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1. Introduction 
 

The most widely used parameter to represent rock 

abrasiveness is the Cerchar abrasivity index (CAI). The 

Cerchar abrasivity test is a fast and cost-effective method 

for evaluating rocks abrasiveness (Ko et al. 2016). The CAI 

value can be applied to predict wear in disc cutters used for 

TBM tunneling. Wear significantly affects the cost and 

performance of mechanized tunnelling in hard rocks (Saeidi 

et al. 2015, Chang et al. 2017). In the CSM model (Rostami 

1997), disc cutter life is estimated using the CAI. Disc 

cutter life, measured in linear meters of rolling on the tunnel 

face, has been shown to be inversely proportional to the 

CAI. Gehring (1995) developed a model based on data from 

several projects to determine the relationship between the 

CAI and disc cutter wear in milligram steel per meter 

rolled. Frenzel (2011) examined the correlation between the 

CAI and radial abrasion of 17-inch disc cutters from various 

rock types such as sedimentary, metamorphic, and igneous 

rocks. Liu et al. (2017) developed correlations between 

geological parameters, including the CAI, uniaxial 

compressive strength (UCS), quartz content (QC), and 

equivalent quartz content (EQC) and 20-inch cutter life 

based on field data acquired during the construction of a 

water conveyance tunnel in China using TBM.  

The CAI test was developed in the mid-1980s to 

investigate the abrasiveness of hard rocks. During the test, a 
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rock specimen is tightly clamped, and the surface of the 

rock specimen is scratched using a steel pin under a load of 

70 N on a distance of 10 mm. This procedure is performed 

on the rock surface for at least five times in both parallel 

and perpendicular directions using a new or re-sharpened 

steel pin. Subsequently, the CAI is determined using the 

diameter of the worn flat surface (measured in tenths of 

millimeters) on the test steel pin. 
The CAI has been the subject of numerous studies. The 

effect of geomechanical parameters such as density, 
porosity, elastic modulus, rock brittleness and strength, as 
well as those of petrographic factors such as QC and EQC, 
on CAI were primarily investigated. It was demonstrated 
extensively that the CAI was significantly affected by the 
cementation degree, strength, and amount of abrasive 
minerals, i.e., QC or EQC in the rocks (Al-Ameen and 
Waller 1994, Plinninger et al. 2003, Rostami et al. 2014, Ko 
et al. 2016, Moradizadeh et al. 2016, Yaralı 2017, 
Kahraman et al. 2018, Ozdogan et al. 2018, Erarslan 2019). 

According to findings from early investigations, a single 
factor such as QC and/or rock strength is the most important 
influencing factor for the CAI (West 1989, Al-Ameen and 
Waller 1994, Plinninger et al. 2003). Recent investigations 
show that a single parameter is insufficient to explain the 
factors affecting the CAI (Altindag et al. 2010, Ko et al. 
2016). 

In this study, the relationship between rock properties 
and the CAI was investigated. In particular, the properties 
of rocks investigated in this study were strength, brittleness, 
and QC or EQC, which can be measured relatively easily. 
An extensive database containing information regarding 
rock types (RTs), uniaxial compressive strengths (UCSs), 
Brazilian tensile strengths (BTSs), EQCs, QCs, brittleness 
indexes, and CAIs has been developed. 
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Abstract.  The most widely used parameter to represent rock abrasiveness is the Cerchar abrasivity index (CAI). The CAI 

value can be applied to predict wear in TBM cutters. It has been extensively demonstrated that the CAI is affected significantly 

by cementation degree, strength, and amount of abrasive minerals, i.e., the quartz content or equivalent quartz content in rocks. 

The relationship between the properties of rocks and the CAI is investigated in this study. A database comprising 223 
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while considering multicollinearity after performing multiple regression analyses. Machine learning-based regression methods 
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model show that it yields the best prediction performance. 
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Brittle materials break without exhibiting significant 

deformation when subjected to stress. A universally 

accepted standard pertaining to the brittleness of rocks has 

not been established. The followings are the brittleness 

indexes used in this study, which are expressed as functions 

of compressive and tensile strengths of rocks (Meng et al. 

2021). 
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Where, σc is uniaxial compressive strength, and σt is 

Brazilian tensile strength. 

The data acquired were processed and examined via 

single and multiple regression analyses including lasso and 

ridge regression and five different machine learning based 

regression techniques. The models were evaluated based on 

the mean squared error (MSE), mean absolute percentage 

error (MAPE), and coefficient of determination (R2). 

After performing single and multiple regression 

analyses, a linear model was developed by selecting 

independent variables while considering multicollinearity.  

Machine learning-based regression methods including 

support vector regression (SVR), regression tree regression 

(RT), and k-nearest neighbors (KNN) regression, random 

forest (RF) regression, and artificial neural network (ANN) 

regression were used in addition to multiple linear 

regression (MLR). 

 

 

2. Regression analyses 
 
2.1 Data acquisition and preparation 
 

Data were acquired from published articles and the 

geotechnical data report of various tunneling projects in the 

world (Tripathy et al. 2015, He et al. 2016, Ko et al. 2016, 

Moradizadeh et al. 2016, Ündül and Er 2017, Burkhardt et 

al. 2018, Majeed and Bakar 2018, Ozdogan et al. 2018, 

Ansari et al. 2020, Kong et al. 2021). The data included 

CAIs, RTs, strength pertaining to the UCS and BTS, 

petrographic factors of QC and EQC, and brittleness 

indexes of B1 to B5. In addition, a new brittleness index, Bi, 

which is a function of the UCS and BTS, was proposed 

based on a nonlinear regression involving the CAI. 

1/12 1/3

i c tB     (6) 

The new brittleness index Bi is expressed as shown in 

Eq. (6), and the power of the UCS and BTS that maximize 

R2 was determined through the method of linear regression 

analysis by taking the logarithm of both sides assuming the 

CAI as a power function of the UCS and BTS. 

The data included 223 observation data points. Those 

data points were classified into two groups: training and test 

sets, which comprised 80% and 20% of the data, 

respectively.  

A histogram of the variables is presented in Fig. 1. The 

CAI is a dependent feature, and the remaining are 

independent features. 

 
2.2 Single regression analysis 

 

A single regression was performed based on using the 

rock types, strength related factors, petrographic factors, 

and brittleness indexes as independent features, and the CAI 

as dependent features. The relationships between the CAI 

and each of the UCS, BTS, QC, EQC, and brittleness 

indexes B1 to Bi are depicted in Fig. 2. The BTS, B5, and Bi 

were discovered to be correlated with the CAI. However, R2 

was extremely low to be considered statistically significant. 

Hence, it is concluded that a single feature is inadequate for 

estimating the value of the CAI. 

 

2.3 Multiple regression analysis 
 

The CAI is a dependent variable, and the other features 

are independent variables in the multiple regressions. The 

multiple regressions were conducted using both linear and 

non-linear models. 

MLR analysis was performed to explain the relationship 

between a dependent variable and two or more independent 

variables. In the analysis, a model with coefficients is 

constructed to minimize the residual sum of squares 

between the observed targets in the dataset and the targets 

predicted by linear approximation. The linear equation can 

be expressed as 

1 1 2 2Y A B X B X     (7) 

Furthermore, the following non-linear equation is used 

in the multiple non-linear regression (MNLR) model 

1 2

1 2

B BY A X X     (8) 

Brittleness indices B1 through Bi were derived using the 

UCS and BTS; therefore, the multicollinearity of 

independent features should be evaluated. Multicollinearity 

occurs when independent variables in a regression model 

are correlated. This correlation is problematic because 

independent variables should be independent. When fitting 

the model and interpreting the results, a high correlation 

degree between variables can result in issues. 

Multicollinearity can be identified based on the variable 

inflation factor (VIF). 

220



 

Machine learning-based regression analysis for estimating Cerchar abrasivity index 

 

 
The VIF score of an independent variable represents the 

level by which the variable is explained accurately using 
other independent variables. In general, a VIF score 
exceeding 10 indicates high multicollinearity between the 
independent variable and the other variables. 

In this study, the VIF was calculated for 11 independent 
variables such as rock types, UCS, BTS, QC, EQC, B1, B2, 
B3, B4, B5, and Bi, and the results are shown in Table 1. 
Except for rock type and B1, all other independent variables 
indicated VIF values exceeding 10, suggesting the 
occurrence of multicollinearity. 

Forward, backward, and stepwise methods were 

possible for variable selection methods. Stepwise method is 

 

 

a modification of the forward selection so that after each 

step in which a variable was added, all candidate variables 

in the model are checked to see if their significance has 

been reduced below the specified tolerance level. In this 

study, stepwise method was selected since it yields a simple 

model that is easy to interpret. 

To select a set of variables with sufficient low 

multicollinearity, a stepwise selection method was 

performed to remove variables that would result in 

precision loss when estimating parameters; in particular, the 

selection was performed beginning with the variable that 

exhibited the largest VIF (Craney and Surles 2002). 

   
(a) CAI (b) Rock type (c) UCS 

   
(d) BTS (e) B1 (f) B2 

   
(g) B3 (h) B4 (i) B5 

   
(j) Bi (k) Quartz content (l) EQC 

Fig. 1 Histogram of variables 
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The VIF values for the full set of explanatory variables 

were computed, after which the variable with the highest 

VIF was removed. Next, the VIF values were computed 

again for the reduced set of variables. This is repeated until 

the largest VIF value was lower than a user defined 

maximum VIF threshold value. 

In the stepwise selection method, rock type, UCS, B2, Bi, 

and QC were selected as independent variables, and the 

calculated VIF values are shown in Table 2. 
The best model for predicting the CAI of the MLR  

 

 

 

based on rock types (RTs), UCS, B2, Bi, and QC is 

expressed as follows 

2

0.017 0.016 1.839

6.929 0.836 5.342

iCAI QC UCS B

B RTs

  

  
 (9) 

where, QC is the quartz contents in %, UCS is the uniaxial 

compressive strength in MPa, and RTs = 1 for igneous 

rocks, 2 for metamorphic rocks, and 3 for sedimentary 

rocks. 

   
(a) UCS (b) BTS (c) Quartz content 

   
(d) EQC (e) B1 (f) B2 

   
(g) B3 (h) B4 (i) B5 

 

  

(j) Bi   

Fig. 2 Relationships between CAI and other factors 

Table 1 VIFs for 11 independent variables 
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Table 2 VIFs for selected independent variables 

 
Rock 

type 
UCS B2 Bi QC 

VIF 1.233 7.837 3.469 7.197 1.102 

 
 

The MLR model based on training and test data yielded 

an R2 of 0.79 and 0.76, respectively.  

The best model for predicting the CAI of the MNLR 

based on rock type, UCS, B2, Bi, and QC is expressed as 

follows 

0.099 0.533 2.323 2.052 0.382

25.432 iCAI QC UCS B B RTs   (10) 

In the case of nonlinear regression analysis using Eq. 

(8), when the value of the independent variable is 0, the 

value of the dependent variable becomes 0 as well. The 

value of 0 for certain data, such as QC, was replaced with a 

lower number of 0.1. 

The MNLR model based on training and test data 

yielded an R2 of 0.77 and 0.74, respectively. Fig. 3 shows 

the regression plot for the training and test data of the 

multiple linear and non-linear regression model. 

 
2.4 Lasso and Ridge regression analyses 

 

Lasso and Ridge regression are simple techniques to 

reduce model complexity and prevent over-fitting, which 

may result from simple linear regressions. 

Lasso regression performs L1 regularization, which adds a 

penalty equal to the absolute value of the magnitude of 

coefficients. Lasso regression is a type of linear regression 

that uses shrinkage, which refers to the reduction in data 

values toward a central value. This particular type of 

regression is suitable for models that demonstrate high 

levels of multicollinearity or when automating certain 

aspects of model selection, such as variable 

selection/parameter elimination. Ridge regression is a 

technique for analyzing multiple regression data that 

reduces the standard errors by adding a degree of bias to the 
regression estimates (i.e., linear least squares with L2 

regularization). Fig. 4 illustrates the results of Lasso and  

 

 

Table 3 Evaluation of regression analyses by model 

Model 
Training data Test data 

MSE MAPE r2 MSE MAPE r2 

MLR 0.25 17.11 0.79 0.30 16.30 0.77 

MNLR 0.40 17.09 0.77 0.38 15.67 0.74 

Lasso 0.25 17.01 0.79 0.29 16.03 0.76 

Ridge 0.30 18.69 0.76 0.28 14.57 0.76 

 

 

Ridge regression analyses. 

The model performance was evaluated based on the 

MSE, MAPE, and R2. The MSE is typically used as a 

metric to determine the performance of models, and it is 

calculated as follows: the MSE is as follows 

2

1

1
( )

n

i i

i

MSE y y
n 

   (11) 

where, n is the total amount of data, whereas yi and   
iy  

are the observed and predicted values of the variable, 

respectively. The MSE is the average of the square of 

difference between the observed and predicted values of a 

variable. 

The MAPE is a measure of prediction accuracy of a 

forecasting method. It typically expresses accuracy as a 

ratio, as follows 

1

100% n
i i

i i

y y
MAPE

n y


   (12) 

Table 3 shows the evaluation of MLR, MNLR, Lasso, and 

Ridge regression analyses. 
 
 
3. Machine learning-based regression analyses 

 

In this study, five different machine learning-based 

regression methods were employed to predict the CAI. The 

methods included support vector regression (SVR),  

  
(a) Multiple linear regression (b) Multiple non-linear regression 

Fig. 3 Multiple regression plot 
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regression tree (RT), k-nearest neighbors (KNN) regression, 

random forest (RF) regression, and artificial neural network 

(ANN) regression. In machine learning-based regression, 

five independent variables that were used for multiple linear 

regression, i.e., RTs, UCS, B2, Bi, and QC were used. 

 
3.1 Support vector regression 
 
SVR is an extension of the support vector machine 

algorithm. SVR produces models that are only dependent 
on a portion of the training data, as the cost function used to 
construct the model ignores any training data that is close to 
the model prediction. SVR trains using a loss function that 
penalizes both high and low misestimates equally. The 
absolute values of errors less than a specific threshold are 
discarded both above and below the estimate in a 
symmetrical flexible tube of the minimal radius. Hence, 
outside the tube, points are penalized; however, points 
within the tube, either above or below the function, are not 
penalized. One of the primary benefits of SVR is that its 
computational complexity is independent of the 
dimensionality of the input space. It also has a strong 
generalization capability and a good prediction accuracy. 
(Drucker et al. 1997). 

 

3.2 Regression tree 
 

An RT is a variant of decision trees that is designed to 

estimate real-valued functions. An RT is built via a process 

known as binary recursive partitioning, which is an iterative 

process that segregates the data into partitions or branches, 

and then continues segregating each partition into smaller 

groups when ascending each branch. 
Initially, all records in the training set are categorized 

into the same partition. Subsequently, the algorithm begins 
dividing the data into the first two partitions or branches 
employing every possible binary split on every field. The 
algorithm chooses the split that minimizes the sum of the 
squared deviations from the mean in the two separate 
partitions. After that, this splitting rule is used on each of 
the new branches. This process is repeated until each node 
meets the minimum node size chosen by the user and 
becomes a terminal node. 

 

 
3.3 K-nearest neighbors regression 
 

The KNN algorithm uses “feature similarity” to predict 

values of any new data points. This implies that the new 

point is assigned a value based on the degree by which it 

resembles the points in the training set. When implementing 

regression, the average value is regarded as the final 

predicted value.  

The KNN method is conceptually simple and intuitive, 

and it can yield the decision boundary in the entire space 

based on any given training set. 

 

3.4 Random forest regression 
 

An RF is an ensemble technique that can perform both 

regression and classification tasks using of multiple 

decision trees and a technique known as “bootstrap and 

aggregation”, which is typically known as bagging. In this 

method, the basic idea is to combine multiple decision trees 

to determine the final output, instead of relying on 

individual decision trees.  

The training data for each decision tree is sampled with 

replacement from all observations that were originally in 

the training data set.  

Furthermore, the predictor variables considered for 

splitting any given decision tree are randomly selected from 

all available predictor variables. Therefore, each decision 

tree is created on a sample of predictor variables and from a 

sample of the observations. Repeating this process many 

times leads to greater diversity in the trees. The final model 

is a combination of the individual decision trees where the 

predicted values are averaged. 

 

3.5 Artificial neural networks regression 
 

An ANN is a deep learning algorithm that simulate 

mechanisms of neurons in the human brain. An ANN 

comprises an input layer, hidden layers, and an output layer. 

More than one hidden layer can exist in an ANN. Each layer 

comprises n neurons. Each layer contains an activation 

function associated with each of the neurons. The activation 

function is a function that introduces non-linearity to the  

  
(a) Lasso regression (b) Ridge regression 

Fig. 4 Lasso and Ridge regression plot 
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relationship. An ANN is so flexible that many structures can 

be constructed to accommodate various types of real-world 

data. Under the support of today’s powerful computing 

resources, large-scale neural networks can be reliably 

learned from a huge amount of training data to yield 

excellent performance for many real-world tasks. At 

present, neural networks have become the dominant 

machine learning models for supervised learning. 

Table 4 shows the evaluation of models based on 

machine learning-based regression analyses. Fig. 5 shows 

the machine learning-based regression plots for both the 

training and test sets. 

 
 

Table 4 Model evaluation based on machine learning-based 

regression analysis 

Model 
Training data Test data 

MSE MAPE r2 MSE MAPE r2 

RT 0.30 16.85 0.76 0.35 21.88 0.69 

KNN 0.16 12.97 0.88 0.23 16.99 0.81 

SVM 0.15 11.81 0.88 0.23 15.02 0.81 

RF 0.06 7.39 0.96 0.18 13.65 0.86 

ANN 0.06 7.39 0.79 0.18 13.65 0.76 

  
(a) RT regression (b) KNN regression 

  
(c) SVM regression (d) RF regression 

 

 

(e) ANN regression  

Fig. 5 Machine learning-based regression plot 
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4. Discussion 

 

4.1 Single regression 
 

The distribution of the variables is shown in Fig. 1. The 

distribution of the CAI, RTs, BTS, B2, B5, Bi, and EQC can 

be approximated using a normal distribution. The 

distribution of the UCS, B1, and B3 is closed to lognormal 

distribution. The distribution of B4, and QC shows negative 

exponential distribution. As discussed in Section 2.2, the 

relationships between the CAI and each of the UCS, BTS, 

QC, EQC, and brittleness indexes B1 to Bi are depicted in 

Fig. 2. The BTS, B5, and Bi were discovered to be 

correlated with the CAI. However, R2 was extremely low to 

be considered statistically significant. As such, it is 

concluded that a single feature is inadequate for estimating 

the CAI. In fact, this finding has been reported in several 

publications (Rostami et al. 2014, Ko et al. 2016, 

Moradizadeh et al. 2016). 

 

4.2 Multiple regression 
 

When all 11 independent variables were used, the R2 of 

the multiple linear regression analysis was 0.81. When 

multiple linear regression analysis was performed using five 

independent variables that did not cause multicollinearity 

problems via the stepwise selection method, the R2 value 

was 0.79. Among the five independent variables, B2 and Bi 

were correlated with brittleness; therefore, a regression 

analysis was performed using either only B2 or Bi.  

When multiple linear regression analysis was performed 

by applying four independent variables of QC, UCS, Bi, and 

RTs, the R2 was 0.69. Meanwhile, when multiple linear 

regression analysis was performed using the same 

independent variables except B2, which was preplaced with 

Bi, the R2 was 0.52.  

When reducing from five to four independent variables, 

the decrease in R2 was significantly greater as compared 

with that when reducing from 11 to 5 independent variables. 

Hence, it is considered appropriate to perform multiple 

linear regression analysis using five independent variables. 

Lasso regression model gives the best results for the 

multiple regression. The R2 of Lasso regression was 0.79, 

which was the highest in the multiple regression models. 

Also, MSE and MAPE were 0.25 and 17.01, respectively, 

which were the lowest in the multiple regression models. 

By contrast, the ridge regression model yielded the worst 

results for the multiple regression. 

Fig. 6 shows the relative importance of the five 

independent variables. Among the independent variables, 

Brittleness Bi and rock types were more important, whereas 

brittleness B2 was the least important. Because cementation 

between minerals differs based on the rock types, it is 

assumed that the rock type significantly affects the CAI. 

 

4.3 Machine learning based regression 
 

The result indicates that the best model was RF 

regression for the machine learning-based regression. The 

R2 of RF regression was 0.96, which was the highest in the  

 

Fig. 6 Relative importance of independent variables 

 

 

Fig. 7 Overall result for RF regression model 

 

 

machine learning-based regression models. Also, MSE and 

MAPE were 0.06 and 7.39, respectively, which were the 

lowest in the machine learning-based regression models. 

In general, RF regression model yielded the best 

prediction performance when both the multiple and 

machine learning-based regressions were considered. Fig. 7 

shows the plot of overall result for RF regression model. 

 
4.3 Applications 
 

The CAI can be used to predict the disc cutters 

consumption in TBM tunneling. Disc cutter life, measured 

in linear meters of rolling on the tunnel face, has been 

shown to be inversely proportional to the value of the CAI. 

Disc cutter life is expressed as follows (Rostami et al. 2005) 

2057

432

cD
CL

CAI
   (13) 

where, CL = linear distance of disc cutter travel on the face 

in km, Dc = disc cutter diameter in mm. 

The wear of cutting tools, including disc cutters, can be 

measured using a wear coefficient. The wear coefficient 

(wc) is defined as the ratio of the radial abrasion of the disc 

cutter ring (a), in mm, to the travelled distance of the disc 

cutter ring (r), in km, as follows 

[ ]
[ / ]

[ ]

a mm
wc mm km

r km
  (14) 
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Fig. 8 Relationship between the CAI values and the wear 

coefficient (Ko and Lee 2020) 

 
 

Ko and Lee (2020) examined relationship between the 

CAI and the wear coefficient and Fig. 8 shows the 

relationship between the CAI and the wear coefficient of 

19-inch disc cutters with respect to the cutter position. 

 
 
5. Conclusions 

 

The purpose of this study was to examine the 

relationship between rock properties and the CAI. The 

properties of rocks used in this study were strength, 

brittleness, and QC or EQC, all of which can be obtained 

relatively easily. A database comprising 223 observation 

data points was constructed, which included rock types, 

UCSs, BTSs, EQCs, QCs, brittleness indices, and CAIs. A 

linear model was developed by selecting independent 

variables while considering multicollinearity after 

performing multiple regression analyses. Machine learning-

based regression methods including SVR, RT regression, 

KNN regression, RF regression, and ANN regression were 

used in addition to multiple regression. Based on the results, 

the RF regression model yielded the best prediction 

performance. 
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