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Abstract: One of the most critical geological maps is the boundary of rock types or lithology. Machine 

learning algorithm such as Random Forest (RF) is a useful classification method for producing lithology 

predictions. In the lithology mapping that was carried out for the first time in difficult areas to access, the problem 

faced was the collection of training data. It often happens that the amount of training data that can be collected is 

very limited, especially if the location is an area with high vegetation density. This study aims to assess the 

performance of the RF algorithm with hyperparameter tuning in identifying lithological boundaries in dense 

vegetation areas by using remote sensing data with rare training data. We conducted experiments that simulated 

remote predictive mapping (RPM) using an RF algorithm using satellite data to obtain a predictive lithological map 

of Komopa located in Paniai District, Papua Province, Indonesia. This study area has dense vegetation and thick soil 

layers. We used remote sensing data consisting of Sentinel 2A, ALOS PALSAR and DEM, and 1000 drill log 

points. The results of nine representative models indicated that the test accuracy of lithological classification was 

moderate (0.53-0.75), but low values on recall (0.24-0.59), precision (0.24-0.51), and F1 score (0.24-0.39). 

Meanwhile, the training accuracy achieved by each model was very high (0.92-1.0). Model 9, which only used 50 

balanced training points, gives the best classification result. Although its test accuracy and F1-score were relatively 

low, the resulting lithological boundaries are closest to the existing lithological map. This study shows that the RF 

classification using balanced training data can provide good classification results in the predictive lithological 

mapping, even though the number is small. 

Keywords: lithological map, remote predictive mapping, machine learning, random forest, remote sensing. 

 

基于卫星数据的密集植被区岩性边界识别利用稀有训练数据 

 

摘要: 地质图中最关键的信息之一是岩石类型或岩性的边界。随机森林等机器学习算法是

一种用于进行岩性预测的有用分类方法。在首次在难以进入的地区进行岩性测绘时，面临的

问题是训练数据的收集。经常会发生可以收集的训练数据量非常有限的情况，特别是如果该

位置是植被密度高的区域。本研究旨在通过使用具有稀有训练数据的遥感数据，评估具有超

参数调整的算法在识别密集植被区岩性边界方面的性能。我们通过使用卫星数据进行了使用

射频算法模拟远程预测制图的实验，以获得位于印度尼西亚巴布亚省区的预测岩性图。本研

究区植被茂密，土层较厚。我们使用了由和以及 1000 个钻孔测井点组成的遥感数据。 9 个

代表性模型的结果表明，岩性分类的测试精度中等（0.53-0.75），但召回率（0.24-0.59）

、精度（0.24-0.51）和 F1 得分（0.24-0.39）较低。同时，每个模型达到的训练精度都非常

高（0.92-1.0）。仅使用 50 个平衡训练点的模型 9 被认为给出了最好的分类结果。虽然其测
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试精度和相对较低，但得到的岩性边界与现有的岩性图最接近。本研究表明，使用平衡训练

数据的分类，即使数量很少，也可以提供相当好的分类结果，可用于预测岩性成图。 

关键词： 岩性图、远程预测映射、机器学习、随机森林、遥感。 

 
 

1. Introduction 
RPM is an integrated methodology in which the 

geological features on the geological map can be 

recompiled based on interpreting various types of 

geoscience data, both from remote sensing and field 

data, resulting from accompanying fieldwork [1]. 

Generally, RPM is applied to areas that have not been 

mapped before. The features obtained can be used as 

preliminary data before geologists conduct geological 

surveys directly in the field.  

The techniques utilized in data processing are 

Machine Learning Algorithms (MLAs) [2, 3]. The 

inductive MLAs, such as RF, are carried out through 

pattern recognition and empirical data generalization. 

This machine-learning algorithm provides a practical 

way to predict lithology or other spatially varying 

physical features.  

MLAs implementation requires training data. In 

areas with a very small amount of training data that can 

be collected, the prediction of lithological boundaries is 

a challenging issue. Therefore, the application of RF in 

such locations is essential to be studied.  

 

1.1. Machine Learning Random Forest Algorithm 

RF is a supervised machine learning method that 

uses training points to "learn" and constructs a model 

for classification [4]. There must be sufficient training 

points for the proper classification and well distributed 

to represent the lithology classes to be classified 

sufficiently. However, high accuracy is difficult to 

achieve due to the amount of training point data taken 

[5, 6] and the sampled surface condition, for example, 

dense vegetation cover of tropical forest. Density and 

type of plants will affect spectrally up to 50% [7]. 

Therefore, it is necessary to suppress the signal from 

vegetation to reduce its influence on data inaccuracy.  

The distribution of training points often causes 

imbalanced data. This condition is because we do not 

know the actual lithology conditions in the field. As a 

result, lithology types with a large or dominant area 

will dominate the training points collected. The 

imbalanced training points in lithology classes can 

create difficulties for machine learning algorithms in 

the classification process because these algorithms 

always assume the distribution of training points in 

each category is relatively balanced [8, 9].  

RF algorithm [10] is a supervised ensemble 

classification algorithm and an extension of the 

decision tree method [11]. The parameters that 

determine the number and size of the decision tree are 

called hyperparameters. Hyperparameters are like the 

settings of an algorithm that can be adjusted to improve 

classification performance [12]. However, 

hyperparameter tuning relies more on experimental 

results than theory. Thus, the best method to determine 

the optimal settings is to try many different 

combinations to evaluate each model's performance 

[13].  

In hyperparameter tuning, the tuning is generally 

performed on several hyperparameters, such as the 

number of decision trees. The criteria for achieving a 

split at the node (for classification, it used gini or 

entropy) maximum depth of the individual trees, 

minimum sample to split on at an internal node, the 

maximum number of leaf nodes, number of random 

features, and the size of the bootstrap dataset [14]. This 

study performed hyperparameter tuning on the number 

of decision trees and the minimum sample split. Many 

decision trees will make a robust aggregate model with 

fewer variants and a longer training/computation time 

[15]. The minimum sample split is a value that affects 

the decision tree size. 

 

1.2. Objectives 

The objectives of this study were: (i) to assess the 

performance of RF algorithm in identifying lithological 

boundaries in dense vegetation areas by using remote 

sensing data with rare or very limited training data, (ii) 

to examine the effect of hyperparameters tuning and 

sample size and distribution of imbalanced training 

points on the accuracy of classification results, and (iii) 

to find out the differences between the lithological 

boundaries generated by the RF classification and the 

existing lithological map. 

We used remote sensing data consisting of Sentinel 

2A, ALOS PALSAR and DEM, and 1000 drill log 

points. The trials were conducted by using training data 

points with varying amounts and distributions. 

Variations in the distribution of training points were 

obtained from two kinds of sampling techniques, i.e., 

simple random sampling and stratified random 

sampling. The tuning of hyperparameters included the 

number of decision trees and minimum sample split. 

RF performance was evaluated by train accuracy, test 

accuracy, precision, recall, and F1-score. Subsequently, 

the lithological maps generated from several models 

were visually compared with Mine Serve 

International's existing lithological map produced in 

2000.  
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1.3. Geology Setting 

The study area is Komopa, located in Paniai District, 

Papua Province, Indonesia (Figure 1). This area is 

located along the northern margin of deformed 

platform rocks, comprising the Early Tertiary New 

Guinea Limestone Group and Jurassic to Late 

Cretaceous Kembelangan Group. As elsewhere within 

the Irian Jaya Mobile Belt, these cover rocks are 

characterized by south-to-southwesterly verging thrusts 

and folds that, to a large measure, control the present 

distribution of the Kembelangan and New Guinea 

Limestone groups. Moreover, the Komopa-Dawagu 

area lies along strike from the Grasberg-Ertzberg 

District concerning these structures. 

 
Fig. 1 Area of interest in the middle of Papua Province, Indonesia 

 

These structures parallel the Derewo Metamorphic 

Belt's southern boundary, marked by the Derewo Fault 

Zone. They may reflect deep basement faults parallel to 

the Australian continental plate's attenuated margin 

formed during the Triassic break-up of Gondwanaland. 

In detail, they are reflected by the east-west strike of 

the Komopa and Dawagu porphyries. Alkalic, 

monzodioritic to dioritic igneous complexes with 

which the known porphyry copper-gold zones at 

Komopa and Dawagu are probably younger than the 

north-south crustal shortening [16]. 

The Komopa region is covered by dense vegetation, 

and thick soil layers (humus) (Figure 2a) cover the 

ground. The existing lithological map [17] is shown in 

Figure 2b, produced by Mine Serve International in 

2000. The types of lithology found in the study area are 

quaternary alluvium, pseudo gossan, inferred porphyry, 

sedimentary rocks, and undifferentiated porphyry. 

Pseudo gossan is a more detailed lithology class 

compared to others. Nevertheless, Mine Serve 

International used this class as guidance for their 

mineral exploration.  

 

 
Fig. 2 (a) Study area, Komopa, Paniai District, Papua Province 

presented by the color composite of Sentinel 2A R, G, B=Band 

4,3,2; (b) Local lithological map of Komopa scale 1:25.000, which 

Mine Serve International released in the year 2000, shows the 

variation of rock types in different colors [17] 

 

2. Data and Methods 

 

2.1. Data Compilation 

Sentinel-2A image was acquired on January 9, 2019. 

This study only used the Sentinel-2A bands with a 

spatial resolution of 10 m and 20 m because the 60m 

resolution containing all components of the 20m 

product was resampled to 60 m [18]. Image code is the 

granule at Level-2A acquired from the USGS Earth 

Explorer [27]: 

S2A_MSIL2A_20190109T011721_N0211_R088_T53

MPR_20190109T032340. Before being used, 

vegetation's influence on this image data has been 

removed using the Vegetation Suppression tool in the 

ENVI software. This process aimed to eliminate 
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spectral vegetation signatures from multispectral 

images using the red and NIR bands [19].  

The radar data used in this study area was ALOS-

PALSAR Fine Beam Double polarization data (FBD), 

L-band, 3.17 m x 14.9 m (azimuth x range) resolution 

dual-polarization (HH+HV). The data was acquired on 

July 2, 2007, with Single Look Complex (SLC) data 

type by ALOS and preprocessed (orthorectification, 

slope correction, and mosaicked) by JAXA-EORC 

(Japan Aerospace Exploration Agency – Earth 

Observation Research Center). SAR calibration 

provides imagery in which the pixel values can be 

directly related to the radar backscatter of the scene 

[20]. The granule was acquired from [28] (Image code 

ALPSRP076507100-L1.0). The data was obtained in 

the form of digital number intensity. This data was then 

processed into HH-HV polarization backscatter [21].  

L-band SAR can penetrate through dense vegetation, 

such as forest canopies [22]. Penetration depth tends to 

be longer with longer wavelengths (Figure 3). DEM 

data used in this study is DEMNAS (National DEM) 

from the Geospatial Information Agency, Republic of 

Indonesia. The National DEM is built from several data 

sources, including IFSAR (5m resolution), 

TERRASAR-X (5 m resolution), and ALOS PALSAR 

(11.25m resolution) data, by adding the stereo-plotting 

mass point data. The spatial resolution of DEMNAS is 

0.27-arcsecond (8.1 m), using the EGM2008 vertical 

datum [23]. 

 
Fig. 3 SAR Data Penetration showed L-band microwave can reach 

the ground partially penetrating through vegetation to obtain 

information of vegetation and ground surface [21] 

 

2.2. Training and Testing Samples 

Training point is a point that connects data feature, 

and the object sought. The distribution pattern of 

training points can determine whether classification 

results are of good quality [24]. There were 1000 drill 

log points in this study, where 500 points were used as 

training points and 500 as testing points. PT provided 

all drill log data. 

This study has two types of training point 

distribution patterns: (i) simple random sampling with 

sample sizes varying from 25, 50, 100, 200, 300, 400, 

and 500; and (ii) stratified random sampling with 

sample size variation of 25 and 50. 

Data samples using simple random sampling are 

imbalanced data, and the distribution of sample points 

depends on the progress of drill log points acquisition 

in the field (Table 1). Therefore, not all lithology types 

were represented at sample sizes of 25 and 50 with 

simple random distribution. Meanwhile, the data 

sample using stratified random sampling is balanced 

data. This study only made two models with a stratified 

random sampling distribution, i.e., 25 and 50, because 

the number of samples in the minority lithology type is 

sufficient for these two data models. In the data 

processing, all data layers were resampled to a 20 m 

grid size.  

 

2.3. Methods 

The research methodology used in this study is 

illustrated in Figure 4. The lithological classification 

was then performed by applying an RF algorithm using 

the RF module from the Scikit-learn library [14], with 

varying sample sizes and tuning some hyperparameters. 

Scikit-learn is a Python module integrating many 

machine learning algorithms for medium-scale 

supervised and unsupervised problems [25, 26]. The 

RF application's hyperparameter values include the 

number of decision trees (n_estimator) and the number 

of minimum sample split (min samples split). The 

number of decision trees starts from 25, 50, 100, 200, 

300, 400, 500, 600, 700, 800, 900, and 1000, while the 

minimum number of split samples starts from 5, 10, 15, 

20, 25 30. With variations in the sample size and 

hyperparameter values, this experiment resulted in 420 

classification results.  

 
Table 1 Number and distribution of training points 

No. 
Distribution Type and  

Sample Size 

Training Points Distribution in Each Rock Type 

Inferred 

Porphyry Pseudo Gossan 

Quaternary 

Alluvium Sedimentary Rocks Undifferentiated Porphyry 
Total Number 

1 Simple Random 25 points 1 0 0 6 18 25 

2 Simple Random 50 points 8 0 1 13 28 50 

3 

Simple Random 100 

points 10 1 4 24 61 100 

4 

Simple Random 200 

points 7 2 8 42 141 200 

5 

Simple Random 300 

points 8 5 12 70 205 300 

6 

Simple Random 400 

points 10 6 14 98 272 400 
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7 

Simple Random 500 

points 14 8 18 123 337 500 

8 

Stratified Random 25 

points 5 5 5 5 5 25 

9 

Stratified Random 50 

points 10 10 10 10 10 50 

  Testing Points Distribution 

  8 9 17 124 342 500 
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IMAGERY
DEM
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EXISTING 
GEOLOGICAL 

MAP 
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Visualization 
of Lithological 
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Fig. 4 Research methodology showed the workflows to obtain a 

lithological map 

 

2.4. Accuracy Evaluation 

The performance of RF classification results was 

evaluated using a confusion matrix based on precision, 

recall, F1-score, train accuracy, and test accuracy. We 

used testing points from drill log data to calculate those 

metrics. Precision quantifies the number of positive 

class predictions that belong to the positive class. 

Recall quantifies the number of positive class 

predictions made out of all positive examples in the 

dataset. If being used alone, neither precision nor recall 

tells the whole story [9]. F1-score provides the 

harmonic mean of precision and recall. Besides, we 

also calculated the training accuracy using training 

points as cross-validation in the RF classification. 

Apart from doing a quantitative evaluation, we also 

compared the distribution of lithology types resulting 

from RF classification with the lithology boundaries on 

the existing geological map from Mine Serve 

International. 

 

3. Results and Discussion 
 

3.1. Effect of the Number and Distribution of 

Training Points on Classification Accuracy 

This analysis took several examples in simple 

random and stratified random distributions, with the 

decision tree (DT) values being 500 and 1,000 and the 

minimum sample splits (MSS) value being 5. The 

performance on the other numbers of the decision tree 

was similar. 

 

 
Fig. 5 The effect of the number of training points on F1 score, train 

accuracy and test accuracy for simple random distribution 

Notes: TP - training points, DT - decision tree, MSS - minimum 

sample split 

 
Table 2 The effect of the number of training points on F1 score, 

train accuracy and test accuracy for stratified random distribution 

 Model 
 500 DT, 5 MSS 1000 DT, 5 MSS 

Training Points 25  50 25 50 

Train Accuracy 1 0.98 1 0.98 

Test Accuracy 0.58 0.52 0.57 0.51 

F1 Score  0.3 0.31 0.29 0.31 

Notes: DT - decision tree, MSS - minimum sample split 

 

Classification results with a minimum sample split 

of five were the best results of the overall minimum 

sample split variation. As shown in Figure 5 and Table 

2, as a whole, it can be seen that increasing the number 

of training points can increase the value of train 

accuracy, test accuracy, and F1 Score, except for the 

number of training points of 50, both on simple random 

and stratified random distributions. Meanwhile, training 

points 100 provided interesting classification results 

because the accuracy was generally better than training 

points 25 and 50 but not significantly different from 

training points 500. Based on 500 decision trees and 

five minimum sample splits, it can be seen that the 

optimal number of training points with a simple random 

distribution is 100. 
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3.2. Effect of the Number of Decision Tree on 

Classification Accuracy 

Figure 6 shows an example of the effect of the 

number of decision trees on train accuracy, test 

accuracy, and F1 Score for simple random and stratified 

random distributions, taking 50 training points as an 

example. The other number of training points has a 

similar performance. The simple random distribution, 

increasing the decision tree number from 25 to 200, will 

increase train accuracy (2-6%). The maximum value of 

the training accuracy of 1.00 was reached at the 200-

decision tree and stayed consistent. The test accuracy is 

relatively unaffected by the number of decision trees 

ranging from 0.67-0.69. A different condition occurs in 

the F1 Score, where increasing the number of decision 

trees by more than 100 decreases the F1 Score. In the 

stratified random distribution, in general, the number of 

decision trees has almost no effect on test accuracy, test 

accuracy, and F1 Score.  

 
Fig. 6 The effect of the number of decision trees on the train accuracy, test accuracy, and F1 score for simple random and stratified random 

sampling distributions 

Notes: TP - training points, DT - decision tree, MSS - minimum sample split 

 

  
Fig. 7 Effect of the number of minimum sample splits on train 

accuracy, test accuracy, and F1 score 

Notes: TP - training points, DT - decision tree, MSS - minimum 

sample split 

 

3.3. Effect of the Number of Minimum Sample 

Splits on Classification Accuracy 

The effect of the number of minimum sample splits 

on train accuracy, test accuracy, and F1 Score is shown 

by taking 25 and 50 training points as examples, both 

for simple random and stratified random distributions, 

with 800 decision trees (Figure 7). Performance of 100 
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to 500 training points on simple random distribution is 

similar to 50 training points.  

The minimum sample splits significantly affect train 

accuracy, but the effect is not significant on test 

accuracy and F1 Score, except for the model with 25 

training points with a stratified distribution. The best 

train accuracy is obtained at several minimum sample 

splits 5, after which from 10 to 30 it decreases. In fact, 

on the stratified random distribution of 25 training 

points, the minimum sample splits number ranging from 

20 to 30 result in very low train accuracy, test accuracy, 

and F1 Score. It is suspected that this happened due to 

the small number of training points, but the number of 

samples at the node must be large enough so that the 

decision tree does not develop properly and results in 

poor accuracy. This condition does not occur in the 

stratified random distribution with 50 training points. 

The graphic shape shown by the simple random 

distribution with 50 to 500 training points gave almost 

the same results. Based on the above results, the optimal 

number of minimum sample splits is in the range of 5-

10. 

 

3.4. Confusion Matrix 

To analyze classification results further using the 

confusion matrix, we selected nine models as 

representatives from each category of the number and 

distribution of training points, as shown in Table 3. The 

model that is considered the best in each category was 

determined gradually, firstly based on the value of train 

accuracy, secondly based on the value of the F1 Score, 

and thirdly based on the least number of the decision 

tree. The value of the minimum sample split is not 

considered in choosing a model because this value is 

related to the decision tree structure, and its assessment 

is done using the value of test accuracy value and F1 

Score. 

Based on Table 3, RF has difficulty classifying since 

all models show an overfitting classification result. This 

condition is indicated by the train accuracy value, which 

is much higher than the test accuracy, with the 

difference in accuracy reaching 21-51%. The model is 

very suitable for the training dataset with high train 

accuracy on all models (91-100%), the model is very 

suitable for the training dataset, but the model does not 

work well when using different datasets. Adding a large 

number of training points to the simple random 

distribution (100-500) can increase test accuracy by up 

to 4%, with a maximum test accuracy of 75% on 

models with 400 and 500 training points. Meanwhile, 

the effect on increasing precision, recall, and F1 Score 

was a maximum of 27%, 11%, and 15%, respectively. 

 
Table 3 Values of accuracy, precision, recall, and F1 score on the representative models 

Model Simple Random Training Points Decision Trees Minimum Sample Split Train Accuracy Test Accuracy Precision  Recall F1-Score 

1 25 100 5 0.92 0.71 0.24 0.24 0.24 

2 50 200 5 1.00 0.68 0.25 0.24 0.24 

3 100 100 5 0.99 0.72 0.35 0.28 0.30 

4 200 200 5 0.99 0.74 0.35 0.26 0.27 

5 300 50 5 0.99 0.72 0.36 0.30 0.32 

6 400 300 5 1.00 0.75 0.43 0.30 0.33 

7 500 200 5 0.99 0.75 0.44 0.33 0.36 

 Stratified Random Training Points        

8 25 100 5 1.00 0.56 0.30 0.59 0.31 

9 50 400 5 0.98 0.53 0.31 0.59 0.32 

 

Although the overall accuracy based on testing 

points shows a moderate value (0.53-0.75), the recall is 

generally low (0.24-0.59). The precision (0.24-0.51) 

and the F1 scores indicate similar values (0.24-0.39). 

This data suggests that the built models have poor 

classification abilities. Models with a stratified random 

distribution give exciting results. Models 8 and 9 are 

models with balanced sample data. Compared with the 

simple random distribution, although it only uses 25 and 

50 training points, the F1 Score for both models has the 

same result as model 3,4,5,6, which operates 100-400 

training points. Even though the test accuracy is the 

worst (0.49-0.58), these two models give the highest 

recall value (0.54-0.59). This result indicates that the 

distribution of the sample data that is balanced affects 

the classification ability of the model.  

Based on the overall values shown in Table 3, the 

models that give optimal results are models 1 and 3, in 

terms of train accuracy, test accuracy, precision, recall, 

and F1 Score. These models have good train accuracy 

(0.92-1.00) and moderate test accuracy (0.71-0.73), 

although the training points used are only 25 and 100, 

respectively. 

 

3.5. Lithological Boundaries Comparison 

Figure 8 visualizes the RF classification results 

obtained by each model. The classification models 1 to 

9 were overlaid with lithological maps from Mine Serve 

International to see the differences in lithological 

boundaries formed. For example, when viewed in the 

Undifferentiated Porphyry class, the lithological 

boundaries for this class can be seen clearly and quite 

solidly, whereas compared to the satellite image of the 

Komopa region in Fig. 3, it can be seen that this area is 

an area covered with dense vegetation. Therefore, it can 

be said that the application of the vegetation 

suppression technique on the Sentinel satellite imagery 

combined with ALOS PALSAR and DEM has been 

quite successful in suppressing the effect of vegetation 

cover on images in this region. As for the Sedimentary 

Rocks class, the lithological boundaries are not very 

clear and not solid.  
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As shown in Figure 8, all models have described the 

lithological boundaries quite firmly at several locations. 

Thus, in general, each model can provide a good 

depiction of the lithological boundaries. These RF 

classification results also show that some minor class is 

almost undetectable, for example, Pseudo Gossan in 

Model 3 (Figure 8c) and 4 (Figure 8d). However, even 

the lithology class with a large enough area does not 

always provide solid classification results exemplified 

by the Quaternary Alluvium class. This class looks quite 

solid only in models 3 (Figure 8c), 5 (Figure 8e), 6 

(Figure 8f), 7 (Figure 8g), 8 (Figure 8h), and 9 (Figure 

8i). On the other hand, models 8 and 9 have balanced 

training points with a stratified random distribution 

(Figure 8h and 8i respectively), have reasonably solid 

classification results, and lithological boundaries are 

visible and fairly evenly distributed across all classes. 

The two models can well identify a minor class like 

Pseudo Gossan. 

Among the nine models above, model 9 gives the 

best classification result. Although the test accuracy and 

F1-score results are relatively low (0.53 and 0.32, 

respectively), the predictive lithological map resulting 

from model 9 produced the lithological boundaries 

closest to the lithological map used as the reference in 

this study. It should be noted that this model only uses 

50 training points with a stratified random distribution 

(balance data). This number is very small compared to 

other models, which reach 100-500 training points. 

Nevertheless, this study shows that the RF classification 

using balanced sample data can provide good 

classification results to operate in RPM even though the 

number is small. 

 
Fig. 8 Visualization of lithological boundaries resulted from 9 models overlaid with a lithological map of Mine Serve International [17] 

 

4. Conclusion 
Machine learning algorithm such as RF is a useful 

classification method for producing predictions of 

lithology. In this study, we have applied RF with 

hyperparameter tuning on satellite data consisting of 

Sentinel 2A, ALOS PALSAR, and Digital Elevation 
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Model (DEM) for lithological classification of the area 

Komopa by using very limited training points. This 

study showed that the overall accuracy based on testing 

points was moderate, but low values on recall, 

precision, and F1 Score. Meanwhile, the training 

accuracy achieved by each model is very high (0.92-

1.0). Adding many training points to the simple random 

distribution (100-500) can increase performance 

accuracy.  

In the models with simple random distribution 

training data, increasing the decision tree number from 

25 to 200 will increase train accuracy (2-6%), test 

accuracy (1-2%) and decreases the F1 score by more 

than 100 decision trees. Meanwhile, in the models with 

stratified random distribution training data, increasing 

the decision tree's number has almost no effect on test 

accuracy, accuracy, and F1 Score. The number of 

minimum sample splits significantly affects train 

accuracy, but the effect is not significant on test 

accuracy and F1 Score. The optimal number of 

minimum sample splits is in the range of 5-10.  

Compared with the existing lithological map, each 

model can generally depict the lithological boundaries. 

Model 9 gives the best classification result since its 

resulting lithological boundaries are closest to the 

existing lithological map. This study showed that the 

RF classification using balanced sample data, even 

though the number of training points is very small, 

could provide fairly good classification results in the 

predictive lithological mapping. 

Limited training points and imbalanced conditions 

used in RF classification are problems that are often 

encountered in lithological mapping. Therefore, 

applying solutions at the data level (e.g., oversampling 

or under-sampling) and algorithm level (e.g., cost-

sensitive learning). These solutions can serve as further 

research directions. 
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