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Abstract: Knowing the physical and mechanical properties of rocks is important for engineering studies. Because determining the
properties and type of rocks affects the safety of engineering structures. Therefore, this study is important in terms of minimizing
possible errors in engineering studies. Moreover, Automatic detection of rock types reduces the workload of engineers. In this study,
the types of rocks were determined by using some physical and mechanical properties of rocks measured in the laboratory. Rep tree
algorithm and ensemble learning algorithms were used in the study. The success of ensemble learning algorithms in classification was
compared. As a result, it was understood that ensemble learning algorithms increase success. When the logitboost algorithm was used
together with the rep tree algorithm, the Tp rate increased to 0.82. Precision Recall values were 0.80, MCC and AUC were 0.95, kappa
was 0.80. In addition, the FP rate decreased to 0.04. The most successful algorithm in rock classification was the Logistboost algorithm.
The highest performance metrics were obtained in the classification made with the Logistboost algorithm. In addition, 4 different metric
types were calculated to determine the error rates of the algorithms. Logistboost algorithm classified with the lowest error rate.
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Oz: Kayalarin fiziksel ve mekanik 6zelliklerinin bilinmesi mithendislik ¢alismalari agisindan 6nemlidir. Ciinkii kayalarin 6zelliklerinin
ve tiiriiniin belirlenmesi mithendislik yapilarinin giivenligini etkilemektedir. Kaya tiirlerinin otomatik tespiti mithendislerin is yiikiini
azaltir. Bu ¢alismada kayaglarin laboratuvarda Slgiilen bazi fiziksel ve mekanik 6zellikleri kullanilarak kaya tiirleri belirlenmigtir.
Calismada rep agaci algoritmast ve topluluk Ogrenme algoritmalart kullanilmigtir. Topluluk 6grenme algoritmalarinin
smiflandirmadaki basaris1 karsilastirildi. Sonu¢ olarak topluluk O6grenme algoritmalarinin bagariyr arttirdigi anlasildi. Kaya
smiflandirmasinda en basarili algoritma Logistboost algoritmasi oldu. Logistboost algoritmasi ile yapilan siniflandirmada en yiiksek
performansh metrikler elde edildi. Ayrica algoritmalarin hata oranlarimi belirlemek i¢in 4 farkli metrik tiirii hesaplandi. Logistboost
algoritmasi en diisiik hata oranina ile siniflandirmay: gergeklestirdi.

Anahtar Kelimeler: Smiflandirma, Topluluk 6grenme algoritmalari, Makine 6grenimi, Rep agaci, Kaya
1. Introduction

The determination of the properties of the rocks is important in terms of determining the usage area of the rock. The usage
area is determined according to the type of rock. For example, basalt is often used as an insulation and durable building
material because it is resistant to heat and frost. Basalt as a storage material for high-temperature concentrated solar power
plants was investigated by experiments [1]. Fiber reinforced polymeric composite materials were examined [2]. To
determine the mechanical properties of basalt, uniaxial compressive strength (UCS) and Young's modulus were evaluated
[3]. The geological and mineralogical properties of basalt in Karakalpakstan were investigated [4]. Research has been
done on the use of various rocks in tunnel work. Rock tunnel performance under blast loading was investigated by finite
element analysis [5]. A three-dimensional finite element analysis of the tunnel was performed under static loading
condition and the effect of rock weathering was examined [6]. A simulation model of a rock tunnel with mudstone and
sandstone layers was made [7]. The dynamic stability of the subway tunnel in layered weathered sandstone was analyzed
[8]. Another name for shale is clay stone and it is generally used in the construction industry. It is used to ensure that the
paint is more permanent on the surfaces on which it will be applied. It is used in the manufacture of glass products and
materials. In addition, it is of great importance in the extraction and processing of oil, which is very important in the
energy sector. The complex conductivity of graphitic schists and sandstones was studied [9]. Granite is used in kitchen
counters, sinks in the bathroom, exterior cladding, table and coffee table production, garden stones, decoration
decorations. A study was conducted on the use of waste marble and granite dust in structural applications [10].
Experimental studies were carried out on the physical and mechanical changes of hot granite under different cooling
processes [11]. Geochemical controls of uranium release from neutral-pH rock drainage produced by the weathering of
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granite, gneiss and schist [12]. Sandstone is used in construction, paving of roads and pavements, limestone is used in
soda production, glass industry and sugar production.

Machine learning methods, which have a wide usage area, were also used in studies related to rocks. Artificial neural
network models were used to estimate the unconfined compressive strength of the rock [13]. Supervised machine learning
techniques were used to estimate the tunnel boring machine penetration rate [14]. Petrographic classification of sand and
sandstone was done [15]. Machine learning methods were used for lithology classification using geophysical data [16].
In this study, it was aimed to automatically detect different rock types using their mechanical and physical properties. and
7 different rock types were identified in the study. Ensemble learning algorithms were used to achieve the best
performance.

2. Material and Method

In this study, 7 different rock types collected in Kocaeli were collected [17]. Cylindrical samples with a length of 110
115 mm and a diameter of 54 mm [18,19,20] were prepared from the rock types collected. Ultrasonic pulse velocity,
ultrasonic pulse velocity (UPV), uniaxial compressive strength (UCS), resistivity (Ro), chargeability (M) and porosity (n)
values of the samples were measured [17]. To measure the UPV value, Proseq acoustic pulse velocity test device was
used in accordance with ISRM 1981 and ASTM 1978 standards [17]. The measurements were used to classify rocks. The
rocks used and their properties are given in Table 1.

Table 1. Rocks and their properties

Rocks The properties of the rocks

Lime stone It is a type of sedimentary rock with at least 90% calcium
carbonate (CaCOs) in its chemical composition and at least 90%
calcite mineral in its mineralogical composition.

Arkose It is a type of sandstone. They derive from granitoid igneous
rocks. It contains feldspar and mica fractures.

Sandstone It is a type of sedimentary rock. Contains feldspar and quartz.

Basalt It is a type of igneous rock. It contains high amounts of MgO and
CaO and low amounts of Na20 + Kz0.

Granite Granite is a hard, crystalline mineralized igneous rock. It
contains silicate, quartz and feldspar minerals.

Amphibolite It is a metamorphic rock containing amphibole hornblende and
actinolite.

Schist It is a metamorphic rock

Rep Tree

REP Tree algorithm is a fast algorithm and works with regression tree logic. The information gain criterion is used to
construct the regression tree. It creates multiple trees in iterations and then chooses the best one from the trees it creates.
The pruning method is used to minimize the error.

Bagging

Bagging algorithm is an ensemble learning method for creating a classifier ensemble by combining basic learning
algorithms trained on different samples of the training set [21]. The Bagging algorithm is based on the principle that each
basic learning algorithm that makes up the community is trained on different training sets. Thus, diversity increases. It is
aimed to create different training sets from the data set. Simple random substitution sampling method is generally used
to create the training set. Then, the outputs of the classification methods trained with the training sets are combined
through majority voting.

Adaboost

AdaBoost algorithm is one of the most basic Boosting methods. This algorithm focuses more on samples that are difficult
to classify. The purpose of the algorithm is to increase the classification success [22]. Weight values are changed with
iterations. In each iteration, the weight values of the correctly classified samples are decreased and the weight values of
the incorrectly classified samples are increased. This allows more iterations to be allocated to data samples that are
difficult to classify.
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Logitboost

AdaBoost algorithm can be affected by noises and overfitting problem may occur. It therefore recommends using
LogitBoost for noisy data [23]. Training errors can be reduced by using the Loogitboost algorithm.

3. Result

In this study, laboratory test results were used to determine the physical and mechanical properties of 7 different rock
types. Rep tree algorithm and ensemble learning algorithms from machine learning techniques were used to detect the
types of rocks. The tree structure created by the software for the rep tree algorithm is given in Figure 1. Accordingly, the
root node was chosen as M and the first branching was done. The first branching was done according to whether the M
value was less than 14.25 or greater than 14.25. If the M value is greater than or equal to 14.25, the Ro value was checked
and the rock type was determined. In the other part of the tree, if the n value is greater than or equal to 0.08, the upv value
was checked. If the UPV value was less than 4035 and Schist was larger, it was classified as Amphibolite. In other
branches, n and UCS values were checked and other samples were classified.
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Figure 1. Rep Tree

To improve the performance of the rep treee algorithm, 3 different ensemble learning algorithms were used and their
results were compared. For comparison, firstly, the individual confusion matrices of the algorithms are given in Table
2,3,4,5, respectively. It was seen in Confusion matrices that the number of correctly predicted instances increased when
ensemble learning algorithms were used with the Rep tree algorithm. The highest increase in the number of samples was
seen when the Logitboost algorithm was used.

Table 2. Confusion matrix of Rep tree

Predicted
Limestone Arkose Sandstone Basalt Granite Amphibolite Schist

Limestone 10 0 0 2 0 0 0
Arkose 0 10 8 0 0 0 0

S Sandstone 0 10 10 0 0 0 0

< Basalt 0 0 0 9 1 0 0
Granite 0 0 0 1 9 0 0
Amphibolite 0 0 0 0 0 13 1
Schist 0 0 0 0 0 0 12
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Table 3. Confusion matrix of Bagging+Rep Tree

Predicted
Limestone  Arkose Sandstone  Basalt Granite Amphibolite  Schist
Limestone 10 0 0 2 0 0 0
_ Arkose 0 6 12 0 0 0 0
S Sandstone 0 6 14 0 0 0 0
< Basalt 0 0 0 10 0 0 0
Granite 0 0 0 0 10 0 0
Amphibolite 0 0 0 0 0 13 1
Schist 0 0 0 0 0 0 12
Table 4. Confusion matrix of Adaboost+rep tree
Predicted
Limestone Arkose  Sandstone Basalt  Granite Amphibolite  Schist
Limestone 10 0 0 2 0 0 0
_ Arkose 0 11 7 0 0 0 0
S Sandstone 0 8 12 0 0 0 0
< Basalt 0 0 0 9 1 0 0
Granite 0 0 0 1 9 0 0
Amphibolite 0 0 0 0 0 13 1
Schist 12
Table 5. Confusion matrix of Logitboost+rep tree
Predicted
Limestone  Arkose Sandstone Basalt Granite Amphibolite  Schist
Limestone 12 0 0 0 0 0 0
_ Arkose 0 8 10 0 0 0 0
S Sandstone 0 9 11 0 0 0 0
< Basalt 0 0 0 10 0 0 0
Granite 0 0 0 0 10 0 0
Amphibolite 0 0 0 0 0 14 0
Schist 0 0 0 0 0 0 12

Other performance metrics of the algorithms were calculated and given in Table 6. The farther the metric values are from
0, the more successful the algorithm is. These values can be at most 1. The lowest metric values were obtained when
Ensemble learning algorithms were not used. Bagging, Adaboost and Logit boost algorithms increased all performance
metrics. The highest TP Rate was 0.82, the highest Precision, recall, F-Score was 0.80, and the highest AUC was 0.95
when Logitboost+Reptree algorithms were used. The accuracy rates obtained by the algorithms in classification are given
in Figure 2. According to the figure, the highest accuracy value is 80%. This value was obtained when the loogit boost
algorithm and the Reeptree algorithm were used together.

Table 6. Performance metrics of algorithms

TP Rate FP Rate  Precision Recall F-Score  MCC AUC Kappa
Rep Tree 0.76 0.05 0.76 0.76 0.76 0.71 0.91 0.71
Bagging+Rep Tree 0.78 0.05 0.78 0.78 0.77 0.73 0.94 0.74
Adaboost+Reptree 0.79 0.04 0.79 0.79 0.79 0.74 0.95 0.75
Logitboost+Reptree 0.82 0.04 0.80 0.80 0.75 0.95 0.95 0.76
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Accuracy (%)

Logitboost+Reptree
Adaboost+Reptree

Bagging+Rep Tree

Rep Tree
74 75 76 77 78 79 80
Rep Tree Bagging+Rep Tree = Adaboost+Reptree | Logitbhoost+Reptree
B Accuracy 76 78 79 80

Figure 2. The accuracy of the algorithms

Another metric used in performance evaluation is the error metric. There are many error metrics developed for this. In
the study, the error rates of the algorithms were calculated using 4 different metrics and are given in Table 7. It was seen
in the table that the lowest error value was obtained with the Loogit boost algorithm.

Table 7. Error metrics of algorithms

Mean absolute error Root mean squared Relative absolute Root relative squared
error error error
Rep Tree 0.0682 0.2186 28.1285 62.7637
Bagging+Rep Tree 0.0766 0.2053 31.5813 58.9681
Adaboost+Reptree 0.0625 0.2253 25.7863 64.707
Logitboost+Reptree 0.0527 0.183 21.7339 52.5597

4. Discussion and Conclusion

In this study, 7 different rock types were classified using machine learning techniques. Rep tree algorithm, a decision tree
algorithm, was used in classification. For classification, a data set containing ultrasonic pulse velocity, ultrasonic pulse
velocity, uniaxial compressive strength, resistivity, chargeability and porosity values, which are used to determine the
physical and mechanical properties of rocks, was used. As a result of the classification, various performance metrics were
calculated to determine the performance of the algorithm. TP rate, Precision Recall and F-Score values were found to be
0.76, MCC and Kappa values were 0.71, AUC value was 0.91 and FP Rate value was 0.05. Three different Ensemble
Learning Algorithms were then used to improve the performance of the algorithm. As a result, it was seen that the three
algorithms used increased the classification performance. logitboost algorithm was the best performing algorithm among
Ensemble Learning Algorithms. When the logit boost algorithm was used together with the rep tree algorithm, the Tp rate
increased to 0.82. Precision Recall values were 0.80, MCC and AUC were 0.95, kappa was 0.80. In addition, the FP rate
decreased to 0.04. For this reason, it is recommended to use the rep teree algorithm and logitboost algorithm together in
rock classification.
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