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Abstract – Facies classification is the process of identifying rock lithology based on indirect measurements such as well 

log measurements. Usually, the facies are classified manually by experienced geologists, so it takes a long time and is less 
efficient. In this paper, two machine learning (Support vector machine and K-Nearest Neighbor) were adopted to increase 
the effectiveness and shorten the time process of facies classification in Z Field, Indonesia. The machine learning algorithm 
was carried out in 4 steps, i.e. data selection, training phase, verification, and validation stage. The machine learning input 
data are density log, gamma ray log, resistivity log, SP log; and the output facies target are Sandstone, Siltstone, Claystone, 
and Limestone. The data is divided into train data for the training process and test data to validate the machine learning 
output. In Support vector machine results, the training accuracy is 70.1% and the testing accuracy is 47.4%, while in K-
Nearest Neighbor results, the training accuracy is 70.1% and the testing accuracy is 63.3%. This result showed K-Nearest 

Neighbor has better accuracy than the support vector machine in facies classification in the Z field. 
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Introduction 
Facies classification is an identification of rock lithology based on indirect measurements such as well log 

measurements. The results of facies classification can be used to correlate important reservoir characteristic and 
facilitate building field scale reservoir models (Al-Anazi & Gates, 2010). Generally, facies classification process 
is carried out manually by experienced geologists, so it takes a relatively long time and is inefficient (Babikir et 
al., 2023; Sudarmaji et al., 2021). To overcome the shortcomings, many machine learning applications have been 
carried out on well-log data to perform facies classification automatically (Al-Mudhafar, 2017; Al-Mudhafar et 
al., 2022; M. Hall, 2016; Imamverdiyev & Sukhostat, 2019; Sudarmaji et al., 2021). Machine Learning (ML) 
derives a complex relationship between variables by correlating, clustering, or partitioning the well-log data 
(Wood, 2020). It can increase the effectiveness and efficiency in finding solutions to geophysical interpretation 
problems on complex data (Dell’Aversana, 2019; Merembayev et al., 2021) and reservoir quality assessments 
with lower cost and time (Dixit et al., 2020) 

Machine learning is divided into unsupervised and supervised learning algorithms. Unsupervised learning is 
an algorithm that discovers output without any prior knowledge or given output data and supervised learning 
tries to discover the output by mapping the relationship of a given input to given output using testing and 
implementing steps (Singh et al., 2020). The researchers compared several machine learning algorithms in facies 
classification problem using well-logging data and the results conclude that the supervised learning algorithm has 
a better facies estimation accuracy than the unsupervised learning algorithm (Hardanto & Wulandhari, 2021; 
Mohamed et al., 2019). Many supervised algorithms have been adopted for facies classification such as support 
vector machine (B. Hall, 2016), K-nearest neighbor (Pratama et al., 2020), decision tree (Rahimi & Riahi, 2022), 
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probabilistic neural networks (Al-Mudhafar, 2017), random forest (Ippolito et al., 2021) and boosting algorithm 
(Al-Mudhafar et al., 2022). 

In this study, we implemented a supervised learning algorithm i.e. support vector machine (SVM) and K-
Nearest Neighbor (KNN) to automatically classified the facies of field Z, Indonesia. We examined the two 
supervised algorithms to achieve the best accuracy in facies classification. 

Materials and Methods 
This study uses log data from field Z, Indonesia that was acquired in 2010. The data contains 3 wells which 

have 4 parameters of well logging data (input) resulting from wireline logging measurements and 1 facies label 
(output). The facies data used in this study are based on mud log data. Well data from wireline logging 
measurements used in this study are density (FDC), gamma ray (GRST), resistivity (RT), and SP (SP). The facies 
labels used in the well data are (1) Sandstone, (2) Siltstone, (3) Claystone, and (4) Limestone. 

This study was carried out in 4 steps. First, in the data selection stage, two wells are selected as training data 
and one well as test data. The amount of training data is three times of the test data. The training data from the 
two wells were then separated by 80% for the training phase and 20% for the verification phase. The parameter 
data used in this study can be seen in Figure 1. The training and test data were normalized so that the input 
features have a uniform scale to help in faster convergence of the algorithm 

Second, in training phase, the machine learning algorithm is trained to recognize and form a pattern of 
relationships between input and output. In this study, the input used is 80% of the training data from wireline 
logging measurements and the output used is facies data. Third, the verification steps to measure the accuracy 
of the machine learning training results. At this stage, 20% of the training data that were not used in the training 
phase were used. Machine learning algorithms make estimations on this data and the results are matched with 
existing facies data. The level of estimation accuracy is determined based on the confusion matrix. Fourth, the 
validation steps to validate machine learning capabilities in making estimates using different data sets. If the 
previous stage used data from the same well, then the validation stage used data from different wells, namely test 
data. The results of the facies estimations will be compared with the existing facies data to determine the level 
of accuracy of the estimation. 

 
Figure 1. Distribution of facies on training data 

This study uses SVM and KNN algorithms. SVM algorithms based on statistical learning techniques 
proposed by (Vapink, 1995) and used to perform classification and regression (Dramsch, 2019). The SVM 
algorithm divides data attribute space using hyperplane (decision-making surface) (Dell’Aversana, 2019). SVM 
calculate the optimal hyperplane distance between each data and hyperplane to clustering the data. The optimal 
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hyperplane is the optimal/closest distance between the data points and the hyperplane (decision-making surface) 
that called the support vector (Hardanto & Wulandhari, 2021).  

K-Nearest Neighbors (KNN) is a supervised-machine learning method that maps each point (data point) at 
a location in multidimensional space. (Merembayev et al., 2021). This algorithm aims to classify new objects into 
certain groups based on the majority value of the category of the number of (k) nearest neighbors so determining 
the value of k is very important. (Pratama et al., 2020). This algorithm is sensitive to scale, so data standardization 
is needed to eliminate scale differences (Merembayev et al., 2021). The advantage of the KNN algorithm is that 
it can respond quickly to changes in the input data. While the drawback of KNN is that it often has difficulty 
drawing accurate conclusions and is not strong enough when dealing with data that is full of noise (Pratama et 
al., 2020). 

In this study, the accuracy of the algorithm is based on the Confusion Matrix. Confusion Matrix is a table 
consisting of the number of rows of testing data estimated to be true and false by the model (Sudarmaji et al., 
2021). The calculation of accuracy using the confusion matrix table is shown in Equation 1. 

𝑎𝑐𝑐𝑢𝑟𝑎𝑡𝑖𝑜𝑛 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑁+𝐹𝑃
     (1) 

where TP is True Positive which is positive data that is estimated to be correct. TN is True Negative which is 
negative data that is estimated to be correct. FP is False Positive, which is positive data that is estimated to be 
wrong. FN is False Negative, it is negative data which is estimated wrong. 

 

Results 
SVM 

The estimation accuracy of the SVM algorithm is influenced by the C parameter (regularization factor) and 
the gamma parameter. The C parameter controls the trade-off between the complexity of the model and its 
ability to reproduce outliers in the data. This imposes a limit on the number of support vectors which then allows 
for variations in hyperplane roughness (Halotel et al., 2020). A large C value will try to correctly classify more 
examples of the training data, but will probably follow the training data pattern too much and fail to generalize 
when classifying new/test data. If C is too small, then the model will not be good at fitting outliers and will have 
a large error in the training data (Mohamed et al., 2019). The Gamma parameter (γ) describes the size of the 
radial basis function or how far two vectors in the feature space need to be considered close (Mohamed et al., 
2019). Poor parameter selection can lead to over or underfitting (Halotel et al., 2020).  

In this study, the selection of parameters C and gamma was based on a cross-validation graph (C and gamma 
values) using training and test data as shown in Figure 2. Optimal parameters are achieved when the cross-
validation error of parameters C and gamma reaches a minimum (Halotel et al., 2020). Based on Figure 2, in this 
research data, the optimal value is obtained at C = 10 and gamma = 1. 

The results of SVM algorithm accuracy on the training data are determined based on the confusion matrix in 
Table 1. The training results show that SVM can correctly estimate 23 Sandstone data, 145 Claystone data, and 
1 Limestone data and cannot estimate Siltstone data correctly from the training dataset. The SVM is incorrect 
estimate 39 Sandstone data as Claystone, 23 Siltstone data as Claystone, 5 Claystone data as Sandstone, and 4 
Limestone data as Claystone.  

The accuracy of the SVM algorithm on the test data is determined based on the confusion matrix in Table 2. 
The test data in Table 2 was not included in the training process to evaluate the estimations accuracy of trained 
machine learning on data with different characteristics from the training data. The trained SVM can estimate 26 
Sandstone data, 164 Claystone data and cannot estimate the Siltstone and Limestone data from test data. The 
trained SVM is incorrect estimate 43 Sandstone data as Claystone, 14 Siltstone data as Claystone, 150 Claystone 
data as Sandstone, and 4 Limestone data as Claystone. The accuracy of training and test data was calculated using 
Equation 1 based on the correct estimations. The comparison between the estimation results of the facies and 
the actual facies on the test data can be seen in Figure 3. 
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Figure 2. Cross-validation of parameter values of C and gamma. 

 
Table 1. Confusion matrix of training data 

Prediction Sandstone Siltstone Claystone Limestone Total 

True      

Sandstone 23 0 39 1 63 
Siltstone 0 0 23 0 23 
Claystone 5 0 145 0 150 
Limestone 0 0 4 1 5 

 
Table 2. Confusion matrix of test data 

Prediction Sandstone Siltstone Claystone Limestone Total 

True      

Sandstone 26 0 43 0 69 
Siltstone 0 0 14 0 14 
Claystone 150 0 164 0 314 
Limestone 0 0 4 0 4 
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Figure 3. Comparison between the estimation results of the facies and the actual facies on the test data 

 
KNN 

The estimation accuracy in the KNN algorithm is influenced by the use of the parameter value k (number of 
nearest neighbors). In this study, we used the variation of the value of k with an interval of 10 and the results of 
the accuracy of the facies estimation based on the confusion matrix can be seen in Figure 4. The estimation 
accuracy in training data tends to decrease with the increase of k value and the estimation accuracy in test data 
is increased by the increase of k value. Figure 5 shows the comparison between the actual facies on the test data 
and the estimation results of KNN in all k intervals. 

 

 
Figure 4. Accuracy of facies estimation on the KNN algorithm 

 

1 10 20 30 40 50 60 70 80

Train data 0,66 0,668 0,701 0,697 0,664 0,656 0,647 0,635 0,651

Test data 0,409 0,476 0,633 0,713 0,736 0,768 0,781 0,783 0,783
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Figure 5. Comparison of well log data, facies, and facies prediction results for each k value 

 
Discussion 
SVM 

Facies that have been estimated correctly are shown by the diagonal matrix in Table 1 and the accuracy of 
the training data facies estimation is 0.701. Table 1 also shows that the algorithm has not been able to estimate 
the Siltstone facies and can only estimate 1 Limestone facies correctly. This is probably due to the small amount 
of training data for the Siltstone and Limestone facies (Figure 1), which makes the algorithm unable to recognize 
the pattern from the output of the facies. The SVM is supervised learning which conducted data classification 
based on specified labels, so it failed to predict classification without or with less supervision from label data 
(Hardanto & Wulandhari, 2021). The SVM is only good at dealing with datasets that have a large number of 
features with respect to the number of samples (Kotsiantis, 2007). The training data should be an even 
distribution of the number of facies labels.  

The results of the accuracy of the SVM algorithm facies estimation on the test data (validation stage) are 
determined based on the confusion matrix in Table 2 and the facies estimation accuracy on the test data is 0.474. 
The estimation accuracy of the test data is lower on the training data because, in the training phase, the algorithm 
adjusts the input and output patterns, while in the test data (validation stage), SVM applies the pattern that has 
been compiled to the new data/test data. Figure 3 and Table 2 also show that the SVM algorithm has not been 
able to estimate the Siltstone and Limestone facies. This result is following the accuracy of the training data 
which cannot estimate the facies.  

 
KNN 

Figure 4 shows that the accuracy of the facies estimation on the test data gets higher with the greater value 
of k used. Meanwhile, the accuracy of the estimation of test data from k = 1 to k = 20 increased but began to 
decrease from the value of k = 30 to the value of k = 80. From the value of k=30, the accuracy of the test data 
is higher than the training data, which indicates that the algorithm failed to learn the input-output pattern in the 
training data. This may be because the amount of training data is too small and the facies distribution is uneven 
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so that with a large number of k values, it will assume that almost all facies labels are the same neighbors and 
different facies labels with a small number are considered outliers which are not taken into account. Machine 
learning algorithms are highly dependent on the amount of data and the data gap in the input dataset can impact 

the prediction accuracy (Mandal & Rezaee, 2019). Prediction accuracy of machine learning can be improved by 
adding more input features and increasing the number of training datasets. 

In Figure 5, the value of k=30 to k=80 shows that the algorithm failed to recognize the input-output pattern 
in the training data so it was dominant in estimating the facies as Claystone. Claystone has the most facies 
distribution in the training data (Figure 1), so a large k value causes the algorithm to guess all the closest data as 
Claystone facies. 

In the results of the KNN algorithm, the best facies estimation accuracy is obtained at a value of k = 20 
because the accuracy of the training data and test data is not much different and the accuracy of the training data 
is higher. Figure 5 shows that the KNN algorithm is also not able to estimate the Siltstone and Limestone facies 
as in the SVM algorithm. The facies estimation accuracy value in the KNN algorithm is higher than in the SVM 
algorithm. So, the KNN can handle the data distribution of the Z field better than SVM.  

Conclusion 
The support vector machine (SVM) and K-Nearest Neighbor (KNN) has adopted to automatically classified 

the facies of field Z, Indonesia. At the training stage, machine learning parameters must be determined correctly 
because they greatly affect the results of prediction accuracy such as C and gamma parameters in SVM and k 
values in KNN. The results of facies estimation using the KNN algorithm have better accuracy than SVM. 
However, the two algorithms have not been able to determine the Siltstone and Limestone facies due to the 
small number of these facies in the training data so the algorithm has not recognized the facies input-output 
pattern yet. An even distribution of facies labels on the training data is needed so that the algorithm can recognize 
patterns and can estimate all types of facies correctly. 
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