






	
Ko [15]

	
2016

	
Regression analysis

	
√

	

	
√

	
√

	

	

	
√




	
Barzegari [27]

	
2021

	
Statistical analysis

	

	

	
√

	
√

	
√

	

	




	
Sun [28]

	
2019

	
Experiment analysis

	

	
√

	
√

	

	

	

	




	
Yaralı [16]

	
2008

	
Regression analysis

	
√

	
√

	
√

	
√

	
√

	
√

	
√




	
Deliormanlı [9]

	
2012

	
Regression analysis

	

	

	
√

	

	

	

	
√




	
Alber [17]

	
2008

	
Theoretical analysis

	
√

	
√

	
√

	

	

	
√

	
√




	
Perez [8]

	
2015

	
Neural network

	
√

	

	
√

	

	

	
√

	
√




	
Moradizadeh [18]

	
2016

	
Statistical analysis

	
√

	
√

	

	

	
√

	

	
√




	
Er [19]

	
2016

	
Regression analysis

	
√

	
√

	
√

	
√

	

	
√

	




	
Zhang [1]

	
2021

	
Regression analysis

	
√

	
√

	
√

	

	

	

	
√




	
Majeed [29]

	
2015

	
Statistical analysis

	
√

	
√

	
√

	
√

	

	
√

	




	
Rostami [30]

	
2014

	
Experiment analysis

	

	
√

	
√

	
√

	

	

	




	
Capik [31]

	
2017

	
Regression analysis

	

	
√

	
√

	
√

	
√

	

	




	
He [32]

	
2016

	
Regression analysis

	
√

	
√

	
√

	
√

	

	
√

	
√




	
Ozdogan [33]

	
2018

	
Regression analysis

	

	

	
√

	

	

	

	
√




	
Torrijo [34]

	
2019

	
Regression analysis

	

	
√

	

	

	

	
√

	




	
Plinninger [35]

	
2003

	
Regression analysis

	
√

	
√

	

	

	

	

	




	
Teymen [14]

	
2020

	
Regression analysis

	

	

	
√

	
√

	
√

	

	
√








QC is quartz content, Is50 is point load index, D is average quartz diameter, N is other parameters.













 





Table 2. Descriptive statistics of parameters.






Table 2. Descriptive statistics of parameters.





	
Parameter

	
Maximum

	
Minimum

	
Average

	
Standard Deviation






	
Input

	
QC/%

	
0.01

	
85.00

	
43.91

	
27.32




	
UCS/MPa

	
11.04

	
313.20

	
92.28

	
53.64




	
BTS/MPa

	
0.48

	
18.65

	
7.48

	
4.22




	
EQC/%

	
2.03

	
89.70

	
53.23

	
25.50




	
D/mm

	
0.00

	
2.50

	
0.39

	
0.37




	
B1

	
6.42

	
86.56

	
14.90

	
10.41




	
B2

	
0.73

	
0.98

	
0.85

	
0.06




	
B3/MPa

	
2.42

	
50.06

	
18.16

	
9.53




	
SF-a/N/mm

	
0.00

	
30.00

	
3.62

	
5.89




	
RAI

	
1.35

	
264.15

	
47.79

	
40.08




	
Output

	
CAI

	
0.50

	
5.82

	
2.57

	
1.46











 





Table 3. The parameters and hyperparameters of GEP.
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Type

	
Parameters/Hyperparameters

	
Value/Symbol






	
General setting

	
Input parameters

	
QC, UCS, BTS, EQC, D,

B1, B2, B3, SF-a, RAI




	
Function symbol

	
+,−,*,/,sqrt,exp,^2,^3,tan,^(1/3)




	
Fitness method

	
R2




	
Population size

	
60




	
Iteration number

	
3000




	
Linking function

	
+




	
Genetic variation parameters

	
Mutation

	
0.2




	
Inversion

	
0.2




	
IS transposition

	
0.15




	
RIS transposition

	
0.15




	
One-point recombination

	
0.15




	
Two-point recombination

	
0.15




	
Gene recombination

	
0.1








* IS is the insertion sequence, RIS is the root insertion sequence.













 





Table 4. Analysis of variance (ANOVA) for different models.
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Model

	
Sum of Squares

	
df

	
Mean Square

	
F

	
Sig.






	
1

	
Regression

	
52.51

	
1

	
52.51

	
35.45

	
0.00




	
Residual

	
117.01

	
79

	
1.48

	

	




	
Total

	
169.52

	
80

	

	

	




	
2

	
Regression

	
98.09

	
2

	
49.05

	
53.56

	
0.00




	
Residual

	
71.43

	
78

	
0.916

	

	




	
Total

	
169.52

	
80

	

	

	




	
3

	
Regression

	
105.34

	
3

	
35.11

	
42.13

	
0.00




	
Residual

	
64.18

	
77

	
0.83

	

	




	
Total

	
169.52

	
80

	

	

	




	
4

	
Regression

	
127.27

	
4

	
31.82

	
57.24

	
0.00




	
Residual

	
42.247

	
76

	
0.56

	

	




	
Total

	
169.52

	
80

	

	

	











 





Table 5. Stepwise regression coefficients.






Table 5. Stepwise regression coefficients.





	
Model

	
Unstandardized Coefficients

	
t

	
Sig.

	
R2




	
B

	
Std. Error






	
1

	
Constant

	
1.13

	
0.28

	
4.09

	
0.00

	
0.31




	
BTS

	
0.19

	
0.03

	
5.95

	
0.00




	
2

	
Constant

	
0.26

	
0.25

	
1.02

	
0.31

	
0.58




	
BTS

	
0.20

	
0.03

	
7.90

	
0.00




	
D

	
2.06

	
0.29

	
7.06

	
0.00




	
3

	
Constant

	
0.84

	
0.31

	
2.70

	
0.01

	
0.62




	
BTS

	
0.18

	
0.03

	
7.06

	
0.00




	
D

	
2.37

	
0.30

	
7.96

	
0.00




	
QC

	
−0.01

	
0.004

	
−2.95

	
0.00




	
4

	
Constant

	
0.16

	
0.27

	
0.60

	
0.55

	
0.75




	
BTS

	
0.16

	
0.02

	
7.46

	
0.00




	
D

	
1.57

	
0.28

	
5.70

	
0.00




	
QC

	
−0.07

	
0.01

	
−7.14

	
0.00




	
EQC

	
0.07

	
0.01

	
6.28

	
0.00











 





Table 6. Performance indices for different models.






Table 6. Performance indices for different models.





	
Indices

	
GEP-Based

	
MLR-Based




	
Model 1

	
Model 2

	
Model 3

	
Model 4






	
R2

	
0.906

	
0.31

	
0.58

	
0.62

	
0.75




	
RMSE

	
0.46

	
1.20

	
0.94

	
0.90

	
0.73




	
MAPE

	
0.18

	
0.48

	
0.38

	
0.36

	
0.28




	
MAE

	
0.37

	
1.00

	
0.79

	
0.75

	
0.58
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