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Abstract 

Recently, the number of studies devoted to the use of machine learning methods in geo-
physics has been increasing significantly. Examples of such investigations include the predic-
tion of rock properties and separation of rock types according to quantitative characteristics. 
Annotated datasets are required to build and evaluate the quality of machine learning based 
models. This paper analyzes open labeled well datasets and related research. We consider da-
ta containing well logs, rock images, laboratory results, labeled zonation by lithotypes. Meth-
ods for visualizing well data are presented. We provide recommendations for oil and gas 
companies on the preferable format for making well data publicly available  
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1. Introduction 
In the last decade, progress in many fields has been driven by the widespread application 

of machine learning (ML) methods. Successfully solving tasks using ML methods is typically 
associated with the availability of a large, representative set of labeled data. However, re-
searchers often encounter situations, where diverse labeled data are insufficient to create 
models with high generalization ability. Data augmentation and the generation of artificial 
data can significantly improve the quality of solutions in some cases [1]. The use of open da-
tasets allows researchers to test the applicability and evaluate the generalization ability of ex-
isting ML models and sometimes improve them. 

In the development of oil and gas fields, geophysical well logging is performed [2,3]. Dur-
ing well logging, sensors are lowered into the well, which measure rock properties (electrical, 
radioactive, acoustic, and others) at certain depths and times. The measurement results are 
presented as data arrays referenced to the depth of the well. When drilling, rock samples 
(core) are extracted from the well, photographed, and specimens are cut from the core for la-
boratory analysis of various rock properties, such as porosity and permeability.  

This research object represents a typical example of multidimensional and heterogeneous 
data. The tasks addressed using well data are a specific case of multidimensional data analy-
sis and visualization. The approaches utilized in the oil and gas industry can be adapted to 
other domains, such as those dealing with time-series data. 

The oil and gas industry has established a data visualization approach as illustrated in Fig-
ure 1. The first column contains the depth scale. The second column displays core photo-
graphs. The remaining columns show well logs for various sensor types: DENS – bulk densi-
ty, DTC – compressional wave travel time, DTS – shear wave travel time, GR – gamma ray, 
NEUT – neutron porosity, REF – photoelectric factor, and RT – resistivity. Working with well 
data often involves dealing with missing information at certain depths. In Figure 1, core pho-
tographs are missing for some depth intervals, but the well logs are complete. However, such 
gaps are frequently encountered in practice, and the task of filling incomplete data is highly 
relevant [4]. 
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Figure 1 - Example of well data visualization 

 
Based on NOPIMS well data by Geoscience Australia which is © Commonwealth of Aus-

tralia and is provided under a Creative Commons Attribution 4.0  International License and 
is subject to the disclaimer of warranties in section 5 of that license. 

Over the past decades, a vast amount of well data has been accumulated. However, these 
data belong to the companies and are generally classified as confidential. Additionally, several 
countries, including the Russian Federation [5], have restrictions on the export of geological 
information, which prevents the disclosure of well log data. For these reasons, even the few 
existing open well datasets can significantly aid in the development of methods for their pro-
cessing and analysis. 

This paper presents a comparative analysis of well data from five datasets used in competi-
tions for applying machine learning (ML) to geophysical data analysis. It discusses tasks that 
have been or can be solved using these datasets, demonstrates a method for visualizing well 
logs, and shows typical quality issues of well data. Additionally, the paper provides an over-
view of several online resources offering open-access well data. The article significantly ex-
pands upon the review conducted by the authors in [6], particularly by providing a detailed 
analysis of class imbalance and missing data, demonstrating outliers in competition datasets, 
and offering recommendations for oil and gas companies on the preferred format for making 
well data publicly available. 

2. Datasets overview 
Table 1 provides information about the datasets used in five competitions for analyzing 

well logs. The FORCE 2020 Machine Learning Competition is referred to as FORCE-2020 in 
the table and further in the article. This competition addressed two tasks: lithofacies classifi-
cation and fault mapping on seismic data. We focus only on the first task. The dataset in-
cludes one training set and two test sets. The 2016-ml-contest also focused on lithofacies pre-
diction and contains both training and test datasets. Competitions organized by the SPWLA 
Petrophysical Data-Driven Analytics Special Interest Group are labeled as 2020-SPWLA, 
2021-SPWLA, and 2023-SPWLA according to the year of the competition. The 2020-SPWLA 
competition involved predicting missing well logs. The 2021-SPWLA competition aimed at 

https://nopims.dmp.wa.gov.au/Nopims
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predicting rock properties. The 2023-SPWLA competition focused on matching the depth of 
well logs. For 2020-SPWLA and 2021-SPWLA, both training and test datasets are available. 
For 2023-SPWLA, a training dataset and input data for testing predictive models are accessi-
ble. 
Table 1 – Datasets from well log analysis competitions 

Dataset FORCE-20201,2[7] 
2016-ml-
contest4,5 

2020-
SPWLA6 

2021-SPWLA6 2023-SPWLA6 

 
Train Test 1 Test 2 Train Test Train Test Train Test Train Test 

Number 
of wells 

98 10 10 10 2 3 4 9 4 9 3 

Number 
of rows 

in tables 
1170511 136786 122397 

3232, 
4149 

809 30143 11088 318967 11275 69304 19038 

Count of 
data 
types 

29 28 29 11 9 17 5 11 

Size in 
MB 

267 31 29 0.2 0.05 1.9 0.7 37 1 2.4 0.9 

Task 
Classification of 12 rock 

classes 

Classification 
of 9 rock 
classes 

Regression for 
predicting well 

logs 

Regression for predicting 
rock characteristics 

Depth matching 

License CC-BY 4.02, NLOD 2.03 CC0 1.05 

CC BY-NC-SA, 
Equinor Open 
Data License7 

 

CC BY-NC-SA, 
Equinor Open Data Li-

cense7 
not specified 

1 https://github.com/bolgebrygg/Force-2020-Machine-Learning-competition  
2 https://doi.org/10.5281/zenodo.4351156 
3 Contains data under the Norwegian license for Open Government Data (NLOD) distributed 
by Norwegian government. 
4 https://github.com/seg/2016-ml-contest  
5 https://www.kaggle.com/datasets/imeintanis/well-log-facies-dataset  
6 https://github.com/pddasig   
7 Contains data under the Equinor Open Data License distributed by Equinor and the former 
Volve license partners. 

The datasets presented in Table 1 pertain to well measurements, and one of the character-
istics of these datasets is the number of wells. For all competitions, the training and test da-
tasets use data from different wells but from the same field. Each dataset is a table stored in a 
CSV file. The data files are characterized by the number of rows in the tables, the number of 
columns with different types of measurements, and the file size in megabytes. The number of 
rows refers to the number of measurements at different well depths. Data from different wells 
are either separated into different files or combined into a single table. The well's identifica-
tion number or name may be included in the combined table. 

For the 2016-ml-contest, there were no missing rows in the training and test datasets; 
however, there was a file that included the training set and an additional 917 rows for which 
one well log was missing. Therefore, the training set from the 2016-ml-contest is character-
ized by two values for the number of rows. In the FORCE-2020 competition, the first test set 
has one less data type than the training set and the second test set. The test dataset for the 
2023-SPWLA competition includes six additional fields for prediction results. 

Figure 2 illustrates data from four wells in the 2021-SPWLA test dataset. The well logs 
were plotted using the matplotlib package (https://matplotlib.org) for the Python program-
ming language. To visualize missing values in well data, the missingno package 
(https://github.com/ResidentMario/missingno) is convenient. The numbers 1 and 11275 on 
the left side of the plot correspond to the first and last row numbers in the table. The leftmost 
column indicates the well number. The gray plot on the right side shows the number of values 
in each row of the table. This graph displays the minimum and maximum number of com-
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plete data points for the rows in the table. White areas in the columns with well logs corre-
spond to missing values. 

 

 
Figure 2 - Visualization of the 2021-SPWLA test dataset 

 
The missingno library allows for demonstrating the correlation between missing values for 

pairs of data columns. Figure 3 shows a correlation matrix of missing values for the columns 
in the 2021-SPWLA test dataset. The axes list the types of well logs. The color and numbers 
indicate the correlation value for pairs of well logs. For insignificant correlations, the numeri-
cal value is not displayed. Labels "<1" or ">-1" correspond to cases, where the correlation val-
ue is close to 1 or -1 respectively. Analyzing the correlations of missing values can be useful 
when deciding whether to fill or delete rows with missing values. For instance, one can fill in 
the gaps simultaneously in several well logs with high correlation. On the other hand, weak 
correlation between pairs of well logs indicates which logs will lose data when rows with miss-
ing values are removed. 

 

 
Figure 3 – Missing value correlation matrix for well logs from the 2021-SPWLA 

test dataset 



In the FORCE-2020 competition, the task was to classify twelve lithofacies classes. Many 
well datasets have class imbalances due to varying frequencies of different rock types occur-
rences. The class distribution in the FORCE-2020 training set is shown in Figure 4. A similar 
class distribution is observed in the test datasets. The 2016-ml-contest involved the classifica-
tion of nine rock classes. The 2020-SPWLA dataset is intended to predict acoustic well logs. 
The 2021-SPWLA competition involved a regression task to predict shale volume, porosity, 
and water saturation. The 2023-SPWLA competition focused on matching the depths be-
tween well logs. 

 

 
Figure 4 - Distribution of lithofacies classes in the FORCE-2020 training dataset 

 
Table 2 characterizes class imbalance in the FORCE-2020 and 2016-ml-contest datasets. 

Class imbalance affects the quality of the classification model; therefore, it is recommended 
to consider it during training [8]. For each dataset, the number of classes, the largest and 
smallest class sizes, and the ratio of the smallest to the largest class size are indicated. The ra-
tio of the smallest to the largest class size ranges from 0.0001 for the highest imbalance to 
0.15 for the case where the imbalance is not as significant. 
Table 2 – Class imbalance in well datasets 

Dataset 
Number 
of clas-

ses 

Largest 
class size 

Smallest 
class size 

Ratio of the 
smallest 

class size to 
the largest 

FORCE-2020 

Train 12 720803 103 0.0001 

Test 1 10 83875 416 0.0050 

Test 2 11 71827 244 0.0034 

2016-ml-contest 
Train 9 940 141 0.1500 

Test 10 166 6 0.0361 

Table 3 lists the types of data present in the competition datasets. The well logs are catego-
rized into several groups: gamma ray, electrical resistance, neutron porosity and bulk density, 
acoustic measurements (travel time), photoelectric factor, and spontaneous potential. There 
is also a group with interpretation results. For some data types, clarifying comments are pro-
vided in parentheses. Explanations of the physical meaning of well log data and recommen-
dations for their use in geophysical interpretation can be found in references [2,3]. In addi-
tion to the listed types of data, the datasets include metadata containing drilling information. 
  



Table 3 – Types of well logs in competition datasets 
Datasets FORCE-2020 2016-ml-

contest 
2020-SPWLA 2021-SPWLA 2023-

SPWLA 

Data type 1429694 1 4958 41231 330242 88342 

Gamma ray 100.002 
4.93 (spec-

tral) 

100.00 99.38 99.06 100.00 

Electrical 
resistance 

48.64 (shallow) 
96.54 (medi-
um) 
99.22 (deep) 
14.17 (micro) 
24.34 (flushed 
zone) 

100.00 99.07 (medium, 
deep) 

90.83 (medium) 
90.76 (deep) 

100.00 (deep) 

Neutron po-
rosity and 
bulk density 

67.57 (neutron 
porosity) 
86.87 (bulk 
density) 
84.75 (density 
correction) 

100.00 (neutron-
density porosity 
difference) 
100.00 (average 
neutron-density 
porosity) 

98.22 (neutron 
porosity)  
98.35 (bulk 
density) 

32.34 (bulk den-
sity) 
30.37 (density 
correction) 
32.31 (neutron 
porosity) 

100.00 (neu-
tron porosity) 
100.00 (bulk 
density) 

 

Acoustic 
measurements 

94.00 (com-
pressional) 
20.33 (shear) 

 90.17 (compres-
sional) 
88.20 (shear) 

24.38 (compres-
sional) 
14.46 (shear) 

 

Photoelectric 
factor 

61.95 81.50 98.35 30.20  

Self 
(spontaneous) 
potential 

68.35     

Interpretation 100.00 (lithofa-
cies) 
90.42 (confi-
dence) 

100.00 (lithofa-
cies) 

 17.74 (porosity) 
17.74 (water sat-
uration) 
17.07 (shale vol-
ume) 

 

Percentage 
of rows that 
have no 
missing val-
ues 

0.00 81.50 77.07 3.36 100.00 

1 total number of rows in the dataset 
2 percentage of non-missing rows in a column of a given type 
 
The first row of Table 3 lists the dataset names and the total number of rows for the train-

ing and test data combined. The table cells indicate the percentage of non-missing rows in the 
columns of that data type. Values of -999, -999.25, -999.9, and -9999 in the datasets corre-
spond to missing values. Other values indicating the absence of data may be identified during 
the outlier detection stage. The last row of Table 3 shows the percentage of rows in the dataset 
that have no missing values.  

Figure 5 shows box plots for the well logs from the FORCE-2020 training dataset. The blue 
rectangles represent the range of values from the 0.25 to the 0.75 quantile distribution. The 
horizontal line within the rectangle corresponds to the median, while the white circle repre-
sents the mean. The difference between the 0.75 and 0.25 quantiles is the interquartile range. 
Values greater than the 0.75 quantile or less than the 0.25 quantile by 1.5 times the interquar-
tile range are shown as lines extending from the rectangle. Sometimes values outside these 
lines can be considered as outliers, but typically additional data analysis is required to deter-
mine outliers confidently. Reference [9] provides an example where initially several gamma 
ray values are identified as outliers, but further analysis reveals that they may correspond to 
genuine geological features. 



 

 
Figure 5 – Box plots for well logs from the FORCE-2020 training dataset 

 
Methods that operate simultaneously with multiple log types can be used to detect outliers. 

Figure 6 illustrates outliers in the 2020-SPWLA test dataset, identified using the "isolation 
forest" method [10]. The outliers are shown as red dots. The implementation of the "isolation 
forest" method from the scikit-learn library (https://scikit-
learn.org/stable/modules/generated/sklearn.ensemble.IsolationForest.html) is used. Outli-
ers are detected for all columns. 

 

 
Figure 6 – Outliers in well logs from the 2020-SPWLA test dataset determined by 

the “isolated forest” method 
 
There are several online resources containing open-access well data. Unlike competition 

datasets for well log analysis, significant efforts are required to preprocess these data, par-
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ticularly to compile them into depth-referenced tables. Table 4 provides general information 
about open-access well data available from the following five portals: 

 WAPIMS (Western Australian Petroleum and Geothermal Information Management 
System) provides drilling information for wells in Australia. 

 NOPIMS (National Offshore Petroleum Information Management System) contains 
data on offshore wells in Australia. 

 BGS (British Geological Survey) offers open-access geological data from the United 
Kingdom. 

 Volve is a dataset for a field in the North Sea, developed by Equinor company. 

 NLOG provides information on the energy and mineral resources of the Netherlands. 
Table 4 – Open well data resources 

R
e

s
o

u
r

c
e

 

W
e

ll
 e

x
a

m
p

le
s

 

W
e

ll
 l

o
g

s
 

W
e

ll
 l

o
g

 i
n

te
r

p
r

e
ta

ti
o

n
 

Im
a

g
e

s
 

L
it

h
o

lo
g

ic
a

lz
o

n
a

ti
o

n
 

R
o

u
ti

n
e

 c
o

r
e

 a
n

a
ly

s
is

 

L
ic

e
n

s
e

 

WAPIMS1 

GSWA Harvey1, 
DMP Harvey 2, 
DMP Harvey 3, 
DMP Harvey 4 

yes - yes yes yes CC-BY 4.0 

NOPIMS2 

Satyr 5, 
Dorado 2, 
Barossa 4 

yes - yes - yes 
CC-BY 4.0 

Dorado 3, 
BDC 4 06 P 

yes - yes - - 

BGS3 

204/19-3A, 
204/20- 2, 
10/01-A25, 
106/20- 1 

- - yes - - Open Government License v3.0 

Volve4 

15/9-F-1, 
15/9-F-1A, 
15/9-F-1B 

yes yes - - - Equinor Open Data License  

NLOG5 

F13-01 yes - - yes - 

Users are permitted to copy, to download 
and to disclose in any way, to distribute or 
to simplify the information provided on this 
website without the prior written permis-
sion of NLOG.NL or the lawful consent of 
the entitled party. Users are also permitted 
to copy, duplicate, process or edit the in-
formation and/or layout, provided 
NLOG.NL is quoted as the source.6 

K05-02 yes - - - yes 

ANNERVEEN-06 yes - yes - yes 

1 https://wapims.dmp.wa.gov.au/WAPIMS,  
2 https://nopims.dmp.wa.gov.au/Nopims,  
3 https://webapps.bgs.ac.uk/data/offshoreWells,  
4 https://www.equinor.com/energy/volve-data-sharing,  
5 https://www.nlog.nl/en, 
6 https://www.nlog.nl/en/disclaimer   
Table 4 includes information on the availability of well logs, their interpretations, images, 

lithological zonation, and results of routine core analysis. Dashes in the table cells indicate 
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https://nopims.dmp.wa.gov.au/Nopims
https://webapps.bgs.ac.uk/data/offshoreWells
https://www.equinor.com/energy/volve-data-sharing
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the absence of such data or the inability to access them. The Volve dataset contains well logs 
for twenty-four wells and is used in SPWLA competitions. The WAPIMS, NOPIMS, BGS, and 
NLOG websites provide information on a large number of wells, and the types of data availa-
ble can vary. The names of the specific wells considered are listed in the table. On the BGS 
website, data from the section on offshore hydrocarbon wells are considered. 

Often well logs are in reports with images of logs, for example, in PDF format. Since ex-
tracting data from well log images is a non-trivial task, such data formats were not considered 
in our review. Table 4 includes information available in numerical form, stored in industry-
specific formats such as LAS or DLIS. Python packages, such as lasio 
(https://lasio.readthedocs.io/en/latest/) and dlisio 
(https://dlisio.readthedocs.io/en/latest/index.html), can be used to work with these formats. 

Lithological zonation refers to the description of rock types for depth intervals. Lithological 
zonation can be stored as tables, text, or schematic images. It is described with varying levels 
of detail. Routine core analysis refers to the results of laboratory studies on samples extracted 
from the core at certain depths. Routine core analysis determines rock characteristics, such as 
porosity and permeability. 

Core images are obtained by photographing the rocks under natural and ultraviolet light, 
as well as using computed tomography [11,12]. Examples of rock images from various re-
sources are shown in Figure 7. The extracted core is usually placed in boxes labeled with the 
corresponding depth intervals. A single photograph typically includes images of several box-
es. Core photographs may feature circular holes resulting from the extraction of samples for 
further laboratory analysis. Wooden, cardboard, or other inserts are placed in the gaps where 
the rock is missing. 

 

 
(a) 

 

 
(b) 

Figure 7 – Examples of rock images: (a) WAPIMS1; (b) BGS2 

https://lasio.readthedocs.io/en/latest/
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1 © State of Western Australia (Department of Energy, Mines, Industry Regulation and 
Safety) 

2 Contains British Geological Survey materials © UKRI [2024] 

3. Review of tasks addressed using well data 
Table 5 lists the tasks addressed using the well datasets under consideration. The second 

column enumerates the competition datasets and Internet resources. When using data from 
these online resources in publications, examples of the wells used are typically provided. The 
third column lists the studies conducted on these data, in the form of publications or solu-
tions proposed by competition participants. Competition solutions are available as programs 
or brief reviews. 
Table 5 – Tasks addressed using well data 

Task Data source Research 

Rock classification 

FORCE-2020 
Competition solutions, 

[13,14] 

2016-ml-contest 
Competition solutions, 

[15,16,17] 
WAPIMS [18] 

BGS [19] 
NLOG [20,21] 

NOPIMS [22] 

Predicting rock 
characteristics 

2021-SPWLA / Volve Competition solutions 
WAPIMS [23] 

Volve [9] 
Depth matching 2023-SPWLA Competition solutions 

Filling gaps in well 
logs 

FORCE-2020 [24] 
Volve [9,24] 
NLOG [25] 

Well log prediction 
2020-SPWLA / Volve 

Competition solutions, 
[26,27] 

NOPIMS [28] 
Identification of 
undisturbed rock 

fragments in images 
BGS [29] 

Finding correlations 
between geological 
sections of different 

wells 

FORCE-2020 [30] 

Rock classification was performed using both well logs and images. Lithological zonation 
was present for the FORCE-2020 and 2016-ml-contest datasets, as well as wells obtained 
from the WAPIMS and NLOG resources in studies [18,20]. For wells from the BGS, NLOG, 
and NOPIMS resources used in studies [19,21,22], the authors obtained lithological zonation 
manually or semi-automatically. 

The regression task for predicting rock properties was addressed using three datasets. The 
2021-SPWLA competition data were used to predict shale volume, porosity, and water satura-
tion. The WAPIMS resource well logs were used in study [23] to predict porosity and perme-
ability. Study [9] evaluated the impact of well logs selection on the quality of porosity predic-
tion using the Volve dataset. 

Well log predictions were made using the 2020-SPWLA and NOPIMS datasets, with 
acoustic logs being predicted for both. Filling gaps in well logs was performed using the 



FORCE-2020, Volve, and NLOG datasets. This task is similar to predicting rock properties 
and well logs, where the target variable is continuous. However, in general, not only regres-
sion models but also other techniques, such as filling in missing values with mean values, can 
be used to fill missing values. 

Different approaches are taken for data preprocessing in these studies. For well logs, pre-
processing may include: 

 Selecting the most significant well logs based on their physical understanding or using 
specialized algorithms. 

 Augmenting the set of well logs with new logs obtained by transforming the originals. 

 Filling or removing missing values. 

 Detecting and removing outliers. 

 Matching depths between different well logs and rock images. 
For rock images, preprocessing includes isolating the rock from the background of the 

boxes, matching illumination and color balancing, and removing various types of defects. In 
study [29], undisturbed rock fragments are identified in images from the BGS dataset. 

In addition, the FORCE-2020 dataset was used to solve the task of finding correlations be-
tween geological sections of different wells [30]. 

Typically, studies are conducted within a single dataset containing information about wells 
from one or several nearby fields. The quality of models is assessed on wells or well sections 
not involved in training. Although there are challenges in building models even within a sin-
gle dataset, it would be interesting to attempt to build models applicable to different datasets. 

4. Recommendations on the format for making well data 
publicly available 

For the development of well data processing methods using ML, it is important to engage a 
broad scientific community, not limited to specialists within oil and gas companies. A large 
volume of data must be made available in open access. This paper considers two types of 
sources for well data: competition datasets and online resources. Competition datasets are 
conveniently prepared to enable ML engineers without domain knowledge of the oil and gas 
industry to start working with them. Using datasets from online resources requires deeper 
immersion in the specifics of the industry and numerous preprocessing steps, such as extract-
ing numerical measurements from well log images in PDF files and matching measurements 
by depth.  

Therefore, it is preferable to provide data similar to competition datasets, specifically: 

 Distribute data in CSV format. 

 Provide depth-matched data. 

 Include metadata about the recording equipment and measurement conditions. 
Photographing rock samples is done under various lighting conditions and with different 

devices. It is recommended to place special color charts in the field of view during photog-
raphy. The presence of such charts allows for color correction of the images. 

In countries with restrictions on the export of geological information, it is necessary to 
provide well information in an anonymized form. Approaches of data transformations for 
anonymization include, but not limited: 

 Removing or assigning conditional names to fields and wells. 

 Removing or assigning conditional depths to measurements. 

 Grouping and mixing data from different wells and fields based on certain assump-
tions. 

5. Conclusion 
Progress in the field of machine learning is largely driven by the quantity and quality of 

available data. Providing open access to labeled well data promotes the further development 



of ML models applied in geophysics. This paper presents a review and analysis of existing 
open well datasets. It considers five datasets used in competitions for applying ML to solve 
geophysical problems and five online resources providing various types of well data. We pre-
sent typical approaches to well data visualization and list open-source libraries for such visu-
alization. We describe the challenges faced by ML engineers when working with well data and 
provide the recommendations for oil and gas companies on preferred format the data. 

The following tasks were addressed using the well datasets considered: 

 Classification of rock types based on well logs and images. 

 Prediction of rock properties from well logs. 

 Prediction of acoustic well logs. 

 Correction of well logs, which included filling gaps and matching depths. 

 Finding correlations between geological sections of different wells based on well logs. 

 Identifying undisturbed rock fragments in images. 
The following tasks can be expected to be solved in the future using these datasets: 

 Building general models for multiple fields. 

 For well logs: creating domain-specific data filtering methods, such as cleaning logs 
from outliers; developing methods to correct shifts in well logs caused by measurements tak-
en with different instruments under varying conditions. 

 For images: identifying and correcting defects and determining various types of inclu-
sions within rocks. 

 Correcting class imbalance of rock types when building predictive models. 
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