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CERCHAR ABRASIVITY INDEX PREDICTION USING MULTI-PROXY DATA. 
A CASE STUDY FROM THE SAGDERE FORMATION (DENIZLI MOLASSE BASIN, TURKEY)

The prediction of rock cuttability to produce the lignite deposits in underground mining is important 
in excavation. Moreover, the certain geographic locations of rock masses for cuttability tests are also 
significant to apply and compare the rock cuttability parameters. In this study, sediment samples of 
two boreholes (Hole-1 and Hole-2) from the Sagdere Formation (Denizli Molasse Basin) were applied 
to find out the cerchar abrasivity index (CAI), rock quality designations (RQD), uniaxial compressive 
strengths, Brazilian tensile strengths and Shore hardnesses. The Sagdere Formation deposited in the 
terrestrial to shallow marine conditions consists mainly of conglomerates, sandstones, shales, lignites as 
well as reefal limestones coarse to fine grained. A dataset from the fine grained sediments (a part of the 
Sagdere Formation) have been created using rock parameters mentioned in the study. Dataset obtained 
were utilized to construct the best fitted statistical model for predicting CAI on the basis of multiple 
regression technique. Additionally, the relationships among the rock parameters were evaluated by fuzzy 
logic inference system whether the rock parameters used in the study can be correlated or not. When 
comparing the two statistical techniques, multiple regression method is more accurate and reliable than 
fuzzy logic inference method for the dataset in this study. Furthermore, CAI can be predicted by using 
UCS, BTS, SH and RQD values based on this study.

Keywords: cerchar abrasivity index, fuzzy inference system, denizli molasse sagdere formation, multiple 
regression

1. Introduction

To characterize the rock samples, uniaxial compressive strength (UCS) and Brazilian tensile 
strengths (BTS) are mostly used for predicting the cutting behavior of rocks. Also, for UCS and 
BTS correlation, cerchar abrasivity index can be utilized. The Cerchar abrasivity test is utilized 
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for abrasivity evaluation of intact rocks and wear prediction. Comparable and reliable testings 
are available due to the variations of test results. Some other testing methods such as LCPC 
(Laboratoire Central des Ponts et Chaussees) abrasivity test and AVS (abrasion value cutter 
steel) test have become more common for soil and rock investigations in world wide. Thuro and 
his friends have studied LCPC abrasivity coefficients and Cerchar abrasivity index (CAI) us-
ing Cerchar classification in 2007 (Thuro et al., 2007; Cerchar, 1986). The same technique has 
already been utilized with good results in practice (Kasling & Thuro, 2010). On the other hand, 
rock quality designation (RQD) can also give us the strength and discontinious situations of the 
formations. Deere proposed rock quality designation (RQD) in 1964 as a measurement technique 
of the borehole core quality (Deere, 1964). The total amount of sound core pieces with percentile 
ration is 0.1 m (4 inch) or more to the length of borehole core measurement is called RQD. In 
addition to the direct methods used to determine RQD from coring, some other direct methods 
are also utilized to assess RQD. 

In rock mechanics and the design of geotechnical structures, uniaxial compressive strength 
(UCS) is very important for problem solving in this subject (Armaghani et al., 2015; Ersoy & 
Kanik, 2012; Armaghani et al., 2016; Torok & Vasarhelyi, 2010). UCS is used for the determina-
tion of the mechanical strength of rocks. This process is important for assessing the suitability and 
durability of the rocks against weathering agents. In addition, UCS value is directly associated 
with the level of cohesion occurring in grains of rocks and reveals the state of rock fabric and 
especially the pore system. Usually, UCS is utilized for making an estimation for the maximum 
value of stress attained before failure.

The tensile strength is also important for the determination of the load bearing capacity, 
deformation, damage, fracturing and crushing and some other properties of the rock. For that 
reason, tensile strength is used to determine the usability and stability of rock structures (Dan et 
al., 2013). Brazilian tensile strength test, semi-circular bending tests, flatten Brazilian disc and 
ring tests are some of the analysis methods to calculate the tensile strength (Hondros, 1959; Wang 
et al., 2004; Coviello et al., 2005; Wisetsaen et al., 2015). Due to its easy application, sample 
preparation and the Brazilian tensile strength test are commonly used in rock engineering and 
uniaxial compression test machines are commonly used (Dan et al., 2013).

In this study, rock mechanic tests such as cerchar abrasivity index, uniaxial compressive 
strength (UCS), Brazilian tensile strength (BTS), Shore hardness and rock quality designations 
of the sediments from two drillings of the Sagdere Formation (Denizli molasse Basin) have been 
analyzed. Additionally, obtained data have been analysed and compared with using fuzzy logic 
and multiple regression statistic technique.

2. Geological setting 

The Oligocene molasse basins are spread from southwest to northeast, as the Kale-Tavas, 
Denizli, Çardak-Tokça and Burdur (Fig. 1a). Many studies were carried out on the geological and 
paleontological aspects of these basins (Sozbilir, 1997, 2005; Akgun & Sozbilir, 2001; Hakyemez, 
1989; Akkiraz & Akgun, 2005; İslamoglu et al., 2005, 2006, 2007; Karayigit et al., 2017). The 
Denizli Molasse Basin is located about 30 km northeast of Denizli (Fig. 1a). A detailed geologi-
cal map of the area was prepared by Sözbilir and Akgün (Fig. 1b) (Sozbilir, 1997, 2005; Akgun 
& Sozbilir, 2001). An uncomformably overlain from late Miocene to Pliocene Belevi group and 
a transgressive sequence unbending on pre-oligocene basement is displayed in basin (Fig. 1c). 
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As it can be seen in figure 1c, fan deposits with alluvians at the base are included in se-
quence. The sequence also grades upward into fan delta-shallow marine deposits with lignite 
and patch reefs in figure 1c. The Çaykavustu Formation forms the basal part of the sequence and 
comprises reddish-brownish conglomerate intercalated with lithic sandstones. It is overlained by 
the Sagdere formation including a thick deltaic shallow marine sequence with lenses of reefal 
limestones and lignite. It also contains massive to cross-bedded conglomerates, wave rippled 
and planar cross bedded sandstones, fossiliferous and bioturbated mudstones, lignite-bearing 
mudshales, sandstone-mudstone alternations and lenses of reef limestones (Akgun & Sozbilir, 
2001). According to palaeontological data, the age of the Sagdere Formation was suggested as 
the Late Oligocene-Early Miocene.

Fig. 1. (a) generalized geological map showing the molasse basins of southwestern part of Turkey, (b) detailed 
geological map of Denizli molasse basin, (c) generalized columnar section indicating the studied wells of the 

Denizli molasse basin (coordinates:702914/4196470 for Hole-1;702757/4196887 for Hole-2)
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In this paper, a part of the Sagdere Formation from the Denizli Molasse Basin (Hole-1 and 
Hole-2) has been studied with respect to multiproxy approaches. Hole-1 attaining about 60 total 
thickness consist mainly of moderate to fine grained deposits such as sandstones and claystones 
(Fig. 2a). Through the surface, calcalreous claystones are common. The thickness of Hole-2 
is about 69 meters (Fig. 2b). It contains sandstone claystone alternation in different thickness 
(Fig. 2). Fossilliferous level (between 22 and 25 meters) occurs at some parts of the sequence. 
This profile also includes thin lignite level (between 52,5 and 53 meters).

(a) (b)

Fig. 2. Lithological aspects of the Sagdere Formation from the Hole-1(a) and Hole-2 (b)

3. Cerchar Abrasivity Index

In underground, while permanently being accepted for practices, Cerchar (Centre d’Etudes 
et Recherches des Charbonages de France) has first introduced the Cerchar abrasivity test in coal 
bedding rocks in the industry (Alber, 2008; Plinninger et al., 2004). Particular setups are also 
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available for Cerchar testing while testing layout was introduced by Cerchar (Cerchar, 1986). All 
methods require a vice clutching the sample while a toughened steel stylus with 90 cone tip is 
scratched over the rock surface under 70 N constant load and the scratch covers 10 mm distance. 
It is available in different laboratories that the Cerchar test results can not be same due to the test 
apparatus, measurement types and testing procedures (Rostami et al., 2014).

In this study, the cerchar tests were applied on 12 different rock types from Denizli Molasse 
basin. The tests were operated in Afyon Kocatepe University, Mining engineering laboratories. 
HRC 54/56 steel pins were used for the abrasivity measurement based on french standard 
(Michalakopoulos et al., 2006). The test equipment setup and the steel pins are shown in figure 3.

Fig. 3. Cerchar test device and steel pins (HRC 54/56) in Afyon Kocatepe University, 
Mining Engineering Laboratory 

4. Material and Methods

In this study, two borehole logs operated by Arafa Mining Company have been sampled. The 
depth of the first sounding (Hole-1) bored southwest of Karatepe is about 60 meters. The other 
hole (Hole-2) was bored about 500 meters southern side of the first one reaching to 69 meters total 
thickness. Totally 12 samples from the Hole-1 and Hole-2 were collected (Fig. 4). UCS, BTS, shore 
hardness and RQD tests were carried out at the laboratory of the Mining Engineering Department 
in Dumlupınar University and the Mining Engineering Department in Middle East Technical 
University. Furthermore, rock quality designation was determined. The sediment samples are clay-
stone and sandstone with different characteristics. The rock mechanical tests were carried out on 
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samples taken in NX standards with a diameter of 54,7 mm and the mean values were calculated. 
The rock quality designation (RQD) was determined on the obtained cores shown in figure 4.

(a) (b)

Fig. 4. Borehole logs of the Hole-1(a) and Hole-2(b), Sagdere formation

5. Experimental studies

5.1. Rock mechanics test results

The UCS, BTS, Shore hardness, rock quality designation and cerchar abrasivity index (CAI) 
experiments were conducted on the cores with a diameter of 54,7 mm in NX standard. Totally 
12 different sedimentary rock samples were tested in the study. For UCS and BTS, five samples 
for each were tested and the arithmethical averages were calculated. For CAI, 5 steel pins were 
used and arithmethical averages were calculated. For Shore hardness, 10 readings were applied 
at each time and the arithmethical average of 5 of 10 highest values were calculated. The results 
of the experimental studies are given in table 1. The results obtained can be correlated with each 
other, and do not indicate nonsense values.

TABLE 1

Rock mechanics test results

Sample
Number Sample Name UCS

(MPa)
BTS

(MPa) SH RQD
(%)

CAI
No

U1 Pale grey consolidated sandstone 48.39 7.62 15 12 0.09
U2 Pale grey claystone 64.63 9.8 24 23 0.08
U3 Greyish sandstone 12.73 3.58 30 12 0.09
U4 Greyish claystone 36.76 8.33 18 11 0.09
U5 Greenish claystone 11.78 2.86 13 21 0.02
U6 Pale grey claystone 30.53 2.78 14 28 0.02
U7 Dark grey fossiliferous claystone 22.81 6.68 23 26 0.03
U8 Greenish sandstone 48.8 8.58 17 34 0.03
U9 Whitish claystone 11.76 2.67 12 12 0.05
U10 Greenish sandstone 28.77 7.73 22 35 0.04
U11 Greyish fi ne grained sandstone 30.85 7.00 20 9.0 0.07
U12 Greyish claystone 50.27 6.96 23 17 0.04
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The correlation between the obtained values according to results of the rock mechanic 
experiments was investigated (Fig. 5). The best result was obtained from the Brazilian tensile 
strength with uniaxial compressive strength. The correlation between these parameters is above 
the average and the correlation coefficient R² = 0,6549. Moreover, the correlation coefficient 
R² = 0,4541 between cerchar abrasivity index and rock quality designation. The rock quality des-
ignation effects the abrasivity index according to the correlation results. The correlation between 
other rock parameters are not high enough.

Fig. 5. Correlations between UCS, BTS, CAI and RQD values

One of the main objectives in this study is to determine the relationship between CAI values 
and other variables including RQD. The RQD value is a method of calculating the ratio of the 
total sample length over 10 cm of the cores to the total sample length. 

5.2. Fuzzy logic inference system

The relationships between CAI values and other parameters are evaluated by using fuzzy 
logic method. Fuzzy logic inference systems have been recently used increasingly in rock me-
chanics and engineering geology (Alvarez & Babuska, 1999; Finol et al., 2001; Gokceoglu, 2002; 
Gokceoglu & Zorlu, 2004; Nefeslioglu et al., 2003; Sonmez et al., 2003; Tutmez & Hatipoglu, 
2007). A study on overviewing the algorithm of fuzzy modeling was conducted by Alvarez 
(Alvarez, 2000). The most commonly used models reported for solving such engineering prob-
lems comprise the Mamdani, Tsukamoto,Tagaki-Sugeno-Kang and Singleton fuzzy models. 
This paper utilized the Mamdani fuzzy algorithm as the Mamdani method is probably the most 
suitable fuzzy method used in in engineering geological problems (Alvarez, 2000). The UCS 
and BTS comprise the inputs of the fuzzy logic inference system. In the paper, MATLAB 7.3.0 
version was applied for structuring the fuzzy logic inference system (Demuth et al., 2005). 
Setnes, Babuska, and Verbruggen states that one of the striking properties of fuzzy models is 
nonlinear multivariable issues in a sensitive way. Moreover, their ability to describe complexity 
is another statement comparing to the other traditional methods including statistics widely used 
in geosciences (Setnes et al., 1998). Usually, the fuzzy logic is utilized in geology engineering 
and rock engineering issues to reduce the uncertainties arising from variations and ignorance 
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(Gokceoglu, 2002). For main standardization, the variables were set between the values 0 and 1 
(Eq. 1) and then the fuzzy sets for the aims of the constructed models were extracted.

 Xnorm = (X _ Xmin)/(Xmax _ Xmin) (1)

Fuzzy logic inference system is fast, easy to analyse the results and convenient for complex 
systems. Moreover, direct user access and experience is also available in the system. Engineer-
ing geological parameters including uniaxial compressive strengths, tensile strengths and some 
others have been analyzed by using fuzzy logic system in the past (Yagiz, 2010). However, there 
are no more studies analyzing the relationships between chercar abrasivity and rock mechanics 
parameters with less rock mechanics data. Usually, fuzzy logic system is used to analyze more 
complex and specific with multiple data. For that reason, fuzzy logic inference system is also used 
to compare the results with multiple regression method to see the differences between chercar 
abrasivity and different rock mechanic parameters with less but enough dataset in this study.

Previously, the relationship between brittleness index and some rock mechanical results 
was determined by using fuzzy logic method (Yagiz, 2010). However, the relationship between 
cerchar abrasivity index, UCS, BTS, shore hardness and rock quality designation values have 
not been studied. In this study, standard ISRM and Deere ranges of the mentioned experiments 
were used, and fuzzy logic analysis was performed using these index ranges (Deere, 1964; ISRM, 
1981; Deere & Miller, 1966). As shown in table 2, there are five value ranges for RQD and UCS 
variables, whereas three value ranges for BTS and SH variables. 

TABLE 2

Rock mechanic parameters indexes (Deere, 1964; ISRM, 1981; Deere & Miller, 1966)

RQD 
(%)

Rock 
Quality

UCS 
(Mpa)

Rock 
Quality

BTS 
(Mpa)

Rock
Quality SH Rock 

Quality
0-25 Very poor <6 Very low 2-4 Strong <20 Low
25-50 Poor 6-20 Low 4-10 Very strong 20-60 Medium
50-75 Fair 20-60 Medium >10 Extremely strong >60 High
75-90 Good 60-200 High
90-100 Excellent >200 Very high

By applying fuzzy logic analysis, input and output algorithm of variables were firstly cre-
ated. As it can be seen in figure 6(a), input1, input2 and input3 are BTS, SH and RQD while 
output1 is CAI values. On the other hand, in figure 6(b), input1, input2 and input3 are UCS, SH 
and RQD while output1 is CAI. It is possible to observe the relationship between these input 
and output parameters and the used variables. When these variables are entered to the software, 
the index ranges were used given in table 2. Therefore, it can be determined how the variables 
are related to each other in certain ranges.

As it can be seen in figure 7, two different models were created and evaluated based on 
fuzzy logic inference system. In figure 7(a), CAI values are predicted using BTS, SH and RQD 
values. Moreover, CAI values are also predicted using UCS, SH and RQD values in figure 7(b). 

A model for CAI, UCS, BTS, SH and RQD has been proposed in the paper. In this regard, the 
study investigates whether CAI is a significant predictor of UCS, BTS, SH and RQD. Therefore, 
a model was created by comparing multiple regression studies. This model is based on the “IF 
and THEN” rule used in fuzzy logic analysis.
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(a)

(b)

Fig. 6. The alghoritms of the fuzzy logic inference system indicating model1 with BTS, SH, RQD (a) 
and model2 with UCS, SH, RQD (b)

(a) (b)

Fig. 7. Fuzzy logic membership function plots and rules with prediction values for model1 (a) and model2 (b)
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Fig. 8. Fuzzy logic surface views of BTS, SH and CAI versus UCS, SH and CAI values 

By processing the input and output values in the fuzzy logic result system, the relation be-
tween these values are observed with the surface visuality, as shown in figure 8. The relationship 
between CAI index versus SH, BTS and RQD, and CAI index versus SH, UCS and RQD are 
not similar. The correlation between CAI versus and BTS and UCS variables shows a different 
tendency. There is a system called Fuzzy C-Means for general purposes (Bezdek, 1981). The 
system was also used by Sugeno and Yasukawa to construct a fuzzy model based on rules of the 
form below:

 R’ = IF x  A’ THEN y  B’ (2)

where x = (x1, x2, …, xn)  R n are input variables, A = (A1, A2, …, An) are n fuzzy sets, y  R 
is the output variable and B is a fuzzy set for this variable. Sugeno and Yasukawa described the 
developed fuzzy clustering tool called PreFuRGe (Sugeno & Yasukawa, 1993). Based on this 
principle, when the obtained rock mechanical results are modified by IF and THEN commands, 
the following conditions are established.

5.3. Multiple regression analyses

Experimental data were analyzed by correlation and multiple linear regression analyses. 
Determination as to whether provide the linearity assumptions was carried out, and it was found 
that there was a non-linear relationship between the CAI and other variables. This relationship 
was linearized by logarithmic transformation (logy) and the analysis was continued (Alpar, 
2017). Findings for the multiple correlation matrix calculated between variables are presented 
that shows the correlation between the CAI dependent variable and each of the UCS, BTS, RQD 
and SH independent variables and the correlation of the independent variables between each 
other. The high correlation between the independent variables causes the variables to provide 
similar information, thus making each variable potentially ineffective. Therefore, in order for 
the results of the regression analysis to be valid, the correlation values should be below 0.80 
(Alpar, 2017).

Regression analysis was used for testing inter-variable relationships. Regression analysis 
is a method for explaining the relationship between a dependent and one or more than one in-
dependent variables by a mathematical equation (Buyukozturk, 2011). In this study, a multiple 
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regression model was applied, including the analysis of a large number of independent variables 
would affect a dependent variable. Table 3 shows the pearson correlation matrix which gives us 
the relationships between the dependent and undependent variables.

The significance of multiple regression analyses is tested by analysis of variance (Aydin, 
2014). The results of multiple regression analysis to determine the CAI predicting power of UCS, 
BTS, SH and RQD are presented in table 4.

TABLE 4

Multiple regression analyses results for CAI prediction

Variable B Standard error β T Sig
Constant 6,102 5,831 — 1,046 0,330

UCS –0,066 0,134 –0,316 –0,497 0,634
BTS 0,256 0,948 0,181 0,270 0,795
SH –0,030 0,265 –0,044 –0,112 0,914

RQD 0,079 0,145 0,201 0,543 0,604

As it can be seen in table 4, CAI is a significant predictor of UCS, BTS, SH and RQD. Stand-
ardized regression coefficients (β) show that the significance ratios of the predictive dimensions 
in describing CAI are sorted as UCS, BTS, SH and RQD. The t-test results on the significance of 
the regression coefficients show that UCS, BTS, SH and RQD are significant predictors of CAI. 

The parameters used in the multiple regression model are CAI, UCS, BTS, SH and RQD 
values. CAI values are assigned as dependent variables in the model while others are assigned 
as independent variables. The resulting models are as follows;

 CAI = 0.048 + 0.005 × BTS + 0.001 × SH – 0.002 × RQD (Model1) (3)

 CAI = 0.048 + 0.001 × UCS + 0.002 × SH – 0.002 × RQD (Model2) (4)

where CAI is cerchar abrasivity index number, BTS is brazilian tensile strength (MPa), SH is 
shore hardness, RQD is rock quality designation as percentage (%) and UCS is uniaxial com-
pressive strength (MPa). 

The correlation coefficients between the actual and predicted values of the rock mechanics 
parameters obtained by BTS, UCS, SH and RQD was found to be high (Fig. 9). The R² value is 
0.735 for model1 and 0.6149 for model2. The proximity between the real values and the estimated 
values is quite high. It shows that the independent variables BTS, UCS, SH and RQD values play 
an important role to determine the CAI index. 

TABLE 3

Multiple regression matrix for the variables

 CAI BTS SH RQD UCS

Pearson 
Correlat൴on

CAI 1 0,36 0,371 –0,674 0,249
BTS 0,36 1 0,324 0,182 0,809
SH 0,371 0,324 1 –0,007 0,137

RQD –0,674 0,182 –0,007 1 0,171
UCS 0,249 0,809 0,137 0,171 1
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Fig. 9. Predicted CAI values against actual CAI values based on multiple regression technique 
with model1 and model2

Fig. 10. Predicted CAI values against actual CAI values based on fuzzy logic inference system 
with model1 and model2

The predicted and actual CAI values based on fuzzy logic inference technique were evalu-
ated and the results were given in figure 10. As it can be seen in figure 10, R² values are not as 
high as multiple regression analyse results. According to figure 9 and figure 10, the multiple 
regression analyse technique is more accurate and reliable than fuzzy logic inference technique.

6. Conclusion

The prediction of cerchar abrasivity index (CAI) utilizing main prediction tool compris-
ing multiple regression analysis is reliable to obtain the good results of rock parameters. Since, 
there is no more studies related to predicting the CAI values, UCS, BTS, Shore hardness and 
rock quality designation tests were introduced and applied to predict CAI values. Utilizing the 
data collected from two different boreholes in the Sagdere Formation, CAI was estimated based 
on the multiple regression model. Geological setting of the Sagdere location was also studied 
and the Hole-1 and Hole-2 were also analysed in this paper. It is concluded that relationships 
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between rock parameters and CAI values can also be displayed using fuzzy logic inference sys-
tem. As function of measured rock properties, two models were introduced based on obtained 
performance values. Due to there is no more study related to predicting the CAI values by using 
rock parameters taken from exact boreholes in situ, this study can be a pioneer to determine 
the real results. Two statistical models based on multiple regression technique to predict CAI 
values were implemented to identify the most appropriate fitting models. Fuzzy logic inference 
system was also used to indicate the relationships between CAI and rock parameters together. 
After getting the statistical analyse observations, two techniques were compared and contrasted 
between each other. The intervals of the parameters were determined based on accepted CAI 
and rock parameters indexes. The input of the predictive multiple regression model includes the 
rock mass parameters namely UCS, BTS, Shore hardness and RQD. The models are representa-
tive for the rock mass parameters and they offer a systematic way to carry out the actual values. 
Fuzzy logic inference system is usually used with multiple data sets in applications. However, 
there is no more studies in literature utilizing less but enough data set as analysed in this paper. 
One of the main purposes in this study was to show that the fuzzy logic inference system can 
also be used to analyse the rock mechanics results with less but enough data, however it can be 
more convenient while utilizing regression analyse techniques. As a result of this study, multiple 
regression technique is %57.77 more accurate and reliable than the fuzzy logic inference system 
for the dataset used in Denizli, Sagdere formation. Furthermore, CAI index values can also be 
predicted with using UCS, BTS, SH and RQD values for rock cuttability performances. Further-
more, Mining or different projects can be applied in Denizli region in the future. For that reason, 
the field studies and the laboratory test results are very significant for this Sagdere formation. 
Based on tests results in the study, CAI and other rock mechanics parameters can also be useful 
for further studies in the location. 
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